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Abstract  20 

Groundwater pumping for irrigation has led to significant decreases in groundwater levels in 21 

agricultural areas around the world, including the U.S. High Plains Aquifer. Here, we used a 22 

process-based corn and sorghum crop model, AquaCrop, to assess the effectiveness of different 23 

irrigation management strategies during a synthetic multi-year drought. We focused on the 24 

Groundwater Management District 4 Local Enhanced Management Area (GMD-4 LEMA), a 25 

regional groundwater conservation program in the northwestern Kansas portion of the High 26 

Plains Aquifer. We first calibrated the AquaCrop models to observed yield and irrigation using 27 

the Particle Swarm Optimization algorithm, and then applied a novel difference-based bias 28 

correction method to improve performance. We found that the corn models outperformed the 29 

sorghum models, likely due to limited observational sorghum data. However, both models 30 

performed satisfactorily during drought periods. We then evaluated the effectiveness of the 31 

groundwater conservation program, defined as the ability to reduce water use, during a synthetic 32 

five-year drought under three irrigation strategies. During the synthetic drought, corn irrigation 33 

requirements were double those of sorghum, but even simulated corn irrigation needs were 34 

generally less than current water allocations. Model simulations also indicated that water 35 

conservation strategies could reduce annual irrigation requirements without a substantial 36 

reduction in crop yield through improved water use efficiency. Consistent with previous work, 37 

this indicates that the current GMD-4 LEMA water allocations are ineffective for conserving 38 

water. 39 
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1. Introduction 46 

Groundwater resources across the globe are under threat due to unsustainable pumping 47 

rates and changes in climate (Gorelick & Zheng, 2015). Negative impacts of groundwater level 48 

declines include streamflow depletion (Lapides et al., 2023; Zipper, Brookfield, et al., 2024), 49 

land subsidence (Miller et al., 2020; Teatini et al., 2006), increased groundwater extraction costs 50 

(Turner et al., 2019), saltwater intrusion (Peters et al., 2022), and overall decreased water quality 51 

(Dorjderem et al., 2020). As the climate continues to change and drought occurrences become 52 

more frequent (Chang & Bonnette, 2016; Cook et al., 2018; Dube et al., 2022), humans, natural 53 

ecosystems, and industries that rely on groundwater are faced with major challenges. 54 

Groundwater depletion is particularly challenging when there is limited ability to increase 55 

recharge to the aquifer, as is the case in some regions of the U.S. High Plains Aquifer (HPA). 56 

The HPA underlies 450,000 km2 of land covering parts of eight states (Colorado, Kansas, 57 

Nebraska, South Dakota, Wyoming, New Mexico, Oklahoma and Texas; (“High Plains aquifer | 58 

U.S. Geological Survey,” 2024) and supplies about a third of the water used for irrigation in the 59 

US (Haacker et al., 2019). Continued depletion of the HPA poses a significant threat to food 60 

production, the US economy, and the livelihood of farmers (Deines et al., 2020). 61 

Potential solutions to groundwater depletion can be classified into cognitive, 62 

technological, and structural fixes (Zwickle et al., 2021). Cognitive fixes aim to educate 63 

irrigators on the impacts of declining aquifer levels, while technological and structural fixes 64 

involve introducing more efficient irrigation techniques and changing the factors that influence 65 

an irrigator’s behavior, respectively (Zelelew & Alfredsen, 2013). Groundwater management 66 

policies are an example of structural fixes that have been implemented to address aquifer 67 

depletion. Policies can be classified as either top-down or bottom-up practices. Top-down 68 

policies establish a centralized government organization which formulates rules, while bottom-69 

up policies allow water users to develop their own self governance strategies (Marston et al., 70 

2022). Some have argued that top-down management practices tend to be less effective as 71 

irrigators have less input on the strategies which often leads to mistrust between the irrigators 72 

and governing organizations (Marston et al., 2022). Additionally, Kiparsky et al. (2017) raised 73 

concerns about fairness and inefficiency of top-down management. On the other hand, bottom-up 74 

governance tends to promote collaboration among water users due to interdependence since one 75 

user’s actions affects the common pool resource and other’s ability to use it (Feltman, 2024). 76 

However, some have argued that bottom-up management practices are primarily driven by 77 

political and economic feasibility, rather than scientific knowledge, of the solution (Andresen, 78 

2015), and therefore it is unknown how effective they may be. 79 

Effective design of groundwater conservation programs is further challenged by climate 80 

change. Groundwater management programs based on current and historical water use practices 81 

may not perform as effectively in future climate conditions. Climate change-induced droughts 82 

are projected to lower crop productivity in Kansas due to shortening of the crop growing season 83 

and limited water availability (Araya, Kisekka, Vara Prasad, et al., 2017). However, the impacts 84 

of severe drought on crop productivity in areas with pumping limits due to groundwater 85 

https://www.zotero.org/google-docs/?pj9cwd
https://www.zotero.org/google-docs/?A4u3Pc
https://www.zotero.org/google-docs/?RsFAyA
https://www.zotero.org/google-docs/?X8e8zG
https://www.zotero.org/google-docs/?8WrYA0
https://www.zotero.org/google-docs/?VoIqO9
https://www.zotero.org/google-docs/?4RR2OM
https://www.zotero.org/google-docs/?VXxP6b
https://www.zotero.org/google-docs/?VXxP6b
https://www.zotero.org/google-docs/?gENKIi
https://www.zotero.org/google-docs/?ibXNRD
https://www.zotero.org/google-docs/?LpN53F
https://www.zotero.org/google-docs/?EKmnuf
https://www.zotero.org/google-docs/?Mad4NH
https://www.zotero.org/google-docs/?Mad4NH
https://www.zotero.org/google-docs/?qSZxhx
https://www.zotero.org/google-docs/?PaUyhy
https://www.zotero.org/google-docs/?K4kVMw
https://www.zotero.org/google-docs/?jSWX1w
https://www.zotero.org/google-docs/?jSWX1w
https://www.zotero.org/google-docs/?NlpNqt
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conservation programs are still unknown. To address this knowledge gap, crop models can be 86 

used to simulate crop water productivity under varying climate scenarios. Here, we use the 87 

AquaCrop crop water productivity model to simulate crop yield and water use during a five-year 88 

extreme drought to assess the effectiveness of a bottom-up groundwater conservation program in 89 

the Northwest Kansas Groundwater Management District 4 (GMD-4), which overlies a heavily 90 

depleted portion of the HPA. To do this, this study has three objectives: 91 

 92 

1. Conduct a sensitivity analysis of the AquaCrop model to determine influential parameters 93 

with respect to simulated yield and water use for irrigated corn and sorghum 94 

2. Calibrate and validate the AquaCrop model for irrigated corn and sorghum crop 95 

productivity and irrigation requirements  96 

3. Assess the effectiveness of different irrigation and crop choice strategies for groundwater 97 

conservation programs under a synthetic multi-year drought.  98 

2. Study area: GMD-4 LEMA 99 

GMD-4 is a 12,623 km2 district overlying the HPA in semi-arid northwestern Kansas and 100 

includes ten counties (Fig. 1). Soils in the GMD-4 include the Ulysses-Colby Association (deep, 101 

grayish-brown to dark grayish-brown silt loams), which is found in the western region, and the 102 

Holdrege-Ulysses Association (deep to moderately deep, dark grayish brown silt loams and 103 

moderately deep gray clays) in the eastern region (“Northwest Kansas Groundwater 104 

Management District No. 4: Revised Management Plan,” 2021). Annual precipitation is 105 

relatively low, averaging 17 inches in the western counties and 21 inches in the eastern counties.  106 

https://www.zotero.org/google-docs/?I5ie4v
https://www.zotero.org/google-docs/?I5ie4v
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 107 

Figure 1. Map showing the High Plains Aquifer and the estimated decreases in aquifer thickness 108 

in the Groundwater Management Districts in Kansas since the onset of widespread pumping for 109 

irrigated agriculture. The GMD-4-LEMA is located in northwest Kansas and is made up of ten 110 

counties (CH-Cheyenne, RA-Rawlins, DC-Decatar, SH-Sherman, TH-Thomas, SD-Sheridan, 111 

GH-Graham, WA-Wallace, LG-Logan, and GO-Gove). The Sheridan-6 LEMA is represented by 112 

the solid-white line. Figure modified from (Whittemore, Butler, & Wilson, 2023). 113 

 114 

Groundwater levels in GMD-4 have declined substantially since the onset of widespread 115 

irrigation in the area (Fig. 1). In 2012, irrigators in parts of Sheridan and Thomas counties (a 255 116 

km2 area within GMD-4) formed a novel groundwater conservation program called a Local 117 

Enhanced Management Area (LEMA), commonly known as the Sheridan-6 LEMA (Orduña 118 

Alegría et al., 2024). The Sheridan-6 LEMA was a bottom-up groundwater conservation 119 

program, designed by irrigators and enforced by the state, in which each water right was 120 

allocated a five-year (2013-2017) total of 1397 mm (55 inches) per irrigated ha with some 121 

variations based on water right. This translated to an overall 20% pumping reduction from 122 

historic (2002 - 2012) average use (Deines et al., 2021; Drysdale & Hendricks, 2018). 123 

