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Abstract 

Quantifying the impacts of climate change on crop production is key to support integrated 

policies for the management of the food-energy-water (FEW) nexus. This is especially true in the water-

limited desert southwestern U.S. Here, we applied the Water Evaluation and Planning (WEAP) platform 

and its crop model MABIA to simulate crop production in the main irrigation districts near Phoenix, 

Arizona, under different levels of warming and water allocations for irrigation. We first tested the ability 

of WEAP-MABIA to simulate water deliveries to all demand sectors and production of 11 crops during 

2008–2018. In parallel, we evaluated and ranked the performances of 17 (10) general circulation models 

(GCMs) from CMIP5 (CMIP6) in reproducing the local climatology of eight variables needed to apply 

the crop model, finding no significant improvement of CMIP6 models. We then forced WEAP-MABIA 

with bias corrected and spatially interpolated GCM outputs under future warming scenarios. If current 

water allocations for irrigation are not varied, crop production is projected to decline with rates that are 

higher up to 2060 and reduced afterwards (constant rates up to 2100) under moderate (intense) warming 

scenarios. The decline rates vary with crop and scenario up to an ensemble mean of -4.8% per decade and 

are largely controlled by the simulated increase of potential and actual evapotranspiration. The effect of 

climate change is expected to become relatively less important if water shortages will exceed 10% of 

current allocations, which could possibly occur under the recently approved Colorado River Drought 

Contingency Plan. This work provides insights into (1) the utility of GCM outputs and water management 

models for crop simulations, and (2) future changes of the food-water nexus in southwestern U.S. that are 

needed to develop integrated FEW policies in the region. 

1. Introduction 

Irrigated agriculture plays a key role in the food-energy-water (FEW) nexus. This is especially 

true in hot and dry regions like the southwestern U.S. where agriculture is the largest water user under 

limited supply, mainly provided by energy intensive diversion transfers and groundwater (Yates et al., 

2013). The future of agriculture in this region is challenged by population growth, development of other 

industries, and drought intensification due to global warming that could trigger water shortages (Cook et 

al., 2007; Fawcett et al., 2011; MacDonald, 2010; MacDonald et al., 2008). For example, Elias et al. 

(2016) reported that crop yields (i.e., crop production per unit of cultivated land) in southwestern U.S. 

have declined since 1978 on 11-21% of the total irrigated land, mostly because of surface water shortages 

and, to a minor extent, power shortages. While the need of integrated policies has been highlighted to 

promote synergies among the FEW sectors (Leck et al., 2015; Ringler et al., 2013), decisions are still 

made in insolation (Jones and White, 2021) with the potential unintended consequence of undermining 

local food security (MacDonald, 2010).  

A key step to improve our understanding of FEW interactions and inform the development of 

integrated policies is to quantify crop productivity under global warming. Climate impacts agriculture in 

multiple and sometimes opposite ways. For example, higher CO2 concentrations are expected to enhance 

crop yield (Tubiello et al., 2002); however, empirical studies indicate that this benefit will be 

counterbalanced when temperature increases above 30 ºC (Schlenker and Roberts, 2009; Wing et al., 

2015). These conditions could be likely met for extended periods in southwestern U.S., where 

temperature is projected to rise by as high as 5 °C at the end of the century (Vose et al., 2017). Moreover, 

projected declines in snowpack (Easterling et al., 2017) and intensification of droughts (Seager et al., 
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2007) will cause the probable reduction of streamflow in the Colorado River (Udall and Overpeck, 2017), 

which is the primary source of surface water in the region, thus triggering irrigation water shortages 

(USBR, 2021). While these arguments point to a decrease in crop production, estimates at smaller scales 

(e.g., irrigation districts) are more uncertain because they depend on local climate, soil conditions, and 

amounts of water cuts for irrigation (Reidmiller et al., 2018; Steele et al., 2018). 

Estimates of crop production at local scales could be obtained by applying crop models that 

simulate the physiological processes of plant growth, seed formation, and yield along with soil water 

dynamics under different soil and weather conditions (e.g., Jabloun and Sahli, 2012; Jones et al., 2003; 

Keating et al., 2003). Crop models with diverse levels of sophistication have been applied at several sites 

and over various spatial extents to simulate changes in crop production using climate model outputs as 

forcings (e.g., Corbeels et al., 2018; Fraga et al., 2020; Osborne et al., 2013; Sommer et al., 2013; Wang 

et al., 2021; among many others). A review by White et al. (2011) of 221 studies of this type reported that 

most applications have (1) used only one or a few climate models, thus limiting the ability to quantify 

climate model uncertainty; (2) not accounted for the scale gap between the coarse grid spacing of climate 

model outputs and the field scale at which crop models are usually designed; (3) utilized mainly 

temperature and precipitation, neglecting other variables; and (4) incorporated changes in climate 

variables by adjusting historic data. While progress has been made, these issues are still largely present in 

more recent efforts (Peng et al., 2020) thus suggesting that research is needed to better incorporate climate 

model outputs into crop simulations. 

The main goal of this study is to estimate crop production at the irrigation district scale in 

southwestern U.S. under different levels of warming and water allocations for irrigation. We focus on the 

main irrigation districts (IDs) near the Phoenix metropolitan region in central Arizona, which represents a 

compelling case study to investigate the future of the food-water nexus in desert southwestern U.S. In this 

urban region, agriculture was the main driver of the local economy up to World War II, but its importance 

has gradually diminished, as cropland has been converted into urban land to sustain one of the largest 

population growth in the country (Bausch et al., 2015; Fan et al., 2017). The region relies on limited water 

sources, including Colorado River water transported in a 541-km-long canal by the Central Arizona 

Project (CAP), which will most likely be subject to a shortage of 500,000 acre-feet (or 617 million m3) in 

2022-2023 affecting agricultural users in the state (USBR, 2021). Despite these challenges, agriculture is 

still a major water user and plays an important role in the regional economy (Duval et al., 2018). As a 

result, there is vivid interest on how agriculture could be sustained in the future and whether it should 

transition from a system focused on commodity crops, such as cotton and alfalfa that are mainly exported, 

to other configurations promoting local food security (Bausch et al., 2015). 

To address our main goal, we built on our previous modeling effort of the FEW interactions in the 

Phoenix metropolitan region by Guan et al. (2020), who applied the Water Evaluation and Planning 

(WEAP) platform (Yates et al., 2005) to simulate annual water allocations to the main users under 

different FEW scenarios, while preserving water management rules and infrastructure constraints. Here, 

we expanded the calibration of WEAP focusing on the food-water nexus by (1) increasing the temporal 

resolution to monthly, (2) explicitly modeling water allocations to the main 12 IDs, and (3) using the 

embedded MABIA crop model (Jabloun and Sahli, 2012) to simulate production and irrigation demand of 

the major 11 crops. We tested the integrated model against estimates of water allocations from the 

Arizona Department of Water Resources (ADWR, 2021a) and of crop production from the U.S. 

