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Abstract. How water is divided between evapotranspiration and runoff controls regional water availability, but this partition 9 

is usually attributed mainly to local climate and land-surface conditions. Because part of precipitation is supplied by 10 

evaporation from upwind land areas, downwind partitioning may also reflect the ecohydrological state of terrestrial moisture-11 

source regions. Here we analyze monthly evapotranspiration-runoff partitioning across mainland China from 2008 to 2017 12 

using a geographically weighted random forest that separates local hydroclimatic and land-surface covariates from upwind 13 

land-surface covariates aggregated along atmospheric moisture trajectories. The evapotranspiration share varies non-14 

monotonically with aridity, remaining near 0.80-0.82 from hyper-arid to dry sub-humid regions before declining to 0.62 in 15 

humid regions. Local controls dominate the explainable variability nationally, with mean cross-validated R2 increasing only 16 

from 0.468 to 0.471 when upwind covariates are added. However, the terrestrial upwind signal is geographically and seasonally 17 

concentrated, being most evident in dry sub-humid transition zones and in autumn. Upwind vegetation density, soil wetness, 18 

and precipitation show inverted-U relationships with the downwind green-water share, whereas upwind evaporative demand 19 

shows a monotone-negative relationship. These patterns persist across alternative evapotranspiration and runoff product 20 

combinations, but their interpretation remains limited by gridded product uncertainty, the terrestrial-only definition of upwind 21 

covariates, and the observational attribution design. The results suggest that assessments of blue-green water partitioning may 22 

benefit from considering upwind land-surface conditions alongside local hydroclimate, particularly in dry sub-humid transition 23 

zones. 24 

1 Introduction 25 

Freshwater resources are increasingly stressed by the combined effects of global climate change and intensifying human 26 

pressures (Rodell et al., 2018; Zhang et al., 2025). Rising temperatures (Ravinandrasana and Franzke, 2025), shifting 27 

precipitation patterns (Konapala et al., 2020), and rapid land use transformation (Chagas et al., 2022) are reorganizing 28 

terrestrial water cycles, while growing demands for food, energy, and ecosystem services further strain water availability. The 29 

distinction between blue water (surface runoff, groundwater recharge, and snowmelt that sustain human water use) and green 30 

water (precipitation stored in the unsaturated zone and returned to the atmosphere through evapotranspiration, ET) is widely 31 

used in ecohydrology and water sustainability science (Althoff and Destouni, 2023; Pan et al., 2023; Song et al., 2025). The 32 

partitioning of precipitation into these two fluxes governs both the resilience of ecosystems to hydroclimatic extremes and the 33 

reliability of water supply across sectors (Asselin et al., 2024; Stephens et al., 2023). Consequently, understanding how land-34 

atmosphere interactions allocate water between ET and runoff at decision-relevant spatial and temporal scales remains a core 35 

scientific and management challenge (Te Wierik et al., 2020). 36 

Despite this importance, methods for attributing spatial and temporal variability in blue–green water partitioning remain 37 

limited (Yu et al., 2025). Most prior studies have examined ET or runoff in isolation, typically at watershed scale and over 38 

multi-year periods (Li et al., 2025). While such work has clarified the roles of climate and land-cover change in modulating 39 
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individual fluxes, it treats these fluxes independently rather than as a coupled, bounded partition (Wang-Erlandsson et al., 40 

2022). Few studies have represented blue and green water as a joint monthly grid-scale ratio that can be used to compare local 41 

and nonlocal drivers against the same response metric. 42 

One under-examined dimension of blue-green partitioning is the role of upwind terrestrial moisture sources (Gao et al., 43 

2025). Precipitation at a given location is not solely local in origin. A substantial fraction can originate as evaporation from 44 

distant land surfaces, including vegetation, soils, and inland water bodies, before being transported through the atmosphere to 45 

a downwind location (Tuinenburg et al., 2020b). The land-surface state of those source regions including vegetation cover, 46 

root-zone soil moisture, and surface energy balance, can affect moisture export along continental trajectories and the water 47 

available for downwind partitioning between ET and runoff (Posada-Marín et al., 2024; Wang-Erlandsson et al., 2018). 48 

Moderate vegetation density in source regions can enhance plant transpiration, increasing moisture export and potentially 49 

raising the green-water share at downwind locations. At higher vegetation density, canopies may intercept more rainfall locally 50 

and shorten moisture-recycling distances, which could reduce net export to distant sinks. Whether this produces an intermediate 51 

optimum or a monotone response at regional scales remains unresolved (Van Der Ent et al., 2014; Wunderling et al., 2022). 52 

More broadly, the extent to which upwind land-surface conditions are detectable in downwind blue-green partitioning, and 53 

under what hydroclimatic and seasonal conditions this influence is most expressed, is not known. The sensitivity of partitioning 54 

to advective moisture supply is expected to vary with local aridity and the water-energy balance, and the seasonal composition 55 

of moisture-source regions shifts substantially as large-scale atmospheric circulation evolves through the year, modulating 56 

how much of the incoming precipitation carries a detectable terrestrial land-surface signal (Fu et al., 2024). A systematic 57 

explanatory framework is therefore needed to characterize both the geographic and temporal structure of this detectability 58 

across hydroclimatic gradients. 59 

Theoretical frameworks for water partitioning have not fully incorporated this continental perspective. The Budyko 60 

hypothesis links aridity to the long-term evaporative ratio at basin scale (Hunt et al., 2024; Peng et al., 2025; Rice and Emanuel, 61 

2019). Its direct application to monthly grid-scale partitioning is limited because it does not account for transient soil-water 62 

storage, seasonal hysteresis, or atmospheric moisture transport between locations (Greve et al., 2015). Conventional moisture 63 

tracking approaches quantify transport pathways and volumes but largely overlook the ecohydrological state of source regions, 64 

including the productivity and moisture-export efficiency of those surfaces (Fahrländer et al., 2024; Weng et al., 2019). 65 

Without linking source-region land-surface properties to moisture export, analyses may attribute partitioning dynamics mainly 66 

to transport volume and overlook nonlinear contributions from source-region ecohydrology. 67 

Existing methods have different limitations. Process-based hydrological models embed physical principles but require 68 

extensive parameterization and struggle to isolate the contributions of local versus remote drivers at fine spatial resolution 69 