Assessment of the first cycle (2013 - 2017) of the Sheridan-6 LEMA showed that it was a major 124 

success: there was an overall 67% decrease in the rate of water table decline and evidence for 125 

https://www.zotero.org/google-docs/?ZUhx6H
https://www.zotero.org/google-docs/?f0b8vZ
https://www.zotero.org/google-docs/?f0b8vZ
https://www.zotero.org/google-docs/?zEnAZA
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increases in crop profitability due to (1) enhanced irrigation efficiency through the use of soil 126 

moisture sensors, (2) switching from water intensive corn and soybeans to more drought tolerant 127 

sorghum and wheat, and (3) prioritizing highest net profits over highest yields (Butler et al., 128 

2018; Deines et al., 2019, 2021; Orduña Alegria, 2021; Whittemore, Butler, Bohling, et al., 129 

2023). The Sheridan-6 LEMA has subsequently been renewed for additional five-year cycles for 130 

2018-2022 and 2023-2027. However, the first LEMA cycle was characterized by average to 131 

wetter-than-average conditions (Fig. S2) and the LEMA has not yet been stressed by a severe 132 

and prolonged multi-year drought, so the resilience to potential future drought is unknown. 133 

The success of the Sheridan-6 LEMA led to the creation of a district wide LEMA 134 

covering the rest of GMD-4 in 2018. However, the goals and groundwater allocations within the 135 

GMD-4 LEMA differed significantly from those of the Sheridan-6 LEMA. In the GMD-4 136 

LEMA, groundwater decline levels reported between 2004 and 2015 were used to group areas 137 

with similar annual saturated thickness decline rates into township groups. Water allocations 138 

were then set based on a combination of historic water level decline rates (with lower allocations 139 

for areas with higher decline rates) and position within GMD-4 (with lower allocations in the 140 

eastern portion of the district where mean annual precipitation is higher). As a result, 49 141 

townships were identified and five-year water allocations ranged from 2286 mm (90 inches) to 142 

1638 mm (64.5 inches) (Fig. 2). For irrigators within the Sheridan-6 LEMA, the more stringent 143 

limits of the Sheridan-6 LEMA superseded these township-level allocations. 144 

  145 

https://www.zotero.org/google-docs/?gR6tph
https://www.zotero.org/google-docs/?gR6tph
https://www.zotero.org/google-docs/?gR6tph
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 146 

 147 

Figure 2. Map showing the GMD-4 LEMA zones and water allocations. The purple boxes 148 

represents the GMD-4 LEMA Level 1 allocations (townships with a 0.5% - 1.0% average annual 149 

decline), yellow boxes the GMD-4 LEMA Level 2 allocations (townships with a 1.0% - 2.0% 150 

average annual decline), and the red boxes the GMD-4 LEMA Level 3 allocations (townships 151 

with +2.0% average annual decline). Figure modified from map prepared by Shannon Kenyon, 152 

GMD-4 (“GMD 4 LEMA,” 2024).  153 

 154 

3. Methods 155 

To assess the effectiveness of the GMD-4 LEMA to severe drought, we used a process-based 156 

crop model (AquaCrop) trained on historical data. In this section, we describe the AquaCrop 157 

model, the input and observational data used, and the calibration and model bias correction 158 

methods used, and the drought scenarios simulated.   159 

3.1 AquaCrop Model  160 

A number of carbon-, radiation-, and water-driven crop models have been used to 161 

simulate crop productivity using mathematical relations that link the crop, environmental, and 162 

management conditions. Common crop models used for assessing irrigation and yield response 163 

to variable climate and management conditions include AquaCrop (Steduto et al., 2009), DSSAT 164 

(Jones et al., 2003), APSIM (McCown et al., 1996), EPIC (Cavero et al., 2000), AgroIBIS 165 

(Kucharik, 2003), and ARCWHEAT (Weir et al., 1984). These types of models have been 166 

applied to address a variety of management-relevant questions in irrigated landscapes, including 167 

https://www.zotero.org/google-docs/?zcKXPX
https://www.zotero.org/google-docs/?vIUKdi
https://www.zotero.org/google-docs/?C3qDiJ
https://www.zotero.org/google-docs/?FIuvCp
https://www.zotero.org/google-docs/?X919bm
https://www.zotero.org/google-docs/?3nyHAM
https://www.zotero.org/google-docs/?zD2ggC
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the impacts of limiting irrigation on crop yield (Araya et al., 2016; Araya, Kisekka, Vara Prasad, 168 

et al., 2017), the effects of rooting depth and planting density on crop yield (Nyakudya & 169 

Stroosnijder, 2014), and the impacts of projected climate change on crop yield (Onyekwelu et al., 170 

2024; Reilly et al., 2003). 171 

The AquaCrop model is a widely-used crop water productivity model developed by the 172 

United Nations Food and Agriculture Organization. AquaCrop uses a soil water balance 173 

approach at the daily timestep to calculate the growth and water requirements for agricultural 174 

crops (Raes et al., 2009). Crop growth and irrigation requirements are determined primarily by 175 

the soil water depletion in the root zone. For irrigated crops, the user can set a soil moisture 176 

threshold (smt) to trigger irrigation. The smt is defined as a percentage of the Total Available soil 177 

Water (TAW), which is the depth of plant available water in the root zone at field capacity (WFC) 178 

after subtracting out the depth of plant available water at permanent wilting point (WPWP) as 179 

shown in Eq. 1: 180 

 𝑇𝐴𝑊 =  𝑊𝐹𝐶  −  𝑊𝑃𝑊𝑃           (1)  181 

The irrigation depth is then calculated based on the soil water depletion as described in 182 

the Supplementary Material. The crop growth is also simulated daily by first estimating canopy 183 

cover (CC) followed by the growth of above-ground crop biomass which is estimated using the 184 

product of the ratio of the daily ratio of transpiration (Tr) to reference evapotranspiration (ETo) 185 

and the normalized water productivity (WP*). From biomass (B), crop yield can then be 186 

calculated as the product of the reference harvest index (HI0), B, and the harvest index 187 

adjustment factor for stress (fHI) such as soil water depletion and excess heat or cold (Eq. 2):  188 

 189 

                                                 𝐶𝑟𝑜𝑝 𝑌𝑖𝑒𝑙𝑑 (𝑌)  =  𝑓𝐻𝐼 ∗  𝐵 ∗  𝐻𝐼0    (2)  190 

 191 

In this study, we used AquaCrop-OSPy, which is the open source Python implementation 192 

of AquaCrop (Foster et al., 2017; Kelly & Foster, 2021), referred to as ‘AquaCrop’ throughout 193 

the manuscript for brevity. A more detailed description of AquaCrop is provided in the 194 

Supplemental Material and associated references. 195 

3.2 Data Sources 196 

 197 

The required input for the AquaCrop model includes daily meteorological data 198 

(precipitation, minimum temperature, maximum temperature, and reference evapotranspiration), 199 

crop parameters, management parameters, and soil data (Xing et al., 2017). Since this study 200 

focused on regional groundwater conservation patterns, we consolidated the field-scale level 201 

input data and calculated the county level average soil and average daily meteorological 202 

conditions as described below. For the 2006-2020 study period, we used a cultivated field dataset 203 

(Gao et al., 2017) to extract the dominant annual crop type from the United States Department of 204 

Agriculture National Agricultural Statistics Service (USDA NASS) Cropland Data Layer (CDL) 205 

(“USDA National Agricultural Statistics Service Cropland Data Layer,” 2023) the Annual 206 

https://www.zotero.org/google-docs/?nugR7m
https://www.zotero.org/google-docs/?nugR7m
https://www.zotero.org/google-docs/?AEHM7F
https://www.zotero.org/google-docs/?AEHM7F
https://www.zotero.org/google-docs/?gPP6A2
https://www.zotero.org/google-docs/?gPP6A2
https://www.zotero.org/google-docs/?XTvWVF
https://www.zotero.org/google-docs/?WyEdXi
https://www.zotero.org/google-docs/?Q1N1ym
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Irrigation Maps - High Plains Aquifer (AIM-HPA) dataset as in Zipper, Kastens, et al., (2024). 207 

Since our study focused on irrigated corn and sorghum, we then averaged soil type  from the 208 

Probabilistic Remapping of SSURGO (POLARIS; Chaney et al., 2016) dataset and daily 209 

meteorological data from the Gridded Surface Meteorological (gridMET; Abatzoglou, 2013) 210 

dataset. Planting dates for each year were defined based on the annual planting dates in the 211 

northwestern Kansas region since field-specific planting dates were not available (“USDA - 212 

National Agricultural Statistics Service - Charts and Maps - County Maps,” 2023).   213 

To calibrate and evaluate the model’s performance, we used observed irrigation and crop 214 

yield data for each county. Irrigation depths in the GMD-4 region were extracted from the 215 

Kansas Water Information and Management and Analysis System (WIMAS) well data 216 

(“WIMAS,” 2023) a statewide pumping database that irrigators are required to submit annual 217 

pumping volumes, crop types, and irrigated acreage. Following methods by Obembe et al., 218 

