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Chapter 7 
Behavioral Parameters: Capturing 
Geospatial Heterogeneity in Economic 
Decisions and Responses 

Iman Haqiqi 

Tackling fundamental environmental and societal challenges requires a comprehen-
sive geospatial understanding of the interactions among food, agriculture, land, 
water, and environmental systems. However, this understanding must be achieved 
with a keen eye on spatial heterogeneity, as environmental responses to economic 
and policy interventions, resource availability, and climate change are rarely uniform 
across landscapes. Failure to consider spatial variation can lead to flawed models, 
misguided policies, and unintended consequences. 

To address this challenge, this chapter introduces a geospatial dataset that 
includes economic behavioral parameters. This dataset is specifically designed for 
spatially heterogeneous analyses within gridded economic modeling focused on 
land, water, and environmental sustainability. The dataset incorporates key param-
eters such as land supply elasticity, water supply elasticity, land conversion possi-
bilities, and substitution elasticity, offering detail and resolution for capturing the 
spatial responses of production systems to economic and environmental drivers. 

Economic parameters are rarely available at gridded scales, yet they are essential 
for modeling how different regions within a landscape will respond to changes. By 
integrating these parameters with readily available environmental and economic 
data, researchers can unlock new avenues for analyzing and predicting spatially 
differentiated land-use change, water resource allocation, and agricultural produc-
tion under various sustainability scenarios. 

This chapter describes the construction of the SIMPLE-G-US dataset with all 
crops composite, highlighting its specific advantages and unique aspects in spatially 
heterogeneous analysis. Through examples, the application of the dataset is show-
cased in Part IV, demonstrating its potential to contribute to gridded economic 
modeling. Other internally consistent SIMPLE-G datasets include the global dataset
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(Haqiqi et al. 2022), the corn–soy dataset (Sun et al. 2020, Liu et al. 2023), and the 
Brazil dataset (Wang et al. 2022, 2024).
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Parameters in the model represent behavior leading to the dynamics of the 
SIMPLE-G system. The model parameters in each simulation are fixed and are 
usually obtained from other studies or empirical estimations. Table 7.1 summarizes 
the main parameters used in the model. We describe some of these parameters in the 
following sections. 

1 Regional Parameters 

This section introduces the data sources for regional parameters that determine how 
price changes and income growth influence food selection, how consumers choose 
between domestic and imported goods, and how livestock and processed food 
sectors adjust their inputs in response to changing prices. 

1.1 Consumer Demand 

Consumer demand elasticities, which govern how consumers react to food price 
changes and income growth, are based on the work of Muhammad et al. (2011), who 
use cross-section international data to estimate food demand systems spanning the 
full range of national per capita incomes. To capture the impacts of dietary upgrading 
in the model, equations relating the price and income elasticities of food demand to 
the log of per capita incomes are embedded in the model. The estimation of these 
linkages is described in Hertel and Baldos (2016). 

1.2 Spatial Reallocation and Trade Elasticities 

Armington-type elasticity parameters are important components of the model. 
Armington substitution elasticities measure the degree of substitutability between 
imported and domestic goods or between goods from different sources of origin. 
Hertel et al. (2007) estimate the Armington substitution elasticities for GTAP sectors 
based on bilateral transport costs among a subset of countries. The average elasticity 
for crops is around 3. However, these estimates are subject to uncertainty and 
sensitivity. It is advisable to use a range of values or conduct sensitivity analyses 
when applying these elasticities in trade models. We also assume a symmetric value 
of 3 on the export side.
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Table 7.1 Parameters in the gridded model 

Parameter Description Source 

Supply elasticities 

ηL Cropland supply elasticity Empirical estimations (Villoria et al. 
2023) 

ηGW Groundwater supply elasticity Empirical estimations (Haqiqi et al. 
2023) 

ηSW Surface water supply elasticity Empirical estimations (Haqiqi et al. 
2023) 

ηN N fertilizer supply elasticity Uniform value (Baldos et al. 2020) 

ηH Other agricultural inputs supply elasticity Uniform value (Baldos et al. 2020) 

