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Abstract

Developing context-specific drought regionalization is crucial for targeted risk management,
as drought evolves as a cascading hazard driven by complex land-atmosphere interactions
rather than isolated climatic anomalies. However, conventional regionalization frameworks
remain largely static and fail to capture the dynamic propagation from meteorological forc-
ing to agricultural impacts. To address this limitation, we developed a framework that links
continuous drought dynamics to discrete drought events, enabling identification of propa-
gation patterns and their associated environmental mechanisms across the Loess Plateau,
China. By integrating run theory, dimensionality reduction, clustering, and explainable
machine learning, we identified three distinct drought propagation regimes: Propagation
Blocked, Disaster Amplified, and Response Desensitized zones. At the regional scale,
eco-hydrological factors, particularly vegetation productivity and soil moisture dynamics,
showed the strongest attribution signals for differentiating drought propagation regimes.
However, regime-specific environmental associations differed substantially: (i) propagation
blockage was associated with terrain-vegetation interactions; (ii) disaster amplification was
associated with low ecological productivity and declining soil moisture; and (iii) response
desensitization was associated with intensive agricultural activities and relatively favorable
soil moisture conditions, which may partly buffer vegetation responses to thermal and
meteorological stress and create apparent resilience that may mask underlying hydrological
vulnerability. SHAP analysis further indicated that topography and thermal conditions
were strongly associated with broad-scale differentiation, while eco-hydrological condi-
tions showed stronger associations with local regime-specific responses. Anthropogenic
activities may also be associated with altered drought propagation pathways and po-
tential risks of unsustainable water use. These findings highlight drought as a dynamic
propagation process rather than a static hazard and provide a basis for targeted drought
management strategies.

Keywords: agricultural drought; drought propagation; agricultural risk zoning; event
metrics; remote sensing; explainable machine learning; Loess Plateau
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1. Introduction

As a pervasive natural hazard intensified by global warming [1,2], drought causes
substantial socio-economic losses worldwide and poses a critical threat to agricultural
production and food security [3,4]. Future climate change may further alter crop yield,
phenology, and irrigation water requirements, especially in water-limited agricultural
systems [5-9]. Consequently, enhancing drought resilience is essential for safeguarding
livelihoods and supporting sustainable development [10-12]. To support effective miti-
gation, drought regionalization has been widely adopted as a key framework for spatial
management. However, traditional regionalization approaches predominantly rely on
a static perspective, focusing on the independent delineation of isolated drought types
or static hydroclimate variables without adequately considering their cascading evolu-
tion [13-15]. In reality, drought is a dynamic propagation process that spreads from the
atmospheric system to the terrestrial system. Regionalization methods that neglect this
propagation perspective inevitably fail to accurately capture the spatio-temporal evolu-
tion and amplification of drought impacts. This limitation is particularly evident in the
Loess Plateau, where drought vulnerability exhibits strong spatial variability, with signifi-
cantly higher sensitivity observed in the arid western margins compared to ecologically
restored regions [16,17].

Recent drought research has shifted from single-type analyses toward cross-type
propagation mechanisms [18-21]. To characterize drought across multiple dimensions,
researchers increasingly integrate several drought and eco-hydrological indices. With the
continuous refinement of eco-hydrological observation systems, foundational indicators
have expanded into multidimensional spaces. Beyond combining traditional indices like
the Standardized Precipitation Evapotranspiration Index (SPEI) and Vegetation Health
Index (VHI) [22,23], Gross Primary Productivity (GPP) [24] and soil moisture datasets are
frequently used to evaluate ecosystem productivity impairment and subsurface moisture
dynamics. Soil moisture—vegetation feedback also varies across climatic regions, suggesting
that vegetation drought responses are jointly shaped by water availability and ecosystem
conditions [25]. This multi-index framework allows for a more granular characterization
of the transition from atmospheric water deficits to ecological and agricultural stress.
Notably, vegetation responses to drought over the Loess Plateau exhibit pronounced spatial
heterogeneity and are jointly regulated by climatic variability and large-scale ecological
restoration processes [26,27]. Existing studies have widely employed these indices in
conjunction with run theory to effectively quantify critical propagation metrics, such as
the drought onset time (DOT), onset speed (DOS), and the lag time between different
drought types.

Nevertheless, the current academic focus remains largely concentrated on the long-
term temporal trend evolution of these propagation characteristics [28], with few attempts
to systematically translate this dynamic propagation process into spatial management
metrics for regionalization. While some studies have successfully delineated drought zones
by clustering the evolutionary features of indices like SPEI or VHI [29], or have performed
climate regionalization based on traditional hydroclimatic variables such as precipitation
and temperature using clustering approaches [30], they often overlook the process-based
spatial heterogeneity, specifically, how the efficiency and speed of drought propagation
vary across different landscapes.

Furthermore, while drought event characteristics (e.g., duration, severity) and
propagation metrics can jointly describe the dynamic evolution of the drought sys-
tem, existing studies often overlook the highly non-linear coupling and information
redundancy among these variables when directly applying them to spatial clustering.
For instance, a prolonged drought duration is typically accompanied by a greater
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cumulative severity, and propagation time and rate may partially reflect similar re-
sponse processes. Such uncritical superimposition of multiple variables not only in-
creases interpretational complexity but also obscures the true mechanisms dominating
drought evolution.

To address feature redundancy and the limitations of subjective threshold-based
regionalization, previous studies have increasingly adopted data-driven approaches to
reconstruct multi-dimensional drought feature spaces. In particular, dimensionality
reduction techniques such as Principal Component Analysis (PCA) have been widely
used to transform correlated variables into orthogonal components, thereby capturing
the dominant modes of variability while mitigating multicollinearity [31]. Building
upon these reduced feature representations, clustering algorithms—most notably K-
means and its variants—have been widely applied to objectively delineate spatial
patterns in hydro-climatic and ecological systems [32]. For instance, K-means clustering
has been successfully employed to identify ecosystem service bundles and delineate
eco-functional zones on the Loess Plateau, providing a data-driven basis for regional
management. However, existing applications have largely focused on static ecological
indicators, without explicitly incorporating the dynamic propagation processes linking
different drought types [33].

Feature-based regionalization identifies spatial outcomes but does not explain their
environmental controls. To further elucidate the underlying environmental drivers, intro-
ducing external variables for attribution analysis has become increasingly important [20].
Recent evidence suggests that while climate provides the fundamental forcing, local fac-
tors such as Land Use/Land Cover (LULC) and topographic characteristics significantly
reshape the secondary control mechanisms of drought propagation [34]. When explor-
ing these mechanisms, traditional statistical methods often struggle to capture complex
non-linearities. To address this, the SHapley Additive exPlanations (SHAP) framework com-
bined with eXtreme Gradient Boosting (XGBoost) has recently gained traction. For example,
SHAP has been successfully applied to evaluate ecological thresholds in agro-pastoral
zones [35] and to interpret the non-linear driver contributions of multi-type drought propa-
gation chains at a global scale [36]. However, its potential for disentangling the relative
contributions of environmental drivers behind regionalized drought propagation patterns
remains under-explored.

