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Abstract Intensifying soil drought poses a significant threat to maize yields in China. However, the
compounding effects of soil drought and salinity remain poorly understood. Here, we analyze maize yield trends
in China from 1982 to 2016 and show that an increase in the total number of drought days is associated with
significant yield declines. We find that the co‐occurrence of drought and soil salinity (CODS) amplifies maize
yield‐loss risk, with the probability of yield loss exceeding 20% and remaining higher than under drought alone.
Compared with drought‐only conditions, CODS increases the additional yield‐loss risk by approximately five
percentage points. These findings are further supported by analyses in the North China Plain and the Songnen
Plain, where irrigated areas exhibit more negative yield anomalies than rain‐fed areas under comparable drought
conditions, suggesting that irrigation practices may be associated with increased soil salinity and thereby reduce
the effectiveness of drought mitigation. This study underscores the urgent need for integrated soil and water
management strategies that simultaneously address drought resilience and salinity control to safeguard China's
maize production.

Plain Language Summary Climate change is increasing the frequency and severity of droughts,
threatening maize production in China. Our study finds that maize yields decline as the number of drought days
increases, and this damage is amplified when drought occurs in combination with soil salinity. This interaction
creates a higher risk of yield loss than drought alone, with soil salinity resulting in additional yield‐loss risk of
more than 5%. We validate this finding in the North China Plain and the Songnen Plain, where irrigated areas
exhibit more negative yield anomalies than rain‐fed areas under comparable drought conditions, suggesting that
irrigation‐associated salinity may reduce the effectiveness of drought mitigation. These results highlight the
urgent need for improved soil and water management to protect maize production under climate change.

1. Introduction
The increasing frequency and intensity of extreme climate events pose significant challenges to agricultural
production (Gebrechorkos et al., 2025; Zhou et al., 2023). Among these, drought is a predominant abiotic stressor
(Hultgren et al., 2025), affecting 40% of global irrigated areas (The State of Food Security and Nutrition in the
World 2020, 2020). Drought is characterized not only by substantial reductions in precipitation over extended
periods but also by variations in its frequency, duration, and spatial distribution, all of which threaten the stability
of agricultural systems (Chen et al., 2026; Gebrechorkos et al., 2025; Tang et al., 2025; Zhang et al., 2024).
Biologically, drought stress reduces key morphological and physiological traits, including photosynthetic ca-
pacity, leaf water potential, sap flow, and stomatal conductance (Bhusal et al., 2019). In recent years, many
countries have experienced substantial declines in crop yields due to drought events (Freedman et al., 2025;
Hultgren et al., 2025). As a major agricultural country, China is no exception, with several regions reporting
notable yield losses directly attributed to drought stress (Li et al., 2024; F. Xu et al., 2024). According to data from
the Bulletin of Food and Drought Disasters in China, the country suffers annual drought‐related agricultural losses
of 16.302 billion kilograms between 1950 and 2016, accounting for more than 60% of total grain losses caused by
natural disasters (Zhang et al., 2019).

Maize plays a critical role in China's agricultural production and food security (National Bureau of Statistics of
China, 2024). Owing to its high water demand and sensitivity, maize is particularly vulnerable to water deficits
(Challinor et al., 2014; Daryanto et al., 2016). Irrigation is therefore an important management response for
reducing drought‐induced yield losses. Previous modeling‐based studies have shown that irrigation can partly
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mitigate the negative effects of drought on crop productivity, particularly when irrigated systems are compared
with rainfed systems (Deb et al., 2022). However, the drought‐mitigation benefit of irrigation may not eliminate
potential salinity‐related risks when irrigation water quality or salt leaching is not properly managed. In addition
to drought, maize is also susceptible to salinity stress (Rhoades et al., 1992; Tanji et al., 2002). Excessive soil salt
imposes ionic toxicity on plant roots and disrupts cellular osmotic balance, thereby reducing stomatal conduc-
tance. This limitation in gas exchange inhibits CO2 uptake and ultimately diminishes the rate of photosynthesis
(Ouyang et al., 2017). Although maize is generally avoided on highly saline soils, both natural and anthropogenic
processes can cause soil salinity to accumulate to stress‐inducing levels. Natural mechanisms, such as evapo-
ration, can transport saline groundwater to the soil surface via capillary force (Abrol et al., 1988; Corwin, 2021;
LI, 2025). Similarly, improper irrigation practices, saline water irrigation, and fertilization directly or indirectly
contribute to soil salt accumulation (Corwin, 2021; Singh, 2015; Utset & Borroto, 2001). Currently, 17 countries
worldwide, including China, use saline water for irrigation (Hussain et al., 2020). Although generally less suitable
for agriculture than freshwater, saline water remains a major irrigation water source in many arid regions,
particularly in developing countries where freshwater scarcity and growing population intensify demand (Hagage
et al., 2024; Soni et al., 2021). Soil salinity increases with the concentration of applied saline irrigation water (Soni
et al., 2021). As soil water evaporates, salts accumulate in the soil solution, resulting in simultaneous drought and
salinity stress (Hailu & Mehari, 2021). These local physiological and soil‐process mechanisms can accumulate
into spatially heterogeneous salinity patterns across agricultural regions. Existing research indicates that the
electrical conductivity of soil extract (ECe) is commonly used to quantify soil salinity levels (Corwin, 2021).
Therefore, gridded ECe data provide a useful basis for evaluating whether areas with elevated soil salinity
experience greater maize yield losses under drought conditions at large spatial scales.

