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Highlights

What are the main findings?
• A multi-stage meteorological framework for drought–soil drought–groundwater 

drought propagation across China is constructed.
• Cross-method RF, PDP/LOWESS, and SHAP analyses identify important factors and 

robust sensitive intervals of drought propagation time.

What are the implications of the main findings?
• The results reveal sensitive intervals in which drought propagation time changes 

rapidly when important factors enter high-sensitivity ranges.
• State-dependent sensitive intervals of important factors are incorporated into a drought 

early warning framework to better identify rapid changes in propagation time.

Abstract

Drought early warning is important for reducing agricultural production risks and ensur-
ing regional water security. However, existing warning systems often focus on drought 
propagation probabilities and average propagation times, with insufficient attention to 
the identification of changes in propagation time. This study constructs a meteorological 
drought–soil drought–groundwater drought propagation chain and uses both Granger 
causality and the maximum positive correlation coefficient method to quantify stage-specific 
propagation time. Random forest, PDP/LOWESS, and SHAP analyses are then applied to 
identify important environmental factors and determine their cross-method sensitive inter-
vals. The results show that PET, NDVI, mean annual precipitation, and temperature exhibit 
high importance across multiple regions and stages. Additionally, sensitive intervals in 
which important environmental factors significantly affect propagation time were found. In 
Stage 1 in North China, the effect of the NDVI on propagation time decreases after it exceeds 
about 0.1. In Stage 2 in Southeast China, temperatures around 17–18 ∘C are associated with 
shortened propagation times. The changes are inconsistent across regions and stages. When 
important factors enter or approach sensitive intervals, propagation time is more likely 
to change. The propagation time–important factor–sensitive interval analysis framework 
proposed in this study provides supplementary evidence for determining whether drought 
propagation time exhibits nonlinear sensitivity to important environmental factors. This 
framework provides a new perspective for assessing drought early warning needs. The 
identified sensitive intervals can help recognize environmental conditions associated with 
rapid changes in drought propagation time, providing additional information for drought 
risk assessment and region-specific early warning strategies.
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1. Introduction
Droughts are one of the most destructive and widespread natural disasters globally [1]. 

Their high frequency, long duration, and various cascading effects not only seriously threaten 
agricultural production and food security but also have sustained negative impacts on water 
resource management and ecosystem stability [2,3]. In the context of global warming, 
extremely high temperatures and abnormal precipitation synergistically intensify the risks 
of drought and flooding [4–7]. The impacts of droughts often do not stay within a single 
system, but are continuously amplified through the compound process of propagation from 
meteorological drought to soil and hydrological drought [8]. Large-scale climate modes 
significantly regulate the global water–heat balance through atmospheric teleconnections, 
which in turn affect the occurrence and evolution of droughts [9,10]. At the same time, 
environmental conditions such as vegetation cover, soil properties, evapotranspiration 
demand, groundwater depth, and human activities also influence the transmission efficiency 
of drought across different stages [11–13]. Due to significant differences in the water–heat 
background and underlying surface conditions across different climate zones, the dominant 
factors of drought propagation and their effects often show notable regional differences [14].

Current drought early warning systems mainly focus on two aspects: first, the prob-
ability of occurrence between different types of droughts, and second, the average time 
required for droughts to propagate through stages. Existing studies typically estimate prop-
agation probability and average propagation time based on different drought levels [15–17]. 
These studies [18–20] can reflect whether drought is likely to develop further and the 
approximate time it will take to reach the next stage, which is highly useful. However, for 
actual disaster prevention and mitigation, knowing only whether propagation will occur 
and the average propagation time is not enough. A more critical scientific question is why 
the propagation of meteorological drought sometimes proceeds slowly or even stops after 
it has occurred, while at other times, it accelerates significantly, causing soil drought or 
groundwater drought to arrive earlier than expected. Existing research has pointed out that 
in real propagation processes, the propagation time itself is uncertain and not fixed [21]. 
From a process perspective, drought propagation is essentially a nonlinear hydrological 
process regulated by underlying surface characteristics (such as vegetation, soil properties, 
and groundwater depth). Different underlying surfaces and ecological hydrological condi-
tions can change the efficiency of drought signal transmission [12,22,23]. A slight change 
in certain environmental factors may significantly speed up the transmission of drought 
signals [24], shortening the propagation time and causing soil drought to occur earlier than 
originally expected, thus disrupting existing warning and control systems and increasing 
socio-economic and ecological losses.

China is vast, spanning multiple climate zones, including arid, semi-arid, semi-humid, 
and humid regions. There are significant differences in precipitation conditions, evapotran-
spiration intensity, vegetation cover, soil water storage capacity, and groundwater utilization 
across different regions. These differences make the drought propagation process highly 
regionally complex [16,25,26]. Previous studies have shown that drought propagation time 
in most basins in northern China is generally longer than in the south [27]. In North China 
and the central–eastern regions, extreme groundwater droughts are often influenced by 
factors beyond just precipitation deficits [28]. Drought propagation in different regions 
of China does not follow a unified or stable time rhythm [27,29]. If early warning still 
primarily relies on average propagation times, it may be difficult to timely identify the risk 

https://doi.org/10.3390/rs18152615

https://doi.org/10.3390/rs18152615


Remote Sens. 2026, 18, 2615 3 of 25

of propagation time suddenly shortening or an earlier shift in drought stages in certain 
regions. This is especially true in agriculture-intensive areas, monsoon fringe regions, and 
areas with higher groundwater dependence [30]. Once meteorological drought propagates 
more rapidly to the soil drought or groundwater drought stage, it could directly affect soil 
water supply, crop growth processes, irrigation arrangements, and regional water supply 
security [31,32]. Since soil drought is an important intermediary between meteorological 
drought and agricultural drought, its development speed is often directly related to the 
worsening of soil moisture conditions and the timing of crop water stress. Therefore, an 
earlier propagation time not only means an accelerated drought impact chain but also 
indicates a shortened time for agricultural production to respond. Considering that major 
grain-producing regions face long-term groundwater over-extraction and the combined 
pressure of drought [33], analyzing changes in drought time is crucial for agricultural 
production and regional water resource stability in such regions with significant regional 
differences and high water pressure [34].

Therefore, an important issue in current research is which important factors during 
the drought propagation process reach certain sensitive intervals that significantly change 
the propagation time. Identifying these important factors and their sensitive intervals 
would enable drought early warning systems to not only determine whether propagation 
will occur and its average duration, but also further assess whether propagation time 
could be shortened under current environmental conditions. This would provide more 
direct evidence for the urgency of early warning. In light of this, this study focuses on 
the two-stage drought propagation time in China. Using multi-source data from 2003 to 
2024, a meteorological drought–soil drought–groundwater drought propagation chain is 
constructed. The main questions addressed are as follows: (1) Which environmental factors 
are most important for the speed of propagation in different regions? (2) Do these important 
factors have sensitive intervals that significantly shorten or lengthen the propagation time? 
This study aims to provide new perspectives for understanding regional differences in 
drought propagation time and improving drought risk monitoring, rather than identifying 
universally fixed physical thresholds.