Accordingly, this study examines drought propagation and its eco-hydrological con-
trols across the Loess Plateau. Specifically, it aims to decode the spatial heterogeneity of
drought propagation and its underlying eco-hydrological control mechanisms. To this
end, the multi-source feature space of drought propagation is first reconstructed using
Principal Component Analysis (PCA), enabling the extraction of orthogonal components
that capture the dominant propagation characteristics while reducing redundancy. Based
on these reconstructed features, a K-means clustering framework is subsequently applied to
objectively identify distinct drought propagation typologies across the region. Specifically,
this study aims to: (1) track the cascading sequence from meteorological water deficits
to agricultural impacts at the pixel scale; (2) identify and regionalize distinct drought
propagation regimes based on their intrinsic dynamic characteristics; and (3) employ the
XGBoost-SHAP framework to quantify the relative contributions and non-linear depen-
dencies of climatic, topographic, ecological, and anthropogenic predictors associated with
these regimes. Ultimately, this study provides a process-oriented and data-driven basis
for understanding drought evolution and supports the development of spatially targeted
drought mitigation and adaptive management strategies.
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2. Materials and Methods
2.1. Study Area

The Loess Plateau is located in northern China, approximately between 34-41° N and
100-115° E, covering an area of about 640,000 km? (Figure 1). Elevation varies substantially
across the region, with high terrain in the west and lower terrain in the east. The Loess
Plateau has a temperate semi-arid to semi-humid climate, with an average annual tempera-
ture of 6-14 °C and an average annual precipitation of 300-700 mm, mostly concentrated
from July to September. The main land use types are farmland and grassland, with wheat,
maize, and other crops being the primary cultivated species.
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Figure 1. Overview of the study area. (a) Geographical location and elevation of the Loess Plateau;
(b) land-use distribution; (c) mean annual precipitation; and (d) mean annual temperature.

2.2. Data

To characterize drought propagation across the Loess Plateau, a multi-source spa-
tiotemporal dataset covering the main study period of 19822020 was constructed where
possible (Table 1). Given the substantial differences in spatial resolution among datasets
(ranging from 30 m to 9 km), all gridded variables were spatially harmonized before
pixel-level event analysis and county-level attribution analysis.
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Table 1. Summary of multi-source remote sensing datasets and environmental variables used in
this study.

. Temporal Spatial
Data Period Resolution Resolution Source
e TerraClimate
Precipitation 1982-2020 monthly 4km [37]
Potential Evapotranspiration 1982-2020 monthly 4 km Terra[éjél]mate
Temperature 1982-2020 monthly 9 km ERA[géIiand
Vegetation Health Index (VHI) 1982-2020 weekly 4 km NO?;;]VHI
ESA CCI Soil Moisture
Soil Moisture 1982-2020 monthly 0.1° [40], gap-filled following
[41]
Gross Primary Productivity (GPP) 1982-2018 yearly 0.05° GLA{?S}GPP
Land Use 1985-2022 yearly 30 m CLCD [43]
Elevation (DEM) Static — 30 m NAS[4A4]]DEM

Meteorological drought conditions were characterized using monthly precipitation
and potential evapotranspiration (PET) from the TerraClimate dataset (4 km), from which
the Standardized Precipitation Evapotranspiration Index (SPEI) was derived. Vegetation
responses were represented by the Vegetation Health Index (VHI) obtained from NOAA
STAR. Since the original VHI product is provided at a weekly resolution, weekly VHI
data were aggregated to monthly values using monthly averaging to match the temporal
resolution of SPEI and the event-based analysis. For the attribution analysis, environmental
and anthropogenic variables were compiled from multiple sources. Thermal conditions
(mean and trend of temperature) were derived from ERA5-Land (9 km). Vegetation produc-
tivity (mean and trend of Gross Primary Productivity, GPP) was obtained from the GLASS
GPP dataset (0.05°), while soil moisture data were acquired from the ESA CCI dataset.
Topographic variables, including elevation and slope, were derived from the NASADEM
dataset (30 m). Anthropogenic influence was represented by the cropland ratio calculated
from the China Land Cover Dataset (CLCD, 30 m).

To harmonize the attribution variables over the study period (1982-2020) for
the subsequent XGBoost-SHAP modeling, the minor data gaps in the GPP dataset
(2019-2020) were gap-filled using linear trend extrapolation based on its historical ob-
servation period (1982-2018).

2.3. Characterization of Drought Events and Propagation Dynamics
2.3.1. Drought Event Identification Based on Run Theory

To characterize the drought propagation process, we utilized the Standardized Precipi-
tation Evapotranspiration Index (SPEI) and the Vegetation Health Index (VHI) to represent
meteorological and agricultural droughts, respectively [39,45]. Specifically, the 1-month
SPEI (SPEI-1) and monthly VHI were employed as the baseline indices to identify indepen-
dent meteorological and agricultural drought events. The 1-month scale was adopted as the
baseline accumulation scale to characterize short-term meteorological drought variability
and identify drought events at the monthly scale. Meteorological drought events were
identified when SPEI-1 < —0.5, while agricultural drought events were identified when
monthly VHI < 0.40.
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Run theory [46] was applied to the monthly SPEI-1 and VHI time series on a pixel-
by-pixel basis to identify individual drought events and quantify their core character-
istics. Operationally, for any given pixel, a drought episode was defined as one or
more consecutive months during which the drought index remained at or below the
predefined threshold.

Based on this definition, all identified drought events during the study period were
evaluated to extract three fundamental properties: Duration (D), Severity (S), and Frequency
(F). Here, Frequency (F) denotes the total number of drought events for a given pixel;
Duration (D) represents the consecutive months over which a drought event persists; and
Severity (S) is defined as the cumulative deficit of the drought index throughout the event
duration. These event-level characteristics were subsequently aggregated at the pixel scale
by calculating the total event frequency, mean event duration, and cumulative severity
across all identified events, thereby deriving the pixel-level drought metrics used in the
subsequent drought propagation analysis. Because no rapid-intensification criterion was
applied, the identified SPEI-1 events are interpreted as short-term meteorological drought
events rather than flash droughts.

