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Abstract14

Large-scale afforestation programs are increasingly deployed as instruments of carbon15

sequestration, land stabilization, and ecological restoration, yet their long-term hydro-16

logical consequences in water-limited environments remain poorly constrained. China’s17

Grain for Green Program (GGP), initiated in 1999, represents the largest deliberate land-18

cover transformation in human history, converting over 30,000 km2 of Loess Plateau crop-19

land to forest and grassland over 25 years. Using the complete 2002–2024 GRACE and20

GRACE-FO satellite gravity record with harmonic seasonal decomposition and Theil-21

Sen/Mann-Kendall trend analysis, we document a domain-mean total water storage (TWS)22

decline of −0.38 cm EWH yr−1 (Mann-Kendall p < 0.0001) across the Loess Plateau,23

representing −8.4 cm cumulative over the study period. Precipitation shows no signif-24

icant trend (p = 0.59), and a Clausius-Clapeyron attribution analysis demonstrates that25

warming (+0.02 ◦C yr−1, p = 0.47) can account for at most 10.8% of the observed evap-26

otranspiration increase, with 89% requiring a vegetation-driven transpiration mechanism.27

A multiple regression incorporating an explicit vegetation (NDVI trend) × aridity in-28

teraction term reveals that the TWS depletion rate is significantly amplified in drier grid29

cells (β3 = −62.7, p < 0.0001, adj. R2 = 0.53), providing the first satellite-scale quan-30

tification of the aridity-conditioned water debt of afforestation. These results show that31

the hydrological cost of afforestation is not uniform but scales with water deficit, with32

direct implications for the spatial planning of global reforestation commitments under33

the Bonn Challenge and United Nations Decade on Ecosystem Restoration.34

Plain Language Summary35

China’s Grain for Green Program (GGP), the world’s largest land restoration initiative,36

has converted millions of hectares of degraded cropland into forest and grassland since37

1999. While the program has successfully reduced soil erosion and increased vegetation38

cover, its long-term effects on regional water resources remain poorly understood. Us-39

ing satellite gravity data from the GRACE and GRACE-FO missions, which measure40

total water stored underground, in soil, and at the surface, we show that the Loess Plateau41

has been losing approximately 3.8 mm of water storage per year over the past 22 years.42

This decline cannot be explained by changes in rainfall or temperature. Instead, it is closely43

tied to the spatial pattern of GGP-driven greening: the more a location greened, the more44

water it lost. Critically, this relationship is strongest in the driest areas, where trees must45

access deep, ancient soil moisture to survive. Our analysis shows that temperature-driven46

evaporation accounts for only about 10.8% of the increased water consumption; the re-47

maining 89.2% requires a vegetation explanation. These findings provide a spatially ex-48

plicit framework for identifying where future afforestation programs carry the greatest49

hydrological risk.50

1 Introduction51

Terrestrial afforestation and reforestation deliver an unusually broad portfolio of52

ecological and societal benefits, which explains both their political popularity and the53

scale of investment now committed to them globally. Reforested landscapes sequester54

atmospheric carbon (Nilsson & Schopfhauser, 1995; Hasegawa et al., 2024); reduce soil55

erosion and dust emissions in degraded drylands (F. Wang et al., 2017; Kulik et al., 2023);56

mitigate floods (Trabucco et al., 2008); restore wildlife habitat and biodiversity (Oraon57

et al., 2023); provide rural development and socioeconomic uplift (Bryan et al., 2018);58

and locally moderate climate through altered albedo, surface roughness, and evapotran-59

spiration (Gerlein-Safdi et al., 2020; F. Wang et al., 2020). The Bonn Challenge com-60

mits nations to restoring 350 million hectares of degraded land by 2030 (Bonn Challenge,61

2011), and the United Nations Decade on Ecosystem Restoration (2021–2030) targets62

a further billion hectares globally (United Nations Environment Programme, 2021). China’s63
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Grain for Green Program (GGP, Tuigeng Huancao), launched in 1999 following the catas-64

trophic 1998 Yangtze River floods, the 1997 Yellow River cut-off, and chronic soil ero-65

sion across the middle and upper reaches of both basins, has measurably advanced sev-66

eral of these goals. The program contributed to a multi-decadal decline in Yellow River67

sediment loads, which decreased by approximately 90% over 60 years through a combi-68

nation of check dams, terracing, and revegetation, with GGP-driven revegetation play-69

ing a measurable role from the late 1990s onwards (S. Wang et al., 2016). It has con-70

verted 30, 000 km2 from cropland to vegetation, sequestering carbon at a regional scale71

(Feng et al., 2016; Bryan et al., 2018), and improved rural livelihood indicators in the72

most affected provinces (Delang & Yuan, 2015).73

As similar projects develop globally, the question is no longer whether to invest in74

dryland restoration, but instead, how to allocate that investment spatially, and on what75

scientific basis. In particular, the hydrological consequences of large-scale afforestation76

in water-limited environments have received comparatively little attention in the pol-77

icy frameworks that govern these commitments: where rainfall is insufficient to meet the78

evapotranspiration demand of mature forest canopies, trees can supplement their wa-79

ter uptake from stored soil moisture, potentially drawing on legacy reserves accumulated80

over decades to centuries (H. Chen et al., 2008; Liang et al., 2022; Evaristo, 2026). Whether81

this draw is hydrologically sustainable depends on local climate, root depth, and species82

choice. The spatial scale at which this dependence operates has not been quantified from83

satellite observations.84

The Loess Plateau (c. 100–112◦E, 34–42◦N, representing about 640,000 km2) is the85

world’s largest loess deposit and among the most severely eroded landscapes on Earth86

