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ARTICLE INFO ABSTRACT
Keywords: Agricultural drought poses a significant threat to food security and human sustainability by reducing crop yields,
Climate change and it is projected to intensify in the future due to ongoing global warming and increasing rainfall variability. As
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a key contributor to the worldwide food supply, the New South Wales (NSW) wheat belt in southeastern Australia
is highly exposed to drought-related risks due to its prevailing dry climate and reliance on the rain-fed cropping
system. Yet the future impacts of agricultural drought on regional wheat yields remain poorly quantified under
climate change. This study aims to evaluate the risk of wheat yield losses induced by agricultural drought under
different climate scenarios, focusing on its spatial distribution and temporal evolution across the NSW wheat
belt. We integrated a process-based crop simulation model with a probabilistic approach to assess wheat yield
loss risk under future climate scenarios. Agricultural Production System sIMulator (APSIM) model was forced
with climate data from multiple Global Climate Models (GCMs), enabling the simulation of long-term wheat yield
and plant available water (PAW). The simulated PAW values were standardized to derive SPAWI (Standardized
Plant Available Water Index), which was used to characterize drought conditions. Copula functions were then
utilized to construct the joint probability distribution between wheat yield and SPAWI, allowing the calculation
of yield loss probabilities and the identification of drought trigger thresholds. There was a rising trend in agri-
cultural drought frequency across the wheat belt, especially under the Hot/Dry scenarios. Regional results
showed elevated wheat yield loss probabilities in the future, approaching 10 % in the drier and warmer areas.
Moreover, the drought index thresholds for triggering wheat yield loss were higher over dry areas but lower in
the wet region. Uncertainty attribution analysis identified GCM selection as the primary source of yield loss
probability change in arid regions, while in wet regions, the choice of copula function played a more critical role.
Our findings show a rising risk of wheat yield loss in the NSW wheat belt under future climate scenarios and
reveal substantial spatiotemporal heterogeneity in yield impacts. The results offer critical geographic insights for
supporting localized adaptation strategies and evidence-based agricultural planning under drought conditions in
the future.
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Fig. 1. The spatial distribution of 918 study sites and 3 sub-regions in the NSW wheat belt (a). Historical (1981-2020) mean annual precipitation (P), maximum
(Tmax) and minimum temperatures (Tmin) during the wheat growing season (Apr. — Nov.) across the study region (b-d). Grey lines in the map represent the shire

boundary of each sub-region.
1. Introduction

Future climate change is projected to result in rising global tem-
peratures and increased precipitation variability (IPCC, 2021; Schaeffer
et al., 2025). These changes are expected to intensify both the frequency
and severity of drought events (Messori et al., 2025; Wu et al., 2025).

Drought is a multifaceted environmental hazard with complex causal
mechanisms and far-reaching consequences, particularly in agricultural
systems (Dubey and Ghosh, 2023; Hao et al., 2024; Tang et al., 2024;
Wang and Wang, 2023; Zhang et al., 2023b; Zhou et al., 2024). Agri-
cultural drought, defined by insufficient soil moisture for optimal plant
growth, poses a serious threat to global food security due to its direct
impact on crop yields (Hou et al., 2024; Tefera et al., 2024; Yang et al.,
2024), and significantly reduces crop productivity at both global and
regional scales (Li et al., 2019; Zhang et al., 2024). For instance,
Australia experienced widespread agricultural drought in 2018, result-
ing in a notable decline in wheat yields due to prolonged soil moisture
deficits, particularly across New South Wales (NSW), Australia (Feng
et al.,, 2020b; Xiang et al., 2023). As the frequency and intensity of
droughts are projected to escalate under future climate scenarios
(Hosseinzadehtalaei et al., 2024; Smith et al., 2024), the stability of
agricultural production is expected to face increasing challenges (Wang
et al., 2024b). This underscores the need for systematic evaluation of
drought impacts on crop productivity within the framework of future
climate projections.

The prevailing analytical approaches that assess crop yield response
to drought typically incorporate variables such as rainfall, evapotrans-
piration, and soil moisture to estimate impacts on water availability (Cui
et al., 2019; Dietz et al., 2021; Lai et al., 2024; Luo et al., 2023).
Compared with other variables such as rainfall reduction or increased
evaporative demand due to rising temperatures (Kim et al., 2023; Zhao
et al., 2022), soil moisture is a particularly robust factor, as it is closely
associated with root-zone conditions and plant physiological processes
(Kersebaum and Stockle, 2022), thus providing more timely warnings of
agricultural drought onset (Chen et al., 2020b; Feng et al., 2022; Qing
et al., 2022). In addition, the buffer capacity of soil to retain water can
mitigate transient rainfall deficits or increased evaporative stress,
making it a more reliable predictor of agricultural drought onset and
yield impact (Chen et al., 2024; He et al., 2022; Xiang et al., 2025).
However, crop yield has been primarily linked to rainfall-based

meteorological drought, while soil water-induced agricultural drought
has received little attention owing to limited soil moisture data (Gu
et al., 2025). Moreover, previous studies have predominantly focused on
historical or current yield responses to meteorological drought, with
limited evaluation of soil water-induced agricultural drought, especially
under different future climate scenarios (Gajurel et al., 2024; Pinke
et al., 2022; Rodriguez et al., 2024).

