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Abstract 21 
Climate variability is an important driver of irrigation water use in many regions. Efforts to 22 
anticipate climate change impacts on future water availability can benefit from understanding 23 
how irrigation water demand has responded to these drivers to date. Here we apply satellite-24 
derived data, meteorological reanalysis, an advanced land surface model, and available state-25 
level reports to quantify irrigation demand sensitivities to temperature and precipitation across 26 
the Contiguous United States, for the period of 2002-2017. As expected, strong negative 27 
correlations are found between precipitation and irrigation withdrawals, both simulated and 28 
reported. Temperature sensitivities, however, vary by region and season, as do the interactive 29 
effects of temperature and precipitation on irrigation. Climate-induced irrigation variability is 30 
largest in transitional climate zones. These transitional zones are generally separate from the 31 
regions where rates of irrigation withdrawals are greatest, such that climate-induced variability in 32 
irrigation demand represents a water resource consideration that is distinct from chronic over-33 
pumping. 34 

1. Introduction 35 
In the United States, irrigation accounts for ~40% of total freshwater withdrawal and 36 

more than 60% of total freshwater consumption [Dieter, 2018]. Approximately 60% of irrigated 37 
areas are supplied by groundwater resources [Siebert et al., 2010; Scanlon et al., 2012]. In recent 38 
decades, there has been dramatic groundwater depletion in the southern High Plains and 39 
California Central Valley, as observed by both ground-based measurements and Gravity 40 
Recovery and Climate Experiment (GRACE) satellite data [Russo and Lall, 2017; Rodell et al., 41 
2018]. In these regions, intensive abstraction at the rates currently practiced cannot be balanced 42 
by groundwater recharge and could be further intensified under droughts due to surface water 43 
shrinkage [Zou et al., 2018]. Over-pumping of groundwater also induces secondary effects, such 44 
as land subsidence due to compaction in the subsurface aquifer system [Liu et al., 2019] and 45 
aquifer contamination [Jasechko et al., 2017]. Even in more humid regions, water withdrawals 46 
for irrigation have impacts on surface water availability and water quality [Baker et al., 2012]. 47 

Irrigation applications, and associated groundwater extractions, are inextricably linked to 48 
climate variability. Irrigation demand is affected by precipitation, temperature, and other 49 
meteorological variables, such that total pumping for irrigation can vary as a function of climate 50 
conditions in many regions—climate-induced pumping [Russo and Lall, 2017]. While a scarcity 51 
of fresh water resources has already emerged in many parts of the world under current climate 52 
conditions, climate change may pose an additional threat to water security should warming 53 
and/or a shift in precipitation patterns ever lead to changes in water supply [Schewe et al., 2014]. 54 
Climate-induced pumping might exacerbate these water shortages. Additionally, the tendency of 55 
an irrigated region to increase water use in response to precipitation shortage or elevated 56 
temperatures is an indicator of the sensitivity of that region’s irrigated agriculture to climate 57 
variability. Therefore, understanding the impact that climate variability has on irrigation water 58 
use is important when assessing the vulnerability of irrigation developments from a perspective 59 
of water resource depletion and of changes in water demand. This could be particularly relevant 60 
in the context of climate change, as recent work indicates that warming is expected to reduce 61 
groundwater storage in natural systems that are not already water-limited on account of increased 62 
evapotranspiration [Condon et al., 2020].However, spatially and temporally distributed 63 
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observations of irrigation water extraction and consumption are limited, constraining the 64 
assessment of irrigation responses. 65 

One way to overcome this data gap is to simulate irrigation water use through global 66 
hydrological models (GHMs) or land surface models (LSMs) implemented with reasonable 67 
irrigation parameterizations and assumptions. Modeling efforts have been undertaken to improve 68 
the representation of human water use in these models [Nazemi and Wheater, 2015; Pokhrel et 69 
al., 2016; McDermid et al., 2017; Wada et al., 2017; Felfelani et al., 2018; Scanlon et al., 2018; 70 
de Graaf et al., 2019; Devanand et al., 2019; Yin et al., 2020; Condon et al., 2019]. Nonetheless, 71 
limitations exist in current studies, including, in different cases: 1) ignoring where the 72 
withdrawals occur [Evans and Zaitchik, 2008; Leng et al., 2013; Yilmaz et al., 2014; Lawston et 73 
al., 2015]; 2) ignoring interannual changes in irrigation land use or in source water partitioning 74 
[Wada et al., 2010; Leng et al., 2014; Pokhrel et al., 2015]; 3) ignoring the interactions between 75 
soil moisture and groundwater [Van Beek et al., 2011; Wada et al., 2014]; 4) irrigating based on 76 
a climatologically fixed growing season that does not account for management responses to 77 
extreme events such as drought [Lawston et al., 2017]; and 5) calibrating models using non-78 
physical parameters that may not provide skill in future water use projections [Döll et al., 2012; 79 
Eicker et al., 2014].  80 

We have modified an advanced land surface model to include a demand-driven irrigation 81 
scheme and source water accounting [Nie et al., 2018]. Here, we perform simulations with this 82 
modeling system that make use of multiple time-varying data sources (irrigation fraction, 83 
groundwater irrigation percentage, and greenness vegetation fraction) to estimate the timing, 84 
location, and seasonal to interannual variability of conditions relevant to irrigation water use: 1) 85 
irrigation fraction datasets updated every 5 years obtained from the Moderate Resolution 86 
Imaging Spectroradiometer (MODIS) Irrigated Agriculture Dataset for the United States 87 
(MIrAD-US) that provide the location and fraction of the irrigated area within a model grid cell; 88 
2) USGS-based groundwater irrigation percentage datasets updated every 5 years that allocate 89 
surface water and groundwater sources to irrigation demand; and 3) MODIS-Normalized 90 
Difference Vegetation Index (NDVI) based time-varying monthly greenness vegetation fraction 91 
(GVF) that represents the coverage of vegetation and is used to estimate the timing of growing 92 
seasons and the status of root depth. Using retrospective model simulations, we quantify the 93 
impacts that precipitation and temperature variability have on simulated irrigation quantity. 94 
Results are analyzed by region, growing season, and irrigation water source to understand 95 
patterns of climate sensitivity, as simulated by the model. Finally, we compare the climate 96 
sensitivity of our demand-driven irrigation simulation to climate sensitivity inferred from 97 
available state-level reports on irrigation water use.  98 

2. Data and Methods 99 

2.1 The irrigation scheme and inputs 100 
In this study, simulation was performed using the Noah-Multiparameterization Land 101 