(Fu et al., 2017). Its mean annual precipitation gradient, from c. 200 mm yr−1 in the87

semi-arid northwest to c. 650 mm yr−1 in the sub-humid southeast (H. Chen et al., 2008),88

which means that GGP forests planted in the Loess Plateau operate across a wide spec-89

trum of water availability. Field studies have documented that mature GGP plantations90

form persistent Dry Soil Layers (DSLs) at 2–10 m depth, where deep tree roots extract91

moisture faster than precipitation can replenish it (H. Chen et al., 2008). These DSLs92

can persist for years to decades and may recover only slowly on management timescales,93

and have been documented across species, including Robinia pseudoacacia, Pinus tab-94

uliformis, and Caragana korshinskii (Evaristo, 2026). The water balance implication is95

significant: if tree roots are depleting a deep moisture reservoir, the standard hydrolog-96

ical accounting framework, which solves for streamflow as Q = P −ET and implicitly97

assumes total water storage change ∆S ≈ 0, will systematically underestimate the true98

water cost of afforestation.99

The GRACE (Gravity Recovery and Climate Experiment, 2002–2017) and GRACE-100

FO (Follow-On, 2018–present) satellite missions measure vertically integrated total wa-101

ter storage (TWS) changes directly from gravitational anomalies (Tapley et al., 2004).102

The CSR RL06M mascon product is provided at 0.5° (˜50 km) gridded resolution with103

a native effective footprint of ˜300 km, and at monthly temporal resolution (Zhong et104

al., 2020; Landerer et al., 2020). Unlike surface instruments or land surface models, GRACE105

integrates the full soil column from surface to bedrock, making it uniquely suited to de-106

tecting deep subsurface depletion signals (Scheliga et al., 2025), including the one DSL107

formation might produce. A growing body of literature has used GRACE to examine108

TWS trends on the Loess Plateau and adjacent regions. (Lv et al., 2019) used GRACE109

through January 2017 for the Yellow River Basin and identified afforestation and irri-110

gation as significant TWS drivers, but their analysis predates the GRACE-FO era and111

does not isolate an aridity-conditioned interaction effect. (Z. Wang et al., 2025) and (Liu,112

Li, Wang, & Zhang, 2023) documented GRACE-based TWS losses consistent with re-113

gional greening over 2003–2020, using trend analysis and Pearson correlation, but with-114

out climate covariate controls or a formal interaction model. At the global dryland scale,115

(Liu, Li, Wang, & Zhou, 2023) demonstrated a negative correlation between vegetation116
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growth and TWS across drylands during 1982–2016, projecting reductions of 41–84% by117

2100 under continued dryland expansion. However, their analysis is global in scope, uses118

1982–2016 data, and does not include an explicit vegetation × aridity interaction term.119

Our study addresses an analytical gap in the existing literature. Field-scale work120

has theorized vegetation–water tradeoffs in semi-arid environments (Feng et al., 2016;121

H. Chen et al., 2008; Liang et al., 2022), with (Feng et al., 2016) proposing a “water car-122

rying capacity” threshold beyond which afforestation creates persistent hydrological deficits.123

Recent GRACE-based analyses have quantified plateau-scale TWS depletion and iden-124

tified vegetation as a major contributor (Liu, Li, Wang, & Zhang, 2023; Xie et al., 2018;125

Lv et al., 2019), typically using correlation, decomposition, or trend-comparison meth-126

ods. However, the aridity-conditioned nature of the vegetation–water relationship—specifically,127

whether the same vegetation greening produces systematically different TWS responses128

across the plateau’s aridity gradient—has not been formally tested at satellite scale us-129

ing an interaction regression framework.130

Here, we address these gaps using a multi-dataset satellite analysis spanning 2002–131

2024. In particular, we extend the GRACE record to 2024 (incorporating GRACE-FO132

data not available to earlier studies) and apply an interaction regression to test whether133

aridity moderates the magnitude of the vegetation-TWS relationship across the Loess134

Plateau. Our analysis tests two directional hypotheses. First, we hypothesize that TWS135

exhibits a statistically significant domain-wide negative trend over 2002–2024 after con-136

trolling for precipitation variability and temperature-driven evaporative demand. Sec-137

ond, we hypothesize that the aridity index significantly moderates the vegetation–TWS138

relationship, such that the same degree of NDVI greening produces disproportionately139

greater TWS depletion in drier grid cells. Together, these hypotheses constitute a spa-140

tially explicit, satellite-scale test of the GGP water debt mechanism, one whose outcome141

has direct implications not for whether to pursue afforestation, but for where it can be142

sustained.143

2 Data and methods144

2.1 Study domain and datasets145

The six principal datasets used in this study are presented and summarized in Ta-146

ble 1. This study focuses on the full Loess Plateau, defined by a bounding box of 100–147

112◦E, 34–42◦N and a published boundary shapefile from the National Tibetan Plateau148

Data Center (NTPDC) (National Tibetan Plateau Data Center, 2018), rasterized to a149

binary mask at 0.5◦ resolution. The bounding box was chosen to maximally contain the150

Loess Plateau polygon while aligning with integer-degree cell edges of the GRACE 1◦151

and ancillary 0.5◦ grids and matching the spatial framing used in prior Loess Plateau152

hydrological studies (Feng et al., 2016; Lv et al., 2019). All statistical analyses operate153

on the rasterized Loess Plateau polygon mask within this box, not on the rectangular154

box itself; cells outside the Loess Plateau polygon are excluded from all calculations. The155

eastern edge of the box is held at 112°E to reduce the contribution of coal-mining-dominated156

cells in eastern Shanxi, one of the most significant non-vegetation confounders identi-157

fied in Section 3.5. We acknowledge this excludes the easternmost portion of the Loess158