2.3.2. Quantification of Drought Propagation Metrics

The Pearson correlation coefficient (PCC) method was used to estimate the charac-
teristic propagation timescale between meteorological and agricultural droughts [47,48].
Following previous drought propagation studies, SPEI was calculated at accumulation
scales of 1-12 months and contemporaneously correlated with monthly VHI at each pixel.
The propagation timescale (PT) was defined as the SPEI accumulation timescale at which
the PCC between SPEI and VHI reached its maximum. This PCC-derived PT represents
the characteristic response timescale of agricultural drought to antecedent meteorological
drought conditions.

To further examine whether a meteorological drought event successfully propagated
into an agricultural drought event, an event-matching procedure was conducted using the
PCC-derived PT as the event-matching window. For each pixel, meteorological drought
events identified from SPEI and agricultural drought events identified from VHI were
matched according to their temporal sequence. A meteorological drought event was
considered to have propagated into an agricultural drought event when the agricultural
drought started after the onset of the meteorological drought and occurred within the
corresponding propagation time window. The matching criterion was defined as:

T, iftsap > tsmp and ts op — temp < PT

propagate = {F (1)

, otherwise

where T and F indicate successful and failed propagation, respectively. t; yp and t, pp
denote the start and end times of a meteorological drought event, respectively, while
ts ap denotes the start time of the corresponding agricultural drought event. PT is the
PCC-derived propagation timescale used as the event-matching window. This criterion
allows the agricultural drought response to occur during or shortly after the meteorological
drought event, reflecting the possible temporal overlap between meteorological forcing
and vegetation response.

Based on the event-matching results, the propagation rate (PR) was calculated to
quantify the probability or efficiency with which meteorological drought events were
transmitted to the agricultural drought stage:

n

PR= )
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where m represents the total number of meteorological drought events identified during the
study period, and n denotes the number of meteorological drought events that successfully
propagated into agricultural drought events according to the matching criterion. Each
meteorological drought event was counted only once, even when multiple agricultural
drought events satisfied the matching condition. A higher PR indicates a greater likelihood
that meteorological drought events propagate into agricultural drought events.

2.4. Identification of Drought Propagation Regimes
2.4.1. Feature Compression via Principal Component Analysis

Drought events were first identified at the pixel/event level, and the resulting event—
propagation metrics were subsequently aggregated to the county level using zonal statistics.
Accordingly, each county was represented by a vector of eight event—propagation metrics,
including Dinet, Fmet, Smet, Dagr, Fagr, Sagr, PR, and PT. The definitions and interpretations of
these metrics are summarized in Table S1.

To address the high dimensionality and multicollinearity inherent in drought event
characteristics, such as duration and severity, and propagation metrics, such as propagation
time and rate, Principal Component Analysis (PCA) was applied to transform the original
correlated variables into a reduced set of orthogonal components. Prior to PCA, the optimal
SPEI accumulation scale (PT) was natural-log-transformed, and all eight features were
subsequently standardized using the Z-score method to ensure comparability. The principal
components were then derived, and the leading components explaining more than 85% of
the total variance were retained.

These retained components captured the dominant modes of drought propagation
variability while minimizing redundancy and were subsequently used as orthogonal inputs
for the spatial clustering analysis.

2.4.2. Regime Classification in Reduced Feature Space

Following the extraction of dominant orthogonal modes via PCA, the K-means clus-
tering algorithm was applied to partition the study area into distinct drought propaga-
tion regimes. K-means was selected due to its efficiency and suitability for large-scale
hydro-climatic datasets.

Clustering was performed in the reduced principal component space to avoid the
influence of multicollinearity present in the original variables. The optimal number of
clusters (K) was primarily determined using the elbow method, with the silhouette score
used as a supplementary diagnostic. The elbow method indicated that the reduction in
within-cluster sum of squares became less pronounced after K = 3 (Figure S1). Detailed
clustering diagnostics for K values ranging from 2 to 6 are provided in Table S4b.

2.5. Sensitivity Analysis

A sensitivity analysis was conducted to evaluate the robustness of the drought propa-
gation regionalization to the selection of SPEI accumulation scales and drought thresholds.
The baseline scenario used SPEI-1 < —0.5 and VHI < 0.40. Five alternative scenarios were
considered: SPEI-3 < —0.5, SPEI-6 < —0.5, a stricter meteorological drought threshold
of SPEI-1 < —1.0, and two stricter agricultural drought thresholds of VHI < 0.35 and
VHI < 0.30. In each alternative scenario, only one parameter was changed relative to the
baseline, while the remaining settings were held constant.

For each scenario, drought event identification and propagation-rate calculation were
repeated using the baseline PCC-derived PT as a fixed event-matching window, followed
by county-level aggregation, data transformation and standardization, PCA, and K-means
clustering. The number of clusters was fixed at three, as determined from the baseline
regionalization, to maintain a consistent regime framework and enable direct comparison
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among the sensitivity scenarios. The similarity between each sensitivity scenario and the
baseline result was evaluated using the adjusted Rand index (ARI), normalized mutual
information (NMI), overall county-level agreement, class-specific Jaccard coefficients, and
the number of counties assigned to different drought propagation regimes. Because K-
means cluster labels are arbitrary, the cluster labels of each sensitivity scenario were
aligned with the baseline regimes according to the maximum county-level overlap before
calculating the agreement and class-specific metrics. In addition, the sensitivity of the
PCA cumulative explained-variance threshold was evaluated for the baseline scenario by
comparing thresholds of 80%, 85%, and 90%, while retaining K = 3 for clustering.

2.6. Attribution Analysis of Drought Propagation Regimes
2.6.1. Feature Selection and Model Construction

To ensure spatial consistency across multi-source datasets, all gridded environmental
and meteorological variables were aggregated to the county level using zonal statistics
based on administrative boundaries. The county was thus defined as the fundamental
spatial unit for subsequent analysis. Specifically, the anthropogenic indicator, cropland
ratio, was derived from land use data by calculating the proportion of cropland area within
each county.

Following spatial harmonization, a set of representative variables was compiled to
characterize the potential drivers of drought propagation. Recognizing that drought
vulnerability is governed by both inherent structural features and gradual environmental
shifts, the selected drivers encompass both static environmental baselines (i.e., mean
elevation, mean slope, mean GPP, mean soil moisture, and mean temperature) and dynamic
evolutionary trends (i.e., GPP trend, soil moisture trend, and temperature trend). The
long-term magnitude of these dynamic trends was quantified using the non-parametric
Theil-Sen median trend analysis coupled with the Mann-Kendall (MK) significance test.
This robust approach was specifically selected due to its high resistance to data outliers
and its independence from data distribution assumptions.

To improve the statistical robustness of subsequent machine learning modeling and
prevent feature importance distortion, multicollinearity among the selected variables was
rigorously evaluated using the variance inflation factor (VIF).