Most plants are affected by either drought or salinity; in many cases, these stressors co‐occur in arid and semi‐arid
regions (Sahin et al., 2018). While numerous studies have examined the individual effects of drought or salinity
on maize performance (Angon et al., 2022; Bhusal et al., 2019; Daryanto et al., 2016; Lobell et al., 2014; Ouyang
et al., 2017), the combined impact remains challenging to assess due to its complexity (Mehrabi et al., 2022; Wen
et al., 2023). In particular, quantitative assessment of growth reduction under combined drought and salinity
stress, compared to individual drought, has been insufficiently reported (Ibrahim et al., 2019; Ni et al., 2024;
Sahin et al., 2018). This leaves a gap in understanding the synergistic risks these factors pose to crop yield.
Previous studies indicate that soil moisture often exerts a stronger influence on crop yield than salinity (Du
et al., 2023; Sahin et al., 2018). Based on this understanding, this study treats soil drought as the primary factor
affecting maize yield, with salinity as a secondary factor, to investigate yield responses to their combined effects.
From a risk management perspective, this study explores whether increasing soil salinity significantly heightens
the risk of maize yield loss under intensifying drought conditions.

In this study, we examine the long‐term trend of maize yield changes across China from 1982 to 2016 against the
backdrop of intensifying drought conditions. We further assess the potential impacts of individual drought events
and the co‐occurrence of drought and soil salinity (CODS) on maize yields during the maize‐growing season. In
addition, we identify the dominant climatic factors driving maize yield anomalies. Considering the unique salt
stress and saline irrigation practices in the North China Plain and the Songnen Plain, we further investigate the
impacts of human activities in these two regions. Our findings highlight the significant risk posed by CODS to
maize yield and provide valuable insights into the consequences of inappropriate irrigation practices, such as the
use of saline water. This study aims to furnish scientific evidence to support agricultural management and
effective emergency response planning.

2. Methods
2.1. Data Set

In this study, the Crop Calendar data set was used to provide planting and harvesting dates for maize cultivation at
a 0.5° spatial resolution (Sacks et al., 2010). The Global Data set of Historical Yields (GDHY) was used to
investigate the maize yield trend, which offers gridded maize yield data for major and secondary maize crops from
1981 to 2016 at a 0.5° resolution (Iizumi & Sakai, 2020). For validation, we used the GlobalCropYield5min data
set, resampled to 0.1°, which provides maize yield data from 1982 to 2015 (Cao et al., 2025).

Daily soil moisture (SM) data were obtained from the European Center for Medium‐Range Weather Forecasts
(ERA5) (Hersbach et al., 2020). We used the top two soil layers, which represent shallow soil moisture conditions
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and are relevant to near‐surface water availability during maize growth. However, these layers do not fully
capture the entire maize root zone, because maize roots can extend deeper than the upper soil layers depending on
soil properties and growth stage. Therefore, ERA5 top‐layer SM is interpreted here as a spatially consistent
indicator of shallow soil drought conditions rather than a complete measure of root‐zone water availability. We
also used the Global Land Evaporation Amsterdam Model (GLEAM) data set (Miralles et al., 2025) as an in-
dependent validation data set represents soil moisture over the 0–100 cm layer. Both data sets were resampled to a
0.5° × 0.5° resolution.

The electrical conductivity of soil extract (ECe) is used to quantify soil salinity levels (Corwin, 2021). We ob-
tained the yearly surface ECe data for 1980–2018 from the University of Manchester (Hassani et al., 2020), which
was developed using machine learning techniques and remote sensing. This data set focuses on the topsoil layer
(0–30 cm) and covers latitudes from 55°S to 55°N, including tropical, subtropical, and temperate zones, while
excluding water bodies, permanent wetlands, urban and built‐up areas, as well as permanent snow and ice. The
ECe data were resampled to 0.5° to match the maize yield data. Although topsoil salinity is relevant to seedling
establishment, near‐surface root activity, and salt accumulation caused by evaporation and capillary rise, annual
0–30 cm ECe may not fully capture growing‐season salinity dynamics or deeper root‐zone salinity stress.
Therefore, we interpret this data set as a long‐term surface salinity indicator suitable for large‐scale spatial
analysis, while acknowledging that depth‐specific and seasonally resolved salinity data would better represent
crop salinity stress.

Climatic data were derived from the gridded Climate Research Unit Time Series (CRU TS v.4.04) global data set,
with a spatial resolution of 0.5° (Harris et al., 2020). Vapor pressure deficit (VPD) was calculated as the difference
between saturated water vapor pressure (SVP) and actual water vapor pressure (VAP). Temperature (T), potential
evapotranspiration (PET), and precipitation (P) data were also obtained from the CRU TS data set.

2.2. Maize Yield Anomaly

The relative yield anomaly (yt) for each grid cell, calculated as the difference between actual yield (yt) and ex-
pected yield (Ut) divided by the expected yield (Ut), is given as:

yt =
Yt − Ut

Ut
, (1)

where yt is the maize yield value (tons per hectare, t·ha− 1) andUt is the expected yield value (t·ha− 1) at year t Ut is
estimated based on centered 7‐year moving window mean value (Troy et al., 2015), including the focal year, the
previous 3 years, and the following 3 years. For endpoint years, the window was shortened according to data
availability. This moving‐window approach allows us to reduce the influence of long‐term yield trends related to
technological advances, seed improvement, rising CO2, policy changes, and other non‐climatic influences, but it
should not be interpreted as fully isolating climate effects. The yield loss is defined as relative yield anomalies
below − 10% of the expected yields (yt < − 0.1) (Ben‐Ari et al., 2018).

