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A B S T R A C T

Identifying the constrains on water use efficiency (WUE) of crops along a wet-to-dry gradient is important due to
irrigation water scarcity, as well as the increasing drought risk under climate change in China. This study coupled
five high-resolution climate models from Coupled Model Intercomparison Project Phase 6 (CMIP6) with the
Decision Support System for Agrotechnology Transfer (DSSAT)-CERES-Maize model to quantify drought risk and
the drivers affecting WUE in five major maize ecoregions of the Yellow River Basin (YRB) under three future
scenarios (SSP126, SSP370, and SSP585) for both the historical baseline (1985–2014) and three future periods:
2021–2040 (2030s), 2041–2070 (2050s), and 2071–2100 (2080s). And a bias correction method was imple-
mented for the crop model to analyze optimal WUE thresholds for maize across varying dry-wet gradients. The
results indicated that future drought risk will likely persist in the YRB under all scenarios, but with regional
differences in drought severity and frequency. The southwestern region (V) experienced the highest frequency of
drought (62.50%-SSP126), while the northwestern region (III) exhibited the lowest frequency (33.00%-SSP585)
in 2030s, and 83.30% of areas in the southwestern (V) showed significant wetting in the 2080s under SSP126.
The bias-corrected CERES-Maize model effectively simulated crop yield and evapotranspiration (ET), resulting in
an average reduction of 4.00% and 9.73% in normalized root mean square error (nRMSE) respectively. Distinct
WUE thresholds ranging from 1.96 to 8.41 kg ha− 1 mm− 1 were observed across various scenarios-periods in the
maize regions, mostly under slight and moderate dry/wet conditions. Notably, all SSP585 scenarios demon-
strated a decrease in WUE thresholds compared to the baseline. Across all scenarios and periods, WUE was
mainly driven by yield in the eastern regions (I and II) but by ET in the western regions (III, IV, and V). These
findings suggest that regions experiencing varying degrees of drought severity should undergo differentiated
management and optimization of agricultural practices to improve WUE under future climate scenarios.

1. Introduction

Maize stands as the cornerstone of global food security and plays
multiple roles in food, feed, and energy production (Jafari et al., 2024; Li
et al., 2023). The YRB is an important maize growing area in China, with
4.86 million hectares of maize plantation, accounting for about 37% of
the total arable land in the basin (Liu et al., 2022). As the risks of water
pollution and flooding increase (Lan et al., 2024), coupled with the
amplifying effects of global warming and the escalating frequency and
severity of droughts, maize has emerged as a hotspot for climate dis-
ruptions (Rezaei et al., 2023). In particular, drought disturbances
severely affect the delicate balance between grain yield and water

consumption, resulting in large fluctuations in crop yields (Wang et al.,
2020a) and exacerbating the ongoing water crisis (Li et al., 2023).

Drought in many terrestrial regions often arises from reduced pre-
cipitation and/or increased evaporation (Dai, 2013), and such droughts
tend to be long-lasting and widespread. The dynamics of drought caused
by climate change have been extensively studied in maize cultivation
areas. For instance, extreme drought events occurring in the U.S. Corn
Belt from 1981 to 2016 have been recognized as the primary factor
contributing to losses in U.S. maize production (Li et al., 2019). During
the same period (1981–2017), the northeastern maize planting areas of
China have observed concurrent drought and high temperatures, pro-
jected to continue with increasing frequency and intensity from 2021 to
2060 (Li et al., 2022). However, less attention has been paid to the
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spatiotemporal variations in drought frequency and trends across maize
subdivided ecoregions at different periods under future scenarios,
despite the variability of drought occurrences attributable to regional
characteristics and temporal changes (Gao et al., 2023; Tripathy et al.,
2023). The lack of quantitative studies on drought risks in different
maize ecoregions over multiple scenarios-periods leaves a critical in-
formation gap, potentially hindering the ability to understand and assess
the impacts of drought changes on crops and complicate future
context-specific drought risk management.

The core of understanding these risks lies in the challenge of accu-
rately simulating yield-water consumption dynamics, especially in the
face of variable and sudden weather events such as drought. Most DSSAT
model simulations focus on crop yield (Eitzinger et al., 2017; Cam-
marano et al., 2022) and quality (Zhang et al., 2023a), yet their per-
formance in capturing the impacts of extreme weather events at the
regional level has been suboptimal (Hoogenboom et al., 2019). Current
crop models typically underestimate the adverse effects of drought and
high-temperature stress on crop yield. Among them, the DSSAT model
exhibits the highest explained variance (30%) for maize yield anomalies,
surpassing the average of all models (26%) (Heinicke et al., 2022).
Furthermore, the CMIP6 meteorological data utilized in the DSSAT
model overestimates precipitation (Chai et al., 2022), leading to an
overestimation of simulated crop yield to some extent. The model shows
acceptable accuracy in simulating ET values under non-water stress
conditions (nRMSE = 26.7%); however, it performs poorly under water
stress conditions (nRMSE = 43.8%) (Ran et al., 2020). Currently,
addressing the simulation deficiencies related to drought effects based
on the internal mechanisms of the DSSAT model remains largely un-
known (Zhang et al., 2023b). Integrating observational data with crop
growth models, along with localized adjustments to internal simulation
system parameters and followed by statistical bias correction of the
simulated values holds promise for improving the simulation of crop
yield and ET.