(2023), we first excluded wells that reported irrigation on areas <40 acres or >500 acres, and 219 

those with irrigation depths outside of the 1st and 99th percentile, to eliminate outliers that may 220 

be linked to misreported or misrecorded data. For each county and year, we then calculated the 221 

annual median irrigation depth for corn and sorghum. We eliminated counties where the 222 

specified crop (corn or sorghum) was grown less than three times over the entire study period to 223 

ensure a more robust analysis.  224 

We obtained annual county level yield data for the 2006 to 2020 period for the 10 225 

counties in the GMD-4 area from the Kansas State - Extension Yield Correlation Tool 226 

(https://www.agmanager.info/crop-insurance/crop-insurance-papers-and-information/kansas-227 

yield-correlation-tool) which uses data reported by the United States Department of Agriculture 228 

Risk Management Agency (USDA-RMA), and the United States Department of Agriculture 229 

National Agricultural Statistics Service (USDA-NASS; “USDA/NASS QuickStats Ad-hoc 230 

Query Tool,” 2023). We compared the two yield datasets and excluded any counties or years 231 

where the difference between them exceeded 10% to account for potential errors in the reported 232 

data since the two data sources are aggregated in different ways. Due to multiple missing 233 

observations in the USDA NASS dataset, the USDA-RMA data was used as the primary dataset. 234 

For instances where there were missing observations in the USDA-RMA dataset, the USDA-235 

NASS was used to fill the gaps and complete the dataset. We eliminated the years and counties 236 

where hail and freeze caused significant crop losses, since these processes are not simulated by 237 

AquaCrop. To do this, we removed county-years from the dataset where losses due to hail and/or 238 

freeze exceeded $1,000,000 as reported in the loss data from the United States Department of 239 

Agriculture Risk- Management Agency (USDA-RMA; “Cause of Loss | RMA,” 2023). 240 

3.3 Sensitivity Analysis, Calibration, and Bias Correction 241 

The AquaCrop model was calibrated using observed yield and irrigation depth data 242 

reported between 2006 and 2020 in the ten GMD-4 counties (Fig. 1). We first used the Sobol 243 

Method (Sobol, 1990) to identify influential model parameters when simulating crop yield and 244 

https://www.zotero.org/google-docs/?7ErzF5
https://www.zotero.org/google-docs/?57PWtZ
https://www.zotero.org/google-docs/?sqsZqe
https://www.zotero.org/google-docs/?ExgMNO
https://www.zotero.org/google-docs/?ExgMNO
https://www.zotero.org/google-docs/?T5UZZt
https://www.zotero.org/google-docs/?94bypl
https://www.zotero.org/google-docs/?94bypl
https://www.agmanager.info/crop-insurance/crop-insurance-papers-and-information/kansas-yield-correlation-tool
https://www.agmanager.info/crop-insurance/crop-insurance-papers-and-information/kansas-yield-correlation-tool
https://www.zotero.org/google-docs/?ldla17
https://www.zotero.org/google-docs/?ldla17


Ndlovu et al. | Conservation Effectiveness | 10 

irrigation requirements, and then used a Particle Swarm Optimization (PSO) algorithm to 245 

calibrate parameters that were identified as sensitive and applied a difference bias correction 246 

method to improve model performance (Fig. 3).  247 

 248 

 249 

Figure 3. Methodology for calibrating the AquaCrop model integrating sensitivity analysis, 250 

model calibration, and bias correction. 251 

 252 

3.3.1 Sensitivity analysis 253 

Our sensitivity analysis was intended to identify parameters with the greatest influence on 254 

simulated corn and sorghum yield and irrigation under dry, normal, and wet meteorological 255 

conditions. We used 12 scenarios which were a factorial combination of the meteorological 256 

condition (dry, normal, or wet year, defined based on the lowest, median, and highest annual 257 

precipitation during the model period), crop type (corn or sorghum), and response variable 258 

(irrigation or yield). For each sensitivity analysis scenario, the Sobol method (Sobol, 1990) was 259 

applied to crop parameters related to (1) crop development and transpiration, (2) biomass and 260 

yield, (3) water stress, and (4) management using the SALib Python package (Herman & Usher, 261 

https://www.zotero.org/google-docs/?1NhbjO
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2017). We evaluated a total of 12 parameters for corn and 8 parameters for sorghum (Table S1). 262 

Parameter ranges used in this study were obtained from the model documentation (Raes et al., 263 

2023) and previous studies in the surrounding regions (Araya et al., 2016; Araya, Kisekka, Lin, 264 

et al., 2017; Masasi et al., 2019). For example, the maximum daily and seasonal irrigation depths 265 

during the calibration period were 6.5 mm and 600 mm for corn, and 6.5 and 450 mm for 266 

sorghum based on field observations from Kansas State Research and Extension (Ciampitti et al., 267 

2022, 2023) and each crop’s maximum observed irrigation depths from WIMAS. For parameters 268 

included in the sensitivity analysis, we analyzed the first, second and total indices using the 269 

Sobol function from the SALib Python package (Herman & Usher, 2017). To distinguish 270 

between the influential and non-influential parameters, we defined a threshold: parameters with 271 

total order indices (ST) greater than 10% of the maximum ST from each scenario were defined 272 

as influential. Please refer to the Supplementary Material for more details on the sensitivity 273 

analysis methods. 274 

 275 

3.3.2 Calibration using Particle Swarm Optimization (PSO) 276 

PSO is a bio-inspired global optimization algorithm based on the social behavior of 277 

biological organisms such as a flock of birds or a school of fish (Kennedy & Eberhart, 1995; 278 

Reynolds, 1987). In PSO, each particle in the swarm moves in a multidimensional search space 279 

over a given time, which is determined by the number of iterations. Each particle in the search 280 

space represents a potential solution which optimizes the objective function (Umapathy et al., 281 

2010). The particle swarm optimization (PSO) algorithm was used because it is easier to 282 

implement, has fewer parameters, converges faster, and requires fewer computational resources 283 

than other global optimization methods (Liu et al., 2022; Noel, 2012).  284 

The user specifies the population size of the ‘swarm’. For each particle within the swarm, 285 

initial parameter values are randomly generated from a uniform distribution within the user 286 

specified bounds. The PSO implementation followed methods documented in previous studies 287 

(Poli et al., 2007; Wagner et al., 2020) to estimate coefficients for parameters identified as 288 

influential by the sensitivity analysis (Table 1) that maximized model fit to observed county-289 

resolution crop yields and irrigation depths. We used a swarm size of 100 with 500 as the 290 

maximum number of iterations. Other required PSO parameters were ω (set to  0.5 following 291 

Eberhart & Shi, 2001), 𝑐1 and 𝑐2 (set to 2). For 𝑐1 and 𝑐2, values that are less than or equal to two 292 

are mostly used (Anandakumar & Umamaheswari, 2018). The algorithm was set to terminate 293 

when the minimum change in swarm’s best position and objective value were 1x10-8 and 0.1, 294 

respectively, or when the maximum number of iterations was reached. We defined the weighted 295 

least square’s objective function as follows: 296 

        𝑆(𝑏) =  ∑𝑤𝑦[𝑦𝑡𝑐 − 𝑦𝑡𝑐(𝑏)]2 +  ∑𝑤𝑖[𝑖𝑡𝑐 − 𝑖𝑡𝑐(𝑏)]2           (3) 297 

where: 298 

https://www.zotero.org/google-docs/?1NhbjO
https://www.zotero.org/google-docs/?DejbzE
https://www.zotero.org/google-docs/?DejbzE
https://www.zotero.org/google-docs/?loKwdA
https://www.zotero.org/google-docs/?loKwdA
https://www.zotero.org/google-docs/?pTZuJf
https://www.zotero.org/google-docs/?pTZuJf
https://www.zotero.org/google-docs/?2KBf4z
https://www.zotero.org/google-docs/?ozyaFZ
https://www.zotero.org/google-docs/?ozyaFZ
https://www.zotero.org/google-docs/?cXj8sW
https://www.zotero.org/google-docs/?cXj8sW
https://www.zotero.org/google-docs/?Fjpz4H
https://www.zotero.org/google-docs/?6qN8MQ
https://www.zotero.org/google-docs/?IOAJLn
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  𝑤 = weight of the observation where 𝑤𝑦 and 𝑤𝑖 are the weights for yield and irrigation 299 

depth, respectively. The weights are calculated as 1/variance. 300 

𝑦  = observed yield (t/ha) 301 

𝑦(𝑏)  = simulated yield (t/ha) 302 

𝑖  = observed irrigation depth (mm) 303 

𝑖(𝑏)  = simulated irrigation depth (mm) 304 

𝑡𝑐  = summations done over all counties and years in the training data 305 

 306 

Table 1. Influential model parameters used in the model calibration (see Supplementary Material 307 

for details on parameter selection and ranges). Highlighted rows indicate parameters considered 308 

only for corn and the remaining parameters were used for both corn and sorghum. 309 

