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Abstract16

Climate change is projected to modify the global water cycle and land-17

atmosphere interactions. However, warming-induced changes in multivariate18

dependence remain insu!ciently explored. Here we examine the interdepen-19

dence among temperature, precipitable water, precipitation, evaporation, soil20

moisture, and runo” in all five earth system models within the latest IPCC21

CMIP6 ensembles that generate relevant simulated data. Our causal network22

analyses, augmented by artificial intelligence, suggest a near universal statisti-23

cally significant shift in interdependence structures, along with a growing role24

of soil moisture, under mid- and end of century scenarios, including pronounced25

regional and seasonal heterogeneity. Our results have implications for food secu-26

rity, including a 3% decline in global domestic production and 8% in the northern27

subtropics. Our findings motivate reliable observations and credible early warning28

systems.29
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1 Main31

Climate change is altering the global water cycle, exacerbating both droughts and32

floods[1]. Historical examples include “Day Zero” water crisis in Capetown, South33

Africa (2017-2018)[2], as well as intensifying extreme precipitation and consequen-34

tial detrimental floods in the United States (1980-2024)[3]. Future projections are35

even more alarming, with declining discharge in major rivers worldwide[4] alongside36

increasingly unprecedented flooding events by the end of the twenty-first century[5].37

These crises are consistent with broader observational evidence and the underlying38

science that rising temperatures (T ) shift the mean and variability of atmospheric39

and land variables that exhibit hysteresis or practical irreversibility[6]. Since energy40

and moisture circulation couples these variables, warming does not only shift variables41

independently but also their interdependence, often nonlinearly[7].42

Fig. 1a schematically shows warming-induced shifts in annual mean and variabil-43

ity of hydroclimatic variables at the mid- (2021-2050) and end of century (2071–2100)44

periods relative to the baseline (1971-2000). However, these projections capture45

only marginal behavior, leaving their multivariate interactions unexplored[8, 9]. This46

is a crucial gap since warming may modify the regional topology of the global47

water cycle[1, 10–12]. Such modification, typically characterized through dependence48

analysis[13], are also the mechanistic pathways of intensifying compound extremes49

[14]. Furthermore, how changes in hydroclimatic dependence culminate in extreme50

events may have seasonal and regional heterogenity. For instance, land-atmosphere51

feedbacks under warmer summer conditions can pose serious drought and atmospheric52

aridity[15, 16] through positive (i.e. -dry spring and dry summer) or negative couplings53

(wet spring and dry summer)[9, 17–19]. In contrast, simultaneous increases in atmo-54

spheric and surface water (early melting or rain on snow events) during the cooler55

winter season can intensify not only flooding events[20], but can also trigger latent56

heat-driven anomalous winter warming, such as recent Boston heatwaves[21]. Further-57

more, changes in hydroclimatic dependence can also a!ect agriculture, as crop yields58

rely on net water availability and soil-evapotranspiration coupling (necessary for plant59

respiration) to meet water needs for growth and maturity[22]. To our knowledge, link-60

ing such multivariate dependence changes to direct regional crop productivity as well61

as regional economic output has not been addressed in previous studies.62

Nevertheless, previous studies typically consider only limited subsets of variables,63

therefore, cannot distinguish between the competing mechanistic pathways through64

which hydroclimatic interdependence operates. Fig. 1b illustrates how soil moisture65

can influence precipitation through at least two distinct pathways[23]: (1) dynamic:66

SM -induced surface heating [24] generates thermal lows that drive moisture conver-67

gence from remote sources (i.e., monsoon), and (2) thermodynamic: local evaporation68

[23] directly supplies boundary-layer moisture that fuels convection. These pathways69

likely show opposite signs of soil moisture-precipitable water coupling: negative under70

dynamic dominance and positive under thermodynamic dominance. Similarly, soil71

moisture-temperature pathway can also show di!erent regime depending on whether72

the system is in water-limited or energy-limited state[25]. Yet, recent studies also73

have not assessed whether warming may shift regional hydroclimatic interdependence74

system from one pathway to another.75
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a)

b)

Fig. 1 Global warming drives regional shifts in mean, variability and interdependence
of hydroclimatic variables and the water cycle. a) Spatial changes in mean and variance among

hydroclimatic variables during the mid- (2021-2050) and end of century (2071-2100) relative to the

baseline period (1971-2000); b) Competing interdependence pathways among hydroclimatic variables.

The objective of the present study was to address these questions: (1) how does76

global warming scale regionally to influence changes in the mean, variability, and inter-77

dependence of hydroclimatic variables including temperature (T ), precipitable water78

(prw), precipitation (Pr), evaporation (E), soil moisture (SM), and runo! (q)? (2)79

how do these multi-dimensional changes alter global water stress, as exemplified by80

impacts on crop yield risk and regional economic output? Hence, we quantify the sen-81

sitivity of hydroclimatic variables to global and regional warming and characterize82

their interdependencies using linear and nonlinear dependence approaches. Established83

dependence measures (i.e., rank correlations, or mutual information) can quantify the84

strength and structure of associations but do not decompose variable-specific contri-85

butions or assign causal directionality to interactions within a multivariate system[13].86

Granger causality (GC)[26] assesses directed temporal dependencies but assumes87

linearity, and therefore can not capture nonlinear components of hydroclimatic inter-88

dependence that arise from threshold behaviour, regime transitions, and saturating89

feedbacks[9, 25]. As such, we complement linear GC with a deep learning (DL) based90