(Sharma et al., 2023; Tan et al., 2024; Veettil and Mishra, 2016). In contrast, machine learning methods such as Random Forest 70 

(RF) effectively capture nonlinear relationships among variables but assume spatial stationarity, thereby masking geographic 71 

heterogeneity in driver–response relationships (Li et al., 2020; Liu et al., 2024; Mao et al., 2025). Geographically Weighted 72 
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Regression (GWR) accommodates spatial non-stationarity but is restricted to linear forms (Tong et al., 2024; Wan et al., 2024). 73 

The Geographically Weighted Random Forest (GW-RF) combines the nonlinear flexibility of Random Forest with spatially 74 

local weighting (Fayaz and Galasso, 2024), making it well suited for explanatory modeling of spatially heterogeneous 75 

ecohydrological processes (Georganos et al., 2021). 76 

To address these gaps, we developed a grid-scale explanatory framework that explicitly separates local and continental 77 

upwind controls on monthly blue-green water partitioning across China (2008–2017). Local factors represent the 78 

hydrometeorological and land-surface state at each grid cell. Upwind factors represent the weighted land-surface conditions 79 

of terrestrial continental moisture-source regions identified from atmospheric moisture trajectories. We used incremental 80 

explanatory gain, permutation tests, counterfactual perturbations, and a water-balance proxy to assess whether upwind 81 

information improved model explanation beyond local factors and whether the inferred relationships were consistent with 82 

terrestrial water-balance expectations. Within this framework, we address three central questions: (1) What is the relative 83 

contribution of local versus upwind land-surface controls to monthly blue-green water partitioning variability across China’s 84 

diverse hydroclimatic regimes? (2) How do ecohydrological conditions in upwind source regions modulate downwind water 85 

partitioning, and under what aridity and seasonal conditions is this influence most detectable? (3) Are the inferred explanatory 86 

patterns consistent with terrestrial water-balance expectations, including the role of atmospheric moisture transport from 87 

terrestrial source regions? 88 

This study provides a spatially explicit attribution of blue-green water partitioning that links moisture-recycling 89 

information with ecohydrological modelling. The resulting framework may inform future assessments of ecological 90 

compensation, land-use planning, and transboundary water governance in water-stressed regions. 91 

2 Materials and Methods 92 

2.1 Study area 93 

This study focuses on mainland China, one of the world’s most hydrologically heterogeneous regions. Extending from 94 

the humid tropics in the south to the arid continental interiors in the northwest, China spans a full gradient of moisture regimes, 95 

including humid, semi-humid, semi-arid, and arid zones, and includes complex topography and land-cover transitions. 96 

Precipitation and evapotranspiration generally decrease from southeast to northwest, whereas aridity increases along the same 97 

transect. In addition, the country’s complex terrain, from the high-elevation Tibetan Plateau and vast inland basins to extensive 98 

plains and coastal lowlands, creates pronounced contrasts in water availability, vegetation cover, and land-atmosphere 99 

interactions. Terrestrial moisture supply to China is anisotropic, dominated by a Eurasian mid-latitude corridor and subtropical 100 

Asian pathways, which is precisely the geography where state-sensitive upwind effects and corridor-mediated modulations are 101 

expected to be most pronounced. This spatial variability makes China a useful setting for examining blue-green water 102 

partitioning across diverse hydroclimatic regimes. 103 
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2.2 Response variable and covariate construction 104 

The response variable is the monthly blue-green water (BG) coefficient, defined at each grid cell as ET / (ET + Runoff). 105 

Under the main analysis line, ET is taken from GLEAM v4.2 actual evaporation (Miralles et al., 2025) and Runoff from ERA5 106 

monthly fields (Hersbach et al., 2020) . This ratio is dimensionless and bounded between 0 and 1, allowing comparisons across 107 

hydroclimatic regimes. It represents the allocation of water between evapotranspiration and runoff. Two additional response 108 

lines were used for robustness testing: ERA5 ET + ERA5 Runoff (internal consistency baseline) and GLEAM ET + GLDAS 109 

Runoff (Beaudoing et al., 2020; maximum product independence). 110 

Local covariates represent conditions at the target grid cell that directly regulate partitioning there: monthly precipitation 111 

(Preciplocal), root-zone soil moisture (SMRZlocal), potential evapotranspiration (PETlocal), leaf area index (LAIlocal), and near-112 

surface air temperature (T2Mlocal). Two harmonic terms (sinmonth, cosmonth) encode the intra-annual seasonal cycle. 113 

Upwind covariates represent the ecohydrological state of terrestrial moisture-source regions contributing precipitation 114 

to the target grid. We used the UTrack Lagrangian moisture-tracking dataset (Tuinenburg et al., 2020a), which provides gridded 115 

monthly fractional source–sink linkages at 0.5° resolution for 2008–2017. A land-only mask was applied: each upwind 116 

covariate (LAIupwind, Precipupwind, SMRZupwind, PETupwind, T2Mupwind) is the moisture-contribution-weighted mean of the 117 

corresponding land-surface variable across terrestrial source grid cells only. Oceanic source contributions are excluded by 118 

construction. The upwind covariates therefore capture the marginal contribution of terrestrial source-region land-surface 119 

factors, rather than total moisture convergence. This scope is retained throughout the analysis and interpretation. 120 

2.3 Geographically Weighted Random Forest  121 

Standard Random Forest assumes spatial stationarity. The Geographically Weighted Random Forest (Georganos et al., 122 

2021) relaxes this assumption by fitting a locally weighted Random Forest at each target location, using spatially decaying 123 

weights assigned to neighboring observations via an adaptive bisquare kernel. The adaptive bandwidth ensures that each local 124 

model draws on a consistent number of neighbors regardless of data density, reducing sensitivity to spatial clustering. We 125 

adopted two fitting protocols. Full-sample fitting used all 120 months (2008–2017) to produce maps of R2 and feature 126 

importance. Five-fold temporal block cross-validation divided the time series into five contiguous 24-month blocks, trained 127 

on four blocks, and validated on the held-out block at each location to reduce temporal autocorrelation and information leakage 128 

(Koldasbayeva and Zaytsev, 2025). Block cross-validated R2 is the primary explanatory-power metric reported throughout. 129 

Full technical specifications (kernel function, bandwidth selection procedure, and cross-validation formula) are provided in 130 