Plateau geomorphological boundary (which extends to c. 114.5°E): cells east of 112°E159

are dominated by intensive coal mining (Wu et al., 2021) and including them would am-160

plify rather than reduce the spatial confounding addressed in Section 3.5.161

Statistical analysis (interaction regression, trend significance) is performed on the162

native 1◦ GRACE grid (n = 96 cells inside the Loess Plateau boundary). Spatial visu-163

alizations use the 0.5◦ grid (n = 360 cells), with GRACE TWS upsampled by nearest-164

neighbor interpolation for display only; no statistical inference is drawn from the 0.5◦165
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representation. All datasets were aggregated to their respective monthly grids match-166

ing the GRACE mascon resolution or the 0.5◦ ancillary grid (Table 1).167

Dataset Variable Source Resolution Period

GRACE/GRACE-FO CSR RL06M TWS anomaly (cm EWH) UTexas, Austin ∼300 km → 0.5◦ 2002–2024
CHIRPS v2.0 Precipitation UCSB / IRI OPeNDAP 5 km → 0.5◦ 2002–2024
MODIS MOD16A3GF v061 Actual ET NASA LP DAAC 500 m → 0.5◦ 2002–2023
TerraClimate PET only Univ. Idaho THREDDS 4 km → 0.5◦ 2002–2024
MODIS MOD13C2 NDVI NASA Earthdata 0.05◦ → 0.5◦ 2002–2024
ERA5-Land 2 m air temperature Copernicus / THREDDS 9 km → 0.5◦ 2002–2024

Table 1. Dataset inventory. All data are free and publicly available and direct links and refer-

ences are listed in the Data Availability Statement.

2.2 GRACE gap bridging168

The 11-month gap between GRACE and GRACE-FO (July 2017 to May 2018) and169

24 sporadic dropout months were filled by linear interpolation after reindexing to a com-170

plete monthly axis. Floating-point coordinate noise (∼10−14◦) between GRACE and GRACE-171

FO grids was resolved by rounding to two decimal places prior to concatenation to pre-172

vent spurious NaN-filling. Duplicate timestamps at the mission transition were resolved173

by retaining the first occurrence. Sensitivity analysis indicates that gap bridging con-174

tributes ±0.02 cm yr−1 to trend uncertainty, small relative to the −0.38 cm yr−1 sig-175

nal.176

2.3 Harmonic seasonal decomposition177

To isolate the secular TWS trend from the East Asian Summer Monsoon recharge178

cycle, we fit an ordinary least-squares harmonic regression independently at each 0.5◦179

grid cell:180

TWS(t) = a0+a1t+a2 sin

(
2πt

12

)
+a3 cos

(
2πt

12

)
+a4 sin

(
4πt

12

)
+a5 cos

(
4πt

12

)
+ε(t) (1)

where t is time in months, a1 captures the linear secular trend, and the 12-month and181

6-month sinusoidal pairs capture the annual and semi-annual seasonal cycles, respectively.182

The deseasonalized residual ε(t) isolates the non-seasonal signal for trend analysis. Sea-183

sonal amplitude ranged from 0.47 cm equivalent water height (EWH) in the dry north-184

west to 3.31 cm EWH in the wetter southeast.185

2.4 Trend analysis186

Monotonic trends were estimated using the Theil-Sen slope estimator (Sen, 1968),187

which computes the median of all pairwise slopes and is robust to outliers and non-normality.188

Statistical significance was assessed via the Mann-Kendall trend test (Mann, 1945; Kendall,189

1975) at α = 0.05. Both analyses were applied independently at each grid cell to pro-190

duce spatially explicit trend maps. Stippling on spatial maps presented in the result sec-191

tion indicates Mann-Kendall p < 0.05.192

2.5 Evapotranspiration193

We use the MODIS MOD16A3GF v061 (Mu et al., 2011) ET product as a mech-194

anistic consistency check on the vegetation-driven signal in TWS. The MODIS ET prod-195

uct applies the Penman-Monteith equation driven by time-varying MODIS leaf area in-196

dex (LAI), fractional photosynthetically active radiation (FPAR), albedo, and land cover,197
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which makes it sensitive to canopy expansion as GGP forests grow. Because MOD16A3GF198

LAI shares upstream spectral inputs with MODIS NDVI, the ET trend is interpreted199

as a mechanistic consistency check rather than fully independent evidence. The Terr-200

aClimate (Abatzoglou et al., 2018a) potential evapotranspiration (PET) product is used201

in the aridity index calculation, but not as an independent actual-ET check, as it em-202

ploys a static vegetation parameterization that cannot capture the canopy-expansion sig-203

nal of GGP afforestation.204

2.6 Temperature attribution205

To assess whether temperature-driven increases in evaporative demand could ex-206

plain the observed TWS decline, we downloaded ERA5-Land monthly 2 m air temper-207

ature for 2002–2024, aggregated to 0.5◦, and computed the Theil-Sen trend. We then208

applied the Clausius-Clapeyron relation—approximately 7% increase in atmospheric wa-209

ter demand per °C warming (Allen & Ingram, 2002)—to estimate the maximum ET in-210

crease attributable to temperature alone as:211

∆ETT = ET× 0.07× dT̄

dt
(2)

where ET is the mean annual ET and dT̄ /dt is the Theil-Sen temperature trend.212

The fraction of the observed MODIS ET trend explained by temperature alone (fT =213

∆ETT /∆ETobs) is reported as an upper bound, since the Clausius-Clapeyron relation214

overstates the temperature sensitivity in water-limited systems, where actual ET is con-215

strained by soil moisture availability.216

2.7 Interaction regression217

To formally test whether the aridity index moderates the vegetation–TWS rela-218

tionship, we fit a multiple ordinary least squares (OLS) regression across all 96 Loess Plateau219

grid cells at the 1◦ GRACE resolution:220

TWStrendi = β0 + β1(NDVItrendi ) + β2(log10 AIi) + β3(NDVItrendi × log10 AIi) + εi (3)

where, for each cell i, NDVItrend is the per-cell Theil-Sen NDVI slope (NDVI decade−1),221

AI is the time-mean aridity index (PET/P average from 2002 to 2024), and β3 is the in-222

teraction term testing whether aridity moderates the vegetation–TWS relationship. The223

aridity index was log-transformed to address the right-skewed distribution (range: 0.52–224