2.6.2. Explainable Machine Learning for Attribution Analysis

To investigate the non-linear relationships between environmental drivers and the
identified drought propagation regimes, the eXtreme Gradient Boosting (XGBoost) algo-
rithm was employed. As a boosting-based ensemble of decision trees, XGBoost is capable
of capturing complex interactions and hierarchical structures among hydro-climatic vari-
ables. Model hyperparameters were optimized using grid search combined with stratified
10-fold cross-validation. Model performance was evaluated using overall accuracy, macro-
averaged Fl-score, and class-specific precision, recall, and F1-score. To obtain class-specific
evaluation results, predictions from the ten validation folds were aggregated as out-of-fold
predictions, such that each county was predicted by a model trained without that county.
These out-of-fold predictions were further used to construct the confusion matrix. Precision
represents the proportion of counties correctly classified among all counties predicted as a
given regime, recall represents the proportion of counties correctly identified among all
counties actually belonging to that regime, and the F1-score represents the harmonic mean
of precision and recall.

Despite its strong predictive capability, XGBoost operates as a “black-box” model. To
enhance interpretability, the SHapley Additive exPlanations (SHAP) framework, derived
from cooperative game theory, was adopted. Specifically, the Tree SHAP algorithm was
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used to efficiently compute exact Shapley values by leveraging the internal tree structure,
thereby avoiding the need for exhaustive feature subset enumeration.

It is important to note that SHAP does not establish causal relationships. Instead, it
provides a theoretically grounded decomposition of model predictions into feature contri-
butions. In this study, SHAP was used to quantify the relative importance of driving factors
and to identify non-linear response patterns and threshold-like behaviors. These results
provide an interpretable attribution of model behavior, highlighting how environmental
drivers contribute to the model-predicted drought propagation regimes. The propagation
regime assigned to each county by the PCA-K-means classification was used as the re-
sponse variable in the XGBoost model, while the county-level environmental variables
were used as predictors.

3. Results
3.1. Spatiotemporal Patterns of Drought Propagation

By applying run theory and event matching on a pixel-by-pixel basis, eight
event-propagation metrics were extracted to evaluate spatial patterns across the Loess
Plateau. As illustrated in Figure 2b—d, meteorological drought exhibited spatial hetero-
geneity. The western Loess Plateau generally experienced relatively mild meteorological
drought conditions, characterized by low frequency, short duration, and low severity,
alongside lower propagation rates and shorter PCC-derived response timescales.

(a) Propagation Rate

{b) Duration-SPEI (months) {c) Frequency-SPEl (events) (d) Severity-SPE! {cumulative
' . . standardized deficit)

1.8 1.2 113 73 108.2 72.6

Fregquency-VHI (events 'h) Severity-VHI (cumulative
@ “ ¥ f ) () standardfzed defrcn)

i
1.

81 3

Figure 2. Spatial distribution of drought event characteristics and propagation metrics across the
Loess Plateau. (a) Propagation rate derived from event matching; (e) PCC-derived propagation
timescale. (b—d) Duration, frequency, and severity of meteorological drought events identified using
SPEL (f-h) Duration, frequency, and severity of agricultural drought events identified using VHI.
Severity was calculated as the cumulative deficit below the corresponding drought threshold.

However, a spatial mismatch was observed when tracking the propagation cascade.
Relatively mild meteorological drought conditions coincided with severe agricultural
drought impacts (Figure 2f-h). Specifically, the western Loess Plateau and certain high-
altitude areas in the central-east demonstrated a high susceptibility to agricultural drought,
marked by elevated frequency, extended duration, and increased severity. This pattern
indicated a vulnerable land surface that may amplify relatively mild climatic deficits.

Conversely, the central region exhibited substantial eco-hydrological resilience. De-
spite experiencing heterogeneous meteorological drought conditions, agricultural drought
indicators in this region remained relatively stable (i.e., low severity and low frequency).
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This resistance was further evidenced by longer PCC-derived response timescales or, in
several instances, the interruption of the drought propagation continuum.

This spatial decoupling between meteorological forcing and agricultural response
indicates that drought propagation is a highly non-linear process modulated by under-
lying surface conditions. It highlights that relying solely on meteorological anomalies
is insufficient to capture the landscape’s true eco-hydrological vulnerability. Conse-
quently, to decode these complex land—-atmosphere interactions and provide targeted
mitigation strategies, it is necessary to partition the Loess Plateau into distinct drought
propagation typologies.

3.2. Spatial Regionalization of Drought Propagation Regimes
3.2.1. Principal Component Analysis

The Principal Component Analysis (PCA) effectively condensed the multidimensional
feature space of the eight drought propagation metrics into dominant feature dimensions
(Figure 3). Specifically, the first principal component (PC1) is dominated by positive load-
ings from agricultural drought indices (Sagrs Fagr, Dagr) and propagation metrics (PR, PT).
In contrast, the second principal component (PC2) is primarily driven by meteorological
forcings, exhibiting a strong positive loading for Fmet and a negative loading for Dmet. The
PCA biplots (Figure 3b,c) demonstrate that these orthogonal dimensions effectively sepa-
rate the 373 counties into distinct clusters aligned with specific variable vectors, providing
a robust statistical foundation for spatial typological classification.

4
b Fou
0.8 Doge
2 S ) Sagr
a0
|S]
=
2
—4 )
—6 -4 8
PC1
C1: Propagation Blocked <+ C2: Disaster Amplified
* C3: Response Desensitized
(©)*]
smet
24
0
i
Q
~
_2 B
pR- 0z am on
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I I I
PC2 PC3 PC4 D S e
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Figure 3. Principal Component Analysis (PCA) of drought propagation metrics. (a) Heatmap of
the PCA loading matrix, showing the component loadings of the eight original metrics on the first
four principal components (PC1-PC4). Blue and red colors represent positive and negative loadings,
respectively. (b,c) Two-dimensional biplots projecting the counties onto the PC1-PC2 and PC1-PC3
planes. Data points are color-coded by their designated clusters (C1: green, C2: red, C3: blue),
with arrows indicating the direction and magnitude of the original variables” contributions to the
principal components.

3.2.2. Spatial Clustering of Drought Regimes

Building upon the dimensions derived from PCA, the K-means algorithm classified
the study area into three distinct drought propagation regimes characterized by contrasting
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propagation dynamics (Figure 4). A comparative analysis of these clusters reveals a
pronounced spatial decoupling between meteorological forcing and agricultural impacts.