Water Use Efficiency, defined as the grain yield produced per unit of
water used by crops (Tolk et al., 1999) and serves as a crucial parameter
for agricultural assessment and water resource management planning
(Yu et al., 2020; Wang et al., 2020b). It can be estimated as the ratio of
grain yield to seasonal ET at the production level, calculated using
simulations from the DSSAT model (Ran et al., 2020; Han et al., 2021).
WUE not only influences the linkage between grain yield and water
consumption within cropping areas but is also subject to the constraints
imposed by drought and environmental factors (Yu et al., 2020).
Currently, there is limited information on how WUE of major crops
changes under drought conditions, particularly in the compound back-
ground of intensifying drought due to global climate change (Mbava
et al., 2020). Exploring the patterns and influencing factors of crop WUE
under varying wet and dry conditions is essential for understanding and
predicting regional grain yield and water consumption coupling re-
sponses and feedbacks. However, the strong coupling between the grain
yield and water consumption means that changes in WUE simulta-
neously affect its components (yield or ET) (Jin et al., 2018).

Consequently, the importance of comprehensively examining the pro-
cesses that influence WUE is emphasized for a deeper understanding of
grain yield-water consumption process and their response mechanisms
to climatic variations.

The objectives of this paper are to: 1) quantify the spatiotemporal
changes in drought risk and trends within the spring maize ecoregions of
the YRB across historical (1985–2014) and future (2030s, 2050s, 2080s)
periods under multiple climate model scenarios; 2) develop a method to
reduce biases within the DSSAT model for obtaining more reliable es-
timates of yield and ET; and 3) investigate the response patterns of WUE
under various moisture conditions and the driving mechanisms behind
changes in WUE attributed to yield and ET. The results of this study
provide a reliable reference for optimizing crop model simulations in
other (semi-) arid regions globally and for understanding WUE re-
sponses to changes in moisture, with practical guidance offered for
managing yield and ET to address the challenges posed by drought
under future climate scenarios.

2. Materials and methods

2.1. Study area

The YRB is located in northern China (32◦–42◦N, 95◦ to 120◦E),
spans 795,000 square kilometers, equivalent to 8% of China’s total
landmass. With a cultivated land area of 13 million hectares (Gao et al.,
2023), it boasts a rich variety of crops and serves as a crucial water
source, grain-producing region, and ecoregion in China. Maize stands
out as the largest cultivated grain crop among the diverse range of crops
grown in this basin. Based on the regional classification system for maize
cultivation areas in China (Jia et al., 2012), the YRB consists of five
major ecoregions dedicated to maize production (Fig. 1).

2.2. DSSAT description and data preparation

The DSSAT model is one of the most widely used crop system models
globally, which is commonly used for predicting and assessing grain
yield, agricultural management practices, and the impacts of climate
change on agriculture (Long et al., 2022; Hoogenboom et al., 2019). The
CERES-Maize model (v4.8) is a component of the DSSAT system, capable
of simulating key growth and development processes (Si et al., 2021). It
was employed to simulate the maize yield, water consumption, and
critical phenological stages across five major ecoregions in the YRB. The
primary data inputs included crop management practices, daily weather
data, soil profile information, and genotype coefficients.

The observational data covering for the period of 1961–2014 at a
grid resolution of 0.5◦ × 0.5◦ was downloaded from the National
Meteorological Information Center of China (http://data.cma.cn/).
Daily climate variables included maximum and minimum temperature,
precipitation, and sunshine duration (Liu et al., 2014). For this study,
the baseline period for climate change assessment was set from 1985 to
2014 (Cui et al., 2023; Liu et al., 2023).

CMIP6 offers various models and simulation data (https://esgf-node.
ipsl.upmc.fr/search/cmip6-ipsl/), enabling comprehensive understand-
ing of earth system processes (Wakatsuki et al., 2023; Chai et al., 2022;
O’Neill et al., 2016). In this study, daily weather data from five leading
global climate models (GCMs) involved in CMIP6 were utilized,
covering both historical data and future Shared Socioeconomic Path-
ways (SSPs). Here, SSP126 is a low-emission scenario, indicating less
societal vulnerability and mitigation challenges. SSP370 (medium to
high emissions and warming) has been incorporated into IPCC AR6 as a
new scenario that can provide more realistic outcomes for climate im-
pacts (Hausfather and Peters, 2020). SSP585 is a scenario with very high
emissions. Meanwhile, three time periods were considered: 2030s
(near-term), 2050s (mid-term), and 2080s (long-term) to capture the
variability of future climate conditions. Considering the variations in
original resolutions among GCMs (Table S1), Spatial Disaggregation

Abbreviations

WUE Water Use Efficiency
CMIP6 Coupled Model Intercomparison Project Phase 6
DSSAT Decision Support System for Agrotechnology Transfer
SSP Shared Socioeconomic Pathway
ET Evapotranspiration
GCMs Global Climate Models
SPEI Standardized Precipitation and Evapotranspiration

Index
PET Potential Evapotranspiration
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methods were applied for statistical downscaling and Equidistant Cu-
mulative Distribution Functions were used for bias correction to
downscale the climate model data to a 0.5◦ × 0.5◦ resolution (Su et al.,
2021; Zhang et al., 2023a).

