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A B S T R A C T   

We introduce SIMPLE-G, a Simplified International Model of agricultural Prices, Land use, and the Environment- 
Gridded version, which is a novel tool for evaluating sustainability policies in a global context while factoring in 
local heterogeneity in land and water resources and natural ecosystem services. This multi-scale model can 
provide boundary conditions for local decision makers, as well as capturing feedback from local policies to 
national and global scales. To illustrate its value in environmental analysis, we provide two applications of the 
model. First, we quantify the local stresses on land and water resources due to global changes in population, 
income, and productivity. Second, we quantify the global impacts of local policy responses and adaptations to 
water scarcity.   

1. Introduction 

The world faces significant sustainability challenges in the decades 
ahead (United Nations, 2019). Growing populations and rising incomes 
are placing unprecedented stresses on the planetary boundaries, with 
the world’s land and water resources at growing risk (Steffen et al., 
2015). The challenge posed in making such assessments is that sus-
tainability stresses do not respect disciplinary boundaries. Furthermore, 
while the stresses are often highly localized, the drivers of these stresses 
are global, and the local responses can feedback to national and global 
outcomes. For this reason, assessment of the underlying risks, as well as 
potential solutions, is typically undertaken with a suite of models using 
complex approaches that often preclude replication and use by re-
searchers outside the core group (Obersteiner et al., 2016; Springmann 
et al., 2018). 

Up to this point, there have been just a few open-source, bottom-up, 
economic-environmental modelling framework capable of analyzing 
global sustainability at the resolution of individual grid cells (Lotze--
Campen et al., 2008; Valin et al., 2013). There is clearly a tradeoff be-
tween complexity and accessibility. Models used in teaching and 
academic research are generally simpler than those developed by na-
tional and international labs and research institutions. Having a rela-
tively simple, global, grid-resolving sustainability framework that can 
be also run ‘in-cloud’ will allow wider participation in sustainability 

discussions and can facilitate greater crowd-sourcing of new ideas, data, 
and parameters to enrich the representation of local stresses, policies, 
and adaptations. This paper introduces such a modelling framework: 
SIMPLE-G, a Simplified International Model of agricultural Prices, Land 
use, and the Environment-Gridded version. 

The SIMPLE-G framework allows for analysis of the interplay be-
tween economic and environmental systems, taking account of the ac-
tions of local agricultural producers pertaining to land and water use, 
within the context of regional and global commodity markets. This 
model integrates economic theories with environmental sciences to 
analyze the biophysical and economic impacts at different geospatial 
scales. The economic supply of land and water takes account of local 
institutions, biophysical characteristics, sustainability criteria, along 
with maximum available resources. As a consequence, heterogeneous 
local constraints lead to different rates of change in land and water use. 
On the demand side, growth in income and population lead to changes 
in food consumption baskets and changes in agricultural trade patterns. 

Integrating the human and earth system analysis within a global 
economic framework is a challenging task and often focuses on one-way 
linkages, such as those used in down-scaling regional results to a grid 
cell level (Reilly et al., 2012). It has also been common practice to 
extrapolate from sophisticated grid-level analysis to national scale by 
assuming that the share of production or land use is unchanging 
(Schlenker and Roberts, 2009). Bridging local, national, and global 
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scales within a single framework is challenging, yet it is essential if we 
wish to bring into consideration the behavior of local decision makers 
within the context of global sustainability analysis. In the SIMPLE-G 
framework laid out here, these decisions are made endogenously 
considering local biophysical characteristics and institutions as well as 
nationally determined input prices and globally determined commodity 
prices. 

Despite computational advances, model solution time remains 
another major challenge for integrated frameworks – particularly those 
utilized by individual researchers without access to high-performance 
computing at national labs and major research institutions. With 
SIMPLE-G, we introduce a solution strategy that dramatically reduces 
computing time, permitting individuals to solve a version of SIMPLE-G 
with a million grid cells in a matter of minutes on a desktop com-
puter. Furthermore, by implementing SIMPLE-G on one of the NSF- 
funded HubZero sites (GeoHub), we have made the model, along with 
visualization software, readily available to any user with access to a web 
browser. This greatly expands access to multi-scale modelling of sus-
tainability challenges at the interface of agriculture and the environ-
ment. It should also accelerate the development of new and improved 
data bases and representations of local institutions and other constraints 
within this framework. 

To illustrate the versatility of SIMPLE-G in sustainability analysis, we 
highlight an implementation of this framework wherein the US has been 
broken out in detail (5 arc minutes), while other regions are aggregated. 
Previous applications have disaggregated the globe uniformly (30 arc 
minutes) (Liu et al., 2017). We undertake two experiments aimed at 
highlighting two different types of analyses that can be undertaken with 
SIMPLE-G. In the first, we investigate the contribution of global changes 
in population, technology, and income to changes in gridded US water 
and land use by mid-century. It includes global demand shocks as well as 
local supply responses. This highlights locations most vulnerable to land 
and water stresses. Furthermore, we tie these stresses to individual 
global change drivers, including, for example, population growth in 
Africa or income growth in Asia. By linking local environmental stresses 
in the US to global change drivers, we underscore the essence of 21st 
century global sustainability challenges. 

In a second application of the SIMPLE-G framework, we focus on the 
local-to-global feedbacks associated with sustainability policies. In this 
case, we begin with the projections made in the first experiment, but 
now we overlay a location-specific sustainability policy. In particular, 
we do not allow irrigation withdrawals to increase from the present day 
in those grid cells where withdrawals currently exceed recharge rates. 
We then explore how these sustainability restrictions alter global prices, 
production, consumption, and trade. 

The remainder of the paper is organized as follows. Section two 
provides an overview of the model. Section three introduces the diverse 
information used in the construction of the database and parameters for 
SIMPLE-G-US. Section four describes the software and implementation 
of this model. Section five explores the two experiments mentioned 
above and the final section provides further discussion and conclusions. 