Probabilistic analysis methods have been increasingly applied to
assess the impacts of climate change on crop yields, as they can capture
dynamic probability changes under various conditions (Li et al., 2025b;
Wang et al., 2024b; Xiang et al., 2023). In contrast to deterministic
approaches, which typically focus on linear relationships between var-
iables (Geng et al., 2023; Zhao et al., 2024), probabilistic methods rely
on joint distribution functions to estimate the likelihood of specific
outcomes (Guo et al., 2025b; Seo et al., 2024; Xie et al., 2025). It also
facilitates the evaluation of risks associated with extreme events, which
are often difficult to capture using deterministic methods (Gao et al.,
2025; Han et al., 2024). In addition, probabilistic frameworks allow the
estimation of yield loss probabilities and the identification of
drought-vulnerable areas based on drought index thresholds, thereby
supporting more effective and region-specific responses (Hultgren et al.,
2025). Yet, the application of such approaches to agricultural drought in
Australia remains scarce, and no study has systematically identified
hotspot regions with high yield losses under varying drought intensities.

This study proposes an integrated framework for evaluating the risk
of wheat yield reduction resulting from agricultural drought under
future climate change by combining a process-based crop model with a
joint probability approach. Soil water variation is employed as a primary
drought indicator. Using the NSW wheat belt as a case study, we
quantitatively examined the spatiotemporal patterns of yield loss
probabilities and identified the drought-trigger thresholds under various
future climate scenarios. The objectives of this study are threefold: (1)
quantifying how the frequency and severity of agricultural droughts
have changed over time; (2) assessing how yield loss probabilities and
drought thresholds are projected to shift under different climate sce-
narios; and (3) evaluating the uncertainties associated with these pro-
jections. The findings are expected to inform local strategies for
mitigating future drought impacts on wheat production and to serve as a
reference for agricultural regions with similar climatic conditions facing
drought risk.
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Fig. 2. Change of projected precipitation and mean temperature (2021-2100) in wheat growing season (Apr. — Nov.) relative to the historical period (1981-2020) for
27 GCMs under SSP245 (a) and SSP585 (b) across the NSW wheat belt. Boxplots are the relative change of precipitation and mean temperature for the three selected
climate scenarios (i.e., Cool/Wet, Hot/Dry, and Middle) for SSP245 and SSP585. The numbers in (a) and (b) represent the number of GCMs located in each quadrant.

2. Materials and methods
2.1. Study area

The NSW wheat belt is a major grain-producing region in Australia,
covering 65 shires and 918 weather sites (Fig. 1a and Table S1), with a
cultivated area of approximately 360,000 km? (Feng et al., 2018a). The
region contributes up to 27 % of the national wheat production (Feng
et al., 2018b; Li et al., 2022b; Xiang et al., 2023). Located in south-
eastern Australia, the wheat belt is characterized by a Mediterranean
climate with notable interannual variability in rainfall and temperature
(Fig. 1a) (Wang et al., 2015; Xiang et al., 2025). Geographically, the
eastern part of the wheat belt is characterized by mountainous terrain,
while the northwest and southwest regions consist primarily of plains.
During the historical baseline period (1981-2020), the annual mean
values of monthly accumulative rainfall during the wheat growing
season (Apr. — Nov.) increased progressively from west to east, ranging
from less than 200 mm to over 750 mm, and the annual mean values of
monthly average temperature gradually decreased from northwest to
southeast, with the highest being above 24°C and the lowest being below
4°C (Fig. 1b-d) (http://www.longpaddock.qld.gov.au/silo/ppd/index.
php). Based on topographical and meteorological features, we divided
the wheat belt into three subregions: the Northern Plains (SR_N),
Western Plains (SR_W), and Eastern Slopes (SR_E).

2.2. Climate data

Future climate data were collected from 27 Global Climate Models
(GCMs) within the Coupled Model Intercomparison Project version 6
(CMIP6), with specific model details provided in Table S2 (Huang et al.,
2022; Shi et al., 2022). Due to the coarse resolution and systematic bias
in the original monthly GCM data, a statistical downscaling and bias
correction technique proposed by Liu and Zuo (2012) was applied to
produce daily-scale meteorological inputs at the site level (Li et al.,
2023, 2024). In addition, two Shared Socioeconomic Pathways (SSPs)
were employed to represent future climate change scenarios and analyze
the projected impacts of agricultural drought on wheat production:
SSP2-4.5 (SSP245, an intermediate scenario) and SSP5-8.5 (SSP585, a
high-emissions scenario) (Dai et al., 2024; Ruane et al., 2024). SSP245
represents a moderately changing climate, whereas SSP585 reflects

more extreme climatic shifts. To assess temporal dynamics, the entire
period was divided into three intervals: Baseline (1981-2020), 2040 s
(2021-2060), and 2080 s (2061-2100).

Most previous studies assessed climate change impacts based on the
median outputs of GCM ensembles, which may overlook substantial
variability in climate models (Hultgren et al., 2025; Li et al., 2025a). To
better capture the variability across climate projections, we divided the
GCMs into five subsets based on the relative change percentiles (25th,
50th, 75th) of annual mean temperature and precipitation during the
wheat growing season (Apr. — Nov.): Hot/Wet, Cool/Wet, Cool/Dry,
Hot/Dry, and Middle (Bracho-Mujica et al., 2024; Ruane and Mcdermid,
2017). Categorization of the GCM and associated climate characteristics
is presented in Fig. 2. We retained all subsets (Hot/Wet, Cool/Wet,
Cool/Dry, Hot/Dry, and Middle) for further analysis, 27 GCMs for each
SSP. Due to the insufficient sample sizes (the number of GCMs was less
than 5) in the Hot/Wet and Cool/Dry subsets, and potential impairments
to the robustness of simulation-based yield impact assessments, we
therefore presented the results of those two subsets in the supplemen-
tary. The main text focuses on the results derived from Cool/Wet,
Hot/Dry, and Middle subsets.

