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A B S T R A C T

Flash droughts pose significant challenges to water resource management and agricultural sustainability, making 
it imperative to improve their predictability to mitigate potential risks. This study presents a novel deep learning 
framework that integrates a spatial–temporal causality-aware (STC) module into a CNN-LSTM hybrid architec
ture to enhance flash drought prediction in China’s Greater Bay Area (GBA). Ablation experiments demonstrate 
that the causality module enhances model generalization (GA = 0.90) and performance (NSE = 0.83), and 
substantially increases the accuracy of flash drought onset prediction (F1 score = 0.33) compared to baseline 
models. Explainable Artificial Intelligence (AI) analyses further reveal that incorporating causality strengthens 
the predictive contributions of key flash drought drivers, including soil moisture memory, downward longwave 
radiation, and precipitation. Especially, it reveals new insights into drought drivers: downward longwave ra
diation emerges as a critical yet previously underrecognized predictor of soil moisture variability in humid 
subtropical climates. Additionally, this study distinguishes the mechanisms underlying slow and flash droughts, 
highlighting the dominant role of initial soil moisture and persistent shortwave radiation in slow droughts, versus 
rapid energy imbalances and longwave radiation in flash droughts. Further findings suggest that anthropogenic 
activities in China’s GBA intensify the complexity of drought mechanisms, increasing both prediction difficulty 
and regional vulnerability to hydrological extremes. The proposed framework and insights provide a foundation 
for developing more effective flash drought risk management and adaptation strategies in humid subtropical 
regions.

1. Introduction

Recent studies have increasingly highlighted flash drought (FD) as a 
growing concern due to their rapid onset and severe impacts (Senay 
et al., 2008). These events can develop quickly under extreme atmo
spheric conditions, such as elevated temperatures, strong winds, and 
low humidity, and are often triggered by insufficient precipitation or 
increased evaporative demand. As a result, they can cause significant 
disruptions to ecosystems and agricultural systems (Crausbay et al., 
2017; Otkin et al., 2015). Global-scale analyses have shown that FDs are 

becoming more frequent and intense under the influence of climate 
change (Christian et al., 2021; Christian et al., 2023), and South China 
has been identified as a regional hotspot for FD occurrence (Qing et al., 
2022; Yuan et al., 2019). Several recent events have underscored the 
vulnerability of this region. For example, in the summer of 2013, a FD 
affected 13 provinces, damaging over two million hectares of crops 
(Yuan et al., 2015). In late summer 2019, another extreme FD persisted 
through the autumn, impacting 2.35 million hectares of crops and 
resulting in direct economic losses of 15.08 billion Chinese Yuan (Wang 
et al., 2020). The most severe event on record occurred in the summer of 
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2022, when the Yangtze River Basin experienced its worst FD since 
meteorological records began in 1961 (Liu et al., 2023). This event 
severely affected water resources, hydropower generation, agricultural 
production, ecosystems, and public health, with an estimated impact on 
52.5 million people and 60.9 million hectares of crops, causing direct 
economic losses of 51.28 billion Chinese Yuan (Lu et al., 2023; Wang 
and Yuan, 2023).

Given their rapid development and severe consequences, FDs de
mand increased awareness, proactive adaptation strategies, early 
warning systems, and effective emergency response (Otkin et al., 2022). 
However, their sudden onset poses significant challenges for timely 
prediction and response, complicating decision-making for resource 
managers and stakeholders (Anderson et al., 2013). Despite the urgency, 
relatively few studies have specifically addressed FD prediction. Tradi
tional approaches often rely on drought indices, physical process-based 
models, or coupled systems that use meteorological and hydrological 
variables (Tyagi et al., 2022). Index-based methods typically assess the 
interaction between soil moisture and climate drivers using indicators 
such as the Standardized Precipitation Index or the Standardized Pre
cipitation Evapotranspiration Index to track drought development and 
identify FD events (AghaKouchak, 2014; Chen et al., 2019; Ho et al., 
2021; Liang and Yuan, 2021; Yaseen et al., 2025; Yevjevich, 1967). 
However, these methods often struggle to capture the nonlinear and 
dynamic interactions among multiple drivers. In addition, physically 
based models, including coupled models like Global Climate Models and 
the Variable Infiltration Capacity model, have been used to simulate soil 
moisture under future climate scenarios (Mishra et al., 2021). Their 
performance is limited by process simplifications, uncertainties in model 
parameters, and the coarse spatial and temporal resolution of input data 
(Prodhan et al., 2021; Yuan et al., 2020). As a result, they are often 
inadequate for predicting the rapid onset of FDs, which are driven by 
complex and fast-evolving physical mechanisms (Huntingford et al., 
2019; Yuan et al., 2020).

Machine learning and deep learning techniques have demonstrated 
considerable potential in water environments (Ahmadianfar et al., 2022; 
Samadi-koucheksaraee et al., 2019; Samadi-Koucheksaraee et al., 2022; 
Shirvani-Hosseini et al., 2022), water resource management 
(Ahmadianfar and Zamani, 2020), and traditional long-term drought 
prediction (Jamei et al., 2023; Samadi-Koucheksaraee and Chu, 2024), 
owing to their superior predictive performance. However, their appli
cation to FD forecasting remains relatively limited (Feng et al., 2024; Xu 
et al., 2024). Classical machine learning models (e.g., Artificial Neural 
Networks, Support Vector Machines, and Random Forests) have been 
effective in handling multicollinearity and capturing nonlinear re
lationships among drought-related variables (Park et al., 2016; Tufaner 
and Özbeyaz, 2020; Zhu et al., 2021). Building on these strengths, deep 
learning methods like Long Short-Term Memory (LSTM) networks and 
Convolutional Neural Networks (CNNs) offer further advantages. These 
models are better suited for learning complex spatial–temporal de
pendencies and are less prone to overfitting in the presence of lagged or 
high-dimensional data. As a result, they provide improved performance 
for drought prediction tasks that involve multi-scale and multi- 
dimensional inputs—features that are particularly relevant to the dy
namic nature of FDs (Dikshit et al., 2021; Xiao et al., 2019; Xiao et al., 
2024).

Despite their effectiveness in prediction and classification, data- 
driven machine learning and deep learning models are not inherently 
designed to uncover or quantify the internal dependencies within 
complex systems (Runge et al., 2019). To address this limitation, causal 
inference methods serve as a valuable complement, offering a pathway 
to improve theoretical understanding by representing the system 
through an interpretable, potentially deterministic mathematical struc
ture (Reichstein et al., 2019). Previous studies have shown that inte
grating physical insights from dynamical systems into data-driven 
models can substantially enhance predictive accuracy and model 
generalization (Cai et al., 2022; Hoedt et al., 2021; Jiang et al., 2020; 

Zhao et al., 2019). In addition, improvements in model accuracy can 
reinforce the reliability of post hoc interpretation using eXplainable 
Artificial Intelligence (XAI) techniques (Molnar, 2020). XAI has recently 
received growing attention in geoscience applications, where it has been 
used to uncover insights into flooding mechanisms (Jiang et al., 2024), 
ecosystem response (Li et al., 2022), and FD dynamics (Feng et al., 
2024).

This study proposes a spatial–temporal causality-aware module in
tegrated into a traditional CNN-LSTM framework to improve soil 
moisture and FD prediction in China’s Greater Bay Area (GBA), a core 
region of South China. Based on this architecture, we developed a 
Spatial-Temporal Causality-aware CNN-LSTM (STC-CNNLSTM) model 
that leverages daily spatiotemporal maps of meteorological drivers to 
forecast soil moisture. To assess the added value of the causality module, 
we compared model performance with existing models, with a particular 
focus on forecasting FD events. We further applied an XAI technique, 
Expected Gradients, to interpret model predictions and identify the key 
drivers influencing the onset of both flash and slow droughts. In addi
tion, we examined how the complexity of drought onset correlates with 
model performance and human activity patterns in the region. This 
causality-enhanced framework fundamentally differs from existing 
physics-informed machine learning approaches, such as physics- 
constrained networks or hybrid dynamical–statistical models. By 
embedding causal strengths directly into the recurrent network through 
LSTM cell state initialization, it not only improves predictive accuracy 
but also enhances understanding of the mechanisms driving drought 
onset in complex urbanized environments.

2. Model development

To improve FD forecasting and better understand its drivers, we 
developed the Spatial-Temporal Causality-aware CNN-LSTM (STC- 
CNNLSTM) model (Fig. 1a). This model predicts soil moisture for a 
central pixel with a two-week lead time, based on a 14-day time series of 
ten meteorological variables from the surrounding 3 × 3 grid.

2.1. Model architecture

Recent research highlights that FDs are shaped by multiscale in
teractions among land, atmosphere, and ocean systems, influenced by 
both local indicators and broader climatic drivers (Liang and Yuan, 
2021; Nguyen et al., 2021). To address this complexity, we adopted a 
CNN-LSTM architecture, which is well suited for capturing spatial and 
temporal patterns critical to soil moisture dynamics. However, con
ventional deep learning models often struggle to generalize beyond their 
training conditions, particularly when forecasting extreme events 
(Plésiat et al., 2024; Trok et al., 2024). This limitation is partly due to the 
absence of embedded prior knowledge, such as physical principles, 
process understanding, and causal relationships, in purely data-driven 
approaches. To overcome this, we enhanced the CNN-LSTM model by 
incorporating attention mechanisms and a causality module, aiming to 
improve predictive performance and provide meaningful insights to 
support early warning and risk management of FDs (Cai et al., 2022; 
Hoedt et al., 2021; Jiang et al., 2020; Zhao et al., 2019).

