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Abstract. Amidst drastic environmental changes, the intricate interplay and feedback mechanisms in thegetaton
atmosphere nexus experience alteration. Previous research primarily centers on tlsesemmomg variables within this
system, with little known about whether and how these respo(s@ssitivities) change. Here, we employ the
Evapotranspiration Stress Index (ESI) to represent the equilibrium of the nexus and develop a memory dynammcié&hear
based on Bayesian forward filtering. The model takes into account theocaryr e f f ect i n tamplifyfidr y
loop, allowing for a more effective estimation of the ESI twaeying sensitivity to associated influencing factors.

. - . ity
fluetuations-Our analysis reveals that from 1950 to 2020, mainland China experienced a notable 4.74% escalation in
evapotranspirationtiess Fhis-is-primariy-attributed-t&surface soil moistureeveras theprimary driver whose sensitivity
to ESI surged by.49%1-25feld-in the last decade compared to the early 2000s. Vapor Pressure Deficit (VPD) and Leaf
Area Index (LAI) also exerted a substantial role, with their sensitivities fluctuating approxirg&igh?.91% and-9-56

45.7 %, respectively. Moreover, the greening pace is linked to an increase in soil moisture sensitivity and a decrease in VPO
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sensitivity, suggesting that rapid greening may alter the ecological resilience against soil deficit and atmospherithdrought.

comparson, the widely used moving window multiple linear regression (MLR) significantly overestimates sensitivity

fluctuations, necessitating prudent interpretation of numerical estimates in related research @ndtifigdingsunderscore

the spatiotemporalariations in sensitivity, enriching the comprehension of ecosystem reactions to external factors, and offer

essential insights foefining-Earth-System-Meodel parameters-addancing greening endeavors.
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1 Introduction

45 Over thelast two decades, approximately eth@d of the global land has experienced vegetation gre@@iren et al., 2019)
Concurrently, 53% to 64% of these i@gs have undergone atmospheric desiccétioan et al., 2019)However, research
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has also revealed a rise in available water resources (precipitation supply minus evapotranspiration loss) in ~45% proximat
and downwind zong€ui et al., 2022)Contrary to greening, satellilmsed studies have indicated a-foldl expansion in

regions shifting from greening to browniii@e Jong et al., 2013; Liu et al., 2028)midst the ongoing debates over greening

or browning, and wetting or drying, it is unequivocal that the intricate interactions and feedback meclaamisg water,
vegetation, and climate are altered.

Defined as the ratio of actual to potential evapotranspiration, the Evapotranspirative Stress Index (ESI) can comprehensivel
reflect the equilibrium between water supply, vegetation status, and clsoatitiongAnderson et al., 2013, 201@jigure

1Fig—2tab). Potential evapotranspiration (ETplso known as EJ reference crop ewotranspiration in agricultuye

represents the evaporation potential under ideal circumstaeegle water supply, uniform plant growth, and consistent

crop coverage (specifically, alfalth)and generally considered to be influenced solely by climatiofallen et al., 1998;

Li et al.,, 2022b; Thornthwaite, 1948Regions suffering from water scarcity or limited vegetation cover are subject to
evapotranspirate stress Higure 1Fig—21b), whereas ample water or vigorous vegetation may result in actual
evapotranspiration surpassing the hypothetical poteiialet al., 2022)Figure 1Fig—2a). This occurs because, during th
calculation of ETp, parameters such as canopy reflectance coefficient and surface resistance are fixed for a hypgthetical cro
whereas actual vegetation characteristics can exceed those assumptions. Previous research has proven the the high sensiti
of ESI to earlystage drought, as plant naturally curtails its water consumption before drought fully m@tdiegtn et al.,

2019; Otkin et al., 2018)Therefore, comprehending the underlymgchanisms and associated factors of ESI dynamics is
crucial for implementing prompt and effective drought mitigation strategies, protecting stable ecosystems, and maintaining
high yields.

The evolution of evapotranspiration (ET) stress includes a poSdiyegets dryer" lanéhtmosphere feedbadku et al.,

2022; Gentine et al., 2019; Seneviratne et al., 202@ure 1Fig—1c). Regions subjected to climateluced ET stress are
characterized by low soil moisture and weak vegetation vitality. Isohydric species, in response, will close their stomata to
minimize water loss, albeit at the cost of decreased photosynthesis and diminished carbon acci(@rdasiomd et al.,

2020; Joshi et al., 2022)0n one side, this reduction in water vapor reldage the atmosphere intensifies atmospheric
dryness, further reinforcing climate constraints. On the other side, sustained stress may cause plant mortality duie to hydrau
failure and carbon starvation, resulting in progressively sparser terrestria@timgebveragékono et al., 2019; Mantova et

al.,, 2022) Such a selmplify loop highlights the necessity to consider temporal connections or sustained effects when
exploring the ET stress dynamics. Research based on data analysis and field experiments has untcuetedhteenal

memory effects are particularly pronounced in wiéitaited areagLiu et al., 2018; Richard et al., 2008; Xiao et al., 2024a)
Statistically, the autocorrelation component carve as a good representation of internal memory eftectzieri et al.,

2022; Smith et al., 2022Jor example, Kusch et al., (2022mployed Normalized Difference Vegetation Index (NDVI)
lagged by one time step as a represemtatd intrinsicvegetation memory and compared its role with external
meteorological factors in resing adverse environmental disturbance. Theoreticadly, increase in the autocorrelation

coefficient suggests a decline in ecosystem resilience to elxieteventions or an approach to critical threshdlds,

4



2019; Scheffer et al., 2008)is disappointing that existing research primarily concentrated on external driving factors, such
as meteorological, hydrological, and biotic drivéfeng et al., 2020; Fu et al., 2024b; Jung et al., 2010; Liu et al., 2020c;
Peng et al.,, 2019)herefore, integrating the aegulation of external forcing factors with internal memefjects is
essentiafor an indepth investigation into the dynamics of ET stress and ecological responses.
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Figure 1. Conceptual diagram of evapotranspiration stress and its sefmplify loop. (a) ESI represents thg/drologicatvegetation

atmosphere equilibrium, defined as the ratio of actual evapotranspiration (ETa) to potential evapotranspiratidWh@Tp)sing the

parameters of crops assumed in the PM equation to calculate ETp (also knows i@selidnce cropvapotranspiration in agricultyre

ESI values greater than 1 may ocdli).As regions experience more severe water deficiency or sparser vegetation cover, the balance tilts
90 further to the right, and the ESI value decreases. A smaller ESI value indicaesevere drought condition&) Schematic of the self

amplify feedback loop, where Gs represents stomatal conductance, GPP stands for gross primary productivity, and VPD denotes vapc

pressure deficit. Blue lines depict the atmospheric feedback patimide green lines represent the terrestrial surface process pathway.
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DifferencesVariationsin regional evaporation stress patterns arise from different resfioredevant factors. Soil moisture

95 acts as the supply side of evaporation, whdpor pressure deficit (VPD), as the demand side, pulls water from soil pores
and plant stomata into the atmosph@eng et al., 2020; Liu et al., 2020b)s an alleviator, increased ambient £n
mitigate evaporation by enhancing water use efficigfityet al., 2023; Liu et al., 2017Among these external drivers,
mounting evidence emphasizes the pronounced sensitivity to moisture andLiP& al., 2020a; Sulman et al., 2016;
Zhang et al., 2021a; Zhong et al., 2023pwever, several studies also argue that vegetation structure, characterized by the