2. Model 

The SIMPLE-G model is based on SIMPLE, a Simplified International 
Model of agricultural Prices, Land use, and the Environment (Baldos and 
Hertel, 2013). This is a partial equilibrium agricultural trade model that 
has been validated for the study of long-run sustainability and food se-
curity (Baldos and Hertel, 2014). We extend the SIMPLE model to 
include gridded biophysical and economic relationships – hence the 
name, SIMPLE-G. This model is multi-scale. In other words, it simulta-
neously solves for outcomes at the level of tens of thousands of grid cells 
within a region, at the same time regional and global market equilibria 
are also enforced. This allows SIMPLE-G to explicitly incorporate local 
heterogeneity in climate, soils, water, and regulatory institutions while 
also capturing global change drivers and feedbacks for local adaptations 

to national and international markets. 
At each grid cell, land and water resources comprise the linkage to 

the environment and natural ecosystems. We model economically 
motivated changes in land use as well as changes in water withdrawals 
which reflect differential resource availability and constraints. Fig. 1 
summarizes the main demand and supply components of the SIMPLE-G 
model. The model solves for equilibrium quantities and prices for land 
and nonland inputs as well as for irrigation water, and crop outputs. 
Equilibrium water withdrawals are endogenously determined at each 
grid cell assuming a grid cell-specific shadow price for water within the 
grid cell. Crop prices are permitted to vary by region based on the extent 
of domestic market segmentation from the world market. 

2.1. Global socioeconomic determinants of crop demand 

At the regional scale, the consumption of different commodities is a 
function of population, income, prices, and biofuel demands. Prices are 
determined endogenously as a function of supply and demand while 
population and income changes are exogenous to the model with in-
creases in per capita income driving diet changes. Population, income, 
and biofuels production can be specified to follow long-run growth 
scenarios such as the Shared Socioeconomic Pathways (SSPs) or other 
global economic projections. Within this framework, global food and 
agricultural markets link the changes in population, income, and diets to 
gridded crop production and associated stresses on land and water 
resources. 

One of the best-understood patterns of economic development is 
Engel’s Law, which states that, as per capita income rises, the share of 
income devoted to food will fall (Clements and Chen, 1996). SIMPLE-G 
captures this relationship by allowing the income elasticity of demand 
for food (εy

i , the propensity to spend incremental income on food) to 
evolve with per capita income (Y), based on the estimated parameters, 
αy

i and βy
i , and similarly for the price elasticity of food demand (εp

i ): 

εy
i = αy

i + βy
i ln Y (1)  

εp
i =αp

i + βp
i ln Y (2) 

Equations (1) and (2) are indexed by type of food demand (i). 
SIMPLE-G distinguishes between direct consumption of crops and indi-
rect consumption through either livestock product consumption or 
processed food consumption. This results in the following equations 
describing the evolution of per capita demands for each type of food 
product1: 

qi = εp
i pi + εy

i y (3) 

Total demand for crops in a given region comes from four sources. 
The direct crop demand is found by multiplying per capita demand by 
population in each region. Then we sum the total direct demand for 
crops in final consumption together with the indirect demands in live-
stock, food processing, and biofuel sectors. The demand for crops in 
biofuel production is a derived demand that we assume to be exoge-
nously determined by government mandates. The livestock and food 
processing sectors’ demands for crops are endogenous and modelled 
using Constant Elasticity of Substitution (CES) production functions that 
combine the raw crop input with other inputs used in livestock or 

1 The astute reader will ask why there are no cross-price effects in this de-
mand equation. The answer is that SIMPLE-G models only aggregate crop de-
mand. If we were considering disaggregated crop products, we would need to 
account for cross-price effects. While not ‘integrable’ into an underlying utility 
or expenditure function, this demand system allows for the evolution of price 
and income elasticities with per capita income in a manner which has been 
documented by international cross section studies of food demand (Muhammad 
et al., 2011). This has proven essential to the long run validation of the SIMPLE 
model (Baldos and Hertel, 2013). 
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Fig. 1. Structure of regional food demand in SIMPLE-G model.  

Fig. 2. Structure of crop production at each grid cell. Shocks and policy variables are defined for surface water, groundwater, irrigation equipment, land, nitrogen 
fertilizer, and overall crop production. Elasticity of substitution is shown by σ. The equilibrium quantity and price of land and water are determined at local level. 
Irrigated and rainfed practices compete for land. Land supply depends on total cropland supply and the elasticity of transformation between irrigated and rainfed. 
The leaching function is different for irrigated and rainfed crop production. 
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processed food production. The mathematical representation of these 
CES functions is developed in the next section. 

2.2. Gridded crop production is the result of economic optimization 

Crop production is the result of representative producers’ maximi-
zation of profits, subject to technology, prices, policies, and resource 
constraints. The crop production technologies (both rainfed and irri-
gated production) in each grid cell allow for substitution between ni-
trogen fertilizer, water, land, and other inputs (the latter is an aggregate 
of capital, labor, other chemicals, energy, etc.). The particular mix of 
inputs employed in a grid cell depends on relative prices, government 
policies, and production possibilities. Output levels expand or contract 
in order to ensure zero pure economic profits over the long run. Thus, 
unlike downscaling approaches, the spatial pattern of production is 
endogenously determined. Crop producers within a given grid-cell are 
price takers, as they are assumed to have no market power. 

The equilibration of supply and demand for crops occurs at the level 
of market regions. Within the market regions in SIMPLE, crop demands 
are an aggregate of the four end uses described above. Demands may be 
satisfied from either domestic or global markets depending on relative 
prices. This follows the method of Armington (1969) which results in 
imperfect substitution between domestic and foreign products. Sym-
metrically, on the supply side, producers transform their products 
imperfectly between domestic and global markets. This permits us to 
calibrate the model to the observed data in which similar products are 
both imported and exported from the same country. 

We consider a nested CES structure as shown in Fig. 2. In each CES 
nest, two inputs are combined to produce a composite product using the 
following specification of technology: 

Q=A(φNQ− ρ
N + φOQ− ρ

O )
− 1/ρ (4)  

where: σ = 1/(1+ρ) and. ρ > − 1 
where Q shows the quantity of output or input, A is the technical 

efficiency, φ is the CES parameter, ρ is related to substitution elasticity, σ 
is substitution elasticity, N is an index for Nitrogen fertilizer, and O 
shows other agricultural inputs. Each CES nest comprises three key 
behavioral equations which result from our assumptions of cost mini-
mization, coupled with free entry and exit from these activities. In 
keeping with the model condensation and nonlinear solution strategy 
described in section 4, we write these equations in linearized (percent-
age change) form (Dixon, 1982). The following three equations pertain 
to the top-level nest, in which nitrogen fertilizer (N) and other inputs (O) 
are combined, in variable proportions, to produced aggregate crop 
output: 

p+ a =
∑

j
θj(pj − aj) (5)  

agricultural entry/exit; zero profits 

qN + aN = q − a − σ(pN − aN − p − a) (6)  

demand for nitrogen fertilizer 

qO + aO = q − a − σ(pO − aO − p − a) (7)  

demand for other inputs. 
Here, lower case variables denote percentage changes in levels var-

iables, i.e., p = 100(dP /P)is the percentage change in crop price and 
a = 100(dA /A)is the percentage change in total factor productivity. The 
variables pj, qj, aj denote the percentage changes in input j’s price, 
quantity and factor-augmenting productivity and θjis the share of that 
input in total costs. 