 310 

Parameter Description Units 

Crop Development and Transpiration  

ccx maximum fractional canopy cover size - 

rtx maximum effective rooting depth m 

kc crop coefficient when canopy is complete but prior to senescence - 

Biomass and Yield  

wp water productivity normalized for reference ET0 and CO2 g/m2 

hi reference harvest index - 

hipsveg 

coefficient describing positive impact of restricted vegetative growth during 

yield formation on HI - 

Management  

smt1 soil moisture threshold during crop emergence and canopy growth % 

smt2 soil moisture threshold during crop maximum canopy % 

smt3 soil moisture threshold during crop canopy senescence % 

 311 

 312 

While the focus of our scenario analysis is severe drought, we incorporated all counties 313 

and years with available data into our calibration and validation to increase the data available for 314 

calibration purposes, thereby reducing equifinality, and because we do not expect these 315 

parameters to be different in drought years. We randomly split the observed yield and irrigation 316 

data into calibration and validation using an 80:20 split. We also used multi-model analysis and 317 

model selection (Barnhart et al., 2020; Hill & Tiedeman, 2005; Poeter & Hill, 2007) to (1) 318 

compare alternative models and (2) quantify the uncertainty of the model calibrations. Following 319 

recommendations by Hill & Tiedeman (2005), fifteen alternative models were developed through 320 

a factorial combination of the (1) three initial soil water contents (field capacity (FC), saturation 321 
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(SAT) and wilting point (WP)) and (2) five random model input realizations. From these, we 322 

selected the best overall model for each crop to simulate irrigation depth and crop yield, which 323 

used FC for initial soil water content (Fig. S1, Fig. S3, Fig. S4, Table S3, Table S4). Model 324 

performances were evaluated using the Kling-Gupta Efficient (KGE; Gupta et al., 2009), root 325 

mean squared error (RMSE), and RMSE normalized by the mean (NRMSE). 326 

3.3.3 Difference method for bias correction 327 

Even calibrated models have inevitable limitations due to poorly constrained parameters, 328 

processes, or model conceptualization (Saltelli et al., 2020). While these limitations are 329 

commonly addressed via bias correction in hydrological and climate models (Acharya et al., 330 

2013; Bosompemaa et al., 2025; Fang et al., 2015; Jaiswal et al., 2022), bias correction has not 331 

been widely applied to crop models, despite the potential to improve model simulation outputs. 332 

Here, we evaluated the ability of the difference method of bias correction, which establishes a 333 

correction factor based on the difference between the observed and simulated data (Kaur & Kaur, 334 

2023), to improve crop yield and irrigation simulation performance. We selected the difference 335 

method because it produced lower errors and was more efficient in a comparison of multiple 336 

bias-correction models for climate projections (Kaur & Kaur, 2023). 337 

We implemented the difference method by establishing two additive correction factors; 338 

one for the predicted annual crop yield and another one for the irrigation. Both crop yield and 339 

irrigation were bias-corrected with a correction factor as follows:  340 

 341 

                                                                        𝑌𝑝𝑟𝑒𝑑
∗ = 𝑌𝑝𝑟𝑒𝑑 +  �̂�                   (4) 342 

 343 

where 𝑌𝑝𝑟𝑒𝑑
∗  and  𝑌𝑝𝑟𝑒𝑑 denote the bias-corrected and calibrated model predictions for crop yield 344 

or irrigation.  �̂�  is the correction factor or estimated model residuals, which is calculated for all 345 

the years and counties using the linear relationship between the model predictions ( 𝑌𝑝𝑟𝑒𝑑) and 346 

the model residuals: 347 

                              �̂�  = 𝑚𝑌𝑝𝑟𝑒𝑑 +  𝑏                              (5) 348 

 349 

where 𝑚 and 𝑏 are the slope and intercept of the regression line, respectively. Fig. 4 shows an 350 

example of the relationship between residuals and simulated values that is used to develop the 351 

relationship in Eq. 5. We used a linear regression since we observed a strong linear relationship 352 

between simulated values and the residual (Fig. S3 and Fig. S4), though the method would be 353 

adaptable to other functional forms. 354 

https://www.zotero.org/google-docs/?Awvhe6
https://www.zotero.org/google-docs/?DWrXtt
https://www.zotero.org/google-docs/?XWuR9E
https://www.zotero.org/google-docs/?XWuR9E
https://www.zotero.org/google-docs/?WLhjM3
https://www.zotero.org/google-docs/?WLhjM3
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 355 

Figure 4. The relationship between simulated values and model residuals used to establish the 356 

correction factor for bias correction. Specific relationships for all models are shown in Fig. S3 357 

and Fig. S4. 358 

3.4 Assessing LEMA effectiveness during drought 359 

To simulate the potential effectiveness of the GMD-4 LEMA to severe drought, we used 360 

historic (2006 - 2020) meteorological data from the region to create a synthetic dataset with the 361 

five lowest growing season precipitation years during the study period (2012, 2020, 2006, 2013, 362 

and 2007; Fig. S2). For a spin-up prior to the drought, we also included five randomly selected 363 

non-drought years (Fig. S2). We then used the bias-corrected corn and sorghum models to 364 

simulate crop yield and irrigation requirements during spin-up and synthetic drought period, and 365 

assessed the impact of different water management strategies on crop productivity and irrigation 366 

requirements during the synthetic drought.  367 

 368 

As discussed in Section 2, the LEMA operates on a five-year water allocation system and 369 

water allocations vary based on the township location and historic annual groundwater decline 370 

rates (Fig. 2). To assess the impacts of water conservation on crop yield and irrigation 371 

requirements during the drought period, we evaluated three irrigation strategies: Conservative 372 

(CV), Current Status (CS), and Unlimited Water (UW). We defined the CS scenario as the 373 

calibrated and bias-corrected models, which reflect the current irrigation practices. The target 374 

irrigation requirements under the CV and CS scenarios were based on regional irrigation 375 

practices. We then reduced the smt thresholds by 10% to create the CV scenario, and increased 376 

the smt thresholds by 10% and increased the maximum allowable seasonal irrigation to create the 377 

UW scenario (Table 2).  The model defaults for maximum seasonal irrigation were used for the 378 

UW scenarios. The other model parameters remained unchanged from the calibration process.  379 

 380 

Table 2. Irrigation strategies used to assess the effectiveness of the LEMA. The LEMA is 381 

represented by the CS parameter values from the model calibration. The SMT values are 382 

decreased and increased by 10% under Conservative (CV) and Unlimited Water (UW) 383 

conditions, respectively to represent variations in conservation strategies.  384 
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Parameter Conservative (CV) Current Status (CS) Unlimited Water (UW) 

Max Irrigation (Corn) 600 mm 600 mm 1000 mm 

Max Irrigation (Sorghum) 450 mm 450 mm 1000 mm 

SMT Calibrated value - 10%  Calibrated value Calibrated value + 10% 

 385 

4. Results and Discussion 386 

4.1 Sensitivity analysis 387 

Results from the sensitivity analysis showed that there were more influential parameters 388 

for crop yield compared to irrigation depth (Table 3). This is likely to be because yield 389 

simulation is more complex in AquaCrop; the equations governing yield production begin with 390 

the water balance calculations prior to seed germination and continue through to the estimation 391 

of yield based on biomass towards the end of the plant growing cycle. For irrigation, the only 392 

influential parameters were rtx and the smt parameters. The rtx parameter controls the rooting 393 

depth, which defines the depth to which soil water can be used by the plant, and the smt 394 

parameters all determine when and how much water is applied to the crop. For corn and sorghum 395 

yield, the biomass and yield formation parameters (wp and hi) and a stress parameter (hipsveg, 396 

which links restricted vegetative plant growth to yield changes) were influential in addition to 397 

smt values. Additionally, we identified the canopy development and senescence parameters (ccx, 398 

rtx, and kc) as sensitive, aligning with findings from past studies (Lu et al., 2021; Ran et al., 399 

2022). To calibrate the model for each crop, we used the influential parameters identified for 400 

yield or irrigation across any of the three meteorological scenarios (Table 3, last row). Influential 401 

parameters were calibrated while non-influential parameters were fixed to simplify the model 402 

calibration.  403 

 404 

Table 3. List of sensitive parameters for irrigation depth and crop yield under different 405 

meteorological conditions. The bold final row indicates the full list of parameters used to 406 

calibrate the models. Parameters are defined in Table 1. 407 

 408 

Variable and Scenario Sensitive Parameters (Corn) Sensitive Parameters (Sorghum) 

Irrigation, dry year rtx, smt1, smt2, smt3 rtx, smt1, smt2, smt3 

Irrigation, normal year rtx, smt1, smt2, smt3 rtx, smt1, smt2, smt3 

Irrigation, wet year rtx, smt1, smt2 rtx, smt1, smt2 

Yield, dry year rtx, smt1, smt2 rtx, hi, smt1, smt2 

Yield, normal year ccx, rtx, kc, wp, hi, smt1, smt2, smt3 ccx, wp, hi, smt2, smt3 

Yield, wet year ccx, rtx, kc, wp, hi, hipsveg, smt1, smt2 ccx, rtx, kc, wp, hi, smt1, smt2 

Parameters used in 

calibration 

ccx, rtx, kc, wp, hi, hipsveg, smt1, smt2, 

smt3 

ccx, rtx, kc, wp, hi, smt1, smt2, 

smt3 

https://www.zotero.org/google-docs/?miBXkm
https://www.zotero.org/google-docs/?miBXkm