2. Materials and Methods
2.1. Study Area

This study focuses on mainland China, which features complex terrain, diverse land 
cover types, and pronounced spatial heterogeneity in climate. Topographically, the country 
generally exhibits a northwest high–southeast low pattern (Figure 1b). In terms of land cover, 
croplands dominate the eastern and northeastern regions, forests are concentrated in the 
southern and northeastern mountainous areas, grasslands are widespread in the north and 
west, and deserts or sparsely vegetated areas prevail in the arid northwest and the Tibetan 
Plateau (Figure 1e). Climatic conditions also display clear spatial differentiation, with 
notable variations in mean temperature and precipitation across regions during 2003–2024 
(Figure 1c,d). Vegetation coverage shows marked regional differences as well: the 2024 
NDVI indicates higher vegetation coverage in the humid southeastern regions and lower 
coverage in the arid northwest (Figure 1f). Furthermore, the NDVI difference between 2024 
and 2003 shows that vegetation has generally increased nationwide, although some areas 
experienced degradation (Figure 1g). These variations in topography, climate, land cover, 
and vegetation collectively provide an important environmental context for the study of 
drought propagation in China.
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Figure 1. Overview of the study area and environmental background: (a) location of the study area 
and six regional divisions in China; (b) digital elevation model (DEM); (c) mean annual temperature 
during 2003–2024; (d) mean annual precipitation during 2003–2024; (e) land cover types in 2024;
(f) NDVI in 2024; and (g) NDVI change from 2003 to 2024.

Based on natural geographic and climatic characteristics, China is divided into six 
major regions (Figure 1a), collectively covering humid monsoon zones, semi-arid transition 
zones, arid inland regions, and high-cold environments. Northeast China (NE) lies within 
the eastern monsoonal belt. North China (NC) is semi-arid, characterized by concentrated 
precipitation events and severe groundwater over-extraction. Southeast China (SE) is sub-
tropical humid, with rapid soil–groundwater exchange processes. Northwest China (NW) 
comprises arid and semi-arid zones, while Southwest China (SW) features highly complex 
terrain and heterogeneous climatic conditions. Finally, the Tibetan Plateau (TP) represents 
a high-cold environment in which unique meltwater recharge and “storage–delayed release” 
processes exert a profound influence on drought propagation patterns [10,35].

2.2. Data Sources
This study uses a combination of multi-source reanalysis products and satellite-derived 

datasets. To ensure spatial comparability across all datasets, all data are resampled to a uni-
fied spatial resolution of 0.25∘ × 0.25∘ using bilinear interpolation, and all data are converted 
to monthly scale series. The study period selected is from 2003 to 2024, mainly because it 
covers the common time range of multi-source high-precision observation and reanalysis 
products (such as GRACE groundwater, GLDAS soil moisture, ERA5 precipitation, etc.), 
ensuring data consistency and comparable accuracy, while avoiding interference from non-
climate signals caused by early observational errors and processing differences. The data 
sources are listed in Table 1 below.
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Table 1. A summary of the datasets used in this study.

Data Variable Data Source Time Range
Temporal 

Resolution
Spatial Resolution

Precipitation ERA5-LAND 2003–2024 Monthly 0.1∘ × 0.1∘

Potential 
evapotranspiration

ERA5-LAND 2003–2024 Monthly 0.1∘ × 0.1∘

Runoff ERA5-LAND 2003–2024 Monthly 0.1∘ × 0.1∘

Temperature ERA5-LAND 2003–2024 Monthly 0.1∘ × 0.1∘

Root zone soil moisture GLEAMv3.7 dataset 2003–2024 Monthly 0.1∘ × 0.1∘

Total soil moisture GLDAS Noah Land Surface Model 2003–2024 Monthly 0.25∘ × 0.25∘

Snow water equivalent GLDAS Noah Land Surface Model 2003–2024 Monthly 0.25∘ × 0.25∘

Total water storage 
anomaly

GRACE RL06 Mascon 2003–2024 Monthly 0.25∘ × 0.25∘

NDVI
National Tibetan Plateau Scientific 

Data Center
2003–2024 Monthly 250 m

DEM GEBCO Compilation Group Static Static 500 m
GDP China City Statistical Yearbook 2003–2024 Monthly 0.25∘ × 0.25∘

Irrigation
Annual maps of China’s irrigated 

cropland
2003–2024 Annual 250 m

Sand/clay CSDLv2 Static Static 1 km

Groundwater level
China Geological Environment 
Monitoring Groundwater Level 

Yearbook
2005–2024 Monthly 1 km

2.3. Drought Index Calculation
The standardized indices (SPI, SSI, GWSA-DSI) are calculated by determining the 

relative deviation from the multi-year monthly values of different data sources. This 
method effectively eliminates differences in physical dimensions between variables, as 
well as seasonal and climate background interference, making the abnormal signals of 
meteorological, soil moisture, and groundwater processes statistically comparable. The 
Standardized Precipitation Index (SPI) [15] characterizes meteorological drought based on 
precipitation anomalies. The calculation formula is as follows:

𝑆𝑃𝐼𝑛 = 𝜙−1[𝐹Γ,m(∑
𝑛−1

𝑖=0
𝑝𝑡−𝑖)] (1)

where 𝑆𝑃𝐼𝑛: denotes the SPI at a time scale of n months; 𝜙−1 denotes the inverse standard 
normal CDF (probit transformation); 𝐹Γ,m denotes the Gamma cumulative distribution 
function fitted to the precipitation series for month m; and 𝑝𝑡−𝑖 is the precipitation in month 
t − i.

The SSI is based on soil moisture anomalies [36] and is suitable for characterizing soil 
drought. The calculation formula is as follows:

𝑆𝑆𝐼𝑛 = 𝜙−1[𝐹𝑚(
1

𝑛∑ 𝑆𝑀)] (2)

where 𝑆𝑆𝐼𝑛 denotes the standardized soil moisture index at a time scale of n months; 𝜙−1

the inverse cumulative distribution function of the standard normal distribution; 𝐹𝑚 the 
empirical cumulative distribution function of month m based on the climate reference 
period; and 1𝑛 ∑ 𝑆𝑀 the average soil moisture of the previous n months.
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The GWSA-DSI [15] characterizes groundwater drought conditions. The calculation 
formula is as follows: 

𝐺𝑊𝑆𝐴-𝐷𝑆𝐼𝑛 = 𝜙−1(𝐹𝑚(
1

𝑛∑
𝑛−1

𝑖=0
[𝑇𝑊𝑆𝐴𝑡−𝑖 − 𝑆𝑊𝑆𝐴𝑡−𝑖 − 𝑆𝑊𝐸𝐴𝑡−𝑖])),𝑚 = 𝑚𝑜𝑛𝑡ℎ(𝑡) (3)

where 𝐺𝑊𝑆𝐴-𝐷𝑆𝐼𝑛 is the standardized groundwater drought index at a time scale of n 
months; Fm the empirical cumulative distribution function for month m; 𝜙−1 the inverse 
cumulative distribution function of the standard normal distribution; 𝑇𝑊𝑆𝐴𝑡−𝑖 the total 
water storage anomaly in month t − i; 𝑆𝑊𝑆𝐴𝑡−𝑖 the soil water storage anomaly (sum of four 
soil layers) in month t − i; and 𝑆𝑊𝐸𝐴𝑡−𝑖 snow water equivalent anomaly in month t − i.