Department of Agriculture (USDA, 2021a) in 2008-2018. We then explored the impacts of climate 

change by forcing the integrated model with daily outputs of 17 and 10 general circulation models 

(GCMs) from the Coupled Model Intercomparison Project Phase 5 (CMIP5) and Phase 6 (CMIP6), 

respectively, under scenarios of moderate and intense warming. We accounted for GCM errors by bias 

correcting and spatially interpolating the outputs. We first quantified potential variations of crop 

production that are only due to changes in climate forcings; this implied assuming unvaried water 

allocations for irrigation. We then evaluated changes under plausible water shortages following 

indications of the recent Colorado River Drought Contingency Plans (USBR, 2021). In all cases, we 

assumed no changes in cultivated area, crop types, and planting dates. 
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Our work provides novel methodological and practical insights on the impacts of climate change 

on the food-water nexus. Previous studies have tested performances of crop models using inputs from 

observed weather data. Here, we evaluated the crop model also when forced by historical climate model 

simulations, which is crucial to gain confidence on the reliability of future projections derived from the 

GCMs. To adequately characterize the model uncertainty, we used a large number of GCMs including 

those from the newest CMIP6 that we compared with the previous versions in CMIP5, a task that has just 

started to be addressed (e.g., Müller et al., 2021). We increased the GCMs’ utility by evaluating several 

bias correction tools for a large number of variables needed to apply crop models, including precipitation, 

temperature, relative humidity, solar radiation and wind speed. This complements recent studies on the 

utility of bias correction of precipitation and temperature for crop modeling (Laux et al., 2021). Prior to 

applying the bias correction, we quantified the relative performances of the GCMs in reproducing the 

climatology of several variables, which is useful to support different types of impact studies in the region. 

Finally, our work is one of the few (e.g., Esteve et al., 2015) that integrated a water management and a 

crop model, so that reliable estimates of irrigated water could be obtained at the ID scale. To our 

knowledge, this work is also the first that quantifies changes in the food-water nexus at the metropolitan 

scale in southwestern U.S. Along with our recent studies of the water-energy nexus (Mounir et al., 2021, 

2019), this work supports the development of regional integrated FEW policies. 

2. Study Area 

Our study domain is the Phoenix Active Management Area (AMA; Fig. 1), which is a 

political/hydrogeological region of ~14,600 km2 created in 1980 by the Arizona Department of Water 

Resources (ADWR) with the primary purpose of achieving groundwater safe yield by 2025 (Higdon and 

Thompson, 1980). It is located in central Arizona (mainly in Maricopa County) and fully includes the 

Phoenix metropolitan area and its surrounding crop fields. Climate of this region is dry and warm all year 

round because of the quasi-permanent presence of a subtropical high-pressure ridge (Sheppard et al., 

2002). The mean annual precipitation and temperature are 203 mm and 22 ºC, respectively, as observed at 

the Phoenix Encanto station (Fig. 1) of the Arizona Meteorological Network (AZMET) network in 1989-

2019. For reference, Fig. 2 presents the climatological monthly means of several variables observed at 

this station. The precipitation regime includes two main seasons (Fig. 2a), including the North American 

Monsoon (NAM; Adams and Comrie, 1997) from July to September and a winter season from November 

to March. Details on the hydroclimatology of this region can be found in Mascaro (2017). Due to high 

temperature and low relative humidity, the atmospheric evaporative demand always exceeds precipitation 

in each month (Fig. 2). As a result, agriculture in this region relies almost entirely on irrigation, which 

mostly occurs between April and August when evapotranspiration is the highest (French et al., 2018). 

Four main sources supply water to the municipal, agricultural, Native American, power and 

industrial users in the region: surface water from the Salt and Verde River basins managed by the Salt 

River Project (SRP; Phillips et al., 2009), surface water from the Colorado River delivered through the 

CAP canal, groundwater pumped from seven sub-basins in the AMA at about 27,500 wells (ADWR, 

2021b), and reclaimed water. While the total volume supplied annually by the four sources remained 

fairly constant from 1985 to 2018 (~2800 million m3), CAP water has been increasingly replacing GW to 

control overdraft (Higdon and Thompson, 1980).  

Since Phoenix was established in 1881 and up to the end of World War II, agriculture was the 

only driver of the regional economy. After World War II, population started increasing and this 

stimulated the expansion of other industries, such as construction and later on high-tech companies. Over 

the last four decades, the rate of population growth was among the largest in the country, with the number 

of residents in the metropolitan area climbing from 1.85 million in 1985 to more than 4.95 million in 

2019 (ADWR, 2021a; MAG, 2021). To sustain this growth in such a water-limited region, agricultural 

land has been gradually converted into urban land (Bausch et al., 2015; Fan et al., 2017; Kolankiewicz et 

al., 2020). According to ADWR (2021a), the irrigated cropland area decreased from roughly 1400 km2 in 

1985 to 630 km2 in 2018 with a rate that stabilized since 2009. Despite this decrease, agriculture is still an 

important pillar of the regional economy. As of 2017, agriculture provides around 14,200 jobs (Duval et 
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al., 2018), and sales of agricultural products contribute nearly $476 million to the economy of Maricopa 

County, which ranks 31st out of 3,073 counties in U.S. in this category (USDA, 2021b). According to 

USDA (2021a), the main crops cultivated in 2020 in the Phoenix AMA were alfalfa (64.6% of cropland 

area), cotton (8.1%), corn (7.5%), and winter wheat (4.1%).  

 

 
Figure 1. The Phoenix Active Management Area (AMA) in central Arizona, along with the 12 irrigation 

districts (Table 1); main crop types derived from the land cover map released by USDA (2021c) in 2017; 

six AZMET stations (codes reported in Table 2); the Salt, Verde, and Gila Rivers; and the Central 

Arizona Project (CAP) aqueduct. 

 

 
Figure 2. Climatological monthly mean of precipitation (P), reference evapotranspiration (ETref), mean 

temperature (Tmean), daily mean relative humidity (RHmean), solar radiation (SR), and wind speed (WS) at 

the AZMET Phoenix Encanto Station over 1989-2019 (2003-2019 for ETref). 

 

We identified 12 IDs in the region that use roughly 90% of irrigation water. Table 1 reports their 

name, mean cultivated area and top three crops over the period 2008–2018, mean elevation, and water 
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portfolio. The cultivated area in each ID ranges from 1.84 km2 to 100.38 km2 (USDA, 2021c), with an 

average of 37.45 km2. Alfalfa is the most important crop in all IDs; other major crops include fruit and 

vegetables, other (non-alfalfa) hay, winter wheat, corn, cotton, and oats. Depending on location and water 

rights, each ID relies on a different portfolio of water supply sources. All IDs use groundwater (from 

3.2% to 93.8%); some of them receive water from CAP (up to 96.7%) and other surface water (up to 

85.6%); and a few IDs use also a smaller fraction of reclaimed water (up to 1.6%).  