The input data is organized as a four-dimensional array with the 
shape (sequence × channel × height × width), where “sequence” rep
resents the length of the time series, “channel” represents the number of 
climatic and meteorological drivers, and “height” and “width” define the 
spatial extent, set as a 3 × 3 grid in this study. The data is first processed 
by an attention-based CNN module to extract spatial features from each 
time step independently, allowing for parallel computation (Plésiat 
et al., 2024). This is followed by an average pooling layer, which com
presses the spatial dimensions into a single point and embeds spatial 
features into the channel dimension (Zhang et al., 2021). The resulting 
representation is then passed to a causality-informed LSTM module, 
which extracts temporal patterns across the time series for all drivers 
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(Mousavi et al., 2020). Finally, the last hidden state of the LSTM is used 
to achieve soil moisture prediction through a fully connected layer.

2.2. Attention CNN module

The Attention CNN module is designed to extract spatial features 
from meteorological input data. In this study, we adopt the classic Re
sidual Network (ResNet) architecture, which is well known for its ability 
to stabilize training and improve convergence in deep neural networks 
(He et al., 2016). ResNet is used to capture spatial patterns in sur
rounding climatic and meteorological variables that influence soil 

moisture at the target location (Venkatesan and Li, 2017). To enhance 
the model's ability to focus on relevant spatial features, we incorporate 
an attention mechanism inspired by human visual perception. Attention 
mechanisms enable models to emphasize informative input regions 
while down-weighting irrelevant or noisy signals, thereby enhancing 
robustness and interpretability in complex and heterogeneous environ
ments (Vaswani et al., 2017). In this study, we integrate ResNet with 
attention modules, forming the AttCNN block (Fig. 1b), which enhances 
spatial feature extraction for FD prediction.

The attention mechanism follows the structure of the Convolutional 
Block Attention Module (CBAM) (Woo et al., 2018), as illustrated in 

Fig. 1. (a) Overview of the proposed STC-CNNLSTM (Spatial-Temporal Causality-aware CNN-LSTM) model, which predicts soil moisture using a sequence of 
attention-based CNN and STC-LSTM modules applied to spatial–temporal meteorological driver maps. (b) Architecture and data flow of the STC-CNNLSTM model. (c) 
Structure and implementation of the Causality LSTM module, which incorporates causality information through two approaches. (d) The Spatial-Temporal Causality- 
aware approach, used in the STC-CNNLSTM model. (e) The Temporal Causality-aware approach, applied in the TC-CNNLSTM model for ablation analysis.
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Fig. S1. CBAM provides lightweight channel- and spatial-attention 
mechanisms that enable the network to adaptively highlight informa
tive variables and grid-cell regions while suppressing less relevant fea
tures. This is important for FD prediction because early signals often 
manifest as subtle atmospheric and soil-moisture anomalies embedded 
within heterogeneous hydro-meteorological inputs. The channel- 
attention module reweights different predictor variables (e.g., radia
tion fluxes, temperature, wind speed), which differ substantially in 
physical meaning and temporal variability, while the spatial-attention 
module emphasizes regions undergoing rapid moisture depletion or at
mospheric stress. Unlike transformer-based multi-head attention, CBAM 
relies on simple attention maps that modulate convolutional features 
without adding substantial computational complexity. This targeted 
feature refinement improves the model’s sensitivity to weak pre-onset 
signals and supports more robust identification of FD onset.

Given an input feature map F ∈ RC×H×W, CBAM sequentially com
putes attention maps along two dimensions (i.e., channel and spatial) 
and applies them to refine the feature representation. The result is a 
spatially informed output that better supports downstream temporal 
modeling and prediction tasks: 

F́ = MC(F) ⊙ F,

Fʹ́ = MS(Fʹ) ⊙ Fʹ, (1) 

where MC represents the channel attention map, MS is the spatial 
attention map, and ⊙ denotes element-wise multiplication. Channel 
attention focuses on identifying ‘what’ is meaningful across the input 
channels. As illustrated in Fig. S2b, it can be computed as follows: 

MC(F) = σ(MLP(AvgPool(F)) + MLP(MaxPool(F)) (2) 

where σ represents the sigmoid function, and MLP denoted the shared 
multi-layer perceptron with one hidden layer.

In contrast to channel attention, spatial attention identifies “where” 
informative parts are located, complementing the channel attention 
(Fig. S2c). It is computed as follows: 

MS(F)= σ(f7×7([AvgPool(F);MaxPool(F)]) (3) 

where σ denotes the sigmoid function, and f7×7 represents a convolution 
operation with the filter size of 7 × 7.

Previous studies have indicates that this additional attention archi
tecture enhances both classification and regression performance across 
various models (Chen et al., 2021; Mohammadi Foumani et al., 2024). 
As shown in Fig. 1b, the basic AttCNN block in this study consists of two 
convolutional layers followed by a CBAM, and four AttCNN blocks form 
the backbone of the Attention CNN module. Notably, the convolutional 
layers do not process temporal information in this context. Therefore, 
the temporal dimension S of the original input x ∈ Rn×S×C×H×W is flatten 
into batch size n, to generate the input x́ ∈ RnS×C×H×W for the con
volutional layers. After average pooling, which reduces the spatial in
formation to a single point, another reshaping operation restores the 
time dimension. The ResAtt module’s output is thus formatted to match 
the input size (x́ʹ∈ Rn×S×C) for the subsequent recurrent module.

2.3. Causality LSTM module

The Causality LSTM module is designed to extract temporal infor
mation while embedding causal relationships directly into the cell state 
of a standard LSTM, as illustrated in Fig. 1c. Previous studies have shown 
that incorporating domain knowledge or physical insights from 
dynamical systems can significantly enhance the performance and 
generalizability of data-driven models (Cai et al., 2022; Hoedt et al., 
2021; Jiang et al., 2020; Zhao et al., 2019).

In this framework, inputs to the Causality LSTM are divided into two 
types: (1) time-varying forcing variables and (2) static causal informa

tion. The forcing variables, such as temperature, precipitation, and 
pressure, serve as the sequential input to the LSTM. Static causal infor
mation is derived from Convergent Cross Mapping (CCM), which 
quantifies the causal strength between meteorological drivers and soil 
moisture. This causality degree matrix is used to construct the initial cell 
state c0, enabling the LSTM to begin with prior knowledge about the 
system's causal structure.

The construction of c0 depends on the type of causality information 
used. If the causality degree matrix contains only temporal information 
at the target location (i.e., local pixel), fully connected layers are used to 
generate c0 (Fig. 1e). If spatial–temporal causality is included, incor
porating all pixels within the model’s spatial horizon, a CNN is used to 
produce c0 (Fig. 1d). The full model, STC-CNNLSTM, adopts the spa
tial–temporal causality-aware approach, while the simplified TC- 
CNNLSTM, used in ablation studies, employs only temporal causality. 
In addition to initializing the LSTM, the cell state c0 is skip-connected to 
all subsequent cell states in the sequence. This design ensures that static 
causal information continues to influence the temporal modeling 
throughout the entire sequence.

The CCM-based spatial–temporal causality integration differs 
fundamentally from existing physics-informed machine learning 
frameworks such as physics-constrained networks or hybrid dynam
ical–statistical models. Physics-constrained networks typically incorpo
rate governing equations into the loss function to penalize non-physical 
solutions (Raissi et al., 2017), whereas hybrid approaches blend outputs 
from process-based models and data-driven predictors (Qian et al., 
2020). By contrast, our framework does not require explicit process 
equations; instead, it leverages CCM to empirically identify causal re
lationships among climate drivers and soil moisture. These causal sig
nals are then embedded directly into the recurrent network by 
initializing the LSTM cell state.

In standard LSTM models, initial cell states c0 are typically initialized 
to zero, which forces the model to learn temporal dependencies entirely 
from data, resulting in high initial loss and slower convergence. Prior 
work has shown that learning these initial states as trainable parameters 
can improve model performance (Pitis, 2016). Therefore, by seeding c0 
with CCM-derived causal priors, the network begins with a structured 
representation of the relative influence of climate drivers, effectively 
biasing the learning process toward physically interpretable in
teractions. The skip connections (He et al., 2016) from the causality- 
informed c0 to subsequent memory states act as a mechanism to pre
serve these static priors across all timesteps, rather than allowing them 
to decay as training progresses. This design functions as an internal 
causal regularizer: rather than externally constraining outputs, it shapes 
the trajectory of the hidden state dynamics from the outset.

The main advantage of this approach is that it embeds observation
ally grounded causal information directly into the network architecture, 
thereby providing a feature-level weighting strategy, guiding the LSTM 
to focus on the most influential drivers. It also improves model trans
parency and reduces risks of overfitting to spurious correlations. Such 
refinement is particularly important for capturing the sequential dy
namics of soil moisture and enhances both the model’s ability to learn 
spatial–temporal dependencies and the interpretability of its predictions 
(Lehmann et al., 2020).