2.3. Definition of Yield Loss Risk

The copula‐based model was used to estimate the potential impacts of individual drought and CODS on maize
yields during the maize‐growing season, defined as the period from planting start to harvest start. Copulas
effectively capture extreme events, such as droughts and floods, by modeling the tails of the distribution (Chen &
Wang, 2023; Zhang et al., 2022).

Here, we considered five commonly used bivariate copula families (Gaussian, Student‐t, Clayton, Gumbel, and
Frank) to fit the joint probability distribution of the total number of drought days (TNDD) for individual drought
(d), the TNDD of the CODS(s), and the relative yield anomaly (y).

ρd, y(d,y) = ρd(d) · ρy( y) · C(d, y,θd, y), (2)

ρd,s, y(d, s,y) = ρd(d) · ρs(s) · ρy( y) · C(d, s,θd,s) · C(d,y,θd, y) · C(h(s,d,θd,s),h(y,d,θd, y)θs, y|d), (3)
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where ρd (d), ρs (s), and ρy ( y) are marginal distributions. C is the copula density. θ is copula parameters. The
h‐function is the conditional probability distribution function.

The conditional cumulative probabilityP(.|.) is determined using the canonical vine (C‐vine) and the drawable vine
(D‐vine) structures (Chen & Wang, 2023; Zhang et al., 2022). Moreover, the maximum Likelihood Estimation
(MLE) method was used to fit marginal distributions and estimate the copula parameters, using Gamma distri-
butions for salinity and TNDD, and a normal distribution for yield anomaly. The Bayesian Information Criterion
(BIC)was used to select the appropriate vine structure (Dißmann et al., 2013). After determining the vine structure,
conditional probabilities, including P ( y < y1/d > d1, s ≥ s1) and P ( y < y1/d > d1), were computed
analytically using the cumulative distribution functions (CDFs) of bivariate copulas.

The choice of marginal distributions was based on the empirical characteristics of the variables. ECe and TNDD
are non‐negative variables and exhibit right‐skewed distributions with long tails. Therefore, Gamma distributions
provided a reasonable approximation of their marginal distributions and were therefore adopted in the copula
analysis. In contrast, relative yield anomaly is a continuous variable centered around zero and shows an
approximately symmetric distribution after detrending, supporting the use of a normal distribution. The empirical
distributions supporting these choices are shown in Figure S8 of Supporting Information S1.

The conditional CDF of yield loss under CODS and individual drought can be expressed as:

P( y < y1/d > d1) =
∂Cd, y (P( y < y1/d),P(d > d1))

∂P(d > d1)
= h[h( y < y1,d,θd, y),h(d > d1,θd),θy|d], (4)

P(y < y1/d > d1, s ≥ s1) =
∂Cd,s, y (P( y < y1/d, s),P(d > d1),P(s ≥ s1))

∂P(d > d1)∂P(s ≥ s1)

= h[h( y < y1,d, s,θd, y,θs, y|d),h(d > d1,θd),h(s > s1,θs),θy|d,s], (5)

where y1 = − 0.1, represents the yield loss. d1 = 0, represents non‐drought, d > d1 represents drought. s1 = 2,
represents the threshold of saline soil, s ≥ s1 represents saline soil. P( y < y1/d > d1) calculates the condi-
tional probabilities of yield loss under individual drought. P( y < y1/d > d1, s ≥ s1) calculates the condi-
tional probabilities of yield loss under the co‐occurrence of drought and soil salinity (CODS).

Equations 6 and 7 can be used to estimate the risk of yield loss caused by individual drought and CODS based on
probabilistic model simulations:

ŷ = f (d, τ) = P− 1
y {h− 1 (h− 1 (τ|h(Py( y)|Pd(d),θd, y),θy|d)|Pd(d),θd, y)}, τ ∈ (0,1), (6)

ŷ = f (d, s, τ) = P− 1
y {h− 1 (h− 1 (τ|h(Ps(s)|Pd(d),θd,s),θs, y|d)|Pd(d),θd, y)}, τ ∈ (0,1), (7)

where τ indicates random probability levels (e.g., τ = 0.01, 0.1, …, 0.9); P indicates cumulative marginal dis-
tribution functions. To improve the stability of the estimated conditional yield‐loss risk, we used Monte Carlo
simulations to generate multiple (e.g., 500) samples of τ from the uniform distribution U (0,1). These simulations
were used to evaluate yield‐loss risk across probability levels after the copula structure and parameters had been
fitted. Therefore, they should be interpreted as Monte Carlo sampling of conditional probability levels rather than
as sampling of copula‐parameter uncertainty.

2.4. XGBoost and SHAP

XGBoost is a gradient‐boosted machines and an ensemble learning model (Chen & Guestrin, 2016) that itera-
tively integrates multiple weak predictive models into a robust unified model (Bentéjac et al., 2021). It is well
suited for probability estimation under nonlinear responses, thresholds, and feature interactions. In this study, we
applied a logistic binary risk discrimination of crop yield loss events. The model superimposes regression trees in
an additive manner and minimizes the logistic loss with structural regularization. During the training process, the
second‐order Taylor approximation is used to obtain the optimal weights and split gains of leaf nodes, which
determine the best partitioning and control the structural complexity of the model.
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ẑi = ∑
T
t=1 ft (xi), (8)

p̂i = σ( ẑi) =
1

1 + e− ẑi
, (9)

where xi denotes the feature vector of sample i containing predictors including P, PET, VPD, T, SM, and ECe.
Each ft(·) corresponds to a regression tree in the ensemble, T is the total number of trees (T = 350). σ(·) is the
sigmoid link function that converts the model margin ẑi (log‐odds) into the probability of event occurrence p̂i.