Soil data for each maize planting zone got from the global high-
resolution soil profile dataset available at https://dataverse.harvard.
edu/. This dataset includes comprehensive soil characteristics like
depth, water holding capacity, organic matter content, total nitrogen,
pH value, and cation exchange capacity. It was developed using ISRIC’s
SoilGrids to directly compatible with the DSSAT model soil inputs (Han
et al., 2015).

2.3. SPEI index

The Standardized Precipitation and Evapotranspiration Index (SPEI)
is a comprehensive index that takes into account both precipitation and
Potential Evapotranspiration (PET), enabling accurate calculation and
measurement of drought severity (Su et al., 2021; Mishra and Singh,
2010). This study focuses on the growing season (April to October) in the
five major spring maize regions of the YRB, so drought conditions were
exclusively investigated during this period. The detailed calculation
method can be described in Method S1, and the dry-wet classification (9
levels) is shown in Table S2.

2.4. DSSAT-CERES-maize model calibration and evaluation

In this study, the performance of the CERES-Maize model was
assessed by simulating key growth stages including flowering and
maturity, along with maize yield. The crop production data (n = 54),
including growth stages and yield, were collected from agricultural
weather stations by the National Meteorological Information Center for
model calibration and validation (2001–2006). Meanwhile, the
Parameter ESTimation (PEST) method proposed by Ma et al. (2020) in
conjunction with trial-and-error calibration was employed to adjust
maize genotype coefficients. Region III lacked historical management
and yield data records due to the relatively smaller area and coverage
primarily consisting of autonomous counties. Given the adjacency of
region III to IV, with similar soil conditions and crop varieties, homo-
geneity in crop growth between regions III and IV was hypothesized
based on a representative site located in the intersection of the two
regions.

The calibration and validation results were quantified using several
statistical indicators, including root mean square error (RMSE),
normalized root mean square error (nRMSE), and mean error (ME)
(Zhang et al., 2023a; Jiang et al., 2016). The specific calculation for-
mulas are provided in Equations (1)–(3):

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Si − Oi)

n

√
√
√
√
√

(1)

nRMSE=
RMSE
O

× 100% (2)

ME=
1
n
∑n

i=1
(Si − Oi) (3)

Where Si and Oi represent the simulated and observed values, respec-
tively, while O denotes the mean of the observed values, and n stands for
the sample size.

Following the calibration and validation of the genetic coefficients,
historical and future climate data were used as inputs for the CERES-
Maize model to simulate regional maize yield and ET. The crop model
simulation was extended from individual field sites to regional scale
using the “DSSAT model + Geographic Information System” approach
(Lv et al., 2013). The detailed steps for simulating regional yield and ET
stated in Method S2.

Additionally, a more reasonable and accurate simulation result
correction method was proposed based on the concept of yield gap to
mitigate the inherent average bias in regional simulation systems,
thereby obtaining more robust estimates of yield/ET. Disparities before
and after correction was proposed by selecting a representative grid
point at the center of each region for simulation value correction (Eqs.
(4)–(6)).

SDi,j,k =DSSATObs
i,j,k −

1
M
∑M

m=1
DSSATModm

i,j,k (4)

MSBj,k =
1
N
∑N

i=1
SDi,j,k (5)

CSVi,j,k =MSBj,k +
1
M
∑M

m=1
DSSATModm

i,j,k (6)

where SD represents the simulated value difference in year i for grid
point (j, k). MSB denotes the mean bias over the years. M denotes the
total number of CMIP6 models used, and j,k represent the latitude and
longitude of the grid points, respectively. DSSATObsi,j,k indicates the DSSAT
result as driven by the observed weather data for the baseline period.
DSSATModm

i,j,k represents the DSSAT result as driven by the historical
simulation from them-th CMIP6 climate model.N denotes the number of
simulation years. The finally corrected simulated value (CSV) equals to
the sum ofMSB and the average of the DSSATModm

i,j,k results driven by five
CMIP6 models’ climate simulations.

2.5. Statistical analysis

The Sen’s slope estimator is a non-parametric statistic method
commonly employed for trend analysis, while the Mann-Kendall (M-K)
test is widely utilized to determine the significance of the trend (Wei
et al., 2023; Yang et al., 2021). In this study, an integration of Sen’s

Fig. 1. Five maize ecoregions in the YRB of China.
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method with the M-K test was adopted to examine the trends in tem-
perature, precipitation, and SPEI within the maize-growing regions of
the YRB. The “trend” package (https://cran.r-project.org/web/packag
es/trend/index.html) in R was used for this analysis.

This study utilized drought frequency (Fd) as an indicator to assess
the variability of drought characteristics in maize regions across the YRB
(Omer et al., 2021). Fd was calculated using the formula provided in
Equation (7).

Fd = d/D× 100% (7)

where d denotes the count of drought occurrences within the data
sequence; D signifies the total number of data sequences.

The trend of SPEI at each grid point was spatially interpolated using
the inverse distance weighting method, which performs well when the
known points are evenly distributed (Yao et al., 2020).

In this study, WUE (kg ha− 1 mm− 1) was calculated using Equation
(8).