3. Dataset 

We set up and applied the WEAP-MABIA integrated model in 2008-2018 by integrating the data 

used in Guan et al. (2020; their Table 1) with new data sets that are introduced in Section 4.1.2 in the 

description of the model setup. We obtained daily precipitation (P); mean (Tmean), minimum (Tmin), and 

maximum (Tmax) air temperature at 1.5 m; mean (RHmean) and minimum (RHmin) relative humidity; mean 

wind speed (WS) at 3 m; solar radiation (SR); and reference evapotranspiration (ETref) data recorded by 

six weather stations belonging to the AZMET network for variable periods from 1988 to 2019. 

Depending on their location and time availability, some of these stations were used to apply MABIA and 

others to bias correct and interpolate climate model outputs (Fig. 1; Table 2). We also obtained a 10-m 

digital elevation model (DEM) from the USGS 3D Elevation Program (USGS, 2021) and used it to 

spatially interpolate the bias-corrected climate model outputs. 

We acquired daily outputs of 17 and 10 GCMs from CMIP5 and CMIP6, respectively, for the 

same variables mentioned for the AZMET stations. Climate model outputs and observed data of WS were 

converted to 2 m above ground based on Brown (2005). Table 3 reports, for each model, acronym, 

climate center, and grid horizontal spacing ranging from about 0.70° to 3.75°. We obtained outputs for the 

historical experiment and for future scenarios of moderate and intense warming, including RCP4.5 and 

RCP8.5 for CMIP5 (with RCP being the Representative Concentration Pathway; Van Vuuren et al., 

2011), and the equivalent SSP2-4.5 and SSP5-8.5 for CMIP6 (with SSP being the Shared Socioeconomic 

Pathway; O’Neill et al., 2016). The historical experiment spans the period from 1950 to 2005 (2014) for 

CMIP5 (CMIP6), while the future scenarios range from 2006 (2015) to 2099 for CMIP5 (CMIP6). We 

acquired ensemble “r1i1p1” (“r1i1p1f1”) for CMIP5 (CMIP6) for the climate variables, along with 

elevation grids required to apply the spatial interpolation routines. All outputs were downloaded from the 

Earth System Grid Federation (ESGF) repositories. 

 
Irrigation 

District 

(ID) 

Cultivated 

area  

(km2) 

Main crops (% total) Elevation 

(m) 

Water Portfolio (%) 

CAP  Ground 

water 

Reclaimed 

Water 

Surface 

Water 

Adaman 4.56 Alfalfa 30.5 335.6 0.0 61.5 0.0 38.5 

Potatoes 11.1 

Corn 7.6 

Arlington 16.41 Alfalfa 73.7 236.6 0.0 14.4 0.0 85.6 

Sorghum 6.4 

Other Hay/Non 

Alfalfa 

4.9 

Buckeye 69.05 Alfalfa 74.5 260.4 0.0 24.0 0.0 76.0 

Barley 6.3 

Cotton 5.0 

Maricopa 

Water 

District 

33.00 Alfalfa 27.6 361.3 26.5 37.2 0.0 36.3 

Corn 12.5 

Carrots 8.4 

New Magma 71.89 Alfalfa 59.4 464.4 96.7 3.2 0.0 0.0 

Cotton 18.7 

Corn 5.1 

Peninsula 1.84 Alfalfa 81.7 303.6 0.0 21.5 0.0 78.5 
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Corn 4.7 

Cotton 4.2 

Queen 

Creek 

28.68 Alfalfa 46.5 431.2 87.5 12.5 0.0 0.0 

Cotton 20.2 

Corn 14.3 

Roosevelt 

Irrigation 

District 

100.38 Alfalfa 49.0 289.3 2.3 93.8 1.1 2.8 

Cotton 20.1 

Durum Wheat 11.3 

Roosevelt 

Water 

Conservatio

n District 

33.71 Alfalfa 69.7 392.7 75.0 12.3 1.6 11.1 

Corn 16.9 

Winter Wheat 2.5 

Saint Johns 4.67 Alfalfa 74.9 287.0 0.1 66.3 0.0 33.5 

Cotton 6.5 

Other Hay/Non 

Alfalfa 

5.1 

Salt River 

Valley 

71.54 Alfalfa 64.8 350.7 0.1 33.5 0.1 66.3 

Cotton 12.1 

Corn 7.4 

Tonopah 13.61 Alfalfa 47.5 351.1 67.3 32.7 0.0 0.0 

Corn 19.9 

Cotton 15.6 

Table 1. The 12 irrigation districts (IDs) consuming 90% of irrigation water in the Phoenix AMA. For 

each ID, name, mean cultivated area and three main crops in 2008–2018, mean elevation, and water 

portfolio are reported. 

 

Station 

Name 
Abbreviation Latitude Longitude 

Elevation 

(m MSL) 

Available 

period 

Purpose 

of use 

Citrus Farm 

/ Waddell 
WAD 33.62 -112.46 406.0 1988-2009 1 

Phoenix 

Greenway 
PXG 33.62 -112.11 403.0 1988-2019 1 

Phoenix 

Encanto 
PXE 33.48 -112.10 334.0 1989-2019 1, 2 

Queen 

Creek 
QC 33.19 -111.53 462.0 1996-2019 1, 2 

Buckeye BUC 33.41 -112.68 301.0 1999-2019 1, 2 

Mesa MES 33.39 -111.87 368.0 2004-2019 2 

Table 2. AZMET stations used in this study, including abbreviation, location, elevation, and available 

period of observed records. Purpose of use 1 is to assess performance and bias correct climate model 

outputs. Purpose of use 2 is to apply WEAP-MABIA with observed data. 

 

 
Model Name Modeling Center 

Latitude grid 

spacing (degrees) 

Longitude grid 

spacing (degrees) 

CMIP5 

ACCESS1-0 
CSIRO-BOM 

1.250 1.875 

ACCESS1-3 1.250 1.875 

CanESM2 CCCma 2.789 2.813 

CNRM-CM5 CNRM-CERFACS 1.400 1.406 

CSIRO-Mk3.6.0 CSIRO-QCCCE 1.865 1.875 
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GFDL-CM3 

NOAA GFDL 

2.000 2.500 

GFDL-ESM2G 2.011 2.500 

GFDL-ESM2M 2.011 2.500 

HadGEM2-CC 
MOHC 

1.250 1.875 

HadGEM2-ES 1.250 1.875 

IPSL-CM5B-LR 

IPSL 

1.895 3.750 

IPSL-CM5A-LR 1.895 3.750 

IPSL-CM5A-MR 1.268 2.500 

MIROC5 

MIROC 

1.400 1.406 

MIROC-ESM 2.789 2.813 

MIROC-ESM-CHEM 2.789 2.813 

MRI-CGCM3 MRI 1.121 1.125 

CMIP6 

ACCESS-CM2 CSIRO-ARCCSS 1.250 1.875 

CanESM5 CCCma 2.789 2.813 

EC-Earth3 EC-EARTH 0.702 0.703 

GFDL-CM4 NOAA GFDL 1.000 1.250 

INM-CM4-8 
INM 

1.500 2.000 

INM-CM5-0 1.500 2.000 

IPSL-CM6A-LR IPSL 1.268 2.500 

MPI-ESM1-2-HR 
MPI-M 

0.935 0.938 

MPI-ESM1-2-LR 1.865 1.875 

MRI-ESM2-0 MRI 1.121 1.125 

Table 3. GCMs used in the study. 