The model minimizes a regularized logistic loss:

L = ∑
n
i=1 [− yi log( p̂i) − (1 − yi) log(1 − p̂i)] + γT +

1
2
λ∑T

j=1ω
2
j , (10)

where yi ∈ {0,1} denotes yield no loss or loss; n is the number of training samples; γ controls the penalty for the
number of leaves T in a tree; λ is the L2 regularization coefficient that constrains the magnitude of leaf weightsωj,
and ωj is the prediction score assigned to leaf node j.

SHAP (Shapley Additive exPlanations) provides additive, sign‐consistent attributions that decompose each
prediction relative to the model expectation, and extends to pairwise interaction attributions, which enabling local
explanations that can be aggregated into global structures (Lundberg & Lee, 2017). For tree ensembles, SHAP
ensures consistency and local accuracy, with stable attributions across tasks; interaction SHAP isolates pairwise
effects (Lundberg et al., 2020).

f (x) = Ε[f (x)] +∑
p
i=1ϕi(x), (11)

where f (x) represents the model output for instance x; E[ f (X)] is the expected prediction across a background
distribution; p is the number of input features; ∅i (x) denotes the Shapley value for feature i, corresponding to its
marginal contribution to the prediction of x.

Each Shapley value is defined as:

ϕi(x) = ∑S⊆F\{i}

|S|!(p − |S|) − 1!
p!

[v(S ∪ {K}) − v(S)], (12)

where F denotes the set of all features. S is a subset of features excluding i. v(S) represents the expected model
output when only the features in S are known. The expression inside the brackets represents the marginal
contribution of feature i.

It should be noted that SHAP values provide model‐based explanations of predictor contributions to the trained
XGBoost model, rather than causal evidence. Therefore, in this study, SHAP analysis is used to identify the
relative importance and directional associations of environmental predictors with maize yield‐loss risk, but not to
infer causal relationships among drought, salinity, and yield loss. This interpretation is consistent with recent
hydroclimatic studies that have used SHAP and interpretable machine learning to identify dominant drivers or
controls of floods and drought‐related processes, rather than as standalone causal attribution tools (Ghaneei
et al., 2026; Xu et al., 2024).

2.5. Definition of Dryness Conditions and Drought Events

We defined soil drought as occurring when soil moisture (SM) percentiles fall below a threshold value contin-
uously over time and across a contiguous area (Andreadis & Lettenmaier, 2006), reflecting the rarity and ex-
tremity of the event. In this study, a threshold value of the 20th percentile of SM quantile was used to distinguish
drought from non‐drought, following previous drought identification work (Andreadis & Lettenmaier, 2006;
Wang et al., 2008). This is also the threshold used in the U.S. Drought Monitor (available at https://droughtmonito
r.unl.edu/About/AbouttheData/DroughtClassification.aspx).
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To account for seasonal variability, we converted daily SM data into weekly averages and computed percentile
ranks based on weekly data from 1980 to 2018. Weekly SM values below the 20th percentile were classified as
drought conditions, while values above this threshold were considered non‐drought condition. A drought event
was defined as starting when SM dropped below the 20th percentile and ending when it rose above this threshold
during the maize‐growing season. We focused on drought events with a minimum duration of 4 weeks (i.e.,
monthly droughts). Adjacent drought events were not merged in this study. It is worth noting that when the start
time of the drought does not fall within the growing season, but the end time does, and the duration is 4 weeks or
more, we capture such events and consider only the length of time within the growing period as the duration of this
drought event. Meanwhile, the total number of drought days is defined as the cumulative duration of all drought
events in the region for that year.

3. Results
3.1. Spatiotemporal Patterns and Changes in Soil Droughts and Maize Yields

Over the past three decades (1982–2016), the total number of soil drought days in China showed an increasing
trend (Figure 1a), accompanied by a marked expansion in the spatial extent of soil drought occurrences
(Figure 1b). Moreover, there are pronounced regional differences in the spatial patterns of both drought frequency
and the total number of drought days (Figures S1a and S1b in Supporting Information S1), with both metrics

Figure 1. Drought trends and the correlation between drought and yield. (a) Temporal trend in the total number of soil drought days from 1982 to 2016. The black dot
represents the mean value, and the blue solid line represents the 25th and 75th percentiles. (b) Temporal trend in the proportion of the area experiencing soil droughts
from 1982 to 2016. (c) Spatial distribution of Pearson correlation coefficients between yield anomalies and the total number of drought days. (d) Pearson correlation
coefficients between yield anomalies and the total number of drought days, with the light blue shading representing the 25th and 75th percentiles.
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tending to increase progressively toward the north. Since changes in soil moisture directly affect plant water
availability and consequently plant productivity and crop yields (Wang et al., 2011), the worsening drought
conditions are likely to have an increasingly negative impact on maize yields.

To evaluate the sustainability and stability of maize yield, this study employs two key indicators: the sustain-
ability index of yield (SYI) (Singh et al., 1990), and the coefficient of variation (CV) (Tucker et al., 1991). A
higher SYI indicates greater sustainability of the cropping system, while a lower CV reflects higher yield stability
(Wang et al., 2023). Our results show that parts of the northeastern, northern, and much of southwestern China
exhibit lower SYI values and higher CV values (Figures S1c and S1d in Supporting Information S1), indicating
reduced sustainability and increased instability in maize yields across these regions. These patterns may be
influenced by various factors, including climate change, technological development, policy shifts, and agricul-
tural management practices. To isolate the effect of climate change, we used yield anomaly to represent changes
in maize yield (See the “Methods” Section), thereby removing the influence of technological advancements,
improved seed varieties, policy interventions, and other non‐climatic factors.