WUEsim j,k,i =Yieldsim j,k,i

/
ETsim j,k,i (8)

where Yieldsimj,k,i is the simulated crop yield (kg ha− 1) for grid point (j,k)
in year I and ETsimj,k,i is the simulated evapotranspiration (mm) for grid
point (j,k) in year i of the maize growth period.

To quantify the driving effects and relative importance of yield and/
or ET on changes in WUE, the “ppcor” (https://cran.r-project.org/web/
packages/ppcor/index.html) and “relaimpo” (https://cran.r-project.or
g/web/packages/relaimpo/index.html) packages in R was utilized.
The partial correlation focuses primarily on the direct relationship be-
tween two variables after controlling for the influence of other variables
(Li et al., 2020), while the latter (“relaimpo”) is utilized to evaluate the

importance of each variable in relation to its overall impact (Zhao et al.,
2021).

3. Results

3.1. Drought risk under ensemble of multiple global climate models

3.1.1. Interannual variability of temperature and precipitation
The CMIP6 model ensemble exhibited satisfactory performance in

simulating the historical climate of the YRB from 1985 to 2014. The
RMSE, nRMSE, and ME between the multi-model annual mean tem-
perature and observations were 0.30 ◦C, 2.39%, and 0.10 ◦C (Fig. 2a).
Similarly, the model successfully captured the historical variations in
average spring maize growing season precipitation in the YRB, with
RMSE, nRMSE, and ME values of 6.60 mm mth− 1, 10.82% and − 2.10
mm mth− 1, respectively (Fig. 2b).

In total, significant increases (p < 0.05) in temperature and precip-
itation are projected for the YRB over the next 80 years (Fig. 2). Under
the SSP126 scenario, temperature is expected to rise by an average of
1.79 ◦C (11.37%), accompanied by a monthly increase of 5.67 mm
(8.85%) of precipitation compared to historical levels. For the SSP370
scenario, temperature is projected to increase by an average of 2.99 ◦C
(17.64%), with a corresponding monthly precipitation increase of 5.96
mm (9.26%). The largest increases are anticipated under the SSP585
scenario, where temperature and precipitation are estimated to rise by
an average of 3.68 ◦C (20.86%) and 7.51 mm mth− 1 (11.39%) respec-
tively (Table S3 and Table S4).

3.1.2. Spatiotemporal characteristics of drought risk
The drought risk in the YRB was relatively stable during historical

periods, whereas future drought risks exhibited distributed fluctuations

Fig. 2. Land surface air temperature and precipitation in the YRB based on observations and CMIP6 simulations. (a), (b) are the observed (black line) and simulated
changes in annual land surface air temperature (◦C) and annual mean month precipitation (mm mth− 1) during the historical (grey line) period of 1985–2014 and
future periods of 2030s, 2050s and 2080s under SSP126 (pink line), SSP370 (red line) and SSP585 (green line) across 5 CMIP6 models. The lines represent the
ensemble mean time series, and the shading shows the uncertainty (25%–75%) in terms of the interquartile range across ensemble members.
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(Fig. 3a–d). Specifically, the average drought frequency ranged between
48.6% and 49.9% during the baseline period in the five major maize-
growing regions. Across various future scenarios and periods, 62.2%
of the average drought frequencies demonstrated characteristics of in-
crease, while the remaining 37.8% showed a decrease, predominantly
occurring in the western regions (III, IV, V) of the YRB. Among these
zones, region V under the SSP126 scenario showed the largest increase
(13.5%) in drought risk in the 2030s, with an expected frequency as high
as 62.5%. Conversely, region III exhibited the lowest future near-term
drought risk under the SSP585 scenario (33.0%), indicating a decrease
of 16.8%.

The SPEI of most grid points exhibited non-significant trends
(Figs. 3b and 4a). Only two grid points in region I and seven grid points
in region IV displayed pronounced drought; no statistically significant
changes were observed in moisture levels for the remaining 303 grid
points (Fig. 3b). There was an overall increase (6.06%) in the number of
grid points exhibiting significant changes in moisture conditions across
various future scenarios and periods. But this increase only represented
8.94% of all grid points with statistically significant trends in moisture
conditions for the future. Region V exhibited a relatively higher pro-
portion (5/6, +83.33%) of significant SPEI trends in the 2080s under
SSP126 scenario compared to the other four maize regions (Fig. 4a).
Taken together, approximately 91.7% of the dry-wet trends had no
significant changes.

The spatial heterogeneity of wet-dry trends across the five maize
regions was evident in both historical and future periods (Figs. 3c and

4b). During the baseline period, the SPEI exhibited a pattern of
increasing aridity towards the eastern and western ecoregions, while
becoming wetter towards the center regions (I and II: the parts of Inner
Mongolia, Shaanxi, Gansu, Ningxia), with the declining trend regions
covering 66.03% of the total area (Fig. 3c). In the three periods for both
the SSP126 and SSP370 scenarios, the eastern portion (I, II) of the YRB
experienced increasing aridity throughout the 2030s, with monolithic
aridification across the region in the 2050s. However, more than 60% of
regions would become wetter in the 2080s compare to the baseline.
Conversely, escalating aridity was predicted for the YRB over time under
the SSP585 scenario with dry regions continuously expanding beyond
the 2030s (Fig. 4b).