2.3. Process-based crop model simulation

Agricultural Production System sIMulator (APSIM) model was
employed to simulate soil water and wheat yields (Deihimfard et al.,
2023; Holzworth et al., 2014; Jones et al., 2017; Liu et al., 2020). A
wheat cultivar of Sunvale, a representative cultivar widely adopted in
the NSW wheat belt, was selected for growth simulations across all
wheat belt sites (Feng et al., 2020a, 2019), and the specific parameters
are shown in Table S3. Sowing decisions were guided by an empirical
method that reflects regional agronomic practices (Li et al., 2024; Xiang
etal., 2025; Zheng et al., 2015), accounting for both sowing window and
plan available water (Eqgs. S1-2, see supplementary). To mitigate the
impacts of extreme soil conditions, a soil type with moderate plant
available water capacity (PAWC) was selected from the APSoil database
for each site (Table S1) (Dalgliesh et al., 2016; Liu et al., 2014). A uni-
form sowing density of 120 plants m~2 at a depth of 30 mm was applied
across all sites (Xiang et al., 2025). Initial nitrate-N and ammonium-N
levels were set at 35 kgha ! and 15kgha!, respectively, with an
additional 60 kg ha™! nitrogen fertilizer applied at sowing (Wang et al.,
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Severity categories of SPAWI.
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Table 2
Details of selected copula functions.

Drought severity categories Value range of SPAWI Copula Expression Parameter range
Normal (-0.5, 0] Gaussian @[ (u), o71(v)] /
Mild drought (-1, -0.5] t tey[ty (W), &1 (V)] /
Moderate drought (=15, -1] Clayton W’ +v0 -1 0e[~1, + co]\{0}
S drought -2, -1.5
evere droug ( ] Gumbel exp{—[( - Inu)’ + ( — Inv)’]"%} o> 1
Extreme drought (00, 2]
Frank 1 (e —1)(e?®-1) O<R\{0}
S

2017). Due to the lack of simulation modules for CO5 concentration in
APSIM (Huang et al., 2022), we integrated empirical functions to
simulate CO» content under different emission scenarios (Eq. S3-4)
(Huang et al., 2022; Wang et al., 2024b). Simulations were reinitialized
annually to eliminate the “carry-over” effect from the previous season,
which can cause the residential influences on soil profiles and affect crop
growth (Wang et al., 2017; Xiang et al., 2025), avoiding the sequential
change of parameters and ensuring the yield predictions are mainly
affected by climate change. The simulated outputs, including wheat
yield, growth stage, and plant available water (PAW), were subse-
quently used for further analysis.

In addition, we collected the observed trial data from the Grains
Research and Development Corporation National Variety Trials (GRDC-
NVT) to validate the simulation results (Feng et al., 2020a, 2019) (https
://nvt.grde.com.au/), and the detailed information of the collected sites
is shown in Table S4. The observed and simulated results during the
Baseline period were compared with the coefficient of determination
(R?) and the root mean square error (RMSE) (Fig. S2) (Xiang et al., 2022;
Yao et al., 2025).

2.4. Standardized drought index

The standardized drought index has been extensively adopted in
drought research as a reliable indicator for monitoring drought condi-
tions (Aghakouchak and Hao, 2014; Bazrafshan et al., 2022; Guo et al.,
2025a; Rashid and Beecham, 2019; Vicente-Serrano et al., 2010). It is
calculated by fitting the distribution of drought-relevant climatic vari-
ables over time and transforming their cumulative distribution values
using an inverse standard normal function (Egs. 1-2) (Farahmand and
Aghakouchak, 2015; Yang et al., 2023; Yerdelen et al., 2021), with
negative values indicating dryness and positive values denoting wetness.
In this study, we applied the standardized index methodology with
simulated PAW to develop the Standardized Plant Available Water Index
(SPAWI) by using the empirical Gringorten plotting position function to
calculate the distribution of the original PAW (Gringorten, 1963),
capturing agricultural drought variability in the wheat belt, and the
drought index ranges are shown in Table 1. In addition, we employed a
back cast method, the past 30 days (approximated 1 month, the mini-
mum length of the calculation process) preceding the end date of the
critical wheat growth stage based on the simulation results from APSIM,
to calculate SPAWI, thereby addressing the mismatch between calendar
months and crop growth stages (Xiang et al., 2025). Consequently, the
value of SPAWI for a specific growth stage and scale of each year can be
linked to the corresponding annual yield. Specifically, we calculated a
6-month scale SPAWI at the grain filling stage to evaluate the impacts of
future climate-induced drought on wheat yield.

SAPWI = ¢ 1 (p(x)) @
#(x; < x)-0.44
Ppaw(Xi) = & ; + (;(iZ 2

where ¢! is the inversed standard normal distribution function; x is the
time series of PAW; p is the corresponding empirical probability of x;; n is
the time series length of PAW; i and j are the serial number of n, 1<j < n,
andi=1, ..., n; # represents the rank of x in decreasing trend. ppay is
probability function of PAW series.

2.5. Yield loss probability assessment

Copula functions provide a flexible framework for modelling the
joint distribution of several variables by connecting the marginal dis-
tributions (Hosseinzadehtalaei et al., 2024; Kanthavel et al., 2022; Sklar,
1973; Tepegjozova et al., 2022). In this study, we utilized wheat yield
and SPAWI time series as two distinct variables to fit their respective
marginal distributions, and detailed information on the selected candi-
date marginal distribution functions is summarized in Table S5. And
these two distributions were then used to develop a bivariate
copula-based joint probability model by fitting the optimal copula
functions (Eq. 3) (Li et al., 2022a; Liu et al., 2022). In addition, we
adopted several representative copulas that reflect diverse
tail-dependence properties for seeking higher accuracy in characterising
yield changes under drought extremes (Difmann et al., 2013; Godfrey
et al., 2021; Guo et al., 2025b), and the copula functions used in this
study are shown in Table 2. Moreover, the criterion for selecting the
optimal copula of yield-index combination is based on the lowest values
of the Akaike Information Criterion (AIC) (Sakamoto et al., 1986).