Surface Model [Noah-MP LSM; Niu et al., 2011], version 3.6, within the framework of NASA’s 102 
Land Information System [LIS; Kumar et al., 2006]. Noah-MP contains a multilayer snowpack, 103 
four soil layers with a total soil depth of two meters and a simple groundwater scheme allowing 104 
for soil moisture-groundwater interaction and related runoff production. Surface energy fluxes 105 
are computed using resistor network theory while water movement in the soil layers is simulated 106 
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using the Richards equation. For groundwater, the temporal variation of the storage is 107 
determined by the residual of recharge rate minus discharge rate. The recharge rate is 108 
parameterized following Darcy’s law, whereas the discharge rate (base flow or subsurface 109 
runoff), along with the surface runoff are parameterized by a TOPMODEL-based scheme as 110 
exponential functions of the water table depth [Niu et al., 2007]. The water table depth is 111 
converted from the aquifer water storage scaled by the specific yield, which is set to be a global 112 
constant of 0.2 for Noah-MP. Building on the Noah LSM [Ek et al., 2003], Noah-MP advances 113 
its structure by better accounting for canopy energy balance, vegetation phenology, groundwater 114 
and snow dynamics [Yang et al., 2011], and allowing for a combination of multi-physics options 115 
such as radiative transfer and runoff schemes. A detailed description of the model and its 116 
performance can be found in Niu et al. [2011] and Yang et al. [2011]. 117 

In previous work [Nie et al., 2018], we introduced a demand-driven sprinkler irrigation 118 
scheme to Noah-MP, in which the three key rules to trigger the irrigation in this modeling 119 
framework include the irrigation location (where to irrigate), the timing (when to irrigate) and 120 
the amount (how much to irrigate). The percent irrigated area is obtained from the MODIS 121 
Irrigated Agriculture Dataset [MIrAD-US; Brown and Pervez, 2014]available for 2002, 2007, 122 
and 2012 at 250 m spatial resolution, providing the location and fraction of the irrigated area 123 
within a model grid cell. Since MIrAD-US is only updated once every five years, we use a single 124 
dataset for five years, until the next dataset becomes available; i.e., dataset of 2002 is used for 125 
2002-2006, 2007 is used for 2007-2011, and finally, 2012 for 2012-2017. The time-varying 126 
GVF, derived from monthly MODIS NDVI composites and MODIS-IGBP land cover data set at 127 
0.05° spatial resolution [Nie et al., 2018], is used to define the timing of irrigation, which begins 128 
and ends when a certain threshold within the long-term range GVF at the grid cell is exceeded. 129 
Then the scheme checks if the current root zone soil moisture availability falls below a certain 130 
threshold for each morning at 0600 LT local time, which is set to 52% of the plant-available soil 131 
water storage. The root zone depth is the product of the time-varying GVF and the maximum 132 
depth of the root zone [Ozdogan et al., 2010]. Once irrigation is triggered, the irrigation water 133 
amount is calculated as the volume required to bring the root zone soil moisture deficit up to 134 
field capacity and it is applied at every time step between 0600 to 1000 local time at a constant 135 
rate. Both the maximum root depth and field capacity are drawn from static tables as a function 136 
of crop types and soil types, respectively. This approach to simulating sprinkler irrigation in 137 
Noah-MP builds upon the work of Ozdogan et al. [2010]. 138 

For our water source partitioning scheme, we assume that irrigation water is sourced from 139 
some combination of groundwater and surface water. The ratio of groundwater to total irrigation 140 
water is derived from county-level data included in the USGS water use report 141 
(https://water.usgs.gov/watuse/data/), which are available at 5-year intervals for 2000-2015. The 142 
scheme then subtracts the groundwater irrigation amount from the model’s groundwater aquifer 143 
storage term, and the water table depth and groundwater storage are updated accordingly. We do 144 
not attempt to represent the full complexity of irrigation practices across the Contiguous United 145 
States (CONUS) in our model. Instead, in order to obtain results that can be cleanly interpreted 146 
in terms of climate sensitivity of irrigation demand, we make the following simplifying 147 
assumptions: 1) all irrigation is simulated as sprinkler irrigation for row crops; 2) water use 148 
efficiency is not considered, as we want to avoid introducing additional uncertainties to the 149 
system; 3) crop management and deficit irrigation are not directly accounted for due to limited 150 
data sources and coverage. Notwithstanding these simplifications, incorporating time-varying 151 
irrigation fractions, groundwater ratios and GVF into our simulation at their greatest available 152 
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frequency allows the model to capture some management effects, including interannual 153 
variability and trends in irrigation water use in response to short-term climate variability.  154 

The simulation is performed over CONUS at 0.125° spatial resolution at a 15 min 155 
computational time step for the period 2002-2017 after a 78-yr spin-up (twice over the period of 156 
1980-2018). Noah-MP is applied in offline mode (not coupled to an atmospheric model), and is 157 
driven by National Land Data Assimilation System-Phase 2 [NLDAS-2; Xia et al., 2012] 158 
meteorological fields, including 2-m air temperature, 2-m specific humidity, 10-m wind speed, 159 
surface pressure, precipitation, incoming shortwave and longwave radiation. The model is 160 
configured using the MODIS-IGBP land cover at 1 km, State Soil Geographic [Schwarz and 161 
Alexander, 1995] soil texture at 1 km and the Shuttle Radar Topography Mission elevation at 30 162 
m [Farr et al., 2007]. As we choose to prescribe the vegetation conditions using time-varying 163 
GVF, the model does not use the dynamic vegetations scheme within Noah-MP. Model output 164 
fields include states such as soil moisture, groundwater and surface fluxes such as latent, sensible 165 
and ground heat flux, and runoff.  166 

2.2 Assessing climate sensitivity 167 
To evaluate the realism of simulated irrigation water use, we compared the model’s 168 

annual irrigation totals with the USGS reported irrigation amount at state level. These estimates 169 
are available for 2005, 2010, and 2015. Note that the USGS reported water use for 2005 and 170 
2010 does not distinguish between consumptive and non-consumptive water uses while the 171 
report for 2015 includes both total and consumptive water use estimation, which offers a useful 172 
point of comparison for our simulated irrigation water use. While our model includes some non-173 
consumptive use—i.e., water returned via recharge to groundwater or as surface runoff— in 174 
addition to consumptive use, it does not include conveyance losses or other off-field losses and 175 
on-field application inefficiencies, part of which can account for a significant amount of non-176 
consumptive water use in real irrigation settings. The USGS consumptive use estimate in 2015, 177 
therefore, provides a useful lower bracket on water use, and we might expect our simulated 178 
irrigation demand to fall near that lower bracket. To evaluate irrigation impact on water fluxes, 179 
we compare the simulated terrestrial water storage anomalies with the GRACE-derived 180 
observations. The full record of Level 3, Version RL05, monthly gridded mascon GRACE data 181 
at 0.5°	 × 	0.5° resolution derived by National Aeronautics and Space Administration Jet 182 
Propulsion Laboratory (JPL) [Wiese et al., 2016] is used in this study. 183 

