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S1 CMIP6 ensemble overview

Table S1. Overview of the 12 CMIP6 ESMs used in this study, including the land model, vegetation representation, member ID, and reference.

No. Institution Model Land model Member ID Veg. repr. Reference

1 BCC BCC-CSM2-MR† BCC_AVIM2.0 r1i1p1f1 Prog. LAI Wu et al. (2019)
2 CCCMa CanESM5 CLASS3.6 + CTEM1.2 r1i1p1f1 Prog. LAI Swart et al. (2019)
3 NCAR CESM2 CLM5 r11i1p1f1 Prog. LAI Danabasoglu et al. (2020)
4 CMCC CMCC-ESM2 CLM4.5 (BGC) r1i1p1f1 Prog. LAI Lovato et al. (2022)
5 CNRM/CERFACS CNRM-ESM2-1 ISBA + CTRIP r1i1p1f2 Prog. LAI Séférian et al. (2019)
6 EC-Earth Consortium EC-Earth3-Veg HTESSEL + LPJ-GUESS r1i1p1f1 Dyn. veg. Döscher et al. (2022)
7 NOAA-GFDL GFDL-ESM4 GFDL-LM4.1 r1i1p1f1 Dyn. veg. Dunne et al. (2020)
8 IPSL IPSL-CM6A-LR ORCHIDEE r1i1p1f1 Prog. LAI Boucher et al. (2020)
9 MIROC MIROC-ES2L† MATSIRO6 + VISIT-e r1i1p1f2 Prog. LAI Hajima et al. (2020)
10 MPI-M MPI-ESM1-2-LR JSBACH3.2 r11i1p1f1 Dyn. veg. Mauritsen et al. (2019)
11 NCC NorESM2-MM† CLM5 r1i1p1f1 Prog. LAI Seland et al. (2020)
12 MOHC UKESM1-0-LL JULES-ES-1.0 r1i1p1f2 Dyn. veg. Sellar et al. (2019)

Veg. repr.: Prog. LAI = prognostic/time-varying LAI and phenology; Dyn. veg. = prognostic LAI with interactive vegetation cover, competition, or
demography. †Model excluded from the 9-model land-cover sensitivity subset; the subset includes only models for which tree and crop fraction
changes were available.
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S2 Predictor screening and sensitivity tests

To support the selection of the final common predictor set, we first performed a screening analysis using a larger candidate
predictor pool (Table S2). For each historical BGWS regime, we fitted repeated spatially blocked Elastic Net models with
nested grouped cross-validation and a one-standard-error rule, using the same train–test design as in the main analysis. From5
these runs, we summarised each predictor by its selection frequency across repeated models and by the consistency of the
sign of its non-zero coefficients. This screening was used to assess the robustness and interpretability of candidate predictors
before defining the final common predictor set. The approach follows earlier work showing that predictor selection in spatial
environmental models should be evaluated under spatially structured cross-validation, and that repeated cross-validation and
variable preselection can help identify parsimonious and robust predictor sets (Meyer et al., 2019; Laimighofer et al., 2022).10
Selection frequency and sign consistency were used as screening diagnostics rather than as strict selection rules. The final set
was defined by combining these diagnostics with physical interpretability and predictor availability across the full 12-model
ensemble.

We assessed both total-column and near-surface soil moisture during predictor screening. Near-surface soil moisture was
retained in the final predictor set because it was selected more consistently than total-column soil moisture (Table S2). For total-15
column soil moisture, relative changes were computed separately for each ESM as future-minus-historical change normalised
by the model’s historical baseline, before averaging across models to form the ensemble mean, because the effective soil-
column depth represented by total-column soil moisture differs across models. Total cloud cover was retained because it was
selected consistently in the blue water regime.

We further performed targeted sensitivity analyses (Table S3). First, we tested ∆RX1day as an alternative extreme-precipitation20
metric. With the final analysis mask, replacing ∆RX5day with ∆RX1day yields similar out-of-sample performance and leaves
extreme precipitation as the leading predictor in both regimes, with ∆RX1day ranking first (Table S3). This confirms that the
dominant role of extreme precipitation is robust to the choice of extreme-precipitation metric. We retain ∆RX5day in the main
analysis because multi-day precipitation accumulation is a more robust large-scale indicator at coarse model resolution as it
captures better saturation-excess runoff generation, the predominant mechanism in CMIP6 land schemes (Hou et al., 2023),25
whereas single-day extremes are more strongly affected by drizzle bias and coarse-resolution underestimation in CMIP6 ESMs
(Brunner et al., 2025).

Second, we assessed land-cover predictors in a reduced 9-model subset for which tree and crop fraction changes were
available. This test should be interpreted relative to the reduced-ensemble baseline, because the 9-model subset already differs
from the full 12-model ensemble in its predictor ranking (Table S3). Within this reduced ensemble, adding ∆TreeFrac and30
∆CropFrac changes some secondary ranking positions but does not overturn the leading regime-specific controls: ∆RX5day
remains the leading predictor in the blue regime, and ∆VPDseas remains the leading predictor in the green regime. ∆TreeFrac
enters the top three in the blue regime and ranks 6th in the green regime, while ∆CropFrac contributes little (10th blue, 8th
green). The remaining ranking shifts likely reflect a combination of the smaller 9-model ensemble and the correlated structure
among vegetation-related predictors. In particular, ∆LAI and ∆TreeFrac are strongly correlated in the reduced ensemble35
(Pearson’s r = 0.70), indicating that part of the vegetation-related signal may be shared between them and redistributed in
the Elastic Net regression. Because tree and crop fraction changes are unavailable for the full 12-model ensemble and do not
materially alter the broader process interpretation, we retain the 12-model fixed predictor set in the main analysis.