QCET land allocation parameters 

τ QCET transformation elasticity parame-
ter for land allocation 

Empirical estimations for each class of 
water rights* 

Substitution elasticities 

σ Substitution elasticity between fertilizer 
and other inputs composite 

Based on yield response to fertilizer 
from Agro-IBIS (Liu et al. 2023) 

σHLW Substitution elasticity between water-
land composite and other inputs 
composite 

Empirical estimations of intensive 
margin* 

σLW Substitution elasticity between water and 
land 

Based on yield response to deficit 
irrigation* 

σW Substitution elasticity between water and 
other irrigation inputs 

Based on irrigation technology and 
crop mix* 

σSG Substitution elasticity between ground-
water and surface water 

Uniform value (Baldos et al. 2020) 

Subregional Armington parameters 

φ Substitution possibility between varieties 
of aggregated crop outputs of grid cells 

International trade literature (Hertel 
et al. 2007) 

κ Substitution possibility between varieties 
of aggregated crop outputs of subregions 

International trade literature (Hertel 
et al. 2007) 

Consumer and trade elasticities 

ω Imports substitution elasticity International trade literature (Hertel 
et al. 2007) 

ψ Export transformation elasticity Symmetric to imports 

α Demand elasticity parameter Muhammad et al. (2011) 

β Demand elasticity parameter Muhammad et al. (2011) 

σV Substitution elasticity in livestock pro-
duction sector 

Calibrated to target historical changes 
in feed use (see Baldos and Hertel 
2012) 

σF Substitution elasticity in processed food 
sector 

Zero value (i.e., fixed proportion in 
production) 

Other parameters 

Multiple 
parameters 

Water quality and nitrogen leaching Based on leaching response to fertilizer 
from Agra-IBIS (Liu et al. 2023) 

Multiple 
parameters 

Greenhouse gas emissions factors Based on GTAP and other sources 
(Aguiar et al. 2019) 

Multiple 
parameters 

Nutrition and food security parameters Following Neiken (2003) (Baldos and 
Hertel 2013) 

(Note: * shows the work in progress)
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1.3 Input Substitution Elasticities for Livestock 
and Processed Food Sectors 

The input substitution elasticity for the livestock sector is based on the historical 
calibration documented in Baldos and Hertel (2012) over the period from 
2001 to 2006. Feed use consumption, taken from FAOSTAT, for high income 
regions is targeted by adjusting the input substitution elasticity. Processed food 
sectors assume the Leontief production function given zero values for these substi-
tution elasticities. 

2 Gridded Parameters 

This section describes the data sources for parameters that determine the spatially 
heterogeneous agricultural decisions. They include parameters related to supply of 
agricultural inputs (land and water) and demand of inputs derived from agricultural 
production from Constant Elasticity of Substitution (CES) functions. 

2.1 Cropland Supply Parameters 

The cropland supply function determines the willingness to supply cropland at a 
given level of land rents. The main parameter in this function is the supply elasticity, 
which represents the percentage change in cropland supply as a response to a 1% 
change in average cropland rent. Regional cropland supply elasticities are taken from 
the SIMPLE model, and gridded land supply elasticities for the United States are 
based on the statistical model developed by Villoria and Liu (2018) using gridded 
data from the Americas. This elasticity was estimated based on the propensity of land 
to be converted to crop cultivation from other uses (including pasture and forestry) 
conditional on the profitability of land while controlling for agroecological condi-
tions. In the model, this parameter ranges from 0 to 0.755. A larger value indicates a 
greater likelihood of switching to cropland from other uses for a given increase in 
cropland rents. 