C2:Disaster Amplified Zone C1: Propagation Blocked Zone
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Figure 4. Spatial distribution and characteristic profiling of the three drought propagation
typologies. The central map illustrates the spatial classification of the Loess Plateau into three
distinct clusters: Propagation Blocked Zone (Cluster 1, green), Disaster Amplified Zone (Cluster
2, red), and Response Desensitized Zone (Cluster 3, blue). The accompanying boxplots display
the standardized Z-scores of eight drought propagation metrics (PR, PT, Diet, Finet, Smet, Dagr,
Fagr, Sagr) for each respective cluster.

Specifically, the Disaster Amplified Zone (C2, red, northwestern) exhibits the weakest
meteorological forcing (lowest Syt and Fyet), yet suffers the most severe agricultural
droughts (maximum Dqgy, Fagr, and Sger). This zone also shows the highest propagation rate
(PR) and a longer PCC-derived response timescale (PT), indicating a stronger and more
persistent linkage between meteorological deficits and agricultural drought responses.

In contrast, the Propagation Blocked Zone (C1, green, central and southern) represents
an opposing mechanism. Despite experiencing the highest frequency of meteorological
droughts, it records the lowest propagation rate, effectively limiting the translation of
meteorological deficits into agricultural impacts, with Dagr, Fagr, and S,gr remaining below
the regional average.

The Response Desensitized Zone (C3, blue, peripheral and eastern) exhibits a third
distinct pattern. It is subjected to the most severe and prolonged meteorological forcing
(highest Dyt and Syet), yet the resulting agricultural drought remains relatively weak
(Z-scores near or below zero). This suggests a decoupling mechanism in which strong
climatic stress does not translate into proportional agricultural response.

While this comparative classification clearly delineates distinct propagation regimes,
it also highlights the need to further identify the environmental drivers underlying these
divergent land surface responses.
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3.3. Sensitivity of Drought Propagation Regionalization

The drought event characteristics varied systematically across the sensitivity scenarios
(Table S2). Increasing the SPEI accumulation scale from 1 to 3 and 6 months reduced
the number of meteorological drought events from 4,790,938 in the baseline scenario to
2,667,668 and 1,836,585, respectively, while increasing the mean propagation rate from
0.475 to 0.531 and 0.550. Applying the stricter meteorological drought threshold of SPEI-1
< —1.0 reduced the number of meteorological drought events to 3,044,746 but resulted
in only a limited change in the mean propagation rate (0.469). In contrast, lowering the
VHI threshold from 0.40 to 0.35 and 0.30 progressively reduced the number of agricultural
drought events from 1,739,214 to 1,291,749 and 886,609, respectively, and decreased the
corresponding mean propagation rates to 0.374 and 0.273.

Four principal components were retained in all sensitivity scenarios, explaining
86.19%-91.87% of the total variance (Table S4a). The regionalization exhibited parameter-
dependent stability relative to the baseline scenario (Table 2; Table S3; Figure 5). The
alternative VHI thresholds produced the highest spatial consistency. The VHI < 0.35 and
VHI < 0.30 scenarios achieved overall county-level agreement rates of 96.51% and 91.15%,
respectively, with corresponding adjusted Rand index values of 0.883 and 0.729; only
13 and 33 counties changed their regime assignments. The stricter meteorological drought
threshold showed intermediate stability, with an agreement rate of 79.62%, an adjusted
Rand index of 0.481, and 76 reassigned counties. Greater changes occurred when the SPEI
accumulation scale was increased. The SPEI-3 and SPEI-6 scenarios yielded agreement
rates of 69.71% and 69.44%, adjusted Rand index values of 0.313 and 0.344, and 113 and
114 reassigned counties, respectively.

Table 2. Stability of drought propagation regionalization under alternative SPEI accumulation scales
and drought thresholds.

: SPEL SPEI VHI Overall Changed
Scenario Accumulation Threshold  Threshold ARI NMI Agreement Counties (n)
Scale (Month) (%)
Baseline 1 —0.5 0.4 1 1 100 0
SPEI-3 3 —0.5 0.4 0.313 0.342 69.71 113
SPEI-6 6 -0.5 0.4 0.344 0.418 69.44 114
Strict SPEI threshold 1 -1.0 0.4 0.481 0.513 79.62 76
VHI threshold of 0.35 1 —0.5 0.35 0.883 0.872 96.51 13
VHI threshold of 0.30 1 -0.5 0.3 0.729 0.695 91.15 33

Note: Cluster labels were aligned with the baseline regimes according to maximum county-level overlap. ARI,
adjusted Rand index; NMI, normalized mutual information. Overall agreement represents the percentage of the
373 counties assigned to the same drought propagation regime as in the baseline scenario.

Spatial differences were mainly reflected by county-level adjustments along the bound-
aries and transitional zones of the baseline regimes. The principal spatial organization of
the three drought propagation regimes nevertheless remained evident across the indepen-
dently refitted scenarios. These results indicate that the regionalization was highly robust
to reasonable changes in the agricultural drought threshold but exhibited greater sensitivity
to the accumulation scale and threshold used to identify meteorological drought. Varying
the PCA cumulative explained-variance threshold from 80% to 90% had little influence
on the regionalization. The 80% threshold reproduced the baseline classification exactly,
whereas the 90% threshold retained five principal components and achieved an ARI of
0.962 and an overall agreement of 98.93%, with only four counties reassigned (Table S4c).
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(a) Baseline

(d) SPEI = -1.0

- C1: Propagation Blocked Zone - C2: Disaster Amplified Zone

(b) SPEI-3 (c) SPEL-6

(f) VHI = 0.30

(e) VHI = 0.35

- C3: Response Desensitized Zone

Figure 5. Spatial patterns of drought propagation regimes under the baseline and sensitivity scenar-
ios: (a) baseline scenario, SPEI-1 < —0.5 and VHI < 0.40; (b) SPEI-3 < —0.5 and VHI < 0.40;
(c) SPEI-6 < —0.5 and VHI < 0.40; (d) SPEI-1 < —1.0 and VHI < 0.40; (e) SPEI-1 < —0.5 and
VHI < 0.35; and (f) SPEI-1 < —0.5 and VHI < 0.30. C1, Propagation Blocked; C2, Disaster Am-
plified; C3, Response Desensitized.

3.4. XGBoost-SHAP Performance and Global Attribution of Driving Factors
3.4.1. Statistical Distribution of Environmental Drivers

Clear yet contrasting patterns of environmental drivers are observed across the
three drought propagation regimes (C1-C3) (Figure 6). Topographic conditions show
a consistent gradient, with C1 characterized by the steepest slopes and highest eleva-
tions, C3 exhibiting intermediate values, and C2 representing the flattest terrain. Climatic
and hydrological variables display more heterogeneous behavior. Mean temperature is
highest in C3 and lowest in C1, while the warming trend is most pronounced in C2. In
contrast, Mean soil moisture showed no significant differences among the three drought
propagation regimes (Figure 6e), whereas its temporal trend differed markedly among the
regimes (Figure 6h).