100 Leaf Area Index (LAI), plays a key role in controlling the distition of surface energy and laatimosphere coupling that
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determines evapotranspiratifffu et al., 202). In addition to regional characteristic dependence, the differing sampling time
spans are also important contributors to the inconsistent results. In achauaging world, the sensitivity of evaporation
stress to environmental changes may alsovevfisu and Dirmeyer, 2. However, research on theme-varying
sensitivity is still in its infancy even the statef-theart Earth System Models have not yet incorporated it into
parameterization schemes. Existing research investigates these temporal changes by sdgneesérigs. For instance,
Zeng et al.,(2022conducted a regression analysigh 5-year moving window to derive the time series of sensitivity
coefficients, which represent the NDVI's response to precipitation. Similarg,al., (2022)applied interpretable machine
learning algorithms to compute the sensitivity of LAl to soil waker3-yearblock data during 1982 to 2017 to investigate
its temporal changes. However, these approaches only yield average response for each segment, rhibdruehan
"instantaneous or dynamic" sensitivity. Fortunatéfye application of Dynamic Lineaviodel based on Bayesian forward
filtering, as demonstrated hang et al., (2022 theirrecentresearch of global NDVI sensitivity to precipitation, offers a
promising avenue to elucidatas problem

Over the pasttwo decadédh i na' s mean ai r temperature has i nexeeadiag e d

the gl obal a v e r a gancuweht with.clin@té Warming and ldrgeald ecological restoration initiativies

including the ThredNorth Shelter Forest Program, Grain for Green Program, and Plain Greening Fojettal., 202a),

the regional |l eaf area index (LAI) has risen (Ghenetral.,66 %

2019) However, surface soil moisture has sim@llneously declined at 0. 08%-offsec ade

"~y

These rapid environmental transformations, driven by both climate variability and anthropogenic activities, have established

China as a critical natural laboratory for studying codiplgdraecologicaiclimatic interactiongBai et al., 2020; Li et al.,
2018; Zheng et al., 2022)

Here, a memory dynamic linear model (MDLM) that=grates intrinsic lagged effects and concurrent extriios@gng to

guantify both the response of the evapotranspiration stress index (ESI) to environmental changes and its temporal variability

Utilizing the MDLM, we calculate the timearying sensitivity of ESI tiey driversat pixel scale in China over tipast20
two decadegeass, with an 8-day temporalgranularity. The robsiness of the results is verified through a mowivigdow
multiple linear regression modePrior to model implementati@efere—+unning-these-mededhe interpretable machine
learning algorithmdeveragindpased-ortwo classifiersare employed to screen kejrivers of ESI across diverse climate
vegetation zonesn-at 8-, 16, and monthly timescales.Fhe-overarching—aimef-Tthis studyaimis to (a) untangle the
dynamic trajectory of ET stress, (b) investigate the potential driving mechanisms of ESI, and (c) quantify-theytimge

sensitivity of ESI to principal external drivers upon the incorporation of intrinsic memory effectspixeteveland-high
frequeney-analysiOeur findings are expected to narrow the knowledge gap in temporal variability of evapotranspiration
stress response, enhance our comprehension of the complexveggtationclimate interactions and offer insights it

potential improvements for Earth System Models.



2 Materials and Methods

135 2.1 Study-AreaandDatasets
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The Evapotranspiration Stress Index (ESI) (Eq. 1) is calculated as the ratio of actual evapotranspiration (ETa) to potentia

evapotranspiration (ETp). Although ETadks of consensusn definitions and estimation methods, the PeniManteith

(PM) equation is adopted here due to its consistency with the ESI framework. ThedeRAS ETp product satisfies this

200 criterion, delivering integrated datasets of radiation, surface temperahgdenind speed parameters required by the PM

equation. To amid potential overestimation of ETp, we implement t&ng et al., (2019imodified PM formula, which




incorporates the CQwvatersaving effect and is widely adopteddmapotranspiration studi€kian et al., 2021; Zhang et al.,
2023) CO, data were obtained from CarbonTracker (CT2022) for the periodi 2000 at a 3°x 2°spatial resolution.

Appendix A details the calculation procedures of .E&dditionally, we assess the efficacy of other three mainstream

205 evaporation products in represent ESI spatial patterns across China, benchmarking against observational data from 26

flux stations.

210 In addition to the meteorological and €@ata utilized in ETp calculations (Eg4), total precipitation (Precatmospheric
pressure (P), and soil volumetric water conteswr across different soil layers from ERA5 are also considered as

influencing factors for the ESE

The root zone of vegetation serves as a critical

interface for wateplantatmosphere interactiorf&ao et al., 2014, 2024; Waikglandsson et al., 2016Vtilizing root zone

215 depth estimations based on anry&@r drought return period fro8tocker et al(2023) we computed the spatial distribution

of rootzone soil moisturgRsvm) across China through a weighted averaging algoritsendetailedin Appendix B.

Vegetation factors, whicherve akey drivers of the Evaporative Stress Index (ESI), were incorporated through the Global

Land Surface Satellite (GLASS) datasets, specifically the Leaf Area Index (LAI; version V60) and Fractional Vegetation
Cover (FVC; version V4OQfLiang et al., 2013, 2014, 2021jhese datasets feature awa&/ temporal resolution and 0.05°

220 spatial resolution spanning 20@D20. Additionally, Moderate Resolution Imaging Spectrimaéter (MODIS) dataseis
including the Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) (MOD13C1) with a

16-day temporal resolutignwere integrated into the analysishi

225 l6-day-temperal-reselution—aspplied-Besides, Kernel density estimation is utilized to smooth the NDVI data, resulting
in a kernel NDVI (kNDVI) that ielievedto mitigate saturation effects and enharatmustness to noig€ampsValls et al.,

2021) (Eq 25).

@ 0w AT O o
Grids with NDVI value below 0.1 are omitted to exclude areas of barren, rock, sardkgegts) or snovoreover, the
230 Aridity Index (Al), is calculated as multiyear average (200120) by the ratio of annual Prec to ETp using the ERA5
datasetThe lower the Al value, the drier the region, which is used to classify the study area int@ntiffe
hydrometeorological zones: shbu mi d (0. 5 O -aArli o< (00..6255)0 Aslemi 0. 5) , and a
with an Al exceeding 0.65 are categorized as-aiytand areagSpinoni ¢ al., 2015) To mitigate the effects of langse
changes, the annual China Land Cover Dat@éanhg and Huang, 2021jeaturing a 3dneter grid spacing for the years
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2001 2020, are employed. Onlyridplets with consistent land cover ty@esropland, forest, or grasslahaver the entire
study duration were selected for further analysis, as depicied A1l .Fig—2a.

The datasets and ppzocessing procedureme summarized imable S1.All variables were interpolated to a spatial

resolution of 0.1°to match the ERA5 dataset and were composited over three distinct temporal stajest&lay, and
monthly. The selection of datasets was guided by criteria that included high accuracy, fine spatial resolution, and a broac

temporal coverage.