Text S1. 131 

For each target grid in China, we constructed an upwind-weighted variable set by multiplying the ecohydrological 132 

attributes of all source grids by their fractional moisture contributions and aggregating the results. This yielded upwind 133 

counterparts to the local factors, representing the integrated influence of continental inputs on local partitioning. These 134 

variables allowed the relative roles of local and upwind drivers to be compared for the blue-green water coefficient (Figure 1). 135 
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The correlation plots of each local and upwind factor with the blue-green water coefficient are documented in the Supporting 136 

Information (Figures S1 and S2). 137 

 138 

Fn ualU1. Conceptual framework linking local controls, continental upwind controls, and blue-green water partitioning. 139 

2.4 Explanatory diagnostics 140 

To move beyond descriptive fitting toward explanatory, we applied a four-step diagnostic chain to evaluate local and 141 

upwind contributions (Gupta et al., 2008). First, three nested models were fitted at each grid cell under block cross-validation: 142 

local-only (five local covariates plus harmonic terms), upwind-only (five upwind covariates plus harmonic terms), and all-143 

factors. Incremental upwind explanatory gain was calculated as ΔR2 = R2
all − R2

local. Positive ΔR2 indicates that upwind 144 

information improves explanation beyond the local-only model. 145 

Then, permutation-based necessity tests randomly shuffled upwind covariates within year-month blocks and refitted the 146 

GW-RF. The mean reduction in cross-validated R2 across ten permutation draws was defined as the permutation drop. Larger 147 

drops indicate greater model dependence on the upwind covariate set. The product-combination robustness analysis replicated 148 

the main diagnostics under the two alternative response definitions to test whether the explanatory pattern depends on the 149 

specific ET or runoff product chosen. The permutation drop was further disaggregated at a seasonal level: the four standard 150 

meteorological seasons (DJF: December–February; MAM: March–May; JJA: June–August; SON: September–November). 151 

The stratification was computed at each grid cell and then averaged within aridity classes. 152 

We also compared the explanatory diagnostics with an auxiliary annual P − ET proxy constructed from CRU TS v4.09 153 

precipitation minus ERA5 evaporation (Harris et al., 2020). This benchmark is used as a diagnostic consistency check rather 154 
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than as independent causal validation. Counterfactual perturbation experiments replaced upwind covariates with grid-wise 155 

median or upper-quartile values and then retrained the GW-RF. These analyses provided supplementary evidence on 156 

directional sensitivity and are described in Text S2, with spatial responses shown in Figure S7. 157 

2.5 Model interpretation and dominant-factor derivation 158 

Partial dependence profiles (PDPs) characterize the conditional relationship between the modeled BG coefficient and a 159 

single covariate, marginalizing over the joint distribution of all other covariates within each aridity class. Shapley Additive 160 

Explanations (SHAP) decompose each grid-level fitted value into signed additive contributions from individual covariates, 161 

mapping the direction and magnitude of each factor's influence spatially (Chen et al., 2023). PDPs were used to describe 162 

nonlinear response shapes, and SHAP was used to map where explanatory weight was concentrated. Dominant-factor maps 163 

were derived by identifying, at each grid cell, the non-cyclic covariate with the highest impurity-based feature-importance 164 

value; grid cells where the margin between the top two covariates fell below a predefined uncertainty threshold were classified 165 

as Uncertain. An entropy-based dominance index was computed from the normalized non-cyclic feature-importance vector to 166 

summarize whether explanatory weight was concentrated in one covariate or distributed across several covariates. Lower 167 

entropy indicates stronger single-factor dominance, whereas higher entropy indicates a more distributed importance profile. 168 

Full definitions are provided in Text S1. 169 

2.6 Data sources 170 

All variables were harmonized to a common 0.5° monthly grid for 2008–2017, covering 4,205 valid grid cells within 171 

mainland China. GLEAM v4.2 provided actual ET and SMRZ (Miralles et al., 2025); ERA5 provided runoff, evaporation, and 172 

T2M; CRU TS v4.09 provided the precipitation and PET covariates used in the models and the P−ET diagnostic proxy (Harris 173 

et al., 2020); GLOBMAP LAI provided vegetation greenness, which was bilinearly aggregated to 0.5° (Liu et al., 2012); 174 

GLDAS-2.1 provided the alternative runoff data for the sensitivity branch (Beaudoing et al., 2020). The UTrack atmospheric 175 

moisture-tracking dataset supplied source-region weighting fields (Tuinenburg et al., 2020a). The monthly source-region 176 

weights were derived from the original UTrack source-sink fractions. A statistically reconciled UTrack-derived product 177 

improves annual consistency with ERA5 evaporation and precipitation totals (De Petrillo et al., 2025). However, because our 178 

seasonal attribution requires monthly terrestrial source-region fractions, we did not substitute this annual reconciled product 179 

in the main workflow. We therefore treat the absence of a transport-product sensitivity test using reconciled monthly weights 180 

as a limitation. Aridity index (AI), defined as the ratio of annual precipitation to potential evapotranspiration, was computed 181 

from ERA5 2008–2017 mean annual fields and used to classify grid cells into four regimes following the conventional dryland 182 

classification: hyper-arid (< 0.20), arid–semi-arid (0.20–0.40), dry sub-humid (0.40–0.65), and humid (> 0.65) (United Nations 183 

Environment Programme, 1997). Data harmonization procedures are described in Text S1. 184 
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3 Results 185 

3.1 Spatial patterns of blue-green water coefficient 186 

The BG coefficient showed a spatially coherent but non-monotonic pattern across mainland China (Figure 2). The 187 

nationally pooled mean is 0.726 (median 0.753), with 43.4% of grid cells exceeding 0.8. High-BG values are concentrated in 188 

semi-arid northeastern China, the Loess Plateau, and the arid northwest, where much of the limited precipitation returns to the 189 

atmosphere. Low-BG values (<0.3) are scattered across orographic zones of southwestern China and glacier-fed Tibetan 190 

Plateau margins, where runoff generation is enhanced by relief and meltwater. 191 

Class-averaged BG does not decline monotonically with aridity index. Mean values are 0.801 (hyper-arid), 0.802 (arid-192 

semi-arid), and 0.821 (dry sub-humid), near-constant across the three driest classes, before falling to 0.621 in the humid class. 193 