2.4. Quantification of Drought Propagation Time and Robustness Assessment
2.4.1. GC-Based Propagation Time

To identify the propagation time between different drought stages, this study uses 
a Granger causality test [26] to analyze the propagation time between meteorological 
drought–soil drought and soil drought–groundwater drought stages. The results of aug-
mented Dickey–Fuller (ADF) tests, which assess the stationarity of the input time series, 
are provided in the Supplementary Materials. In the main analysis, however, the original, 
non-detrended series were used to ensure that the input data reflect the physically mean-
ingful, real-world variability of each drought index. Let Xt and Yt represent the drought 
index time series of two adjacent drought stages. For a given lag order p, the unrestricted 
Granger causality model is expressed as

𝑌𝑡 = 𝑐 + ∑
𝑝

𝑖=1
𝛼𝑖𝑌𝑡−𝑖 + ∑

𝑝

𝑖=1
𝛽𝑖𝑋𝑡−𝑖 + 𝜀𝑡 (4)

where c is the intercept term, p is the lag order, 𝑌𝑡−𝑖 and 𝑋𝑡−𝑖 are the i-month lagged values 
of 𝑌𝑡 and 𝑋𝑡, respectively, 𝛼𝑖 and 𝛽𝑖 are the corresponding regression coefficients, and 𝜀𝑡
is the residual term. In this study, the lag order p was set from 1 to 12 months. Because 
the objective of this study was to identify the most significant drought propagation time 
within a physically meaningful hydrological response window, the Granger causality test 
was conducted separately for each lag order from 1 to 12 months. The lag order with the 
smallest SSR F-test p-value among those passing the significance level of α = 0.05 was 
selected as the main propagation time of the drought signal between adjacent stages. To 
reduce the risk of false positive causal detections caused by multiple grid cell-level tests, 
Benjamini–Hochberg false discovery rate (FDR) correction was applied to the p-values of all 
valid grid cells for each propagation stage, and only grid cells with FDR-adjusted p-values 
less than 0.05 were considered significant. The Granger causality framework was used to 
identify lagged statistical connections between adjacent drought types. Stage 1 represents 
the propagation from meteorological drought to soil drought, where the SPI is used as 
the driving drought signal and the SSI is used as the responding drought signal. Stage 2 
represents the propagation from soil drought to groundwater drought, where the SSI is 
used as the driving drought signal and the GWSA-DSI is used as the responding drought 
signal. The propagation time identified by GC reflects the time lag required for upstream 
drought signals to be statistically transmitted to downstream drought types.

2.4.2. Correlation-Based Propagation Time
Calculating drought propagation time using the maximum correlation coefficient 

method involves identifying the lag month when the statistical relationship between the 
two is the strongest and defining that as the drought propagation time. Based on this, this 
article uses the maximum positive correlation coefficient, and the formula is as follows:
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r(k) =
∑n−k

t=1
(Xt − Xk)(Yt+k − Yk)

√∑n−k
t=1

(Xt − Xk)
2√∑n−k

t=1
(Yt+k − Yk)

2
(5)

In the formula, r(k) represents the Pearson correlation coefficient between the upstream 
drought index and the downstream drought index with a lag of k months; k is the lag time 
in months; n is the length of the monthly time series; Xk and Yk are the means of Xt and Yt
used in the paired calculation at a lag of k months. In this study, the lag window was set to 
1–12 months. Because the drought indices were analyzed monthly, a common 1–12-month 
lag window was used for both methods to cover an annual hydrological cycle while limiting 
longer-term low-frequency interference and preserving sample availability, estimation 
stability, and cross-method comparability. The correlation coefficient was calculated month 
by month within this window. The drought propagation time is defined as the lag month 
corresponding to the peak positive correlation coefficient:

Tcorr = arg max
k∈[1,12]

r(k), r(k) > 0 (6)

Here, Tcorr represents the drought propagation time calculated based on the maxi-
mum correlation coefficient method. For each valid grid point, we calculate the Pearson 
correlation coefficient for lags of 1–12 months and pick the lag month corresponding to 
the highest positive correlation as the drought propagation time for that grid point. If no 
positive correlation was identified within the 1–12-month lag window, the grid cell was 
excluded from the correlation-based propagation time results. Grid points with insuffi-
cient valid months are also not included in the calculation. After calculating the lagged 
correlations and deriving a grid-cell-level significance (p)-value for the maximum positive 
correlation, the Benjamini–Hochberg false discovery rate correction was applied separately 
for each propagation stage, and only grid cells with FDR-adjusted (p)-values below 0.05
were retained.

To quantify the difference between the two propagation time definitions, we calcu-
lated regional and stage-specific statistics based on paired valid grid cells, including mean 
difference, median difference, mean absolute difference, RMSE, Pearson and Spearman 
correlations, and the proportions of grid cells with absolute differences exceeding 2, 4, and 
6 months (Supplementary Table S3).

2.5. Analysis of Important Factors Influencing Drought Propagation Time
RF attribution analyses were conducted separately using the GC-derived and correlation-

derived propagation times as response variables. The same predictors, regional divisions, 
model settings, and validation procedures were used for both analyses, allowing direct 
comparison of factor-importance rankings under the two propagation time definitions. 
Within this framework, random forests (RFs), Partial Dependence Plots (PDPs), and SHAP 
were used to identify the statistical associations between environmental factors and the 
spatial variation in drought propagation time. Random forests are used to represent the 
relative explanatory contribution of different environmental factor groups to the spatial 
variation in propagation time [37]. Given the potential correlation between regional-scale 
environmental variables, the interpretation of variable importance in this study is limited 
to the relative dominance within the model framework, rather than being equivalent to a 
strict causal effect decomposition. A regression model is used to identify the important 
influencing factors of drought propagation. For each study zone propagation stage Sj, the 
following nonlinear mapping function is constructed:

𝑃𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒𝑆𝑖
= 𝑓 (𝑋𝑐𝑙𝑖𝑚𝑎𝑡𝑒,𝑋𝑙𝑎𝑛𝑑,𝑋ℎ𝑢𝑚𝑎𝑛) + 𝜀 (7)
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where 𝑃𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒𝑆𝑖
 represents the drought propagation time; X is the vector of mete-

orological, underlying surface, and human activity factors; and ε represents the residual 
error term, which captures the random variation and unobserved factors affecting drought 
propagation time that cannot be explained by the selected predictors. The model uses 
Bootstrap sampling and Out-of-Bag validation mechanisms. The permutation importance 
index is used to quantify the contribution of each factor to the spatial variation in lag time, 
thereby selecting the important factors for each region.

2.6. Analysis of Sensitive Intervals for Important Factors
Standard Partial Dependence Plots (PDPs) visualize the marginal effects of features 

on prediction targets. However, they often overlook heterogeneity caused by feature inter-
actions. To verify the robustness of the identified thresholds, SHAP [38] values were intro-
duced. These values characterized the contribution of individual samples to the prediction 
results. Locally Weighted Scatter Plot Smoothing (LOWESS) curves were superimposed on 
the SHAP scatter plots. Subsequently, a comparative analysis was conducted with centered 
PDPs. The SHAP formula is expressed as follows:

𝑓 (𝑥) = 𝜙0 + ∑
𝑀

𝑗=𝑙
𝜙𝑗 (8)

where 𝜙0 represents the baseline value of the model, which is the expected value of the 
prediction results for all samples; M denotes the total number of input features; and 𝜙𝑗 is 
the SHAP contribution value of the j feature to the prediction result.