Specifically, LSTM networks, first introduced by Hochreiter and 
Schmidhuber (1997), are well suited for learning long-term de
pendencies in sequence prediction tasks. This makes them particularly 
effective for modeling complex drought dynamics, such as the transition 
from meteorological drought to soil moisture drought, and for capturing 
the memory effects of meteorological drivers over extended time pe
riods. A typical LSTM unit includes a memory cell and three gating 
mechanisms: the input gate, forget gate, and output gate (Fig. S3). The 
memory cell retains information across time steps, while the gates 
regulate the flow of information into, within, and out of the cell 
(Konapala et al., 2020). These gates are computed as follows: 
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It = σ(xtwxi +ht− 1whi + bi),

Ft = σ
(
xtwxf +ht− 1whf + bf

)
,

Ot = σ(xtwxo + ht− 1who + bo), (4) 

where It is the input gate, Ft is the forget gate, Ot is the output gate; xt is 
the input, ht represents the current hidden state; wxi, whi, wxf , whf, wxo, 
who are weight parameters and bi, bf , bo are bias parameters. As depicted 
in Fig. 1c, the hidden state ht signifies short-term memory, while the cell 
state ct represents long-term memory. Both hidden state and cell state 
are passed to the cell of the next time step, and are controlled by an input 
node c̃t: 

c̃t = tanh(xtwxc + ht− 1whc + bc), (5) 

where wxc and whc are weight parameters and bc is bias parameter. The 
input gate It governs how much we take new data into account via ̃ct and 
the forget gate Ft addresses how much of the old cell state ct− 1 we retain. 
In our modification, we aim for the cell state ct capture and convey 
essential long-term information, specifically global causality. To achieve 
this, we use causality information to initialize the cell state c0, rein
forcing this information in subsequent cell states through a skip 
connection. In mathematical expressions, these computations are per
formed as follows:

c0 = CNN(CCM(X,Y)) or c0 = MLP(CCM(X,Y))

ct = Ft ⊙ (ct− 1 + c0)+It ⊙ c̃t ,

ht = Ot ⊙ tanh(ct) (6) 

where CCM(X,Y) represents the causality degree between input and 
output of training dataset, calculated via the CCM approach. The func
tion CNN() represents the Spatial-Temporal Causality-aware approach 
using convolutional layers, while MLP() represents the Temporal 
Causality-aware approach with fully connected layers. And ⊙ represents 
elementwise product operator. As a comparison, basic LSTM networks 
generally initiate hidden state h0 and cell state c0 with zero or random 
matrices, and cell state ct is directly derived from ct− 1 instead of c0.

3. Data and methods

3.1. Study area and dataset

The Guangdong–Hong Kong–Macao Greater Bay Area (GBA) is the 
most populous urban region in the world, with a total population of 
approximately 86 million and a land area of about 56,000 km2. Centered 
around the Pearl River Delta, the GBA includes nine major cities such as 
Guangzhou, Shenzhen, Hong Kong, and Macao (Fig. S4). The region's 
climate ranges from humid subtropical to tropical in the southernmost 
areas, with an average annual precipitation of around 2,000 mm. Given 
its high population density, rapid urbanization, and frequent reports of 
FD events in the literature, South China, and China’s GBA in particular, 
has been identified as a hotspot for FD risk. Therefore, China’s GBA is 
selected as a representative study area for exploring FD prediction in the 
broader context of South China.

Produced by the European Centre for Medium-Range Weather 
Forecasts (ECMWF), ERA5 is a state-of-the-art reanalysis dataset that 
provides global atmospheric and surface variables at high spatial and 
temporal resolutions. In this study, we selected a comprehensive set of 
10 variables from the ERA5-Land dataset (Muñoz-Sabater et al., 2021) to 
achieve the prediction and analysis of soil moisture dynamics. These 
variables include 2-meter mean and maximum air temperatures (Temp, 
MaxT), precipitation (Prec), evaporation (Evap), surface pressure 
(PSFC), surface net solar radiation (SSR), surface net thermal radiation 
(STR), 10-meter wind speed (Wind), and soil temperature and water 
content (SoilT, SoilW). Daily data with a spatial resolution of 0.1◦ (~9 

km) was obtained for the period from 1950 to 2023.
Notably, the dataset provides two vertical wind components, which 

were combined into a single scalar wind speed value, disregarding 
directional information. Input data were extracted from a 3 × 3 grid, 
with the central pixel as the prediction target. The neighborhood size 
was set to 3 × 3 based on the spatial characteristics of the GBA and the 
resolution of ERA5-Land. Because the domain contains extensive coastal 
boundaries, expanding to a 5 × 5 window would result in a large portion 
of ocean pixels, especially around key regions such as Shenzhen and 
Hong Kong (Fig. S4), and would fail our requirement that at least 50 % of 
the neighborhood consist of land pixels with valid observations. The 3 ×
3 window is therefore the minimal configuration that preserves spatial 
heterogeneity while ensuring full coverage in this coastal region. For 3 
× 3 neighborhoods that contain ocean pixels, missing values are 
replaced with the mean of the land pixels within the same window to 
maintain spatial consistency. Recognizing the importance of both fore
casting FD onset and identifying causal transmission patterns, the model 
was trained on sequences of 14 consecutive days.

3.2. Flash drought definition

Flash drought (FD) events were identified from soil moisture obser
vations based on a rapid onset intensification rate (Qing et al., 2022). As 
illustrated in Fig. 2, a flash drought is defined by a decline in soil 
moisture from the 40th percentile to the 20th percentile, with an 
average intensification rate of at least one percentile per day. Drought 
events that do not meet this threshold are classified as slow droughts. To 
ensure consistency in evaluation, soil moisture percentiles were calcu
lated over the full observation period. This time-invariant percentile 
threshold aligns with our short-term soil moisture prediction frame
work. In contrast, moving-window or day-of-year percentile baselines 
rely on specific climatological context and would decouple drought 
identification from the model’s short-term regression target. By allowing 
direct comparison of absolute soil moisture changes, the fixed-percentile 
definition provides a more coherent and appropriate basis for evaluating 
FD. The onset point of a drought is marked by the last day on which soil 
moisture exceeds the 40th percentile. The drought period begins when 
soil moisture first drops below the 20th percentile and ends when it 
subsequently rises above that threshold. The intensification rate during 
the onset period is mathematically defined as: 

Fig. 2. Illustration of the flash drought definition using a real case from the 
study area. Soil moisture dropped from above the 40th percentile (onset point 
to) to below the 20th percentile (start point ts) within six days and remained 
below the 20th percentile for more than 20 days until the end point te. The 
orange and green dashed lines indicate the 40th and 20th soil moisture per
centiles, representing wet and dry conditions, respectively, calculated over the 
entire monitoring period. The purple shaded area marks the onset period, while 
the pink shaded area represents the duration of drought conditions. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)
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Intensification rate =
pto − pts

ts − to
(7) 

where pt indicates the soil moisture percentile at time t. If the computed 
intensification rate is not less than one percentile per day, the event is 
classified as a flash drought; otherwise, it is considered a slow drought.

3.3. Convergent cross mapping for causal discovery

In hydrology, several methods have been developed in recent de
cades to infer causal relationships from observational data. These ap
proaches can be broadly classified into four categories: linear and 
nonlinear autoregressive models (such as Granger causality and Transfer 
Entropy), graph-based methods (for example, the Peter-Clark algo
rithm), and techniques based on time-delay embedding theory, 
including Convergent Cross Mapping (CCM). The first three groups 
generally assume that the underlying system behaves in a purely sto
chastic manner. In contrast, CCM is based on the idea that causal in
teractions arise from an underlying dynamical system (Sugihara et al., 
2012). CCM was specifically developed to address nonlinear, state- 
dependent relationships. It approaches the problem from the perspec
tive of dynamical systems, positing that interactions between variables 
are governed by an underlying deterministic framework. By applying 
Takens' theorem and nonlinear state-space reconstruction, CCM seeks to 
identify causal links that may not be evident through traditional statis
tical methods. This approach is particularly effective in cases where 
variables are inseparable and only weakly coupled. Furthermore, CCM 
can distinguish between direct interactions and apparent correlations 
that result from shared external drivers (Sugihara et al., 2012).

Land–atmosphere interactions play a central role in controlling 
Earth's surface water and energy budgets (Indu et al., 2022). These 
feedback mechanisms are often represented by systems of coupled dif
ferential equations, with soil moisture acting as a key variable that in
fluences the partitioning of water and energy fluxes (Brubaker and 
Entekhabi, 1996). However, the relationship between soil moisture and 
meteorological variables is characterized by complex nonlinearity and 
weak coupling, which results in poor synchronization and makes causal 
detection challenging. In such cases, CCM has been shown to be a more 
effective approach for identifying causality (Wang et al., 2018). An 
explanation of CCM’s underlying principles and its application in this 
study is provided in Text S1. Specifically, we conducted a sensitivity 
analysis on the CCM parameters to optimize causal signal retrieval. It is 
important to note that CCM requires sufficiently long and reliable time 
series for accurate state-space reconstruction. In this study, the ERA5- 
Land dataset provides more than 70 years of continuous daily records, 
ensuring robustness of the results. However, when applied to shorter or 
noisier observational datasets, CCM may be subject to increased un
certainty in causality detection.

In this study, we assessed the bidirectional causal relationships be
tween meteorological variables and soil moisture within the surround
ing 3 × 3 grid cells. The correlation coefficients and their statistical 
significance were combined to form a causality degree matrix, which 
was then input into convolutional layers to extract static patterns. This 
process enhances the representation of physical mechanisms within the 
cell state of LSTM units using skip connections (Fig. 1c).

To prevent information leakage, all CCM causality degree matrices 
were computed exclusively from the training-period data for both 
temporal and spatial split. For temporal split, CCM was derived for each 
pixel using only its corresponding training years, and the resulting 
matrices were applied unchanged during prediction on the test period. 
For spatial cross-validation, CCM matrices for test-region pixels were 
recomputed solely from their pre-forecast historical data. Although this 
is not implemented as a rolling window, the full pre-forecast history was 
used to ensure adequate data length for convergence, consistent with the 
long-term physical relationships that CCM is designed to capture. All 
forecasting and interpretability analyses were performed strictly on test 

data, ensuring that no future or test-period information influenced 
model training or CCM calculation. Calculations of CCM-based causality 
were conducted using the causal-ccm package in Python (Javier, 2021).

While CCM provides a valuable means of detecting potential causal 
influences in nonlinear systems, we acknowledge that its results do not 
fully preclude the influence of confounding variables or hidden drivers. 
In this study, CCM was employed as an empirical tool to complement 
physical understanding of hydro‑meteorological processes, rather than 
as a definitive proof of causation. Compared with correlation or lagged 
analysis, CCM reduces, but does not entirely eliminate, the possibility of 
spurious associations. Extensive prior literature has examined the per
formance characteristics of CCM across a range of dynamical systems, 
showing that CCM may be less reliable under strong coupling but per
forms well under weakly coupled dynamics (Benkő et al., 2025). This is 
one of the primary reasons it is suitable for climate and meteorological 
variables. In the present study, to reduce the impact of potential con
founding within reasonable scope, we adopted several safeguards: (i) 
use of physically interpretable drivers, (ii) CCM convergence di
agnostics, and (iii) the use of bidirectional CCM agreement to filter 
spurious relationships. Importantly, the CCM-derived matrices are used 
only as a relative weighting signal for LSTM cell initialization, not as 
standalone causal claims. More comprehensive robustness tests (e.g., 
surrogate data experiments, expanded driver sets, or integration with 
graphical causal frameworks) could further strengthen causal inference. 
Future studies could incorporate such approaches to refine the identi
fication of causal pathways leading to FD onset.