To explore the relationship between irrigation water use and short-term climate 184 
variability, we examine temporal correlations between growing season meteorological 185 
variables—seasonal precipitation (P) and 2-m air temperature (T) from NLDAS-2 —and 186 
simulated irrigation water use for all actively irrigated grid cells. Rather than using a fixed 187 
growing season period or referring to a crop calendar, we define an “effective growing season” 188 
for each grid cell. This is done by first locating the peaks in the climatologically-averaged annual 189 
cycle of monthly GVF for each grid cell, and then defining the peak month, together with one 190 
month before and after it, as an effective growing season. The peaks are detected if they are 191 
greater than a defined threshold and can survive Gaussian blurring up to scale 1. Nine major 192 
growing season types (GST) are categorized for analysis in which four are defined as the single 193 
season type (spring, summer, autumn, winter) while the remaining five are defined as the dual 194 
season type (e.g., “spring and autumn”). The spatial patterns of the GSTs for actively irrigated 195 
areas are shown in Figure S1. 196 
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We then average P, T and simulated irrigation water use in actively irrigated grids within 197 
each river basin for each GST (sub-basin hereinafter) and apply a simple multivariate linear 198 
regression model: growing season irrigation water use is the response variable, and P, T and their 199 
interaction (P*T) are the three predictor variables. We choose this simple statistical approach 200 
because we are attempting to understand general relationships rather than to optimize prediction 201 
skill. Nine major irrigated river basins are included in the analysis (Figure 1). A GST is included 202 
in the analyses for a river basin if the GST represents more than 10% of the basin area. This 203 
criterion led to identification of 16 basin-by-GST combinations. They include three single season 204 
GSTs (spring, summer and autumn) and one dual season GST (spring-autumn). The annual time 205 
series averaged over each sub-basin are normalized by subtracting the mean and dividing by 206 
standard deviation so that the regression coefficients are comparable to each other. Note that for 207 
the interaction term, we standardize P and T before multiplying them in order to reduce the 208 
structural multicollinearity caused by strong correlation between P and its interaction with T. As 209 
short-term climate influence on irrigation demand may largely vary by basin, the inclusion of 210 
these three terms for the regression model may be overfitted for some basins. To test on the 211 
influence of overfitting, we reconduct the regression for each basin by correspondingly removing 212 
the predictor variables with insignificant coefficients informed by the full model, which we then 213 
refer to as the “reduced model”. In addition to basin scale analysis, we also apply the linear 214 
regression at the grid cell scale for actively irrigated area. For both cases, a Shapiro-Wilk test is 215 
performed to check the normality of the residuals for the linear regression models and more than 216 
90% of the actively irrigated area meets the assumption of residual normality. Basins or grid 217 
cells that failed to pass the test have been removed from the analyses. 218 

2.3 Observation datasets 219 
Annual irrigation water use reports are obtained for Kansas, Texas, California and 220 

Mississippi in order to evaluate the modelled climate sensitivities. These four states are chosen 221 
because they are the only databases that we found that are publicly available. The states also 222 
happen to be among the most intensively irrigated and the most agriculturally productive states 223 
over CONUS. Statewide calendar year annual averages from 2002 to 2017 for Kansas and Texas 224 
are provided by the Kansas Department of Agriculture, Division of Water Resources (per 225 
request) and the Texas Water Development Board (http://www.twdb.texas.gov/) based on the 226 
data submitted by the irrigation water right owners. Growing season irrigation amount for row 227 
crops from 2003-2011 for Mississippi are obtained from Massey et al. [2017], who generated the 228 
estimates by applying the power conversion coefficient method to the electrical power 229 
consumption records of the irrigation pumping wells.  Unlike the cases in Kansas and Texas, 230 
private groundwater pumping for irrigation is rarely metered in California [Valley, 2009], 231 
therefore, the annual water year estimates from 2002-2015 produced by the California 232 
Simulation of Evapotranspiration of Applied Water (Cal-SIMETAW) model are used as a proxy 233 
for observations. The model estimates irrigation water demand based on an evapotranspiration 234 
demand approach, the aim of which is to improve the accuracy of water use estimates for the 235 
California Water Plan [Orang et al., 2013]. The correlation and regression analyses are 236 
performed for both reported estimates and the corresponding simulated irrigation water use for 237 
these four states based on both the annual averages and the effective growing seasons. 238 

3. Results 239 
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3.1 Irrigation water use  240 
The largest irrigated areas in CONUS are located in the Lower Mississippi Region 241 

(LMR), the High Plains Aquifer crossing the Missouri Region (MR) and the Arkansas-White-242 
Red Region (AWRR), the California Region (CR), the Pacific Northwest Region (PNR) along 243 
the Snake River. There is also actively irrigated land with smaller extent in the eastern CONUS, 244 
including the Great Lakes Region (GLR), Upper Mississippi Region (UMR) and South Atlantic-245 
Gulf region (SAGR) (Fig. 1 (a)). According to USGS, in 2000, more than 50% of irrigation 246 
water use was from groundwater for all basins except the CR and the PNR, which were 247 
dominated by surface water irrigation (Figure 1 (b)). Within the short period of 2000-2015, the 248 
coverage and locations of irrigation areas and the partitioning of irrigation water sources changed 249 
substantially, according to the MIrAD-US irrigation fraction and USGS-based groundwater 250 
irrigation percentage datasets. As shown in Figure 2, irrigation fraction increased about 4% for 251 
the LMR in 2012 compared to 2002, while the percentage contribution of groundwater decreased 252 
by 4.5%. In the CR, in contrast, the irrigation fraction dropped by about 2%, while groundwater 253 
contribution to irrigation increased over time by 26%. The dramatic shift towards groundwater 254 
for the CR is likely due to the long-lasting drought that affected the region during this period; the 255 
use of groundwater to prevent crop water stress during this drought led to serious groundwater 256 
depletion issues and threatened groundwater sustainability [Scanlon et al., 2012]. Modeling 257 
studies [Pokhrel et al., 2012; Leng et al., 2014; Lawston et al., 2015] often use a static map to 258 
represent irrigated area or ignore the source of water that is applied in irrigation, which has 259 
limited their ability to study long-term irrigation water use variability and its impact on both 260 
surface water and groundwater. While the irrigation scheme used in this study is demand-driven, 261 
by incorporating time-varying irrigation fraction and groundwater irrigation percentage maps 262 
into our model, we are able to indirectly simulate irrigation water use associated with land use 263 
change, irrigation expansion, and water management.  264 