This study combines SHAP scatter plots, LOWESS smoothed curves, and centered 
partial dependence curves to test the response trends and consistency of turning points for 
important factors. To further improve the stability of sensitive interval identification, the 
Bootstrap resampling method is used to repeatedly test the identified sensitive intervals 
over 200 iterations and calculate the support rate for each feature value being recognized 
as a sensitive interval. At the same time, a sensitivity analysis was conducted on different 
support rates to determine their thresholds (see Figures S2–S5). When the Bootstrap 
support rate ≥0.7, the interval is considered to have good repeatability and stability, and it 
is represented as a shaded area in the figure. Additionally, the stability of sensitive intervals 
is further tested using the slope method based on the LOWESS curve. The stability analysis 
results for relevant sensitive intervals are provided in the Supplementary Materials. We 
performed PDP/SHAP analysis on the repeated key factors identified by both the GC-
based and correlation-based RF models. For each selected factor, sensitive intervals were 
determined according to the two definitions of propagation time and then compared. Only 
intervals that were supported by both methods, overlapped numerically, and exhibited 
broadly consistent response directions were retained as cross-method empirical sensitive 
intervals. Data processing, statistical analyses, and part of the figure preparation were 
performed using Python version 3.9.13 (Python Software Foundation, Wilmington, DE, 
USA). Spatial data processing, mapping, and visualization were conducted using ArcGIS 
version 10.8 (Environmental Systems Research Institute, Inc. [Esri], Redlands, CA, USA). A 
brief display of the flowchart of the research methodology is presented in Figure 2.
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Figure 2. Flowchart of research methodology.

3. Results
3.1. Spatial Characteristics of Propagation Time

Granger causality analysis is used to identify the direction and lag time of drought 
propagation between successive drought stages. After FDR correction, 5205 grid points in 
Stage 1 remain significant, indicating that 78.36% of the area in the effective region shows a 
significant directional predictive relationship of meteorological drought on soil moisture 
drought; in Stage 2, 3636 grid points remain significant, indicating that 76.10% of the area in 
the effective region shows a significant directional predictive relationship of soil moisture 
drought on groundwater drought (Table 2). To ensure consistent control of spatial multiple 
testing, the Benjamini–Hochberg FDR correction was also applied to the correlation-based 
results. In Stage 1, 6404 of the 7010 raw significant grid cells were retained after FDR 
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correction, corresponding to a retention rate of 91.36%. In Stage 2, 3638 of the 3998 raw 
significant grid cells were retained, with a retention rate of 91.00%. These results indicate 
that most correlation-based propagation relationships remained statistically significant after 
FDR correction.

Table 2. Significance-screening results for GC- and CC-based lagged drought relationships.

Phase Tested Lagged 
Relationship

Raw_Signifi-
cant_Grids

FDR_Signifi-
cant_Grids

Re-
moved_By_FDR

Reten-
tion_Rate_%

Re-
moved_Rate_%

GC-Stage1 SPI–SSI 6646 5205 1441 78.36 21.64
GC-Stage2 SSI–GWSA-DSI 4778 3636 1142 76.10 23.90
CC-Stage1 SPI–SSI 7010 6404 606 91.36 8.64
CC-Stage2 SSI–GWSA-DSI 3998 3638 360 91.00 9.00

Through spatial comparison, most areas of the country show that drought primarily 
propagates in Stage 1 with a short response time. In Northeast China, North China, and 
parts of the Northwest Oasis region, the propagation time is mainly less than 4 months. 
This indicates that meteorological drought has a high transmission efficiency to soil drought 
and responds quickly. In contrast, the propagation time in the Southwest region is generally 
longer. In Stage 2, the propagation time increases, with areas where the time exceeds
6 months significantly expanding in the Northwest region and the Tibetan Plateau. In the 
North China Plain, Huang–Huai–Hai Plain, Southern Songnen Plain, Sichuan Basin, and 
Central Yunnan Plateau, the propagation time often reaches 8 to 12 months (Figure 3b). 
Overall, there are significant differences in the propagation time of the two drought stages 
across different regions.

Figure 3. Spatial distribution of drought propagation times estimated using the Granger causality 
(GC) and maximum positive correlation coefficient (CC) methods: (a) Stage 1 propagation from 
meteorological drought to soil drought estimated using the GC method; (b) Stage 2 propagation from 
soil drought to groundwater drought estimated using the GC method; (c) Stage 1 propagation from 
meteorological drought to soil drought estimated using the CC method; and (d) Stage 2 propagation 
from soil drought to groundwater drought estimated using the CC method.
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The propagation times obtained using the maximum correlation coefficient method 
show a more continuous spatial pattern. In Stage 1, unlike the spatial pattern identified 
by the GC method, which mainly had short responses of 1–4 months, the areas with 
2–4 months propagation times are significantly larger under the maximum correlation 
coefficient method, especially in parts of North China and the Southwest. In Stage 2, the 
propagation time in the Northwest, North China, and some southern regions mostly falls 
within 4–8 months, with some local areas even reaching 8–12 months. Compared with the 
GC-derived results, the long-lag areas identified by the CC method in Stage 2 are more 
spatially continuous.

Both methods show that, overall, Stage 2 takes longer to spread than Stage 1, but there 
are obvious differences at the specific grid scale. On a national level, the average differences 
for Stage 1 and Stage 2 are −0.3 months and −1.0 months, with RMSE of 3.2 months and 
4.3 months (Table S3). This means that while the two methods do not differ much in terms 
of regional average propagation time, their spatial details are not exactly the same. The 
differences are especially noticeable in Stage 2, suggesting that the estimated propagation 
time from soil drought to groundwater drought is more sensitive to the statistical definition 
used. Relying solely on a single definition of propagation time may affect the identification 
of subsequent impact factors and the determination of sensitive intervals, so RF attribution 
is carried out separately for the two methods to identify important factors.

3.2. Important Factors Under GC and CC-Based Propagation Time
The importance of each environmental factor reflects its contribution to explaining 

the regional differences in drought propagation timing. The results of the random forest 
model analysis show that the important factors influencing drought propagation time 
exhibit significant spatial and stage differences. Figure 4 reveals the heterogeneity of the 
factors affecting drought propagation time based on the random forest model (R2 ranging 
from 0.22 to 0.64). In northern regions, the drought propagation time in North China 
in Stage 1 is significantly influenced by vegetation (NDVI) and human activity (GDP), 
while in Stage 2, Temperature shows higher statistical importance in explaining the spatial 
variation in propagation time. In Northeast China, the two stages are mainly influenced by 
topography (slope) and precipitation. In the Northwest region, the response characteristics 
are related to water constraints. In contrast, southern regions and the Tibetan Plateau 
show a stronger dependence on atmospheric moisture demand, with PET being particularly 
important in the Southwest region in both stages (as high as 39.7% in Stage 1). The Southeast 
and Tibetan Plateau are also influenced by PET and mean annual precipitation in Stage 2. 
Overall, PET, NDVI, and temperature frequently appear across different stages.