3.4. Data Preprocessing and model training

For each site, the time series was divided chronologically into 
training, validation, and test sets in a 70:10:20 ratio (Bishop and Nas
rabadi, 2006; Xu and Goodacre, 2018). The validation set was used to 
monitor the training process and implement early stopping to prevent 
overfitting (Prechelt, 2002). To maintain sample independence despite 
the sequential structure of the data, input features with dimensions 14 ×
13 × 3 × 3 (comprising 10 variables, 2 location labels, and 1 time label) 
and their corresponding targets (of length 1) were paired and then 
shuffled independently within each dataset (Han et al., 2019). Feature 
normalization was performed using the z-score method, defined as 
follows: 

z =
x − μ

σ (8) 

where z is the normalized value, x is the raw value, μ is the mean, and σ 
is the standard deviation, both calculated from the training set (Grus, 
2019). For wind speed and precipitation, which exhibited skewed dis
tributions, log normalization was applied instead of z-score 
normalization.

Model architecture hyperparameters (e.g., the number of layers in 
the convolutional and recurrent modules) were determined by balancing 
model performance and complexity (Bengio, 2012; Goodfellow et al., 
2016). Given limited computational resources, an exhaustive hyper
parameter search was not feasible. Instead, we manually tuned the ar
chitecture through empirical testing, guided by established heuristics 
such as the ten-times rule and scaling laws (Bahri et al., 2024). Detailed 
parameter configurations for the STC-CNNLSTM model are provided in 
Table S1.

Training hyperparameters govern the learning dynamics of the 
model. Among these, the learning rate and batch size jointly exert a 
significant influence on convergence and training stability (He et al., 
2019). We evaluated various combinations of batch sizes (ranging from 
32 to 512) and learning rates (from 1e to 4 to 1e-1) to identify optimal 
settings (Balles et al., 2016). Based on convergence behavior and 
computational efficiency, a batch size of 512 and a learning rate of 1e-4 
were selected. The Adam optimizer was employed for gradient descent, 
owing to its adaptive learning rate mechanism, which generally reduces 
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sensitivity to the initial learning rate compared to other optimizers 
(Kingma and Ba, 2014).

The number of training epochs was treated as a hyperparameter to 
mitigate overfitting. Early stopping was implemented during training, 
and the model achieving the best performance on the validation set was 
selected for subsequent evaluation and analysis. For visualization pur
poses, the model was trained for 5 epochs, with each epoch processing 
approximately 8.9 million samples. This training process required 
approximately 6 h on a single NVIDIA GeForce RTX 3060 12G GPU. To 
ensure the robustness and stability of the results, we conducted ten in
dependent training runs with different random seeds, forming a 
multiple-model ensemble to account for predictive uncertainty (Mienye 
and Sun, 2022).

While the aforementioned dataset-partitioning scheme enables the 
assessment of the model’s temporal generalization, its applicability to 
regions with distinct climatic conditions and soil properties remains 
insufficiently evaluated. To address this limitation and provide a more 
comprehensive assessment of spatial generalization, we employed a 
spatial Monte Carlo cross-validation approach (Xu and Liang, 2001), 
involving five independent random splits (70 % training, 15 % valida
tion, 15 % test). Early stopping was again applied using the validation 
set. The average performance across the five test sets was used as a 
robust estimate of the model’s spatial generalizability.

3.5. Ablation study and metrics

We conducted an ablation study to evaluate the effectiveness of the 
STC-CNNLSTM model. By replacing the spatial–temporal causality 
module with temporal causality module, we obtained the TC-CNNLSTM 
model. Further removing the causality module resulted in the CNN- 
LSTM model, which serves as the basic backbone. The LSTM model is 
a fundamental baseline model that focuses solely on the target pixel, 
disregarding spatial information from more distant grids.

Mean Squared Error (MSE) is the most widely used loss function for 
regression tasks. In this study, we utilized MSE as the loss function to 
train our models and as a criterion to assess their performance. MSE 
assigns greater weight to larger errors compared to smaller ones, 
meaning it penalizes outliers more severely. It is also referred to as the 
L2 norm or the Euclidean distance. MSE measures the average of the 
squared differences between the simulated values Si and actual obser
vations Oi, and can be calculated as follows: 

MSE =
1
N
∑N

i=1
(Si − Oi)

2 (9) 

where N is the total sample number. The L1 norm (mean absolute error, 
MAE) is more robust to outliers than MSE, measuring the average of the 
absolute differences between the simulations and observations: 

MAE =
1
N
∑N

i=1
|Si − Oi| (10) 

The Nash–Sutcliffe Efficiency coefficient (NSE) is another widely 
used evaluation metric in geosciences, which quantifies how well the 
model simulations predict observed outcomes (Nash and Sutcliffe, 1970; 
Shahid et al., 2018). The NSE is defined as follows: 

NSE = 1 −

∑N
i=1(Si − Oi)

2

∑N
i=1(Oi − O)

2 (11) 

where O represents the average of observations. An NSE value of 1 in
dicates perfect model prediction, while a value of 0 suggests that the 
model's predictions are as accurate as simply using the mean of the 
observed data. Negative values indicate that the model performs worse 
than the mean predictor.

Generalizability is a crucial consideration for data-driven models, 
reflecting the model's ability to maintain strong performance when 
applied to new and unseen datasets. To quantitatively assess this aspect, 

the generalization ability (GA) metric is employed, which compares the 
model's performance on the test set to its performance on the training set 
(Gorgij et al., 2023). GA is defined as follows: 

GA =
RMSEtrain

RMSEtest
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
MSEtrain

√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
MSEtest

√ (12) 

where RMSE refers to Root Mean Square Error. If the GA value exceeds 
one, the model is considered undertrained or underfitting; conversely, if 
the GA value is less than one, the model is regarded as overtrained or 
overfitting. Generally, moderate overfitting is acceptable in deep 
learning models, whereas underfitting is not. Therefore, when the GA 
value is less than one, the closer it is to one, the better the model's 
generalization ability.

We expect the models to effectively identify FD events based on soil 
moisture simulations. Since drought event prediction is a classification 
task rather than a regression problem, four metrics are employed to 
evaluate classification performance: accuracy, precision, recall, and F1- 
score (Powers, 2020). These metrics are calculated using the counts of 
true positives (TP), true negatives (TN), false positives (FP), and false 
negatives (FN) in the context of binary classification. Accuracy is 
defined as the proportion of correct classifications (both positive and 
negative) among all predictions, and can be expressed as follows 
(Menditto et al., 2007): 

Accuracy =
correct classifications
total classifications

=
TP + TN

TP + TN + FP + FN
(13) 

In a balanced dataset, where the sample sizes of all classes are 
comparable, accuracy can serve as a coarse measure of model quality. 
However, in cases involving extreme events, such as FDs, which repre
sent only a small fraction of the total observations, a high accuracy score 
may be misleading due to class imbalance. In such scenarios, recall, also 
known as the true positive rate, becomes particularly important. Recall 
is defined as the proportion of actual positive cases that are correctly 
identified by the model, and is calculated as (Powers, 2020): 

Recall =
correctly classified actual positives

all actual positives
=

TP
TP + FN

(14) 

Recall represents the probability of detection, indicating the fraction 
of FD events that are successfully identified by the models. Precision, on 
the other hand, quantifies the proportion of all predicted positive cases 
that are indeed true positives. Precision is mathematically defined as 
(Menditto et al., 2007): 

Precision =
correctly classified actual positives

all classified positives
=

TP
TP + FP

(15) 

Precision can measure the fraction of actual FD events that are classified 
as FDs.

Precision improves as the number of false positives decreases, 
whereas recall improves as the number of false negatives decreases. 
However, false positives and false negatives often exhibit an inverse 
relationship, resulting in a trade-off between precision and recall. To 
balance this trade-off, the F1 score is commonly employed. The F1 score 
is defined as the harmonic mean of precision and recall, and is calculated 
as (Powers, 2020): 

2
F1

=
1

Precision
+

1
Recall 

F1 = 2*
Precision [MULSGN] Recall

Precision + Recall
=

2TP
2TP + FP + FN

(16) 

This metric balances the importance of precision and recall, making it a 
more informative measure than accuracy, especially for class- 
imbalanced datasets. When precision and recall are similar in value, 
the F1 score will also be close to that value. Conversely, when there is a 
significant disparity between precision and recall, the F1 score will be 
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closer to the lower of the two. This property ensures that the F1 score 
penalizes models that perform well on one metric but poorly on the 
other, thus providing a more holistic assessment of classification per
formance.

3.6. XAI-based model interpretation

It is essential to employ Explainable Artificial Intelligence (XAI) 
techniques to gain insight into the implicit linear or nonlinear in
teractions between potential drivers and soil moisture, thereby 
enhancing our understanding of the mechanisms behind FDs. In this 
study, we utilized the Expected Gradients (EG) method, developed by 
Erion et al. (2021) as an extension of the Integrated Gradients (IG) 
method (Sundararajan et al., 2017). Similar to several other attribution 
methods, such as the Shapley value, EG aims to explain the difference 
between a model’s current prediction and the prediction that the model 
would make with a baseline input.