3.2. Calibration and validation of DSSAT-CERES-maize model

Comparison between observed and simulated yield, flowering and
maturity date from representative sites for the calibration dataset
demonstrated that the DSSAT-CERES-Maize model gave accurate
simulation results (nRMSE <10%: excellent) for the different regions.
The nRMSE between observed and simulated values for yield (HWAM),
anthesis date (ADAP), and maturity date (MDAP) were 3.60%–8.51%,
2.30%–9.58%, and 4.19%–8.09%, respectively (Fig. 5 and Table 1).

At the regional level, it was also evident that the overall accuracy of
DSSAT-CERES-Maize model simulations is enhanced and deemed
acceptable subsequent to correction (Fig. 6). Employing the corrected
approach led to an average reduction in errors of 4.00% for yield and

Fig. 3. Drought frequency, SPEI temporal trends and their spatial changes in historical periods, and drought frequency in future periods. (a) The probability density
function (PDF) of the drought frequency during the historical (1985–2014) period in each maize ecoregion. The dotted lines of different colors are the mean lines of
drought frequency in each maize ecoregion. (b) The drought trend of the maize ecoregions in the YRB over the period 1985–2014. The red dotted line in (b) indicates
that the SPEI trend is 0. In (b), the rose red symbols represent grid points that had significant trends (p < 0.05) in SPEI, while the blue symbols represent grid points
with insignificant trends. (c) The spatial distribution of SPEI changing trend for the historical period (1985–2014) in the YRB. (d) The PDF of the drought frequency
during 2021–2040, 2041–2070 and 2071–2100 (columns) and for the SSP126, SSP370 and SSP585 climate scenarios (rows) at the five maize ecoregions in the YRB.
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9.73% for ET compared to direct simulation methods. The nRMSE be-
tween the simulated values of the representative grid points in each
maize region for the historical period and the values estimated from
observed grid meteorological data were 13.68%–17.86% (yield) and
10.83%–42.74% (ET), respectively. Following correction based on the
concept of yield gap (the average deviation derived from coupled
simulation and observation), the nRMSE values for yield and ET ranged
from 8.30% to 15.60% and 7.61%–29.24%.

3.3. Response of WUE to drought risk

Few occurrences of severe and extreme conditions were observed
across different wet-dry gradient categories in the maize ecoregions
(Fig. 7a). The majority of drought and wet events in the maize regions of
the YRB were concentrated in the slight to moderate severity levels
(42.1%–46.4%) during the reference period, with the proportion of se-
vere and extreme conditions only 0.7%–2.0%. The prevalence of severe
and extreme conditions in the future failed to exceed 2.6% compared to
the historical period. When aggregating all SPEI categories under future

Fig. 4. SPEI temporal trends and their spatial changes in the future. (a) The SPEI trend of the five maize ecoregions (I, II, III, IV, V) in the 2030s, 2050s and 2080s
under SSP126, SSP370 and SSP585 scenarios in the YRB. The red dotted line in (a) indicates that SPEI trend is 0. In (a), the rose red symbols represent grids that had
significant trends (p < 0.05) in SPEI, while the blue symbols represent grids with insignificant trends. (b) The spatial distribution of SPEI trend in the future periods
(2030s, 2050s and 2080s) under three scenarios (SSP126, SSP370, and SSP585) in the subregions of the YRB.
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scenario-periods across all regions, only 1.3% were observed to fall
within the severe and extreme range.

Next, the response of WUE to varying wet-dry conditions was
investigated across multiple scenarios and periods. All maize regions
exhibited a peak of WUE under both dry and wet conditions, with WUE
predominantly reaching its peak under slight to moderate moisture
conditions (Fig. 7b). WUE peak values in regions I-V ranged from 4.2 to
7.3 kg ha− 1 mm− 1 during 1985–2014. The future three scenario-periods
showed reductions in WUE peaks in comparison with the baseline.
Among these, the peak value reduction range (− 4.08 ~ − 0.74 kg ha− 1

mm− 1)in WUE was the most pronounced in the 2080s under SSP585
scenario.

3.4. Contribution of yield and ET on WUE

A consistent strong correlation was observed between yield in region
I and II, as well as ET in region IV with WUE across all scenarios and
periods, However, the impacts of yield/ET on WUE varied in region III
and V (Fig. 8a). Specifically, a significant positive correlation was
identified between yield and WUE in region I and II (Pcor: 0.927–0.997,
p < 0.001), while ET showed a significant negative correlation with
WUE in region IV (Pcor: 0.911 ~ − 0.953, p < 0.001). In partial corre-
lation analysis, irrespective of controlling for yield or ET, the correlation
between these two variables and WUE remained highly significant (p <

0.001), indicating that yield and ET were pivotal factors impacting WUE
variations across scenarios and periods in the five major maize regions
(Table S5).

The relative importance of yield and ET in influencing WUE was
further analyzed across different maize regions. The findings indicated
that WUE in region I and II was predominantly driven by yield, while
WUE in region IV and V was mainly influenced by ET. The relative
importance of yield (I: 81%–92%, II: 77%–90%) greatly surpassed that
of ET in region I and II, while in region IV and V, the relative importance

of ET (IV: 64%–70%, V: 52%–64%) slightly outweighed that of yield.
However, the dominant factor governing WUE in region III varied across
different scenario-periods (Fig. 8b).