Ndlovu et al. | Conservation Effectiveness | 16 

 409 

4.2 Model calibration and bias correction 410 

4.2.1 Overall model calibration and bias correction 411 

For corn, KGE for simulated irrigation depth indicated that the skill of the model was fair 412 

(-0.01 ≤ KGE ≤ 0.04; Fig. 5, Table S3) and ‘acceptable’ during both the calibration and 413 

validation periods, as it exceeded the performative benchmark of KGE = -0.41 (Knoben et al., 414 

2019). Furthermore, the corn irrigation RMSE were comparable between the calibration (127 415 

mm) and validation (138 mm) stages, which indicated that the model was not subject to 416 

overfitting. Due to the similar RMSE, the NRMSE was also similar in the calibration and 417 

validation steps. While the models performed satisfactorily in simulating irrigation depths during 418 

calibration and validation, we observed poor KGE values for corn yield during both stages (KGE 419 

≤ -0.41; Table S3). Despite the fair NRSME values (NRMSE < 0.3) for yield during these stages, 420 

the RMSE values were high (3.2 t/ha  ≤ RMSE ≤ 3.5 t/ha) and above those reported in the 421 

literature, which ranged between 0.14 t/ha and 1.77 t/ha (Ahmadi et al., 2015; Heng et al., 2009; 422 

Paredes et al., 2014; Sandhu & Irmak, 2019). The performance of the sorghum models were 423 

generally worse for both irrigation and yield compared to the corn models (Fig. 5). For sorghum 424 

irrigation, we observed ‘acceptable’ KGE values (KGE ≈ 0.07) and high RMSE (133 mm ≤ 425 

RMSE ≤ 143 mm) and NRMSE (0.62 ≤ NRMSE ≤ 0.85) values during the calibration and 426 

validation stages (Fig. 5, Table S4). For sorghum yield, KGE values were poor while RMSE and 427 

NRMSE were less than 2.6 t/ha and 0.38, respectively during both stages. 428 

We observed a significant improvement in the model performances for both crops and 429 

variables after applying the bias correction (Fig. 5). For the corn and sorghum models, there was 430 

high correlation between the simulated values and the residuals prior to the bias correction 431 

process (r2
yield ≥ 0.66; r2

irrigation ≥ 0.86; Fig. S3, Fig. S4), which meant that the modified 432 

difference bias correction approach was effective at improving model performance without any 433 

additional data beyond simulated outputs. The bias correction of the corn model resulted in fair 434 

crop yield and irrigation performances with ‘medium’ KGE and ‘fair’ NRMSE values (Table 435 

S3). After bias-correction, the corn models (RMSE = 1.2 t/ha (yield) and 79 mm (irrigation), 436 

NRMSE = 0.10 (yield) and 0.22 (irrigation)) still outperformed the sorghum models (RMSE = 437 

1.0 t/ha (yield) and 87 mm (irrigation), NRMSE = 0.15 (yield) and 0.41 (irrigation)), but for both 438 

crops and variables the bias-corrected results provide the best match with observations compared 439 

to non-bias-corrected model output. For corn yield, the RMSE and NRMSE were 1.2 t/ha and 440 

0.10, respectively within the range observed in other studies (Ahmadi et al., 2015; Heng et al., 441 

2009; Paredes et al., 2014; Sandhu & Irmak, 2019). The bias correction of the sorghum model 442 

improved all the fit metrics and led to crop yield RMSE (1.0 t/ha) values that were closer to the 443 

0.5 t/ha - 0.7 t/ha range reported by Masasi et al., (2019) and Fazel et al., (2023). However, the 444 

bias correction compromised the sorghum model's ability to accurately simulate any variations in 445 

observed values. Hereafter, models without bias correction are referred to as ‘calibrated models’ 446 

https://www.zotero.org/google-docs/?vr8V4C
https://www.zotero.org/google-docs/?vr8V4C
https://www.zotero.org/google-docs/?8t5Xt4
https://www.zotero.org/google-docs/?8t5Xt4
https://www.zotero.org/google-docs/?HLHeRl
https://www.zotero.org/google-docs/?foiMFP
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and their simulation results as ‘calibrated’, while those with bias correction are denoted as ‘bias-447 

corrected models’ and their simulation results as ‘bias-corrected’.  448 

 449 

 450 

Figure 5. Comparison of simulated and observed corn (left column) and sorghum (right column) 451 

irrigation (top row) and yield (bottom row) during the calibration, validation, and bias-correction 452 

steps. 453 

4.2.2 Spatial and temporal variability in performance 454 

The corn model successfully captured the general temporal pattern observed in the 455 

irrigation depths but tended to overestimate the variability of the fluctuations (Fig. 6A). For 456 

example, in 2008 and 2020, as well as between 2011 and 2013, there were significant differences 457 

between the observed and calibrated irrigation depths in counties located in the central and 458 

eastern parts of the region (Gove, Logan, Rawlins, Sheridan and Thomas). In contrast, the bias-459 

corrected model more accurately simulated the temporal dynamics in irrigation, though it tended 460 

to underestimate variability compared to observations. In the western counties (Cheyenne and 461 

Sherman) with higher observed irrigation rates, the bias-corrected model underestimated 462 

irrigation depths from 2006 – 2017, while it did the same in Wallace between 2006 and 2008. 463 

The irrigation bias-correction was most effective for counties in the central and eastern part of 464 

GMD-4, specifically Gove, Graham, and Decatur (Fig. 6A). There were fewer fluctuations in the 465 

observed corn yield across all counties over the study period (Fig. 6B). During the extremely dry 466 

years, such as 2011 and 2012, the calibrated model underestimated yield (<2 t/ha) and 467 

overestimated irrigation requirements (Fig. 6) due to high temperature stress (above 35oC). This 468 

is due to a combination of (1) a reduction in the potential harvest index due to heat stress during 469 



Ndlovu et al. | Conservation Effectiveness | 18 

the flowering period and (2) water stress during a high crop water demand period. Given the 470 

proportional relationship between hi and yield, (Eq. 2), reductions in hi result in lower yield. 471 

Moreover, temperatures above 30oC slow plant growth by limiting photosynthesis (Miller, 2018) 472 

and reducing grain fill (Zhao et al., 2022). Although the calibrated model underestimated 473 

irrigation applications between 2017 and 2019 in Gove and Graham counties, the simulated 474 

yields were generally comparable to the observed yields suggesting difficulties in simulating 475 

farmer behavior differences between years, which would not be well-captured by a crop model 476 

unless it explicitly simulates time-varying decision-making processes (i.e., Lin et al., 2024), or 477 

limitations related to soil hydrology that are causing incorrect relationships between irrigation, 478 

soil moisture, and crop water stress  (Heng et al., 2009; Sandhu & Irmak, 2019a). During these 479 

years, the bias-correction model substantially improved the match between simulated and 480 

observed yields. 481 

The performance of the sorghum model was impacted by the limited availability of 482 

observational data for irrigation and yield (Fig. 7). For example, the number of annual observed 483 

irrigated sorghum fields ranged from one to seventeen. Compared to corn, there were more 484 

fluctuations in the observed sorghum irrigation depths as well as lower overall irrigation rates, 485 

possibly due to the smaller overall amount of sorghum being grown in the area (Zipper, Kastens, 486 

et al., 2024) and therefore observed data being more subject to variability in the irrigation 487 

practices of sorghum growers and the influence of potential outliers. We believe this contributed 488 

to the model's difficulties in accurately capturing the dynamics of sorghum growth (Fig. 7). Our 489 

analysis shows that the calibrated model tended to overestimate irrigation depths (Fig. 7A). For 490 

example, in 2008 and 2011, the calibrated model failed to simulate the decreases in irrigation 491 

depths in Cheyenne, Sherman and Sheridan, and instead simulated sharp increases (Fig. 7A). 492 

Additionally, some of the calibrated irrigation depth peaks were out of phase with the observed 493 

data such as those in Gove, Sheridan and Thomas. Although the performance of the calibrated 494 

model was generally poor across most counties, its performance in Graham County was 495 

exceptional and closely matched the observed data (Fig. 7A). Similar to corn yield, the drought 496 

in 2012 led to low simulated crop yields and high simulated irrigation depths (Fig. 7). However, 497 

due to sorghum’s greater tolerance to water stress (Lamm et al., 2014), simulated sorghum yields 498 

were generally more stable than those for corn.  499 

Additionally, limited observational data also affected the calibration. Generally, the 500 

sorghum bias correction eliminated the major peaks in the simulated data, which led to the 501 

underestimation of the irrigation depths during dry years, when irrigation is higher, and 502 

overestimation of irrigation depths during wet years, when irrigation is lower (Fig. 7A). Across 503 

the nine counties with irrigation data, the bias correction resulted in significant improvements in 504 

Thomas and Sheridan counties, beginning in 2011, when irrigation depths became consistent. 505 

Although the calibrated model failed to closely match most of the observed yields, it had more 506 

variability which matched some of the trends in the observed data (Fig. 7B). The bias-correction 507 

yield model lowered the magnitude of the residuals for the study period, but it also eliminated 508 

the model’s ability to capture the fluctuations in irrigation and yield. Overall, the bias-corrected 509 

https://www.zotero.org/google-docs/?zs3tu3
https://www.zotero.org/google-docs/?j3Hrex
https://www.zotero.org/google-docs/?xdmk2j
https://www.zotero.org/google-docs/?K2pmjp
https://www.zotero.org/google-docs/?K2pmjp
https://www.zotero.org/google-docs/?7JltjS
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sorghum model outperformed the calibrated model particularly during the drier periods (2006, 510 