EG was selected as the interpretability technique because it provides 
path-integrated, baseline-robust attributions suited for spatiotemporal 
regression tasks. Since the goal of the interpretability analysis is to 
obtain relative driver importance rather than to benchmark XAI 
methods, we focus on EG as a consistent, theoretically grounded attri
bution tool. A broader comparison with additional attribution tech
niques is beyond the scope of this study but represents a promising 
direction for future research.

For model f, the IG value for feature i is defined as: 

IGi(x, xʹ) := (xi − xʹ) ×
∫ 1

α=0

∂f(xʹ + α(x − xʹ) )
∂xi

dα (17) 

where the local gradients are integrated over a simplified straight- 
line path (γ(α) = xʹ+α(x − xʹ) for α ∈ [0,1]) from the baseline input 
x′ to the target input x. The target input x represents a specific input 
sample whose features are expected to be interpreted, while the baseline 
input x′ is tricky to choose that correctly represents a lack of informa
tion. EG avoids an arbitrary choice of baseline by integrating over a 
dataset. For model f, the EG value for is defined as: 

EGi(x) :=
∫

xʹ

(

(xi − xʹ) ×
∫ 1

α=0

∂f(xʹ + α(x − xʹ) )
∂xi

dα
)

pD(xʹ)dxʹ (18) 

where pD is the density function of the underlying data distribution D. 
The EG method assumes that the baseline input x′ follows the same data 
distribution D thus avoids specifying x′. As directly integrating over the 
training distribution is difficult, the integrals in Equation (19) can be 
instead reformulated as expectations: 

EGi(x) := Exʹ∼D,α∼U(0,1)[(xi − xʹ) ×
∂f(xʹ + α(x − xʹ) )

∂xi
] (19) 

This expectation-based formulation is a sampling-based approximation: 
(1) draw samples of x′ from the training dataset and α from the uniform 
distribution U(0,1), (2) compute the value inside the expectation for 
each sample x′ and (3) average the values over all samples. Eventually, 
the EG value EGi(x) denotes the direct additive influence of feature i in 
the target input x to the model output (soil moisture in our case).

Given the spatial–temporal component of the Expected Gradients 
(EG) values for features in this study, we aggregated the EG values across 
spatial–temporal grids to represent the overall contribution of feature i. 
A positive EG value for a specific feature indicates its role in increasing 
the predicted value relative to the baseline prediction, while a negative 
EG value suggests the opposite. We established a cutoff threshold to 
determine whether a specific driving variable makes a significant 
contribution, selecting the 80th percentile of the absolute values of all 
EG values for feature i as the threshold. Features with absolute EG values 
exceeding this threshold are considered main drivers. Furthermore, the 
number of main drivers contributing to soil moisture is defined as the 

complexity of soil moisture dynamics. In this study, we calculated EG 
using the SHAP package (Lundberg, 2017) in Python.

4. Results and discussion

4.1. Changes in flash drought characteristics

We analyzed the FD frequency and trends in China’s Greater Bay 
Area (GBA) from 1980 to 2023. Since the 1980 s, anthropogenic 
greenhouse gas emissions have contributed to rising temperatures and 
altered climate variability (Mouginot et al., 2019; Reid et al., 2016). As 
shown in Fig. 3, FD occurrences have increased across most of China’s 
GBA, with approximately 74 % of the area experiencing higher annual 
FD frequency and 53 % showing statistically significant increases. While 
some regions exhibited significant decreases, the overall trend indicates 
an increase of 2.4 FD events per year for the entire study area (Fig. 3c). 
The southern China, particularly Guangzhou, face higher FD risks 
compared to the northern China (Yuan et al., 2019). The persistent rise 
in FD frequency, along with projections of continued increases 
throughout the century (Yuan et al., 2019), underscores the urgent need 
for effective FD prediction tools in this region.

4.2. Soil moisture prediction

Fig. 4a and 4b present the loss curves for the STC-CNNLSTM model. 
The validation loss initially declines along with the training loss during 
the first 150 iterations, but then plateaus while the training loss con
tinues to decrease, indicating overfitting. We selected models with the 
best validation performance within five epochs (240 iterations) for 
further analysis. An ablation study assessed the impact of the causality 
module: replacing the CNN encoder with fully connected layers pro
duced the TC-CNNLSTM (local causality only), omitting initial state 
training yielded the CNNLSTM, and further removal of the spatial 
module resulted in the baseline LSTM. While the STC-CNNLSTM showed 
lower training performance, it consistently outperformed the simplified 
models (TC-CNNLSTM, CNN-LSTM, and LSTM) on the test set, demon
strating the benefit of the causality module and broader spa
tial–temporal context (Fig. 4c–e). As shown in Fig. 4f, the STC- 
CNNLSTM achieved a mean generalizability score of 0.90, surpassing 
TC-CNNLSTM (0.54), CNNLSTM (0.41), and LSTM (0.63). The detailed 
metrics can be found in Table S2.

The results show that the baseline LSTM model partially captures 
temporal patterns in soil moisture dynamics, yielding reasonably reli
able predictions, consistent with previous studies (Datta and Faroughi, 
2023; Gao et al., 2021). Incorporating the spatial information extractor 
substantially improves model performance; however, this enhancement 
has minimal impact on NSE for the test set. In contrast, the training set 
NSE increases by 0.24, likely due to the increased model complexity 
introduced by the spatial module. Regularization techniques are there
fore essential to mitigate overfitting and improve generalization, as re
flected by a decrease in training NSE (from 0.90 with CNN-LSTM to 0.84 
with TC-CNNLSTM) and an increase in test NSE (from 0.35 to 0.56). The 
TC-CNNLSTM demonstrates acceptable generalization (mean GA =
0.54) and notable improvements on unseen datasets.

Furthermore, the STC-CNNLSTM leverages additional convolutional 
layers to embed spatial–temporal causality, guiding LSTM cell states and 
achieving further gains in test NSE (+0.27) and GA (+0.36) over the TC- 
CNNLSTM. These results underscore the causality module’s role in 
enhancing generalization as an implicit regularization mechanism. By 
strategically weighting feature dimensions, the causality module en
courages LSTM layers to prioritize salient features (Hwang, 2020; Pitis, 
2016; Wenke and Fleming, 2019). Overall, these findings highlight the 
value of integrating causality-based signals derived from physically 
interpretable relationships into data-driven models, particularly for 
complex dynamical systems such as soil moisture dynamics (Cai et al., 
2022; Hoedt et al., 2021; Jiang et al., 2020; Zhao et al., 2019).
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Although the GBA is relatively small in area, it encompasses diverse 
underlying surface characteristics. To assess how internal heterogeneity 
influences model performance, we stratified the evaluation by land 
cover type. Using the MODIS Land Cover Classification dataset 
(MCD12C1_T1; Fig. S5), we compared model metrics across major land 
cover categories. The results (Fig. S6) show that the proposed STC- 
CNNLSTM consistently outperforms the other models across all land 
cover types. While performance improvements are generally 

comparable across categories, NSE variation is larger for land covers 
with smaller spatial extent, reflecting limited sample size. These findings 
confirm the stability and robustness of the proposed approach under 
contrasting surface conditions.

To more thoroughly assess spatial generalization, we performed 
spatial Monte Carlo cross-validation. Unlike temporal splits, which 
sample from the same spatial distribution, spatial cross-validation re
quires the model to predict at entirely unseen locations. This resulted in 

Fig. 3. Long-term increasing trend in flash drought events in China’s GBA, 1980–2023. (a) Rate of change in decadal FD occurrence per grid cell, with dots denoting 
statistical significance; (b) Proportion of grid cells by change rate category; (c) Interannual variation in total FD events across the region, with the orange line 
indicating a 10-year rolling average. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. Comparison of the STC-CNNLSTM model with TC-CNNLSTM, benchmark CNN-LSTM, and baseline LSTM across 10 training periods with different random 
seeds. The STC-CNNLSTM model outperforms the others on test set. (a, b) Training and validation loss curves from 10 runs; solid lines indicate session means with 
95% confidence intervals. (c–e) Model performance metrics (MSE, MAE, and NSE) on training and test sets. (f) Generalization ability of all models, with violin plots 
showing kernel density estimates and quartiles (dashed lines).
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greater fluctuations in validation loss during training (Fig. 5a) compared 
to the temporal scenario (Fig. 4b), reflecting increased spatial uncer
tainty and heterogeneity. Such variability is expected, given that 
geophysical factors influencing FDs (e.g., soil properties, land cover, and 
microclimate) can differ substantially across regions, complicating 
generalization. Overall, model performance declined slightly across all 
metrics under spatial cross-validation (Fig. 5b–e and Table S2), consis
tent with previous findings that spatial cross-validation provides a 
lower-bound estimate of model performance due to the challenge of 
spatial extrapolation (Wadoux et al., 2021). Nevertheless, the proposed 
STC-CNNLSTM achieved an average GA score of 0.72, which, although 
lower than in the temporal split scenario, remains substantially higher 
than the benchmark and baseline models. This demonstrates the model’s 
robust capacity for spatial generalization.

4.3. Flash drought forecasts

While prior studies have primarily addressed soil moisture predic
tion with various models (Cai et al., 2019; Kornelsen and Coulibaly, 
2014), few have explored their application for drought event detection 
and early warning. Data-driven models, especially those trained on large 
datasets, often emphasize frequent patterns in the data. As a result, they 
perform well under typical conditions but may struggle with rare phe
nomena such as FDs.