Focusing solely on climate influence, we applied Pearson correlation analysis to examine the relationship be-
tween maize yield anomalies and soil drought. Figure 1c presents the spatial distribution of Pearson correlation
coefficients between pixel‐based yield anomalies and the total number of drought days across China. Regions
with a significantly negative correlation (dark red pixels) account for 15% of the total area, while 55% of the area
shows an insignificant negative correlation (pink pixels). The remaining 30% (gray pixels) fall into other cate-
gories, including positive or no correlation. Overall, a predominantly negative correlation between drought and
yield anomalies is observed across most regions, with a significant negative correlation clustered notably is
observed in northeastern and northern China. Furthermore, yield anomalies decrease significantly as the total
number of drought days increases (Figure 1d). Negative yield anomalies indicate that actual yields are below
expected levels, with smaller (more negative) values representing larger shortfalls. This demonstrates that yield
anomalies tend to become more negative as the total number of drought days rises.

3.2. The Combined Impacts of Drought and Soil Salinity on Maize Yields

In addition to the direct impact of drought, soil salinity is a critical factor limiting agricultural production.
Although maize is not typically cultivated in highly saline soils, previous studies indicate that drought can induce
salt accumulation in soil, further hindering crop growth (Maas & Grattan, 1999; Perri et al., 2022). In the context
of increasingly severe drought events, the co‐occurrence of drought and soil salinity (CODS) subject plants to
combined stress. To evaluate yield reductions from individual drought and CODS, we defined three conditions
and analyed their corresponding yield anomalies. The first category is the normal condition, characterized by the
absence of drought and saline soil. Saline soil is defined by excessive accumulation of soluble salts on the soil
surface and in the root zone, with an electrical conductivity of the saturated soil extract (ECe) ≥ 2 dS·m− 1 (Abrol
et al., 1988), a threshold marking the upper tolerance limit for salt‐sensitive crops (Maas & Grattan, 1999). The
second is the individual drought condition, characterized by the occurrence of drought and non‐saline soil. The
third is the CODS condition, involving the co‐occurrence of drought and saline soil.

Our results reveal that CODS is associated with significantly more negative yield anomalies than individual
drought, whereas normal conditions are associated with positive yield anomalies (Figure 2a and Figure S2 in
Supporting Information S1). This indicates that negative maize yield anomalies are pronounced under drought
stress and become even stronger under combined drought and salinity stress. In other words, the negative impact
of CODS exceeds that of drought alone. These findings align with previous studies showing that salinity and
drought exert additive negative effects on shoot and root biomass accumulation (Abdelraheem et al., 2019; Angon
et al., 2022; Hanks et al., 1977; Ors et al., 2021). The interaction between the two stressors further intensifies their
adverse effects, indicating that their combination amplifies the damage each causes individually (Angon
et al., 2022; Sahin et al., 2018).

Furthermore, under drought conditions, yield anomalies continue to decline as salinity increases (Figure 2b and
Figure S3 in Supporting Information S1). Previous studies have shown that yield decreases approximately lin-
early once salinity surpasses a crop‐specific threshold (Hanks et al., 1977; Maas & Hoffman, 1977). Figure 2b
shows that under drought, yield anomalies remain predominantly negative across all salinity levels, indicating that
drought reduces yield independently of salinity. In contrast, without drought, yields show more varied responses
to salinity (Figure S4 in Supporting Information S1). Specifically, when ECe ≤ 1 dS·m− 1, yield anomalies show a
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slight increasing tendency with rising ECe. However, this pattern should not be interpreted as evidence of a direct
physiological benefit of low salinity. At the gridded‐field scale, it may partly reflect confounding effects asso-
ciated with irrigation, fertile, or regional management practices. Therefore, we focus primarily on the negative
yield responses observed under higher salinity levels and drought conditions. Figures 2c and 2d illustrate the
spatial distribution of areas affected by individual drought and CODS, respectively. Drought affects nearly the
entire study region, while CODS impacts are more localized.

To further evaluate maize yield loss in response to CODS, we estimated the risk of maize yield loss (defined as
relative yield anomalies below − 10%, or yt < − 0.1) using a copula‐based model (See the “Methods” Section).
Figure 3a shows the risk of yield loss under individual drought and CODS across China. Both conditions pose an
approximately 20% risk of yield loss, though CODS presents a consistently higher risk than drought alone. Under
combined stress, the risk of maize yield loss is approximately five percentage points higher than under drought
stress alone. This risk also rises steadily with increasing salinity levels (Figure 3b). Across all salinity levels, the
risk of yield loss under CODS remains about 5% higher than under individual drought. Under these varying
salinity settings, CODS consistently showed a higher yield‐loss risk than individual drought, and the estimated
risk under CODS generally increased as the salinity threshold becamemore stringent. This result indicates that the
amplifying effect of salinity on drought‐related yield‐loss risk is robust to the choice of ECe threshold. When
salinity levels reach or exceed 5.0 dS·m− 1, the risk of yield loss under CODS surpasses 30%. Physiologically,
drought limits the plant's access to available soil water, while the presence of salts during drought further in-
creases osmotic stress and can induce ionic toxicity. These imbalances disrupt key physiological and biochemical
pathways essential for growth and development (Zhang et al., 2013), indicating that salt stress effectively

Figure 2. The effects of drought and salinity on maize yield. (a) Estimated effects of normal, individual drought, and CODS conditions on mean maize yield anomalies
(t·ha− 1). (b) Estimated combined effects of drought and soil salinity under different salinity levels. Black line represents the error bars from 5% to 95% confidence
interval. (c) Spatial distribution of the average effects of individual drought on maize yield from 1982 to 2016. (d) Spatial distribution of the average effects of CODS on
maize yield from 1982 to 2016. Gray areas represent maize croplands where CODS events were not observed.
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exacerbates drought stress (Rhoades et al., 1992). Spatially, the risk of yield loss under CODS is concentrated in
northern China, particularly in the Songnen Plain, the southern North China Plain, and the northern Hetao Plain
(Figures 3c and 3d).