2007, 2012, 2013 and 2020), suggesting it is appropriate to use in our synthetic drought scenario.  511 

 512 

 513 

Figure 6. Comparison of observed, calibrated and bias-corrected irrigation and yield for corn 514 

over the 2006 - 2020 period for each county in the study domain. The blue and gray boxes show 515 

the bias-corrected NRSME values for irrigation and crop yield, respectively. The panels are 516 

arranged based on the location of the counties (Fig, 1). 517 

 518 
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 519 

Figure 7. Comparison of observed, calibrated and bias-corrected irrigation and yield for 520 

sorghum over the 2006 - 2020 period for each county in the study domain. The blue and gray 521 

boxes show the bias-corrected NRSME values for irrigation and crop yield, respectively. The 522 

panels are arranged based on the location of the counties (Fig. 1). 523 

4.2.3 Utility of bias-corrected models 524 

Since the focus of our modeling exercise was assessing the potential effectiveness of the 525 

GMD-4 LEMA during severe drought conditions, we specifically examined the bias-corrected 526 

models' capabilities during dry periods. As discussed in previous sections, the bias-corrected 527 

corn model performed satisfactorily throughout the study period (Fig. 6). During extreme 528 

drought periods such 2012 and 2013, the bias-corrected model accurately simulated the decrease 529 

in crop yield. For most counties in the central and eastern parts of the GMD-4 region, the 530 
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increase in irrigation depths was correctly simulated. However, for counties in the west 531 

(Cheyenne, Sherman, and Wallace), which had slightly higher observed irrigation depths, the 532 

bias-corrected model underestimated the irrigation requirements by about 50 mm. On the other 533 

hand, improvements in the bias-corrected sorghum model were not as strong, as discussed in 534 

Section 4.2.2, which led to consistently biased corrected values (Fig. 7). While alternate bias 535 

correction approaches, such as a non-linear or segmented difference-based bias correction may 536 

have provided a better fit, the relationships between residuals and simulated sorghum yield were 537 

highly linear except at the very highest residuals, where they flattened off (Fig. S4). This 538 

suggests that the incorporation of additional variables for model calibration that can address 539 

these extreme years, or application of alternate bias-correction functional forms, may improve 540 

performance. For sorghum yield, the bias-corrected model simulated values of about 6 t/ha while 541 

the observed yield ranged between 3 t/ha and 8 t/ha. In countries that experienced a major 542 

increase in pumping rates during the 2012 drought (Sherman and Graham), the model severely 543 

underestimated the irrigation requirements by close to 200 mm. However, in 2006 and 2007 544 

which had low precipitation, the differences between the observed and bias-corrected crop yield 545 

and irrigation depths were within acceptable ranges and generally less than 1.5 t/ha and 50 mm, 546 

respectively. Since the bias-corrected corn model successfully captures most spatial and temporal 547 

patterns, we conclude that it can be effectively used in studies investigating regional agricultural 548 

water management objectives, including those focused on crop-water productivity during 549 

extreme drought. 550 

Our analysis accounted for various sources of model uncertainty, such as the uncertainty 551 

due to initial soil moisture conditions, input parameters and the calibration optimization 552 

algorithm used. However, disentangling the proportions of uncertainties from each source 553 

remains challenging for crop models, particularly since they are primarily calibrated and 554 

assessed relative to year-end values (yield and irrigation). Since many different factors interact to 555 

determine these year-end values, crop models are subject to model equifinality, meaning that 556 

multiple model parameterizations can provide similar performance (Lamsal et al., 2018). 557 

Therefore, it is therefore difficult to determine precisely which specific uncertainties the bias 558 

correction method addresses. Although several bias correction methods have been proposed in 559 

previous literature (Section 3.3.3), a major limitation is that they typically require large datasets 560 

and daily-scale data. Given that our study is based on limited annual data, these methods were 561 

not feasible for our analysis. Overall, however, our results suggest that bias-correction can be a 562 

potentially valuable tool to improve the ability of models to simulate observed irrigation and 563 

crop yield dynamics. 564 

  565 

https://www.zotero.org/google-docs/?oJnnAC
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4.3 Effectiveness of different water management strategies during severe drought 566 

4.3.1 Variation in yield, irrigation, and water use efficiency 567 

 568 

We evaluated the effectiveness of different irrigation management strategies (UW, CS, 569 

and CV; Table 2) by comparing irrigation (Fig. 8), yield (Fig. 9), and water use efficiency (Fig. 570 

10) averaged over our simulated synthetic drought scenario using the bias-corrected models for 571 

the counties in the GMD-4 LEMA. We compared simulated irrigation to the average annual 572 

GMD-4 and Sheridan-6 LEMA allocations to assess how each management strategy compared to 573 

authorized water withdrawals. In our study, irrigation begins earlier in the UW scenario due to 574 

soil moisture thresholds (SMTs) for triggering irrigation being 10% higher than in the CS 575 

scenario, while it is delayed in the CV scenario due to SMT values being 10% lower than in the 576 

CS scenario. As a result, irrigation is highest during the UW scenario and lowest during the CV 577 

scenario. We observed relatively minor differences in the corn irrigation depths between the 578 

three scenarios, with average differences between UW and CV scenarios of ~70 mm. The 579 

differences among years was greatest during the driest years and caused by variation in the 580 

timing and depth of irrigation application events, which was ultimately driven by the root zone 581 

water balance’s role in triggering irrigation (Ndlovu, 2024). For sorghum, irrigation depths 582 

during the CS and CV scenarios showed little variation. The GMD-4 LEMA water allocations 583 

tended to be greater than the irrigation requirements for both corn and sorghum in most zones 584 

and irrigation management scenarios. Only townships in Zone 1 and 5 exceeded the Level 3 585 

allocations under the corn UW scenario. However, after accounting for the model uncertainty, 586 

corn irrigation under CS and UW scenarios exceeded the GMD-4 LEMA Level 2 allocation 587 

limits in several zones. Corn cultivation under the three scenarios resulted in irrigation 588 

application depths that were higher than the Sheridan-6 LEMA allocations in all zones. 589 

Sorghum, on the other hand, required substantially less water than corn did for each scenario. As 590 

a result, under sorghum cultivation none of the water allocation thresholds were exceeded.  591 

Although there were differences in the corn irrigation application rates across the three 592 

scenarios, their impact on crop yield was relatively small. Within a given county and 593 

management zone, the crop yield differences for both corn and sorghum were less than 1.0 t/ha 594 

(Fig. 9). Comparing across all six zones, for a given irrigation strategy,the simulated crop yields 595 

were similar (10 t/ha – 13 t/ha range) across counties. While some of the similarity may be 596 

linked to the bias correction process, in particular for sorghum (Fig. 7), the bias-corrected crop 597 

models were generally able to simulate yield reductions during drought (Fig. 5, Fig. 6), 598 

suggesting that the simulated yield dynamics are reasonable. However, dynamics that may occur 599 

during a severe multi-year drought but were not reflected in crop yield data during our 600 

calibration and validation period may not be captured here. In general, sorghum yield was 601 

approximately half of corn yield, reflecting the lower overall yield potential of this crop. The 602 

maximum corn yield was 13 t/ha while the maximum sorghum yield was 7 t/ha.  603 

Crop water use efficiency (defined here as simulated yield per mm of simulated 604 

irrigation) generally showed consistent patterns between crop type and irrigation management 605 

https://www.zotero.org/google-docs/?EKKSvq
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scenarios (Fig. 10). Among crops, water use efficiency was higher for sorghum than for corn. 606 

Comparing irrigation scenarios for a given crop, the greatest water use efficiency generally 607 

occurred in the CV scenario. In the easternmost portion of the domain (Zones 5 and 6), the water 608 

use efficiency for UW sorghum tended to still be greater than for CV corn, indicating the 609 

dominant control of crop type over water use efficiency variation. In the western counties, such 610 

as Zones 1-3, CV corn tended to have a greater water use efficiency than UW sorghum, but 611 

lower than CS sorghum.  612 

  613 
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       614 

                  615 

 616 

Figure 8. Predicted annual irrigation depths for corn and sorghum during synthetic drought 617 

simulation under UW, CS, and CV irrigation scenarios. The horizontal lines represent the GMD-618 

4 LEMA allocations (Level 1 to 3) in the six zones within the GMD-4 LEMA shown in Figure 2. 619 

The blue line represents the Sheridan-6 LEMA annual allocation based on the 55 inches/5-year 620 