Fig. 6 presents the continuous soil moisture predictions used for 
drought event identification. The baseline LSTM exhibits a persistent 
upward bias and fails to track temporal variability, whereas the STC- 
CNNLSTM effectively captures both gradual soil moisture deficits and 
abrupt drops. Notably, some FDs occur when soil moisture remains near 
the drought threshold (20th percentile) rather than reaching extremely 
low levels, which makes accurate classification particularly challenging. 
The predictions from STC-CNNLSTM closely follow the observed dy
namics. Both STC-CNNLSTM and TC-CNNLSTM successfully detected 
the FD that developed in the latter half of 2019, while CNN-LSTM 
misclassified it as a normal slow drought and the baseline LSTM 
captured only a shortened slow-drought period. For the short but intense 
soil moisture decline in early 2020, only STC-CNNLSTM correctly 
identified the FD, with all other models failing to classify it. The pro
posed model also captured the slow drought events from 2016 to 2019. 
However, during the severe fluctuation in late 2021, where FD closely 
followed a slow drought, STC-CNNLSTM merged the two events into a 
single prolonged slow drought. Minor deviations near the threshold can 
lead to substantial differences in drought categorization, underscoring 
the inherent difficulty of early-warning applications. Overall, the STC- 
CNNLSTM demonstrates clear advantages over TC-CNNLSTM, CNN- 
LSTM, and the baseline LSTM in capturing both slow and rapid drought 
developments.

As shown in Table 1, the classification accuracy of all four models 
closely aligns with their regression performance illustrated in Fig. 4. The 
STC-CNNLSTM model achieved the highest overall accuracy (0.91) in 

classifying all days in the test dataset across event categories. However, 
its advantage is modest, with the other models achieving accuracies of 
0.90, 0.86, and 0.80, respectively. The predominance of the no drought 
category, which accounts for 80.89 % of test days, strongly influences 
the overall accuracy. Even the baseline LSTM model performs well in 
this category, reaching an F1 score of 0.91 when extreme soil moisture 
values are absent. The most pronounced differences among the models 
emerge in the classification of FD events.

Notably, the baseline LSTM model performs poorly in detecting the 
onset of FDs, with all three metrics near 0.02, indicating that nearly all 
(98 %) FD onset days are misclassified, and almost all (98 %) predicted 
onset days are false positives. Such unreliable predictions are inappro
priate for early warning applications. In contrast, the STC-CNNLSTM 
model demonstrates substantially improved performance for FD 
events, correctly identifying approximately 28 % of onset days, with a 
positive predictive value of 47 % for this category. The TC-CNNLSTM 
exhibits lower classification performance than the full model, with the 
benchmark CNN-LSTM’s performance falling between that of the TC- 
CNNLSTM and the baseline. Notably, differences in continuous soil 
moisture prediction do not translate linearly to the classification accu
racy, as regression and classification tasks capture distinct aspects of 
model performance and are evaluated using different metrics (Chicco 
and Jurman, 2020).

The distribution of model predictions, as shown in Fig. S7, provides 
further insights into classification performance. Notably, the prediction 
distributions for the lowest two percentile groups (i.e., drought days 
with soil moisture below the 20th percentile) differ substantially among 
the four models. The two causality-informed models effectively avoid 
generating unreasonable outlier predictions in this range. Across all 
models, there is a tendency to overestimate low soil moisture values and 
underestimate high soil moisture values. However, both the error 
magnitude and variance are greater when predicting low soil moisture, 
underscoring a common limitation of these models in accurately 
capturing drought conditions compared to periods of high soil moisture.

The prediction lead time has a clear influence on model performance 
(Bommer et al., 2025). As shown in Table S3, skill decreases steadily as 
the forecast horizon extends from 1 to 4 weeks. At a 7-day lead time, 
classification and regression performance both improve relative to the 
14-day baseline, with notably higher skill for FD onset (F1 score =
0.402) and FD condition (F1 score = 0.507), reflecting stronger short- 
term predictability of rapid soil-moisture changes. Regression perfor
mance also strengthens (NSE = 0.872). Beyond 14 days, classification 
skill declines sharply, particularly for FD onset (F1 score = 0.011), 
consistent with the limited sub-seasonal predictability of the atmo
spheric drivers that trigger flash droughts (Pendergrass et al., 2020). 
Regression metrics deteriorate more gradually (NSE from 0.829 at 14 
days to 0.312 at 28 days), indicating that overall soil-moisture evolution 
remains predictable even as precise onset timing becomes harder to 
capture. Accordingly, a 2-week lead time is adopted as a practical 
compromise, balancing operational reaction time with acceptable 

Fig. 5. (a) Training and validation loss curves from five random spatial resamplings; the solid lines represent the mean with a 95% confidence interval. (b–d) Model 
performance metrics (MSE, MAE, and NSE) on training and test sets. (e) Spatial generalization capability of the proposed model; dashed lines within the violin plots 
represent the quartiles of the kernel density estimation.
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predictive skill.

4.4. Improvement of predictive performance through causality

To investigate how spatial–temporal causality interacts with model 
learning across the feature dimension, we compared the CCM-based 
causality degree for each driver (Fig. S8) with feature-importance 
scores derived from expected gradients (Fig. S9). Although the overall 
distributions of causality degree and feature importance do not directly 
overlap, their relationship becomes evident when examined through 
model performance at individual pixel cells. Specifically, Fig. 7a–e show 
that drivers identified as important by the model (e.g., downward 
longwave radiation, precipitation, soil moisture memory) also exhibit a 
positive and significant association between causality degree and pre
diction skill (NSE). Correlation strengths vary across drivers (r =

0.216–0.538), reflecting their different physical roles in flash-drought 
evolution and the varying degree to which soil moisture responds to 
each driver across the landscape. In contrast, less influential drivers 
show no such relationship (Fig. S10).

These results support our hypothesis that feature importance mod
ulates the coupling between causality and model performance. The 
causality degree represents the intrinsic strength of driver–response 
interactions (i.e., whether changes in a variable meaningfully propagate 
to soil moisture), while feature importance captures how sensitively the 
deep learning model relies on that driver. The coupling therefore 
emerges when (i) a driver physically affects soil moisture, and (ii) the 
model identifies this driver as useful for prediction. Fig. 7f quantifies this 
effect by correlating the causality–performance relationships from 
Fig. 7a–e and S8 with model-derived feature importance, showing a 
strong and significant correlation (r = 0.724, p = 0.018). This confirms 

Fig. 6. Typical soil moisture dynamics and model predictions at a representative grid cell (23.0◦ N, 112.3◦ E) over six years in the test set. The proposed model better 
captures extreme soil moisture fluctuations compared with other methods.
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that improvements in predictive skill arise not simply from adding more 
information, but from integrating physically meaningful causal signals 
that align with the model’s learned sensitivity.

This amplification effect helps explain why the proposed spa
tial–temporal causality module enhances predictive performance. 
Traditional deep learning models behave deterministically and do not 
explicitly account for whether input variables exert real physical influ
ence on the target. By incorporating causal information, the model gains 

an additional dimension, analogous to providing context or confidence 
weighting, that increases robustness against noisy or weakly informative 
signals. In this way, causality guides the learning process toward phys
ically meaningful patterns, enabling more reliable identification of rapid 
changes associated with flash drought onset.

Table 1 
Model performance on daily event classification in the test dataset. Days are categorized into five groups according to drought event occurrence and phase: ND (non- 
drought), SD (slow drought), and FD (flash drought). Performance metrics are summarized as mean ± standard deviation across 10 training periods with different 
random seeds.

Models Metrics ND SD onset SD condition FD onset FD condition

STC-CNNLSTM Precision 0.973 ± 0.006 0.596 ± 0.010 0.662 ± 0.003 0.469 ± 0.044 0.572 ± 0.036
Recall 0.979 ± 0.003 0.695 ± 0.046 0.735 ± 0.032 0.280 ± 0.032 0.382 ± 0.031

F1-score 0.976 ± 0.003 0.622 ± 0.026 0.679 ± 0.016 0.330 ± 0.036 0.428 ± 0.031
Accuracy 0.911 ± 0.005

TC-CNNLSTM Precision 0.969 ± 0.005 0.529 ± 0.021 0.616 ± 0.017 0.341 ± 0.041 0.435 ± 0.015
Recall 0.974 ± 0.002 0.653 ± 0.007 0.722 ± 0.015 0.175 ± 0.035 0.260 ± 0.039

F1-score 0.971 ± 0.002 0.562 ± 0.015 0.646 ± 0.015 0.217 ± 0.038 0.299 ± 0.031
Accuracy 0.896 ± 0.004

CNNLSTM Precision 0.939 ± 0.002 0.421 ± 0.020 0.541 ± 0.007 0.174 ± 0.012 0.239 ± 0.020
Recall 0.965 ± 0.005 0.512 ± 0.038 0.557 ± 0.050 0.066 ± 0.006 0.125 ± 0.029

F1-score 0.952 ± 0.002 0.441 ± 0.025 0.524 ± 0.022 0.090 ± 0.009 0.151 ± 0.032
Accuracy 0.860 ± 0.003

LSTM Precision 0.863 ± 0.012 0.190 ± 0.018 0.248 ± 0.017 0.020 ± 0.006 0.216 ± 0.016
Recall 0.966 ± 0.009 0.120 ± 0.026 0.078 ± 0.021 0.018 ± 0.006 0.128 ± 0.052

F1-score 0.911 ± 0.003 0.132 ± 0.023 0.107 ± 0.025 0.017 ± 0.006 0.146 ± 0.038
Accuracy 0.801 ± 0.003

Proportion 80.89 % 6.11 % 7.15 % 1.09 % 4.75 %

Fig. 7. Causality enhances model performance. (a–e) illustrate the relationship between causality degree (x-axis) and model performance, measured by NSE (y-axis), 
for the five primary driving features. Each point represents one pixel cell within the study area (n = 470). Color gradients represent local point density. Each panel 
reports the Pearson correlation coefficient and the corresponding p-value, with locally weighted scatterplot smoothing (LOWESS) of the points and 95 % confidence 
interval from 200 bootstraps. Panel (f) presents the strength of this correlation (x-axis) in relation to the feature importance (y-axis) of the drivers.
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4.5. Mechanisms behind flash drought onset

Leveraging the model’s ability to accurately fit soil moisture and 
detect drought events, EG-based feature importance was further 
analyzed to explore the mechanisms underlying the onset of flash and 
slow droughts. Fig. 8 highlights the most influential features for soil 
moisture prediction. Despite notable uncertainty and bias in ERA5 soil 
moisture products (Kim et al., 2020; Yang et al., 2020; Zheng et al., 
2024), antecedent soil moisture remains a critical predictor of future soil 
water content, reflecting the well-established concept of soil moisture 
memory (Rahmati et al., 2024). Additionally, soil temperature, a key 
indicator of soil conditions, shows a strong and consistent correlation 
with soil moisture, as confirmed by previous studies (Lakshmi et al., 
2003; Riveros-Iregui et al., 2007) and its effective application in soil 
moisture modeling (Dong et al., 2016).