2.2 Cropland Conversion (Transformation) Parameters 

A quantity-preserving constant elasticity of transformation (QCET) function deter-
mines the allocation of land to irrigated and rainfed activities. The transformation 
elasticity parameter determines the percentage change in the ratio of each land type 
in response to a 1% change in relative rents to the two activities. This parameter



shows the flexibility of converting cropland to irrigated or rainfed production. In the 
United States, this parameter is estimated following Jame et al. (2017) based on local 
water rights law. Different water rights can restrict the extension or intensity of 
irrigation at one location. For this estimation, we employ county level information 
from the USDA, including cash rents for irrigated and nonirrigated cropland as well 
as total irrigated and nonirrigated cropland area by county. We assume that all the 
grid cells in a county follow the estimated parameter for that county. 
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2.3 Water Supply Parameters 

The water supply elasticity determines how the economic supply of water will 
change in response to changes in the price or value of water. Without observing 
market price behavior, it is difficult to estimate this parameter. Thus, we use 
hydrological information to create a database of water supply elasticities based on 
availability and current withdrawals. We assume that water supply at each grid cell is 
limited by hydrological constraints. Figure 7.1 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). With adverse 
changes in hydroclimatic conditions, the cost schedule may shift to S2 (depending 
on the natural supply of water). 

Withdrawal of water is constrained by the maximum amount of water available in 
each grid cell after subtracting nonagricultural water use. We assume that the supply 
elasticity of water varies by grid cell and depends on the ratio of water extracted 
relative to the sustainable extraction level (R). We assume a three-parameter Fréchet 
function for water supply with calibrated parameters ω0, ω1, ω2, ω3: 

εg =ω0 þ ω1 

ω2 þ Rg 
ω3 
, ð7:1Þ 

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 annual 
water withdrawal for crop irrigation, the sustainable extraction level of water by 
source, and the estimated value of water, as described previously. 

Haqiqi et al. (2023) have calibrated the gridded water supply schedules for the 
continental United States to the benchmark year 2010 based on the ratio of ground-
water withdrawal to groundwater recharge (Gleeson et al. 2016; Reitz et al. 2017). 
For the US grid cells, the water supply elasticity is calculated using the withdrawal-
to-recharge ratio and the empirically estimated parameters ω0, ω1, ω2, and ω3. These 
values are estimated using water withdrawal data from the USGS for 2010 and the
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Fig. 7.1 (a) Economic supply for water with maximum availability determined by asymptote 
C. (b) Estimated groundwater elasticities in the continental United States



estimated value of water (Haqiqi et al. 2016). In this version, ω1 is 0.50, ω2 is 0.30, 
ω3 is 0.45, and ω0 is 0 for groundwater and-0.05 for surface water. Then, we apply 
the estimated function to all the grid cells to determine the unique water supply 
elasticity for each grid cell. The information about groundwater recharge is taken 
from the Annual Estimate of Recharge (Reitz et al. 2017). Figure 7.1b shows the 
supply elasticity based on the ratio of groundwater withdrawal to local recharge 
around the year 2010. The red color shows the locations with a very rapid depletion 
of groundwater which are mostly in California and the Ogallala Aquifer. For some 
locations, more groundwater is withdrawn in 1 year than flows in as over 10 years. 
The High Plains Aquifer, the Central Valley of California, the Snake River Basin, 
and western Washington show dramatic levels of unsustainability based on this 
index.
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Using previous versions of SIMPLE-G, researchers have taken other approaches 
for estimating these elasticities. Haqiqi et al. (2018) consider variable water supply 
elasticity (i.e., the elasticity would adjust depending on the distance to the asymp-
tote). These authors calculate the maximum surface water available at each grid cell 
after subtracting nonagricultural water use from locally generated runoff (Wolock 
2003) while maximum available groundwater available was determined with 
groundwater stock (Gleeson et al. 2016; Befus et al. 2017). 

2.4 Elasticities of Substitution in Crop Production 

The substitution elasticity between N fertilizer and other inputs is an important 
parameter in the model. This elasticity determines the likely changes in N applica-
tion rate in response to change in relative price of N fertilizer. We estimate this 
parameter for each grid cell, following Liu et al. (2023) to establish a framework for 
estimating this parameter. We begin by obtaining the yield response functions from 
Agro-IBIS, then combine this response function with estimated yields of irrigated 
and nonirrigated crops to find the substitution elasticity for irrigated and rainfed crop 
production (Liu et al. 2023). 