Random Forest[27] combined with SHapley Additive exPlanations (RF-SHAP)[28].91

Here, RF-SHAP uses interpretable framework to evaluate the non-linear strength and92

direction of predictive contributions. Finally, to demonstrate impact relevance, we93

quantify how shifts in the mean, variability, and interdependence of hydroclimatic94

variables influence regional crop production using restricted cubic splines (RCS)[29].95
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In addition, economic impacts on country-level gross domestic product (GDP) are96

assessed through empirical dose–response functions[30].97

We use Coupled Model Intercomparison Project Phase 6 (CMIP6)[31] output98

from five Earth System Models (ESMs) that have all hydroclimatic variables consid-99

ered in this analysis and include two contrasting emission pathways (SSP1-2.6 and100

SSP5-8.5)[32]. The globe is delineated into five primary climate regions[33, 34]: trop-101

ics (TROP, 23.5° N–23.5° S), subtropics (northern subtropics:NSZ, 23.5°–35° N and102

southern subtropics:SSZ, 23.5°–35° S), and midlatitudes (northern midlatitudes:NMZ,103

35°–60° N and southern midlatitudes:SMZ 35°–60° S). Each zone captures major atmo-104

spheric circulation regimes[35] and appears to be governed by a distinct dominant105

coupling among hydroclimatic variables (e.g., soil moisture-precipitation feedbacks106

dominate in the tropics[23]). Separating the Northern and Southern Hemispheres fur-107

ther accounts for hemispheric asymmetries in land–ocean distribution and radiative108

forcing[36].109

1.1 Spatiotemporal modulation of hydroclimatic variables to110

global and regional warming111

We first analyse the sensitivity of hydroclimatic variables to global mean surface tem-112

perature (GMST) for the mid- (2021–2050) and end of century (2071–2100) relative113

to the 1971–2000 baseline (See Methods). Here, shifts in GMST are categorized within114

the framework of the Intergovernmental Panel on Climate Change (IPCC) thresholds115

(<1.5°C, 1.5–2°C, and >2°C), to systematically assess projected warming versus the116

stabilization targets agreed under the 2015 Paris Agreement[37]. A 1:1 reference line117

is included for temperature assessment, where values falling below or above the line118

indicating deviations in the scaling of regional mean surface temperature (RMST)119

relative to GMST. We subsequently quantify the regional changes in the mean and120

variability of hydroclimatic variables from CMIP6 model ensembles, then relate them121

to changes in GMST (See Methods). A consistency check of the CMIP6 data has been122

done against the European Center for Medium-Range Weather Forecasts Reanalysis123

version 5 (ERA5) datasets[38] for the early century (1981-2010) relative to baseline124

(See Methods).125

CMIP6 projections show that mid-century GMST clusters around 1.5°C with some126

overlap between SSP1–2.6 and SSP5–8.5 (Fig. 2a-c), but by the end of the century127

the scenarios diverge, with SSP1–2.6 and SSP5–8.5 staying in between 1.5°C to 2°C128

and exceeding 2°C respectively (Fig. 2d-f). In TROP, warming closely tracks the 1:1129

reference line, suggesting equal increase in annual RMST with increase in GMST130

(Fig. 2a,d), consistent with e”cient heat redistribution by frequent deep convection131

[39]. However, non-tropical regions show marked hemispheric asymmetry, with NSZ132

(4.55°C) and NMZ (5.99°C) warming at up to two to three times the global mean133

(3.37°C), whereas warming in SSZ (2.10°C) and SMZ (1.37°C) is comparatively weaker134

than GMST change across models and scenarios during JJA and DJF (Fig. 2b,c,e,f).135

Stronger warming in the Northern Hemisphere may reflect di!erences in greenhouse136

gas concentrations[40] and the greater land fraction, given that land surfaces warm137

faster than oceans[41]. Interestingly, increases in variability of RMST is much higher138
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Fig. 2 Multiple IPCC’s tresholds reveal global mean surface temperature (GMST)
promotes regional mean surface temperature (RMST) in non linear but systematic pat-
terns. Sensitivity of regional temperature to GSMT across: a, b, c) mid- (2021–2050); and d, e, f)

end of century (2071–2100) periods, relative to the 1971–2000 baseline. The x -axis represents changes
in GMST ( °C), with y-axis shows corresponding changes in RMST. Panel a,d) annual results corre-

sponding to all regions; b,e) summer and c–f) winter corresponding to subtropics and midlatitudes

regions. The vertical reference lines equivalent to the 1.5 °C and 2.0 °C warming relative to pre-

industrial level as defined in IPCC reports. Marker shapes represent CMIP6 Global Climate Models:

circle (MIROC6), triangle (NorESM2-LM), square (NorESM2-MM), diamond (CMCC-CM2-SR5),

inverted triangle (CMCC-ESM2), and pentagon (ERA5). Marker size indicated the emissions scenario

(SSP1-2.6: small; SSP5-8.5: large). The 1:1 reference line is representing an idealized relationship

in which a 1 °C increase in GMST corresponds to 1 °C increase in RMST. See Supplementary 1 for

remaining results.

than in its mean (Fig. 3; Supplementary 2 and 3) over mid- (µT : 0.53–0.54%, ωT : 55–139

87%) and end-century (µT : 1.41–1.52%, ωT : 128–139%) during JJA and DJF. This140

indicates an elevated probability of both extreme cold and heat events in these regions.141

Prw closely tracks RMST (Fig. 2; Fig. S1 Supplementary 1), with hemispher-142

ically asymmetric but uniformly positive changes consistent with thermodynamic143

increases in column water vapor under warming and near-constant large-scale lower-144

tropospheric relative humidity[42, 43]. Prw increases more strongly at seasonal than145

annual timescales in non-tropical regions with stronger sensitivity in NSZ and NMZ146

(8–13% per °C) and weaker sensitivity in SSZ and SMZ (3–4% per °C); similar to147