31.35). The regression was implemented using statsmodels in Python. NDVI and AI225

fields were regridded from their native 0.5◦ resolution to the GRACE 1◦ grid by bilin-226

ear interpolation prior to fitting.227

2.8 Confounder analysis method228

Several non-vegetation processes could contribute to the observed GRACE TWS229

signal. We estimated literature-derived plausibility ranges for six confounders and re-230

port them as a sensitivity envelope rather than applying direct corrections to the pri-231

mary analysis: (1) temperature-driven evaporative demand bounded by the Clausius-232

Clapeyron relation (Section 2.6), (2) precipitation trend contribution bounded by the233

95% confidence interval on the CHIRPS slope, (3) the combined hydrological impact of234

the Shanxi coal industry (mine drainage, subsidence-induced aquifer leakage, and solid235

mass extraction) net of regional water recycling (Xie et al., 2018), (4) agricultural and236

non-coal industrial groundwater extraction (Li & Ma, 2024), (5) post-2002 reservoir stor-237

age additions in the Loess Plateau basin (Y. Chen et al., 2024), and (6) post-GGP resid-238
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ual rates of natural geomorphic erosion (S. Wang et al., 2016). The primary TWS trend239

is presented uncorrected; the confounder envelope presented in Section 3.5 documents240

the range of plausible non-vegetation contributions and the residual range that vegetation-241

driven processes must explain. Source citations and per-bar calculations are provided242

in Supporting Information Tables S1 and S2.243

Figure 1. GRACE/GRACE-FO domain-mean deseasonalized TWS anomaly (cm EWH),

2002–2024. The two blue line segments show observed data before (2002 to June 2017) and after

(June 2018 to 2024) the GRACE/GRACE-FO gap. The pink-shaded band marks the 11-month

gap window. The red line shows the Theil-Sen trend: −0.38 cm yr−1, p < 0.0001.

2.9 AI Tools Disclosure244

In accordance with the Committee on Publication Ethics’ position on AI tools and245

AGU Publications’ policy, the authors disclose the following uses of AI tools in this work:246

Anthropic’s Claude (Claude Sonnet 4.5 and Claude Opus 4.5) was used to assist with247

manuscript drafting, editing, and code generation for figure production. Google’s Gem-248

ini was used to produce the mechanistic cross-section illustration shown in Figure 6. Project249

conception, as well as all scientific decisions, data analysis interpretations, statistical meth-250

ods, and final manuscript content, were the responsibility of the authors. AI tools were251

used as assistive instruments and are not credited as authors. The authors verified all252

AI-generated content for accuracy and take full responsibility for the manuscript.253

3 Results254

3.1 Secular TWS decline255

The deseasonalized GRACE+GRACE-FO domain-mean TWS time series presented256

in Figure 1 shows a clear and statistically significant negative trend of −0.383 cm EWH yr−1
257

(Mann-Kendall p < 0.0001), equivalent to −8.4 cm cumulative over the 22-year record.258

The seasonal amplitude (∼1.2 cm peak-to-trough domain mean) is small relative to the259

secular decline, confirming the trend is not an artifact of incomplete seasonal removal.260

An anomalously deep trough in 2015–2016 is consistent with a documented regional drought;261

excluding these years from the trend estimation reduces the slope by less than 8%, in-262

dicating the trend is robust to individual drought years.263

The spatial TWS trend map (Figure 2a) shows statistically significant negative trends264

in 95% of grid cells within the Loess Plateau boundary. The strongest depletion is con-265

centrated in the eastern plateau (108–112◦E), reaching −1.2 cm EWH yr−1 in the most266

affected cells. The western margin (100–103◦E) shows slight storage increases coincident267

with the least-vegetated cells where GGP afforestation was minimal.268
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Figure 2. Spatial trends and aridity context across the Loess Plateau, 2002–2024. (a)

GRACE/GRACE-FO Theil-Sen TWS trend at native 1◦ resolution, with stippling indicating

Mann-Kendall significance at p < 0.05 (95% of cells significant). (b) MODIS NDVI Theil-Sen

trend at 0.5◦ resolution, stippled at p < 0.05 (86% of cells significant). (c) Mean aridity index

(PET/P, log scale) over 2002–2024 at 0.5◦ resolution. The AI = 1 contour separates the energy-

limited regime (AI < 1, southwestern margin) from the water-limited regime that covers 92% of

the plateau.

3.2 Climatic drivers269

Three potential climate drivers were evaluated as alternative explanations for the270

observed TWS decline: precipitation, air temperature, and progressive aridification (Fig-271

ure 3).272

Domain-mean annual precipitation (Figure 3a) averages 375 mm yr−1 over 2002–273

2024 with no statistically significant trend (Theil-Sen slope ≈ +0.05 mm yr−1, Mann-274

Kendall p = 0.59). The concurrent declining TWS and stable precipitation rules out275

reduced rainfall as a driver of storage loss.276

ERA5-Land 2 m air temperature (Figure 3b) shows a weak positive trend of +0.020 ◦C yr−1
277

that is not statistically significant at the domain mean (Mann-Kendall p = 0.47), con-278

sistent with the documented East-Central China “warming hole” driven by aerosol load-279

ing and circulation changes (Sun et al., 2022). Applying the Clausius-Clapeyron rela-280

tion (Equation 2), the temperature trend can account for at most ∆ETT = +0.50 mm yr−2,281

representing only fT = 10.8% of the observed MODIS ET trend of +4.63 mm yr−2 (p <282

0.001). The remaining 89.2% of the ET increase requires a vegetation-driven explana-283

tion.284

The spatial pattern of aridity provides a further constraint on climate-driven ex-285

planations. The eastern plateau cells, experiencing the greatest TWS depletion, fall within286