After attributing propagation time calculated by CC through RF, except for the relatively 
weak explanatory power of the Stage 1 model on the Qinghai–Tibet Plateau, the R2 values 
for other regions and stages overall range from 0.30 to 0.58 (Figure 5). In northern regions, 
drought propagation time in Stage 1 in North China is mainly influenced by mean annual 
precipitation, NDVI, and PET, while in Stage 2, temperature becomes the most critical factor. 
In Northeast China, Stage 1 is primarily affected by temperature, PET, and runoff, whereas 
Stage 2 is mainly influenced by mean annual precipitation. In Northwest China, Stage 1 is 
mostly associated with temperature and soil texture factors, while Stage 2 is more closely 
related to GDP, elevation, and mean annual precipitation. In contrast, southern regions 
show a strong dependence on temperature and atmospheric water demand. In Southeast 
China, both stages are significantly influenced by temperature and PET, with the importance 
of temperature reaching 26.3%, whereas in Southwest China, PET dominates Stage 1 and 
continues to hold high importance in Stage 2. On the Qinghai–Tibet Plateau, Stage 1 is 
mainly influenced by elevation and mean annual precipitation, while in Stage 2, slope, 
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temperature, and mean annual precipitation are more important. Overall, temperature, 
PET, and mean annual precipitation frequently appear across different regions and stages.

Figure 4. Relative importance of environmental factors identified via random forest in Stage 1 (bar) 
and Stage 2 (polar) across six regions (GC).

Figure 5. Relative importance of environmental factors identified via random forest in Stage 1 (bar) 
and Stage 2 (polar) across six regions (CC).

To further identify the relatively stable influencing factors under the two definitions 
of propagation time, we compared the top three most important RF predictors for each 
region and stage based on GC propagation time and the maximum positive correlation 
propagation time (Table 3). Except for NW in Stage 1, at least one common top-three factor 
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was identified in each region–stage combination. This suggests that, although the specific 
rankings of environmental factors differ between the two methods, several key factors are 
consistently identified. Therefore, the subsequent sensitive interval analysis mainly focuses 
on these repeatedly identified important factors, rather than just the top-ranked factor in 
each method.

Table 3. Comparison of RF-derived dominant factors between GC-based and maximum-correlation-
based propagation time definitions.

Region Stage Top Three Factors Based on GC Top Three Factors Based on CC

NC
Stage1 NDVI, GDP, Elevation Mean annual precipitation, NDVI, PET
Stage2 Temperature, NDVI, PET Temperature, Elevation, Sand content

NE
Stage1 Slope, PET, Temperature Temperature, PET, Runoff

Stage2
Mean annual precipitation, Slope, 

Temperature
Mean annual precipitation, Slope, 

Temperature

NW
Stage1 Mean annual precipitation, PET, NDVI

Temperature, Clay content, Sand 
content

Stage2 NDVI, Elevation, Temperature
GDP, Elevation, Mean annual 

precipitation

SE
Stage1 PET, Sand content, GDP Temperature, Elevation, PET

Stage2
Temperature, PET, Mean annual 

precipitation
Temperature, PET, Mean annual 

precipitation

SW
Stage1 PET, Elevation, Sand content PET, Elevation, Temperature
Stage2 PET, Sand content, GW depth PET, Temperature, NDVI

TP
Stage1

Elevation, Mean annual precipitation, 
NDVI

Elevation, Mean annual precipitation, 
Clay content

Stage2
PET, Mean annual precipitation, 

Elevation
Slope, Temperature, Mean annual 

precipitation

At the same time, in Northwest China, elevation was the only common dominant factor 
identified by both propagation time definitions in Stage 2. However, elevation is a static 
physiographic variable that primarily explains spatial differences in drought propagation 
rather than temporal changes in propagation time. Because it cannot serve as a dynamically 
varying indicator in an operational early warning framework, no further sensitive interval 
analysis was conducted for Northwest China. Elevation was nevertheless retained in the RF 
attribution results to represent its contribution to regional spatial heterogeneity.

3.3. Sensitive Response Intervals of Important Factors
The centered PDP curves of most regions are generally consistent with the LOWESS 

trend lines in the main direction of change, indicating that the average marginal response 
relationships identified by the model can be validated by the smooth trends of actual 
samples (Figures S6–S9).

In Stage 1 (Figure 6), the response patterns of important factors in different regions 
show variations. In North China, NDVI shows some local fluctuations when values are 
low, but when NDVI exceeds about 0.1, both the GC and CC methods show that drought 
propagation time generally trends downward, with overlapping sensitive intervals, and 
the changes then gradually level off. In Northeast China, both methods found that PET 
drops noticeably around 750–800 mm, and there is an overlapping sensitive range, which 
suggests that when potential evapotranspiration enters this sensitive range, the propagation 
time shortens quickly. In the Southwest and Southeast regions, PET responses exhibit 
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more concentrated sensitive intervals. In the Southwest, drought propagation time rapidly 
increases as PET enters the sensitive interval around 700–800 mm.

Figure 6. Cross-method sensitive intervals of recurrent important factors in Stage1. Red and blue 
lines represent the LOWESS-smoothed responses derived from the GC-based and maximum-positive-
correlation-based propagation times, respectively. Pink and light-blue shading indicate Bootstrap-
supported sensitive intervals with support ≥0.7 for the GC-based and correlation-based results. 
Purple shading indicates the numerical overlap between the two method-specific Bootstrap-supported 
intervals. An overlapping interval was interpreted as a cross-method empirical sensitive interval 
only when the corresponding response directions were broadly consistent. Divergence or opposite 
response directions outside the cross-method overlapping interval indicate method dependence 
in the fitted predictor–propagation time relationship and should not be interpreted as evidence of 
opposite physical effects. Method-specific or directionally inconsistent ranges were not retained as 
cross-method empirical sensitive intervals.

In Stage 2 (Figure 7), the impact of important factors on the propagation time from 
soil drought to groundwater drought also shows regional differences. In North China, 
the two methods show different variations. The two methods have different stable sen-
sitivity ranges. In Northeast China, drought propagation time shortens as mean annual 
precipitation increases, with the most notable decrease occurring around 600 mm of mean 
annual precipitation. This suggests that higher precipitation conditions may enhance the 
moisture replenishment process, thereby shortening the transfer time from soil drought to 
groundwater drought. In the Southeast region, there is a clear negative response between 
temperature and propagation time, with a sensitive interval appearing around 17–18 ∘C. In 
the Southwest, PET shows strong nonlinear characteristics. In the Tibetan Plateau, when the 
annual average precipitation is slightly more than about 500 mm, the duration of drought 
tends to be longer.
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Figure 7. Cross-method sensitive intervals of recurrent important factors in Stage 2. The caption is 
consistent with the caption of Figure 6.

From the comparison of the two stages, in Stage 1, the sensitive intervals of important 
factors mainly reflect the regulatory effects of vegetation, precipitation, and potential evap-
otranspiration on the meteorological-to-soil drought propagation process. In Stage 2, the 
influence of temperature, precipitation, NDVI, and PET on the soil-to-groundwater drought 
propagation time becomes more complex, with some regions showing stronger responses. 
Although the SHAP scatter plots exhibit some dispersion across regions (Figures S6–S9), 
indicating local differences and potential interaction effects between samples, the main 
distribution trends are generally consistent with the centered PDP and LOWESS curves.