Figure 3 (a) compares simulated and USGS reported irrigation water use from 265 
groundwater and surface water for the top 10 irrigated states for the years 2005, 2010, and 2015, 266 
with the remaining states shown in Figure S2. In general, our simulated annual irrigation water 267 
use is consistent with the USGS reports in terms of states and years, though the simulated 268 
quantities are mostly lower than the USGS estimates. The underestimation of simulated 269 
irrigation water use compared to USGS reports is likely due to the assumption inherent to the 270 
model that irrigation practices are logical and efficient, whereas in the real world there are off-271 
field losses and other inefficiencies that increase total water usage.  272 

As of 2015, the USGS report began to provide consumptive irrigation water use estimates 273 
that are a better reference for comparison (Figure 3 (b)), as the simulated irrigation amounts are 274 
mostly consumptive, with only a small proportion returning to water bodies as either surface 275 
runoff or groundwater recharge. For example, our simulated total water use for California in 276 
2015 was 16.1 km3, which is only 61% of the USGS reported total water use, but is much closer 277 
to the USGS reported consumptive water use of 20.3 km3. The model tends to underestimate the 278 
consumptive water use over western CONUS while overestimating over central CONUS. For 279 
eastern regions, the irrigation amount is relatively small so that the uncertainty is much larger 280 
and more mixed (Figure S3). Overall, the simulated water use regressed on the reported 281 
consumptive use has a slope of 0.79, indicating that on average the model underestimates by 282 
about 20% relative to consumptive use reports. We consider this to be a reasonable level of 283 
agreement considering the uncertainties in the irrigation parameters, modeling methodology, 284 
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measurement errors and limited resolution and precision of USGS estimates. Furthermore, our 285 
previous studies [Nie et al., 2018; 2019]  showed that for the groundwater-fed irrigation 286 
dominated High Plains Aquifer including the irrigation scheme improves model agreement with 287 
satellite-derived evapotranspiration and soil moisture estimates, GRACE-derived terrestrial 288 
water storage (TWS) patterns, and depth-to-groundwater measurements in Texas and Kansas, 289 
especially under drought conditions. These results suggest that the model, together with its 290 
multiple satellite derived observation inputs, is in general, able to capture the irrigation response 291 
to climate variability, extreme conditions, and their impact on water and energy fluxes. 292 

3.2 Relationship to irrigation water source 293 
In general, simulated irrigation demand shows significant sensitivity to same-season 294 

precipitation (P) in all growing seasons (Figure 4). At least 73% of the irrigated grid cells have 295 
significant negative correlation with precipitation for single season crops, with the highest (90%) 296 
for summer crops, while the correlation with temperature (T) is much less significant, with the 297 
percentage of irrigation-containing grid cells showing significant sensitivity ranging from 12% 298 
for winter crops to 44% for summer crops. Most of the grid cells that have significant correlation 299 
with temperature are also significantly correlated with precipitation. However, the percentage 300 
showing significant relationships with both P and T is much less for dual season crops than for 301 
single season crops, and, more interestingly, the dual season grid cells that are significantly 302 
correlated with T are not necessarily significantly correlated with P. The reduced significance 303 
effects are mainly attributable to weaker correlations in the second growing season of the 304 
calendar year. The strength of the correlations in the earlier season for dual season grid cells is 305 
comparable to that of single season grid cells.  Overall, simulated short-term climate influences 306 
are fairly insensitive to the choice of growing season, so the particular choice of the timing and 307 
duration of the effective growing season does not greatly affect the results (Figure S4 and S5).  308 

To investigate connections between irrigation water source and climate-irrigation water 309 
use relationships, we further categorize the active irrigated grid cells into three classes: (i) the 310 
surface water dominated area, where the groundwater irrigation percentage is lower than 20%; 311 
(ii) the groundwater dominated area, where the groundwater irrigation percentage is higher than 312 
80% and (iii) the mixed area, where the groundwater percentage is in between 20% and 80%. As 313 
shown in Figure S6, we find that the climate sensitivities of all three water source classes are 314 
qualitatively similar. However, uncertainties exist as the groundwater irrigation ratio data are 315 
updated every five years, which precludes investigation of transient climate impacts on source 316 
water ratios. Nevertheless, previous studies have found that climate variability can have large 317 
influence on groundwater storage change through climate-induced pumping, and this effect may 318 
be much stronger and faster than the climate’s direct effect on groundwater recharge rates 319 
[Asoka et al., 2017; Gurdak, 2017; Russo and Lall, 2017]. Recognizing the fast response of 320 
groundwater to climate through irrigation withdrawal, assessments of irrigation management 321 
must consider both irrigation demand sensitivity to climate variability and the associated aquifer 322 
condition as well as groundwater availability.  323 

3.3 Regression analysis 324 
At the basin scale, a linear regression that includes P, T, and a P by T interaction term 325 

explains between 33% and 90% of variability in simulated year-to-year irrigation water use 326 
(Table 1). For some growing seasons and basins, such as summer crops in the TGR, the AWRR 327 
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and the MR, more than 70% of the variance can be captured mainly by the negative relationship 328 
between irrigation water use and precipitation. In these situations, the effective growing season 329 
coincides with the local rainy season (Figure 5), so it is intuitive that interannual P variability 330 
would have a dominant influence on irrigation applications. For other basins, such as summer 331 
crops in the CR, the GLR, and spring-autumn crops in PNR, however, temperature provides 332 
comparable influence relative to precipitation. It is noteworthy that T is a statistically significant 333 
predictor only in the PNR, MR, and GLR basins, which are the three northernmost basins in the 334 
study. In the GLR, T is, in fact, the only statistically significant predictor, reflecting the model’s 335 
sensitivity to evaporative demand in this relatively high rainfall basin. The interaction term is 336 
only significant for summer crops in the TGR and autumn crops in the AWRR, both indicating 337 
that irrigation water use is more sensitive to the precipitation deficit under higher temperature. 338 
The opposite tendency (not statistically significant) is found in the LMR, the CR, the SAGR and 339 
spring-autumn crops in the PNR, where warmer conditions weaken the anticorrelated link 340 
between precipitation and irrigation water use. The significance and relative contribution of the 341 
predictor variables informed by the full model are consistent with those estimated using the 342 
reduced model for most basins (Table S1). However, for spring crops in the CR and summer 343 
crops in the SAGR, the contribution from P becomes significant after removing T and the 344 
interaction term. Moreover, for UMR, both P and T are significantly and contribute comparably 345 
to irrigation variability after removing the interaction term. 346 