Within every class, grid-cell BG spans nearly the full [0, 1] interval (standard deviation 0.154–0.202), indicating that aridity 194 

alone cannot explain within-class variability. This motivates the statistical analysis that follows. 195 

 196 

Fn ualU2. Spatial distribution of the blue-green water coefficient across China. The background colors denote grid-scale values 197 
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of the coefficient, and red contours represent aridity index thresholds at 0.20, 0.40, and 0.65. 198 

Figure 3 shows the ten-year mean distribution of terrestrial evaporation that is transported to and precipitates over China, 199 

as derived from the UTrack dataset (2008–2017). The dominant terrestrial source regions are located in low- to mid-latitude 200 

Eurasia (10–50°N, 70–140°E), where both the flux intensity and the number of contributing land grids reach their maxima. 201 

This belt encompasses China itself and its surrounding countries, including the southern Siberian region of Russia, Mongolia, 202 

the Central Asian republics, the Indian subcontinent, and Southeast Asian countries. The spatial continuity of this source zone 203 

shows that China’s precipitation is not solely dependent on domestic land evaporation and receives substantial upwind 204 

continental contributions from neighboring Eurasian regions. It is consistent with recent evidence that China’s dryland 205 

precipitation is strongly shaped by moisture recycling through surrounding continental pathways (Wei et al., 2024). By contrast, 206 

contributions from Africa, North America, and South America are negligible, and the Southern Hemisphere landmasses 207 

provide almost no flux to China. 208 

The longitudinal and latitudinal transects (Figure 3b-c) confirm these patterns: total fluxes peak sharply between 60°E 209 

and 140°E longitude and at 20–40°N latitude. Outside these Eurasian and monsoon-influenced belts, both the mean and 210 

integrated flux values drop to near zero. These results indicate that China’s terrestrial moisture supply is anisotropically 211 

structured, dominated by the Eurasian mid-latitude corridor and supplemented by subtropical Asian sources. This spatial 212 

structure provides the basis for defining upwind factors in the attribution analysis. 213 
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 214 

Fn ualU3. Ten-year mean spatial distribution of upwind terrestrial moisture sources to China (2008-2017). (a) Mean annual 215 

upwind fluxes aggregated to a global 0.5° grid; (b) Longitudinal transect of contributing grid count and flux; (c) Latitudinal 216 

transect of contributing grid count and flux. 217 

3.2 Local dominance and the geographic concentration of upwind contribution 218 

The GW-RF results showed a nationally local-dominant explanatory structure (Figure 4). The mean block cross-219 

validated R2 of the local-only model is 0.468; adding upwind covariates raises this to 0.471, a mean incremental gain of ΔR2 220 

= 0.003 (median = -0.001). Local hydrometeorological and land-surface controls therefore account for the dominant share of 221 

explainable monthly partitioning variance. Both upwind explanatory diagnostics revealed a geographic concentration that the 222 

national mean obscures, with positive values clustering in particular aridity classes. The mean annual permutation drop is 0.023 223 

nationally (69.9% of grid cells positive). The spatial distribution and across-grid heterogeneity of the upwind permutation-224 

drop diagnostic are provided in Figure S6. Stratifying by aridity class shows a marked concentration in the dry sub-humid 225 

zone: the mean permutation drop reaches 0.028 and 79.2% of grid cells show positive values, the highest of any class. The 226 

incremental R2 diagnostic provides a sharper filter: mean ΔR2 is positive only in the dry sub-humid (0.010) and humid (0.006) 227 

classes, and weakly negative in the hyper-arid (-0.004) and arid–semi-arid (-0.003) classes, indicating that upwind information 228 
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does not improve cross-validated R2 on average in the two driest regions. Grid cells with ΔR2 > 0.01 number 1,394 (33.2%) 229 

and concentrate in the humid (42.5%) and dry sub-humid (24.2%) classes. These diagnostics indicate that local controls are 230 

the primary determinants of monthly BG partitioning. Upwind land-surface conditions provide a secondary contribution, with 231 

the clearest incremental explanatory gain in the dry sub-humid transition belt. Grid cells in this zone combine moderate water 232 

limitation with sufficient vegetation cover, which may make upwind information more detectable. Because the upwind 233 

covariates were based on land-source UTrack weights, this secondary contribution represents a terrestrial source-region signal 234 

rather than a complete land-and-ocean moisture-source attribution. 235 

 236 

Fn ualU4. Geographically weighted random forest performance and the local-versus-upwind hierarchy. (a) Local R2 values 237 

under full-sample fitting; (b) Local R2 values under five-fold temporal block cross-validation; (c) Incremental explanatory 238 

power of upwind factors, expressed as ΔR2(All-Local); (d) Incremental explanatory power of local factors, expressed as ΔR2 239 

(All-Upwind).  240 

3.3 Robustness across ET and runoff product combinations 241 

Reanalysis-derived variables still appear in parts of the analysis, most notably ERA5 Runoff in the response and ERA5 242 

T2M among the covariates. This creates a risk that part of the fitted structure reflects product-specific consistency rather than 243 
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a product-robust ecohydrological pattern. To evaluate this, we compared explanatory diagnostics across three response 244 

definitions of progressively increasing product independence: ERA5 ET + ERA5 Runoff, GLEAM ET + ERA5 Runoff, and 245 

GLEAM ET + GLDAS Runoff (Figure 5). Full-model R2 declines with product independence (R2 = 0.492, 0.471, and 0.428), 246 

as expected when independent products with their own biases replace a single consistent reanalysis. National mean ΔR2 appears 247 

similar across products (0.009, 0.003, 0.008), but these values mask opposing within-class trends (Table 1). 248 

Table 1. Annual explanatory diagnostics by aridity class and product combination. 249 

AIclass Product Rall
2  ΔRmean

2  ΔR2>0(%) permmean perm>0(%) 