RMST , it exhibits larger changes in variability than in the mean (Supplementary 2148

and 3). However, increases in prw do not necessarily translate into higher Pr, as prw149

contributes to Pr only when atmospheric and land-surface conditions are favorable for150
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condensation [44]. Accordingly, Pr exhibits a more heterogeneous response pattern to151

GMST than prw (Fig. S2 Supplementary 1). In particular, while Prw increases over152

time, Pr in SSZ during JJA and in the NSZ during DJF show declines, likely associ-153

ated with Hadley cell expansion, a poleward shift of subtropical dry zones enhancing154

aridity [45, 46]. In contrast, E increases faster than Pr, producing the largest net155

water deficits in the SSZ, especially in JJA, where stronger evaporation and variabil-156

ity indicate heightened seasonal water scarcity, while the greater changes in annual157

than seasonal variability in Pr suggests larger changes in spring or autumn (Fig. 3;158

Supplementary 1-3).159

SM declines across all regions and seasons during both themid- and end of century,160

most strongly in the NMZ, as enhanced net radiation increases evaporative demand161

so that E o!sets or exceeds Pr, causing SM losses in regions with increased Pr[47].162

Although previous studies have reported that SM and q are highly correlated[20],163

shifts in both variables di!er with NSZ and NMZ exhibit the strongest q modulation164

during JJA and DJF (Fig. S4-5 Supplementary 1), likely associated with vegetation165

than with warming [48, 49]. The variances of both SM and q also diverge across166

spatiotemporal settings (e.g., SM : #ωDJF = →2.42%; and q: #ωDJF = 51.46%)(Fig. 3;167

Supplementary 2 and 3).168

1.2 Warming driven modulation in hydroclimatic dependence169

We examine changes in hydroclimatic interdependence during mid- and end of century170

periods in the JJA subtropics (NSZ, SSZ) and DJF midlatitudes (NMZ, SMZ), where171

the largest hydroclimatic shifts occur (P–E deficits in subtropics and SM declines172

with increase in q in midlatitudes). Using graphical networks from GC and RF–SHAP173

(Fig. 4; Supplementary 4), we classify variables as dominant drivers and dependent174

variables, each influencing and being influenced within the system[48, 50, 51]. Mean-175

while, we term variables which both causally drives and get driven by other variables176

as super-nodes (network hubs)[52]. To ensure robust detection, we constrain lag struc-177

ture and apply significance thresholds (GC: p < 0.05; RF–SHAP: DV > 0.015),178

reporting only relationships supported by at least two of five CMIP6 models[28, 53–179

55]. In RF-SHAP analysis, positive predictive influence indicates that source variable180

increase prediction of the target variable, whereas a negative predictive influence indi-181

cates suppression (see Methods). Land–atmosphere interactions are defined as linkages182

between atmospheric (T , prw, Pr) and land-surface variables (E, SM , q), including183

both one-way coupling and feedbacks[25].184

During JJA across subtropics, linear GC primarily detects directional causal185

dependence among atmospheric variables and, to a limited extent, land–atmosphere186

interactions (Fig. 4; Supplementary 4; Table S1 Supplementary Table). Toward the187

end of century, the NSZ shows emergent SM ↑ q coupling (Fig. 4c,d), with SSP1-188

2.6 additionally indicating SM ↑ Pr, whereas the SSZ remains more heterogeneous189

(Fig. 4e-h; Supplementary 4), with scenario- and period-dependent reversals between190

prw ↑ pr and SM ↑ prw that point to shifting dominance between atmospheric191

moisture control and land–atmosphere coupling. By contrast, DJF midlatitudes show192

few robust causal links (Supplementary 4; Table S1), with only limited, scenario-193

dependent signals—mainly (prw ↑ SM) in the NMZ and (q ↑ prw) or (T ↑ pr)194
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a)

b)

Fig. 3 Warming-induced modifications in the mean and variability of hydroclimatic
variables. Changes in a) mean; and b) variability of hydroclimatic variables during DJF season

across non-tropical regions at end of century (2071–2100) relative to the baseline (1971–2000) periods

from CMIP6 model ensembles. Region colors are consistent with Fig. 2. See Supplementary 2 and 3

for remaining results.

in the SMZ under SSP5–8.5 indicating weak hydrological–atmospheric coupling and195

thermodynamic control of Pr [50, 56]. Overall, GC shows large inter-model spread196

(agreement <50%) and limited ability to resolve the full spectrum of land–atmosphere197

interactions.198

In contrast, RF–SHAP performs desirably with substantially higher inter-model199

agreement (60–100%). During JJA, SM emerges as the dominant driver, although its200

e!ects on other variables vary by region, period, and scenario (Fig. 4; Supplementary201

4; Table S1 Supplementary Table). Over the NSZ, SM exerts a consistent negative202

predictive influence on T , with weak to strong significance (DV > 0.015 to > 0.03)203

similar to established soil-temperature coupling [25]. During mid-century, SM nega-204

tively influences prw but positively influences Pr regardless of scenario, whereas by the205

end of century its influence on prw and q becomes consistently positive whereas e!ect206
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on Pr shifts from negative (SSP1-2.6) to positive (SSP5-8.5), suggesting an increas-207

ing role of SM in enhancing moisture supply for Pr [22]. Interestingly, E emerges208

as a dominant driver alongside SM , exerting a consistent negative influence on T ,209

prw, and Pr during mid-century under SSP1-2.6 and by the end of century under210

SSP5-8.5. Contrasting e!ects of SM and E on Pr suggest that stronger radiative forc-211

ing shifts NSZ dynamics from soil-moisture memory toward soil–water–atmosphere212

exchange, while direct SM →E coupling remains weak, likely due to di!erences in the213

memory timescales of E and SM under summer dry conditions[57]. Over the SSZ,214

SM shows period-dependent but broadly scenario-consistent e!ects (Supplementary215