The CR stands out among the nine river basins, as the regression has particularly poor 347 
explanatory power there for both spring crops (41%) and summer crops (33%). The fact that 348 
roughly two-thirds of simulated irrigation water use variance is unexplained by P, T and their 349 
interaction for the CR is the product of a mixed response of irrigation water use to climate 350 
variability. The spatial variation in irrigation response for the CR is shown in the gridded 351 
regression analysis (Figure 6), and it shows some evidence that the north-to-south spatial 352 
variability of climate over the CR influences diverse sensitivities within the basin, though the 353 
pattern is somewhat mixed. For summer crops in California’s Central Valley, where the climate 354 
condition is extremely dry and there is low in-season precipitation, temperature plays a major 355 
role in determining simulated irrigation amount. This result is driven primarily by an observed 356 
negative relationship between temperature and GVF—higher temperature estimates from 357 
NLDAS-2 are associated with lower MODIS-based GVF values. The lower GVF is a combined 358 
product of fallowing and poorer crop growth. The model’s irrigation routine responds to this 359 
observation of smaller GVF by reducing irrigation applications, as lower (observed) vegetation is 360 
an indicator of less irrigation.  In the northern CR, irrigation amount is much smaller, as this 361 
region receives greater in-season precipitation. Both P and T have comparable contribution to 362 
irrigation water variability in this area, but the contribution of T is positive, which is the opposite 363 
to that for the Central Valley (Figure 6).  364 

Negative simulated groundwater storage trends are found for all western basins, while 365 
there are no significant trends for eastern U.S. basins (i.e. the UMR, the LMR, the GLR and the 366 
SAGR), estimated using a Mann-Kendall test to detect monotonic significance at the 5% level 367 
and the Theil Sen Slope test for trend magnitude (Table 1). Widespread groundwater declines 368 
over irrigated areas are mainly attributed to associated groundwater pumping and drought. 369 
Extreme groundwater declines are found in the AWRR for autumn crops, the CR, and the TGR 370 
for summer crops, reaching 3.8, 3.0 and 2.3 cm/yr, respectively. The fact that irrigation water use 371 
for these basins and seasons is primarily sensitive to precipitation indicates that future warming 372 
is less likely to have a direct impact on groundwater sustainability compared to variability of 373 
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precipitation. In contrast, regions such as the CR, where there is high climate variability, 374 
temperature sensitivity and alarming groundwater depletion, may face greater complexity of 375 
direct warming-induced irrigation sensitivities (Figure 6). For basins where the interactions 376 
between P and T have relatively larger effects, future warming may influence irrigation water 377 
use indirectly, by altering the sensitivity of irrigation demand to precipitation.  378 

We note that the uncertainties in the estimated irrigation demand and in the model 379 
physics of deep soil-groundwater interaction can both affect the simulated groundwater response 380 
to irrigation water withdrawals. For instance, in our previous studies over the High Plains, the 381 
model underestimated groundwater recovery after a severe drought for Nebraska not because of 382 
an overestimation of irrigation amount, but largely due to shortcomings in model representation 383 
of subsurface hydrology [Nie et al., 2018]. These uncertainties should be considered when 384 
interpreting the simulated impact of irrigation on groundwater trends shown in this study. A 385 
thorough, observation-based evaluation of groundwater change under irrigation would be highly 386 
useful, but is challenging to accomplish at the national scale on account of limited and uneven 387 
in-situ groundwater measurement networks. Rather than directly evaluating simulation of 388 
groundwater, we compare simulated TWS anomalies with GRACE observations for the top ten 389 
irrigated states (Figure S7). The comparison suggests that the model generally captures the 390 
irrigation impact on TWS at state scale, with the exceptions of overestimating decline in 391 
Nebraska after 2012, as mentioned earlier, and slightly overestimating declines in Texas and 392 
Colorado in 2017. We also note that this analysis does not account for carbon dioxide 393 
fertilization, which may also influence the water balance in irrigated fields under evolving 394 
atmospheric conditions, so our results are best interpreted as an analysis that applies to current 395 
and near-future conditions.  396 

It is worth noting that the basins exhibiting greatest climate sensitivity tend not to be in 397 
regions that are currently experiencing the greatest water stress (Table 1). Climate-induced 398 
irrigation variability is largest in transitional climate zones between humid east and arid west, 399 
such as irrigated land within MR, AWRR and TGR. These transitional zones are not all suffering 400 
from widespread groundwater stress. For example, climate variables explain 90% of the 401 
irrigation variability for summer crops in the MR while groundwater decline is relatively small 402 
(0.6 cm/yr) as compared to that for the CR (3 cm/yr) and the AWRR (2.1 cm/yr). This 403 
geographical disconnects between regions of climate sensitive irrigation and regions of current 404 
water stress is even more clear for humid regions. For instance, spring-autumn crops in the 405 
relatively cool, humid PNR are highly sensitive to both precipitation and temperature, but under 406 
current conditions the average rate of groundwater depletion in this region is small relative to 407 
basins in other parts of the country, in large part because surface water supplies buffer against 408 
overexploitation of groundwater. Note that although the net change in groundwater storage in the 409 
aquifer system for PNR is subtle, local depletion exists in the deeper hydrogeologic unit where 410 
surface water imports are limited [Konikow, 2013]. This geographical disconnect is relevant 411 
when assessing sustainability of groundwater resources under climate change, though the lack of 412 
a large-scale groundwater depletion signal today does not mean that there is no risk of local, 413 
seasonal, or future groundwater pressures. 414 

Our simulations are performed at a relatively coarse resolution, such that each “irrigated” 415 
grid cell contains a mosaic of irrigated and non-irrigated land. Regression results are sensitive to 416 
the choice of which grid cells qualify as “irrigated.” As shown in Table S2 and S3, the inferred 417 
effect of climate variables on irrigation demand shift as the percent irrigated threshold rises. For 418 
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instance, for summer crops in LMR, as the threshold is raised from 30% to 50%, variance in 419 
irrigation water that can be explained by climate terms increases from 71% to 80%, and the 420 
contribution of T and the interaction term increase and become significant while the effect of P 421 
becomes marginal. In contrast, for crops in the TGR and the PNR, sensitivity to precipitation 422 
increases for higher irrigation fractions. Greater groundwater declines are found in more 423 
intensively irrigated grid cells regardless of the locations and growing season types, implying 424 
that simulated groundwater changes are dominated by irrigation. This sensitivity to threshold, 425 
however, does not affect the overall character of the results. 426 