4. Discussion

4.1. Drought risk continued with limited exacerbation in the future

The findings indicated that the frequency and intensity of future
droughts remain relatively stable, with no clear worsening trend. This
finding was consistent with the simulations reported by Leng et al.
(2015), which noted that the incidence of meteorological droughts in
the YRB from 2020 to 2049 either decreased or remained unchanged
under the RCP8.5 scenario compared with 1971–2000. A recent study by
Deng et al. (2023) also demonstrated that future drought risk in the
upper, middle and lower reaches of the YRB is projected to vary from
− 1.24 to 0.82 under the SSP585 scenario compared to the baseline
period. Nevertheless, attention is still required for drought risk pre-
vention in the YRB. Reducing vulnerability generally takes precedence
over overcoming shortfalls when addressing drought risk. The appro-
priate promotion of fertilization, supplemented by improvements in
planting structure, may alleviate this situation.

The results also indicated that the SPEI of most grid points in the five
maize regions revealed insignificant trends and exhibited spatial dif-
ferentiation across various scenarios and time periods. Consistent with
previous research on drought in the YRB, SPEI showed a non-significant
declining trend during 1985–2014 and 2041–2070 under the SSP585
scenario (Deng et al., 2023). In contrast, an analysis based on data from
124 meteorological stations in the YRB from 1961 to 2015 revealed a
non-significant increasing trend in SPEI (Wang et al., 2019). Regarding
discrepancies between model predictions and observations, high accu-
racy was demonstrated between observed and simulated meteorological
factors (temperature and precipitation) (Fig. 2). This ensures that the

Fig. 5. Comparison between observed and simulated yield at HWAM, ADAP, and MDAP for the representative stations in five regions. The solid black line is the 1:1
reference line and the two black dashed lines represent the upper and lower error bars.

Table 1
Validation of DSSAT-CERES-Maize model for simulating phenology, grain yield for each maize ecoregion in the YRB.

Regional Rep Region Year Parameter ME (kg ha− 1) RMSE (kg ha− 1) nRMSE (%)

Xixian I 2001–2003 Yield 9.67 139.70 3.60
ADAP − 11.67 11.93 5.64
MDAP − 12.67 14.49 5.41

Jiexiu II 2002–2007 Yield − 135.58 273.75 6.29
ADAP 0.67 4.58 2.30
MDAP − 7.67 10.46 4.19

Menyuan III/IV 2001–2003 Yield 32.67 726.98 8.51
ADAP − 19.67 19.71 9.58
MDAP − 9.67 10.25 4.38

Pingwu V 2001–2006 Yield 55.83 114.27 5.45
ADAP − 8.17 10.70 4.93
MDAP 4.50 21.47 8.09

Note: III/IV, sharing the same set of crop variety genetic parameters between region III and IV as mentioned in the methods 2.4.
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assessment of trend significance is reliable. This information enhances
the applicability and reliability of the results of this study. It further il-
lustrates that although maize-producing areas are susceptible to drought
in different scenarios and periods, the overall severity of drought has not
increased. The nonsignificance of most SPEI trends may also imply that
the exacerbation of drought experienced by local maize regions could be
mitigated by relevant climatic factors. On the other hand, the differing
SPEI trends among regions necessitate that local agricultural practi-
tioners adopt targeted drought-resistant measures, develop water-saving
agriculture, and fully utilize natural precipitation and irrigation water to
prevent drought disasters from adversely impacting regional food se-
curity (Gao et al., 2023).

The occurrence of severe and extreme wet-dry conditions is rare
across maize regions in the YRB as depicted in Fig. 7. These findings
align with those reported by Omer et al. (2021), which identified that
drought events in the YRB during 1981–2010 were predominantly mild
to moderate in severity. Precipitation and temperature represent the
most direct factors influencing drought intensity, exerting constraints on
both the upper and lower limits of drought severity (Gao et al., 2023).
Temperature-driven PET also plays an important role in drought evo-
lution, as higher temperatures generally increase atmospheric water
demand, leading to elevated PET (Li et al., 2017; Ohmura and Wild,

2002). The scarcity of severe and extreme wet-dry conditions observed
in this study may arise from the interplay among precipitation, tem-
perature, and PET (Fig. 2). These results suggest that future maize
cultivation in these areas may not experience significant drought dis-
turbances under various scenarios and periods. The study highlights the
interconnectivity between wet-dry variations in the YRB and subdivided
maize regions. It provides valuable insights into spatiotemporal dy-
namics and appropriate combinations of division-scenario-period se-
lections for drought studies.

4.2. Better performance of the crop model following refined bias
correction

The simulation results of the DSSAT-CERES-Maize model in different
ecoregions demonstrated high accuracy, but there were also relative
discrete cases of individual data points. On the one hand, it may be
attributed to the direct influence of crop genetic parameters. The six
parameters in the model are not completely independent; altering one
can disrupt the entire simulation results. Among these, the phenological
cultivar parameter is the most influential model parameter (Venkatesan
and Pazhanivelan, 2018). When investigating the effects of changes in
input variables and parameters on model behavior, sensitive parameters

Fig. 6. Comparisons and validations the model simulation values from five CMIP6 models and yield, ET estimates from the coupling observation-simulation
correction based on the concept of yield gap against yield and ET measurement results of the 1985–2014 growing season at representative points in the five
maize ecoregions in the YRB. Blue and orange solid circles represent data points after and before correction of the model simulation, respectively. The red dashed
lines are 1:1 line and the boxes show the effect of the dense scatter points being enlarged.
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should be carefully adjusted. Another possible reason is that errors in ET
estimation occur due to the impact of cultivar parameters on water stress
sensitivity. Previous studies have shown that there are significant dif-
ferences in ET between cultivars given the same available water (Thapa
et al., 2020). Currently, the cultivar parameters in CERES-Maize do not
include sensitivity parameters to water stress, which may lead to sub-
optimal model performance (Menefee et al., 2021). There are large
differences between the simulation results and the data from agricul-
tural meteorological station in certain years, which may also be related
to various factors such as observation and sampling.