The model was then combined with the conditional probability
method to estimate the loss probability of wheat yield under various
drought conditions (Eq. 4) (e.g., SPAWI < —0.5, —1, —1.5, —2, —2.5)
(Gao et al., 2025; Guo et al., 2025b), the conditional value of yield loss is
20th percentile of the Baseline(1981-2020) wheat yield at shire level.
Additionally, by inverting the conditional probability equation (Eq. 4)
(Gao et al., 2025; Han et al., 2023), we further estimated the drought
trigger thresholds (DT) of SPAWI associated wheat yield loss, based on
fixed wheat yield loss levels (Y. = 20th percentile of the Baseline period)
and the defined conditional probability (P, = 50 %) (Eq. 5). Conse-
quently, the evaluated DT represents the value of SPAWI that causes the
wheat yield lower than 20th percentile with 50 % probability. The in-
tegrated analysis of loss probabilities and DT provides a comprehensive
risk assessment of the impact of agricultural drought on wheat yield in
the NSW wheat belt.

Fx,y(xyy) = C[Fx(x), Fy(y)] (3)
_Py <Y, x<X) _ C[Fy(Y), Fx(X)]
PysYlxsX) =—7o % = Fx(X) Q)
Py<Y, X < x<X
P. =P(y < Y. |x<DT) = (y—P(X1<1x<)Z) 2)
_ CIFy(Ye), Fx(Xo)] ~ CFy(Ye), Fx(Xu)] -

FX(Xz) — FX(X])

where x and y are the SPAWI and wheat yield, respectively; F(*) and C(*)
are the marginal distribution function and copula function, respectively;
X and Y are conditional values of SPAWI and wheat yield, respectively;
P, is the fixed conditional probability; Y. is the fixed conditional wheat
yield; DT is the drought trigger threshold; X; and X, are the left and
right-side value of SPAWI step interval.

Copula-based joint modelling demands rigorous verification of time
series properties to ensure statistical validity and model accuracy (Xiang
et al., 2025). Accordingly, we completed a series of diagnostic tests
during the model-building process, including correlation analysis be-
tween variables (Genest and Favre, 2007), assessment of time series
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autocorrelation (Ljung and Box, 1978), distribution fitting tests (Gunar
and Trenkler, 1995), and copula goodness-of-fit evaluations (Huang and
Prokhorov, 2014; White, 1982). Finally, we used the data that passed all
tests for further analysis, and the test results were summarized in Fig. S3.

2.6. Uncertainty analysis

In this study, analysis of variance (ANOVA) was conducted to
quantify uncertainties arising from climate models, climate scenarios
and the selection of copula function (Li et al., 2025a; Wang et al.,
2024a). The key sources of uncertainty included 27 GCMs, 4 climate
scenarios (SSP245 and SSP585 for 2040 s and 2080 s, respectively), and
5 copula functions. The independent and interactive effects of these
factors on the risk assessment were calculated using Eq. 6.

European Journal of Agronomy 173 (2026) 127909

3. Results
3.1. Projected change in wheat yields and drought characteristics

The simulated wheat yields under various future climate scenarios
(Cool/Wet, Hot/Dry, and Middle subsets) are illustrated in Fig. 4, and
the results of Hot/Wet and Cool/Dry subsets are presented in the sup-
plementary materials, the same applies below. Fig. 4a shows wheat yield
change (the difference between 2040 s, 2080 s and Baseline, AYield) for
SR_N, SR_W, and SR_E across the 2040 s and 2080 s, and each box in-
cludes all simulation results within each GCM subset and SSP scenario.
Under SSP245, yield declines were more pronounced than under SSP585
in the Hot/Dry subset, particularly by the 2040 s. For instance, AYield
(median value of all sites, as below) during the 2040 s was approxi-

SST:SSGCM+SSScen"I‘SScopula""SSIGCM X Scen""SSIGCM X copula+SSIScen x copula+SSIGCM xScenxcopula (6)

where SST is the total sum of squares of all factors; SSgcm, SSscen, and
SScopula are the separate contributions of GCMs, climate scenarios, and
copula functions, respectively; SSIgcmxscens SSIscenxcopulas SSIGeMxcopulas
and SSIGcMxscenxcopula are the interaction effects contributed by GCMs,
climate scenarios, and copula functions, respectively.

The results obtained at all meteorological sites were spatially
extended across the entire wheat belt using the Kriging interpolation
method (Workneh et al., 2024). It is important to note that this spatial
interpolation was conducted solely to enhance the visual presentation of
the results, and no modifications were made to the original data. A
schematic overview of the methodological framework in this study is
provided in Fig. 3.

|. Crop model simulation
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tively. Additionally, the AYield under the SSP245 scenario was lower
than the simulation results under the SSP585 scenario. In general, the
trend of future wheat yield was decreasing under hot and dry conditions,
but it showed variations in different regions, scenarios, and GCM
subsets.

Management Soil profile

x = SPAWI, y = Yield

CIF(Yield), F(SPAWI)]

PAW Wheat yield
| simulated yield || || Severity |
Standardization
I Change | | Frequency |
Failure probability Trigger thresholds
GCMs Periods
SSPs Regions

P(ysY|x1sxsx2)

7Failure prrtrnibarbrirli'l; 7Trrigger lhrééholds ] \

Fig. 3. Flowchart of wheat yield loss probability assessment and uncertainty analysis. GCM, global climate model; APSIM, Agricultural Production System sIMulator;
PAW, plant available water; SPAWI, Standardized Plant Available Water Index; AIC, Akaike Information Criterion; F(*), marginal cumulative distribution function; C

(*), copula function.