AI values ranging from 2 to 5, all within the semi-arid range, and show no progressive287

aridification trend over the study period, while cells trending toward higher AI are con-288

fined to the northwestern plateau where TWS depletion is weakest. The eastern plateau,289

therefore, loses water storage despite no climatic aridification signal, inconsistent with290

an aridity-driven mechanism.291

Collectively, flat precipitation, non-significant warming, and a temperature contri-292

bution of only ∼11% by Clausius-Clapeyron rule out climate forcing as the primary driver293

of the observed TWS decline, leaving vegetation-mediated deep root transpiration as the294

dominant remaining plausible mechanism.295
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Figure 3. Climate and vegetation time series for the Loess Plateau, 2002–2024. (a) CHIRPS

domain-mean monthly precipitation (bars) with 12-month rolling mean (red) and Theil-Sen trend

(dashed, +0.05 mm yr−1, p = 0.59). (b) ERA5-Land domain-mean annual 2 m air tempera-

ture with Theil-Sen trend (+0.020 ◦C yr−1, p = 0.47). (c) MODIS MOD13C2 domain-mean

NDVI with 12-month rolling mean and Theil-Sen trend (+0.0217 NDVI decade−1, p < 0.001).

(d) MODIS MOD16A3GF domain-mean annual evapotranspiration with Theil-Sen trend

(+4.63 mm yr−2, p < 0.001). Panels (a) and (b) show no statistically significant trends in cli-

mate forcing variables; panels (c) and (d) show highly significant increases in vegetation cover

and water consumption.
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3.3 Vegetation greening296

NDVI (Figure 3c) increased by +0.0217 NDVI decade−1 (Theil-Sen, p < 0.001)297

over 2002–2024, rising from ∼0.22 to ∼0.27, a ∼23% relative increase representing the298

satellite fingerprint of GGP reforestation. The NDVI trend map (Figure 2b) shows sta-299

tistically significant positive trends in 86% of grid cells, concentrated in the central-eastern300

plateau.301

The MODIS ET product shows a significant positive trend of +4.63 mm yr−2 (p <302

0.001; Figure 3d), rising from ∼310 mm yr−1 in 2002 to ∼410 mm yr−1 by 2022. Be-303

cause the product ingests time-varying MODIS LAI as a direct input to the Penman-304

Monteith equation, responding to the growing GGP canopy, the rising ET trend is con-305

sistent with the canopy-expansion mechanism and helps confirm the presence of a vegetation-306

driven signal in evapotranspiration.307

Figure 4. Effects-plot visualization of the n = 96 vegetation × aridity interaction regression.

Points show all 96 Loess Plateau grid cells, colored by NDVI Theil-Sen trend (decade−1); darker

greens indicate stronger GGP-driven greening. Three solid lines show predicted TWS trends

from the fitted interaction regression (Equation 3) evaluated at the 25th (N25), 50th (N50), and

75th (N75) percentiles of NDVI trend, with corresponding slopes on log10AI of −0.72, −1.29,

and −2.38 cm yr−1 per log10AI. The fanning of the three lines as aridity increases visualizes

the interaction effect quantified in Table 2. The vertical dashed reference at AI = 1 marks the

energy-limited / water-limited regime boundary; eight cells with AI > 15 are omitted from the

plot view but included in the regression.

3.4 Aridity and vegetation interaction308

The OLS interaction regression (Equation 3) across all 96 Loess Plateau grid cells309

yields the following coefficients presented in Table 2. The adjusted R2 indicates that,310
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combining simply the NDVI trend and the aridity index, the model explains 53% of the311

spatial variance in TWS depletion rates across the plateau.312

The interaction coefficient β3 = −62.7 shows that for each unit increase in log10 AI313

(a tenfold increase in aridity), the slope of TWS depletion on NDVI trend steepens by314

62.7 cm yr−1 per NDVI decade−1. In practical terms, a grid cell greening at +0.03 NDVI315

decade−1 in a sub-humid environment (AI = 1, log10 AI = 0) would experience a greening-316

attributable TWS contribution of approximately −0.15 cm yr−1 (from the β1 · NDVI317

term alone), whereas the same greening rate in an arid cell (AI = 10, log10 AI = 1)318

would drive approximately −2.03 cm yr−1 of greening-attributable depletion (from β1·319

NDVI + β3 ·NDVI · log10 AI), a c. 13-fold amplification of the per-unit greening cost.320

Term Estimate Std. Error t p

Intercept (β0) +0.228 0.088 2.59 0.011
NDVI trend (β1) −5.08 3.13 −1.62 0.107

log10AI (β2) −0.294 0.097 −3.02 0.003
NDVI trend × log10AI (β3) −62.7 9.78 −6.41 <0.0001

Adj. R2 = 0.529; F (3, 92) = 36.5; p < 10−15

Residual SE = 0.27 cm yr−1

Table 2. OLS (see Eq. 3) interaction regression results (n = 96 grid cells). Dependent variable:

deseasonalized TWS Theil-Sen trend (cm EWH yr−1). NDVI trend in NDVI decade−1; AI log-

transformed (base 10).

Figure 4 visualizes this interaction by plotting predicted TWS trends from the fit-321

ted regression at three levels of NDVI greening (25th, 50th, and 75th percentiles of the322

per-cell NDVI trend distribution) across the full aridity range, overlaid on the 96 observed323

grid cells colored by their NDVI trend. The fanning of the three predicted lines as arid-324

ity increases is the visual expression of the interaction effect: at low aridity (AI < 1) the325

three lines converge near zero and vegetation intensity barely matters, while at high arid-326

ity (AI > 5) the lines spread by more than 2 cm yr−1 and vegetation intensity becomes327

the dominant predictor of TWS depletion. The dense cluster of high-NDVI cells in the328

AI = 1.5 to 2.5 range with the steepest observed depletion (approaching −1.2 cm yr−1)329

suggests a non-linear semi-arid threshold where vegetation can establish, but precipita-330

tion cannot sustain mature canopies. The linear interaction term presented here captures331

the dominant aridity-conditioned effect and represents a conservative lower bound on the332

full aridity-mediated relationship.333

3.5 Confounder analysis334

Several non-vegetation processes could, in principle, contribute to the observed GRACE335