An effective approach involves obtaining more reliable regional
yield/ET estimates by reducing the internal biases of the model system
through correction. The current information reflected from relevant
studies essentially confirms that the DSSAT model fails to adequately
incorporate the impacts of pests, diseases, hail, and freezing on crop
yield (Araya et al., 2017). Other global gridded crop models including
the DSSAT model will underestimate the future yield decline caused by
climate warming (Heinicke et al., 2022). In other words, the yield
simulated by the model is an over-estimated result. The
DSSAT-CERES-Maize model used to simulate maize water consumption
in arid areas also overestimates ET because it fails to perceive any water
stress (Ran et al., 2020). This illustrates that the DSSAT model’s

insensitivity in monitoring factors negatively affecting crop response
due to systemic mechanisms in regional applications remains a core
problem that needs urgent resolution (Zhang et al., 2023a; Eitzinger
et al., 2017). It is strongly suggested that alternatives to the model
simulation mechanism be considered until the model system is improved
and upgraded (Zhang et al., 2023b). By combining observed weather
data with verified CMIP6 data and utilizing a new model correction
scheme derived from the concept of yield difference, the average devi-
ation between observation and simulation can be locally adjusted. This
integration can enhance the precision of yield and water consumption
simulations for the study area. It is noteworthy that no single model (or
set of models) outperforms all others across different crops and event
types (Heinicke et al., 2022). Therefore, the correction scheme can also
serve as a framework for similar studies of other cropmodels, facilitating
precise monitoring of crop yield and water resource security by future
crop growth models.

4.3. WUE thresholds attributed to the linkage of yield and ET

It was found that the WUE in different maize regions exhibits peaks
under both dry and wet conditions; however, the extent of peak WUE
varied, indicating the presence of a “threshold” for the impact of

Fig. 7. The relationship between SPEI and WUE. (a) The proportion of various dry and wet moisture gradients in each maize region in the YRB under the four
scenarios of Historical, SSP126, SSP370, and SSP585, as well as the four periods of baseline (1985–2014), the future 2030s, 2050s and 2080s. Total represents the
number of data points used in the analysis of moisture conditions for each maize region. (b) Responses of WUE to drought in the 2030s, 2050s and 2080s under
SSP126, SSP370 and SSP585 scenarios for different maize ecoregions. All values are means ± standard deviation (sd). The error bars in all the subplots represent one
sd and the shaded area indicates that the moisture status is in the normal category.
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moisture conditions and drought severity on WUE. As previously
documented, crop WUE becomes constrained when moisture conditions
fall below or exceed this threshold (Zhang et al., 2024; Xu et al., 2019).
This phenomenon can be attributed to multiple factors. Soil moisture
can both meet the growth needs of crops and avoid adverse effects such
as root hypoxia caused by excessive moisture under slight to moderate
dry/wet conditions (Fig. 7b). Previous studies have shown that roots
penetrate deeper into the soil, enabling more effective water utilization
and enhancing crop yield, thereby increasing WUE within a certain
range under warm and wet climates (Mbava et al., 2020). In this study,
the WUE inflection points predominantly occurred near mild to mod-
erate drought levels, which precisely reflects the physiological adaptive
capacity of maize in these regions to environmental changes. Further-
more, the response of WUE to drought also depends on the sensitivity of
yield and ET to water deficit, with this sensitivity varying across
different climatic zones (Cecil et al., 2023; Lin et al., 2015; Li et al.,
2023). Maize grown in semi-arid environments responds more quickly

to water limitations (Zou et al., 2021), with a greater decrease in ET
compared to yield, thereby increasing WUE. In arid regions, maize as a
C4 crop has evolved stronger drought resistance through long-term
adaptation to dry conditions (Chipanshi et al., 2003). Conversely,
maize has poorer drought adaptability in semi-humid regions. In gen-
eral, WUE fails to reach peak when water supply is abundant and crop
yield is highest (Jin et al., 2018). It should be emphasized that differ-
ences in sensitivity to water stress between yield and ET in different
maize production regions lead to various response of WUE to drought.
This is an important reason for investigating how different wet-dry
gradients affect WUE changes.