K. Xiang et al. European Journal of Agronomy 173 (2026) 127909

2040s 2080s
a 1000 b
500 31°S- g $
= o
H
0 34°S- o
-500
1000
31°S1
500 0
¥
H
0 * ﬁ 34°S- '2 (4]
-500
1000
500 31°S1 s 3
Q T
a R
]
—~ 0 N o
T |+ IF+| 34°S-
©
K
o -500
= 1000
kel
2
=
< 500 31°81 g @
7]
S v
; o
[+
0 34°s+ &
-500
1000
31°S-
500 g &
S o
oo
0 34°S- < &
-500
1000
31°S-
500 =
Q v
s a2
2 34°S- ® &
-500{ | , . i ) d )
SR_N SR_W SR_E 145°E 150°E 145°E 150°E
8 2040s ® 2080s AYield (kg ha'1) <0 ™ O0-500 m>500

Fig. 4. Simulated wheat yield change (AYield) of the 2040 s and 2080 s periods under the SSP245 and SSP585 for Cool/Wet, Hot/Dry, and Middle in three sub-
regions (SR_N, SR_W, SR_E) (a). Projected wheat yield change in the 2040 s and 2080 s periods under the SSP245 and SSP585 for Cool/Wet, Hot/Dry, and Middle in
the study area (b). The black lines within the box are the median values of simulated yield. The upper and lower boundaries of boxes are the 75th and 25th per-
centiles, respectively, and the whiskers above or below the box represent the 90th and 10th percentiles.



K. Xiang et al. European Journal of Agronomy 173 (2026) 127909

a b 2040s 2080s
15 ASeverity
N >5
) 0-5 (e
10 O wn 73
-] 5-0 8 %
=7 = 0
3 vy B <5 N
’N '
5 Qe o o
0
15
10 1 T o»
3 0 5w
= <
=N on
5 < o ] 3 o
0
15
10 1 17
=9 =37
[N ] Q
a N a N
5 ® o &5
16
o
uw
] o
S 3 2 v
38 2g
5 3 o m o
- -
0
15
10 T v T o”
g4 2y
o g o g
s < & < o
0
15
10 ]
z8 25
2 v o v
a o Q o
o X D @
5 o
0 o
Baseline 2040s  2080s 145°E 150°E 145°E 150°E
MSRNMSRW SRE
SR_N SR_W SR_E
0.000 *0 | . o0
A {-0.001 ® 3
-0.003+ ° -0.002** P
Q ) X -0.003 _0_095,.. 0.00
2 .0.006- -0.007%**
[0} . e °
o ¥ *k%
.0.009- _0‘008*ii A 0007
*hk
-0.01™ -0‘011

" CoolWet HotDry Middle  Cooi/Wet HotDry Middle  Cool/Wet HotiDry Middle
® SSP245 ® SSP585

Fig. 5. Projected drought frequency under moderate drought conditions (SPAWI < —1) under different scenarios and three subregions (SR_N, SR_ W, SR_E) (a).
Projected agricultural drought severity change (ASeverity) under moderate drought conditions (SPAWI < —1) in the Baseline, 2040 s and 2080 s periods under the
SSP245 and SSP585 for Cool/Wet, Hot/Dry, and Middle in the study area (b). Trend slope of temporal SPAWI from 1981 to 2100 under the SSP245 and SSP585 for
Cool/Wet, Hot/Dry, and Middle (c). ‘*’, “**’and “***’ indicate the significant level of p < 0.05, p < 0.01, and p < 0.001 for the slopes, respectively.



K. Xiang et al.

We derived the Standardized Plant Available Water Index (SPAWI) of
the wheat grain filling stage using plant available water (PAW) simu-
lated by APSIM, and its spatiotemporal variability is shown in Fig. 5.
Fig. 5a depicts the average drought frequency for each scenario and
period (Baseline, 2040 s, 2080 s), with notable differences among GCM
subsets. Frequency represents the number of times (years) moderate
drought occurs (SPAWI < —1) during each period (40 years). For
example, in the Dry/Hot subset, drought occurrences in SR_E were
projected to increase from an average of 11-13 times under SSP245 and
slightly increased in the Middle subset under SSP585. Drought fre-
quency in SR_N exhibited a downward trend, particularly in the Cool/
Wet and Middle subsets, whereas SR_W exhibited slight frequency
changes in the Cool/Wet and Middle subsets.

Fig. 5b presents the spatial patterns of accumulated severity change
(the difference between 2040 s, 2080 s and Baseline, ASeverity) for
moderate drought occurrence (SPAWI < —1) across different GCM
subsets during each period. Future projections showed an intensification
in drought severity in the Hot/Dry subset under both SSP245 and
SSP585, with the ASeverity of large areas lower than —5. However,
drought severity in SR.N was projected to decline progressively,
particularly evident in the Cool/Wet and Middle subsets, whereas the
southeastern area in SR_E experienced increasing severity across all
scenarios. Fig. 5c presents linear trends of SPAWI time series across the
entire simulated period (1981-2100), and the slopes were calculated
with the median SPAWI values of each GCM subset. In all future sce-
narios, the simulated SPAWI results showed a decreasing trend, but the
magnitude of the decrease varied across different regions and GCM
subsets. For instance, SPAWI in the Hot/Dry subset exhibited the
steepest negative slopes, approximately —0.01. In contrast, in the Cool/
Wet subset, it maintained the less negative slopes around 0, particularly
in SR.N and SR_W. Additionally, under SSP585, slopes for all subsets
were more negative compared to SSP245. Overall, SPAWI showed a
decreasing trend in the future, but there were regional and GCM subset
variabilities. Regions more prone to drought were primarily concen-
trated in the SR_E and SR_W of the wheat belt.