Equation (5) is the consequence of our assumption of unrestricted 
entry and exit from the crops sector. If output price rises, with un-
changed technology and input prices, then there will be excess profits in 

the sector. This will attract new entrants, or encourage the expansion of 
existing producers, which will drive up input prices and drive down 
output prices until zero pure economic profits are restored. Manipula-
tion of equation (5) – (7) yields the following, equivalent, quantity- 
based, expression of this condition (dual to (5)) which we will use in 
the model to facilitate our condensation strategy described in section 4: 

q − a =
∑

j
θj(qj + aj) (8) 

Equations (6) and (7) are the derived demand conditions for inputs. 
Thus the percentage change in demand for nitrogen fertilizer – a key 
source of non-point water pollution from agriculture – depends on 
changes in technology (α, αN), changes in total crop output (q) and 
changes in the price of nitrogen fertilizer (pN) relative to an index of all 
input costs (p). In section 3 below, we will discuss how the elasticity of 
substitution between nitrogen fertilizer and other inputs, σ, can be 
calibrated to reproduce grid-cell and practice-specific agronomic char-
acteristics of crop production. It is evident from equation (6) that a large 
substitution elasticity will result in a much greater response to (e.g.) a 
tax on fertilizer use in crop production. Therefore, σ is a key parameter 
in sustainability analysis. 

Returning to the production tree in Fig. 2, we see that the ‘other 
inputs’ in equation (7) are a composite of water, land, and the remaining 
inputs. Once again, there are three equations, analogous to (5)–(7), 
describing the substitution possibilities at this level in the production 
‘tree’ (see Appendix). This is followed by a CES nest combining land and 
irrigation water. If crop output is strictly proportional to irrigation water 
delivered, then the elasticity of substitution between land and irrigation 
water is zero. On the other hand, if a reduction in water delivered to the 
crop does not go hand in hand with a proportionate reduction in output, 
then this elasticity is greater than zero and it captures the potential for 
deficit irrigation, i.e., achieving the same output level with less water, 
but more land. 

The next CES nest in Fig. 2 combines irrigation water and irrigation 
capital. The associated elasticity of substitution at the bottom of this 
production tree describes the potential for conserving irrigation water 
through investments in (e.g.) drip irrigation to replace sprinkler or 
canal-based irrigation capital. Once again, this is a key sustainability 
parameter which will be discussed below in section 3. The final CES nest 
in Fig. 2 combines surface and groundwater to create an irrigation water 
composite. The rationale for this nest is that surface and groundwater 
extraction often co-exists in a given grid cell, despite differences in cost. 
The two sources of water offer farmers different characteristics. 
Groundwater, for example, is available on demand, and largely inde-
pendent of current weather conditions. 

2.3. Nitrogen fertilizer and nitrate leaching 

As noted above, nitrogen fertilizer use is determined endogenously in 
the model considering relative prices, technology, substitution possi-
bilities, and overall output level. The potential for nitrogen-land sub-
stitution is grid cell and activity-specific and is obtained from agronomic 
yield functions as described in section 3. The price of nitrogen fertilizer 
is determined at the regional level through a market clearing condition 
wherein regional supply equals demand which is, in turn, determined by 
aggregating nitrogen use across all grid-cells and practices. Nitrate 
leaching functions are quadratic in form and are practice and grid- 
specific (see section 3). 

2.4. Local water withdrawals and irrigation 

Irrigation water is another focal point of SIMPLE-G. Irrigation water 
supply and demand are endogenously determined for each grid cell. 
However, they are linked to exogenous environmental factors. For 
example, heat stress may increase the water requirement of crops grown 
in a grid cell; or a drought may reduce the environmental supply of 
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water. Hydrological dynamics are not directly modelled and are treated 
exogenously. However, SIMPLE-G can be readily paired with a hydro-
logical model to shed light (e.g.) on the economic consequences of 
changing basin-level water scarcity or inter-basin transfers of water (Liu 
et al., 2017). 

Water withdrawals are endogenously determined through the 
interaction of supply constraints and irrigation demand for crop pro-
duction. Demand for water depends on the irrigation area, production 
levels, technology, and relative prices. This includes likely adaptation 
channels and adjustment mechanisms. We consider change in irrigation 
extension (Haqiqi and Hertel, 2019) location of crop production, change 
in irrigation technology, change in water intensity, and trade (Haqiqi 
and Hertel, 2016). Water supply at each grid cell is limited by hydro-
logical constraints. Fig. 3 illustrates two examples. This form of water 
supply function is slowly increasing at the beginning (up to A) and then 
rapidly increasing (after B) when approaching the asymptote (C). 

Withdrawal of water is constrained by maximum water available in 
each grid cell after subtracting non-agricultural water use. The supply 
elasticity of water, εs, varies by grid cell. It depends on the ratio of water 
extracted, relative to the sustainable extraction level (R), and calibrated 
parameters ω1, ω2, ω3. We assume a three-parameter Fréchet function for 
water supply. 

εs =ω1(R + ω2)
− ω3 (9)  

where, R is calculated as the ratio of annual withdrawal to annual 
groundwater recharge or as the ratio of annual withdrawal to annual 
available surface water. We calibrate this supply function separately for 
surface water and groundwater at each grid cell based on economic and 
hydrologic information including: the annual water withdrawal for crop 
irrigation, sustainable extraction level of water by source, and the esti-
mated value of water. 

2.5. Gridded land use 

Total cropland, divided into rainfed and irrigated practices, and the 
associated land rents are endogenously determined in the model. Land 
rents are grid cell-specific and depend on local biophysical character-
istics, prices as well as technologies available to each production unit. 
Allocation of land to rainfed and irrigated production is determined 
according to their relative returns (land rental). This is determined 
endogenously for each grid cell assuming a constant elasticity of trans-
formation function (Ahmed et al., 2008). The key parameter in this 
function is the elasticity of transformation between irrigated and rainfed 
cropland. This elasticity measures the responsiveness of the 

rainfed-irrigated crop mix ratio to changes in relative returns. A larger 
elasticity value indicates an easier transformation of cropland between 
irrigated and rainfed categories. In the case of land conversion from 
rainfed to irrigated cropping, this is heavily influenced by water law 
which varies by the locality in the US. 