4; Table S1 Supplementary Table), with positive predictive influences on prw and Pr216

throughout, a positive influence on E during mid-century that reverses by the end of217

century, likely reflecting a shift in soil moisture–evaporation coupling under changing218

SM regimes[22].219

In coupled land–atmosphere systems, feedbacks among surface and atmospheric220

fluxes through both reinforcing and damping pathways[50]. Across the subtropics,221

T , prw, Pr, and q emerge as super-nodes, with the NSZ shifting from prw- to Pr-222

dominated coupling and the SSZ remaining T -dominated under SSP5-8.5. Please note223

that prw consistently enhances T and Pr but suppresses E over both NSZ and SSZ,224

underscoring strong atmospheric control on subtropical hydroclimate (Fig. 4; Supple-225

mentary 4; Table S1 Supplementary Table). During DJF in the midlatitudes, SM is226

the dominant driver of hydroclimatic coupling, generally suppressing T in the NMZ227

except for emergent positive SM–T coupling by the end of century under SSP5–8.5,228

consistent with earlier findings for similar regions[16, 19]. SM consistently enhances229

Pr, exerting scenario-dependent control on E. Over SMZ, by the end of century,230

SM exerts positive e!ects on prw, Pr, and occasionally T indicating strong soil231

moisture–atmosphere coupling[16, 25].232

Across midlatitudes, E appears as a dominant driver across NMZ during end of233

century under SSP1-2.6, along with during mid-century under SSP1–2.6 and by the234

end of century under SSP5–8.5 across SMZ (Supplementary 4; Table S1 Supplemen-235

tary Table). In these regions, enhanced E coincides with reduced local atmospheric236

moisture (E ↓ prw ↔) but increased precipitation (E ↓ Pr ↗), indicating weaker ver-237

tical moisture but stronger horizontal moisture transport and convergence within the238

atmosphere[11]. At mid-century under SSP1-2.6, T acts as a super-node in the NMZ239

by increasing prw while suppressing Pr, whereas by the end of century under SSP5-240

8.5, Pr becomes the dominant driver of T , prw, and q, indicating strengthened winter241

moisture coupling[20]. Unfortunately, no dominant driver is detected at mid-century242

under SSP5–8.5 due to insu”cient model agreement.243

Comparing mid- and end of century interdependencies reveals di!erence in GC244

and RF-SHAP estimations (Supplementary 5). GC predominantly detects a net loss245

of connections in the NSZ (50–54%) but net emergence in the SSZ (42–50%). RF-246

SHAP highlights structural reorganization such dominant sign reversals (i.e., shift247

from SM → Pr positive to negative coupling across NSZ during JJA) and shifts in248

interaction strength (i.e., weaken of SM→T coupling across NMZ during DJF) rather249

than simple topological change, particularly across the subtropics (58–67%) and NMZ250

8



(52–55%). Across both methods and all zones, about 90% of interdependence is mod-251

ified, with more than two-thirds of changes involving SM → Pr, SM–T , and SM–E252

couplings, along with pronounced regional and seasonal heterogeneity. This validates253

our inherent assumption that land–atmosphere coupling will be strongly nonstationary254

under warming, in both the direction and magnitude of feedbacks.255

b) a) 

d) c) 

NSZ-SSP1-2.6 (2021-2050) 

NSZ-SSP1-2.6 (2071-2100) 

NSZ-SSP5-8.5 (2021-2050) 

NSZ-SSP5-8.5 (2071-2100) 

No causality 
detected

f) e) 

h) g) 

SSZ-SSP1-2.6 (2021-2050) 

SSZ-SSP1-2.6 (2071-2100) 

SSZ-SSP5-8.5 (2021-2050) 

SSZ-SSP5-8.5 (2071-2100) 

Fig. 4 AI-augmented causal dependence analyses reveal changing interdependence
among hydroclimatic variables due to warming. Regional interdependence during JJA season

for NorESM2-LM across: a–d) NSZ region under a) SSP1-2.6 mid-century, b) SSP5-8.5 mid-century, c)

SSP1-2.6 end of century, d) SSP5-8.5 end of century; e–h) SSZ region under e) SSP1-2.6 mid-century,

f) SSP5-8.5 mid-century, g) SSP1-2.6 end of century, h) SSP5-8.5 end of century. See Supplementary

4 for remaining results.
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1.3 Projected impacts of multivariate hydroclimatic shifts on256

regional rice and maize productivity and GDP257

Here we examine how multivariate characterization of E and SM as one of prominent258

dominant drivers (see previous section) which also govern root-zone water status and259

stomatal regulation, the primary determinant of plant growth under water stress[29,260

58] translate into crop productivity. We choose rice and maize since they are two of the261

most widely produced crops globally[59] and exhibit contrasting water requirements,262

cultivation systems, and stress sensitivities[58]. Accordingly, we plot in parallel yield263

productivity as a function of changes in mean, variability and interdependence of E264

and SM along with the net available atmospheric water (P →E) as a proxy for green265

water availability[12, 60] and E →SM interdependence. We then assess how resulting266

yield changes a!ect country-level GDP(see Methods).267

We found that rice and maize exhibit strikingly contrasting responses across cli-268

mate regions. Rice productivity declines by 10.2–35.8% across the regions, except SMZ269

with increase of 10.16% (Fig. 5a). Maize, conversely, displays a regional increase of270

12.1–54.4% across regions with SMZ showing 18.9% reduction (Fig. 5b) consistent with271

previous observations[29, 61]. Further analysis shows that E–SM dependence is nega-272

tive only in TROP (→0.12) and positive elsewhere (0.01–0.16), while water availability273