2.2 ldentification of the key drivers

Regarding hydrothermal conditions and vegetation variables, there aralseays to represent each, with a varying number

of proxies. For example, vegetation health can be gauged though multiple indicators such as FVC, LAI, NDVI, and kNDVI.
In contrast, the energy conditions considered in this study are limited to T anddipatity in the number of variables

may lead to a bias within the model, favoring certain feature groups and thereby undermining the accuracy of feature
importance assessmensiu et al., 2024) More critically, a high degree of correlation between feafute®mwn as
multicollinearityd may cause overfitting, where the model becomes excessively tailored to the training data, compromising
its ability to generdte. Before model construction, it is essential to identify the principal factors influencing ET stress.
Explainable machine learning (SHapley Additive exPlanations) offers an efficacious approach to feature ged€imn

Mardio Jinior and Eler, 2020; Li et al., 2022a)We utilize explainale machine learning models, specifically XGBoost and
Random Fores{RF) regressors, to assess the relative importance of drivers. SHAP values can indicate the marginal
contributions of each predictor, with higher SHAP values denoting greapertance(Lundberg and Lee, 2017Both
XGBoost and RF, as ensemitdlased approaches, mitigate overfitting risks and bolster result stability, yet they differ in their
suitability for various scenarios, data volume, task complexity, and watignal efficiency(Breiman, 2001; Chen and
Guestrin, 2016)To optimize the regression model, we use grid search techniquesf@ddcEossvalidation for parameter

refinement. Furthermore, reqularizatin par amet er s wer e integrated alongsi de

overfitting risks and rigorously control model complexitye—execute—the—optimization—process—at—a—regional- scale

computational-resourceMloreover, we employ partial dependence plots (PDPs) to elucidate the effects of key drivers on the
ESI , illustrating the model 6s widual drivegsewitip atherdsariabtes held comsiarg p o n
(Friedman, 2001, Gt r u.nPDRslpjovida a\dsuaKdepiction ef th& dynamie idtdrptay between ESI

predictions and changes in critical factofs. enhance the robustness of PDPs, we performed 30 iterations with varying

randomseeds and averaged the resulting estimates.

Persistent common trends and analogous seasonal patterns can result in overfitting, thereby concealing the actual caus
relationshipqLi et al., 2022a)Fig—3Figure2a). In our SHAPmode| we input deseasonalized and detrended anomalies of
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each variable. Seasonality is mitigated by subtractinglthetological mean, and loAgrm trends are eliminated through
the application of a locally weighted smoothing filter (LOWESS) with a span ¢€0e8eland, 1979)

2.3 Exploration of the time-varying sensitivity

The sensitivity of evaporative stress to key dmsv(identified in Sect2.2) in this study is a proxy of the response of the ESI
to variations in drivers. Givethe presence of sedmplify mechanisms, the previous state of evaporative stress can be
represented by a |l autocorrelation model. The mathematical expression for sensitivity is as follows:

10Y0— 10Y0O — 70YO — 100Qi — 10&Qi— 106aQa— | w0QQQ o
wheregl 'O Qj| 0¢ Qj 6 a Cand) @ 'Q Qe anomalies in hydrological, energy, climatic, and vegetation conditions,
respectively, with subscripts indicating that the anon
represents the sensitivity of evaporative stressinvéstigd i n t hi's studys 1@W® U 10%0t he ¢
denotes the stress states from the previous 1 to 5 stages. Considering the lagging effect, we constructed a memory dynan
linear model based on Bayesian forward fittgr(MDLM) to analyze the tim&arying sensitivity of ESI. This model draws
upon the foundational work ofanlan-Liu; et al. (2019) and ¥ae-Zhang et al. (2021) which primarily examines the
vegetation's@sponse to antecedent growth states and prevailing climatic conditions.
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Figure-3. lllustration of time series decomposition angroceduresfor sensitivity analysis.(a) Conceptual diagram tie time series

structure, where the blue line denotes the iatraual sequence, the green line signifies the interannual trend, and the brown line illustrates
the seasonal cycle pattern. (b) The output of the MDLM model. (c) The results froryehe fBoving window multiple linear regression
model, in which Y represents the anomaly of ESI, X indKeandthees t h
subscript denotes the specific time point.
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Dynamic linear models serve assaphisticated statistical methodology for modeling tsedes signals by incorporating
various contributing factorg¢Prado et al., 2021)For each pixel, a MLDM was developed, encompassing-temg
evaporation stress trends, seasonal cycles, the effects olnteemory from the previous five stages, and various external
drivers. DLM effectively decomposes the ESI series into three components: local mean and trend, seasonal pattern, an
regression part. The MDLM, utilizing Bayesian forward filtering, enablegitbdiction of the dynamic relationship between

ESl's regression components and driving factors at each timestep, depicting an "instantaneous" Pedgiitinsally, this

approach allows sensitivity analysis in both stationary andstationary scenarso(Liu, 2019; Zhang et al., 2021byith

model precision increasing as sample size grows. Therefore, we calibrated MéiDdlam 8day resolution, the finest
temporal scale available, with data allocation comprising 80% for training and 20% for validatisrsplit-aimed-at

on theMDLM model are available in Text S1 of the Supporting Information.

Furthermore, we employed a multiple linear regression (MLR) witty@as moving window to calculate a rough sensitivity
sequencéor comparison-aiming-to-verify-tieaccuracy-of resulisfrom-the-MBLN o0 ensure the sensitivity reflects the
relationship between the ESI anomalies and their drivers, we manually subtracted ttenoagerage within an-8ay
interval from the original ESI series to remove seasonditsnsequently, we applied the LOWESS method to eliminate
local trends, thereby obtaining the ESI anomalies. Based on FoB@uwee established a MLR model and analyzed the
regression coefficients, namely, the sensitivity coefficients, across each momthgawit is crucial to acknowledge that the
sensitivity derived from the MLR model represents an average response across a designate(Fwingieiyure 2c). The
MLR provides only a rough sequence of sensitivity, which is utilized to confirm thearebing trend throughout the study
period.

The regression coefficients obtained by the two methods are partial regression coeffiflentsg the magnitude and
direction of the relationship between the variable and the ESI while holding other independent variables coestanéto

the obfusating effects of collinearitToyoda, 2024)-The precise elucidation of reaforld phenomena's intricacies

necessitates incorporating a broad spectrum of representative davensei

imperfoveprevent overfitting due to
multicollinearity, we evaluated the variance inflation factor (VIF) for the independent variables before m(ielkhay,
1991)(Table 12 in Supporting Information).

Besides, we employed Sen's slope estim@en, 1968}o quantify the temporal trend and the Matendall (MK) test to
ascertain the statistical significangéndall, 1949; Mann, 1945The slope>0 signifies a positive trend and slope<0 denotes
a negative trend over time.

This study comprehensivelnvestigates the dynamic trajectory of evaporative stress by comparing the Evaporative Stress

Index (ESI) calculated using the conventional PM formula from 1950 to 2020 with the ESI derived from the PM formula
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i ncor por at isavigg effeCts fromv 200te 2020, enabling a detailed examination of its variation characteristics.

Subsequent analyses are conducted using the latter due to limitations in the influencing factors' data series. The SHAP mod

is applied at 8lay, 16day, and monthly scales totaim temporally robust importance rankings. Furthermore, to calculate

sensitivity, the MDLM model operates at ail@y temporal resolution, as a larger sample size enhances parameter accuracy.

The temporal evolution patterns of sensitivity coefficientseamored at an interannual scale.

3 Results
3.1 Evapotranspiration stress is intensifying in China

China mainland demonstrated a pronourgecline in the ESI from 1950 to 2020tal change of 4.74%jeaeasing by 0.54%

d?, p < 0.001). Despite the elded ESI values accounting for the £®atersaving effect, the downward trend remains
largely parallel to the lonterm series, indicating a continued exacerbation of evaporative 0 &a%odecadée, p = 0.31).