<0.20 ERA5+ERA5 0.431 +0.014 65.5% +0.036 85.9% 

GLEAM+ERA5 0.449 -0.005 41.5% +0.023 73.6% 

GLEAM+GLDAS 0.452 +0.002 49.7% +0.024 78.4% 

0.20-0.40 ERA5+ERA5 0.450 +0.010 60.1% +0.027 74.2% 

GLEAM+ERA5 0.412 +0.003 55.6% +0.023 66.9% 

GLEAM+GLDAS 0.343 +0.002 65.8% +0.009 77.5% 

0.40-0.65 ERA5+ERA5 0.467 +0.005 56.6% +0.022 75.5% 

GLEAM+ERA5 0.436 +0.009 56.4% +0.032 80.4% 

GLEAM+GLDAS 0.349 +0.014 67.3% +0.028 78.3% 

>0.65 ERA5+ERA5 0.551 +0.007 48.2% +0.018 67.9% 

GLEAM+ERA5 0.520 +0.005 48.2% +0.020 64.3% 

GLEAM+GLDAS 0.478 +0.011 59.3% +0.013 64.3% 

In the hyper-arid class, ERA5+ERA5 yields an apparent upwind gain of ΔR2 = 0.014, but replacing ERA5 ET with 250 

GLEAM inverts this to ΔR2 = −0.006, suggesting that the hyper-arid signal is more likely to reflect product circularity than 251 

product-robust remote influence. In the arid–semi-arid class, the upwind signal attenuates progressively: ΔR2 declines from 252 

0.010 (ERA5+ERA5) to 0.004 (GLEAM+ERA5) and 0.002 (GLEAM+GLDAS), and the permutation drop follows a similar 253 

trajectory (0.027, 0.023, 0.009). Unlike the hyper-arid class, the arid–semi-arid signal does not reverse sign, but the progressive 254 

attenuation indicates that a substantial share of the apparent upwind gain under ERA5+ERA5 reflects shared reanalysis 255 

variance rather than a product-robust signal. Upwind explanatory signals in these two driest classes are not stable across 256 

product combinations and should not be interpreted as product-robust evidence of remote influence. 257 

The dry sub-humid class moves in the reverse direction. ΔR2 increases with product independence (0.006, 0.009, 0.014), 258 

and the permutation drop moves in a similar direction (0.023, 0.032, 0.028). This pattern is more consistent with a product-259 

robust dry sub-humid signal than with an ERA5-only artifact. The humid class is similarly consistent (ΔR2 = 0.007, 0.005, 260 

0.011). 261 

In the dry sub-humid and humid classes, upwind signals persisted across all three product combinations and strengthen 262 

with product independence. The two drier classes show signals that attenuate or reverse sign when ERA5 dependence is 263 
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reduced: the hyper-arid class shows a sign reversal in ΔR2, while the arid–semi-arid class shows progressive attenuation 264 

without reversal. GLEAM ET + ERA5 Runoff is retained as the primary analysis line because it reduces direct ET circularity 265 

while maintaining complete spatial and seasonal diagnostics. 266 

 267 

Figure 5. Annual robustness of explanatory metrics across three ET and runoff product combinations. The three panels show 268 

grid-level distributions of annual diagnostics across three response definitions: ERA5 ET + ERA5 runoff (single-reanalysis 269 

baseline), GLEAM ET + ERA5 runoff (partial product independence), and GLEAM ET + GLDAS runoff (maximum 270 

independence of the two flux terms). Panels show (a) annual block-CV R2, (b) incremental upwind gain, and (c) conditional 271 

upwind importance. 272 

3.4 Dominant-factor geography and the local-upwind asymmetry 273 

The dominant-factor classification provides a single-rank summary of the GW-RF explanatory structure (Figure 6). 274 

Nationally, local covariates achieve dominance at 45.2% of grid cells, upwind covariates at only 1.6%, and 51.7% fall into 275 

Uncertain. Among classified cells, SMRZlocal is most frequently dominant (18.3% of all grids), followed by Preciplocal (14.2%), 276 

T2Mlocal (6.3%), LAIlocal (4.5%), and PETlocal (1.8%). Mean summed importance is 0.526 for local covariates versus 0.369 for 277 

upwind, with the same ordering reproduced by SHAP magnitudes (mean absolute local SHAP = 0.116; upwind SHAP = 0.061, 278 

Figures S3). A complementary ternary composition of local, upwind, and seasonal control groups, together with SHAP-based 279 

dominance classes, is provided in Figure S8. 280 

Dominant-factor composition varied with aridity. In the hyper-arid class, SMRZlocal achieves dominance at 45.0% of 281 

grid cells, more than four times any other covariate, reflecting the primacy of antecedent root-zone storage when precipitation 282 

is so scarce that each event's fate depends critically on prior moisture state. In the dry sub-humid class, this ordering reverses: 283 

Preciplocal dominates 29.4% of grid cells while SMRZlocal drops to 7.5%, indicating that direct precipitation supply is the 284 

proximal control in this transition zone. The semi-arid class shows the most distributed structure (Uncertain fraction: 54.9%), 285 

consistent with competing controls, and the humid class returns to a precipitation-dominated structure (Preciplocal at 17.1%). 286 
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Upwind covariates achieve first-rank dominance at only 69 grid cells (1.6%), but their composition is asymmetric. 287 

PETupwind leads (42 cells, 60.9% of upwind-dominant grids), with 27 of those concentrated in the semi-arid class. This pattern 288 

is consistent with source-region energy availability, rather than vegetation density, being the dominant control on moisture 289 

export to downwind semi-arid grids. SMRZupwind accounts for 20 upwind-dominant cells (29.0%), while LAIupwind dominates 290 

at only two cells nationally. 291 

 292 

Fn ualU6. Dominant explanatory factors of the blue-green water coefficient derived from GW-RF. (a) Spatial distribution of 293 

dominant factors; (b) Classified dominance strength based on entropy. 294 
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3.5 Nonlinear partial-dependence structure of local and upwind covariates 295 

PDPs describe the fitted relationship between each covariate and the BG coefficient within each aridity class (Figure 7). 296 

PETupwind shows the largest PDP amplitude among upwind covariates, with strongly monotone-negative dependence across 297 

three non-hyper-arid classes: spans of 0.570 (AI = 0.20–0.40), 0.540 (AI = 0.40–0.65), and 0.129 (AI > 0.65). Higher source-298 

region atmospheric evaporative demand was associated with lower downwind BG values, consistent with reduced advective 299 

export to downwind grids. In the hyper-arid class, PETupwind adopts a weak inverted-U shape (span = 0.113). 300 

LAIupwind, SMRZupwind, and Precipupwind each independently exhibit inverted-U responses to downstream BG across all 301 

four aridity classes. LAIupwind shows pronounced amplitudes, especially in the semi-arid and dry sub-humid classes (spans 302 