(#P→E) declines most strongly in TROP, NSZ, and SSZ (→0.04, →0.09, and →0.24274

mm), linking shifts in the mean, variability, and interdependence of SM and E to crop275

productivity and extending earlier evidence that T , SM , and crop water supply gov-276

ern yield variability in maize, soybean, and sorghum [29, 62]. Finally, these yield shifts277

are projected to reduce GDP across all regions, with the most severe impacts in NSZ278

countries (→7.72% of GDP; e.g., Bangladesh, Egypt and Mexico) and milder impacts279

in SMZ countries (→0.82% of GDP; e.g., Australia, Chile, and Argentina) (Fig. 5c).280

2 Discussion281

This study provides a framework for assessing how global warming scales regionally282

and seasonally in terms of hydroclimatic system behavior by characterizing long-term283

changes in mean, variability and especially the interdependence structure of the hydro-284

climatic variables. Several conclusions emerge, some well known[16, 23, 25, 40, 43, 60]285

(see Table S2 Supplementary Table). First, variance shifts exceed mean shifts in atmo-286

spheric and flux variables (T , prw, Pr, E), whereas land variables (SM , q) show287

comparable mean and variance changes. Second, thermodynamic scaling is hemispher-288

ically asymmetric, with northern and southern non-tropical regions exhibiting super-289

and sub-Clausius–Clapeyron behavior, respectively. Third, warming modifies more290

than 90% of interdependence structures between mid- and end of century, with SM291

accounting for over two-thirds of these changes through its links to T , Pr, and E.292

The role of SM emerges clearly in non-tropical regions through impact-relevant293

shifts in dependence structure: in the NSZ during JJA, mid-century negative SM–prw294

but positive SM–Pr dependence indicates a domaination of dynamic pathway in295

which SM a!ects Pr through circulation-driven (i.e. -thermal low) moisture conver-296

gence rather than local recycling (E → prw dependence is negative). By the end of297

century positive SM–prw and negative SM–Pr dependence suggests a transitional298
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a) b)

c)

Fig. 5 Implications of shifts in mean, variability and interdependence of dominant
drivers to global food productivity and gross domestic product (GDP) due to warming.
E!ects of multidimensional shifts of E and SM on regional a) rice productivity; b) maize productivity;

and c) country-level GDP. The results across five model ensemble toward end of century (2071-2100)

under SSP5-8.5 scenario relative to early century (1981-2010). Legend definitions in a) and b) are

consistent with Fig. 2

thermodynamic regime with shift from ”moisture export” to ”moisture retention,”299

but in a transitional state with available moisture is not e”ciently converted to Pr.300

Under SSP5-8.5, this shifts further to positive SM–Pr, marking a fully coupled posi-301

tive feedback regime in which intense surface heating overcomes convective inhibition302

and can favor local moisture convergence. Such positive feedbacks amplify hydrological303

extremes bidirectionally, where dry (wet) conditions intensify via rapid SM deple-304

tion (increase in SM and recycled Pr) with examples including 2021-22 Northeast US305

drought [19].306
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In contrast, during DJF in the NMZ, SM–Pr coupling remains positive under307

both scenarios by the end of century, while SM–T coupling reverses from negative to308

positive under SSP5-8.5, indicating wetting-driven warming likely mediated by water309

vapor driven enhancement of downward longwave radiation (greenhouse trapping).310

Over the SSZ, despite weaker warming than in the NSZ and NMZ, pronounced declines311

in SM and Pr during JJA reverse the SM–E relationship from positive to negative,312

suggesting decoupling of soil moisture and evaporation that may disrupt the canonical313

SM–E–Pr recycling pathway [63], with potential consequences for vegetation water314

stress and terrestrial carbon uptake [18]. Targeted land-surface experiments are needed315

to confirm this transition and identify the critical SM threshold for sign reversal.316

In the SSZ, the diminished role of SM is consistent with the emergence of prw and317

T as end-of-century super-nodes, indicating stronger atmospheric control of hydro-318

climatic variability. The sign of q ↑ T reverses between zones with NSZ, (q ↑ T )319

showing negative predictive relationship whereas in SSZ it shows positive reflecting320

summer-winter contrast. In the NSZ (summer), q suppresses T via enhanced evapo-321

rative cooling. In contrast, in the SSZ during winter, q elevates atmospheric moisture322

(positive q → prw relationship), strengthening the water-vapor greenhouse trapping323

and enhancing downward longwave radiation, producing net warming rather than the324

cooling seen in summer.325

These projected changes have far-reaching implications for water availability,326

drought and flood adaptation, energy production, and food security. We specifically327

demonstrate how these altered dynamics propagate into cereal production, with cas-328

cading e!ects on national economic performance. As a result, rice productivity risk329

dominates across all regions, with NSZ having the highest GDP loss by the end of cen-330

tury. Here, please note that the current study has caveats, including possible masking331

of local processes by broad regionalization, as well as uncertainties in soil moisture332

observations/simulations due to heterogeneous subsurface properties.333

Building from our works, improved SM observations are needed in data sparse334

regions to validate the identified regime shifts, impact assessments must incorporate335

changing hydroclimatic interdependence to avoid misestimating losses, and adapta-336

tion in highly exposed agricultural regions, especially the NSZ, should be guided by337

the identified shifts such as the SM to Pr sign reversal, the emergence of E as a co-338

dominant driver, and the P →E imbalance that collectively reshape water availability339

for rainfed systems. As warming continues, accurately assessing the evolving hydro-340

climatic interdependencies are critical for improving projections of global water and341

crop sustainability.342

3 Methods343

3.1 Datasets344

The Coupled Model Intercomparison Project Phase 6 (CMIP6)[31] are obtained via the345

CMIP6 data portal (https://esgf-node.llnl.gov/search/cmip6/). Five CMIP6 models346