Precipitation and evaporation are the primary direct drivers of soil 
moisture through water input and loss, exerting a strong influence on 
soil moisture prediction (note: low Evap values indicate evaporation, 
while high values indicate condensation) (Jia et al., 2018; Rushton et al., 
2006). Surface thermal radiation (STR) and surface solar radiation (SSR) 
also play significant roles in soil moisture dynamics, with STR emerging 
as more influential than SSR. This is consistent with the subtropical, 
humid climate of China’s GBA, which receives an average annual pre
cipitation of approximately 2,000 mm.

Our results show that STR has a strong positive association with soil 
moisture. Although high downward STR typically indicates less 
nocturnal heat loss and can increase nighttime evaporation (Heck et al., 
2020; Padrón et al., 2020), evaporation is governed by multiple factors, 
including net surface energy balance, vapor pressure gradient, wind, and 
humidity (Condie and Webster, 1997; Wang and Bras, 2001). In this 
study, high STR often corresponds to cloudy, humid, and rainy condi
tions (Fig. 8c), which limits daytime evaporation due to reduced 
shortwave radiation under cloud cover (Fig. 8d). Conversely, low STR is 
generally associated with clear skies, allowing for greater incoming solar 
radiation, higher surface temperatures, and increased evaporation dur
ing the day, as well as higher vapor pressure deficits that enhance 
evaporative demand. These mechanisms underscore the prominent role 

of STR in soil moisture regulation in humid regions (Heck et al., 2020; 
Naud et al., 2013).

SSR, on the other hand, exhibits a more complex relationship with 
soil moisture. Lower SSR can both increase and decrease soil moisture 
(Fig. 8b). Notably, episodes of high SSR combined with heavy precipi
tation, which is common in China’s GBA, can enhance soil moisture, as 
high SSR can promote atmospheric instability and storm development 
(Huang et al., 2019). Following convective storms, skies may clear 
rapidly, resulting in high SSR after rainfall events (Lin et al., 2023; Yang 
et al., 2024).

Overall, these findings highlight the greater importance of radiation 
variables over temperature (Temp, MaxT) and pressure (PSFC, Wind) 
indices in humid climates. They also suggest that models focusing solely 
on shortwave radiation may underestimate the role of radiative energy 
in soil moisture dynamics in such regions.

Fig. 9 presents the average feature importance scores for both 
drought types, aggregated across all historical events and grid cells. For 
slow droughts, which typically develop over weeks to months and are 
often driven by prolonged rainfall deficits and cumulative radiation 
stress (Gibson et al., 2020), the initial soil moisture status emerges as a 
key predictor. Dry antecedent soils increase the risk of slow drought 
persistence or onset, as strong soil moisture memory causes the system 
to respond sluggishly, with past soil moisture conditions dominating 
future evolution (He et al., 2023; Rahmati et al., 2024). Persistent 
incoming shortwave radiation (SSR) is another critical factor, gradually 
depleting soil moisture over time.

In contrast, FDs are characterized by abrupt declines in soil moisture, 
typically occurring under conditions of high radiation, clear skies, 
elevated soil temperatures, and high vapor pressure deficit (Otkin et al., 
2018). STR plays a crucial role by modulating atmospheric thermal 
insulation and surface energy balance, particularly at night (Small and 
Kurc, 2003). Warmer soils accelerate evapotranspiration and drying, 
especially in the root zone. As negative soil moisture anomalies suppress 
evapotranspiration, a larger fraction of available energy is converted to 
sensible rather than latent heat flux, further increasing soil tempera
tures. This “drier-hotter” feedback, characterized by rapid energy ex
change with the atmosphere, intensifies extreme high-temperature and 

Fig. 8. SHAP-based feature importance of various drivers for soil moisture prediction. Each dot represents the model explanation for a single day. (a) displays the 
overall distribution of feature importance and feature values, with features ranked by the mean absolute SHAP value. (b–d) show dependence plots, illustrating the 
effect of individual features on model predictions. Dot colors indicate another feature, highlighting non-linear interaction effects among precipitation (Prec), surface 
solar radiation (SSR), and surface thermal radiation (STR). (Note: Positive vertical fluxes indicate downward direction.).
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FD events (Ford and Quiring, 2014; Hauser et al., 2016; Miralles et al., 
2014).

4.6. Drought complexity

Previous studies have highlighted the accelerating transition from 
slow to FDs based on global reanalysis and assimilation datasets (Qing 
et al., 2022; Yuan et al., 2023)—a trend that is also evident locally in 
China’s GBA, as shown in Fig. 3. However, our analysis of drought 
complexity—defined as the number of primary drivers present during 
drought onset days—reveals a more heterogeneous spatial distribution 

across the region. Notably, areas with the highest complexity are 
concentrated in the core of China’s GBA, particularly in the built-up 
zones surrounding the Pearl River estuary. Mechanistic analyses indi
cate that complex interactions among multiple drivers can compound 
drought impacts, thereby accelerating the onset process. Our results 
further demonstrate that higher drought complexity is associated with 
increased underestimation of drought events (Fig. 10b), consistent with 
findings from analogous research on flooding (Jiang et al., 2024).

Additional experiments incorporating population density data 
(Fig. S11) reinforce the link between human activity and drought 
complexity (Fig. 10c). Urban areas—characterized by impervious 

Fig. 9. (a) Feature importance of different drivers for the onset of slow and flash droughts. Dots above the orange dashed line indicate drivers with greater influence 
on flash drought onset, while those below indicate drivers more influential for slow drought onset. Error bars represent 95% confidence intervals across all events 
(*** denotes a significant difference at the 0.001 level). (b–c) SHAP-based feature importance of various drivers for soil moisture: overall distributions of feature 
importance versus feature value during flash drought and slow drought onset, respectively, with features ranked by the mean absolute SHAP value. Each dot 
represents the explanation for a single onset day. (Note: Positive vertical fluxes are directed downward.). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

Fig. 10. (a) Spatial distribution of drought complexity, defined as the average number of primary drivers (80th percentile) present during historical drought onset 
days. (b–c) Relationships among drought complexity, population density, and prediction error, aggregated at the grid-cell level. Data are evenly divided into ten bins 
based on the x-axis variable; regression lines are fitted to the original data, with shaded areas representing the 95% confidence interval.
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surfaces, urban heat island effects, and altered surface energy balan
ces—exhibit significantly modified land–atmosphere interactions. These 
factors introduce multiple concurrent drivers affecting soil moisture, 
thereby increasing the complexity of droughts in these regions (Huang 
et al., 2024). Collectively, these results suggest that urbanization and 
anthropogenic surface modifications amplify the multidimensionality of 
drought mechanisms, increasing both the difficulty of drought predic
tion and the vulnerability of urban areas to hydrological extremes.

It should be noted that these findings are not sensitive to the specific 
threshold used to define drought complexity. We conducted additional 
analyses by varying the percentile cutoff from the 60th to the 90th 
percentiles. The results (Figs. S12–S14) show that, while the absolute 
number of main drivers decreases as the threshold increases, the re
lationships between predictive error and drought complexity, as well as 
between population density and drought complexity, remain stable. This 
confirms the robustness of our conclusions. Furthermore, replacing 
population density with land cover as an indicator of human activity 
yields consistent results (Fig. S15), reinforcing the link between 
anthropogenic influence and increased drought complexity.

4.7. Discussion

While more advanced regularization strategies (e.g., weight decay 
optimization, ensemble averaging) could further improve predictive 
accuracy, such techniques are beyond the scope of this study. To ensure 
fairness across model comparisons, we applied only standard method
s—dropout layers and early stopping—consistently to all models, 
thereby confirming that the observed improvements are attributable to 
the proposed framework.

It should be noted that the improvements observed in the STC- 
CNNLSTM are likely attributable to the combined effect of incorpo
rating CCM-derived causal information and the skip connection mech
anism. The former provides physically interpretable guidance for 
initializing and updating cell states, while the latter facilitates efficient 
information flow across layers. Since our objective is to evaluate the 
integrated framework, rather than to disentangle the relative contribu
tions of these components, we did not isolate CCM information as static 
features in a separate baseline. Additional baselines, deeper gating an
alyses, or attention-specific ablations could provide complementary in
sights, these represent separate research directions and constitute a 
promising direction for future work. Our current design and ablation 
tests are intended to support the practical contribution of embedding 
causal information directly into the recurrent state initialization for FD 
prediction.