In this study, it was also observed that yield was the primary driver of
WUE in region I and II, while ET was the dominant factor in regions IV
and V. This is consistent with previous studies suggesting that the
differing influences of yield and ET on WUE may be partly attributed to
the geographical and climatic differences among major crop-producing
areas in the YRB (Liu et al., 2022). Additionally, no consistent dominant

Fig. 8. The dominance of yield and ET over WUE. (a) The ratio of the partial correlation coefficient between WUE and yield to that between WUE and ET in the
baseline (1985–2014) and future (2030s, 2050s, 2080s) periods for Historical, SSP126, SSP370 and SSP585 across five CMIP6 models. The light green square in-
dicates that yield plays the dominant role, and the orange pink square indicates that ET plays the dominant role. (b) The relative importance (%) of yield (green) and
ET (red) variables in influencing WUE across five subregions.
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factor was identified within region III, as corroborated by the ratio of the
partial correlation coefficients between yield and ET (Fig. 8a). This
inconsistency may be due to the small land area and limited data
availability in region III, leading to variability in the results. Given the
similarity of crop varieties in regions III and IV, results from region III
may be categorized similarly to those from region IV. Crop varieties and
fertilization practices are expected to have a more significant impact on
maize WUE in regions I and II, while water availability and irrigation
management are key determinants in regions III, IV, and V.

4.4. Implication, limitation and future scope

This study holds important implications for assessing the WUE of
maize in water-scarce regions under varying wet and dry conditions. The
newly developed bias correction method shows that the DSSAT-CERES
model can predict yield and ET with greater accuracy across different
scenarios. The threshold dynamics of WUE contain abundant feedback
information regarding crop yield and ET, enabling a precise decision on
whether to prioritize yield enhancement or water-saving strategies to
ensure the stability of future maize WUE.

However, this study also has some limitations. (1) Although the
historical simulations of the climate model are well aligned with
observed values, they are still unable to fully capture the delicate details
of extreme weather events (Chai et al., 2022), which may lead to biases
when predicting the frequency of extreme high temperatures or heavy
rainfall in the future. (2) The focus was primarily on the changes in SPEI
under climate conditions, excluding scenarios involving anthropogenic
interventions (such as irrigation or water replenishment). (3) In the
dynamic physiological process of crop growth, changes in WUE may lag
behind the occurrence of meteorological drought, resulting in its
underestimation/overestimation. However, the analysis is based on the
overall relationship between the established yield/ET ratio and SPEI
during the maize growing season over an extended time series, rather
than instantaneous changes. Even if there is a lag effect between the two,
its impact has been partially smoothed within the time scale, thus not
affecting the overall conclusions of this paper. (4) As this study con-
centrates on the biophysical impacts of climate change on agricultural
systems rather than on economic analyses, relevant economic assess-
ments would require additional region-specific economic data and
market conditions; therefore, techno-economic estimation is not
included so far. Future studies could focus on developing more advanced
climate models or integrating larger model ensembles, combined with
the bias correction method proposed in this study for crop model
simulation outcomes, to better simulate extreme events and reduce the
uncertainties derived from the model predictions. Secondly, while
meteorological drought can capture the impacts of climate change on
maize yield and ET, incorporating more agricultural and hydrological
drought indicators would help to improve the accuracy of integrated
drought assessments, and thus provide a more comprehensive under-
standing of the adaptive and regulatory capacity of precision fertil-
ization/irrigation management strategies to the negative effects of
climate change. Finally, long-term data regarding yield, water con-
sumption, meteorology, and socioeconomic information from different
maize varieties and regions could also be collected and matched
accordingly by incorporating crop, climate, and agro-economic models
to examine the combined effects of climate change on varietal, regional,
and socioeconomic differences.

Despite the above limitations, the proposed model bias correction
method provides a new perspective on yield and ET estimations and
enhances the practical application to WUE. Compared to traditional
drought impact analysis, the multi-moisture gradient analysis imple-
mented in this paper has more clearly physical significance and further
refines the dry-wet impacts. Accurately estimating of WUE dynamics in
climatically diverse maize ecoregions is critical, and these findings are
expected to have broader applicability to other large-scale regions.

5. Conclusions

This study employed CMIP6 climate models and the DSSAT-CERES-
Maize model to evaluate the response patterns of WUE to drought, yield,
and ET within five maize regions in the YRB. The average drought fre-
quency across the maize ecoregions has been estimated to be 49%
(historical)± 15.13% (future fluctuation) over time. Future drought risk
is expected to increase universally (62%) across all scenarios and pe-
riods. The northwestern region (III) exhibited the lowest drought risk
under the SSP585 scenario, whereas the southwestern region (V)
showed the highest drought risk under SSP126 in the 2030s. Analysis
spanning the past 30 years and future 80 years revealed that over 90% of
drought trends showed no significant changes, with rare occurrences of
severe droughts (1.28%). The newly proposed method for refining
simulation results significantly reduced DSSAT model biases in yield
(nRMSE: 4.00%) and ET (nRMSE: 9.73%), providing a viable approach
for model optimization and application. Comparing the response of
WUE to drought in each maize ecoregion, it was found that WUE ach-
ieved higher values under slight and moderate moisture conditions in
most cases. WUE was primarily driven by yield in the eastern (I and II),
while WUE was mainly affected by ET in the western (III, IV, and V)
regions. In conclusion, this study helps to understand the water use
dynamics under different drought intensities and improve the stability
and adaptability of maize yield. The relative contribution of yield and ET
changes caused by climate factors to WUE may change with increasing
future temperatures and drought, which is more convincing when
combined with crop ecoregionalization. It also provides guidance for the
future research on the coupling relationship between irrigation and
fertilization strategies and grain yield-water consumption according to
local conditions.
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