We further validated the above conclusions using the GLEAM data set (Figure 4 and Figure S5 in Supporting
Information S1) and the GlobalCropYield5min data set (Figure 5 and Figure S6 in Supporting Information S1),
and obtained consistent results. These validation analyses provided consistent evidence for four main results,
including the negative relationship between the total number of drought days and maize yield anomalies, the
increasing trend in total number of drought days, the stronger negative effect of CODS on yield anomalies
compared with individual drought, and the higher yield‐loss risk under CODS than under individual drought.
These results underscore impact variations in yield loss risk under individual drought and CODS, highlighting the
stronger negativity of CODS on maize yield.

3.3. Attribution of Maize Yield Anomaly

Although the previous conclusions clearly demonstrate that CODS has a more severe negative impact on maize
yield than drought alone, the influence of drought under CODS remains present, and the specific amplifying effect
of salinity is not yet isolated. Furthermore, the key environmental drivers directly responsible for yield loss under
CODS conditions remain unclear. To isolate the effects of drought variations, we first categorized the total
number of drought days by month. Pixels with similar total drought durations, for example, 1 month, or more than

Figure 3. The risk of yield loss under individual drought and CODS. (a) The risk of yield loss under individual drought and CODS. The boxes represent the 25th and 75th
percentiles. (b) Trend of yield loss risk under individual drought and CODS across different salinity levels. The x‐axis represents a set of alternative ECe thresholds used
to classify drought‐affected samples into individual drought and CODS conditions. The black dot represents the mean value. The black solid line represents the 25th and
75th percentiles. (c) Spatial distribution of yield loss risk under individual drought. (d) Spatial distribution of yield loss risk under CODS. Gray areas represent the maize
croplands where CODS events were not observed.

Water Resources Research 10.1029/2026WR044233

LI AND WANG 9 of 18

 19447973, 2026, 8, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2026W

R
044233 by Shuo W

ang , W
iley O

nline L
ibrary on [13/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



one but less than 2 months, were grouped together under the assumption of comparable drought stress. Within
each drought category, we then compared yield anomalies between cases where salinity exceeded the threshold
(CODS) and cases where it did not (individual drought). This analysis revealed more negative yield anomalies
when salinity exceeded the threshold (Figure 6a). To further refine our control, we subdivided the soil moisture
data within each monthly drought category into our percentile bins (0–25th, 25–50th, 50–75th, and 75–100th). By
matching both the drought duration category and the soil moisture percentile, we created highly comparable
drought conditions and obtained consistent results (Figure 6b). This suggests that, under similar drought stress,
elevated salinity is associated with additional yield reduction.

To quantify the contribution of key factors to yield loss, we employed an XGBoost model and SHAP (Shapley
Additive exPlanations) analysis (See the “Methods” Section). Given that severe soil droughts under global
climate change are linked to anomalies in evapotranspiration, precipitation (P), and temperature (T) (Svoboda
et al., 2002; Wang et al., 2011). We selected relevant climatic variables: T, VPD, potential evapotranspiration
(PET), and P (Mukherjee et al., 2023; Nosetto et al., 2013), as along with ECe for soil salinity. PET reflects
atmospheric evaporative demand (Thornthwaite, 1948), while VPD dictates the evaporative demand on plant
leaves (Jensen et al., 2016). Figure 6c shows that under individual drought conditions, drought‐related variables
(PET, P, SM, and VPD) contribute more to yield loss than salinity, consistent with established findings (Du
et al., 2023; Sahin et al., 2018) and with drought being the primary stressor in this study. PET is the most
important feature, with yield loss increasing as PET rises. In contrast, higher P and SM mitigated yield loss.
Although ECe has the smallest contribution, yield loss still worsens as ECe increases. The overall model per-
formance is good, with an AUC of 0.8056 and a Brier score of 0.1259. Under CODS conditions, drought‐related
variables still account for the largest share of contribution. However, the importance of salinity increased, ranking

Figure 4. Validation of the core findings using the GDHY data and GLEAM data. (a) Spatial distribution of Pearson correlation coefficients between yield anomalies and
the total number of drought days. (b) Estimated effects of normal, individual drought, and CODS conditions on relative maize yield anomalies (t·ha− 1). (c) Temporal
trend in the total number of soil drought days from 1982 to 2016. The black dot represents the mean value. The blue solid line represents the 25th and 75th percentiles.
(d) Risk of yield loss under CODS and individual drought. The boxes represent the 25th and 75th percentiles.
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just behind precipitation (Figure 6d). These results indicate that soil drought remains the dominant factor asso-
ciated with maize yield loss, while the contribution of soil salinity becomes more pronounced under combined
stress conditions.