Note that tracking the tendency annuatlyer a 70year time series confers enhanced statistical significance due to the
expanded sample sizéi§—4Figure 3a). Collectively,the ESI for each month is on a downward trend. It remains stable
during the intial phase of the growing season (0.580.08). Commencing in April, the onset of the growing season prompts a
marked increase in ESI, coinciding with improved vegetation conditions, and culminates in a peak between 0.9 and 1.0 by
August Eig—4Figure 3b). Spatially, over onguarter (28.01%) of the regions nationwide have registered a significant
reduction in ESI (p < 0.05), concentrating in the North China Plain and the Northeast wheate therpassing 2.40%
decadé. Concurrently, streda the Northwest and the middle to lower Yangtze River basin is edSmg!Figure3c). ESI

exhibits a sharper decline in drylantél change of 7.63%gegeasing by 0.91%atade, p < 0.001) compared to the

stable and gradual decrease im+aoyland lands(total change of 2.92%ceaeasing by 0.32%lecade, p < 0.01) Fig-

4Figure 3d, $24). This decline is observed universally across various land use categories, with cropland experiencing the
most substantial reduction and concurrently exhibiting the highest perceritageas aggregated1(14% dcade, p <
0.001;7.59x10°kn?, 50.24% of the total cropland are&jdure 3ce, 9, S2Fig—4ce~-4). Similar dynamics have been
observed in ESI factoring itné water conservation benefits attributed to,FEV¥en so, it is alarming that the decline in ESI

for droughtprone and agriculturintensified regions in the recent two decades has outpaced the rate documented over the
preceding 70 years1.63% dcadé vs -0.91% dcadé in dryland,-1.60% dcadé vs -1.14% dkcadé in cropland).

Consequently, the progression of wategetationclimatestress conditions in these areas necessitates increased scrutiny.
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Figure4. Dynamic trajectory of ESI across China from 1950 to 2020(a) Time series and linear regression of the mean regional ESI,
with the traditional PM equatiederived ESI shown in dark green aheé CQ water conservaticadjusted ESI in light green. (b) Intra

annual distribution of ESI, with each line corresponding to a different year and darker hues indicating more recentB®baner(d over

the preceding seven decades, quantified by Skaps, where lighter shaded regions denote statistically significant trends at the 0.05 level.
The inset graphically summarizes the significant (darker shades) arsigmificant (lighter shades) changes of ESI across various
vegetation types.dhel(d) and (e) illustrate the distribution of ESI trends in both arid and humid zones, as well as across divesee land

categories.

3.2 Soil moisture as the primary external driver

We assessed the relative importance of water supply, climatic, energy, atativagactors on the ESleross-various
temporal-seales—and-regional-characteridirough an interpretable machine learningdel utilizing RF regressoend

XGBoost regressorTable S2 presents the performance metrics of two models. Despite extensive efforts to prevent

overfitting through parameter optimization (Method 2.2), the relatively low validation accuracy still reveals SHAP model's

susceptibility to misallocating featun@portance among highly correlated variables. To address this, we generated multiple
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training subsets through categorical divisions of temporal scalday(816day, monthly) and spatial partitions (drought

gradient and land cover types: cropland, forgsissland). This approach enabled us to obtain diverse importance rankings

across China's regions and derive statistically robust importance hierarchies through distribution Binaigests £3).

Both modelsFigure-5pinpoints shallow soil moisture (0cm) as the paramount dely indicating that its scarcity is most
likely to trigger evaporative stress, especially in wiiteited regions, consistent withiebig's law of the minimungDanger

et al., 2008; Tang and Riley, 202Bdditi esolution

-Among all the vegetation
proxies, LAl performs the bestwihich—is—probablylikely attributablettributedto its closest correlation with stomatal
conductanceHig—5bFigure 4b)._Similar importance ranking distributions were observed using RF regressor (Fig. S3b).

Comparatively, the XGBoost regressor exhibited enhanced stability across multiple subsets, with minimal divergence

between training and validation performance metricsbl@e52), prompting its selection for subsequent importance

guantification analysisThe crossvalidation reveals that, across arld@y interval the impact of factors associated with

water, energy,lamate, and vegetation on ESI variability declines setjalgn contributing42%, 24%, 21%, and 11%%;
34%-16%—and6% to ESI, respectivelyHigure-&b). Within each category, the drivers exerting the greatest influence are

svmG7 (0.19¥0:30), Rn (0.18¥06:29), VPD (0.14%0-20), and LAI (0.03) {6-02)-(Fig—65a)._Monthly-scale analysis reveals

amplified hydrological requlation (water contribution = 0.56) with concurrent suppression of vegetation and energy controls

(Figurebb, S4, S5)demonstrating scaldependent hierarchy in ecosystem stress controls.

Following collinear variable filtering, we identified svailQ Rn, T, VPD, UP, CO2, and LAl as critical external drivers of

evaporative stress (parameter set R0). Given precipitation's secondary ranking i@, sven@stablished scenario R1

substituting precipitation to examine hydrological driver divergence (Appendix C). SHA® paifbration across temporal

scales revealed ESI response patterns for both variable sets. Reduced multicollinearity enhanced model stability (Table S3).

ESI generally exhibits a nonlinear relationship with several critical factegs—€Figure 5c-j). Notably, ESlreduces
considerably with a higher VBDN, Rn, but increasg with U, LAl and svmé&/. Similar patterns are observed across analyses

at various temporal resolutions, reinfargithe robustness of our findings (FigleS S5%). Moreover, the nomonotonic

interactions between P and £®@ith ESI highlight the imperative for detailed investigation into how these factors influence

the exacerbation or mitigation of evaporative stress across various numerical rarggessential to note, however, that

apart from Rn, an escalation in teonal scale granularity generally results in a decrease in the linearity and monotonicity of

the ADPs (Figure5c-j) for the variables. It can be ascribed to the intedateractions introduced by data averaging, or the

distortion effects of noise, which tend to obscure the relatior{figire 5, $4, S5.we-ebserve-thattheresponseofESI to

Jaege onpresen il'a eatn ope'Bn arn aae na—th affa ‘e mitia on—o e a only when

/ low

ndings (Fi
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Figure 4

Figure-5. Identification of the key external drivers of evapotranspiration stressndex (ESI). (a) Matrix plot employs bubble size to
represent thabsolutevaluesof SHAP, with a color gradient from blue to red denoting negative and positive effects, respectively.
Numerical annotations ithin each bubble denote the rank of importance for the variables, with higher valuegirgiggifeater
influence.These ranks are obtained from an explainable machine learning utiiziBgostregressors. (b) Boxplot provides a statistical
representatio of the variable rankings across varying underlying surface conditions (corresparithi@mpw it's in), where the black line
denotes the mean ranking and the red dot signifies the median ranking. The analysis incorporates vegetation facto¥CsEWlas F
NDVI, kNDVI, and LAI; meteorological factors including atmospheric pressure (P), carbon dioxidg ¢@@entration, wind speed (U),
and VPD; energy factors encompass air temperature (T) and net radiation (Rn); and water supply factors, whidhraoemipitation
(Prec) and the soil volumetric water content (svm) across various soil layer depths, with subscripts specifying thegdgeptithr&T
indicating the soilayerfrom 0to 7cm_and Rsvm representing remine soil moisturelnputs tothe model are the anomalies of all
aforementioned variables.
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Figure-6. Importance and partial dependence of external driving factorinfluencing ESI. (a) Relative importance of hydrologic,
420 energy, climatic, and vegetation factors in explaining B&8h eachcategoryencompassingultiple indicators.The significance of these
indicators is visually encoded by the color scheme of the bars matchintatieds on the left. (b) Piehartillustratesthe proportion
of thefour categorieslescribedn (a). (c-j) Partialdependencgraphscorrespondo thefollowing variablesjn order:
P, U, COz concentrationVPD, T, Rn, LAI, andsoil moisturecontentfor thetop 0-7 cm-PBP-plets-were-generated-using-30-randem-seeds,
: i : : iple-iterBliettickenedines indicate the average effects, and the
425 light lines around them indicate 30 random incidents from the dataThigSigure is based on anddy data series and generated through
a SHAP model employing dGBoostregressors, which processes the an@saif the variables as inputs.