 

 
Figure 3. Schematic of the approach adopted to simulate the impact of climate change on crop production 

in the Phoenix AMA.  

4. Methodology 

Our methodological framework is summarized in the diagram of Fig. 3. We used WEAP-MABIA 

to simulate crop water demand and production in the study region. We first calibrated the model using 

observed inputs and, in parallel, we evaluated the GCMs ability to reproduce the climatology of all 

aforementioned climate variables observed by the AZMET stations. We then applied bias correction and 
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bias correction and spatial interpolation 

of GCM outputs

Full network
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WEAP-MABIA simulations with 
GCM outputs

WEAP-MABIA 
calibration against 

observed water 
allocations and crop 

production

Historical 
simulations

Future 
projections

Model 

testing

Quantification of impacts 
of climate change and 

water shortages on crop 
production 
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spatial interpolation techniques to generate daily spatial maps at 500-m resolution for each variable in the 

historical and future periods. These fields were used to apply WEAP-MABIA first in the historical period 

to assess whether the use of bias-corrected GCM outputs allows capturing observed mean annual water 

allocations and crop production. After this was verified, we forced the calibrated WEAP-MABIA model 

with GCM future projections to explore the impact of climate change on crop production.  

4.1 Brief description of WEAP-MABIA and its setup in the Phoenix AMA 

4.1.1. Model description 
WEAP is a water resource management model that simulates water fluxes in a network of supply 

sources and demand nodes connected by transmission links (Yates et al., 2005). This is done through an 

optimization routine constrained by mass balance, demand priorities, supply preferences, and 

infrastructure (e.g., canals, reservoirs) size and operating rules. Time-varying water supply fluxes from 

rivers and reservoirs are prescribed through time series or calculated internally by applying a rainfall-

runoff model and reservoir management schemes. Aquifer physical properties are assigned to control 

groundwater extraction. Water demands are specified through external time series or computed as a 

function of annual activity levels (e.g., population) and water use rates (e.g., per-capita water demand), 

which are then distributed monthly based on prescribed fractions of the annual totals. WEAP outputs 

several variables quantifying fluxes and storages in all elements of the network.  

To quantify the agricultural water demand, an alternative option is the use of the embedded 

MABIA module (Jabloun and Sahli, 2012), which also allows estimating crop yield. In the WEAP 

network, different agricultural demand nodes could be defined with a related crop portfolio. In each of 

these nodes, MABIA calculates the root-zone soil water balance at daily time scale, where the fluxes 

include effective precipitation, surface runoff, irrigation, actual crop evapotranspiration (ETa), capillary 

rise from the groundwater table (if existing), and deep percolation. To estimate each term, it is necessary 

to provide daily climate variables as input, and assign soil and crop properties. Of particular importance is 

the estimation of ETa as 𝐸𝑇𝑎 = 𝐾𝑎𝑐𝑡 ∙ 𝐸𝑇𝑟𝑒𝑓, where ETref is the reference evapotranspiration and Kact is 

the actual crop coefficient. Time series of ETref are either provided as external forcings or calculated 

internally with the Penman-Monteith equation (Allen et al., 1998) using input climate variables. Estimates 

of ETa are used to derive the crop yield as a function of crop-dependent parameters. Built-in libraries are 

available with crop parameters for hundreds of crops (Doorenbos and Kassam, 1979) and soil parameters 

for the main texture classes. Another important term of the root-zone soil water balance is irrigation, 

which is controlled by the irrigation efficiency, i.e., the fraction of the supplied water than can effectively 

reach the crop and be available for evapotranspiration (WEAP, 2020). This parameter varies among 

different irrigation types (Brouwer et al., 1989). MABIA does not account for the effect of CO2 in the 

estimation of crop yield. Additional details on MABIA and its integration with WEAP are provided in the 

Supplementary Material, along with relevant references of model applications.  

4.1.2 Model setup with observed data and verification with historical climate simulations 

We delineated the water demand and supply network of the Phoenix AMA in the WEAP platform 

based on the configuration of Guan et al. (2020). In that study, the network consisted of four supply 

sources, including CAP, SRP, groundwater, and reclaimed water; and six demand nodes, including 

municipal, agricultural, Native American, industrial, power plants, and riparian. Here, as shown in Fig. 

4a, we expanded the configuration of Guan et al. (2020) by disaggregating the agricultural demand node 

into 12 nodes representing the IDs of Table 1. Each ID was linked to specific water sources based on the 

corresponding water portfolio and the capacity of the transmission links was limited by the maximum 

percent of demand that can be satisfied by a given source, as reported in Table 1. We used the cropping 

patterns from USDA (2021c) to identify 11 crops accounting for nearly 98% of the cropland area of all 12 

IDs over the period 2008–2018. These include alfalfa, barley, cotton, durum wheat, corn, sorghum, 

potato, sugarbeets, winter wheat, other (not alfalfa) hay, and vegetable and fruits (accounting for several 

crops combined in a single category). In each ID, we implemented all 11 crops and assigned the 

corresponding percentage of the total area, which could be zero when a crop was not cultivated in a given 
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year. For each crop, we derived the parameters needed to solve the water balance and estimate yield from 

the MABIA crop library. We specified the soil parameters in each ID by extracting the main soil texture 

from USDA (2021d) and obtaining the associated soil parameters from the MABIA soil library. We then 

provided daily P, RHmin, WS, and ETref (calculated as described in Brown (2005)) from the closest 

AZMET stations (Table 2) as inputs for the computation of the water balance in each ID. 

 

 
Figure 4. WEAP-MABIA model configurations in the Phoenix AMA with (a) full and (b) simplified 

networks. 

 

For the other demand sectors, we obtained the annual demands from ADWR (2021a), similar to 

Guan et al. (2020). We then disaggregated the municipal (industrial and power plant) demand to monthly 

scale using mean monthly variations of residential (non-residential) water use reported by the City of 

Phoenix Water Service Department (2011). Due to lack of information, we assumed constant monthly 

demand for the Native American sector, which only accounts for 11.9% of the total annual demand. We 

prescribed water inflows from SRP and CAP from 2008 to 2018 using the same data sources and 

approach described in Guan et al. (2020; their Section 3.3 and Supporting Information), and further 

increased the temporal resolution to monthly using data from SRP (2021) and CAP (2021), respectively. 

We calibrated WEAP-MABIA using observed climate data in the period 2008–2018 as inputs. We started 

from an irrigation efficiency of 0.6 at all IDs as suggested by FAO (Brouwer et al., 1989) for furrow 

irrigation, which is the most common practice in the region, and changed this value to 0.65 to match 

estimates of water use from ADWR (2021a) and crop production from USDA (2021a).  