2.5 Other Parameters 

Liu et al. (2018) have estimated leaching parameters from Agro-IBIS to construct a 
nutrient-leaching module for all the grid cells in SIMPLE-G-US. This nonlinear 
leaching function shows that nutrient leaching will increase quadratically when N 
application rate increases. The parameters are specific to the unique biophysical 
characteristics of each grid cell, including soil type, irrigation, and land cover (Liu 
et al. 2023).



The findings and conclusions presented in this chapter are those of the authors and should not be
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3 Summary 

Considering geospatially heterogeneous behavioral parameters is important for 
understanding the interactions among agriculture, land, water, and environmental 
systems. We introduced a geospatial dataset of economic parameters specifically 
designed for analysis within gridded economic modeling. This dataset includes key 
parameters—such as land supply elasticity, water supply elasticity, land conversion 
possibilities, and substitution elasticity—that allow researchers to capture the spatial 
responses of production systems to economic and environmental drivers. 

The chapter described the construction and sources of the SIMPLE-G-US dataset, 
which encompasses all crops in a composite commodity. The regional parameters 
determine how price changes and income growth influence the production and 
consumption of goods and services in different regions. The gridded parameters 
determine local decisions and economic responses to policies and shocks. This 
dataset is an example of how to employ biophysical information to calibrate and 
estimate parameters required in analyzing and predicting spatially differentiated 
decisions. We encourage researchers to consider the spatial variation in economic 
parameters and to incorporate this knowledge into their analyses to address the 
complex challenges associated with food, agriculture, land, water, and environmen-
tal systems. 

Acknowledgment and Competing Interests The authors acknowledge support from the National 
Science Foundation award #2118329: “NSF Institute for Geospatial Understanding through an 
Integrative Discovery Environment (I-GUIDE),” the U.S. Department of Energy, Office of Science, 
Biological and Environmental Research Program, Earth and Environmental Systems Modeling, 
MultiSector Dynamics under Cooperative Agreement DE-SC0022141; the United States Depart-
ment of Agriculture AFRI grant #2019-67023-29679, “Economic Foundations of Long Run 
Agricultural Sustainability,” and the National Science Foundation INFEWS award #1855937, 
“Identifying Sustainability Solutions Through Global-Local-Global Analysis of a Coupled Water-
Agriculture-Bioenergy System.” 

construed to represent any official determination or policy of the US Department of Agriculture 
(USDA), the US government, the Department of Energy (DOE), or the National Science Founda-
tion (NSF). Furthermore, we declare that there is no conflict of interest related to this work. 

References 

Aguiar, Angel, Maksym Chepeliev, Erwin L. Corong, Robert McDougall, and Dominique van der 
Mensbrugghe. 2019. The GTAP data base: Version 10. Journal of Global Economic Analysis 4: 
1–27. https://doi.org/10.21642/JGEA.040101AF. 

Baldos, Uris Lantz C., Iman Haqiqi, Thomas W. Hertel, Mark Horridge, and J. Liu. 2020. SIMPLE-
G: A multiscale framework for integration of economic and biophysical determinants of 
sustainability. Environmental Modelling & Software 133. Elsevier: 104805. https://doi.org/10. 
1016/j.envsoft.2020.104805.

https://doi.org/10.21642/JGEA.040101AF
https://doi.org/10.1016/j.envsoft.2020.104805
https://doi.org/10.1016/j.envsoft.2020.104805


7 Behavioral Parameters: Capturing Geospatial Heterogeneity. . . 101

Baldos, Uris Lantz C., and Thomas W. Hertel. 2013. Looking back to move forward on model 
validation: Insights from a global model of agricultural land use. Environmental Research 
Letters 8: 034024. https://doi.org/10.1088/1748-9326/8/3/034024. 

———. 2012. SIMPLE: A simplified international model of agricultural prices, land use and the 
environment. West Lafayette, IN: Working Paper 70. Department of Agricultural Economics, 
Purdue University, Global Trade Analysis Project (GTAP). https://doi.org/10.21642/GTAP. 
WP70. 