Outside the cross-method overlapping intervals, however, the GC- and CC-derived 
LOWESS curves showed evident divergence in some regions, particularly in the Southeast 
China panel. Within some method-specific ranges, the two curves even exhibited opposite 
response directions. These differences indicate that the fitted relationship between an 
environmental predictor and propagation time is sensitive to the definition of propagation 
time. Therefore, trends identified by only one method, or ranges in which the two methods 
exhibit inconsistent response directions, were not interpreted as robust sensitive responses or 
as evidence of opposite physical effects. Only intervals that received high Bootstrap support 
from both methods, overlapped numerically, and showed broadly consistent response 
directions were retained as cross-method empirical sensitive intervals.

Accordingly, these cross-method empirical sensitive intervals provide a more robust 
statistical basis for identifying potential changes in drought propagation time. When 
important environmental factors enter these intervals, propagation time is more likely to 
exhibit a marked change, although the direction of the response may vary among factors, 
regions, and propagation stages.
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4. Discussion
4.1. Method Differences and Analysis of Sensitive Intervals for Important Factors

The GC method and the maximum positive correlation method describe different 
statistical aspects of the drought propagation process. The former focuses on the directional 
predictive relationship of upstream drought signals for downstream drought conditions, 
while the latter identifies the lag corresponding to the maximum positive correlation be-
tween adjacent drought indices [39]. Granger causality and the maximum positive corre-
lation method can describe the propagation time between different drought types from 
distinct perspectives. The differences between these two methods are relatively minor in 
terms of national average propagation time, but they remain evident at regional and grid 
scales, particularly pronounced during Stage 2.

The choice of propagation time estimator affects not only the spatial pattern of prop-
agation time but also the RF-based attribution results, indicating that factor-importance 
rankings are sensitive to the definition of the response variable [40]. This sensitivity should 
be interpreted as estimator dependence rather than as evidence that different physical 
processes operate under the two methods. Although previous studies have shown that 
the actual propagation of soil drought into groundwater or hydrological drought may 
be influenced by catchment memory, topography, groundwater conditions, and human 
activities [41], these processes were not independently quantified in the present GC–CC 
comparison and therefore cannot be invoked here to explain the disagreement between the 
two estimates. Nevertheless, at least one common important factor was identified in most 
region–stage combinations, indicating that several important environmental predictors are 
relatively stable across the two propagation time definitions.

Further comparison of the cross-method response curves showed that local disagree-
ment between the GC- and CC-derived propagation times was transmitted to the subsequent 
modeling results because the two lag estimates were separately used as the response vari-
ables of the RF models. Consequently, the same environmental predictor could exhibit 
different fitted slopes or even opposite response directions under the two propagation time 
definitions. Regional differences in drought-index persistence, autocorrelation structure, 
predictor distributions, covariate dependence, and sample heterogeneity may further con-
tribute to this divergence, although these possible statistical sources were not independently 
tested in the present study. Therefore, method-specific or directionally inconsistent re-
sponses were not assigned robust physical or early warning interpretations. Only intervals 
jointly supported by both methods and exhibiting broadly consistent response directions 
were retained as cross-method empirical sensitive intervals. The stronger GC–CC disagree-
ment over the Tibetan Plateau and Southwest China may be related to the pronounced 
hydroclimatic and topographic heterogeneity of these regions. On the Tibetan Plateau, 
strong elevation gradients, seasonal snow accumulation and melt, freeze–thaw processes, 
and spatially variable precipitation can introduce discontinuous and multi-timescale re-
sponses into the drought-index series [42]. In Southwest China, complex terrain, monsoon-
dominated precipitation, and heterogeneous runoff and subsurface-recharge pathways 
may similarly produce a mixture of rapid and delayed drought responses [43]. Under 
such conditions, the cross-lag dependence structure may become broad or multi-peaked, 
allowing the maximum-correlation method and the conditional predictive framework of GC 
to select different lag months. These regional characteristics provide plausible explanations 
for the greater estimator disagreement, but their individual contributions were not explicitly 
quantified and should not be regarded as independently verified mechanisms.

Vegetation-related factors show strong stage-specific effects in arid and semi-arid 
regions. In Stage 1 in North China, NDVI exhibits relatively high importance. The GC- 
and CC-based analyses show that the response of propagation time changes when NDVI 
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exceeds approximately 0.1. Combined with the stratified comparison between high- and low-
irrigation-density areas (Figure 8), this pattern may reflect a shift in the relative importance 
of different vegetation–water processes. Under low-NDVI conditions, the shading and 
interception effects of sparse vegetation may partly buffer short-term soil–water loss [44]. As 
NDVI increases, however, vegetation transpiration and root-zone water uptake may become 
stronger, making soil moisture more responsive to meteorological deficits. In addition, 
intensive farmland irrigation in North China can sustain relatively high NDVI [45], and areas 
with a relatively high long-term irrigation density generally exhibit shorter propagation 
times than areas with a lower irrigation density. This pattern suggests that long-term 
irrigation density, used here as an auxiliary indicator of human water regulation background, 
may be associated with variations in the coupling among precipitation supply, vegetation 
water use, and soil moisture, and thus with regional differences in drought-propagation 
response. Irrigation may sustain relatively high NDVI under conditions where precipitation 
alone would be insufficient to meet vegetation water demand. Previous research in arid 
regions has similarly suggested that artificially enhanced vegetation may increase ecosystem 
water demand and vulnerability under water-limited conditions [46]. Once meteorological 
drought occurs, enhanced root-zone water uptake and transpiration may accelerate soil–
water depletion and thereby shorten the propagation from meteorological drought to 
soil drought [47,48]. Because the stratification was based on a static 2003–2024 mean 
irrigation-density layer, Figure 8 captures spatial differences in the NDVI–propagation 
time relationship between areas with relatively high and low long-term irrigation density. 
Seasonal irrigation timing, actual irrigation amount, and crop phenology were not explicitly 
represented. Therefore, this comparison is used only as supporting statistical evidence that 
long-term irrigation background may modify the coupling among vegetation condition, 
precipitation supply, and soil moisture, rather than as direct causal evidence that irrigation 
shortened propagation time or caused the NDVI response transition.

Figure 8. Stratified comparison of the NDVI–propagation time relationship under different long-term 
irrigation-density conditions in North China during Stage 1. High irrigation density denotes grid cells 
with a 2003–2024 mean irrigated-cropland proportion of ≥10%, whereas low irrigation density denotes 
grid cells with a mean proportion of <10%. Irrigation density represents the spatial proportion of 
irrigated cropland rather than irrigation water level or irrigation amount. The curves show RF-fitted 
NDVI–propagation time relationships for the two groups.

In Stage 1 in Northeast China, the propagation time decreases markedly when PET 
enters the cross-method sensitive interval of approximately 750–800 mm. This interval 
may represent a shift from soil–water buffering to atmospheric-demand limitation. Under 
relatively low PET conditions, seasonal snow accumulation and melt, freeze–thaw pro-
cesses, and the water storage capacity of the root-zone soil may partly buffer short-term 
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precipitation deficits [49]. When PET approaches 750–800 mm, increasing evaporative and 
transpiration demand may cause soil–water depletion to outpace precipitation replenish-
ment, thereby allowing meteorological drought anomalies to be expressed more rapidly 
as soil drought [50]. This range should therefore be interpreted as a regional empirical 
transition between stronger soil–water buffering and stronger atmospheric water demand 
control, rather than as a universal PET threshold.