4.1.3 Model setup and simulations under future climate projections 

To investigate the impacts of climate change, we applied WEAP-MABIA with a simplified 

network configuration containing the 12 IDs as demand nodes and a single water supply node combining 

all sources (Fig. 4b). This network was designed to quantify the impacts on crop production due solely to 

future changes in climate variables and prescribed reductions of water allocations for irrigation, without 

making subjective assumptions on future trends of water demand from the other sectors and supply 

sources that are out of the scope of this paper. The model was set up and parameterized using information 

from the calibrated model of Fig. 4a. For each ID: (1) the maximum capacity of the transmission link with 

the general water source was set equal to the mean total water allocations from all sources simulated by 

the calibrated model in 2008–2018; this capacity was varied each month and reduced for simulations with 

prescribed irrigation water shortages; (2) a constant area was assumed for each crop type, computed as the 

mean area across 2008–2018; and (3) the same parameters for MABIA, including irrigation efficiency, 
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were adopted from the calibrated model. For the general water source, while we did not assume any 

limitation in water availability, this was implicitly introduced by fixing the maximum capacities of the 

transmission links with the IDs. Simulations were conducted by forcing MABIA with bias corrected 

GCM outputs for the historical period and future projections. We tested the reliability of this simplified 

configuration by comparing the mean observed annual water allocations and crop production with 

simulations under historical climate model forcings. 

4.2 Performance evaluation, bias correction, and spatial interpolation of climate models 

We first evaluated the GCMs’ ability to capture the monthly climatologies of all variables, as 

observed by five AZMET stations with more than 20 years of records (Table 2). For each station and 

GCM, we found the co-located climate model pixel and calculated time series of monthly mean (or total 

for P) values for each variable. This was done for the same number of years used to derive the temporal 

means from the AZMET records. Since the AZMET records extend beyond the end of the GCM historical 

simulations, we selected the closest period with the same number of years. For example, for the PXE 

station, observations are available from 1989-2019; we then processed GCM outputs from the closest 

period of 31 years from 1975 to 2005 (1984 to 2014) for CMIP5 (CMIP6). We quantified differences 

between observed and simulated time series by computing correlation coefficient (CC), normalized root-

mean-square difference (CRMSD, as defined in Equation 1), and temporal standard deviation (STD) – 

which were used in the Taylor diagram (Taylor, 2001) – and bias (B, as defined in Equation 2). We then 

ranked the climate models based on their performances in reproducing the seasonality of both individual 

and all climate variables, by using the dimensionless relative error metric of Deidda et al. (2013) that 

combines CRMSD, STD, and CC.  

𝐶𝑅𝑀𝑆𝐷 = {
1

12
∑ [(𝑥𝑆𝐼𝑀,𝑚 − 𝑥̅𝑆𝐼𝑀) − (𝑥𝑅𝐸𝐹,𝑚 − 𝑥̅𝑅𝐸𝐹)]

212
𝑚=1 }

1/2
    (1) 

𝐵 = 𝑥𝑆𝐼𝑀,𝑚– 𝑥𝑅𝐸𝐹,𝑚          (2) 

where 𝑥𝑆𝐼𝑀,𝑚 and 𝑥𝑅𝐸𝐹,𝑚 are the climatological means of a given variable x simulated by a GCM and 

provided by a reference dataset (here, an AZMET weather station), respectively, in month m = 1, …, 12; 

and 𝑥̅𝑆𝐼𝑀 (𝑥̅𝑅𝐸𝐹) is the mean value of 𝑥𝑆𝐼𝑀,𝑚 (𝑥𝑅𝐸𝐹,𝑚). The standard deviation (STD) across the 12 

months is calculated for 𝑥𝑆𝐼𝑀,𝑚 (STDSIM) and 𝑥𝑅𝐸𝐹,𝑚 (STDREF). We used the normalized Taylor diagram, 

where STDREF and STDSIM are divided by STDREF. 

We bias corrected daily GCM outputs using each of the five selected AZMET stations as 

reference. Previous studies (e.g., Teutschbein and Seibert, 2012) suggested that techniques based on 

quantile mapping (Boé et al., 2007) allow correcting a larger number of statistical properties of the 

variables compared to simpler methods, such as linear scaling, variance scaling, and delta change. We 

then tested first parametric quantile mapping methods, by evaluating the goodness-of-fit via the Lilliefors 

test of several distributions (e.g., Gaussian, gamma, and beta) to capture the quasi symmetric (Tmean, Tmin, 

and Tmax), positively (P, WS) and negatively (SR) skewed, and bounded (RHmean and RHmin) empirical 

distributions of the climate variables. Unfortunately, we did not find any adequate distribution for all 

variables except for P. For this variable, we adopted the parametric method of Mamalakis et al. (2017). 

For the other variables, we considered the quantile mapping bias correction based on the empirical 

distributions. This technique has the drawback that assumptions should be made on the frequency of 

future values located outside of the interval of the distribution of the historical simulations. This happens 

only on less than 5% of the cases for RHmean, RHmin, WS, and SR, so that the empirical quantile mapping 

was used for these variables. For Tmean, Tmin, and Tmax, the number of future values outside of the 

historical simulations’ range is larger and the alternative variance scaling method proposed by Chen et al. 

(2011) was used. The bias correction of all variables except P was applied month by month. For P, it was 

performed for winter (November–March), spring (April–June), and each of the summer monsoon months 

(July–October) to retain a sufficient number of nonzero precipitation values. 

After bias correcting the GCM outputs at the five locations of the AZMET stations, we spatially 

interpolated the variables in a 500-m grid covering the Phoenix AMA. For all variables except P, we 

applied the techniques of Liston and Elder (2006) that are based on the Barnes objective analysis scheme 
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(Barnes, 1994; Koch et al., 1983) and terrain information. We generated terrain, slope, and curvature 

grids at 500‐m resolution using the DEM from USGS (2021) and used elevation to interpolate Tmean, Tmin, 

Tmax, RHmean, RHmin; slope for SR; and slope and curvature for WS. We tested the performance of the 

interpolation method through leave-one-out cross validation, namely: (i) we left out one of the stations 

and applied the method using the remaining four stations; (ii) we compared interpolated and observed 

time series of all variables at the left-out station; and (iii) we repeated (i)-(ii) for all stations. The 

comparison was done by computing relative root mean square error (RRMSE), CC, and relative bias (RB) 

(RRMSE and RB are defined in Equation 3 and 4). For P, we applied the nearest neighbor interpolation 

method. Once the 500-m daily grids were generated for the historical and future periods, the spatial means 

of all variables were extracted in each ID and used as climatic inputs for WEAP-MABIA.  