While the proposed STC‑CNNLSTM framework shows promising 
capability for flash‑drought prediction, several limitations should be 
noted. In this study, ERA5-Land was selected as the target dataset due to 
its long-term temporal coverage (1950–present) and relatively fine 
spatial resolution (0.1◦), both of which are critical for causal analysis 
and data-demanding deep learning models. Alternative products such as 
SMAP or GLDAS-Noah lack either sufficient temporal length or com
parable spatial detail, and in situ observations are too sparse in the study 
area to support spatially distributed model evaluation. However, the 
ERA5‑Land soil moisture product inherits uncertainties from model 
parameterizations and sparse observational coverage in certain regions. 
Soil moisture products are subject to retrieval biases related to vegeta
tion, surface heterogeneity, and sensor limitations (Kim et al., 2020; 
Yang et al., 2020; Zheng et al., 2024), which may propagate into the 
model and affect causality detection. These limitations highlight the 
need for future work that combines reanalysis with in‑situ observations, 
leverages higher‑resolution or bias‑corrected soil moisture datasets, and 
evaluates the proposed framework under diverse climatic and 
land‑cover conditions. As the model is designed to reproduce ERA5- 
Land soil moisture dynamics rather than reconcile among different 
soil moisture sources, we did not conduct cross-product validation in 
this study, which would primarily reflect inherent inter-product 

disagreement rather than model performance.
Although the F1 score for FD onset prediction remains modest in 

absolute terms (0.33), it represents a more than fifteen‑fold improve
ment compared to the baseline (0.02). This relative gain is particularly 
meaningful given that FDs are rare and extreme events that inherently 
challenge predictive models. The achieved precision of approximately 
0.5 indicates that about half of the model‑issued onset warnings corre
spond to actual events, which, from an operational perspective, can 
provide valuable early warning information. We further developed a 
simple decision-analytic framework that evaluates how each model 
performs under varying trade-offs between false alarms and missed de
tections. Based on the classification results of each model on the test 
dataset, we quantified the expected cost per decision as 

E(Cost) = cFP(1 − p)FPR + cFNpFNR (20) 

where p is the event prevalence, cFP and cFN represent the assumed costs 
of a false alarm and a missed detection, and FPR and FNR are the false- 
positive and false-negative rates. Because true economic losses of FDs 
are difficult to quantify, we varied the cost ratio cFP/cFN over a range and 
computed the corresponding normalized expected cost for each model. 
Fig. S17 provides a direct visualization of how the relative value of each 
model changes under different operational priorities, highlighting the 
advantage of the proposed STC-CNNLSTM model. Across the full range 
of cost ratios examined, STC-CNNLSTM consistently yielded the lowest 
expected cost.

Specifically, when the cost of a false alarm is small relative to the cost 
of missing a FD onset (cost ratio = 0.01), STC-CNNLSTM reduces the 
expected cost by 12.70 %, 22.89 %, and 27.05 % compared with the 
other models. This scenario reflects decision contexts in which avoiding 
missed detections is critical because missed onsets can lead to rapid crop 
stress, yield loss, and diminished capacity for timely irrigation adjust
ments. Even when false alarms are strongly penalized (cost ratio = 10), 
STC-CNNLSTM still achieves the lowest expected cost, providing re
ductions of 7.62 %, 3.87 %, and 61.08 % relative to the others. These 
results indicate that STC-CNNLSTM offers consistently favorable eco
nomic performance across diverse operational priorities, whether 
decision-makers aim to minimize missed onsets or unnecessary actions.

In practice, forecasts of extreme events are often combined with 
monitoring indicators and decision-support tools. The demonstrated 
ability of the proposed framework to anticipate FD onset makes it suit
able for integration into operational early-warning platforms, where 
even short lead-time improvements can create critical windows for ac
tion given the rapid development of FDs. Enhanced early warnings could 
support drought-risk management measures such as irrigation sched
uling, crop stress mitigation, and contingency water allocation in agri
culturally intensive and rapidly urbanizing regions such as the GBA. 
Furthermore, the identification of downward longwave radiation and 
soil-moisture memory as key predictors provides actionable guidance 
for optimizing observational networks, highlighting the value of prior
itizing radiation flux and soil monitoring in humid subtropical climates. 
Although further improvements are needed to increase recall and reduce 
false alarms, the present findings show that the proposed framework not 
only improves predictive skill but also enhances operational utility, 
which is an essential requirement for effective early-warning systems 
and adaptive agricultural strategies.

Despite the demonstrated advantage of the proposed framework, 
several limitations should be acknowledged. First, the model is trained 
exclusively on data from the GBA, and its performance relies on the 
region’s specific hydro-meteorological conditions and land–atmosphere 
interactions. As a result, the framework is not guaranteed to transfer 
directly to other humid subtropical regions without retraining or fine- 
tuning, especially where radiation regimes, land-surface properties, or 
soil–vegetation feedback differ. Second, temporal generalization re
mains an inherent challenge under evolving climate conditions. 
Although our temporally ordered train–validation–test split and recent 
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event analyses indicate reasonable robustness, long-term non-statio
narity (e.g., shifts in temperature baselines and precipitation patterns) 
may gradually reduce model skill. Therefore, operational deployment 
would require periodic model updating or online learning using the most 
recent observations to account for changing background climate states. 
Addressing these spatial and temporal transferability issues represents 
an important avenue for future research.

5. Conclusions

To facilitate effective FD risk management and adaptation strategies, 
this study introduces a novel deep learning framework—the STC- 
CNNLSTM model—to enhance soil moisture FD prediction. This 
framework utilizes a CNN-LSTM backbone to capture the dependencies 
of soil moisture on spatial–temporal meteorological variables. A novel 
CCM-based spatial–temporal causality module is integrated into the 
conventional LSTM architecture, enabling strategic weighting of feature 
dimensions by initiating and controlling cell states.

The study demonstrates that: (a) the proposed causality module acts 
as a regularization technique, improving both generalization (GA =
0.90) and predictive performance (NSE = 0.83 on the test set) over 
alternative models; (b) the STC-CNNLSTM model excels at capturing soil 
moisture extremes, enabling more effective FD forecasts, as shown by an 
F1 score of 0.33 for FD onset versus 0.02 for the baseline model; (c) XAI- 
based interpretation reveals that the degree of causality significantly 
enhances performance for the most important drivers, supporting the 
inclusion of the causality module; (d) key environmental variables, 
including soil moisture memory, radiation components (especially 
downward longwave radiation, STR), and precipitation, are critical 
predictors of soil moisture in the humid GBA; (e) slow droughts are 
primarily influenced by initial soil moisture and persistent shortwave 
radiation, while FDs are driven by rapid energy imbalances involving 
STR and hot, dry conditions; and (f) anthropogenic activities in China’s 
GBA may amplify the multidimensionality of drought mechanisms, 
increasing both prediction difficulty and the vulnerability of these re
gions to hydrological extremes.

Research Data
The ERA5-Land reanalysis data are obtained from European Centre 

for Medium-Range Weather Forecasts (ECMWF) at https://cds.climate. 
copernicus.eu/.

All code in this study is in Python. The core code for model building 
and training can be found in a Zenodo repository at https://doi.org/ 
10.5281/zenodo.16554347. The calculations for the CCM causality 
were performed using the causal-ccm package (Javier, 2021). Model 
realizations are based on PyTorch package (Paszke et al., 2019); the XAI- 
based model interpretation is performed using the SHAP package 
(Lundberg and Lee, 2017); all visualizations are completed by Mat
plotlib (Hunter, 2007) and Seaborn (Waskom, 2021) packages. All 
packages can be found via Python Package Index, the official repository 
of software for the Python programming language, at https://pypi.org/.
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Muñoz-Sabater, J., Dutra, E., Agustí-Panareda, A., Albergel, C., Arduini, G., Balsamo, G., 
Boussetta, S., Choulga, M., Harrigan, S., Hersbach, H., 2021. ERA5-Land: a state-of- 
the-art global reanalysis dataset for land applications. Earth Syst. Sci. Data 13 (9), 
4349–4383.

Nash, J.E., Sutcliffe, J.V., 1970. River flow forecasting through conceptual models part 
I—A discussion of principles. J. Hydrol. 10 (3), 282–290.

Naud, C.M., Chen, Y., Rangwala, I., Miller, J.R., 2013. Sensitivity of downward longwave 
surface radiation to moisture and cloud changes in a high-elevation region. 
J. Geophys. Res. Atmos. 118 (17), 10,072–010,081.

Nguyen, H., Wheeler, M.C., Hendon, H.H., Lim, E.-P., Otkin, J.A., 2021. The 2019 flash 
droughts in subtropical eastern Australia and their association with large-scale 
climate drivers. Weather Clim. Extremes 32, 100321.

Otkin, J.A., Anderson, M.C., Hain, C., Svoboda, M., 2015. Using temporal changes in 
drought indices to generate probabilistic drought intensification forecasts. 
J. Hydrometeorol. 16 (1), 88–105.

Otkin, J.A., Svoboda, M., Hunt, E.D., Ford, T.W., Anderson, M.C., Hain, C., Basara, J.B., 
2018. Flash droughts: a review and assessment of the challenges imposed by rapid- 
onset droughts in the United States. Bull. Am. Meteorol. Soc. 99 (5), 911–919.

Otkin, J.A., Woloszyn, M., Wang, H., Svoboda, M., Skumanich, M., Pulwarty, R., 
Lisonbee, J., Hoell, A., Hobbins, M., Haigh, T., 2022. Getting ahead of flash drought: 
from early warning to early action. Bull. Am. Meteorol. Soc. 103 (10), E2188–E2202.

Padrón, R.S., Gudmundsson, L., Michel, D., Seneviratne, S.I., 2020. Terrestrial water loss 
at night: global relevance from observations and climate models. Hydrol. Earth Syst. 
Sci. 24 (2), 793–807.

Park, S., Im, J., Jang, E., Rhee, J., 2016. Drought assessment and monitoring through 
blending of multi-sensor indices using machine learning approaches for different 
climate regions. Agric. For. Meteorol. 216, 157–169.

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T., Lin, Z., 
Gimelshein, N., Antiga, L., 2019. Pytorch: an imperative style, high-performance 
deep learning library. Advances in Neural Information Processing Systems 32.

Pendergrass, A.G., Meehl, G.A., Pulwarty, R., Hobbins, M., Hoell, A., AghaKouchak, A., 
Bonfils, C.J., Gallant, A.J., Hoerling, M., Hoffmann, D., 2020. Flash droughts present 
a new challenge for subseasonal-to-seasonal prediction. Nat. Clim. Chang. 10 (3), 
191–199.

Pitis, S. 2016 Non-zero initial states for recurrent neural networks.
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