The land coverage and land use details vary among the models 
depending on the application. The SIMPLE-G-US model is concentrated 
on irrigated versus rainfed cropland production. It does not consider 
pasturelands but does include the cropland that produces fodder crops. 
This will be the feed input to the livestock production in the model. In 
SIMPLE-G-H-US, wetlands are also included in the model and there is a 
CET structure to model the wetland-cropland conversions. In SIMPLE-G- 
Brazil, rather than distinguishing rainfed and irrigated crops, we focus 
on the distinction between pastures and cropland at the grid cell level. 

2.6. Climate 

Climate is exogenous in SIMPLE-G. However, the consequences of 
climate change for land and water use as well as food security may be 
explored by linking exogenous climate change to key variables in the 
model. This includes total factor productivity, labor or land productiv-
ity, and land and water availability. For example, excess heat stress may 
affect yields of irrigated and rainfed crops; climate change may affect 
water availability; global warming may reduce labor capacity, change 
the water requirements of crops, and alter the suitability of cropland. 

The climate information and biophysical characteristics are 
embedded implicitly in the benchmark database. The benchmark model 
includes information on land, water, nitrogen fertilizer, crop yields, and 
crop production. We have included exogenous variables to link the 
“change” in climate conditions to the “change” in water, land, yields, 
productivity, etc. For example, simulation of a hydrological model can 
capture the impact of climate on surface water availability for irrigation. 
This information can be transferred to the model as a shock to the supply 
of surface water for irrigation. In other words, the outcomes of other 
studies can be translated into appropriate variables in the SIMPLE-G 
model. For example, Liu et al. (2017) employ outputs of the Water 
Balance Model (WBM) to shock water availability in SIMPLE-G. Many 
different biophysical models can be used to inform SIMPLE-G simula-
tions. As another example, Haqiqi et al. (2018) employ the 
yield-response function from a statistical estimation combined with 
NASA NEX-GDDP to inform the future shocks on corn-soy yields. This 
has been used in another study to investigate the impacts on market 
volatilities (McClain and Hertel, 2019). 

3. Benchmark data and parameters 

SIMPLE-G requires benchmark gridded data for key economic and 
biophysical variables describing the crop economy in initial equilibrium. 
This includes gridded cropland use, crop production, nitrate leaching, 
and water use. In the Supplementary Materials (see Figure S1) we 
describe the workflow for constructing the benchmark data for a US- 
focused version of SIMPLE-G, wherein we utilize gridded data for the 
US, while employing regional information for other parts of the world. 

There are also efforts underway to implement SIMPLE-G for China 
and Brazil, and the initial application of SIMPLE-G was undertaken at 
the global scale – albeit at coarser resolution (Liu et al., 2017). For 
SIMPLE-G-US, crop production is at the level of geo-referenced grid-cell 
units at 5 arcmin resolution (squares of side 9.26 km at the equator). We 
add gridded information for US crop production covering both irrigated 
and non-irrigated practices and including the value and quantity of crop 
output, land use, nitrogen fertilizer input, water, and aggregated other 
inputs. Table 1 summarizes the main parameters and their sources. Here 
we illustrate two examples to show the spatial heterogeneity of the 
SIMPLE-G. Fig. 4 shows the ratio of groundwater extraction to recharge 
that is used in estimation of groundwater supply elasticity. The red areas 
in this figure have a high ratio of withdrawal to recharge. In these grid 

Fig. 3. Economic supply for water with maximum availability (asymptote C). 
The marginal cost of water supply is nearly constant before point A. It starts 
increasing at a moderate speed up to point B. From B to C the marginal cost 
increases rapidly. With adverse changes in hydroclimatic conditions, the cost 
schedule may shift to S2 (depending on the natural supply of water). 
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cells, the expansion of irrigation is more costly, compared to grid cells 
with a lower ratio. In other words, given a similar increase in crop prices, 
expansion is expected to be more rapid in areas with a lower ratio, 
holding all other factors constant. 

The SIMPLE-G-H-US also includes wetland that requires a trans-
formation elasticity between cropland and wetland (Loduca et al., 
2020). Fig. 5 illustrates the value of this parameter over the US esti-
mated based on Potential Restorable Wetland Area. The Supplementary 
Materials include more details about the parameters. 

4. Software 

The SIMPLE-G model and database are prepared and solved with the 
GEMPACK modelling suite (Horridge et al., 2018). This software pack-
age is specifically designed for the solution of large-scale economic 
equilibrium models with numerous markets and agents. The database 
files can readily store multi-scale and multi-dimensional variables. 
Other attractive features of this software are discussed below. However, 
the unique advantage of GEMPACK in the context of multi-scale 
modelling is the capability to condense the model and later backsolve 
for key endogenous variables. 

4.1. Condensation 

Solution times can be substantial for an equilibrium model with 
many equations and with complex interconnections between the un-
known variables (e.g. the market responds to farmer decisions even as 
the farmers respond to market outcomes).2 A typical SIMPLE-G appli-
cation might distinguish 2 million grid cells and 7 regions. For each grid 
cell, a system of about 20 equations (some shown above) determines 
crop output of that grid cell, given grid-level exogenous settings and the 
price of output (which is the same for all cells within a given region). So, 
these grid level equations may number about 40 million. For each re-
gion, other equations add up grid cell output to obtain total crop supply, 
or inter-relate region level prices and quantities. There might be 100 
such equations per region, or 700 in total. Hence the overwhelming 

Table 1 
Main parameters in the SIMPLE-G-US and their sources.  

Parameter name in the 
model 

Scale Estimation/calibration method Reference 

—supply elasticity 
Land ELANDg grid- 

cell 
Econometric analysis Villoria and Liu (2018) 

Groundwater ETAGg grid- 
cell 

Econometric analysis Haqiqi (2019) 

Surface water ETASg grid- 
cell 

Econometric analysis Haqiqi (2019) 

—substitution/transformation elasticity 
N and augmented land 

input 
ECROPgl grid- 

cell 
Transfer function approach from a gridded agronomic model Liu et al. (2018) 

water and land EIRRIGgl grid- 
cell 

Econometric analysis Haqiqi (2019) 

irrigated and rainfed land ETRANIGg state Mean preserving spread of the original national CET following the US groundwater 
doctrines of 48 states. 