𝑅𝑀𝑆𝐸 =
√

1

12
∑ (𝑥𝑆𝐼𝑀,𝑚−𝑥𝑅𝐸𝐹,𝑚)

212
𝑚=1

1

12
∑ 𝑥𝑅𝐸𝐹,𝑚
12
𝑚=1

× 100       (3) 

𝑅𝐵 =
1

12
∑ (𝑥𝑆𝐼𝑀,𝑚−𝑥𝑅𝐸𝐹,𝑚)
12
𝑚=1

1

12
∑ 𝑥𝑅𝐸𝐹,𝑚
12
𝑚=1

× 100       (4) 

where 𝑥𝑆𝐼𝑀,𝑚 and 𝑥𝑅𝐸𝐹,𝑚 are the climatological means of a given variable x simulated by the spatial 

interpolation method and provided by a reference dataset at one left-out AZMET station in month m = 

1, …, 12, respectively. 

5. Results  

We first present results of climate model performance evaluation and bias correction, and then 

illustrate the outcomes of the simulations with WEAP-MABIA. 

5.1 Climate model performance in the historical period 

GCM performances are summarized in Figs. 5 and 6, which present the normalized temporal 

Taylor diagram and the monthly bias, respectively, for representative variables using one of the AZMET 

stations as reference (results for other variables are shown in Fig. S1, while they are not reported for other 

reference stations because they are conceptually similar). We first note that all models have very good 

ability to capture amplitude and phasing of the annual cycle for Tmean and SR (see Taylor diagrams of Fig. 

S1). This capability is still fairly good for RHmean (CC > 0.6; Figs. 5a,b), although the variability tends to 

be larger (STD up to 2.1 times the observation). The GCMs have less skill at capturing the seasonality of 

P (CC mainly between 0.20 and 0.60; Figs. 5c,d), which is simulated with larger amplitudes and errors 

(STD and CRMSD up to 4 times the observed STD). The models represent the seasonality of WS with a 

large range of accuracy (-0.83 ≤ CC≤ 0.98; Figs. 5e,f), but all capture the amplitude relatively well (STD 

and CRMSD up to 2.6 times the observed STD). 

Turning now our attention to the bias (B), Fig. 6 shows that most GCMs underestimate Tmean with 

negative B up to -9.6 °C, while the opposite is true for SR, especially in summer when B reaches +4.2 

MJ/m2. RHmean exhibits seasonal B, with positive values in winter (up to 32%) and negative in summer 

(up to -22%). These trends are similar for P, given the relation between these two variables, with B being 

as high as +3.2 mm/day (as low as 0.9 mm/day) in winter (summer). The models from GFDL and IPSL 

centers have positive B for RHmean and P also in late summer and fall. Finally, WS is largely 

overestimated by the GCMs, especially during the winter season when B reaches +3.2 m/s.  

5.2 Bias correction and spatial interpolation of GCM outputs 

Examples of results of the selected bias correction methods are shown in Fig. 7, where quantile-

quantile (Q-Q) plots are presented between observed and simulated empirical distributions of 

representative variables for the CanESM2 model, chosen as example. The observed distribution is 

perfectly captured for WS and RHmean when using the nonparametric bias correction, and quite well 

reproduced for P (including the largest quantiles) through the parametric method of Mamalakis et al. 

(2017). The simpler variance scale bias correction method allows also representing well the observed 

distribution of Tmean, although with a slight overestimation of the lower quantiles. Results are substantially 

similar for other variables, months, and models. 
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Figure 5. Normalized temporal Taylor diagram for (a)-(b) RH, (c)-(d) P and (e)-(f) WS computed using 

PXE station as reference. Top (bottom) panels are referred to CMIP5 (CMIP6) models. In the Taylor 

diagrams, the black circle is the observed value where the normalized STD = 1, the radial distance from 

the black circle is the normalized CRMSD, the azimuth and the radial distance from the origin are CC and 

normalized STD, respectively. In the legend, GCMs are displayed with the same color if belonging to the 

same modeling center. 

 

As a next step, we interpolated the bias corrected variables at the five weather stations (Table 2) 

into a 500-m resolution grid following Liston and Elder (2006). This was done for all variables except for 

P. Fig. 8 shows examples of this process for Tmean and WS in one day, including the original variables in 

the coarse grid of one of the GCMs; high-resolution terrain features used for the spatial interpolation; and 

bias corrected variables in the high-resolution grid. The overall bias correction and spatial interpolation 

procedure was tested through leave-one-out cross validation. Results are summarized in Figs. 9a-c 

through heat maps of metrics quantifying the ability to capture the monthly climatology of the left-out 

station. The method works quite well for all variables and locations (averaged CC ~ 1.00, RRMSE = 

5.0%, and RB = -0.05%), with the exception of WS at BUC, QC, and WAD stations (lowest CC = 0.64; 

largest RRMSE = 44.3% and RB = -43.0%). The simulated and observed monthly climatologies for three 

representative variables and sites are presented in Figs. 9d-f for reference. 

5.3 Simulation of crop production and irrigation requirements in the historical period 

Performances of the calibrated WEAP-MABIA model applied with the full network of Fig. 4a 

and observed climate forcings are summarized in Fig. 10. The model simulates quite well the annual 

water allocations from the different sources to the agricultural and all other demand sectors estimated by 

ADWR (Figs. 10a-d), as well as the production of the main crops obtained from USDA (Figs. 10e-h). The 

calibrated model was then applied with bias corrected and spatially interpolated GCM outputs in the 

historical period with the simplified configuration of Fig. 4b. To evaluate performances, we computed the 

ratio between simulated and observed climatological means of annual water allocations to all IDs and of 

crop production. As shown in Fig. 11, simulations with all GCMs capture remarkably well water 

allocations to all IDs, as shown by the ratio (labeled relative mean) being practically 1 in all cases. The 

mean crop production is also reproduced well, especially for alfalfa (the crop with the largest production). 

For some crops, production is moderately overestimated (barley) or underestimated (cotton and durum  



 13 

 
Figure 6. Monthly bias (B) for Tmean, SR, RHmean, P and WS computed using PXE station as reference. 

Left (right) panels show results for CMIP5 (CMIP6) GCMs. The legend is reported in Fig. 5. 

 

wheat). This outcome is not due to errors in climate forcings but to the assumption made for the 

simplified configuration of a constant cultivated area (equal to the temporal mean), which instead 

fluctuated in 2008-2018 for these crops. Such explanation is confirmed by the fact that simulations with 

observed climate data from AZMET are always consistent with results for the GCMs. Overall, these 

findings indicate that our framework combining bias corrected GCMs and WEAP-MABIA allows historic 

crop production and irrigation requirements to be reliable simulated in the study region, thus providing 

confidence on its use under future forcings. 