TWS signal. We assess their plausible cumulative contribution as a sensitivity envelope336

rather than a direct decomposition (Figure 5). Six confounders are considered: temperature-337

driven evaporative demand bounded by the Clausius-Clapeyron relation (Section 3.2),338

precipitation trend contribution bounded by the slope confidence interval, the combined339

hydrological impact of the Shanxi coal industry (mine drainage, subsidence-induced aquifer340

leakage, and solid mass extraction) following the coefficient method of (Xie et al., 2018),341

agricultural and non-coal industrial groundwater extraction (Li & Ma, 2024), post-2002342

reservoir storage additions in the Loess Plateau basin (Y. Chen et al., 2024), and post-343

GGP residual rates of natural geomorphic erosion (S. Wang et al., 2016). Source cita-344

tions and per-bar calculations are provided in the Supporting Information (Tables S1 and S2).345
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Figure 5. Sensitivity envelope of confounder contributions to the observed 2002–2024 TWS

trend. Bars show literature-derived plausibility ranges of individual confounder contributions,

grouped into climate mechanisms (top) and measurement biases / non-vegetation processes

(bottom). Color encodes direction of contribution: red amplifies depletion, blue masks it, gray

near-zero. The pale green band indicates the range that vegetation-driven processes must explain

after accounting for confounder uncertainty, spanning from −0.18 cm yr−1 (if all confounders

contribute at their amplifying maximum) to −0.31 cm yr−1 (if confounders contribute at their

masking minimum). The observed GRACE signal (−0.383 cm yr−1, solid black line) is shown

for reference. See Supporting Information (Tables S1 and S2) for source citations and details of

per-bar calculations.

The combined plausible range of all confounder contributions, summed across the346

six bars, spans −0.22 to −0.05 cm yr−1. The observed TWS trend (−0.383 cm yr−1) sits347

clearly outside this combined range, indicating that vegetation-driven processes must ex-348

plain a residual gap of approximately −0.18 to −0.31 cm yr−1 depending on the con-349

founder configuration. This range corresponds to between approximately 48% and 82%350

of the observed signal attributable to vegetation, with the most plausible interpretation351

falling toward the upper end of this range, given the temporal decoupling of TWS de-352

cline from year-to-year coal production fluctuations (see Supporting Information, Fig-353

ure S1 for additional details).354

4 Discussion355

4.1 Physical mechanism: from GGP policy to GRACE signal356

The coherence of four satellite-derived signals (stable precipitation, rising NDVI,357

rising satellite-detected ET, and declining GRACE TWS) points to a single physical mech-358

anism summarized in Figure 6: GGP afforestation has grown forest canopies that are359

consuming water faster than the semi-arid climate can replenish. The physical chain runs360

as follows: as GGP plantations mature, their canopy LAI increases, thereby increasing361
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the transpiration surface area ; in sub-humid cells, growing-season precipitation is suf-362

ficient to partially meet this demand but in arid and semi-arid cells, it is not. Trees in363

water-limited environments respond by extending roots deeper into the loess column, ac-364

cessing the legacy moisture stored in the 2 to 10 m vadose zone over centuries to mil-365

lennia of slow infiltration (Evaristo, 2026; H. Chen et al., 2008). This deep root uptake366

is the mechanism behind DSL formation, documented at the field scale across GGP species367

since 2008 (H. Chen et al., 2008; Liang et al., 2022) and synthesized recently by (Evaristo,368

2026), who reviewed evidence from tritium and other isotopic archives showing that the369

water being accessed by GGP roots includes legacy paleomoisture stored in the deep va-370

dose zone over multi-decadal to centennial timescales.371

The MODIS ET trend of +4.63 mm yr−2 provides a mechanistic window into this372

process at the surface. Because the product ingests time-varying MODIS LAI as a di-373

rect Penman-Monteith input, it captures the canopy expansion that surface energy bal-374

ance models without dynamic vegetation cannot detect. The Clausius-Clapeyron anal-375

ysis demonstrates that warming can account for at most 11% of this ET increase, mean-376

ing the canopy expansion signal, not the thermodynamic signal, dominates. Our results377

indicate that GRACE detects the subsurface consequence (depleting storage) of the same378

biological process that the MODIS ET product detects at the surface (increasing tran-379

spiration).380

Figure 6. Mechanistic cross-section comparing pre-GGP (left) and post-GGP (right) hy-

drological states on the Loess Plateau. Under pre-GGP conditions, shallow-rooted cropland

generates rapid overland runoff with the water table in approximate equilibrium. Under post-

GGP afforestation, elevated ET through large leaf areas and deep roots forms a persistent Dry

Soil Layer (DSL) at 2 to 10 m depth, while root uptake and reduced percolation lower the water

table and reduce streamflow. The net result, ∆S = P − ET − Q < 0, accumulates over time and

is detectable only by a column-integrating instrument such as GRACE(-FO). Vertical axis not to

scale.
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4.2 Aridity interaction381

The central empirical contribution of this study is the formal quantification of the382

aridity × vegetation interaction on TWS depletion (β3 = −62.7, p < 0.0001, adj. R2 =383

0.53). This result provides the first GRACE-scale, full-column confirmation of the NPP384

threshold concept developed by (Feng et al., 2016), who used satellite-observed NPP and385

a regional water balance to estimate that the Loess Plateau as a whole was approach-386

ing the maximum vegetation productivity sustainably supportable by regional precip-387

itation, given concurrent human water demand. Where Feng et al. used a Budyko frame-388

work to infer this threshold from runoff data, we provide a direct, spatially resolved em-389

pirical test using 22 years of gravity satellite data and an interaction regression.390