Jame and Bowling 
(2020) 

—cost shares 
N fertilizer SHR_NITRO grid- 

cell 
Estimation based on a national price and gridded N application rates from Agro-IBIS Authors’ calculations. 

Land SHR_LAND county Estimation based on USDA rents and cropland area Authors’ calculations. 
Water SHR_WATER county Econometric analysis based on USGS water use and irrigation, and USDA production 

expenses. 
Authors’ calculations.  

Fig. 4. Ratio of groundwater extraction over local groundwater recharge by 5 arc min grid cells for 2010.  

2 Researchers have designed different algorithms to reduce the solution time. 
Most algorithms iterate between two phases: a linear algebra phase which 
solves a first-order approximation to the non-linear equation system; and a 
‘formula’ phase which updates variable values and re-computes coefficients of 
the linear system. In GEMPACK, solution time for the linear phase rises with the 
square or cube of the number of equations, while time for the formula phase 
tends to increase only linearly. 
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majority of equations are at grid cell level. A linear system of 20 million 
equations is impossibly slow to solve, and might require enormous 
amounts of RAM. We need to greatly reduce the number of equations by 
substitution (a.k.a. condensation). For example, we could rewrite 
equation (6) above as (the grid index is omitted): 

(6’) qN = q − a − aN − σ(pN − aN − p − a) : demand for nitrogen 
fertilizer. 

Then, we could replace each occurrence of qN in other equations by 

q − a − aN − σ(pN − aN − p − a)

and drop equation (6) from the system, so reducing its size by 2 million 
equations. After the linear system was solved, we could use equation (6’) 
to recover (or backsolve for) values of qN. 

Such techniques are often used by modelers, who manually perform 
such substitutions in their model specification file. The drawback is, 
especially when a number of substitutions are performed, that the 
necessary algebra is difficult and the remaining equations become 
extremely complicated and un-transparent. However, GEMPACK is able 
to do the algebra to perform such substitutions (and the backsolves) 
automatically, reaping a performance gain while leaving the model 
specification (TABLO) file in its original, simpler, uncondensed form. 

In fact, for SIMPLE-G all equations at grid level are substituted out 
leaving a regional level linear system of modest (700) size. Such a system 
takes very little time to solve. However, the coefficients of the system 
involve calculations at grid level; the time taken is proportional to the 

number of grid cells. Hence solution time increases only linearly as a 
function of the number of grid cells (see Fig. 6). 

4.2. Linearization 

GEMPACK can automatically translate the original equation system 
into a linearized system (reformulated as a system of first-order partial 
differential equations). Alternatively, the modeler can specify conve-
niently interpretable linearized forms of the underlying behavioral 
equations, as in equation (5) – (7). Clever representation of the model (e. 
g., using equation (8) in place of (5)) can facilitate condensation as well 
as more rapid solution of the model. In our case, we substitute out all of 
the variables with a grid cell index. In SIMPLE-G, all of the cross-grid cell 
interactions are transmitted through regional market prices. Once we 
know the regional crop, nitrogen, irrigation capital and other input 
prices, we can backsolve for crop output, input use, land prices and the 
shadow price of irrigation water in each grid cell independently. 

However, since the model is non-linear (recall equation (1)), the cost 
shares in equation (5) must be updated at each step in the solution 
process. Consequently, the model is solved by multistep methods such as 
the Euler method or Gragg’s modified Midpoint method (Pearson, 
1991). The solution of a large system of linear equations is accomplished 
using sparse matrix techniques (Schiffmann and Jerie, 2019). Richard-
son extrapolation is used to improve accuracy (Pearson, 1991). This 
linearized approach has proven capable of solving very large, non-linear 

Fig. 5. Transformation elasticity between cropland and wetland by 5 arc min.  

Fig. 6. Linear relationship between solution time and number of grid cells. Condensation allows users to solve SIMPLE-G system of equations with one million grid 
cells (~10 million endogenous variables) on a laptop in a few minutes. 
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models (e.g., one data point in Fig. 6 is a model with 8 million grid cells). 

4.3. Decomposition 

In addition to these features, GEMPACK has some extensions which 
prove invaluable in SIMPLE-G applications. It provides a way to 
formulate inequality constraints or non-differentiable equations as 
complementarities (Bach and Pearson, 1996) which can be important in 
sustainability analyses. It also offers a technique to decompose changes 
in model variables due to several shocks into components due to each 
individual shock (Harrison et al., 2000). We will illustrate this in the first 
application undertaken in the next section of the paper. 

4.4. Web-application on GeoHub 

The web-app version of SIMPLE-G permits users to simulate, explore, 
and visualize the results of SIMPLE-G without installing the GEMPACK 
program or any visualization software. Linux versions of GEMPACK 
programs run on the GeoHub server. The web-app also includes pre- 
solved experiments, and demonstrations on how to run the model and 
analyze results, based on the policy briefs presented at the 2018 Con-
ference on Long Run Sustainability of US Agriculture (https://myge 
ohub.org/groups/glass/npc2018). The latest version of the web-app 
allows users to run their own experiments which could range from 
global projections on food production and food demand up to grid-level 
analysis (see Fig. 7). This is done by uploading key growth rates via text- 
based command files. Improvements of the tool are ongoing to make it 
more user friendly and easy to use. 

5. Two applications 

Here, we illustrate the usefulness of the SIMPLE-G model through 
two applications. Since we use the US-focused version of SIMPLE-G, 
these two applications focus on the US. However, similar applications 
of SIMPLE-G in other regions are underway. The first application eval-
uates the role of global drivers of local sustainability stresses within the 

continental US. In the second, we consider the feedback to national and 
global markets stemming from locally implemented sustainability pol-
icies on irrigation water use. Together, these applications demonstrate 
the capacity of SIMPLE-G to capture global-to-local-to-global 
interactions. 

5.1. Global drivers of local sustainability stresses 

In the coming decades, changes in population, income, and tech-
nology will alter the pattern of agricultural crop consumption, produc-
tion, and international trade. We expect that productivity growth will 
lead to higher yields, thereby moderating the demand for scarce land 
and water resources. On the other hand, we expect the changes in 
population and income growth will create heightened sustainability 
pressures. For projecting this footrace between supply and demand 
forward to mid-century, we take predicted changes in population, in-
come, and total factor productivity as in Baldos and Hertel (2014). These 
are reported in Fig. 8 and are based on the ‘business as usual’ Shared 
Socioeconomic Pathway (SSP2) (O’Neill et al., 2014). We also assume 
that historical agricultural productivity growth rates persist to 
mid-century (Fuglie, 2012). South Asia and China are projected to have 
the greatest cumulative per capita income growth over this period – 
rising by 641% and 607% respectively. Sub Saharan Africa is expected to 
experience the highest rate of population growth: 139%. In contrast, 
East Europe and Japan and Korea are expected to see declines in their 
populations by mid-century. 