Ecological productivity and land use further differentiate the clusters. Both mean
GPP and its trend vary significantly (p < 0.001), with C1 showing the strongest increase,
C3 moderate growth, and C2 the weakest. In addition, the cropland ratio is substantially
higher in C3, indicating more intensive agricultural activity.

Overall, C1 is characterized by steep, high-elevation terrain with strong ecological
recovery, C2 by flat landscapes with low productivity, pronounced warming, and declining
soil moisture, and C3 by warmer, low-elevation regions with intensive agricultural influence
and increasing soil moisture.
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Figure 6. Statistical distributions and comparative analysis of driving factors across the three drought
propagation clusters. The boxplots present (a) slope, (b) elevation, (c) mean temperature, (d) mean
GPP, (e) mean soil moisture, (f) temperature trend, (g) GPP trend, (h) soil moisture trend, and
(i) cropland ratio. Within each box, the white dot represents the median, and the whiskers extend to
1.5 times the interquartile range (IQR). Different colors represent different clusters. Significance levels
are determined by the two-sided Mann-Whitney U test, where *” indicates p < 0.05, “**” indicates
p <0.01, ** indicates p < 0.001, and ‘ns” denotes no significant difference.

3.4.2. Global Attribution and Mechanistic Spectrum

The XGBoost model was trained using county-level samples, with the identified
drought propagation regime as the classification target and county-aggregated environmen-
tal variables as predictors. Under stratified 10-fold cross-validation, the model achieved
an accuracy of 0.799 £ 0.074 and a macro Fl-score of 0.792 + 0.078, indicating generally
consistent discrimination among the three drought propagation regimes. The class-specific
F1-scores were 0.809, 0.776, and 0.799 for C1, C2, and C3, respectively (Table S5a). C1
showed a precision of 0.797 and a recall of 0.820, while C3 showed similarly balanced
performance, with a precision of 0.794 and a recall of 0.803. C2 achieved the highest preci-
sion of 0.818 but the lowest recall of 0.738, indicating that predictions assigned to C2 were
generally reliable, although some counties actually belonging to C2 were classified into
other regimes. The confusion matrix further showed that 45 of the 61 C2 counties were
correctly classified, whereas 13 were misclassified as C3. The other major source of confu-
sion occurred between C1 and C3, with 23 C1 counties classified as C3 and 26 C3 counties
classified as C1 (Table S5b). Beyond the statistical differences identified in Section 3.4.1, the
SHAP analysis further quantified the non-linear contributions of environmental drivers to
the model classification. At the global scale (Figure 7a), eco-hydrological variables showed
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the strongest attribution signals, with baseline vegetation productivity (Mean GPP) and
soil moisture dynamics (Trend SM) emerging as the two most influential predictors. This
suggests that spatial differences in drought propagation regimes are closely associated with
local ecological productivity and soil moisture changes, rather than being explained solely
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Figure 7. XGBoost-SHAP attribution of environmental drivers for drought propagation regimes.
(a) Global feature importance based on the mean absolute SHAP value across all county-level samples.
(b—d) Cluster-specific SHAP beeswarm plots for C1-C3, respectively. Each dot represents one county-
level sample. The horizontal position indicates the SHAP value, reflecting the contribution of a given
environmental variable to the model prediction, and the color gradient represents the corresponding
feature value.

At the cluster scale (Figure 7b-d), the dominant attribution signals exhibit pronounced
spatial divergence, suggesting distinct environmental backgrounds associated with each
regime. In C1 (Propagation Blocked Zone), topographic steepness shows the strongest
attribution signal for C1 classification, supported by positive vegetation dynamics. This
combination suggests a terrain-ecology buffering effect, where enhanced runoff resistance
and vegetation recovery may contribute to the weakened transmission of drought signals to
the agricultural system. In contrast, C2 (Disaster Amplified Zone) is mainly associated with
ecological baseline conditions. Low vegetation productivity and weak recovery capacity
indicate a fragile eco-hydrological system, under which even moderate meteorological
deficits may be amplified into severe agricultural drought responses.

In C3 (Response Desensitized Zone), the dominant drivers shift toward thermal and
anthropogenic influences. Elevated temperature acts as a key stressor, while its impact
is modulated by soil moisture conditions and agricultural activity. This suggests a po-
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(a) C1: Propagation Blocked

tential decoupling effect in which human water management may partly buffer climatic
stress, reducing the translation of meteorological drought into agricultural impacts. These
results demonstrate that the differentiation of drought propagation regimes is associ-
ated with distinct non-linear driver combinations across regions, rather than a uniform

control mechanism.

3.4.3. Non-Linear Interactive Mechanisms of Drought Propagation

While global and regime-specific SHAP importance identifies the dominant environ-
mental predictors, it does not directly show how these factors interact non-linearly in
shaping model classification. To further examine potential interaction patterns, SHAP
dependence plots were constructed using the top-ranking predictors identified from the
regime-specific SHAP profiles (Section 3.4.2), thereby reducing subjective feature selection
and ensuring that the analyzed interactions were model-driven (Figure 8).
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Figure 8. SHAP dependence plots showing non-linear driver interactions and threshold-like effects
across the three drought propagation regimes. (a) Slope dependence for the Propagation Blocked
Zone, colored by GPP trend. (b) Mean GPP dependence for the Disaster Amplified Zone, colored by
GPP trend. (c) Mean temperature dependence for the Response Desensitized Zone, colored by mean
soil moisture. The horizontal axis represents the feature value, and the vertical axis represents the

SHAP value for the corresponding regime.
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For the Propagation Blocked Zone (C1), the SHAP dependence plot indicates a clear
interaction between slope and vegetation dynamics (Figure 8a). The contribution of slope
to Cl1 classification increases markedly from low to moderate slope values, suggesting
that topographic conditions are closely associated with the differentiation of this regime.
Meanwhile, counties with higher GPP trends tend to show stronger positive SHAP values
under moderate-to-steep slopes, implying that vegetation recovery may strengthen the
terrain-related buffering effect on drought propagation.

For the Disaster Amplified Zone (C2), Mean GPP shows a pronounced non-linear
relationship with its SHAP value (Figure 8b). Counties with low baseline productivity
generally have positive SHAP values, indicating a higher model tendency to classify them
into C2. As Mean GPP increases, the SHAP value declines and becomes mostly negative,
suggesting that higher vegetation productivity reduces the likelihood of classification
into the Disaster Amplified regime. This pattern supports the interpretation that low
ecological productivity and weak vegetation recovery are associated with the amplification
of agricultural drought responses under meteorological deficits.