The field literature anticipated this finding at the plot scale. (H. Chen et al., 2008)391

showed DSL development at 1 to 3 m depth across vegetation types; (Liang et al., 2022)392

showed depletion deepened with plantation age and exhibited negligible precipitation-393

year recovery. (Ren et al., 2018) documented that afforestation is an appropriate hydro-394

logical option only where annual rainfall exceeds 500 mm, and (Evaristo, 2026) showed395

that deep soil water is predictably exhausted within 15 to 25 years of planting under water-396

intensive species. Our interaction regression bridges these plot-scale findings to the satel-397

lite scale: the β3 coefficient quantifies, across 96 satellite grid cells spanning an aridity398

gradient from AI = 0.52 to 31.35, the rate at which the same vegetation increase pro-399

duces disproportionately greater water storage loss as aridity increases.400

The dense cluster of high-NDVI cells in the AI = 1.5 to 2.5 range visible in Fig-401

ure 4, with the steepest observed depletion approaching −1.2 cm yr−1, suggests a non-402

linear “Goldilocks” threshold at the semi-arid transition where vegetation can establish403

but precipitation cannot sustain mature canopies. Cells drier than this band greened weakly404

(vegetation could not establish) and depleted modestly. Cells wetter than this band greened405

strongly but with smaller per-unit depletion costs (precipitation partially buffered the406

canopy demand). The linear interaction term presented here captures the dominant aridity-407

conditioned effect across this full gradient and represents a conservative lower bound on408

the aridity-mediated relationship. Formal modeling of the non-monotonicity is a direc-409

tion for future work.410

Globally, (Liu, Li, Wang, & Zhou, 2023) showed that terrestrial water storage in411

greening drylands correlates negatively with vegetation growth across 1982 to 2016, with412

the response pronounced where vegetation productivity growth rates are high. Our study413

advances this picture in three ways: we used the complete GRACE + GRACE-FO record414

(2002 to 2024), we applied explicit climate controls that ruled out precipitation and tem-415

perature as primary drivers, and we quantified the aridity-conditioned amplification through416

an interaction term rather than reporting average correlations. The consistency between417

our satellite-scale result and the global dryland pattern of (Liu, Li, Wang, & Zhou, 2023)418

strengthens the generalizability of the finding beyond the Loess Plateau.419

4.3 Where afforestation can be sustained: a spatial planning framework420

The greening signal documented across the Loess Plateau is real, and so are the421

co-benefits of the effort: documented sediment reduction (S. Wang et al., 2016), flood422

mitigation (Trabucco et al., 2008), regional carbon sequestration (Bryan et al., 2018),423

and improved rural livelihood indicators (Delang & Yuan, 2015) are all attributable to424

GGP. The findings here do not contest those benefits. Instead, they refine the framework425

under which they can be reliably and sustainably delivered.426

Afforestation can be hydrologically self-sustaining where precipitation is sufficient:427

the southwestern margin of the Loess Plateau (Figure 2, AI < 1) shows modest TWS428

gains coincident with vegetation growth, consistent with cells where local rainfall meets429

canopy demand. It is hydrologically costly where precipitation is insufficient: the semi-430
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arid central and eastern plateau (AI = 1.5 to 3) shows the steepest depletion per unit431

of greening, with cells losing more than 1 cm yr−1 of stored water to support new canopy.432

And it is hydrologically irrelevant where vegetation cannot establish: the driest north-433

western cells (AI > 5) greened weakly and depleted only modestly. The aridity index is434

a satellite-available, spatially explicit screening criterion that can distinguish these three435

regimes before planting decisions are made. Figure 7 demonstrates how the combined436

use of AI and NDVI data can produce a predictive tool for TWS (Figure 7a), consistent437

with observations (Figure 7b and c).438

The policy stakes are significant: the Bonn Challenge targets 350 million hectares439

of restoration by 2030, a substantial fraction of which will occur in semi-arid and arid440

regions, where water scarcity already constrains food security and ecosystem function441

(Bonn Challenge, 2011). The UN Decade on Ecosystem Restoration explicitly targets442

degraded drylands (United Nations Environment Programme, 2021). For investments443

at this scale, the question is not whether to plant but where. Aridity-conditioned plan-444

ning that prioritizes the wettest available sites within a given dryland region, or that se-445

lects shallow-rooted native grasses and shrubs (F. Wang et al., 2020) over deep-rooted446

plantation forest in semi-arid zones, can deliver carbon, erosion, and biodiversity co-benefits447

without imposing the legacy moisture cost we document here (Ren et al., 2018; Evaristo,448

2026).449

4.4 Potential impact of coal mining in Shanxi Province450

The confounder analysis (Section 3.5, Figure 5) demonstrates that the combined451

plausible contribution of all non-vegetation processes to the observed TWS trend spans452

−0.22 to −0.05 cm yr−1, leaving a residual range of −0.18 to −0.31 cm yr−1 that veg-453

etation must explain. Among non-vegetation contributors, the Shanxi coal industry is454

one of the largest and most discussed candidates; however, two lines of evidence argue455

against coal as a primary driver.456

First, the spatial pattern of TWS depletion extends well beyond Shanxi, with strong457

depletion across the central plateau, where coal mining is minimal. The eastern portion458

of Shanxi Province—including major coal-producing cities such as Datong, Yangquan,459