3.4. Impact of Human Activities on Maize Yield

In this study, the impact of human activities on maize yield is considered primarily through increased soil salinity,
which negatively affects crop productivity. Anthropogenic factors such as improper irrigation practices, the use of
saline water for irrigation, and certain fertilization methods contribute directly or indirectly to the accumulation of
salts in the soil (Corwin, 2021; Singh, 2015; Utset & Borroto, 2001). To better assess these effects, the study area
was divided into rain‐fed and irrigated regions using the Irrigated Area Map Asia 2010 for delineation. In rain‐fed
regions, salinity dynamics are driven by natural factors, whereas in irrigated regions, both natural and anthro-
pogenic factors are involved. The Irrigated AreaMap Asia 2010 was used to delineate rain‐fed and irrigated zones
(Siddiqui et al., 2016). An initial comparison between the two systems showed that soil salinity levels were
significantly higher in irrigated regions than in rain‐fed regions (Figure 7a). To isolate the influence of human
activities, natural factors were simplified to drought conditions, with drought events categorized monthly. Pixels
with similar total drought duration (e.g., 1 month, or more than one but less than 2 months) were grouped together
under the assumption of comparable drought stress. Within each drought category, yield anomalies were
compared for years with increasing versus decreasing soil salinity. Results reveal that increased salinity is
associated with negative yield anomalies, indicating a decline in maize yield. Conversely, decreased salinity
corresponds to positive anomalies, where actual maize yields exceeded expectations (Figure 7b). It is important to
note that “increased salinity” here refers to an annual rise relative to the previous year, without applying a specific
threshold.

Figure 5. Validation of the core findings using GlobalCropYield5min data and ERA5 data. (a) Spatial distribution of Pearson correlation coefficients between yield
anomalies and the total number of drought days. (b) Estimated effects of normal, individual drought, and CODS conditions on relative maize yield anomalies (t·ha− 1).
(c) Temporal trend in the total number of soil drought days from 1982 to 2016. The black dot represents the mean value. The blue solid line represents the 25th and 75th
percentiles. (d) Risk of yield loss under CODS and individual drought. The boxes represent the 25th and 75th percentiles.
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Figure 6. Feature importance analysis based on SHAP (Shapley Additive exPlanations) values. (a, b) Estimated effects of individual drought and CODS on relative
maize yield anomalies under comparable drought stress (t·ha− 1). (a) Stratified by the total number of drought days. (b) Stratified by the total number of drought days and
soil moisture. (c, d) SHAP summary plots showing the distribution of SHAP values across samples for each feature, colored by feature values from low (blue) to high
(red). Features include PET, P, SM, Vapor pressure deficit, T, and ECe. (c) Individual drought. (d) CODS.

Figure 7. Density distribution of salinity level and maize yield anomalies under different conditions. (a) Comparison of salinity level between rain‐fed area and irrigated
area. (b) Comparison of maize yield anomalies between increased salinity and decreased salinity conditions.
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To further analyze the anthropogenic impact, we focused on two major maize‐producing regions in China: the
North China Plain and the Songnen Plain. These regions face similar challenges, including irrigation water
shortages and salinity stress, and contains both rain‐fed and irrigated systems under comparable natural condi-
tions (Ben‐Ari et al., 2018; Luo et al., 2018; Sun et al., 2010, 2006). Under equivalent drought conditions and
periods of increasing salinity, irrigated areas exhibited more negative yield anomalies than rain‐fed areas
(Figures 8a and 8c). This indicates that additional salinity increase attributable to human activities leads to a more
pronounced decline in maize yield. This conclusion is corroborated by an identical analysis using the higher‐
resolution (0.1°) GlobalCropYield5min data set (Figures 8e and 8g).

4. Discussions and Conclusions
This study examined the trends in maize yield in China from 1982 to 2016 against a backdrop of increasing soil
drought. Our findings reveal an increasing trend in both the frequency and spatial extent of soil drought days. A
significant negative correlation exists between soil drought and maize yield: as the total number of drought days
increases, maize yield declines abnormally, particularly in northern and northeastern China. To assess the
combined effects of soil drought and salinity, we compared the impacts of individual drought and CODS (co‐
occurrence of drought and soil salinity) during the maize‐growing season. Both conditions reduce maize yield, but
the negative trend is significantly more pronounced under CODS. A copula‐based model further revealed that
both individual drought and CODS pose approximately a 20% risk of yield loss, with CODS presenting a
consistently higher risk. This risk escalates with rising salinity levels under both stress types, confirming that
worsening salinity intensifies yield loss irrespective of drought conditions. In this study, CODS refers specifically
to the co‐occurrence of soil drought and soil salinity, the latter defined per FAO guidelines as having an electrical
conductivity of the saturated paste extract (ECe) ≥ 2 dS·m− 1 (Abrol et al., 1988). While some studies suggest a
maize salt tolerance threshold near ECe= 1.7 dS·m− 1 (Tanji et al., 2002). Our sensitivity analysis using three data
combinations found no significant difference in yield anomalies between thresholds of 1.7 and 2 dS·m− 1 (Figure
S7 in Supporting Information S1). This is primarily due to the limited number of samples with soil salinity

Figure 8. Density distribution of maize yield anomalies for irrigated and rain‐fed areas in the Songnen Plain and the North China Plain. (a) Density distribution of maize
yield anomalies for irrigated and rain‐fed areas in the Songnen Plain (Global Data set of Historical Yields: GDHY data set). (b) Spatial distribution of irrigated and rain‐
fed grid cells in the Songnen Plain (GDHY data set). (c) Density distribution of maize yield anomalies for irrigated and rain‐fed areas in the North China Plain (GDHY
data set). (d) Spatial distribution of irrigated and rain‐fed grid cells in the North China Plain (GDHY data set). (e) Density distribution of maize yield anomalies for
irrigated and rain‐fed areas in the Songnen Plain (GlobalCropYield5min data set). (f) Spatial distribution of irrigated and rain‐fed grid cells in the Songnen Plain
(GlobalCropYield5min data set). (g) Density distribution of maize yield anomalies for irrigated and rain‐fed areas in the North China Plain (GlobalCropYield5min data
set). (h) Spatial distribution of irrigated and rain‐fed grid cells in the North China Plain (GlobalCropYield5min data set).
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between these values across China (Figures S3 and S4 in Supporting Information S1). Consequently, a 2 dS·m− 1

threshold was adopted.