3.2. Risk analysis of wheat yield loss and drought thresholds under
climate change

A two-dimensional joint probability distribution was constructed
utilizing the paired time series of wheat yield and SPAWI. Conditional
probabilities change (the difference between 2040 s, 2080 s and Base-
line, AProbability) of wheat yield losses under varying drought condi-
tions were then derived from this distribution, as shown in Fig. 6. The
map plots illustrate the spatial distribution of AProbability under
moderate drought conditions (SPAWI < —1), revealing variations
among SSP scenarios and GCM subsets. In the Hot/Dry subset,
AProbability predominantly ranged from 0 % to 50 % under the SSP245
scenario but were generally around —50 % to 0 under SSP585, espe-
cially in the 2040 s. In contrast, the Cool/Wet subset showed widespread
areas in SR_N and SR_W with the AProbability lower than 0. The Middle
subset exhibited intermediate characteristics between the Hot/Dry and
Cool/Wet subsets, most clearly differentiated in the central areas of the
wheat belt. Temporally, the SSP585 scenario indicated a declining trend
in yield loss probabilities across all subsets in most areas, whereas the
SSP245 scenario exhibited less distinct declines, especially within the
Hot/Dry subset.

The corresponding line plots show AProbability under different
drought conditions (SPAWI < -0.5, -1, —1.5, -2, —2.5). The
AProbability tend to 0 when the drought becomes more severe in all
scenarios, as the probability of yield loss will reach 100 % under the
extreme drought conditions (SPAWI < —2.5). The AProbability were
higher under the SSP245 scenarios than under the SSP585 scenarios.
Moreover, AProbability intensified with the reduction in drought
severity, notably in SR N and SR_W. Overall, the probability of wheat
yield loss due to agricultural drought under climate change is projected
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to decrease in the far future, especially under the SSP585 scenario, but
spatial variations exist across regions.

By fixing the yield loss condition (below the 20th percentile at shire
level) and applying the conditional probability of 50 % within a SPAWI
range of 0 to —3, we estimated the drought threshold (DT) required to
trigger wheat yield losses across the entire wheat belt and the difference
between 2040 s, 2080 s and Baseline (ADT), as depicted in Fig. 7.

Fig. 7a presents spatial distributions of ADT. Under the SSP245
scenario, the ADT exhibited a similar pattern in the 2040 s and 2080 s,
with a range from 0 to 0.5 in most areas of the wheat belt, especially in
the Hot-Dry subset. In contrast, most ADT were negative under the
SSP585 scenario, with the particularly pronounced decreases below
—0.5 across the central and northern areas in the Cool/Wet subset.
Fig. 7b illustrates the percentage of sites within specific DT ranges
relative to the total number of sites in each subregion. The proportion of
DT ranging from —2 to —1 is relatively consistent across all scenarios. In
contrast, major regional discrepancies were observed primarily within
DT ranges of O to —1 and —2 to —3. Specifically, SR_N and SR_W had the
smallest proportion in the —2 to —3 DT range and the largest in the 0 to
—1 range, while SR_E demonstrated the opposite pattern. Additionally,
the Cool/Wet subset consistently demonstrated the highest proportion
with DT in the —2 to —3 range, followed by the Middle and Hot/Dry
subsets. Conversely, the proportion of DT within the 0 to —1 range was
highest in the Hot/Dry subset, followed sequentially by the Middle and
Cool/Wet subsets. Overall, DT increasingly shifted toward the lower
value range (-2 to —3) in future, especially pronounced in the SSP585
scenario.

3.3. Uncertainty analysis of wheat yield loss probability and drought
trigger threshold in the future

We further assessed the contribution of uncertainty (%) associated
with the selection of GCMs, climate scenarios, and copula functions to
the projected wheat yield loss probabilities and DT (Fig. 8). In SR.N,
uncertainty due to GCM selection contributed most substantially to the
variability in both loss probability (41.9 %) and DT (41.8 %). And the
importance of GCM selection declined spatially from SR_W to SR_E, with
its effect on loss probability decreasing from 36.5 % (SR_W) to 17.2 %
(SR_E). A similar spatial trend was observed for DT, with the GCM in-
fluence becoming smaller in SR_E. Conversely, the uncertainty arising
from copula function selection exhibited an opposite spatial trend.
Specifically, for DT projections, its contribution increased from lower
than 5 % in SR_N to 29.2 % in SR_W, and further to 77.1 % in SR_E.
Similar spatial patterns of uncertainty occurred for loss probability, with
copula-related uncertainties being generally higher in the SRE
(48.4 %). Nevertheless, interaction uncertainties, such as GCMxScen
and Scenxcopula, are typically no more than 20 %, while the triple
interaction (GCM xScenxcopula) decreases from 22 % (SR_N) to 7.2 %
(SR_E) for DT and increases from 6.8 % (SR_N) to 13.1 % (SR_E) for loss
probability. Overall, GCM and copula function choices, including their
interactions, constituted the major sources of uncertainty, exhibiting
distinct regional variations.