For the Response Desensitized Zone (C3), Mean Temperature exhibits a threshold-like
relationship with its SHAP value (Figure 8c). The contribution of temperature becomes
strongly positive at higher temperature levels, whereas intermediate temperature ranges
show mostly negative SHAP values. The color gradient further indicates that this ther-
mal effect is modulated by soil moisture conditions, with relatively higher soil moisture
corresponding to stronger positive temperature-related contributions in some counties.
This suggests that the C3 regime is not simply characterized by thermal stress alone, but
by the combined influence of warmer conditions and local moisture availability. There-
fore, response desensitization may reflect a partial buffering or modulation of agricultural
drought response under relatively favorable moisture conditions, rather than a direct effect
of temperature alone.

4. Discussion
4.1. Drought Regionalization as a Propagation-Driven Process

Drought regionalization is an essential foundation for regional drought risk identifica-
tion and differentiated management. Its core objective is to categorize spatially complex
drought processes into regional types with similar propagation characteristics. Previ-
ous studies on drought regionalization and risk assessment have commonly relied on
drought-index statistics or multi-indicator evaluation frameworks. These studies typi-
cally utilize meteorological drought indices, such as SPI and SPEI, to identify drought
hotspots, or combine multi-source indicators—including RDI, Al, and NDVI anomalies—to
delineate high-risk areas for agricultural drought. While these studies provide a crucial
basis for characterizing drought occurrence patterns and supporting regional management,
their regionalization logic is primarily based on spatial differences in drought intensity,
frequency, duration, or overall risk levels. They less explicitly capture the time lag, propa-
gation efficiency, and response variation involved in the transition from meteorological to
agricultural drought.

However, drought is not a static condition at a given moment, but rather a dynamic
process characterized by continuous propagation, lag, and transformation within the hy-
drological cycle and ecosystems. Existing event-scale studies indicate that as droughts
propagate from precipitation deficits to deficits in evapotranspiration, runoff, and ground-
water, they may exhibit prolonged duration, delayed onset, reduced event frequency, and
altered spatial extent [49]. The propagation from meteorological to agricultural drought
also shows evident time lags, threshold dependence, and spatial heterogeneity, and can be
further regulated by factors such as actual evapotranspiration, atmospheric aridity, and
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irrigation practices [50,51]. These insights suggest that agricultural drought should not
be viewed simply as a direct projection of meteorological drought intensity. Instead, it
should be understood as a propagated response of meteorological moisture deficits after
modulation by the land surface-vegetation system. The results of the present study fur-
ther support this perspective: Figure 2 shows that although the frequency, duration, and
severity of meteorological droughts in some western parts of the Loess Plateau are not
the highest, their agricultural drought responses are more pronounced. Conversely, some
central regions exhibit relatively weak agricultural drought responses despite experiencing
distinct meteorological drought events. Such spatial mismatches between meteorological
drought characteristics and agricultural drought responses indicate that regional differences
in agricultural drought cannot be explained solely by meteorological drought intensity.
They must also be understood through the propagation efficiency and response patterns of
meteorological drought signals within the land surface-vegetation system.

To characterize this dynamic propagation process more accurately, this study devel-
ops an event-propagation indicator framework comprising meteorological drought event
attributes, agricultural drought event attributes, and propagation attributes. Unlike re-
gionalization approaches that mainly rely on individual drought indices or aggregated
drought-state characteristics, this indicator system concurrently captures meteorological
drought occurrence characteristics, agricultural drought event characteristics, and the prop-
agation efficiency from meteorological to agricultural drought. The PCA results further
indicate that this indicator system captures meaningful regional differentiation (Figure 3):
propagation rate, propagation time, and agricultural drought event characteristics jointly
constitute the primary differentiation dimensions, indicating that the regionalization results
reflect coupled variations in agricultural response and propagation efficiency. Consequently,
this study identifies regional disparities from the dual perspectives of event response and
propagation efficiency, rather than merely depicting spatial patterns of drought intensity.

4.2. Mechanistic Interpretation and Management Implications of Drought Propagation Regimes

The three drought propagation regimes do not represent a simple gradient of drought
intensity, but rather contrasting pathways through which meteorological drought signals
are modified before being expressed as agricultural drought. Previous studies have demon-
strated that meteorological-to-agricultural drought propagation is not deterministic, but
is jointly modulated by soil moisture, vegetation conditions, temperature, and human
activities [52-54]. The environmental distributions and SHAP results obtained in this
study further indicate that the three regimes are associated with distinct combinations of
topographic, ecological, hydrological, and anthropogenic conditions.

The C1 Propagation Blocked Zone is characterized by frequent meteorological drought
but a low propagation rate and relatively weak agricultural drought responses. Its steeper
slopes, higher elevations, and stronger GPP growth suggest that topographic water redistri-
bution and vegetation dynamics may jointly attenuate the transmission of meteorological
drought signals. Topography can influence vegetation responses to drought by regulating
runoff, local water retention, microclimatic conditions, and vegetation moisture avail-
ability [55]. However, vegetation restoration should not be interpreted as an exclusively
beneficial buffering mechanism. Increased vegetation water consumption may shorten the
propagation timescale from meteorological to agricultural drought and lower the agricul-
tural drought trigger threshold [56]. The propagation blockage observed in C1 therefore
more likely reflects the integrated influence of topography, soil moisture conditions, and
vegetation dynamics rather than vegetation restoration alone. From a management perspec-
tive, existing soil and water conservation measures should be maintained, while vegetation

https:/ /doi.org/10.3390/agriculture16151660


https://doi.org/10.3390/agriculture16151660

Agriculture 2026, 16, 1660

19 of 25

density and water consumption should be monitored to prevent restoration intensity from
exceeding local water-carrying capacity.

The C2 Disaster Amplified Zone is associated with relatively weak meteorological
forcing but severe agricultural drought, together with a high propagation rate and a long
PCC-derived response timescale. Its low mean GPP, weak GPP growth, pronounced warm-
ing, and declining soil moisture indicate limited ecological productivity and hydrological
buffering capacity. Vegetation productivity can exhibit lagged and threshold responses
to meteorological drought, while water stress and atmospheric aridity increase the risk
of GPP loss [57]. Soil moisture deficits and high vapor pressure deficit further intensify
vegetation moisture stress and contribute to threshold-like declines in productivity [58].
Consequently, the combined effects of low productivity, warming, and moisture depletion
may allow relatively modest meteorological deficits to develop into severe agricultural
drought responses [59]. From an agronomic perspective, soil physical conditions, water-
retention capacity, and crop root morphological traits can further influence crop responses
under water stress, suggesting that soil- and crop-management practices may partly modify
agricultural drought sensitivity [60,61]. It should be emphasized that GPP was not used to
define agricultural drought events; VHI was used for event identification, whereas GPP
represented an independent ecological background variable reflecting baseline produc-
tivity and long-term recovery. The importance of GPP should therefore be interpreted
as evidence of ecosystem productivity modulation rather than as a redundant descrip-
tion of VHI-derived drought. Management in C2 should prioritize earlier agricultural
drought warning, soil-moisture conservation, drought-tolerant cropping systems, agro-
nomic practices that improve soil water retention, and supplemental irrigation where water
availability permits.