(MIROC6, NorESM2-LM, NorESM2-MM, CMCC-CM2-SR5, and CMCC-ESM2) are347

examined for early-, mid- and the end of century projections, while the European348

Centre for Medium-Range Weather Forecasts Reanalysis v5 (ERA5) reanalysis dataset349
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[38] are examined for early century period. Models and reanalysis data are selected350

based on the availability of datasets. Since no single model persistently deviates most351

from the ensemble across all temporal, spatial, and variable domains, therefore, we352

cannot decide which models perform better of worse. Therefore, we include all models353

in the analysis and focus on identifying patterns that are most consistently agreed354

upon across models.355

CMIP6 datasets were analysed at their native grid spacings (100–250 km, depend-356

ing on the model), while ERA5 data (0.25→ ↘ 0.25→) were bilinearly interpolated357

to 1→ ↘ 1→ resolution for consistency with most CMIP6 datasets. We use the first358

ensemble member (“r1i1p1f1”) for the CMIP6 variables include mean near-surface air359

temperature (tas,K), precipitable water (prw, kgm-2), precipitation (pr, kg/m2/s),360

evaporation (derived from surface upward latent heat flux, hfls, W/m2), total soil361

moisture content (mrsos, kg/m2), and surface runo! (mrro, kg/m2/s). Corresponding362

ERA5 variables are 2m temperature (t2m, air temperature (tas), K), total column363

water vapor (tcwv, kgm-2), total precipitation (tp, m), evaporation (e, m), soil mois-364

ture (swvl1, m3/m3), and runo! (ro, m). All CMIP6 variables were analyzed at daily365

resolution, except for prw from the CMCC-CM2-SR5 and CMCC-ESM2, which are366

monthly due to quality concerns in the daily outputs [64]. Units for Pr, E, and q were367

standardized in millimetres per day (mm/day). Prw in millimetres (mm), while SM368

in (m3/m3). For T , we report absolute changes in °C, while relative changes are calcu-369

lated on a Kelvin basis. Annual and seasonal datasets were constructed by averaging370

daily values of T , prw, and SM , whereas Pr, E, and q were aggregated by summation.371

Administrative country-level delineation obtained from https://gadm.org/ and rice372

and maize datasets obtain from FAOSTAT: Food and Agriculture Organization of373

the United Nations Statistics Division (https://www.fao.org/faostat/en/). We selected374

early century period (1981–2010) for comparison based on historical data availabil-375

ity. In addition, GDP projections are taken from Wang and Sun (2022)[65], which376

estimates high-resolution gridded datasets using nighttime light downscaling.377

3.2 IPCC’s temperature thresholds378

Considering the lack of observational records during pre-industrial periods, as a bench-379

mark, we define thresholds (th) at 1.5→C and 2.0→C warming from the increase in380

global mean temperature from the pre-industrial period 1850–1900 (t0), which aligns381

with the definition used in the IPCC’s Fifth Assessment Report (AR5) [66], to the382

modern baseline period of 1971–2000 (tx).383

th1.5 = 1.5→ (tx → t0) (1)

th2.0 = 2.0→ (tx → t0) (2)

While the warming from pre-industrial levels to the baseline decade is estimated384

at approximately 0.3→C, the thresholds for th 1.5 and th 2.0 correspond to global mean385

temperature increases of 1.2→C and 1.7→C, respectively.386
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3.3 Sensitivity of hydroclimatic variables387

The selection of baseline period of 1971–2000[60] is supported by the absence of satel-388

lite data in ERA5 prior to 1970, during which the reanalysis relied exclusively on389

sparse in-situ observations, particularly over the Southern Hemisphere[38]. The period390

1981–2010 was chosen to represent the historical interval in CMIP6, consistent with391

the standard separation between historical and future simulations [67].392

The variable change (VC) was calculated as the di!erence in mean values between393

the target and baseline periods, defined as V C = X → B, where V C denotes the394

variable change, X is the mean value for the target period (early-, mid-, and end of395

century), and B is the mean value for the baseline period.396

Global mean surface temperature (GMST) and regional mean surface temperature397

(RMST) are analyzed separately as they reflect fundamentally distinct mechanisms.398

GMST operates at the planetary scale and is governed by a thermodynamically399

constrained balance between radiative forcings[68], radiative response[6] and ocean400

heat uptake[9]. In contrast, RMST emerges from the spatial redistribution of energy401

through atmospheric and ocean circulation, modulated by land–sea contrasts[68], and402

land–atmosphere feedbacks[16, 18]. Accordingly, we report mean changes of model pro-403

jection to GMST in natural units to provide interpretable metrics for policymakers,404

whereas express mean and variance changes for the ensemble behaviour in percentage405

to ensure unit consistency among hydroclimatic variables.406

3.4 Consistency check of CMIP6 to ERA5 reanalysis data and407

intermodel comparison408

Overall, both annual and seasonal changes from CMIP6 models are consistent with409

ERA5, although in approximately half of simulations, ERA5 slightly underestimates410

the magnitude of mean shifts in hydroclimatic variables. Across most regions, ERA5411

exhibits lower temperature shifts at seasonal timescales, whereas annual shifts are412

comparable (Fig. S1a,d,g Supplementary 6). The most pronounced gap occurs in pre-413

cipitable water at both annual and seasonal scales, with the largest discrepancies414

across regions observed during JJA and DJF, when CMIP6 deviates from ERA5 by415

0.22±0.15 mm and 0.14±0.05 mm, respectively (Fig. S2a,d,g Supplementary 6). These416

results indicate that hydroclimatic dynamics of atmospheric variables are more pro-417

nounced at the seasonal timescale. The most consistent shifts show by precipitation418

at both annual and seasonal scales (Fig. S3a,d,g Supplementary 6), while by contrast,419

evaporation shows more distinct behavior, with shifts in ERA5 exceeding CMIP6 at420

the annual scale but becoming uniformly negative at seasonal periods (Fig. S4a,d,g421