Overall, simulated irrigation water use is more sensitive to precipitation variability than it 427 
is to temperature variability or the interaction between P and T across most of CONUS. Our 428 
regressions leave more unexplained variance in basins that include significant internal climate 429 
variability, suggesting that major basin delineations do not sufficiently resolve climate 430 
sensitivities of irrigation in these regions. Looking at the problem in gridded regression analysis 431 
(Figure 6), we observe intra-basin variability as described above (for example, northern versus 432 
southern CR). We also observe clusters of significant temperature sensitivity in the Upper 433 
Colorado River basin and several other basins that did not stand out in basin-averaged analysis. 434 
We also see widespread negative P by T interaction across the Great Plains, including the MRB 435 
and other areas that did not appear as significant in basin averaged analysis. As described above, 436 
a negative P by T term indicates greater irrigation sensitivity to P deficit under warmer 437 
temperatures. This tendency across the Great Plains, including the High Plains Aquifer region, 438 
points to a potential for emerging climate sensitivity in a heavily irrigated region. 439 

3.4 Comparison with observations 440 
Evaluation of the realism of model responses is challenging, on account of both the 441 

model’s limited ability to account for management decisions and the limited availability of data 442 
at a temporal scale fine enough to represent interannual variability in growing season water use. 443 
Drawing on publicly available databases, we use statewide calendar year water use reports for 444 
Texas, Kansas and Mississippi, and simulated water year total demand for California generated 445 
by the California Simulation of Evapotranspiration of Applied Water (Cal-SIMETAW) system 446 
as the best available datasets to evaluate our model performance. These State reports do not offer 447 
a perfect comparison for our model results, as the reports draw on multiple data sources 448 
associated with their own uncertainties. They are also qualitatively different from our simulation 449 
in that our model is based on a soil moisture deficit approach that does not explicitly consider 450 
irrigation efficiency or human management and adaptation strategies, which may be particularly 451 
important under drought conditions. Despite the differences in the magnitude of irrigation water 452 
amount, correlations between the simulated and reported irrigation amounts are relatively high, 453 
indicating that the model can properly capture interannual variability in irrigation amounts. With 454 
these caveats in mind, we examine the simulated and reported sensitivity of irrigation 455 
applications to P, T and the interaction between P and T in these four states.  456 

For reported water use in Texas and California, the effect of P is significant and negative, 457 
while the effect of T is marginal and the interaction term is significant (Figure 7). The model 458 
matches these results in sign and statistical significance, but with quantitatively different 459 
regression coefficients. Interestingly, the sign of the interaction term differs between Texas and 460 
California. In Texas, warmer conditions strengthen the effect of P shortfall on irrigation water 461 
use (negative interaction term), while in California warmer conditions reduce the impact of 462 
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precipitation deficit (positive interaction). The Texas result is more intuitive, as warmer 463 
conditions increase potential evapotranspiration and might be expected to increase the need to 464 
irrigate under precipitation deficit. The California result is possibly led by active management or 465 
crop failure in response to dry and hot conditions. As GVF in the intensely irrigated Central 466 
Valley is observed to drop under warmer conditions, it is possible that the interaction term 467 
captures the fact that crops are less extensive in hot years, resulting in lower sensitivity of total 468 
irrigation water to precipitation. This interpretation, however, requires further research. For both 469 
the model and observation-derived estimates, irrigation water use in Mississippi is not a strong 470 
function of short-term climate; none of the three terms are significant predictors of interannual 471 
variability. This could indicate that for this humid environment, atmospheric variations are not 472 
dominate factors affecting human management such as prescribing limitations on water use in 473 
dry and hot years as the water supply may still be relatively sufficient under these conditions. 474 
Model and observation-based estimates do show the same sign of sensitivity for all three terms, 475 
though none are statistically significant.  476 

We also note that the interaction term is smaller in the model than in observations for 477 
both Texas and California, further suggesting that management decisions not included in our 478 
modeling system have some influence on the interaction between P and T. For Kansas, both P 479 
and T have significant impacts on reported irrigation water use, with lower T and P associated 480 
with higher irrigation water amount. The interaction term has less effect. However, in the model, 481 
the explanatory power of T is much lower, and the coefficient even has the opposite sign 482 
compared to the regression for the reported estimates. The variability that is explained by the 483 
three terms is also substantially lower in the model (55%) than for reported data (73%).  484 

The net result of these data comparisons is not entirely conclusive. We see that model 485 
results and reported estimates are similar in terms of the relative contribution from P and the 486 
interaction term. We also see discrepancies between model and reported estimates for the impact 487 
of T. These discrepancies could be due to limitations in the model, uncertainties in the reported 488 
water use estimates, and noise from off-season data. For example, unlike the analyses performed 489 
on the sub-basin scale, that only focused on the effective growing seasons, our comparisons with 490 
reported data at state level are performed at annual time scale due to limitations in reported data. 491 
To examine whether climate variability that comes from seasons may affect the results, we also 492 
report the comparisons that the regression analyses are performed on growing season P and T 493 
(Figure S8). The variability of annual P or T may not represent the variability of within-season P 494 
or T, especially if the rainy seasons do not overlap the growing seasons, such as in much of 495 
California. Results for Kansas is very sensitive to the choice of T, as the reported irrigation 496 
amount is fairly insensitive to the growing season temperature. Results for Mississippi indicate 497 
that the irrigation variability is more associated with growing season P instead of the annual 498 
mean. As we do not have sub-annual data in these reports, however, and as in-season irrigation 499 
can be influenced by pre-season P and T via their impact on soil moisture, these seasonally-500 
matched analyses have their own limitations. In none of the cases does the sign of a statistically 501 
significant relationship change between Figure 7 and Figure S8. 502 

In presenting these state level case studies, we note that Texas, California and Kansas are 503 
not necessarily “typical” in irrigation norms or climate sensitivity. As shown in Table 1, negative 504 
simulated irrigation water responses to T are only found for sub-basins within these three states. 505 
In all other sub-basins, an increase in T is associated with more irrigation water use. Notably, the 506 
decision of whether to perform regression on calendar year or water year can be critical for 507 
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regions that rely on snow water sources. To demonstrate this, we evaluate sensitivity of the 508 
regression results to the choice of calendar year or water year for the top ten irrigated states 509 
(Table S4). The explained variance for California and Arizona increases by 13% and 44%, 510 
respectively, when water year averages are used, because snowpack and snowmelt from the 511 
Sierra Nevada is the primary source of water supply in California (California Water Plan Update 512 
2018) and snowmelt-driven flows in the Colorado River serve as a major surface water supply 513 
for Arizona [Lahmers and Eden, 2018].  514 