LEMA cycle allocation. Error bars represent the irrigation RMSE values from the bias-corrected 621 

models. 622 

 623 

 624 
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 625 

Figure 9. Predicted annual crop yield for corn and sorghum during synthetic drought simulation 626 

under UW, CS, and CV irrigation scenarios. Error bars represent the crop yield RMSE values 627 

from the bias-corrected models. 628 

 629 
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 630 

Figure 10. Predicted annual crop yield water use efficiency (WUE) for corn and sorghum during 631 

synthetic drought simulation under UW, CS, and CV irrigation scenarios.  632 

4.3.2 Assessment of effectiveness 633 

Comparing the simulated annual irrigation demands for corn and sorghum under CV, CS 634 

and UW scenarios to the annual GMD-4 LEMA pumping limits shows that this LEMA is 635 

ineffective, meaning that the limits would not promote reductions in water use because they are 636 

generally higher than existing crop requirements (Fig. 8). In most townships and zones, the 637 

GMD-4 LEMA can effectively support corn irrigation, which requires approximately 400 mm on 638 

average, under all three scenarios, without exceeding the GMD-4 LEMA Levels 1 to 3 pumping 639 

limits (Fig. 8). However, these corn irrigation requirements exceeded the lower average annual 640 

allocations of the Sheridan-6 LEMA (279.4 mm; 11 inches), which has effectively reduced water 641 

use (Orduna Alegria et al., 2024). These findings suggest that corn cultivation under the current 642 

GMD-4 LEMA allocations would be ineffective at conserving groundwater during prolonged 643 

droughts. This aligns with a previous assessment of the effectiveness of GMD-4 and Sheridan-6 644 

LEMA conservation practices, which showed that the Sheridan-6 LEMA was more effective at 645 
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reducing water use than the GMD-4 LEMA (Whittemore et al., 2023). Their study shows that the 646 

first GMD-4 LEMA achieved very little water conservation while the two Sheridan-6 LEMA 647 

cycles led to a 27.4% reduction in total irrigation groundwater use decrease in water table decline 648 

rates from 0.43 m/year (1.4 ft/year) during the pre-LEMA to 0.18 m/year (0.6 ft/year) during the 649 

LEMA (Whittemore et al., 2023). In contrast, the GMD-4 LEMA water allocations, which were 650 

generally higher than the average irrigation water use during the pre-LEMA period, have only 651 

affected a few irrigators with high irrigation rates due to the LEMA restrictions (Whittemore et 652 

al., 2023).  653 

Our study also provides evidence that switching to sorghum cultivation offers significant 654 

benefits for overall groundwater conservation. During droughts, sorghum utilizes about half of 655 

the GMD-4 LEMA Level 2 allocations (~180 mm) under all scenarios compared to corn which 656 

requires ~90% of the allocations. Furthermore, sorghum cultivation requires irrigation 657 

application rates that are within the Sheridan-6 LEMA allocations, making it a sustainable option 658 

for water resource management in the region. While yield is also lower for sorghum compared to 659 

corn, it typically has a greater overall water use efficiency in the region (Fig. 10). However, we 660 

acknowledge that apart from crop water use, farmers in the region also select crops based on 661 

economic returns, available government programs including crop insurance, crop adaptability in 662 

the area and overall crop production (Hu & Beattie, 2019; Klocke et al., 2012; Zipper, Ifft, et al., 663 

2024). Based on an irrigator's priority, preference may be given to corn which is used as feed 664 

grain for the beef and dairy industry and also for ethanol production (Bhattarai et al., 2020). 665 

We also found that both crops had relatively little yield sensitivity to the three irrigation 666 

application rates (CV, CS, and UW) that we tested (Fig. 9). This may be due to one of several 667 

factors, including the relatively small (10%) changes in smt values between irrigation strategies, 668 

issues with model calibration, or dampened sorghum yield variability caused by bias correction 669 

(see Section 4.2). However, other studies have also shown that sorghum is both more water stress 670 

tolerant and less responsive to irrigation compared to corn (Lamm et al., 2014). In one study, 671 

Klocke et al., (2012) found total irrigation depths of 25 mm produced 91% of yields from the 672 

200 mm irrigation treatment. (Eck & Musick, 1979) also indicated that sorghum yield was not 673 

affected by 13 to 15 days of water stress; however, yield reductions of about 27% and 50% were 674 

observed after 27 to 28 and 35 to 42 days of stress, respectively. We found that reducing corn 675 

irrigation by up to 70 mm between the UW and CV scenarios led to crop yield differences that 676 

were less than 1.0 t/ha (Fig. 9). A field study done in Kansas showed that limiting irrigation by 677 

about 60 mm - 70 mm led to average yield that was 95% of the full irrigation treatment (Klocke 678 

et al., 2012). Similarly, in Texas, 75% (413 mm) and 100% (550) irrigation treatments resulted in 679 

similar end of season crop yield for one of the irrigation sprinkler methods (Schneider & Howell, 680 

1998). Moreover, the overall yield difference between the 75% and 100% irrigation treatments 681 

across all four sprinkler methods was only 1.5 t/ha (Schneider & Howell, 1998). Therefore, our 682 

results highlight the potential to improve water use efficiency by reducing crop irrigation rates 683 

without significant yield losses, even during prolonged droughts.  684 
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5. Conclusions 685 

The goals of this study were to calibrate the corn and sorghum AquaCrop models for GMD-4 686 

LEMA using sensitivity analysis, the PSO algorithm, and a novel bias-correction approach; and 687 

use the calibrated models to assess the effectiveness of different irrigation management strategies 688 

relative to local LEMA water allocation limits during a synthetic five-year drought.  From this 689 

analysis, the key findings were: 690 

1. In GMD-4, AquaCrop was better at simulating corn irrigation and yield compared to 691 

sorghum. The worse sorghum performance is likely due to limited observational data, 692 

leading to challenges in model calibration. However, both models had some limitations 693 

in capturing the spatial pattern of the observed data, particularly the higher irrigation 694 

requirements in the western portion of GMD-4. 695 

2. The incorporation of a residual-based difference method for bias correction substantially 696 

improved irrigation and yield simulation performance for both crops. Overall, the 697 

difference method bias correction worked better for corn models, which had fewer 698 

variations in observed data, than for sorghum models. Performance improvements were 699 

particularly notable during the extremely dry periods, such as the 2012 drought. 700 

3. Under our synthetic drought simulations, all three water management scenarios were able 701 

to maintain high crop yield. Simulated irrigation depths during the synthetic drought were 702 

generally below the GMD-4 LEMA water allocations, suggesting that the high water 703 

allocations may be ineffective for conserving water. However, the corn irrigation 704 

requirements exceeded the Sheridan-6 LEMA allocations, which have been effective in 705 

promoting groundwater conservation in the region. 706 

4. During the multi-year severe drought scenario, there was a relatively small impact of 707 

decreasing irrigation application on crop yield for both crops. This highlights the 708 

potential to reduce crop irrigation rates without significant yield losses during extended 709 

droughts through improved water use efficiency.  710 
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Supplementary material 1040 

AquaCrop Irrigation Calculation 1041 

The irrigation depth (Irrig Depth) is calculated daily as follows: the root zone depletion 1042 

stress indicator is first calculated as the proportion of the soil water depletion (amount of 1043 

available water that is required to bring to water amount back to FC) and total available water 1044 

(TAW). This stress indicator varies from zero (full stress) to one (no stress). Whenever the root 1045 

zone depletion is greater than smtgs, the user specified soil moisture threshold for irrigation in 1046 

each of the four crop growth stages, an irrigation requirement (Irrig Req) equal to the soil water 1047 

depletion is calculated as shown in Eq. S2. To account for irrigation efficiency, the irrigation 1048 

requirement is multiplied by an application efficiency adjustment (Ieff), which is expressed as a 1049 

percentage with higher values indicating greater efficiency (the current model runs with an 1050 

efficiency adjustment of 85%). The Irrig Depth is then calculated as the minimum between the 1051 

Irrig Req and the specified maximum irrigation depth  (Irrigmax) per event (the model default 1052 

value for Irrigmax is 25 mm) using Eq S3. 1053 

  1054 

      Root Zone Depletion (Dr) > 1 - smtgs/100        (S1) 1055 

 Irrig Req= max(0, soil water depletion)            (S2) 1056 

Irrig Depth = min(Irrigmax,  Irrig Req * Ieff)   (S3) 1057 

Sensitivity Analysis using Sobol Method 1058 

The Sobol method (Sobol, 1990) was applied to crop parameters related to (1) crop 1059 

development and transpiration, (2) biomass and yield, (4) water stress, and (4) management 1060 

using the SALib Python package (Herman & Usher, 2017). We adjusted the maximum irrigation, 1061 

water stress and temperature stress parameters as shown in Table S2, and the remaining 1062 

parameters were set to the model defaults for that crop. The maximum daily and seasonal 1063 

irrigation depths for both crops were estimated based on field studies done by Kansas State 1064 

Research and Extension scientists (Ciampitti et al., 2022, 2023).  1065 

We analyzed the first, second and total indices using the Sobol function from the SALib 1066 

Python package (Herman & Usher, 2017). For both the yield and water use simulations, 2N and 1067 

215 samples were generated from the parameter space where n is a series of one-unit increments 1068 

from one to ten to ensure model convergence and stability. This sampling scheme creates a total 1069 

of n(2k+2) model runs where n and k are the number of samples and parameters, respectively. 1070 

We applied this approach to all the scenarios (for example, irrigated corn and sorghum under 1071 

dry, normal, and wet conditions) using yield and irrigation water use as individual target outputs 1072 

for both crops of interest. Due to the large computational needs, we used the Blanca distributed 1073 