0.344 and 0.472; peak at LAI = 1.8-2.4). SMRZupwind peaks at 0.19–0.30 (spans 0.14–0.37) and Precipupwind peaks at an 303 

intermediate band (spans 0.17–0.55). The parallel inverted-U structure across three water-cycle variables is consistent with 304 

maximum moisture export at intermediate source-region wetness, canopy density, and precipitation. Declines at both ends are 305 

consistent with moisture limitation at the dry extreme and local interception at the wet extreme. This pattern is compatible with 306 

a source-region interpretation, but the mechanism is not directly demonstrated by the PDPs. 307 

Local covariates show aridity-dependent sign reversals. LAIlocal switches from monotone-negative in the two driest 308 

classes (spans 0.078–0.338) to monotone-positive in the dry sub-humid class (span = 0.126), reflecting a water-to-energy 309 

limitation transition: denser canopies deplete scarce soil water in arid regimes but increase transpiration without inducing stress 310 

once AI ≥ 0.4. SMRZlocal shows a low-value inverted-U peak (maxima at 0.09–0.15; semi-arid span = 0.364, the largest of any 311 

covariate-class combination) in the two driest classes, transitioning to monotone-negative in wetter classes (0.212–0.234). 312 

Preciplocal is monotone-positive in semi-arid, inverted-U in dry sub-humid, and monotone-negative in humid settings (span = 313 

0.306), the last reflecting preferential runoff partitioning at high precipitation. These aridity-dependent reversals indicate 314 

spatially heterogeneous BG sensitivity across the aridity gradient. More broadly, the PDPs show that pronounced nonlinear 315 

responses do not necessarily translate into first-rank dominance, a contrast interpreted further in Section 4.2. 316 
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 317 

Fn ualU7. Aridity-stratified partial dependence of the blue–green water coefficient on local and upwind covariates. Solid curves 318 

show the AI-class–specific ensemble means of grid-level PDPs; shaded bands show mean ± 1.96 standard errors across grid 319 

cells within each AI class (normal-approximation 95% confidence intervals). Partial dependence was computed conditional on 320 

AI-specific backgrounds, with all other covariates marginalized over each AI distribution. The PDP evaluation grid was 321 

restricted to the 5th–95th percentiles of the corresponding background to avoid extrapolation. 322 

3.6 Physical-benchmark and seasonal consistency of the upwind explanatory diagnostics 323 

We compared ΔR2 and the permutation drop against an annual P − ET water-balance proxy (Figure 8) and disaggregated 324 

both diagnostics by meteorological season (Figures S4 and S5). The annual proxy was constructed from CRU TS precipitation 325 

minus ERA5 evaporation and is independent of the GW-RF covariate set. Because it is a reduced water-balance diagnostic 326 

rather than a direct measure of terrestrial source-region transport, it is used to assess directional consistency, not causal 327 

attribution or magnitude correspondence. 328 

Across all 4,205 grid cells, the annual P − ET proxy correlated weakly negatively with the permutation drop (Spearman 329 

ρ = −0.183) and incremental R2 (ρ = −0.084). Stratifying by aridity class revealed that these national averages pooled opposing 330 

patterns. Within-class correlations with the permutation drop were strongly negative in hyper-arid regions (ρ = −0.524), less 331 
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negative in semi-arid regions (ρ = −0.378), positive in dry sub-humid regions (ρ = 0.235), and weakly negative in humid 332 

regions (ρ = −0.119). 333 

The within classes patterns provided additional context. In the two driest classes, the negative association suggests that 334 

annual water-balance surplus or deficit alone does not translate into stronger upwind-attributable partitioning, consistent with 335 

dominant local storage and water-limitation constraints. In the dry sub-humid class, the positive association indicates that grid 336 

cells with larger P − ET proxy values also tend to register stronger upwind explanatory signal. This pattern is consistent with 337 

greater detectability in areas where moderate water limitation and vegetation cover coexist. The humid class is consistent with 338 

a saturated partitioning regime, where additional water-balance surplus produces little marginal partitioning change. This class-339 

dependent sign reversal is consistent with the dry sub-humid concentration of the upwind signal, but it should be interpreted 340 

as an auxiliary water-balance consistency check rather than as independent validation. 341 

Seasonal disaggregation shows a clear temporal structure. Seasonal mean permutation drops span: SON (0.033) > DJF 342 

(0.002) > JJA (−0.013) > MAM (−0.049). The SON maximum is consistent with monsoon retreat, stronger westerly continental 343 

moisture transport from Eurasia, and partial depletion of antecedent soil moisture. Under these conditions, the terrestrial-only 344 

upwind covariates may better represent the relevant moisture supply, and the receiving surface may be more sensitive to that 345 

supply. Negative signals in JJA and MAM reflect a shift toward oceanic moisture sources and strong local controls (monsoon 346 

precipitation, snowmelt) that mask residual terrestrial upwind contributions. 347 

Together with the product-sensitivity analysis, the annual P − ET benchmark and seasonal diagnostics provide 348 

convergent but auxiliary support for the dry sub-humid interpretation. The same regional pattern appears in the P − ET 349 

association, the SON maximum in permutation drops, and the response-product comparison, making it less likely to reflect a 350 

single diagnostic artifact. These diagnostics support a cautious interpretation of dry sub-humid detectability, but they do not 351 

constitute independent causal validation. 352 

353 

354 

355 

Fn ualU8. Annual diagnostic benchmark of the upwind explanatory signal against an auxiliary P − ET water-balance proxy. 