The C3 Response Desensitized Zone experiences severe and persistent meteorologi-
cal drought but comparatively weak agricultural drought responses, indicating a partial
decoupling between meteorological forcing and agricultural impacts. Its higher temper-
ature, greater cropland proportion, and increasing soil moisture suggest that irrigation
or other forms of human water management may partly buffer agricultural systems. Ir-
rigation can substantially alter meteorological-to-agricultural drought propagation and
delay the emergence of agricultural drought impacts [62,63]. More broadly, delayed irriga-
tion, precision irrigation, regulated deficit-irrigation scheduling, and optimized irrigation
decision-making can improve crop water productivity and regulate crop responses under
water-limited or changing climatic conditions [64—68]. Nevertheless, C3 should not be inter-
preted as an inherently low-risk region. The attenuation of agricultural drought responses
may depend on irrigation, groundwater extraction, or other external water inputs, and its
apparent resilience may therefore conceal increasing pressure on regional water resources.
Management should focus on water-saving irrigation, improved irrigation scheduling,
groundwater-use monitoring, and the joint evaluation of agricultural drought resistance
and long-term hydrological sustainability.

Opverall, the three regimes correspond to different drought-management priorities. C1
requires the maintenance of natural and ecological buffering capacity without excessive
vegetation water consumption; C2 requires proactive drought warning and improvements
in soil and crop water resilience; and C3 requires more efficient and sustainable manage-
ment of irrigation and groundwater resources. These differentiated strategies demonstrate
how propagation-based regionalization can support spatially targeted agricultural drought
management rather than applying uniform interventions across the Loess Plateau.

The sensitivity analysis further showed that the stability of the regionalization de-
pended on the parameter being modified. Alternative VHI thresholds and PCA cumula-
tive explained-variance thresholds produced highly consistent regionalization patterns,

https:/ /doi.org/10.3390/agriculture16151660


https://doi.org/10.3390/agriculture16151660

Agriculture 2026, 16, 1660

20 of 25

whereas changes in the SPEI accumulation scale and meteorological drought threshold
resulted in greater county-level reassignment. Longer SPEI accumulation scales smooth
short-term climatic variability, merge adjacent meteorological drought episodes, and mod-
ify event duration and event-matching relationships, thereby affecting propagation rates
and subsequent regionalization. The identified regimes should therefore be interpreted
as robust but not completely invariant spatial patterns, with their principal organization
remaining stable while some counties in transitional zones depend on the meteorological
drought definition.

4.3. Uncertainties and Future Perspectives

While the proposed framework delineates the eco-hydrological continuum of drought
propagation, the quantification of this complex eco-hydrological system contains inher-
ent uncertainties: (1) Spatial characterization is inherently constrained by administrative
boundaries. Aggregating continuous gridded datasets (e.g., soil moisture and GPP) to the
county level not only obscures local spatial heterogeneity but also introduces the Modifi-
able Areal Unit Problem (MAUP) [69]. (2) The quantification of anthropogenic buffering
predominantly relies on the cropland ratio. The absence of fine-scale socio-economic indi-
cators (e.g., GDP) and actual groundwater extraction rates restricts our ability to uncover
the precise economic underpinnings and sustainability thresholds of this human-induced
resilience [70]. Integrating spatially explicit socio-economic datasets is essential to quantify
the hidden hydrological costs of agricultural intensification. Future studies could further
integrate irrigation infrastructure, water-use intensity, and adaptive irrigation decision-
making information to distinguish true ecological resilience from management-induced
response desensitization. (3) Although the XGBoost-SHAP framework excels at decipher-
ing non-linear interactions, it remains a retrospective, associative approach. Future studies
should extend this associative framework toward causal and predictive modeling. By
incorporating causal machine learning (e.g., Causal SHAP) and coupling these attribution
frameworks with Global Climate Models (GCMs) under various Shared Socioeconomic
Pathways (SSPs), future research can shift from post-event attribution to forecasting the
dynamic evolution of drought propagation under projected climate extremes. The thresh-
olds, dominant propagation timescales, and environmental controls identified for the Loess
Plateau may not be directly transferable to humid, extremely arid, or strongly irrigated re-
gions. Applications in other hydroclimatic settings should therefore recalibrate the drought
thresholds, accumulation scales, and clustering structure using locally representative ob-
servations. Future studies should also evaluate SPEI-12 to examine how annual-scale
water-balance memory influences drought propagation metrics and regionalization.

5. Conclusions

This study investigates drought propagation across the Loess Plateau in China from a
process-based perspective and yields the following key conclusions:

(1) A pronounced spatial decoupling exists between meteorological drought and agricul-
tural response. Regions experiencing relatively weak meteorological deficits can still
exhibit severe agricultural drought, while strong climatic forcing does not necessarily
lead to proportional impacts. This highlights the limitation of traditional hazard-based
assessments in representing actual drought risk.

(2) Drought propagation exhibits clear spatial heterogeneity and can be classified into
three distinct regimes: Propagation Blocked, Disaster Amplified, and Response Desen-
sitized. These regimes reflect fundamentally different land surface responses to the
same climatic forcing, indicating that drought propagation is not a uniform process
across space. Sensitivity experiments confirmed that the principal spatial organization
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of these regimes was highly stable under alternative agricultural drought thresholds,
although greater county-level adjustments occurred when the SPEI accumulation
scale or meteorological drought threshold was changed.

(8) Eco-hydrological conditions showed the strongest attribution signals for differenti-
ating drought propagation regimes. At the regional scale, vegetation productivity
and soil moisture dynamics showed stronger attribution signals than meteorological
factors. At the local scale, the associated environmental patterns differed substan-
tially, including terrain—vegetation modulation, low-productivity eco-hydrological
conditions, and potential human water regulation.

(4) The identified propagation patterns can be interpreted as different manifestations
of land surface buffering capacity. Natural conditions and anthropogenic activities
jointly influence whether meteorological drought signals are amplified, suppressed,
or partially decoupled during transmission to the agricultural system.

Overall, this study demonstrates that drought should be understood as a dynamic
propagation process rather than a static climatic state. The proposed framework provides a
basis for identifying region-specific drought risks and supports the development of targeted
management strategies under changing environmental conditions.
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