Temperature and PET have higher importance in Stage 2, indicating that thermal 
conditions play a more significant role in the propagation process from soil drought to 
groundwater drought. In North China, temperature shows a complex fluctuating impact on 
Stage 2 propagation time (Figure 7a). Zhang’s study on drought factors across China also 
shows that temperature is extremely important for drought in North China [51]. Further 
research by Li on snowmelt found that winter snowmelt has a short stay time in the soil, 
weakening water replenishment [52], with more snowmelt water replenishing groundwater. 
Qian’s research on drought atmospheric circulation patterns in the Yangtze River Basin 
from 1961 to 2022 also found that the overlapping of two abnormal circulation patterns in 
recent years caused severe heatwaves over the Yangtze River Basin, indirectly supporting 
the rationality of this statistical turning point [53]. Overall, Stage 2 is more easily influenced 
by thermal conditions, indicating that groundwater-related propagation is not only affected 
by previous moisture deficits but also constrained by changes in evapotranspiration demand 
and water replenishment efficiency.

In addition, on the Qinghai–Tibet Plateau, the first-stage GC curve and CC curve show 
that in areas with lower precipitation, the drought propagation time fluctuates as precipi-
tation increases (Figure 6e). This suggests that in water-limited areas, small increments 
in precipitation may not effectively enhance the system’s buffering capacity. The impact 
may primarily remain at the surface evaporation, vegetation interception, or shallow soil 
recharge levels [54], and is not sufficient to alter deep hydrological processes. Qin’s research 
on the contribution of surface drought in the Tibetan Plateau also found that precipitation 
only significantly affects drought propagation time during winter and summer, but the 
total amount is relatively low [55]. The ecosystem is overall fragile, and elevation also has a 
significant impact on drought (Table 3). The importance of elevation and precipitation in 
the model attribution results for the TP region further suggests that the combined effect 
of topography and precipitation processes may influence runoff generation and recharge 
efficiency in high-altitude areas, as also noted in Cao’s study [56].

Overall, the sensitive intervals of important factors affecting drought propagation time 
differ across regions. In North China, the response of drought propagation time to the 
NDVI more clearly reflects the combined regulation of vegetation condition and human 
irrigation on propagation time. In Southeast and Southwest China, the sensitive intervals 
of temperature and PET reflect the important role of thermal conditions in the propagation 
process. In the Tibetan Plateau, the changes in the sensitive intervals of precipitation and 
vegetation indicate that the propagation process has more complex nonlinear characteristics 
under a strongly water-limited background.

4.2. Implications for Early Warning of Changes in Drought Propagation Time
Existing studies on drought propagation mainly focus on whether propagation occurs 

and its average propagation time. They usually describe propagation characteristics from 
the perspectives of propagation probability, correlation analysis, or static threshold deter-
mination [14,27,57,58]. However, this study shows that when important factors affecting 
propagation time approach sensitive intervals, even small changes may cause rapid changes 
in propagation time. Therefore, in drought early warning, it is not enough to focus only 
on propagation probability and average propagation time. It is also necessary to consider 
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whether the states of important environmental factors enter the sensitive intervals, so as 
to judge whether propagation time may change. This is especially important during Stage 
2, as its propagation process is generally slower and it is also more strongly affected by 
temperature, evapotranspiration demand, and underlying surface conditions. Therefore, it 
is more necessary to combine the sensitive intervals of important factors to further identify 
the risk of changes in propagation time. Although this is similar to the meteorological 
thresholds mentioned by Liu in grassland disaster research [59], this study further extends 
the idea to early warning of nonlinear changes in drought propagation time.

Using the 2022 drought event in the Yangtze River Basin as an example, this study 
analyzes temperature, which was identified as an important factor in Southeast China 
(Figure 9). In the middle and lower reaches of the Yangtze River, when temperature entered 
the currently identified sensitive interval of 17–18 ∘C, drought propagation time shifted 
from lengthening to shortening (Figure 7c). The propagation time then shortened rapidly, 
and groundwater drought may occur earlier. This indicates that the buffering effect of the 
soil layer was weakened during the compound hot drought event in the Yangtze River 
Basin in 2022. In contrast, in the upper reaches of the Yangtze River, areas where the 
temperature stays below the sensitive range are still in the low sensitivity zone. As a result, 
the system buffering capacity remained relatively stable, and drought propagation time 
was relatively longer. This also suggests that the longer propagation times or relatively 
stable index changes observed in some previous studies [44,45] may not only be jointly 
affected by climate and underlying surface conditions, but may also be related to the fact 
that important factors did not enter the sensitive intervals. When the system remains in a 
non-sensitive interval for a long time, the propagation time is usually less likely to show an 
abrupt change. This result provides a new perspective for understanding early drought 
warning in these specific regions.

Figure 9. Spatial correspondence between temperature-sensitive areas and drought propagation 
time in Southeast China. Panel (a) shows areas where temperature exceeded approximately
18 ∘C, representing conditions beyond the upper part of the identified sensitive transition inter-
val. Panel (b) shows the corresponding soil-to-groundwater drought propagation time. Their spatial 
correspondence indicates that temperatures above this transition range are associated with shorter 
propagation times.

Based on the above results, future monitoring of drought propagation risk should not 
only focus on the probability of propagation and its average propagation time, but also 
further pay attention to whether important environmental factors are approaching their 
sensitive intervals. Compared with the traditional approach that judges risk only according 
to the intensity of meteorological anomalies, this method can more directly reflect whether 
propagation time may change significantly under the current environmental background, 
thus providing supplementary information for assessing the urgency of early warning.
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4.3. Limitations and Prospects
Although this study identifies the important environmental factors associated with 

drought propagation time and their sensitive response intervals from the perspective of 
changes in propagation time and provides a new analytical perspective for drought early 
warning, some limitations still remain. First, this study conducts a nationwide analysis 
based on multi-source reanalysis, remote sensing, and statistical data from 2003 to 2024. 
Different data products differ in spatial resolution, retrieval accuracy, and physical meaning. 
Although reanalysis precipitation and land surface moisture data are suitable for large-scale 
regional drought studies, they may still contain systematic biases in areas with complex 
terrain and sparse observations, which brings uncertainty [60,61]. Similarly, the GRACE-
derived groundwater storage anomaly used in this study represents an approximation 
based on the residual between TWSA and major modeled water storage components, and 
the residual signal may still contain contributions from other water storage components, 
such as surface water storage, reservoir regulation, canopy interception, and glacier storage 
changes. This uncertainty needs special attention in nationwide comparisons, because, as 
shown in Figure 3, the study area covers humid monsoon regions, arid inland regions, and 
alpine cold regions at the same time, and the climate background and underlying surface 
conditions differ greatly among regions. In the Tibetan Plateau, the mountainous areas of 
Southwest China, and regions with active groundwater processes, input data errors are 
more likely to be further transmitted into the identification of propagation time and the 
subsequent attribution results, thus affecting the stability of propagation time identification 
and later attribution results.