Supplementary 6). The P →E disentangling here should be interpreted with caution,422

especially when assessing water availability, as these results imply greater uncertainty423

in evaporation[69] than in precipitation. Furthermore, for soil moisture and runo!,424

ERA5 values are generally lower than CMIP6 projections at the annual scale, while425

their seasonal responses are comparable (Fig. S5a,d,g and Fig. S6a,d,g Supplementary426

6), indicating the uncertainty linked to spring and autumn seasons. Despite moder-427

ate discrepancies in magnitude[10, 43], the broad consistency between CMIP6 and428

14



ERA5 supports the use of CMIP6 for diagnosing hydroclimatic responses to warming429

in future scenarios.430

Among the five CMIP6 models, CMCC-CM2-SR5 exhibits the strongest responses431

in T , prw, and Pr (Fig. 2; Fig. S1-2 Supplementary 1), CMCC-ESM2 in E (Fig. S3432

Supplementary 1), and CMCC-ESM2 and NorESM-LM in SM and q (Fig. S4-5 Sup-433

plementary 1), likely due to di!erences in thermodynamic parameterizations[64, 70,434

71].435

3.5 Granger Causality436

We employed Granger causality[72] analysis to identify causal networks between hydro-437

climatic variables. Prior to the analysis, we verified the stationarity of the time series438

by testing the null hypothesis using the Augmented Dickey–Fuller (ADF) regression439

on the projection datasets (2021–2050 and 2071–2100).440

#Xt = ε+ ϑt+ ϖXt↑1 +
p∑

i=1

ϱi #Xt↑i + ςt (3)

where #Xt = Xt → Xt↑1, and we reject non-stationarity when the ADF p-value441

< ε = 0.05 (i.e., ϖ < 0 significantly). If the ADF p-value exceeds ε, we di!erence the442

series and apply the results to develop the autoregressive and full variables:443

X(1)
t = Xt →Xt↑1. (4)

To conduct causality analysis, a bivariate model between two stationary time series is444

estimated:445

Yt =
m∑

j=1

ajYt↑j +
m∑

j=1

bjXt↑j + ςt (5)

Xt =
m∑

j=1

cjXt↑j +
m∑

j=1

djYt↑j + φt (6)

Failure to reject the null hypothesis of non-causality for certain variable pairs indicates446

no evidence of predictive causality in these directions. We classified causality into447

three levels: strong (p < 0.001), moderate (0.001 < p < 0.01), and weak (0.01 < p <448

0.05)[73]. Values exceeding 0.05 were considered not statistically significant, indicating449

no detectable causality.450

3.6 Random Forest with SHAP451

We translate the RF–SHAP framework to an intermediate level of model explainability,452

in which relationships are clustered by driver and target variables and character-453

ized based on their dependencies and directional e!ects. In particular, RF–SHAP454

attributes feature contributions by averaging over conditional expectations across all455

feature coalitions, accounting for both positive and negative e!ects [27, 74, 75]. Within456

the RF–SHAP framework, a positive predictive influence (upward) indicates that457
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source variable increase prediction of the target variable, whereas a negative predictive458

influence (downward) indicates that source variable limits the target response[76].459

We build lagged features as:460

At = [Tt↑1, Tt↑2, Tt↑3, Tt↑4], (7)

Ft =
{
Vj,t, Vj,t↑1, Vj,t↑2

}5

j=1
, (8)

Xbase
t = At, Xfull

t = [At ≃ Ft ]. (9)

where Tt denote the target (e.g., runo!) and V i
t the i-th source variable (e.g., temper-461

ature, precipitable water, precipitation, evaporation, soil moisture), with t = 1, . . . , N462

at annual or seasonal resolution.463

AR lags were set to 4 and feedback lags to 2 to capture short-term dependencies464

while limiting overfitting given 30-season samples [77, 78].465

We estimate:466

T̂ base
t = fRF, base

(
Xbase

t

)
, T̂ full

t = fRF, full

(
Xfull

t

)
, (10)

with Random Forests of 200 trees (maximum depth 3) to capture nonlinearity without467

instability and apply moving block bootstrap resampling (n=1000)[79]. We compute468

the test R2 as469

R2
base = 1→

∑
t↓Stest

(
Tt → T̂ base

t

)2
∑

t↓Stest

(
Tt → T̄test

)2 , (11)

R2
full = 1→

∑
t↓Stest

(
Tt → T̂ full

t

)2
∑

t↓Stest

(
Tt → T̄test

)2 . (12)

where Stest denote the index set of samples in the held-out test split, T̄test =470

|Stest|↑1
∑

t↓Stest
Tt. To stabilize performance, we report robust R2 as the average471

across cross-validation folds [80].472

For each target Tj (index j is hydroclimatic variables), feedback strength is:473

#R2
Tj

⇐ R2
full →R2

base, FeedbackStrengthTj
= max

(
0, #R2

Tj

)
. (13)

Negative values of #R2
T , which may arise from sampling variability or weak predictors,474

are set to zero to ensure that feedback strength reflects only additional explana-475

tory power beyond autoregressive memory. Across targets within a region, we apply476

min–max normalization:477

#R2,norm
T =






#R2
T →minT #R2

T

maxT #R2
T →minT #R2

T

, if max ⇒= min,

0.5, otherwise.
(14)
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We report two complementary importances. First, impurity-based RF importance478

Ik =
∑

trees

∑

splits on k

nsplit

nroot
#Impurity, (15)

where #Impurity is the decrease in node variance (regression). Second, SHAP values479