Befus, Kevin M., Scott Jasechko, Elco Luijendijk, Tom Gleeson, and M. Bayani Cardenas. 2017. 
The rapid yet uneven turnover of Earth’s groundwater. Geophysical Research Letters 44: 
5511–5520. https://doi.org/10.1002/2017GL073322. 

Gleeson, Tom, Kevin M. Befus, Scott Jasechko, Elco Luijendijk, and M. Bayani Cardenas. 2016. 
The global volume and distribution of modern groundwater. Nature Geoscience 9: 161. https:// 
doi.org/10.1038/ngeo2590. 

Haqiqi, Iman, Farzad Taheripour, Jing Liu, and Dominique van der Mensbrugghe. 2016. Introduc-
ing irrigation water into GTAP data base version 9. Journal of Global Economic Analysis 1: 
116–155. https://doi.org/10.21642/JGEA.010203AF. 

Haqiqi, Iman, Laura C. Bowling, Sadia A. Jame, Thomas W. Hertel, Uris Baldos, and Jing Liu. 
2018. Global drivers of land and water sustainability stresses at mid-century. Purdue Policy 
Research Institute (PPRI) Policy Briefs 4: 7. 

Haqiqi, Iman, Chris J. Perry, and Thomas W. Hertel. 2022. When the virtual water runs out: local 
and global responses to addressing unsustainable groundwater consumption. Water Interna-
tional 47 (7): 1060–1084. https://doi.org/10.1080/02508060.2023.2131272. 

Haqiqi, Iman, Laura Bowling, Sadia Jame, Uris Baldos, Jing Liu, and Thomas Hertel. 2023. Global 
drivers of local water stresses and global responses to local water policies in the United States. 
Environmental Research Letters 18: 065007. https://doi.org/10.1088/1748-9326/acd269. 

Hertel, Thomas W., David Hummels, Maros Ivanic, and Roman Keeney. 2007. How confident can 
we be of CGE-based assessments of free trade agreements? Economic Modelling 24: 611–635. 
https://doi.org/10.1016/j.econmod.2006.12.002. 

Hertel, Thomas W., Uris Lantz C. Baldos. 2016. Global change and the challenges of sustainably 
feeding a growing planet. New York: Springer. 

Jame, Sadia A., Laura C. Bowling, Thomas W. Hertel, Liu Jing, and Iman Haqiqi. 2017. The 
influence of US water law on irrigation expansion. In Global Economic Analysis in the 21st 
Century: Challenges and Opportunities: 20th Annual Conference on Global Economic Analy-
sis. West Lafayette: Center for Global Trade Analysis, Purdue University. 

Liu, Jing, Thomas W. Hertel, Laura Bowling, Sadia Jame, Christopher Kucharik, and Navin 
Ramankutty. 2018. Evaluating alternative options for managing nitrogen losses from corn 
production. Purdue Policy Research Institute (PPRI) Policy Briefs 4: 9. 

Liu, Jing, Laura Bowling, Christopher Kucharik, Sadia Jame, Lantz C. Uris, Larissa Jarvis Baldos, 
Navin Ramankutty, and Thomas W. Hertel. 2023. Tackling policy leakage and targeting 
hotspots could be key to addressing the “wicked” challenge of nutrient pollution from corn 
production in the U.S. Environmental Research Letters 18: 105002. https://doi.org/10.1088/ 
1748-9326/acf727. 

Muhammad, Andrew, James L. Seale Jr, Birgit Meade, and Anita Regmi. 2011. International 
evidence on food consumption patterns: An update using 2005 international comparison 
program data. Washington, DC: Technical Bulletin 1929. US Department of Agriculture, 
Economic Research Service. 

Neiken, Loganaden. 2003. FAO methodology for estimating the prevalence of 
undernourishment. Rome: FAO. 