5.4 Future projections of climate variables and crop production 

We first present changes of the main climate variables in the two future scenarios, evaluated as 

anomalies of bias corrected values relative to the mean over the last 11 years of the historical simulation 

(1995-2005 for CMIP5; 2004-2014 for CMIP6). This reference period was selected to be as consistent as 

possible with duration and time period of the calibrated crop simulations. To characterize the uncertainty 

across the climate models, we used the method of Sanderson et al. (2017) to compute ensemble mean and 

90% confidence intervals (CIs) as weighted averages accounting for (i) potential interdependencies across 

GCMs due to similarities in model parameterizations, and (ii) GCMs’ skills in simulating local 

climatological characteristics. Fig. 12 shows the 11-year moving average of the anomalies spatially 

averaged over the Phoenix AMA, along with the 90% CI across climate models. We first note that, for all 

variables, the uncertainty quantified through the width of the 90% CIs increases with time. GCMs predict 

very little variations of annual P in both future scenarios. Tmean is projected to steadily increase by an 

ensemble mean of nearly 2.7 ºC (5.4 ºC) by the end of the century for RCP45 and SSP245 (RCP85 and 

SSP585) scenarios. RHmean is instead predicted to decline by 2.7% to 3.6%, particularly under the intense 

warming scenarios, as also found in previous studies that ascribed this outcome to the possible effect of 
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faster warming on land compared with the oceans (O’Gorman and Muller, 2010; Sherwood and Fu, 2014; 

Simmons et al., 2010). WS and SR do not show a significant difference between historical and future 

periods, with the exception of a slight decrease of SR (about -0.2 MJ/m2 or -1%) projected after 2080 for 

the RCP85 and SSP585 scenarios. Such a change could be due to the combined effect of aerosol loading,  

 

 
Figure 7. Q-Q plot between (i) the observed distributions of daily Tmean, WS, and RHmean in January and P 

in winter (November-March) at the PXE station, and (ii) the original and bias corrected distributions of 

historical simulations with CanESM2 in the co-located pixel. 

 
Figure 8. Example of spatial interpolation of Tmean and WS for ACCESS-CM2 on 07/31/2014. (a)-(b) 

Original climate model simulations. (c)-(d) 500-m digital elevation model (DEM) and derived aspect, 

respectively. (e)-(f) Bias-corrected and spatially interpolated variables. The black line is the boundary of 

the Phoenix AMA, while the stars are the AZMET weather stations used for the spatial interpolation. 
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Figure 9. Heat maps of (a) CC, (b) RRMSE, and (c) RB quantifying the ability to simulate the monthly 

climatology of all variables except P under the leave-one-out cross validation (left out station showing on 

x-axis) of the spatial interpolation method of Liston and Elder (2006). (d)-(f) Climatological monthly 

means simulated in the leave-one-out verification and observed at the left-out station for selected 

variables and stations. 

 
Figure 10. Performance of the calibrated WEAP-MABIA model with the full network and observed 

climate forcings. (a)-(d) Simulations and estimates from ADWR of annual water allocations from SRP, 

CAP, groundwater (GW) and reclaimed water (RW) to agricultural and all other demand sectors 
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(municipal, industrial, power plant and Native American). (e)-(h) Simulations and estimates from USDA 

of productions of alfalfa hay, barley, cotton, and durum wheat. 

 
Figure 11. Performance of the calibrated WEAP-MABIA model with the simplified network and forcings 

from bias corrected GCM outputs in the historical period (legend reported in Fig. 5). Performances are 

evaluated via the ratio between climatological means of simulations with forcings from each GCM and 

estimates from ADWR (USDA) for annual water allocations to the IDs (production of alfalfa hay, barley, 

cotton, and durum wheat). To investigate the effect of variable cultivated area, simulations with the 

simplified network were also performed under observed forcings at the AZMET stations. 

 

atmospheric humidity content, and cloud radiative forcing (Ruosteenoja et al., 2019; Wild et al., 2015). 

Finally, the annual ETref is projected to increase by 125 mm (210 mm) for RCP45 and SSP245 (RCP85 

and SSP585) scenarios. This rise is largely driven by increasing temperature, while changes of ETref due 

to variations of other climate variables play a minor role. 

Fig. 13 summarizes changes in crop production simulated with the simplified WEAP-MABIA 

network configuration of Fig. 4b under the assumption of no water shortage. The production of all 11 

crops combined is projected to decrease differently in the two scenarios (Figs. 13a,b). Under moderate 

warming, the rate of decrease is higher up to 2060 and reduced afterwards. Differences between the 

declining rates before and after 2060 are larger for RCP45 than SSP245, as shown in Fig. 13c for each 

crop. Conversely, under both intense warming scenarios, the decline rate is relatively constant throughout 

the simulation period (from -4.8 to -1.3%) and higher by ~2% per decade compared to results before 2060 

in the moderate warming scenarios. The uncertainty of the projections increases with time and is larger 

for the intense warming scenarios. Changes in crop production under the irrigation water shortages of the 

Colorado River Drought Contingency Plan (USBR, 2021) are presented in Fig. 14. The water cuts for the 

IDs in the Phoenix AMA were estimated by linearly scaling the total volumes prescribed for Arizona 

under five tiers. WEAP-MABIA was then applied with the simplified network under each tier using 

climate forcings from the MPI-ESM1-2-HR GCM, whose outputs are closer to the ensemble mean. The 

reduction due solely to climate change is more than doubled in tier 0 and keeps increasing in a linear 

fashion at a rate of about -1.8% every 1% of water shortage.  

6. Discussion 

6.1 Performance of CMIP5 and CMIP6 models 

Our analyses assessed the ability of CMIP5 and CMIP6 GCMs to simulate climate variables 

needed to apply crop models in the desert southwestern U.S. As such, this work complements previous 

studies focused on P and temperature simulated by CMIP5 models in large domains of U.S. (Sheffield et 

al., 2013), including southwestern U.S. (Langford et al., 2014) and the Colorado River basin (Gautam and 

Mascaro, 2018). Furthermore, it provides one of the first assessments of CMIP6 models historical 

simulations in the region. We found that GCMs simulate quite well the seasonality of temperature but are 

negatively biased (up to -9.6 ºC; Fig. 6). This finding is in disagreement with Sheffield et al. (2013) who 

reported a small positive mean bias of nearly +2 ºC in the larger West North American domain, but it is 

consistent with Gautam and Mascaro (2018) who focused on the lower Colorado River basin that includes 
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our study region. This suggests that the choice of climate models for local impact studies should be based 

on comparisons at smaller scales. Consistent with prior studies, we found that most GCMs poorly 

represent the seasonality of P due to the simulation of a delayed and drier NAM season, while winter P is 

overestimated (Flato et al., 2013). To our knowledge, no study has evaluated performance of historical 

simulations of the other variables analyzed here in southwestern U.S. 

 

 

Figure 12. Ensemble mean and 90% CI across CMIP5 and CMIP6 GCMs of the 11-year moving average 

of the anomalies of P, Tmean, RHmean, WS, and SR, and ETref, spatially averaged in the Phoenix AMA. In 

each panel, the left axis shows the variable units and the right axis the relative change from the historical 

mean. 
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Figure 13. (a)-(b) Ensemble mean and 90% CI across simulations forced with CMIP5 and CMIP6 GCMs 

of change in production from the historic observed mean of all 11 crops combined. (c) Rate of production 

change (in % per decade) for all crops assuming linear variability. For the RCP45 than SSP245 scenarios, 

the rate is reported for the time periods before and after 2060 (labeled B and A, respectively). 