3.3 Undergoing dramatic changes in sensitivity of key drivers

To quantify the influence of these variables on the ESI, denoted by sensitivity paraifietble %), factorial simulations
430 are conducted using the MDLEhd MLRmodel. The findings demonstragelid stability andpowerful interpretability after

successfully passing the multicollinearigst(Table S12). Compared to the traditional MLR model, the estioraaccuracy

of the MDLM is significantly improved: the R2increases from 0.61 to 0.88, while the RMSE and MAE decrease by

approximately 0.01Kigure6a). Additionally, the MDLM demonstrates strong spatial consistency across the entire domain
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(Fig. S7S8). Although the—sequences for all variables estimated by both models are generaldy,siifferences emerge

in the specific morphological fitting, particularly fer and— (Figure 6gh). Notably, significant differences (p < 0.05) are

observed inthe sequences of key factors-( ,— ,— ,— ) estimated by the two model

enhanced capability in estimating these sensitivities. Specifically, the MLR model generally underestimates the sénsitivity o

mostva i abl es (except f or T and CO ), exhibiting a concen

when svn@-7 is replaced with Prec, the numerical distribution and oscillation characteristics of the parameters of the two

models show aimverse relationship, which may be attributed to the interaction effects among the variable Figuue®

S6). The most pronounced linear changes in sensitivitplaserved for moisture (sWi¥7 or Prec), VPD, and LAI across

both parameteress (Figure6, S6), which are the primary focus of this study. In contrast, the contrisutfoother variables

to sensitivity exhibit significant fluctuations and unclear trends, necessitating further investigation into their mecmhisms

sources of uncertainty in future research.

Soil moisture stands out as the paramount and sewstitive factoryith its sensitivity demonstrating a significant upward

trend in both models, albeit with quantitative differenffeigure 6b). According to the MDLM results;— _increased by
9.49% over the past two decades (0.03N0.01 yr ¥V, p < 0.

stable levebf the previous decade. In contrast, the MLR model, while producing a slightly lowermea2.36 vs. 2.98),

exhibited a more pronounced growth trend (0.05N0.01 yr

peak timing isan inherent consequence of the moving average pro&ssshserved in similar studie$ang et al. (2025)

reported analogous evolutionary patterns and attributed this phenomenon primarily to climatic vaitlvesstm3m2

ithvignperady.other pivotal drivers,
— and— exhibitconsiderableetablenumericalvaluesandeensiderabldrends(Fig—-S9Figure6, S6. On average, a

1 kPa rise in VPD correlates with an estimated3% (#6.88%)-increase-in—evapeorative-stress—Conversely—anier




470

475

480

485

490

495

500

various-grids-in-Chinaapproximate 16.84% rise in evaporative stress based on the MDLM, wisighity lower than the

19.74% increase estimated by the MLR. Moreover, the MLR predicts a higher annual grod@h.r87 N 0. 07 % vy r
N 0. 05% yr (Fgure6p). Sknilaly, régarding the role of LAthe MLR projects a more substantial downward
trend, with a cumulative reduction of 82.16% (compared to 45.77% in the MDLM) and an annual decbh®.d8e-0.02%

yr ¥ (as opposed to 0.16 N(Figure6dB Phis guggedts thatrthe pehceivedvdddlind jn thp <
efficacy of vegetation greening for drought relief, as evaluated through conventional MLR methods, might be overstated.

Moreover, the consens result obtained using Parameter Set R1 corroborates the robustness of this observation (Fig. S6d).

varies-considerably-across-differentlamb-types— _is predominantly higher in the southeast and lower in the northwest,

whereas— exhibits a complementary patterRidure 7a, S10a). This indicates that in_humm&bions, the ESI is more

significantly affected by soil moisture regulation, while in arid regions, gbort precipitation can substantially alleviate

evaporative stressThe specific mechanisms awiscussed in detail in section 4.2dditionally, — demonstrates

considerable variation among different laumgk types, withlfForest shows the strongest sensitivity and the most drastic
changes, followed by croplangnd grassland (MLDM: 4.27>3.60>1.1Fjgure 8ad). {Fig—8be—S13be) A plausible
explanation is that regions endowed with optimalter conditions and robust ecological structure exhibit increased

sensitivity due to the magnified impacts resulting from disturbances to the equilibrium of hydrology, climate, and vegetation
(Forzieri et al., 2022)Notably, these highly sensitive hotpotstdr i but ed near the fiHu Lined a
basin Eig—8Figure 7a). Given the recent shifts in forest composition (lesgale planting of single tree species) coupled

with the increasingrequency of extreme climatic events in these afRaanet al., 2022; Yin et al., 20223pecial attention

is neededFurthermoresizeable area@IDLM: 4.00X1.08 km?, approximately 48.3% of China mainlareRperienced a rise

of— ((Senbs Sigue@gag with 8 similar spatial distribution also observed in MLR (F$§a). However, MLR

underestimates— in _nearly all vegetated areas (~93.6%), while markedly overestimasingcreasing trend across

approximately 58.5% of these areas, particularly in southern redians€7d, S9a).

— however,Similarly, MLR also exhibits a compainle spatial pattern of underestimation in values and overestimation

in trends when estimating- _(Figure 7be, S9b). 1l exhibits notable regional disparities, with dryland encountering a
3.-451.64fold greater increase in ET stress per unit of VPD compared to wet reglansv(: -23.02% vs-14.07%——~=
7:91% vs 2.51% Moreover— in arid regions is decreasingd(89% decade-0.08% -, p < 0.01), in contrast to an
increasing trend observed in humid regioB$§%decadeg0-75%d*, p < 0.001), so that the discrepancy between dryland
and nondryland is anticipated to widehriqure 8beFig—8def—S13dei-Consensus—resulis—obtained-by-the-MLER-method
sdbstantiate-the—authenticityand-reliability—of the finding{FS43). Notably, MLR indicates an even more pronounced
divergence in trends between dryland and nondryland regiehdl1% vs. 6.58%decad€, p < 0.001, Figure

8e).Interestingly, the response of evaporative stress to HAI Y exhibitscan-manifesin both positive and negative ways.
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Approximately29.6%20% of the national territory2:872.81 X10% km?), counterintuitively, experienced an increase in LAl
coupled wih intensified ET stress{ < 0), predominantly in théoess Plateau, North China Plaand lower Yangtze

River region Fig—8g_Figure 7c). In the Loess Plateau and North China Plain, extensive research has linked rapid greening

and the expansion of intensive agriculture to heightened water défeitg et al., 2016; Lu et al., 2018; Wang et al., 2024)

In the lower Yangtze River region, observational evidence suggests that elevated LAl reducesievggbang et al.,

2021c) This phenomenon may arise from the shadiffiece of increased LAl in energymited areas, which diminishes

radiation reaching the surface, lowers soil temperature, and thereby reduces soil eva(fandien et al., 2020)Regions

where increased LAI led to alleviated stresslargely situated in proximity to the "Hu Line{— > 0 , 4.01 1T 1
~42.27%){——>04.96X.0-km?=52%) Here, the trend of sensitivigiso shows a significant decrease ¢ n 6 s<0,s | op e
Figure 7c-0-05-d%—p-<-0.001.Fig—8h,-S13N. Furthermorethis-arearepresents—a-hot3ihid region is a focal poinfor