Changzhi, and Jincheng—lies east of our 112°E boundary and is outside our analysis do-460

main. Our confounder estimate, therefore, likely overestimates the per-cell coal contri-461

bution to our western Shanxi cells, since much of Shanxi’s coal production occurs east462

of the boundary; GRACE’s approximately 300 km native footprint produces some leak-463

age from these eastern operations into our western cells, but the per-cell impact is likely464

smaller than the proportional assumption would suggest.465

Second, the temporal pattern of TWS decline is decoupled from known year-to-year466

coal production fluctuations. Despite notable production reductions during periods of467

national coal supply-side structural reform, the deseasonalized TWS decline in Shanxi-468

overlapping cells proceeded smoothly through these periods (Supporting Information Fig-469

ure S1). If coal mining were the dominant driver, year-to-year production variability would470

be expected to produce detectable TWS inflection points; it does not.471

4.5 Potential limitations472

Several limitations warrant acknowledgment. The GRACE record begins in 2002,473

three years after GGP initiation, meaning we cannot establish a pre-GGP TWS base-474

line directly from satellite observations. However, the GGP mechanism—deep root mois-475

ture access—requires canopy closure and mature root systems; in 2002, the earliest GGP476

plantations were only 3 years old, before significant DSL formation would have begun,477

making 2002 a defensible near-baseline for the depletion signal. The MODIS ET prod-478

uct shares upstream MODIS spectral inputs with the NDVI product, meaning the ris-479
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ing ET trend is interpreted as a mechanistic consistency check rather than a fully inde-480

pendent evidence; future work using Landsat-derived NDVI as an independent vegeta-481

tion source will address this circularity. The reservoir correction was estimated from pub-482

lished storage ranges rather than implemented from altimetry time series and represents483

a direction for refinement. Finally, GRACE’s ∼300 km footprint limits spatial resolu-484

tion to the regression’s 1◦ analysis grid, precluding watershed-scale attribution.485

The linear interaction model presented here captures the dominant aridity-conditioned486

effect, but does not formally represent the non-monotonic “Goldilocks” structure visi-487

ble in Figure 4. The linear estimate is therefore a conservative lower bound on the aridity-488

mediated relationship, not an overstatement; readers concerned about model misspec-489

ification can interpret our results as the smallest plausible effect size rather than the largest.490

Figure 7. Spatial demixing of the vegetation-driven TWS signal from confounders. (a) Pre-

dicted TWS Theil-Sen trend from the n = 96 interaction regression at 0.5◦ display resolution,

upsampled from the 1◦ fitted grid by nearest-neighbor interpolation. (b) Observed TWS Theil-

Sen trend from GRACE/GRACE-FO. (c) Residual (Observed minus Predicted), with Pearson

r = 0.72 and RMSE = 0.28 cm yr−1 across all 96 cells. The mean residual in Shanxi-overlapping

cells (n = 12) is −0.20 cm yr−1, nearly seven times the non-Shanxi mean of −0.03 cm yr−1.

Negative residuals (blue-teal) in Shanxi indicate that observed depletion exceeds the vegetation-

aridity model’s prediction, consistent with the known coal mining mass-loss signal documented

in Figure 5. The model captures 53% of the spatial variance in TWS depletion; the remaining

variance concentrates spatially in regions consistent with documented non-vegetation processes.

4.6 Future directions491

The aridity × vegetation interaction identified here opens several avenues for follow-492

on investigation. Formal modeling of the non-monotonic “Goldilocks” structure visible493

at high NDVI in Figure 4 would refine the linear estimate presented here and enable more494

precise spatial targeting. Independent NDVI from Landsat would remove the MODIS495

circularity concern. Perhaps most importantly, testing whether the β3 interaction gen-496

eralizes to other dryland afforestation programs globally (the Sahel Great Green Wall,497

India’s afforestation targets, Central Asian steppe restoration) would establish whether498

the aridity-conditioned water debt is a universal hydrological constraint or a Loess Plateau-499

specific finding, driven by geology and soil type as well as plant species selection, for ex-500

ample. The GGP is currently the only dryland afforestation program of sufficient scale501

and duration to make this analysis feasible; emerging satellite gravity records and ex-502

panding Landsat archives may make global tests possible in the future.503
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5 Conclusions504

The Loess Plateau has lost −0.38 cm EWH yr−1 of total water storage over 2002505

to 2024 (−8.4 cm cumulative, Mann-Kendall p < 0.0001), concentrated in the eastern506

plateau where GGP afforestation is most intensive. This decline is not explained by pre-507

cipitation trends (p = 0.59) or temperature-driven evaporation (up to 10.8% of the ob-508

served ET increase by Clausius-Clapeyron). NDVI greening of +0.0217 NDVI decade−1
509

(p < 0.001) and a MODIS ET increase of +4.63 mm yr−2 (p < 0.001) together iden-510

tify vegetation expansion as the primary driver. An explicit vegetation × aridity inter-511

action regression (β3 = −62.7, p < 0.0001, adj. R2 = 0.53) demonstrates that the512

same degree of NDVI greening causes disproportionately greater TWS depletion in drier513

grid cells, providing the first satellite-scale quantification of the aridity-conditioned wa-514

ter debt of afforestation and confirming at the continental scale the water carrying ca-515

pacity threshold theorized by prior field and modeling studies.516

These results carry direct implications for global reforestation policy. Afforestation517

delivers documented co-benefits, including carbon sequestration, flood mitigation, soil518

stabilization, biodiversity recovery, and rural livelihood improvements, all attributable519

to GGP at scale. The findings here do not contest those benefits but instead refine the520

framework under which they can be reliably delivered. The aridity index distinguishes521

three regimes across the Loess Plateau: wet cells where afforestation is hydrologically522

self-sustaining; semi-arid cells where vegetation can establish, but precipitation cannot523

sustain mature canopies, accumulating a water debt against deep legacy moisture reserves,524

and dry cells where vegetation cannot establish in the first place. As China expands GGP525

investment through 2050 and as international commitments under the Bonn Challenge526

and UN Decade on Ecosystem Restoration direct billions of dollars toward dryland af-527

forestation, the spatial distribution of these interventions, and the choice of vegetation528

structures matched to local water availability, will determine whether they achieve their529

goals sustainably or accelerate the depletion of subsurface water reserves that commu-530

nities and ecosystems depend upon. The aridity index provides a practical, satellite-available531

criterion for targeting afforestation where it can be sustained and for guiding species se-532

lection where it cannot.533

Inclusion in global research statement534
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