 
Figure 14. Change in crop production of all 11 crops over the entire simulation period under water 

shortages estimated from tiers 0, 1, 2, 2B, and 3 of the Colorado River drought contingency plan (USBR, 

2021). Simulations have been conducted with forcings from MPI-ESM1-2-HR of CMIP6. 

 

To support impact studies in the study region and compare performance of CMIP5 and CMIP6 

models, we ranked the GCMs based on a relative error metric quantifying the ability to simulate the 

climatology of given variables and all variables combined. Results are reported in Fig. 15 that shows that 

a large variability in performance exists in terms of which variable is targeted and, to a lower extent, 

which station is used as reference. For example, CanESM2 (IPSL-CM5A-MR) is the best for P (Tmean and 

RHmean) across all stations, while the ACCESS models simulate well WS. MIROC5 performs remarkably 

well for all variables and sites, followed by models from INM and CNRM-CM5. On the other hand, the 

MRI GCMs are the least accurate. The error metrics also reveal that there are no significant differences in 

performance among GCMs of CMIP5 and CMIP6. This result is likely region-dependent, because studies 

in Asian regions found CMIP6 models to be more accurate in the simulation of P and temperature (Lun et 

al., 2021; Zamani et al., 2020) and WS (Krishnan and Bhaskaran, 2020). 
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Figure 15. Rank of the relative error defined in Deidda et al. (2013) combining STD, CRMSD, and CC 

computed for selected climate variables and all climate variables combined using each of the five 

AZMET stations as reference. GCMs from CMIP6 are marked with an asterisk. 

6.2 Controls on changes in crop production  

Our simulations suggest that, if no water cut will occur, climate change will lead to a decrease in 

production ranging, on average, from no variation to -4.8% per decade depending on crop type and 

climate scenario (Fig. 13c). While the uncertainty across the simulations increases with time, the negative 

trend is significant and the probability of experiencing increases in production is quite low (Figs. 13a,b). 

Since GCMs do not simulate substantial variations of annual P, changes in crop production are largely 

controlled by variations of ETref and, in turn, of temperature, as it could be visually inferred by comparing 

the trends in Figs. 13a,b with those in Figs. 12c,d and 12k,l. Under moderate global warming, increases in 

temperature are projected to slow down in 2060, thus explaining the lower reductions in crop production 

simulated after this year (Fig. 13). If warming will be intense, crop production will instead decrease over 

the next century with a nearly linear rate of -5.0% per 1 ºC averaged across all crops and scenarios. The 

effect of climate change will become relatively less important if water shortages will occur, as revealed in 

Fig. 14 by the rates of decrease of the two emission scenarios becoming similar after tier 1. In other 

words, the intensity of global warming will not significantly affect reductions in crop production once 

water cuts will exceed 10% of current allocations. 

Differences in production changes across crops (Fig. 13c) are mainly controlled by the value of 

the basal crop coefficient (Kcb), which is used in MABIA in the computation of actual evapotranspiration 

(ETa) from ETref (see Section 4.1.1 and Supplementary Material). Crops with larger Kcb (e.g., other hay) 

tend to have higher ETa and, in turn, experience more severe water deficits under the same available water 

for irrigation. Since yield is linearly related with water deficit, crops with higher Kcb face higher 

reductions in yield and, then, productivity. 

Our estimates of variation in production for distinct crops are largely consistent with existing 

studies in the region in terms of sign, while they differ in terms of magnitude. Wing et al. (2015) 

evaluated the production change of major crops in U.S. through an empirical statistical model under 

different greenhouse gas emission scenarios and found that, in southwestern U.S., production of wheat 

and cotton is projected to decrease with a constant rate (rate that decreases after 2050s) for a scenario 

equivalent to RCP85 (RCP45), as found here, although with slightly smaller magnitude. On the other 

hand, these authors predicted an increase in production of corn. Differences in magnitude with our results 

can be attributed to the fact that Wing et al. (2015) accounted for the CO2 fertilization effect in their 

empirical model, which is not taken into account by MABIA. Berardy and Chester (2017) estimated yield 

variations for several crops in Arizona under different temperature changes related to climate change. 
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Consistent with our results, these authors estimated a decrease in production for all crops, but with larger 

magnitudes. These discrepancies can be explained by the fact that their model accounts for potential 

interruptions of irrigation due energy shortages, among other causes, while we assumed irrigation water to 

be constantly available.  

7. Conclusions 

The main conclusions of this study are as follows: 

(1) Simulations of WEAP-MABIA under observed climate forcings capture well historical water 

allocations from supply sources to all demand sectors and crop production at the ID scale in the 

Phoenix AMA. 

(2) GCM outputs reproduce very well amplitude and phasing of the annual cycle of Tmean (SR) although 

with a mean negative (positive) bias. This capability degrades gradually for RHmean, P, and WS. In 

particular, GCMs simulate a delayed and drier NAM and wetter winter P. While the relative ability of 

the GCMs depend on the targeted variable, MIROC5 and models from INM and CNRM-CM5 

perform particularly well in this region. No significant differences in performance emerge among 

GCMs of CMIP5 and CMIP6. 

(3) The parametric quantile mapping bias correction method of Mamalakis et al. (2017) was found to 

perform well for P, the variance scaling of Chen et al. (2011) for temperature, and the nonparametric 

quantile mapping for all other variables. The combination of these bias correction techniques with a 

spatial interpolation accounting for terrain properties applied to historical GCM outputs allowed 

reproducing quite well the historical climatology of all variables at five weather stations. The use of 

these bias corrected climate forcings as input for WEAP-MABIA, in turn, permitted capturing the 

observed mean water allocations to the agricultural sector and of crop production in the study region. 

(4) In the Phoenix AMA, the ensemble mean of the GCMs projects Tmean (RHmean) to increase (decrease) 

in 2100 by 2.7 ºC and 5.4 ºC (2.7% and 3.6%) for the moderate and intense warming scenarios, 

respectively. Changes in Tmean will lead to a rise in ETref by 125 mm and 210 mm by the end of the 

century in the two scenarios. P, WS and SR are not expected to change significantly. For all variables, 

the uncertainty across the GCMs increases with time.  

(5) Changes in climate variables under the assumption of no water shortages will lead to reductions in 

crop production with rates that, under moderate warming scenarios, are higher up to 2060 and 

reduced afterwards, while they stay constant through 2100 under intense warming scenarios. The 

rates of change range, on average, from negligible values for fruits and vegetables to -4.8% per 

decade for other hay; the declines under intense warming are more significant (~2% higher) and with 

larger uncertainty compared to those under moderate warming. Changes in crop productivity are 

largely driven by increases in ETref and, in turn, of temperature. 

(6) As expected, irrigation water shortages will lead to additional, significant reductions in crop 

production, estimated in -1.8% every 1% of water cuts. The effect of climate change on crop 

production is expected to become less important if water shortages will exceed 10% of current 

allocations, which could occur under the recently approved Colorado River Drought Contingency 

Plan. 
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