China's afforestation effor{Zhan et al., 2023)Jmplying that the benefits of sustained greening in reducing ET stress might

be lessening. Additionally, the regulation of artificial agronomic measures render minimal and-staliecropland

(MLDM: — = 1. 11 %, S @.A8slecasld, Biguee 8cf———=0.27%;-slope-=0.27%d"—p-<-0.01Fig-8i}).
Figure 8 further illustrateghat the values and trends-ef ,— , and— , asestimated by MLDM and MLR, display

statistically significant differences (p < 0.001) across nearly all climate zones and vegetation types, underscoririg substant

methodological discrepancies. Within the same land use cateqgories, the MLR model congist@athstrates more

dispersed sensitivity trend distributions and greater-iytoaip variability(Figure8).
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Figure 6 Sensitivity of the ESI to external drivers and its dynamic trajectory. (a) Distributions of R2ZRMSE, and MAE for MLR

and MLDM models across all grid cells in training and validation sets, with triangles marking median pdbitipRstime series derived
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545 from MLDM (red) and MLR (blue). Dashed lines indicate linear or guadratic fit trends, with shaded regions representinufiééticeo
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3.4 Sensitivity of soil moisture increases with enhanced greening

In light of the prominent greening tendenay China, we further explored the connection between greening and the
sensitivity of variables that change dramaticaiyg(ire 9Fig—9). In extremely humid igions (AI>1.5), areas exhibiting
more rapid greening trends are associated with lewer values Figure9Fig-—9a). Conversely, in less humid regions (Al <
1.5), particularly in semarid and semhumid areas (0.2 < Al < 0.65), there is a consistent increase in-botland its

trend alongside thgradient of greening trendsuggesting higher sensitivignd greater acceleratioftiure 9Fig—9ab).
Specifically, when-00.2 <Al<1.50.5, — exhibitsa progressive increase frob641.30to 2-78.20 while the associated
trend simultaneously escalates from approximately 0 to 0.2. In cortrastand—

L
C

C

and their trends do not exhibit a-co

varing gradient pattern along the greening trefidsufe 9Fig-—9d-i). Remarkably, drier regions with sloweaceof greening E
display greater absolute values—ef (s— § Figure9Fig—9d), suggesting that heightened VPD amplifies the impact of E
ET stress on a pemit basis. However, in areas with rapid greengrg, stends to be diminishedrigure 9Fig—2d), as the E
enhanced transpiration associated wihser vegetation could elevate atmospheric moisture levels, potentially offsetting the
stress from inarased atmospheric moisture defigiig(ire9Fig—9d,f). These findings imply that vegetation greening may, to C
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610

some extent, enhance the ecosystem's resiltengemospheric droughta-humid-regions-the-band-between\VVPBb-and ETa
or-ETp-decouple-due-to-surplus-water { >0, Fig-—9d)--Concerning— , a higher rate of increase in LAl corresponds to a

Fi

more rapid decline ir— , resulting in a reduced efficacy of LAl in mitigating evapotranspirgti@ssur

C

i). Consequently, the alleviation of water stress achieved through greening initiatives might not be as substantial as

anticipated.
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Figure 9. Sensitivity and its trend of ESI to svmG7, VPD, and LAI along greeningand aridity gradient. (a) The grouping statistics

615 of Py, 5across different bins, categorized by differing degreesidity and trends in LAl. Median value is shown for each grid and the
number of grid points within each bin is shown in SupplementaryJ3igs. Similar to (a), (b) pertains to the grouping staissof the
trends ofPy, . (C) The conceptual diagram delineates the covariation between LAI trendsgandncluding their respective trends, in
regions with an Aridity Index (Al) below 1.5. It offers a conceptual interpretation of the padkepicted in (a) and (b) for these areas.
Note that an increase in ESI indicates a mitigation of evaporative skegges (df) and (gh) are analogous to {3; however, their

620 protagonist is VPD and LAI, respectively. figures (ei), the upper rightorner indicates the aridity of regions adhering to the specified
pattern. A red line with a "+" sign denotes direct proportionality, wherea$ sigh accompanied by a blue line indicates inverse
proportionality. A grey dashed line represents an ambiggio r el at i onshi p, and a black dashed |
its corresponding trend.

4 Discussiomnd-Conclusions

625 4.1 Mechanistic Advancements of the MDLMmodel

Previous research has largely focused on the-flermy averageesponse of individual variables in the hydrologiciahatic-

vegetation nexus. Our study employs the Evapotranspiration Stress Index (ESI) as a metric to assess the dynamic equilibriu
of the system and introduce the MDLM model to capture its-tiarging responseKigure 1Fig—1). The MDLM model,

characterized by its mechanigiriven architecture and operational simplicity, can inherently detrend and deseasonalize data,

630 thus eliminating the need for anomaly {m®cessing. It demonstrates significant performance advantages: gimulati
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640

645
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655

660

accuracy is enhanced by 44.26% compared to menindow MLR (with R2increasing from 0.61 to 0.88Figure 6a,

S6-S8), consistent with high fitting accuracies (>0.8€)orted in other studigZhang et al., 2021b)rhis improvement is

primarily attributed to the MDLM's use of Bayesian forward filtering for dynamic parameter estimation and its capability to

approximate nonlinear dependencies as gugesar relationships at discrete temporal nodégure 3). Consequently, it

provides timespecific analyses, unlike the windeawveraged sensitivity generated by M{IRu, 2019; Zhang et al., 2022)

Pixelscale model comparisons indicate that the MDLM model consistently exhibits superior performance across the entire

study area (Fig. S7, S8). This highlights its high flexibility and broad applicability, enabling adaptation to diverse climat

conditions and terrain features. More importantly, a comparison cf#egjuences for key variables (svm, VPD, and LAl),

reveals that the MLR significantly overestimates their temporal treffidsiré 6~Figure 8, S6, S9, S10). These MLR

processe® sequence truncation, smoothing, and simplification of nonlinear dynamimsonly lead to signal lodsut also

cause substantial differences—H@volution trajectoriesKigure 6g, h; Fig. S6g). These findings highlight the need to re

evaluate the suitability of tradithal moving average methods for determining iiaiable coupling strength or temporal

sensitivity trends.

4.2 Enhanced Evapotranspiration Stress and ItsMoisture-Driven Mechanisms

equilibriu

—Our findings indicate that
despite the watesaving benefits attributed to elevated atmospherig I€Is, various regions across China have distinctly
encountered a heightened evaporasuess fig—4Figure 3ab, 94). This phenomenon is in concordance with several
detrimental environmental shifts recently documented, including the desiccation of land surfaces, intensification of
evaporation demanend depletion of groundwater reser(@ssechko et al., 282Qing et al., 2023; Yuan et al., 201%he
pronounced increase in Esfress in dryland and cropland underscores the vulnerability of these ecosystemBidure
3cde,S3-4S1, Sac). This is primarily attributed to the considerable desiccation of soil moisturéS(Eig), which serves
as the exclusive direct watsupply source foterrestrial evaporation proces8ewhether through evaporation of land
surface or transpiration via plant ston@a@nd thus exerts a paramount rg@mith and Boers, 2023; Zhao et al.,
2023)_Figure4~Figure 6, S3~SEig—65-4 S5-S7). In the past 20 years, due to increased soil veesitivity, soil water
variability has led to greater ET stress intensificatienre 6bFig—6}, 78596}, SL1a7f). Sporadic studies on timerying

sensitivity also reveal that water supply has a gradually increasing impact on ecogiteshsl., 2023; Li et al., 2022a;