↼k,t measure the relative additive contribution of feature k at sample t[74, 75].480

From these we compute: (i) global feature importance,481

Sk = Et[ |↼k,t| ] , (16)

(ii) variable-level dependency for source variable V quantified the contribution of each482

climate variable to predicting other variables using SHAP values, where the mean483

is taken across all testing samples. This metric aggregates the contribution from the484

current value and two lagged values of variable ”V” to Random Forest predictions485

K(V ) = {Vt, Vt↑1, Vt↑2},486

DV = Et




∑

k↓K(V )

|↼k,t|



 , (17)

and (iii) directional e!ect,487

EV = Et




∑

k↓K(V )

↼k,t



 . (18)

These metrics distinguish which predictors matter, how whole variables contribute,488

and whether their net influence is positive or negative, with qualitatively contribu-489

tion level interpretation[54]. We defined the contribution levels as strong (DV > 0.03),490

medium (DV > 0.02), and weak (DV > 0.015). Values below 0.015 indicate no491

detectable dependency.492

Network Change493

We modeled interactions among variables as a directed-weighted graph. For each494

period t, we constructed an adjacency matrix A(t) ⇑ R6↔6 whose entry A(t)
ij quantifies495

the directed influence from source variable i to target variable j and removes self-496

loops. We produced two versions of A(t), namely GC and RF-SHAP dependency. To497

quantify temporal reconfiguration, we compared the early network A(1) (2021–2050)498

with the late network A(2) (2071–2100). We defined binary presence masks:499

B(t) = I
(
|A(t)| > ↽

)
(19)

and classified edges as new, lost, or stable according to their presence across periods,500

that is, new when B(1)
ij = 0, B(2)

ij = 1; lost when B(1)
ij = 1, B(2)

ij = 0; and stable when501

B(1)
ij = B(2)

ij = 1. For stable, non–sign-flipping edges, we quantified strength change502

by the relative di!erence503
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#ij =
|A(2)

ij |→ |A(1)
ij |

|A(1)
ij |

, (20)

labeling edges as strengthened if #ij > 0.1 and weakened if #ij < →0.1. We also504

report the raw di!erence matrix:505

D = A(2) →A(1), (21)

To establish a consistent network structure across both GC and RF–SHAP, we apply506

threshold criteria of p < 0.05 for GC and DV > 0.015 for RF-SHAP, enabling the507

identification of minor yet statistically robust connections and the delineation of both508

positive and negative predictive influence directions.509

3.7 Projecting impact of shifts in hydroclimatic variable to510

yield variance511

To quantify the influence of hydroclimatic variables on food production, we employ512

an empirical modeling framework based on restricted cubic splines (RCS)[81]. Widely513

applied in medical studies, this approach e!ectively captures nonlinear and continuous514

relationships between the response variable and multiple predictors[29, 81, 82].515

Yit = fE(Eit) + fSM (SMit) + ⇀i + εit+ ⇁it (22)

where Yit are log yields in region i during year t; fE and fSM are coe”cients describing516

marginal e!ects of E and SM ; Eit and SMit are dominant drivers; ⇀i and εit are517

e!ects of E and SM ; and ⇁it is unexplained variations which not explained by E,518

SM , and the spatiotemporal e!ects of E and SM , such as T and other non-dominant519

drivers in the system.520

We define yield productivity as crop yield per unit harvested area, thereby isolating521

changes in production from expansion/reduction of cropland area.522

3.8 Projecting GDP impact523

To translate the e!ect of yield variance into GDP, we use empirical dose–response524

functions method [30] by comparing end of century both agricultural productivity525

and GDP under high emission scenario to a early century period, for consistency with526

the calculation of impact in yield variance. Due to data limitation, the baseline is527

represented by the year 2005, used as a proxy for the 1981–2010 climatology, while end528

of century conditions are represented by the mean over selected future years (2070,529

2080, 2090, and 2100)[65], corresponding to the period 2071–2100.530

For each country c, baseline gross domestic product (GDP) Gbase
c and baseline crop531

yields for rice and maize, Y (r)base
c and Y (m)base

c , are extracted for the baseline year.532

End of century GDP and yields are computed as arithmetic means over the projection533

years,534

Ḡfut
c =

1

|T |
∑

t↓T

Gc,t, Ȳ (r)fut
c =

1

|T |
∑

t↓T

Y (r)
c,t , Ȳ (m)fut

c =
1

|T |
∑

t↓T

Y (m)
c,t , (23)
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where T = {2070, 2080, 2090, 2100}.535

Percentage yield changes between the baseline and end of century period are536

calculated separately for rice and maize,537

#Y (r)
c (%) =

Ȳ (r)fut
c → Y (r)base

c

Y (r)base
c

↘100, #Y (m)
c (%) =

Ȳ (m)fut
c → Y (m)base

c

Y (m)base
c

↘100. (24)

An aggregate yield change is then defined as the equally weighted mean of rice and538

maize yield changes,539

#Y comb
c (%) = 0.5#Y (r)

c (%) + 0.5#Y (m)
c (%). (25)

To translate yield changes into macroeconomic exposure, we apply a constant yield-540

GDP elasticity φ, set to →0.1, such that the percentage GDP impact attributable to541

yield change reflects that agriculture is typically about 10% of GDP in many countries,542

so a 1% yield change translates to roughly 0.1% GDP change, following Waidelich543

et.al (2024)[30] is544

#Gc(%) = φ ·#Y comb
c (%). (26)

The absolute GDP exposed to yield risk is then computed as the magnitude of this545

impact applied to end of century GDP,546

Grisk
c = Ḡfut

c ↘ |#Gc(%)|
100

. (27)

Supplementary information. Supplementary data and table are provided in547

Extended Data and Supplementary Table.548
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