(a) Relationship between the annual P − ET proxy (constructed from CRU TS precipitation minus ERA5 evaporation) and the 

incremental gain in block cross-validated R2 from adding upwind covariates to the local-only model. (b) Relationship between 356 
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the same proxy and the annual permutation drop of upwind covariates. 357 

4 Discussion 358 

4.1 Conditional and attenuated upwind detectability in the dry sub-humid transition zone  359 

Across the diagnostics presented in Sections 3.2–3.6, the most consistent regional pattern is that the upwind signal is 360 

most detectable in the dry sub-humid class, especially relative to the hyper-arid and arid–semi-arid classes. This finding is 361 

narrow in scope. Even in that class, the incremental gain from adding upwind covariates remains modest in absolute terms. 362 

The results therefore do not indicate strong remote control of monthly blue-green partitioning. Instead, upwind information 363 

provides a small recurring improvement in explanatory power within a specific hydroclimatic regime, while local controls 364 

account for most explainable variance. The same aridity class also shows the highest fraction of positive permutation drops 365 

and the clearest strengthening of the upwind signal as the response definition becomes more product-independent. This pattern 366 

is less consistent with a purely reanalysis-internal artifact than the patterns in the hyper-arid and arid–semi-arid classes, where 367 

ΔR2 weakens or reverses when product dependence is reduced. At the same time, the product comparison should be interpreted 368 

as a robustness stress test rather than as formal validation.  369 

The dry sub-humid concentration may reflect a change in the local partitioning regime across the aridity gradient. In the 370 

hyper-arid class, the dominant-factor maps identify SMRZlocal as the leading covariate at 45.0% of grid cells, whereas 371 

Preciplocal is dominant in less than 4%; this pattern is more consistent with antecedent root-zone storage than with incoming 372 

precipitation as the main control on the monthly ratio. In the dry sub-humid class, this ordering is reversed: Preciplocal dominates 373 

29.4% of grid cells and SMRZlocal drops to 7.5%. The local PDP structure reinforces this observation: LAIlocal switches from 374 

monotone-negative in the two driest classes to monotone-positive in the dry sub-humid class, and SMRZlocal transitions from 375 

a low-value inverted-U peak to a monotone-negative dependence. The within-class association between the annual P − ET 376 

proxy and permutation drop reverses sign in the same aridity window, from ρ = −0.524 in the hyper-arid class to ρ = 0.235 in 377 

the dry sub-humid class. These patterns are consistent with a setting in which externally supplied moisture is more strongly 378 

buffered by antecedent root-zone storage in hyper-arid areas, but more directly reflected in partitioning in dry sub-humid areas. 379 

We interpret the connection between this local-regime shift and enhanced upwind detectability as a synthesis of the combined 380 

diagnostics, not as a uniquely identified mechanism. These observational diagnostics locate a transition in detectability more 381 

clearly than they isolate the physical process that produces it. 382 

Although the humid class also shows positive mean ΔR2 across product combinations, we place less interpretive weight 383 

on that result. Its positive-gain fraction is lower, its signal is more spatially diffuse, and local precipitation control remains 384 

strong. The dry sub-humid class is therefore best described as the clearest region of detectable upwind contribution, not the 385 

only region where such contribution appears. 386 
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This interpretation also helps distinguish our findings from the broader literature on semi-arid land–atmosphere coupling. 387 

The classical semi-arid hotspot concerns the sensitivity of precipitation or coupling strength, whereas the response analyzed 388 

here is the monthly partitioning of water between evapotranspiration and runoff. The three driest aridity classes share a near-389 

constant BG value of 0.80–0.82, indicating that ET/runoff competition changes little across those classes. The dry sub-humid 390 

class marks the point at which this pattern begins to change, which is consistent with higher water-balance sensitivity along 391 

this part of the aridity gradient. Recent evidence also suggests that dryland land–atmosphere coupling and ecological-392 

restoration effects can shift across aridity thresholds (Zhang et al., 2024). The aridity band in which BG partitioning is most 393 

responsive to upwind information therefore need not coincide exactly with the band in which soil-moisture–precipitation 394 

coupling is strongest (Koster et al., 2004). In that sense, the dry sub-humid concentration identified here is best viewed as a 395 

response-specific observational pattern rather than as a replacement for the established coupling framework. 396 

4.2 A tentative interpretation of the upwind nonlinearities 397 

The conditional and attenuated nature of the upwind signal is also reflected in its nonlinear form: source-region variables 398 

are associated with downwind partitioning only within limited state ranges, and no single upwind variable emerges as a 399 

widespread first-order control. Figure 7 showed that three upwind covariates (LAIupwind, SMRZupwind, and Precipupwind) exhibit 400 

inverted-U PDP shapes across aridity classes, whereas PETupwind is predominantly monotone negative. These patterns are 401 

physically interpretable, but they do not directly demonstrate a mechanism. PDPs summarize model behavior conditional on 402 

the fitted covariate structure; they can be influenced by correlation among covariates, uneven sampling across covariate space, 403 

and the specific response definition used in the analysis. The nonlinear shapes are therefore best treated as hypothesis-404 

generating evidence, not as confirmation of a source-region mechanism. 405 

The recurring inverted-U shapes across the three upwind water-state covariates suggest that moisture export may be 406 

greatest at intermediate source-region wetness and vegetation density. Very dry source regions may contribute little downwind 407 

moisture because evapotranspiration is moisture-limited. At the wet or densely vegetated end of the gradient, a larger share of 408 

evaporated water may be retained or recycled locally, consistent with land-cover and land-management perturbation 409 

experiments showing that vegetation changes can reorganize atmospheric water-cycle pathways (De Hertog et al., 2024). The 410 

monotone-negative PETupwind pattern is likewise consistent with stronger source-region atmospheric demand reducing the 411 

amount of moisture available for downwind advection. This tentative source-region-retention interpretation is also consistent 412 

with evidence that reduced moisture transport can propagate hydroclimatic impacts downwind, emphasizing that upwind land 413 

conditions affect downstream water availability only when moisture remains available for advective export (Herrera‐Estrada 414 

et al., 2019). 415 

One reason for keeping this interpretation provisional is that the dominant-factor map and the PDP profiles summarize 416 

different aspects of the fitted models. The dominant-factor classification identifies the covariate with the largest local 417 

importance at each grid cell, whereas PDP amplitude describes the range of fitted BG responses as one covariate is varied over 418 
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its class-specific distribution. A covariate can therefore show a pronounced nonlinear PDP within an aridity class without 419 

becoming the first-ranked covariate across many grid cells, particularly when local covariates explain most variance and 420 

upwind covariates are correlated. LAIupwind illustrates this distinction: it shows a pronounced dry sub-humid PDP span (0.472), 421 

but achieves first-rank dominance at only two grid cells nationally. The two diagnostics should therefore be read as 422 

complementary evidence for a distributed, secondary upwind signal rather than as competing rankings of the same effect. 423 