Zeng et al., 2022; Zhang et al., 202Qur simulation scenarios using precipitation as aypfor moisture also corroborated
these findings (FigS69be, S1024). Hence, addressing the threats posed by soil moisture deficits to water and food security

in arid cropland becomes imperative when implementing agricultural practidéguingly, our esearch identifies a

complementary spatial pattern between (southern highmorthern low) and— across ChinaHigure 7a, S10a). In
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720

725

northern arid/serririd regions characterized by low initial soil moisture, precipitation acts as an "instantaneous input” that

rapidly replenishes soil moisture and substantiallgviates evaporative stress, exhibitlighersensitivity. Conversely, in

southern humid regions where soils maintain 1sedmration moisture levels, surpassing thegxisting hydreequilibrium

threshold triggers disproportionately severe ecosystenwurbations. Consequently, ESI in these regions demonstrates

heightened dependence and sensitivity to soil moisture dynahtably Analogously despite a relatively moderate

increase in forest ET stresBig—4Figure 3cde, 23,-549, soil moisture sensitivity emerges both highly pronounced and
rapidly enhanced in recent yeafSqure 8aFig—S8be—S13b). In regions with favorable hydrological conditions and stable
ecological structures, the collapse of the hydrologitiatatic-vegetation system can precipitate profoundly adverse effects
(Forzieri et al., 2022)Furthermore, in the face of increasingly intense and severe extreme climatic events, complex

ecosystems require enhanced scrutiny to formulate proactive strategies.

4.3 Ecological Implications of iGreening but Dryingo Feedbacks in a Changing Climats

Additionally, the greeningpace mayalterthe ability of ecosystems against multippesof water stress. On the one hand,

in semiarid and-humid regions, the sensitivity of ESI to soil moisture and itsalgdity are proportional to the greening

trend figure 9Fig—9abc). Therefore, onceswil drought occurs, the adverse impact on ET stress increases, suggesting thC
overly rapid greening can diminish an ecosystem's resilience to soil drought. Specifically, when afforestation surpasses th
carying capacity dictated by regional hydroclimatic conditions, a slight sfititl can trigger the selimplify cycle and

resultin the degradation and mortality of vegetation, known as overshoot dr@lgirig et al., 2021bFrom a longerm

lens the reliance on irrigation in the initial stages of artificial vegetation establishment, aismegiiahg plant survival, can
hamper the formation of deep root systéiisrenoMateos et al., 2020; Xiao et al., 20248)ch a practice undermines the
plantgroundwater linkage in dryland, subsequently diminishivegr resilienc§Wang et al., 2023)Y0n the other hand, VPD
sensitivity and the greening trend exhibit an invegssdient(Figure 9Fig—9d), particularly in arid lands with high-

valuesFigure 8b), indicating that greeningn drylandshas improved the ability to cope with atmospheric drou@hio

mechanisms may explain this phenomenon: (1) Beeted vegetation in certain arid zones accesses deep soil moisture

during droughts, releasing it into the atmosphere via transpiratiodirectly elevate humidify though this may

simultaneously intensify soil ariditft iang et al., 2024; Sun et al., 20212) Greeninglowers surface lbedo, suppressing

surface temperature increases and thereby mitigating atmospheric drought through indirect thermal (@haagaet al.,

2024) - €pncerning LA,

a more rapid greening trend correlates with a diminishing contribofidrAl growth to the alleviation of water stress
(Figure 9Fig—9d, 8h, S18). Furthermore, in certain regions, an enhanced LAI may exacerbate waterFstress/CFig- E

8g). Gleason et al(2017)hasfound that high vegetation density may exacerba-species competition for watdeading

to increased water stress for individual plants or specific plant communities, providing a cogent explanaticsutoome.

Collectively, although greening Isatraditionally been considered a positive environmental adjustment, we advocate for a
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more critical and dialectical understanding. In adherence to sustainable development imperatives, policymakers anc
decisionmakers are tasked with the precise identificaof regions amenable to greening initiatives and the establishment

of quantifiable benchmarks that will safeguard ecological equilibrium and foster enduring sustainability.

4.4 ResearchLimitations and Prospects

Although this study provides interesting results fbe interplay between regional greening and complex ecological
couplings in Chinathis studyremainssubject to certain limitations in methodology and dilste-that-however—ourstady
is—subject-to—certain-limitationdirstly, the observational sangpkize from flux stations is insufficient, as it has been

employed solely for the screening of reanalysis products rather than for dynamic factorial simulations. Secondly, the

substantiaktandarddeviations observed iseme-groupParaneter Set R@nd R1 indicate that other local factors, such as

soil texture, vegetation acclimation, plant demographic rates, and vegefatiodwater dependency may exert
considerable influencéAbel et al., 2024; Fu et al., 2024b; Patel et al., 20Rre indepth studies based on letegm
ecophysiological observations and purpbsét field experiments are required to further unrabel complex mechanisms
of VPD, soil moisture, and LAl in landtmosphere interactions.

Finally, what are the key implications given the foreglimpse of intensifying evapotranspirationcsfressing with its

driven-bythe increasingsensitivity to soil water deficits in a greening China? Soil water variability would lead to greater
changes in the ecosystems undergoing rapid greening. That is, stronger drought effects can be expected when soil water
aromalously low. Concurrently, thincrease in LAl may not alleviate evaporative stress as much as expected. Combined

with the increasing frequency and severity of extreme climate events, a "greening but drying" trend may thus be more

prevalent in the future, potentially raising the rigkecosystem imbalanc@®urwerk-fills-a-critical-gap-in-our-understanding

5 Conclusions

Our study introduces a memedyiven dynamic linear model (MDLM) that integrates the “*detdrier” legacy effects to

evaluate timespecific sensitivities of evapotranspiration stress drivers in China under rapid vegetation greening. Using the
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Evapdranspiation Stress Index (ESI) as a proxy for ecosystem wai@ospherezegetation equilibrium, we documented a

4.74% intesification of ET stress across mainland China from 1950 to 2020. Soil moisture sensitivity was identified as the

dominant driver, showing a 9.49% increase during PR020. Enhanced vegetation greening exhibited stronger coupling

with elevated soil moiste sensitivity but reduced VPD sensitivity, reflecting greater susceptibility to soil drought

concurrent with improved resilience to atmospheric aridity. Comparétetwonventional movingvindow multiple linear

regressioMLR) method the MDLM frameworkincreased the coefficient of determination (Rgby 44.26%, significantly

improving sensitivity estimates for criticdlivers Methodologically, this work underscores the need to criticalsvaduate

trend overestimation inherent in traditional MLR nwth. Our findingsadvance mechanistic understanding of complex

regional ecosystem dynamics and offer guidance for steering greening strategiesatomared stable equilibrium among

water, atmosphere, and vegetation

Appendix A: Calculation and validation of the ESI

We utilize the ratio of actual evapotranspiration (ETa) to potential evapotranspiration (ETpalcidate the
Evapotranspiration Stress Index (ESPRrior to investigating the dynamic changes of E compared the
representativenssof three mainstream datasets: the Global Land Evaporation Amsterdam Model vidy78. the
Terra Moderate Resolution Imaging Spectroradiometer (MODIS) MOD16A2GFE Version 6ldy, (600 m), and the
European Center for MediuRange Weather ForeeaECMWF) ERA5Land (hourly, 0.13. The results are subsequently

validated against observational data from 26 eddy covariance (EC) st&tions (A 1Fig—2,.S3), which are sourced from

various observation networks (Information regarding EC stations is provided in Table S1 in Supporting Information). Each

sites has at least one year of continuobservations and energy balance residuals < 35-3\catculated using EcA1).
Before calculation, outlier observations are eliminated using a-st@eearedeviation method, and observations recorded
on rainy days are excludeSubsequentlydata impution is conducted using the Iterativelmputer tool in Python. The latent
heat measured at the EC station is converted to ETaA@gwhile ETp is calculated using the traditional Penftamteith

method (Eq A3). Then,the ratio-derived from-these twalue om-EC-station-serves-as-a me or—vahdating the