Second, this study uses both Granger causality and the maximum positive correla-
tion coefficient method to quantify two-stage drought propagation time. The propagation 
times derived from the two methods are separately analyzed using random forest models, 
PDP/LOWESS, and SHAP to compare factor importance and nonlinear response patterns. 
Sensitive intervals consistently supported by both methods are interpreted as cross-method 
empirical response ranges affecting drought propagation time. It should be noted that this 
analytical framework is more suitable for identifying statistically significant propagation 
relationships, relatively important factors, and response turning point characteristics, but it 
is not equivalent to a strict decomposition of physical causal mechanisms. Existing studies 
have shown that the drought propagation process has obvious nonlinearity, lag effects, and 
complex feedback. Statistical methods can improve the identification of propagation direc-
tion and propagation rhythm, but they still cannot fully replace process-based mechanism 
interpretation [62–64]. This methodological boundary is also reflected in the results of this 
study. In Figures S6–S9, although the centered PDP and LOWESS curves show relatively 
consistent trends in most regions, the SHAP scatter plots still show some dispersion. This 
suggests that local sample heterogeneity and potential interaction effects have not been 
fully removed. Therefore, the results of this study are more suitable to be understood as 
an empirical identification of the variation pattern of propagation time, rather than a strict 
quantification of the independent physical effect of a single environmental factor. Never-
theless, the primary relationships identified in this study are physically reasonable. The 
NDVI, temperature, and potential evapotranspiration can influence drought propagation 
time by regulating vegetation water use, transpiration, soil moisture consumption, and 
recharge efficiency. Therefore, although the current framework does not directly simulate 
hydrological processes, the observed nonlinear responses are relatively consistent with 
known ecohydrological processes.

Future studies should integrate period-specific environmental datasets, longer-term 
observations, independent in situ soil moisture and groundwater-level measurements, basin-
scale hydrological records, and process-based model simulations to evaluate the temporal 
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evolution of key environmental controls and to validate the temporal stability of drought 
propagation times and the regional transferability of their sensitive response intervals. They 
also need to further combine land surface hydrological or groundwater process models to 
reveal, at the mechanism level, the pathways through which vegetation, energy conditions, 
and precipitation processes affect changes in propagation time. At the same time, research 
should expand from the national grid scale to the basin scale and typical event scale, and 
combine extreme drought cases to assess whether the propagation rhythm is more likely to 
undergo abrupt changes after important factors enter sensitive response intervals. Overall, 
although this study still has limitations in data, methods, and interpretation, the proposed 
“propagation time–important factor–sensitive response interval” analytical framework still 
provides a new research basis for understanding why the rhythm of drought propagation 
changes and how this change can be incorporated into early warning systems.

5. Conclusions
Based on multi-source data from 2003 to 2024, this study constructs a two-stage drought 

propagation chain from meteorological drought to soil drought and then to groundwater 
drought. Granger causality and the maximum positive correlation coefficient method are 
used to identify stage-specific propagation times, while random forest, PDP/LOWESS, 
and SHAP analyses are further applied to examine the stability of environmental factor 
importance and nonlinear sensitive response intervals under the two propagation time 
definitions. The results indicate that drought propagation time is not fixed, but varies with 
propagation stage, regional ecological–hydrological conditions, and the method used to 
define lagged drought response. By distinguishing method-dependent responses from cross-
method overlapping sensitive intervals, this study provides a more robust basis for extending 
drought early warning from average propagation time to changes in propagation rhythm.

(1) There are significant differences in the important environmental factors influencing 
the speed of drought propagation across different regions and stages in China. Overall, 
PET, NDVI, mean annual precipitation, and temperature repeatedly show high importance 
in multiple regions and stages. In North China, Stage 1 is more influenced by vegetation 
factors such as the NDVI, while in Stage 2, temperature plays a more prominent role. In the 
Southeast and Southwest regions, the response to temperature and potential evapotranspira-
tion is more significant, indicating that energy conditions play an important regulatory role 
in the propagation process in humid and transition zones. In the Tibetan Plateau regions, 
precipitation factors have a greater influence on propagation time.

(2) There are sensitive intervals in important environmental factors that lead to signifi-
cant changes in drought propagation time. In North China, in Stage 1, when the NDVI is 
between approximately 0.1 and 0.16, the effect of extending propagation time gradually 
weakens. In the Southeast region, after exceeding approximately 18 ∘C, a more pronounced 
acceleration in propagation is observed.

(3) The response of drought propagation time to important environmental factors 
shows clear nonlinear characteristics. Sensitive intervals can provide empirical evidence for 
identifying when propagation time may shorten or lengthen significantly. Incorporating 
important factors and their sensitive intervals into the early warning framework can help 
more accurately assess the urgency of event propagation, rather than relying only on 
traditional estimates of average propagation time and occurrence probability.

Overall, by combining statistical detection with process understanding, the proposed 
framework based on propagation time, important factors, and sensitive intervals advances 
the development of drought early warning systems. Future research should test the temporal 
stability of these intervals and explore their integration with hydrological process models 
to apply the research findings across different regions.
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Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs18152615/s1, Figure S1: Spatial Distribution of GC-CC Propagation 
Time Differences.; Figure S2: Bootstrap support-rate analysis for validating turning-point identification 
and the 0.70 threshold used to define sensitive intervals in Stage 1(GC). The black curves represent 
the proportion of 200 Bootstrap resampling iterations in which each factor value was identified as 
part of a sensitive interval based on the slope of the LOWESS-smoothed SHAP response. The dashed 
lines denote support-rate thresholds of 0.60, 0.70, and 0.80, and the shaded areas show the intervals 
exceeding each threshold.; Figure S3: Bootstrap support-rate analysis for validating turning-point 
identification and the 0.70 threshold used to define sensitive intervals in Stage 2(GC); Figure S4: 
Bootstrap support-rate analysis for validating turning-point identification and the 0.70 threshold used 
to define sensitive intervals in Stage 1(CC). The black curves represent the proportion of 200 Bootstrap 
resampling iterations in which each factor value was identified as part of a sensitive interval based on 
the slope of the LOWESS-smoothed SHAP response. The dashed lines denote support-rate thresholds 
of 0.60, 0.70, and 0.80, and the shaded areas show the intervals exceeding each threshold; Figure S5: 
Bootstrap support-rate analysis for validating turning-point identification and the 0.70 threshold used 
to define sensitive intervals in Stage 2(CC).; Figure S6: Cross-validation using multiple methods of 
the non-linear sensitivity across the five regions in Stage 1 of the drought propagation process(GC). 
Critically, the Partial Dependence Plot (PDP, red line) is derived directly from the model’s internal 
prediction function by marginalizing out other features; it is mathematically independent of and not 
a regression fit to the SHAP values (gray dots), which represent game-theoretic local attributions. 
The convergence between the global marginal effect (PDP) and the local trend (LOWESS-smoothed 
SHAP) validates the consistency of the model’s logic. Furthermore, the Sensitive Range (orange area) 
is objectively determined by Bootstrap-supported stability (support ≥ 0.7), ensuring that the identified 
thresholds are robust empirical response features rather than artifacts of a single method or specific 
data subsamples; Figure S7: Cross-validation using multiple methods of the non-linear sensitivity 
across the five regions in Stage 2 of the drought propagation process(GC).; Figure S8: Cross-validation 
using multiple methods of the non-linear sensitivity across the five regions in Stage 1 of the drought 
propagation process(CC); Figure S9: Cross-validation using multiple methods of the non-linear 
sensitivity across the five regions in Stage 2 of the drought propagation process(CC).; Table S1: ADF 
test; Table S2: Comparison of drought propagation time before and after detrending GWSA-DSI; 
Table S3: Regional and stage-specific differences between GC-based and maximum-correlation-based 
propagation times.
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