The numerical peak ranges recovered from the PDPs should therefore be treated with restraint. For example, the 424 

intermediate LAIupwind range identified in the present dataset is useful as a descriptive summary of where the fitted model 425 

shows the largest response, but it should not be interpreted as a universal threshold or direct management target. These ranges 426 

can be used as candidate values for future coupled land-atmosphere experiments or focused observational tests that perturb or 427 

evaluate source-region conditions more explicitly. The PETupwind result provides a testable expectation for future studies: a 428 

negative monotone relationship should recur in other regions if source-region evaporative demand consistently reduces 429 

moisture available for downwind transport. An inverted-U PETupwind response in a replication study would weaken this 430 

interpretation. 431 

The upwind nonlinearities should therefore be read as hypothesis-generating evidence rather than as direct mechanism. 432 

In the fitted models, intermediate source-region wetness and vegetation states, together with lower source-region evaporative 433 

demand, are associated with modestly higher downwind BG values, with the clearest expression in the dry sub-humid class. 434 

These associations are consistent with a conditional moisture-export pathway, but their persistence under explicit perturbations 435 

of source-region land states remains untested. The present analysis therefore complements moisture-tracking and land-436 

atmosphere coupling studies by identifying specific source-region hypotheses for future experiments. 437 

4.3 Seasonal detectability, limitations, and cautious implications 438 

The same conditionality appears temporally. Upwind information is most detectable in autumn, whereas spring and 439 

summer diagnostics are weak or negative because the terrestrial-source signal is diluted by oceanic moisture inputs and strong 440 

local controls. We interpret this as evidence about seasonal detectability, not as proof that upwind influence is absent outside 441 

SON. Two factors plausibly limit detectability during the warm and transition seasons. The moisture-source mix shifts 442 

substantially toward oceanic origins during JJA and, less strongly, during MAM, so the terrestrial-only upwind covariates 443 

structurally represent only a fraction of the actual moisture supply during those months. In addition, strong monsoon 444 

precipitation in JJA and snowmelt or early-growing-season storage processes in MAM directly dominate the monthly 445 

partitioning ratio, masking any residual upwind contribution. The seasonal results therefore indicate when the present 446 

diagnostics are most informative, not when continental moisture transport is active in an absolute sense. 447 

Several limitations affect the interpretation of these results. First, the effect sizes are modest, particularly for incremental 448 

explanatory power, so the main finding concerns secondary modulation rather than strong remote control. Second, the analysis 449 

remains observational and partly product-dependent. The revised main response definition reduces, but does not eliminate, 450 
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reliance on reanalysis-based fields, and the UTrack source-region weights were held fixed in this study. Third, the upwind 451 

covariates aggregate land-surface conditions of terrestrial source regions only; oceanic moisture pathways are not represented 452 

in the covariate set, and the diagnosed upwind contribution should accordingly be read as the marginal contribution of the 453 

terrestrial source-region pathway rather than as the effect of total land-and-ocean moisture-source variability. Fourth, the 454 

annual and seasonal P − ET proxy diagnostics provide physical context but do not constitute independent causal validation 455 

(Ombadi et al., 2020). Fifth, monthly temporal resolution and the China-only spatial domain limit how precisely one can infer 456 

process timescales or generalize the recovered PDP peak ranges. Finally, anthropogenic water management and other local 457 

interventions are not explicitly separated from the gridded flux products, which may blur interpretation in heavily managed 458 

basins. 459 

Within those limits, the results still suggest that blue-green water partitioning assessments may benefit from considering 460 

upwind terrestrial source-region land-surface conditions in addition to local hydroclimate, particularly in dry sub-humid 461 

transition zones. That implication is diagnostic rather than prescriptive. We do not infer that upwind land management should 462 

be optimized to a specific LAI target on the basis of this analysis alone. Instead, the recovered nonlinear ranges are better 463 

viewed as candidate hypotheses for regional model experiments and targeted observational evaluation. Management 464 

applications would require corroboration from coupled land-surface simulations that perturb source-region conditions and 465 

track downstream responses. 466 

A near-term value of the analysis is to identify where upwind information changes interpretation and where local controls 467 

remain sufficient. The main contribution is to refine the empirical map of where upwind terrestrial source-region land-surface 468 

conditions appear relevant to monthly partitioning and where local controls remain dominant.  469 

5 Conclusions 470 

This study presents a grid-scale explanatory of monthly blue-green water partitioning across mainland China (2008–471 

2017) that explicitly separates local hydroclimatic controls from the ecohydrological state of upwind terrestrial moisture-source 472 

regions. We used a Geographically Weighted Random Forest with five-fold temporal block cross-validation and a four-step 473 

diagnostic chain comprising incremental explanatory gain, permutation-based necessity, multi-product robustness, and an 474 

auxiliary P − ET water-balance consistency check. The results show a hierarchical structure in which local 475 

hydrometeorological and land-surface conditions account for most explainable monthly partitioning variance, with mean 476 

block-CV R2 increasing from 0.468 in the local-only model to 0.471 when upwind covariates are added.  477 

The upwind contribution, while modest in national-average terms, is geographically and seasonally concentrated. This 478 

pattern is most evident in the dry sub-humid class, where mean ΔR2 is 0.010 in the main analysis and rises to 0.014 under the 479 

maximum product-independence test. The direction of this change is opposite to the expectation under an ERA5 circularity 480 

artifact, and therefore argues against that explanation. The upwind signal is largest in autumn, when westerly-driven 481 
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continental moisture transport from Eurasia is more prominent and local monsoon controls are weaker. Partial dependence 482 

profiles show nonlinear fitted relationships. Upwind vegetation density, soil wetness, and precipitation each show inverted-U 483 

relationships with the downwind BG coefficient, consistent with intermediate source-region states yielding the highest 484 

moisture export. Upwind evaporative demand shows a monotone-negative relationship. 485 

The results suggest that blue-green water partitioning assessments in dry sub-humid transition zones may benefit from 486 

incorporating upwind terrestrial land-surface conditions alongside local hydroclimate. The multi-product consistency of the 487 

dry sub-humid signal, together with the auxiliary P − ET water-balance benchmark, supports further testing of this zone in 488 

coupled land-atmosphere experiments that perturb source-region conditions. In the two driest aridity classes and during the 489 

summer monsoon season, local controls dominate and upwind information adds little practical value for assessment. 490 
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