. el ;

YQi QQoYwa'o 0O O I'p
where'Y represents net radiatioi@denotes soil heat flux, which is zero on a daily s¢al@efers to daily latent heat, and

"Orepresents sensible heat flux, with all units expressed in2NV m
.. 0o
oY — ¢

In Eq. A2, the unit ofO “Yis mm day?, with the constant value ofat OC taken as 28.94.
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where the unit 0%4 ®-Yis mm day’, ¥ is the slope of the saturation vapour pressure versus temperature curve'kPa €
¢ is the psychrometric constant (kPd ¥, "Yis wind speed at 2 m (m §, T is surface air temperature (CResandQ ea

are saturated and actual vapour pressure (kPa) aosewdtiference serves as a crucial indicator of atmospheric moisture

deficit, known as vapor pressure deficit (VPD). At the grid scale, all climatic variables used to calculate ETp, including Rn

oY lo

T, andU, are obtained from the ERAS dataset. In this dataset, VPD is calculated based on the-Clapsiusn relation
using 2m temperature and dew point tempergtdetd and Soden, 2006; Zhong et al., 2023)

To prevent the overestimation of ETp, we employed the formulal byYang et al., (2019)o calculate grid ETp
while accounting for the CQOwvatersaving effect (EgA4). This formula has been widely recognized and applied in recent
studies, providing an important theoretical basisafmurately estimating evapotranspirat{bran et al., 2021; Zhang et al.,
2023¥kLian-et-alk-2021). All meteorological data used in the formula were sourced from ERA5, and the monthja@O
were obtained from CarbonTracker (CT2022) for the period from 2001 to 2020, with a spatial resolution of 3°x 2? For

comparison, after considering thetwrsaving effect of C@ the mean, maximum, and minimum values of ETp in China
decreased by 9.48 mm, 30.88n, and 19.42 mm, respectively, while the pattern is mirrdréglife A 2Fig—albdS3). The

conventional ETp calculation method overestimated values in 99.€Himd mainland particularly in northern arid regions

(Fig. AZc).

™ Y O r—..Y‘*’Z‘)’(T’g'Q Q

oY It

Y rp YT 8 pnm 60 onm
whereg& pm 60 o 1 menoteshe effect of atmospheriCO, concentration (ppm) on surface stomatal resistance

EC fluxstationsFig—de,-S2)Figure A3 compares the ESI derived from three datasets, revealing substantial discrepancies
attributable to methodological differences. For ETp estimation, MODIS and ERAS5 apply the PM formula dafitirate

idealized vegetation types, consistent vatir researchhypothesesn Figure 1. In contrast, GLEAM integrates corrections

for actual vegetation heterogeneity. Th&aE< ETp constraint imposed on MODIS and GLEAM limits their ability to

capture watewsurplus conditions (Figure 3&d), whereas ERAS free of this restrictiod produces ESI spatial patterns

aligned with eddy covariance (EC) flux measuremehigufe A 3ab). Incorporating CQ watersaving effects into ETp

calculations identifiesin expansion ohonwaterlimited regions, enhancing aridityjumidity characterizatiomntological

congruencéFigure A3abe).Note thatour research is dedicated to analyzing the temmhynadmicsof the ESI, particularly
in relation to the intensification of drought conditions. The conceptual dia@ianre 1Fig—1) demonstrates that lowelSE
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values signify increasingly severe imbalances and stress levels. The study does not address how often the threshold of 1

crossed nor explores tipaysical sigificanceof this threshold.

70°E 80° E 90° E 100° E 110°E 120° E 130°E 140° E
T T T T T
g 0 375 750 1,500 2,250 3,000 .
o —-_— —-— I e ilometers
£7.0 N
@ .
qé'a 5 ine
g 50° N
€ Slope: 0.24 decade™!
~ p-value: 0.08
6.0
8.24
8.22
S0
40° N
B Slope: 0.04 decade !
L5 p-value: <0.001
2001 2004 2007 2010 2013 2016 2019
0275
£
Z 0.270
£ 30°N
£ 0285
Slope: -0.08% decade™!
0.260 p-value: 0.69
2001 2004 2007 2010 2013 2016 2019
Year
Lo L o2in
IGBP Data Source Landuse
N B
- @ cro @ ChinaFlux B Cropland 20° N
O DBF A FLUXNET T —
ores!
@ DNF * HiWater
3 EBF + CARN Grassland
&) ENF H CATAS
® cRrA ® THU
® MF
LY il 1 L'}

Figure A 1. Location of the study area and distribution of multiyear average ESIThe extent of the study area, employing a tri

chromatic map to differentiate between cropland, forest, and grassland; dots denote the positions of EC flux statmoss with ¢

representing the International Geosphemsphere Programme (IGBP) classifioats and shapes indicating observational sources. The

inset displays timeseries plots of regional average air temperature (red), surface soil moisture (blue), and LAI (green) over the past 20
years, with a black dashed line denoting the linear trendrekhslanted line denotes the position oflthelu Line (also known as the Hu
Huanyong Line)o, with its neildub Zriafegilanental gesgraphical demarcatiom ie @hinal e f i n
that characteristically differentiates regional fofdgical regimes, vegetation coverage gradients, and demographic distribution patterns

(Hu, 1935 Li et al., 2024)
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Figure A 2. Comparison of the spatial distribution of the multiyear average potential evapotranspiration (ETp)(a) calculated by
the traditional PM equation and (b) the modified PM equation that incorporates thvea@®saving effect. The maximum value,
minimum value, and average value are marked in the lower left corner of the figdine. $ppatial distribudin of the difference between
ETp and ETpPMC® (d) the probability density curves of the two
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Figure A 3. Spatial distribution of the multi -year average of ESI calculated from ETa and ETp products from different dataset$a)
was calculated using flux tower observational data, (b) derived from ERAS, (¢) ornitfirateGLEAM, (d) obtained from MODIS, and
(e) sourced from ERAS5 but incorporates the CO2 wsdwing effect in ETp calculation.

Appendix B: Spatiotemporal patterns of Rsvm in China

Previous studies frequently defined thd@ cm soil layer as theot zone. However, since the root zone constitutes the

most dynamic interface for watgegetatioratmosphere interactions, employing more realistic root zone soil moisture data

as an indicator for evapotranspiration stress is of critical impor{@ae et al., 2014, 2024; Wadktglandsson et al., 2016)

This research utilizes root depth data corresponding to g/@&0drought recurrence interval, estimatedShycker et al.

(2023) through the mass accumulation curve methodolWdg.calculated actual root zone soil moist(Rsvm) using the

weighted averdgg method with layered soil moisture data from ERAS5 (22020). For cases where root depth exceeded

289 cm (the maximum depth covered by ERAS data), the weighted average soil water conterif§@oomOwvas adopted as

the Rsvm for this pixel. The comptitmal procedure is detailed below.

The ERAS soil moisture dataset is stratified into four layers (LayBr flepresenting soil strata with thicknesses-@fdn,

7-28 cm, 28100 cm, and 10@89 cm respectively. For each pixel, the actual thickness bf ERAS layer contributing to

the root zone was calculated according to root depth parameters:
Layerl (0~7Zm)

Q& QKAY ¢ 050 M0 "p
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