The role of global change drivers in projected growth for US crop 
production by 2050 is shown in Fig. 9, exploiting the decomposition 
feature of GEMPACK (Harrison et al., 2000). This figure shows that one 
quarter of the projected US production expansion is due to demand 
growth in South Asia and China alone. Overall, growth in income and 
population outside the US is far more important in driving US crop 
production than growth within the US. This is due to higher income 
growth rates in the developing and emerging economies, coupled with 
higher income elasticities of demand (1) and higher rates of population 
growth in Africa and other low-income regions. 

Fig. 7. A sample window from web application: https://mygeohub.org/tools/simpleus.  
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Fig. 10 shows the pattern of cropland expansion across the US over 
the projections period, as a percentage change from 2010. This partic-
ular indicator of sustainability stress reveals that, absent any policy in-
terventions, the greatest land use change stresses will arise in the 
marginal areas on the edges of the Corn Belt. (There is very little 
remaining land available for expansion in the heart of the Corn Belt.) 
These marginal regions are often environmentally sensitive and they are 
also the areas where the largest land use stresses arose during the 
2008–2012 biofuels boom period (Lark et al., 2015). These changes are 
based on the statistically estimated gridded land supply elasticities 
(Villoria and Liu, 2018). 

5.2. Limiting unsustainable water withdrawals 

As seen in Fig. 5 above, many locations in the Western US suffer from 
excess groundwater withdrawals. Despite productivity improvements, 
our projections suggest that this situation will become even worse under 
our business as usual baseline, due to global growth in the demand for 
US crops (Fig. 11-a). Here, we examine the impacts of a counterfactual 
scenario in which we do not allow any increase in water withdrawals in 
locations showing withdrawals in excess of recharge in the base year of 
2010 (Fig. 11-b). 

Fig. 12 shows the impact of this water sustainability policy on irri-
gated cropland area in the US, as well as global changes in cropland and 
production owing to this policy. While the aggregate impact of the water 
withdrawal restriction on US crop production and land use is less than 
1%, it nonetheless has a significant impact on the pattern of crop pro-
duction and the irrigated area. The reduction in US production is 
partially offset by increased production in other regions of the world, 
with EU, South America, China, and Sub Saharan Africa, offsetting 19%, 
19%, 12%, and 11% of the reduction respectively. 

Compared to the baseline, US aggregate water withdrawals decrease 
by 1.82%, irrigated area declines by 0.13%, and rainfed area increases 
by 0.08%. While this figure seems to be very small for the whole country, 
there are significant impacts on many local communities. Compared to 
the baseline, the irrigated area declines by as much as 17.7% in some 
grid cells and may increase by up to +5.7% in other grid cells. The 
rainfed area may also decline by up to 5.7% and may increase by 
+163.1% in other grid cells. As shown in Fig. 13, irrigation is reduced in 
locations facing the sustainability restriction. In a few grid cells, rainfed 
land is converted to irrigated land in response to water limits which 
involves improvement in irrigation efficiency. Not allowing the unsus-
tainable grid cells to increase groundwater withdrawal reduces the 
irrigated area by up to 370 ha in some grid cells (each grid cell can have 
3500–7000 ha of cropland) (Fig. 13). 

While the rainfed cropland is projected to increase in most of the US 
in response to the water withdrawal restrictions, the highest absolute 
increase in rainfed land arises in the locations with water withdrawal 
limits, as land reverts from irrigated to rainfed production. Increases in 

Fig. 8. Growth rates for exogenous drivers: 2010–2050. Sources: Changes in population and income is obtained from Baldos and Hertel (2014) aggregated to 16 
regions from country level information based on SSP2 (O’Neill et al., 2014). The changes for productivity are calculated based on Fuglie (2012). 

Fig. 9. Drivers of US Crop Production: 2010–2050. Decomposition into biofuel 
demand (US only), productivity growth (worldwide), and regional changes in 
population and income. 
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Fig. 10. Projected percentage change in US cropland from 2010 to 2050 by 5 min grid cell.  

Fig. 11. (a) The change in the ratio of water withdrawal to recharge: 2010–2050, business as usual baseline. (b) Grid cells affected by the counterfactual policy 
shown in red. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 12. Changes in irrigated area and the relocation of global crop production owing to groundwater sustainability policy in the Western US. This policy does not 
allow additional water withdrawals in grid cells where withdrawals are already in excess of recharge rates. 

U.L.C. Baldos et al.                                                                                                                                                                                                                             



Environmental Modelling and Software 133 (2020) 104805

11

rainfed land is also projected to be higher in the marginal area as a 
response to the higher crop prices as shown in Fig. 14. 

5.3. Other applications of SIMPLE-G 

While these two applications use the high-resolution US version of 
SIMPLE-G, there are other applications of this framework designed to 
address different research questions as described in Table 2. These 
models may have different production structures (Fig. 2), different 

spatial focus, different resolutions, different crop coverage, and some 
employ different modules. In one such application of SIMPLE-G, changes 
in ecosystem services are linked to land use, as well as the productivity 
of land. Loduca et al. (2020) specify grid-cell specific wetland expansion 
and habitat conservation measures in SIMPLE-G for the Chesapeake Bay 
Watershed in the United States. Hertel, Ramankutty and Baldos (2014) 
use the gridded terrestrial carbon data base from West et al. (2010) to 
deduce changes in terrestrial carbon emissions stemming from an Afri-
can Green Revolution based on cropland changes in the SIMPLE model. 

Fig. 13. The figure shows the change in irrigated area (in 1000 ha per 5 arcmin grid cells) compared to the baseline due to groundwater sustainability policy in the 
Western US. Absolute change in irrigated area can be up to 370 ha per affected grid cell. 

Fig. 14. Percentage change in non-irrigated area compared to the baseline due to groundwater sustainability policy in the Western US.  

Table 2 
SIMPLE-G applications and brief description of each version.  