From the perspective of understanding climate sensitivity, then these comparisons 515 
reinforce our understanding that the simulation results must be interpreted as a partially idealized 516 
representation of short-term climate influence on irrigation water use. Our model uses a simple 517 
demand-driven irrigation algorithm, which is an obvious idealization. The fact that the model is 518 
applied using satellite-derived input (vegetation fraction, land cover, irrigated areas) does 519 
account for some influence of management decisions on irrigation water use, in that the area 520 
actively irrigated and vegetation status are informed by data, but any decisions beyond those 521 
basics are not included at all. The comparisons with reported data provide some sense of how 522 
realistically the model performs with respect to short-term climate sensitivity—allowing for the 523 
caveats associated with the reported irrigation estimates—but simulated irrigation applications 524 
and actual irrigation applications are inherently different and must be understood as such. While 525 
the reported irrigation water use is a result of mixed impacts of both natural and human factors, 526 
the results demonstrate that its connections with temperature either as an independent term or 527 
interacting with precipitation are somewhat significant but may be underrepresented in the 528 
model. Although the temperature impact might be indirect, making it difficult to represent 529 
explicitly in the model, it is worth further exploration because this may become a large source of 530 
uncertainty in estimating the water demand under future warming scenarios. Further studies are 531 
needed to investigate the extent to which the human decisions and the relationships between 532 
precipitation and irrigation water use are sensitive to temperature. 533 

4. Discussion and Conclusions 534 
Conceptually, the link between precipitation and irrigation is straight-forward: when rain 535 

supplies more of the water that a crop requires, irrigation applications can be reduced. The link 536 
between temperature and irrigation is more nuanced. High growing season temperatures can 537 
increase evaporative demand, drying the soil and increasing the need for irrigation applications. 538 
But in some regions, temperature can impose a constraint on the growing season, potentially 539 
altering cropping and management patterns in a manner that can be captured by our satellite-540 
informed, demand-driven irrigation model. Temperature and precipitation also interact, as the 541 
sensitivity of irrigation to precipitation might increase at higher temperatures that bring greater 542 
evaporative demand, but if high temperatures lead to reduced crop area then the sign of the 543 
interaction can flip.  544 

It is important to emphasize that our results come from a demand-driven simulation of 545 
irrigation water applications. This can be thought of as perfectly rational management—our 546 
model does not optimize water use efficiency (it is a representation of standard sprinkler 547 
irrigation practices), but it does assume that farmers apply water when it is needed rather than as 548 
it is convenient. Under real-world conditions, farmers’ incentives to plan their water use may 549 
depend on water policy and allocations that vary from farm to farm and state to state. Our use of 550 
time-varying GVF in the model can capture some of this by tracking the growing season period 551 



 

 14 

and informing the timing of simulated irrigation applications, but these data have limited 552 
resolution in both time and space and might not embody all aspects of irrigation calendar 553 
variability across states. Therefore, water demand based on soil moisture deficit may be overly 554 
idealized. In particular, it is possible that withdrawals will be overestimated for areas suffering 555 
drought, because of the inability to explicitly model the efficiency effects of water conservation 556 
decisions and water use restrictions, and underestimated when and where water use is not limited 557 
by water availability or water conservation policies, because farmers with unlimited access to 558 
water might take a simple irrigation scheduling approach rather than the more efficient demand-559 
informed approach.  560 

Similarly, state and local water conservation policies can impact water use in a manner 561 
not easily captured in a generalized demand-driven irrigation model. For example, in 2013 562 
Kansas implemented the 2012 Local Enhanced Management Area (LEMA) program. This 563 
program helped the state to surpass its water conservation goals in the first five years (2013-564 
2017), leaving enough water in the aquifer to provide over 1.4 years’ worth of historic water 565 
needs [Deines et al., 2019]. However, as this water conservation is achieved primarily through 566 
improvements in irrigation efficiency and crop choice, rather than reductions in irrigated area, 567 
our model is not well suited to capture the impact of the LEMA program. Indeed, our simulation 568 
overestimates reported water use in the years 2012-2017 by 84%, though it matched these reports 569 
quite well for the period 2002-2010, with a slight overestimation by 5%. In 2014, California 570 
established the Sustainable Groundwater Management Act (SGMA), which aims to achieve 571 
groundwater sustainability by 2040s. It is not clear whether implementation of this act had any 572 
impact within our simulation period, but the overlaying of SGMA policies on California’s 573 
complex water rights introduces an additional source of uncertainty in model-based estimates of 574 
near future water demand.  575 

Beyond these specific conservation and water rights policies, our model has general 576 
limitations in its representation of active management. For example, even though our model is 577 
able to parameterize irrigation in response to coinciding vegetation conditions through 578 
identifying growing season by time-varying GVF, the limitations in temporal and spatial 579 
resolution of the datasets and the nonlinear feedback prevent the model from capturing local 580 
management actions under drought, which may vary with economic, infrastructure, institutional 581 
conditions, as well as the drought’s hydrologic characteristics, such as the case of California’s 582 
2012-2016 drought [Lund et al., 2018]. 583 

Our results are also limited by the fact that the simulations do not incorporate variations 584 
in irrigation methods and crop types. For example, the use of a row crop as our standard 585 
irrigation target may underestimate the variability of irrigation sensitivities in places like 586 
California, where row crops, account for only 8% of the irrigated crops and are well mixed with 587 
fruits, vegetables and forage, all of which have different water demands and length of growing 588 
period [Lobell et al., 2007]. In addition, for this state, sprinkler irrigation only occupies 18% of 589 
irrigated land whereas flood and drip irrigation are more common [Dieter, 2018]. In this context, 590 
our simulated climate sensitivities must be interpreted as indicative estimates for conventional 591 
row crops, and not comprehensive estimates for all cropping systems. Additionally, limitations in 592 
the irrigation-related datasets prevent us from exploring climate sensitivity over longer time 593 
periods. Temperature sensitivity may be underestimated as the time frame might be too short to 594 
capture extreme temperature events and variability at longer temporal scales. Our model’s 595 
representation of groundwater is also relatively simple. Even in a relatively simple demand-596 
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driven model, however, the influence that climate variability has on irrigation is not always 597 
obvious, and the results of modeling exercises can yield insight on regional and seasonal 598 
differences in expected climate impacts on irrigation, and hence on water resources. Continued 599 
model development is underway to improve the fidelity of the model simulation of local 600 
processes, but performance at this level allows us to apply the model at large scale to study 601 
general climate sensitivities. 602 