High-Performance-Computing (HPC) system (https://www.colorado.edu/rc/resources/blanca). 1074 

To distinguish between the influential and non-influential parameters, we defined a threshold: 1075 

https://www.zotero.org/google-docs/?lqKsJr
https://www.zotero.org/google-docs/?oxLZeI
https://www.zotero.org/google-docs/?vumiwS
https://www.colorado.edu/rc/resources/blanca
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parameters with total order indices (ST) greater than 10% of the maximum ST from each 1076 

scenario were defined as influential.  1077 

Influence of initial soil moisture conditions on performance 1078 

Varying the initial soil water conditions (field capacity (FC), saturation (SAT) or wilting point 1079 

(WP)) for corn and sorghum did not have a major influence on model fit (Fig. S1). The objective 1080 

function results were nearly identical for FC and SAT models, while the WP models had higher 1081 

objective function values (indicating a worse agreement with observations) and more variation 1082 

within the group. For our analysis, we determined that models calibrated under FC conditions 1083 

produced the lowest objective functions (Fig. S1) and represented the typical soil water content 1084 

rages in the GMD-4 region (“Kansas Mesonet · Soil Moisture,” 2024).  1085 

 1086 

 1087 

Figure S1. Objective function values for corn (A) and sorghum (B) models from the Particle 1088 

Swarm Optimization (PSO) calibrations performed using 80% of the observed yield and 1089 

irrigation depth data. For each initial water content, Sml#1-5 correspond to different random 1090 

model input realizations (see Section 3.3.2).  1091 

 1092 

  1093 

https://www.zotero.org/google-docs/?ESCagV
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 1094 

Figure S2. Average irrigation season (Jan – Sept) precipitation in the GMD-4 region. Red bars 1095 

represent the five driest years over the 2006 - 2020 period. Blue bars represent five randomly 1096 

selected non-drought years for the model spin up period. 1097 

 1098 

 1099 

 1100 

 1101 

Figure S3. Corn residuals for yield and irrigation as a function of simulated yield and irrigation. 1102 

These relationships are used for modified-difference bias correction. These results all use field 1103 

capacity as the initial soil moisture condition, and Sml#1-5 correspond to different random 1104 

model input realizations (see Section 3.3.2). Sml#2 was selected as the best corn model and used 1105 

for results shown in the main text. Fit statistics are in Table S3. 1106 

 1107 

 1108 
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 1109 

Figure S4. Sorghum residuals for yield and irrigation as a function of simulated yield and 1110 

irrigation. These relationships are used for modified-difference bias correction. These results all 1111 

use field capacity as the initial soil moisture condition, and Sml#1-5 correspond to different 1112 

random model input realizations (see Section 3.3.2). Sml#2 was selected as the best sorghum 1113 

model and used for results shown in the main text. Fit statistics are in Table S4. 1114 

  1115 
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Table S1. Model parameters used for the sensitivity analysis of corn and sorghum. Highlighted 1116 

rows indicate parameters considered only for corn and the remaining parameters were used for 1117 

both crops.  1118 

Parameter Description Units 

Lower 

Bound 

Upper 

Bound 

Crop Development and Transpiration 

ccx maximum fractional canopy cover size - 0.85 0.99 

rtx maximum effective rooting depth m 1.2 2 

rtexup maximum water extraction at the top of the root zone m3/m3/day 0.02 0.03 

rtexlw maximum water extraction at the bottom of the root zone m3/m3/day 0 0.01 

kc crop coefficient when canopy is complete but prior to senescence - 1.0 1.1 

Biomass and Yield 

wp water productivity normalized for reference ET0 and CO2 g/m2 30 35 

hi reference harvest index - 0.45 0.55 

Water Stress 

hipsveg 

coefficient describing positive impact of restricted vegetative 

growth during yield formation on HI - 0.5 10.0 

hingsto 

coefficient describing negative impact of stomatal closure growth 

during yield formation on HI - 1.0 20.0 

Irrigation Management 

smt1 soil moisture threshold during crop emergence and canopy growth % 40 80 

smt2 soil moisture threshold during crop maximum canopy % 0 50 

smt3 soil moisture threshold during crop canopy senescence % 0 50 
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Table S2. Default parameter values used for the corn and sorghum sensitivity analysis. 1121 

Parameter Description 

Corn Default 

Value 

Sorghum Default 

Value 

max_irr maximum depth (mm) that can be applied each day 6.5 6.5 

max_irr_season maximum depth (mm) that can be applied each season 600 450 

p_up2 

upper soil water depletion threshold for water stress effects 

on canopy stomatal control 0.45 0.55 

p_up3 

 

upper soil water depletion threshold for water stress effects 

on canopy senescence 0.6 0.85 

cdc canopy decline coefficient (fraction per GDD/calendar day) 1.31 - 

tmax_lo 

maximum air temperature (degC) at which pollination 

completely fails 33 - 

tmax_up 

maximum air temperature (degC) above which pollination 

begins to fail 38 - 
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Table S3. Model performance evaluation for corn irrigation depth (mm) and yield (t/ha). Red 1124 

shading indicates the bias-corrected model with the best fit metrics and blue shading indicates 1125 

the best model based on the calibration, validation and bias-correction results. For irrigation, 1126 

Sml#1 and Sml#2 had the best fit metrics after bias correction. 1127 

     

CORN IRRIGATION (mm) 

     

Model Evaluation Metric KGE RMSE NRMSE 

 Calibration -0.22 145 0.43 

Sml#1 Validation -0.20 157 0.43 

 Bias-Corrected Validation 0.41 79 0.22 

 Calibration -0.01 127 0.38 

Sml#2 Validation 0.04 138 0.38 

 Bias-Corrected Validation 0.41 79 0.22 

 Calibration -0.46 164 0.49 

Sml#3 Validation -0.24 166 0.45 

 Bias-Corrected Validation 0.30 83 0.23 

 Calibration -0.06 131 0.39 

Sml#4 Validation 0.05 139 0.38 

 Bias-Corrected Validation 0.36 81 0.22 

 Calibration -0.06 129 0.39 

Sml#5 Validation -0.01 142 0.39 

 Bias-Corrected Validation 0.41 80 0.22 

     

CORN YIELD (t/ha) 

 

Model Evaluation Metric KGE RMSE NRSME 

 Calibration -1.00 3.2 0.26 

Sml#1 Validation -0.64 3.4 0.27 

 Bias-Corrected Validation 0.44 1.2 0.10 

 Calibration -1.10 3.3 0.27 

Sml#2 Validation -0.73 3.5 0.28 

 Bias-Corrected Validation 0.44 1.2 0.10 

 Calibration -1.10 3.3 0.26 

Sml#3 Validation -0.71 3.5 0.28 

 Bias-Corrected Validation 0.45 1.2 0.10 

 Calibration -1.20 3.4 0.27 

Sml#4 Validation -0.75 3.5 0.28 

 Bias-Corrected Validation 0.43 1.2 0.10 

 Calibration -1.10 3.3 0.27 

Sml#5 Validation -0.67 3.4 0.28 

 Bias-Corrected Validation 0.43 1.2 0.10 
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Table S4. Model performance evaluation for sorghum irrigation depth (mm) and yield (t/ha). 1129 

Red shading indicates the bias-corrected model with the best fit metric and blue shading 1130 

indicates the best model based on the calibration, validation and bias-correction results.  1131 

     

SORGHUM IRRIGATION (mm) 

     

Model Evaluation Metric KGE RMSE NRSME 

 Calibration 0.00 149 0.89 

Sml#1 Validation -0.01 138 0.65 

 Bias-Corrected Validation 0.17 85 0.40 

 Calibration 0.07 143 0.85 

Sml#2 Validation 0.06 133 0.62 

 Bias-Corrected Validation 0.14 87 0.41 

 Calibration 0.03  147 0.87 

Sml#3 Validation 0.00 137 0.64 

 Bias-Corrected Validation 0.16 86 0.40 

 Calibration 0.06 144 0.86 

Sml#4 Validation -0.02 139 0.65 

 Bias-Corrected Validation 0.15 87 0.41 

 Calibration 0.06 143 0.85 

Sml#5 Validation 0.00 138 0.65 

 Bias-Corrected Validation 0.15 87 0.41 

     

SORGHUM YIELD (t/ha) 

 

Model Evaluation Metric KGE RMSE NRSME 

 Calibration -1.40 2.7 0.41 

Sml#1 Validation -0.97 2.9 0.41 

 Bias-Corrected Validation -0.17 1.0 0.15 

 Calibration -0.81 2.2 0.33 

Sml#2 Validation -0.69 2.5 0.37 

 Bias-Corrected Validation -0.12 1.0 0.15 

 Calibration -1.20 2.5 0.38 

Sml#3 Validation -1.10 2.9 0.42 

 Bias-Corrected Validation -0.09 1.0 0.15 

 Calibration -0.96 2.4 0.35 

Sml#4 Validation -0.66 2.6 0.37 

 Bias-Corrected Validation -0.14 1.0 0.15 

 Calibration -1.00 2.4 0.36 

Sml#5 Validation -0.82 2.7 0.39 

 Bias-Corrected Validation -0.16 1.0 0.15 
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