FEATURES SIMPLE-G IMPLEMENTATION 

SIMPLE-G SIMPLE-G US/China/Brazil SIMPLE-G-H US 

Application Land use, irrigation, water scarcity Local land-water stress from global demand, water pollution and 
sustainability, irrigation efficiency 

Water pollution, wetlands, wildlife 
habitat conservation 

Crop coverage All-crops Corn-soy All-crops All-crops 
Gridded scale 30 arc min: global 5 arc min: US/China/Brazil 750 m: US 
Sub-national 

disaggregation 
NA. US production regions NA. 

Market aggregates 15 market regions for production and 
global demand 

16 market regions for production and global demand One aggregate region for global demand 

Land types Irrigated and rainfed cropland Irrigated and rainfed cropland (pastureland for Brazil) Irrigated and rainfed cropland, and 
wetlands 

Production inputs Land and nonland Land, water, fertilizer, and other inputs. Land, water, fertilizer, and other inputs. 
Water Irrigation extension Groundwater, surface water, and irrigation equipment Irrigation extension  
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Given its importance to the sustainability debate, SIMPLE-G has a 
nutrition module that allows users to assess the impact of changes in 
price and income on the prevalence and depth of undernutrition in 
developing countries (Baldos and Hertel, 2014). It follows the FAO 
(Neiken, 2003) approach, modelling the distribution of caloric intake in 
a region using a log-normal distribution. When coupled with informa-
tion about the mean and standard deviation of consumption, as well as 
the minimum caloric intake, it is possible to deduce the prevalence of 
undernutrition as well as the average caloric gap of those who are un-
dernourished. With this module, SIMPLE-G can be used to assess food 
utilization outcomes in addition to food production and food prices - key 
metrics for food availability and food access. This module allows for the 
assessment of a variety of important questions, such as the impact of 
climate change on food security (Baldos et al., 2020; Baldos and Hertel, 
2014). This nutrition extension of the model links the local resources 
(mainly land and water) to global food security. The goal is to create 
opportunities for analyzing the trade-off between global food security 
goals and local sustainability of land and water resources (Kabir et al., 
2019). A recent extension of the SIMPLE model also estimates food 
waste, by incorporating an econometrically estimated relationship be-
tween per capita income and the share of food availability that is wasted 
(Lopez Barrera and Hertel, 2020). The authors use this extended model 
to examine the impacts of freezing the share of food waste in different 
regions and at different future dates. 

One early application of this model has treated the world as a uni-
formly distributed set of global grid cells (Liu et al., 2017). That research 
focused on the impact of emerging water scarcity at global scale, and 
was undertaken in conjunction with the global WBM (Vörösmarty et al., 
1998). The global gridded implementation was performed at a coarser 
resolution (30 arc minute grids), and the economic demands for irriga-
tion and the hydrological supplies (net of non-agricultural uses) were 
reconciled at the level of nearly 1000 hydrological sub-basins. This 
enabled the authors to explore the implications of various adaptations to 
water scarcity, including inter-basin water transfers as well as increased 
integration of commodity markets. 

Another version of the model has been developed for questions 
regarding sustainability of water resources (Haqiqi et al., 2018). In the 
agricultural production, it considers not only land use, but also water 
use, and nitrate fertilizer application. Similar to the model described in 
this paper, the production is modelled at 5 arc-min grid cells over the US. 
For the rest of the world, the production is modelled at the level of 16 
market regions. In this version, there are two levels of aggregate de-
mand. One aggregation is at sub-national production regions for the US. 
Then, the global demand is modelled at aggregated regional level. The 
water withdrawal module is similar to this paper with different func-
tional forms for water supply. 

SIMPLE-G is also flexible in terms of crop coverage. While most 
versions have considered all-crops aggregate, another set of models have 
focused on corn-soy composite. One application is the analysis of water 
quality in the Corn Belt of the US (Liu et al., 2018). As a large portion of 
the water pollution has been related to corn and soy cultivation, it makes 
sense to focus on the specific responses of these crops. For this appli-
cation, a nitrate leaching module has been developed with crop-specific 
yield and nitrate leaching response. This module is parametrized with 
the outputs of Agro-IBIS agronomic model as described earlier. 

The most recent version of SIMPLE-G was developed for high reso-
lution conservation studies. That version of the framework includes a 
module on potentially restorable wetlands on agricultural lands from 
EnviroAtlas. The model is solved at a much finer resolution (750-m) over 
the continental US. Parametrization of grid cells exploits satellite data as 
well as reported county level information. This includes a detailed 
wetland restoration and conservation with Conservation Reserve Pro-
gram (CRP) and Conservation Reserve Enhancement Program (CREP), 
considering wildlife habitat, water quality, and greenhouse gas emis-
sions (Loduca et al., 2020). 

These applications illustrate the flexibility of the SIMPLE-G frame-
work. It is not just a single model. Rather, it is a flexible way of looking at 
the world. Indeed, there are two NSF-funded efforts underway that are 
building high resolution versions of SIMPLE-G focusing on China and 
Brazil. 

6. Discussion and conclusions 

SIMPLE-G is by no means the first attempt to undertake global eco-
nomic analysis of sustainability challenges at the interface of agriculture 
and the environment using a grid-resolving approach. To our knowledge 
the first such model was MAgPIE (Lotze-Campen et al., 2008). This is a 
global optimization model, with the objective of minimizing the global 
cost of producing food to meet a pre-specified level of demand. It was 
developed at the Potsdam Institute for Climate (PIK) and is typically 
used in conjunction with a gridded dynamic vegetation model to look at 
issues related to land use change, climate impacts on agriculture, bio-
energy and technology change, among other issues. MAgPIE differs 
fundamentally from the approach developed in this paper. SIMPLE-G is 
an economic equilibrium model, in which decentralized agents (e.g., 
irrigated crop producers in a given grid cell, food processors, or con-
sumers in a particular regions of the world) interact through regional 
and global markets. In the presence of policy distortions and barriers to 
trade, the global equilibrium determined by SIMPLE-G will not mini-
mize total costs. In this sense, it aims to be predictive, as opposed to 
normative. Indeed, the presence of market imperfections means that 
global optimization models such as MAgPIE, must often place artificial 
constraints on the model in order to allow it to replicate observed pat-
terns of production, consumption and international trade. 