4. Discussion

Agricultural drought remains one of the primary contributors to crop
yield loss in drought-prone regions (Geng et al., 2023; Slater et al.,
2022), and its severity is projected to intensify under future warming
scenarios (Gebrechorkos et al., 2025). A better understanding of its
projected impacts on wheat yields under climate change is crucial for
improving the capacity to manage future food security risks. In this
study, we employed a combined approach using process-based crop
modelling and conditional probability analysis to assess
drought-induced yield loss probability under various climate scenarios
in the NSW wheat belt, Australia. Uncertainty sources contributing to
the projected results were also assessed. Our results indicate that most
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regions within the wheat belt are likely to experience heightened yield
loss risks, but the magnitude and distribution of these risks differ be-
tween regions, consistent with previous studies (Hou et al., 2024; Yang
et al., 2024).

The projected wheat yields under future climate scenarios show an
increasing trend across the NSW wheat belt (Fig. 4), with the magnitude
of increase varying by region and GCM subsets. Warming accelerates
wheat development and leads to a reduction in the length of the indi-
vidual growth stage (Li et al., 2024), and increased CO, concentration
improves photosynthetic activity and water-use efficiency, contributing
to higher yields (Fan et al., 2023). Notably, the greatest yield gains were
achieved under the Cool/Wet subset scenario due to moderate warming
and increased rainfall in the SR_N region. It is noteworthy that yield
enhancement was also observed in the Hot/Wet subset (Fig. S4), indi-
cating that moisture-enriched environments resulting from higher
rainfall levels may facilitate crop productivity in these areas (Zhang
et al., 2020). Conversely, in the Hot/Dry or Cool/Dry subset, reduced
rainfall negatively affected crop growth, leading to yield losses (Cao
et al., 2024; Orlov et al., 2024); however, the CO, fertilization effect
partially offset these adverse impacts (Fan et al., 2023).

These contrasting outcomes highlight the importance of climatic
heterogeneity (Li and Lei, 2022; Malik et al., 2022). Limited water
availability combined with high temperature under hot and dry condi-
tions impairs plant physiological processes through stomatal closure,
including transpiration and photosynthesis, resulting in reduced yields
(Dietz et al., 2021). Under the SSP585 scenario, the CO5 fertilization
effect becomes more impactful (Tausz-Posch et al., 2020; Toreti et al.,
2020), particularly under the Cool/Wet subset. However, the mitigation
effect observed in the Hot/Wet subset is comparatively weaker than that
in the Cool/Wet subset, as most central regions still exhibited yield re-
ductions. Excessive warming may have inhibited crop physiological
performance and partially compromised the efficacy of CO; fertilization
(Mcgrath and Lobell, 2013; Orlov et al., 2024). Moreover, the SPAWI
time series reveals an intensifying trend in agricultural drought (Fig. 5
and Fig. S5), consistent with projections for southeastern Australia
under future warming (Qiao et al., 2023), such as projected stronger and
more persistent droughts (Ukkola et al., 2020).

Our probability-based assessment indicates that as SPAWI values
decrease, wheat yield loss probability increases (Fig. 6). The decrease in
SPAWI is caused by the decline of plant available water (PAW) and in-
dicates the intensification of drought severity, adversely affecting crop
development and biomass accumulation, ultimately reducing yield (He
and Wang, 2019; Xiang et al., 2025). However, the pattern of increasing
probability exhibits clear spatial variation across the wheat belt. For
instance, AProbability of SR.N are higher than in SR W and SR_E,
especially in the Hot/Dry under SSP245 and Cool/Dry under SSP585
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(Fig. S6). The heightened evapotranspiration demand driven by warm-
ing temperatures, coupled with relatively stable precipitation, is
increasing greater water stress and higher loss probabilities of wheat
yield (Nguyen and Choi, 2023; Zhang et al., 2023a). Although elevated
temperatures may shorten wheat growth duration and offer limited
avoidance of climate extremes, such as drought (Sun et al., 2024; Ye
et al., 2020), the increasing frequency and severity of drought events are
expected to weaken the resilience (Ahuja et al., 2022; Dubey and Ghosh,
2023), thereby reducing the effectiveness of such adaptive responses
(Tefera et al., 2024). Notably, under the SSP585 scenario in the 2080 s,
the loss probability slightly declines, suggesting non-linear temporal
dynamics of drought-induced yield loss. Some previous studies attribute
this to increasing precipitation that offsets high-temperature stress
(Yang et al., 2024). However, our Hot/Dry and Cool/Dry subsets results
show stable rainfall levels, implying that the decline in risk may stem
from elevated CO2 concentrations enhancing photosynthetic efficiency
in the model (Wei et al., 2023).

Additionally, spatial and temporal variations in ADT also correspond
with yield loss change (Fig. 7). Regions with low yield loss probabilities
require more intense drought conditions (lower DT values) to induce
significant losses. For example, in the Cool/Wet subset of SSP585, SR_E
shows lower DT than SR_N and SR_W, with an expanded low ADT area
projected in the 2080 s. High soil water retention and a favorable
climate regime in SR_E may enhance wheat tolerance to water stress
(Pinke et al., 2022). In addition to the relatively modest temperature
increase and the substantial rise in precipitation, the high plant available
water capacity of soils in the SR_E provides a stable water supply for
wheat growth under Cool/Wet or Hot/Wet climate scenarios (Fig. S7)
(Kukal et al., 2023; Wu et al., 2019). Simultaneously, elevated CO5
concentrations under such favorable conditions can further enhance
photosynthetic efficiency, thereby improving the resilience of crops to
drought (Wei et al., 2023), offering a potential explanation for the
higher proportion of low drought thresholds anticipated by the 2040 s.
Moreover, the extremely high concentrations of CO5 in the 2080 s under
SSP585 may cause the continuous closure of stomata, thus leading to a
decrease in photosynthetic efficiency (Hou et al.,, 2025; Lesk et al.,
2021). Therefore, the fertilizer effects of CO, may provide adverse
damage to the ultimate wheat yield and increase the proportion of high
drought thresholds under such conditions.