By isolating drought variability, we confirmed that soil salinity exacerbates drought‐induced yield loss under
CODS. Using XGBoost and SHAP analysis, we quantified the contribution of key environmental variables,
including VPD, PET, P, T, and ECe, to yield loss. Under individual drought, drought‐related variables (PET, P,
and SM) were more influential than salinity (ECe). However, the contribution of ECe increased under CODS,
highlighting salinity's amplifying role. To examine whether human activities may be linked to this process, we
focused on the North China Plain and the Songnen Plain, two maize regions facing salt stress and saline irrigation.
Under comparable drought conditions, irrigated areas, where salinity may be affected by irrigation‐related
practices, showed more negative yield anomalies than rain‐fed areas. This suggests that salinity increases in
irrigated areas, which may be partly influenced by human activities, are associated with more negative yield
anomalies under comparable drought conditions.

Moving‐window detrending may also partially remove low‐frequency climatic variability and may be sensitive to
endpoint treatment. To evaluate the sensitivity of the results to the detrending choice, we repeated the analysis
using alternative 5‐year and 9‐year moving windows, as well as a centered moving window that excluded the
focal year from the expected‐yield calculation. The main conclusions remained consistent across these sensitivity
analyses (Figures S9–S11 in Supporting Information S1), indicating that our findings are not driven by the choice
of window length or the inclusion of the focal year.

A critical finding concerns the use of saline groundwater for irrigation in these freshwater‐scarce regions. While
this practice is viewed as an adaptive response to drought (Liu et al., 2024; Ma et al., 2008), our results suggest
that if it leads to soil salt accumulation, it may ultimately undermine the goal of alleviating drought stress. ECe

increases with the concentration of irrigation water (Hagage et al., 2024; Han et al., 2024), and evaporative
demand can simultaneously induce drought and salinity stress (Hailu & Mehari, 2021). Long‐term saline water
irrigation degrades soil structure (Panta et al., 2018), reduces key physiological parameters in maize like
photosynthesis and transpiration (Wang et al., 2016), and leads to yield loss through salt accumulation (Baath
et al., 2017). Even low‐concentration saline water (<3 g/L) can cause significant yield losses over time (Wang
et al., 2016). Therefore, water management strategies must consider both water quantity and quality to mitigate
secondary salinization (Wen et al., 2022).

Sustainable saline water irrigation may require management practices that help control salt accumulation (Liu
et al., 2024; Paranychianakis & Chartzoulakis, 2005; Wang et al., 2016), such as increased irrigation frequency,
artificial drainage (Feng et al., 2021; Paranychianakis & Chartzoulakis, 2005), and adequate leaching to maintain
long‐term soil salinity within acceptable limits (Beltrán, 1999; Pasternak & De Malach, 1995). Although this
study does not directly test specific irrigation interventions, our findings suggest that avoiding secondary sali-
nization should be an important consideration in drought adaptation and irrigation management. This study
underscores the significant risk that CODS poses to maize yield and provides evidence that unmanaged saline
water use may exacerbate yield losses under drought conditions. Future research should prioritize these com-
pound stresses to inform sustainable agricultural management and effective climate adaptation planning (Ibrahim
et al., 2019; Ni et al., 2024).

One limitation of this study is that the ECe data set used to represent soil salinity is based on machine‐learning‐
derived estimates from remote sensing and environmental covariates, rather than direct field observations.
Although this data set provides spatially continuous and long‐term information on soil salinity, uncertainties may
arise from model estimation, input data quality, and limited ground‐based validation. Therefore, the salinity‐
related results should be interpreted as evidence based on gridded estimated salinity data, and future studies
would benefit from direct field measurements to further validate these findings. Meanwhile, because this study is
based on observational data sets and statistical model, our results should be interpreted as associations, condi-
tional risk differences, and model‐based feature contributions rather than direct causal estimates. Although the
consistency across group comparisons, copula‐derived conditional probabilities, validation data sets, and SHAP‐
based interpretation supports the robustness of the observed patterns, these approaches cannot fully exclude the
influence of unobserved confounders, such as local irrigation timing and volume, fertilizer use, pest pressure, or
other management practices. Therefore, the inferred amplifying role of soil salinity under drought should be
interpreted cautiously. Future studies combining field experiments, process‐based crop–soil models, and formal
causal inference frameworks are needed to more rigorously quantify the causal contribution of soil salinity to
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drought‐related maize yield losses. Furthermore, several data‐related limitations should be acknowledged. First,
the ERA5 soil moisture layers used in this study mainly represent shallow soil moisture conditions and may not
fully capture deeper root‐zone water availability for maize, particularly at later growth stages. Although the use of
root zone soil moisture data from GLEAM at a depth of 0–100 cm as an independent validation data set produced
consistent results, uncertainties related to dynamic soil moisture depth representation remain. In addition, the
annual 0–30 cm ECe product provides a long‐term topsoil salinity indicator, but it cannot fully represent growing‐
season salinity dynamics or vertical salinity variation within the crop root zone. These limitations may introduce
uncertainty into the estimated drought and salinity stresses. Nevertheless, the selected data sets provide spatially
consistent, long‐term information across China, making them useful for evaluating broad‐scale associations
between drought, salinity, and maize yield anomalies. Future studies would benefit from integrating depth‐
resolved root‐zone soil moisture, seasonal salinity observations, and field‐based measurements.
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