Despite the many assumptions and uncertainties associated with the model, key results of 603 
this study include: (1) widespread sensitivity of irrigation water use to precipitation, in both 604 
model and available reports (which is logical); (2) regionally and seasonally variable sensitivity 605 
to temperature, suggesting differing potential impacts of warming on irrigation water demand; 606 
(3) interactions between temperature and precipitation sensitivity that differ by location and 607 
might reflect impacts of management decisions and/or crop failure under climate variability; 608 
these interaction terms might be underestimated by the model; (4) geographical disconnects 609 
between aquifers that are stressed by pumping and the basins that exhibit strong climate 610 
sensitivities, which should be considered in assessing future climate impacts and irrigation-based 611 
adaptation. For each of these results, management can play a critical role in climate response and 612 
resilience strategies.  613 
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 800 

Figure 1. The (a) irrigation fraction from the MODIS Irrigated Agriculture Dataset for the 801 
United States (MIrAD-US) for 2002, and (b) percent of irrigation from groundwater derived 802 
from the USGS water use report for 2000 over CONUS. Color highlighted areas are Pacific 803 
Northwest (PNR), California (CR), Missouri (MR), Arkansas-White-Red (AWRR), Texas-Gulf 804 
(TGR), Upper Mississippi (UMR), Lower Mississippi (LMR), Great Lakes (GLR), and South 805 
Atlantic-Gulf (SAGR) water resource regions. 806 

Figure 2. The (a) irrigation fraction (extracted from MIrAD-US), using 2002 as reference, and 807 
(b) percent of irrigation from groundwater (extracted from the USGS water use report) for the 808 
reference year of 2000. The differences between the reference years and the other available years 809 
at 5-year intervals for the nine water resources regions, respectively. 810 

Figure 3. (a) Comparison of the observed and simulated groundwater (GW) and surface water 811 
(SW) irrigation amount for the top 10 irrigated states, selected and ranked based on averaged 812 
total irrigation amount for 2005, 2010 and 2015; (b) scatter plot of simulated total against 813 
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observed consumptive irrigation amount for 2015, with the colors and sizes of the triangles 814 
indicating annual precipitation level (P) and temperature level (T), respectively.  815 

Figure 4. The (a) distribution of correlation coefficients for simulated irrigation water use 816 
against NLDAS2-based precipitation (P) and temperature (T) for active irrigated grid cells and 817 
(b) percent of the active irrigated area that has statistically significant correlation values at the 818 
5% level for nine major growing season types. The correlation is calculated based on annual 819 
averaged values during the growing seasons. 820 

Figure 5. Averaged seasonal cycle of (a) precipitation and (b) temperature (drawn from 821 
NLDAS2 forcing datasets) in active irrigated area for nine major irrigated river basins, 2002-822 
2017. 823 

Figure 6. The sensitivity of simulated irrigation water use to climate variability (P, T and the 824 
interactive term PT, all drawn from NLDAS-2 forcing data) for actively irrigated areas. The 825 
regression analysis is performed at grid cell scale and the sign indicates either positive or 826 
negative contribution, with the circle sizes varying among P (large), T (medium) and PT (small). 827 
Grid cells with insignificant regression coefficients (at the 95% confidence level) or fail to pass 828 
the Shapiro-Wilk test are masked as “insensitive” (dark grey circles). Water resource regions are 829 
ranked in terms of groundwater decline (darker gray indicating a greater decline) over actively 830 
irrigated areas within each region. 831 

Figure 7. Comparison between the simulated and reported statewide annual total irrigation 832 
amount for (a) Texas, (b) California, (c) Kansas and (d) Mississippi. Bar plot denotes the 833 
regression coefficient for P, T and their interaction term, with the star indicating the significance 834 
at 95% confidence level. Black circle indicates R-Squared values. Blue diamond denotes the 835 
correlation between the simulated and reported annual irrigation time series with the filled 836 
diamonds indicating the significance at the 95% confidence level. 837 

Table 1. Summary statistics for regressions that predict modeled irrigation water use as a 838 
function of climate variables (P, T, and the P by T interactive term), along with groundwater 839 
storage trends for each study region. Results are shown for major growing season types in each 840 
region. Colors are similar to Figure 6, but with different saturation levels used to show the 841 
magnitude of coefficients: blue for precipitation coefficients, red (yellow) for positive (negative) 842 
temperature coefficients, and green (brown) for positive (negative) interaction term.  843 

 844 
* and ** represent coefficients that are statistically significant at the 95% and 90% confidence 845 
level respectively. 846 
 847 

 848 
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at 5-year intervals for the nine water resources regions, respectively. 861 
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 863 

Figure 3. (a) Comparison of the observed and simulated groundwater (GW) and surface water 864 
(SW) irrigation amount for the top 10 irrigated states, selected and ranked based on averaged 865 
total irrigation amount for 2005, 2010 and 2015; (b) scatter plot of simulated total against 866 
observed consumptive irrigation amount for 2015, with the colors and sizes of the triangles 867 
indicating annual precipitation level (P) and temperature level (T), respectively.  868 

 869 

 870 

Figure 4. The (a) distribution of correlation coefficients for simulated irrigation water use 871 
against NLDAS2-based precipitation (P) and temperature (T) for active irrigated grid cells and 872 
(b) percent of the active irrigated area that has statistically significant correlation values at the 873 
5% level for nine major growing season types. The correlation is calculated based on annual 874 
averaged values during the growing seasons. 875 
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 877 

Figure 5. Averaged seasonal cycle of (a) precipitation and (b) temperature (drawn from 878 
NLDAS2 forcing datasets) in active irrigated area for nine major irrigated river basins, 2002-879 
2017. 880 
 881 

 882 

Figure 6. The sensitivity of simulated irrigation water use to climate variability (P, T and the 883 
interactive term PT, all drawn from NLDAS-2 forcing data) for actively irrigated areas. The 884 
regression analysis is performed at grid cell scale and the sign indicates either positive or 885 
negative contribution, with the circle sizes varying among P (large), T (medium) and PT (small). 886 
Grid cells with insignificant regression coefficients (at the 95% confidence level) or fail to pass 887 
the Shapiro-Wilk test are masked as “insensitive” (dark grey circles). Water resource regions are 888 
ranked in terms of groundwater decline (darker gray indicating a greater decline) over actively 889 
irrigated areas within each region. 890 
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 892 
 893 

Figure 7. Comparison between the simulated and reported statewide annual total irrigation 894 
amount for (a) Texas, (b) California, (c) Kansas and (d) Mississippi. Bar plot denotes the 895 
regression coefficient for P, T and their interaction term, with the star indicating the significance 896 
at 95% confidence level. Black circle indicates R-Squared values. Blue diamond denotes the 897 
correlation between the simulated and reported annual irrigation time series with the filled 898 
diamonds indicating the significance at the 95% confidence level. 899 
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