The uncertainty analysis indicates that the selection of GCMs and
copula functions plays a dominant role in the projection results,
although the magnitude of influence varies by region (Fig. 8). For wheat
yield loss probability and DT, GCMs explain 41.9 % and 41.8 % of the
uncertainty in SR_N, 36.5 % and 29.0 % in SR_W, and the contribution
drops to approximately 17.2 % and 5.3 % in SR_E, respectively. This
regional discrepancy underscores the importance of inter-model
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differences in simulating future climatic variables in driving projected
drought-related yield loss in more climate-sensitive areas
(Bracho-Mujica et al., 2024; Ruane and Mcdermid, 2017). Future
climate variability is anticipated to intensify in SR_N, so crop growth is
more sensitive to meteorological fluctuations, and even minor variations
can result in large deviations in simulation outcomes (Ahmad et al.,
2020; Cammarano et al., 2020). In contrast, the SR_W region is projected
to experience relatively stable rainfall and temperature patterns under
future scenarios, and crops are expected to endure persistent drought
stress due to its warm and dry conditions (Li et al., 2024). Accordingly,
the uncertainty in risk projections is driven more by the joint distribu-
tion of yield and drought index than by regional climatic fluctuations.
However, in wetter regions such as SR_E, copula selection becomes
increasingly important. Due to the high soil buffer effects (Chen et al.,
2020b; Clarke et al., 2021), the relationship between SPAWI and yield in
SR E is weaker than in SR_N and SR_W, even slight soil moisture stress
can enhance yield under such conditions (Flohr et al., 2018; Mehraban
et al., 2018). Yield losses may not primarily be attributed to agricultural
drought in SR_E, thereby increasing sensitivity to the specification of the
joint distribution between wheat yield and SPAWI (Xiang et al., 2023).

This study introduces a novel analytical framework that combines a
process-based crop model with probabilistic evaluation to assess
spatiotemporal patterns of wheat yield loss in response to climate-
induced agricultural drought in the NSW wheat belt. The projected in-
crease in drought frequency under climate change scenarios exacerbates
the vulnerability of rainfed cropping systems in semi-arid regions
(Rahimi-Moghaddam et al., 2023; Wang et al., 2024b). We identified
spatial hotspots of increasing drought-related yield risk and quantified
the evolving patterns over time. Notably, hotter and drier areas exhibit
significantly higher projected risk levels, while wet regions remain
relatively stable. The framework can be extended to compound hazards
frequently co-occurring in similar climates, such as Mediterranean-type
agroecosystems and continental drylands. With minimal recalibration to
local soils, cultivar traits, and management calendars, the probabilistic
thresholds can be used to map emerging hotspots and to prioritize
adaptation portfolios. Additionally, integrating threshold maps with
seasonal forecasts and soil-water monitoring would enable
early-warning bulletins and stage-targeted advisories. Moreover, these
findings suggest that effective drought risk management requires
localized adaptation strategies aligned with region-specific climatic and
soil conditions. In hot/dry areas, earlier sowing, drought-tolerant cul-
tivars, conservation tillage with residue retention, and fallow manage-
ment can stabilize yields (Chen et al., 2020a; Li et al., 2024; Wang et al.,
2019). In wetter eastern areas, risk remains lower, suggesting a focus on
cost-risk optimization and grain-quality safeguards. In addition, given
that GCM selection dominates projection spread in arid areas, while
copula choices weigh more heavily in wet regions, management stra-
tegies should be evaluated under robust-decision frameworks across
model subsets.

Some limitations remain in our study. The simulations assumed static
soil physical properties under future conditions, without accounting for
long-term changes. This assumption implies that interannual changes in
soil properties like bulk density are not represented (Liu et al., 2023;
Wang and Ren, 2025). This may introduce systematic bias in water
balance and crop growth, leading to under- or over-estimation of yield
and soil water content. In addition, given that increased drought fre-
quency is often driven by rising temperatures (Gebrechorkos et al.,
2025), droughts frequently coincide with heat extremes. Restricting the
hazard definition to soil-moisture drought likely underestimates losses
where heat and drought co-occur, particularly in hot/dry areas. By
capturing exposure but not the full damage pathway under thermal
extremes, the approach may yield conservative tail-risk estimates and
more lenient drought-trigger thresholds. Part of the projection spread
currently attributed to GCM selection or dependence modelling may
therefore reflect unmodelled compound events. Integrating these factors
into future modelling efforts could yield a more comprehensive
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understanding of drought-related yield probability and improve pro-
jections of crop resilience in semi-arid environments.

5. Conclusion

Our research quantified the spatiotemporal patterns of wheat yield
loss probability under agricultural drought in the NSW wheat belt in the
context of future climate change. The key findings include:

1. Agricultural drought is projected to intensify in the future, with
substantial spatial variability.

2. Low rainfall areas with high temperature show the greatest projected
increase in yield loss probability, especially under Hot/Dry subsets.

3. Projected yield loss probability shows greater sensitivity to GCM
selection in hot and dry areas, while in warm or wet areas, uncer-
tainty is primarily dominated by the choice of copula functions.

The study highlights the spatial heterogeneity of drought-induced
yield losses under climate change, emphasizing the inherent spatial
variability in how agricultural drought affects crop production.
Regionalized adaptation strategies, tailored drought indicators, and
location-specific modelling approaches are thus essential to improve risk
assessments and support the resilience of cropping systems in dryland
environments.
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