More recently, the GLOBIOM model has emerged on the global 
sustainability scene. It is maintained at the International Institute for 
Applied Systems Analysis (Valin et al., 2013). Like MAgPIE, GLOBIOM is 
a recursive-dynamic optimization model. In addition to 18 major crops, 
it has a livestock module and, when linked to models of crop growth, 
bioenergy, forestry and fisheries, it has been used to deal with a wide 
range of sustainability issues including deforestation, water use and 
greenhouse gas emissions (Havlik et al., 2013; Leclère et al., 2014; 
Soterroni et al., 2018). There are regional versions of the model focusing 
on the EU and Brazil, among others (Soterroni et al., 2019). Due to its 
large size and complexity, the model is not solved at the individual grid 
cell level, but rather it is solved for representative groupings of grid cells. 
In short, it is a very ambitious undertaking involving dozens of re-
searchers and this work represents the cutting edge of global sustain-
ability research with grid cell resolution. 

As its name indicates, the SIMPLE-G framework introduced in this 
paper has more modest aspirations. Rather than continually extending 
this model to handle new issues, this framework aims to be as simple as 
possible, while capturing the essence of a given sustainability challenge. 
If a different set of challenges emerges, the idea is to build a different 
version of SIMPLE-G, rather than extending the original model to add 
another feature. At the heart of this simplicity lies the fact that SIMPLE-G 
always has just one composite crop – albeit produced with different 
techniques and resource requirements – both within, and across grid 
cells. In the application presented here, the single crop was a composite 
of all crops and our analysis focused on the extensive margin of land and 
water use in agriculture. However, as noted in the preceding section, this 
crop could also be a single crop, such as maize, or a maize-soy composite 
such as in Liu et al. (2018). From an economic point of view, this means 
that, within the crop composite, it is assumed that prices move in tan-
dem – a key economic condition for aggregation of products. For the 
all-crop composite, this doesn’t make sense in the short run, but over 
decades it is likely the case that substitution – both on the supply and the 
demand sides – will force crop prices to move together and this repre-
sentation may be preferred to one in which modest substitution across 
crops permits significant divergence in crop prices over the long run. In 
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part due to this long run orientation, SIMPLE-G is not run on an annual, 
recursive basis, unlike the aforementioned models. Rather, it is treated 
as a ‘one-shot’, comparative static model, e.g., starting in 2010, one 
might simulate the global crop economy in 2050, as is done in the ap-
plications above. 

The outputs from SIMPLE-G can also be linked to other, spatially 
explicit models. One such example is provided by Sun et al. (2020) who 
use the US corn-soy version of SIMPLE-G to explore the land use and 
water quality impacts of widespread biomass co-firing in the Midwest-
ern United States. This paper shows that, while the region-wide deteri-
oration in water quality is likely to be modest, a gridded analysis reveals 
the presence of dangerous hotspots. These arise where coal plants 
coincide with areas of concentrated corn production and already high 
levels of nitrogen fertilizer application and leaching. Similarly, linking 
SIMPLE-G to spatial models of water use such as Li et al. (2019) could 
offer important insights. 

While the restriction to a single (composite) crop and the one-shot 
comparative static approach may seem like a great sacrifice, it has 
yielded one very significant benefit – namely facilitation of model 
parameterization and validation. To date, all of the validation efforts 
have been conducted using the non-gridded version of SIMPLE which 
breaks the world into 15 aggregate regions. And these have been quite 
informative. In the first such paper Baldos and Hertel (2013) found that 
SIMPLE was able to re-produce global changes in aggregate crop output, 
cropland area, yield and prices over the 1961–2006 period. This was a 
significant breakthrough in the global land use change literature and 
was used as a basis for understanding why many models at the time 
appeared to be over-predicting long run land use change in the 21st 
century (Baldos and Hertel, 2013). 

Historical simulation of the SIMPLE model has also revealed areas 
where the model falls short. In particular, while the first version of 
SIMPLE closely followed global crop production, it failed to reproduce 
the regional pattern of production changes over this period. This led the 
authors to introduce market segmentation, whereby individual con-
sumers and producers in each region have differential access to world 
markets. At the aggregate level, this results in a constant elasticity of 
substitution between domestic and international goods on the demand 
side and a constant elasticity of transformation between domestic and 
international goods on the supply side. The resulting segmented markets 
version of SIMPLE (now the default approach) performed much better at 
the regional level and also resulted in very different consequences for a 
number of key sustainability policies (Hertel and Baldos, 2016). Future 
work with SIMPLE-G will focus on its ability to reproduce historical 
patterns of land use change and irrigation intensities at the level of 
subnational regions and individual grid cells. This will provide the 
necessary foundation for policy-relevant, multi-scale modelling of future 
sustainability challenges. 

Software and data availability 

SIMPLE-G web application and SIMPLE-G-US web Application 
models and data are open-source and available for download for offline 
use or in-cloud computing at https://mygeohub.org/resources/simpleg 
and https://mygeohub.org/tools/simpleus. The regional economic 
data is taken from the FAOSTAT (FAO, 2014) and GTAP (Aguiar et al., 
2019) as well as regional SIMPLE (Hertel and Baldos, 2016); consumer 
demand elasticities are based on USDA reports (Muhammad et al., 
2011); cropland area is obtained from the USDA Cropland Data Layer 
(Han et al., 2012) at 30 meter resolution and aggregated to 5 arc min; 
irrigated cropland is from the Moderate Resolution Imaging Spectror-
adiometer (MODIS) Irrigated Agriculture Dataset for the United States 
(MIrAD-US) provided by USGS at 250 meter resolution (Brown and 
Pervez, 2014) and aggregated to 5 arc min; gridded land supply elas-
ticities for the US are based on econometric estimations (Villoria and 
Liu, 2018); transformation elasticity parameter is estimated considering 
water right (Jame et al., 2017); we take the value of crop sold per acre 

from USDA-NASS by county (USDA-NASS, 2019) and use GCWM (Sie-
bert and Döll, 2010) simulated yields to generate gridded yield; nitrogen 
fertilizer application rates, leaching parameters, and substitution elas-
ticity between nitrogen fertilizer and other inputs are obtained from 
Agro-IBIS (Liu et al., 2018; Lark et al., 2020); irrigation water with-
drawal rates are estimated using USGS county level water use data 
(Maupin et al., 2014); information about groundwater recharge is taken 
from the Annual Estimate of Recharge (Reitz et al., 2017); maximum 
surface water available at each grid cell is calculated after subtracting 
non-agricultural water use from locally-generated runoff (Wolock, 
2003); maximum available ground water available is determined with 
groundwater stock (Befus et al., 2017; Gleeson et al., 2016); the 
groundwater supply elasticity of is determined based on the ratio of 
groundwater withdrawal to groundwater recharge (Gleeson et al., 2016; 
Reitz et al., 2017) and estimated value of water (Haqiqi et al., 2016). 
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