Reitz, Meredith, Ward E. Sanford, Gabriel Senay, and J. Cazenas. 2017. Annual estimates of 
recharge, quick-flow runoff, and ET for the contiguous U.S. using empirical regression equa-
tions. Journal of the American Water Resources Association 53: 961983. https://doi.org/10. 
1111/1752-1688.12546.

https://doi.org/10.1088/1748-9326/8/3/034024
https://doi.org/10.21642/GTAP.WP70
https://doi.org/10.21642/GTAP.WP70
https://doi.org/10.1002/2017GL073322
https://doi.org/10.1038/ngeo2590
https://doi.org/10.1038/ngeo2590
https://doi.org/10.21642/JGEA.010203AF
https://doi.org/10.1080/02508060.2023.2131272
https://doi.org/10.1088/1748-9326/acd269
https://doi.org/10.1016/j.econmod.2006.12.002
https://doi.org/10.1088/1748-9326/acf727
https://doi.org/10.1088/1748-9326/acf727
https://doi.org/10.1111/1752-1688.12546
https://doi.org/10.1111/1752-1688.12546


102 I. Haqiqi

Sun, Shanxia, Brayam Valqui Ordonez, Mort D. Webster, Jing Liu, Christopher J. Kucharik, and 
Thomas Hertel. 2020. Fine-scale analysis of the energy–land–water nexus: nitrate leaching 
implications of biomass cofiring in the Midwestern United States. Environmental science & 
technology, 54 (4): 2122–2132. 

Villoria, Nelson B., and Jing Liu. 2018. Using continental grids to improve understanding of global 
land supply responses: Implications for policy-driven land use changes in the Americas. Land 
Use Policy 75: 411–419. https://doi.org/10.1016/j.landusepol.2018.04.010. 

Villoria, Nelson, Jing Liu, Iman Haqiqi, Shourish Chakravarty, Michael Delgado, Alfredo 
Cisneros-Pineda, and Tom Hertel. 2023. Gridded cropland supply elasticity for the continental 
United States. (5 arc-min spatial resolution) (version 1.0). MyGeoHUB. https://doi.org/10. 
13019/37T9-0E88. 

Wolock, David M. 2003. Base-flow index grid for the conterminous United States. Reston: Open-
File Report 2003–263. US Geological Survey. https://doi.org/10.3133/ofr03263. 

Wang, Z., G.B. Martha, J. Liu, C.Z. Lima, and T.W. Hertel. 2024. Planned expansion of transpor-
tation infrastructure in Brazil has implications for the pattern of agricultural production and 
carbon emissions. Science of The Total Environment 928: 172434. 

Wang, Zhan, Geraldo B. Martha Jr, Jing Liu, and Cicero Zanetti de Lima. 2022. Climate Change, 
Irrigation Expansion and Impacts on Agriculture Production: An Integrated Multi-Scale Anal-
ysis of Brazil by 2050. Agricultural and Applied Economics Association (AAEA) Conferences, 
2022 Annual Meeting, July 31-August 2, Anaheim, California. https://doi.org/10.22004/ag. 
econ.322560 

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0 
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate 
credit to the original author(s) and the source, provide a link to the Creative Commons license and 
indicate if changes were made. 

The images or other third party material in this chapter are included in the chapter’s Creative 
Commons license, unless indicated otherwise in a credit line to the material. If material is not 
included in the chapter’s Creative Commons license and your intended use is not permitted by 
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder.

https://doi.org/10.1016/j.landusepol.2018.04.010
https://doi.org/10.13019/37T9-0E88
https://doi.org/10.13019/37T9-0E88
https://doi.org/10.3133/ofr03263
https://doi.org/10.22004/ag.econ.322560
https://doi.org/10.22004/ag.econ.322560
https://doi.org/10.22004/ag.econ.322560

	Chapter 7: Behavioral Parameters: Capturing Geospatial Heterogeneity in Economic Decisions and Responses
	1 Regional Parameters
	1.1 Consumer Demand
	1.2 Spatial Reallocation and Trade Elasticities
	1.3 Input Substitution Elasticities for Livestock and Processed Food Sectors

	2 Gridded Parameters
	2.1 Cropland Supply Parameters
	2.2 Cropland Conversion (Transformation) Parameters
	2.3 Water Supply Parameters
	2.4 Elasticities of Substitution in Crop Production
	2.5 Other Parameters

	3 Summary
	References