Third, we tested the spatial attribution restricted to grid cells with high inter-model sign agreement in ∆BGWS (≥8/12
ESMs). This subset comprises ∼25 % of the analysed domain (Fig. S1), with predictive skill of R2 = 0.57 in the blue and40
R2 = 0.85 in the green regime. The blue-regime ranking is essentially unchanged, with ∆RX5day strongly dominant. In the
green regime, ∆VPDseas and ∆VPD become the leading predictors, with ∆LAI third and ∆RX5day dropping to rank 5. The
high-confidence cells cluster in specific climate zones: boreal and monsoonal/tropical wet regions in the blue regime, and
warm-temperate and water-limited zones in the green regime. The greater importance of atmospheric dryness in the high-
confidence green subset is consistent with established findings that vegetation responses are particularly sensitive to VPD in45
water-limited and transitional regimes (Seneviratne et al., 2010; Denissen et al., 2022). The high-confidence subset attribution
should therefore be read as a regime-conditional finding for these specific climate zones rather than as a revised regime-wide
attribution.
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Table S2. Predictor screening results from repeated spatially blocked Elastic Net models using the full candidate predictor pool. Selection
frequency gives the fraction of repeated models in which a predictor was retained with a non-zero coefficient. Sign consistency gives the
mean sign of non-zero coefficients across repeats, where values close to +1 or −1 indicate a stable coefficient direction. The final-set column
indicates whether the predictor was retained in the common 12-model fixed predictor set used in the main analysis. Abbreviations are as
follows: P , mean precipitation; RX1day, annual maximum 1-day precipitation; RX5day, annual maximum consecutive 5-day precipitation;
Pseas, precipitation seasonality; VPD, vapour pressure deficit; VPDseas, VPD seasonality; T , near-surface air temperature; RSDS, surface
downwelling shortwave radiation; CLT, total cloud cover; SM, total-column soil moisture; SMsurf , near-surface soil moisture; LAI, leaf
area index; GPP, gross primary productivity; WUE, water-use efficiency.

Predictor Blue water regime Green water regime Final

Sel. freq. Sign cons. Sel. freq. Sign cons. set

∆P 0.78 1.00 1.00 1.00 yes
∆RX1day 1.00 1.00 1.00 1.00 no
∆RX5day 0.53 1.00 1.00 1.00 yes
∆Pseas 0.98 1.00 0.45 1.00 yes
∆VPD 0.75 1.00 1.00 1.00 yes
∆VPDseas 0.63 -1.00 1.00 -1.00 yes
∆T 0.55 -1.00 1.00 -1.00 no
∆RSDS 0.50 -1.00 0.65 1.00 no
∆CLT 0.98 1.00 0.15 1.00 yes
∆SM 0.93 1.00 0.40 1.00 no
∆SMsurf 1.00 1.00 0.98 1.00 yes
∆LAI 1.00 -1.00 1.00 -1.00 yes
∆GPP 0.38 -1.00 0.10 -0.50 no
∆WUE 1.00 1.00 1.00 1.00 yes
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Table S3. Performance and predictor rankings for the fixed predictor-set attribution models and the sensitivity tests. R2 is the mean out-of-
sample R2 from repeated spatially blocked train–test splits. The three most important predictors (by ensemble-mean median permutation
importance) are listed per regime in decreasing order.

Setup ESMs R2
blue R2

green Top-3 blue Top-3 green

Main analysis 12 0.51 0.74 RX5day, LAI, SMsurf RX5day, LAI, VPDseas

Robust subset (≥8/12 ESMs) 12 0.57 0.85 RX5day, SMsurf , LAI VPDseas, VPD, LAI
∆RX1day instead of ∆RX5day 12 0.54 0.81 RX1day, LAI, SMsurf RX1day, LAI, VPDseas

Reduced ensemble 9 0.50 0.72 RX5day, LAI, CLT VPDseas, LAI, RX5day
+ ∆TreeFrac 9 0.50 0.73 RX5day, CLT, TreeFrac VPDseas, RX5day, P
+ ∆TreeFrac + ∆CropFrac 9 0.50 0.74 RX5day, CLT, TreeFrac VPDseas, RX5day, P

∆TreeFrac ranks 3rd (blue) and 6th (green); ∆CropFrac ranks 10th (blue) and 8th (green).
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Figure S1. High-confidence subset used for the attribution sensitivity analysis under SSP3–7.0. Coloured grid cells show locations where at
least 8 of 12 models agree on the sign of projected ∆BGWS. These high-confidence cells are separated by their historical BGWS regime:
blue indicates the historical blue water regime (BGWS > 0), and green indicates the historical green water regime (BGWS < 0). Light grey
areas show grid cells that are part of the valid analysis domain but do not meet the high-confidence criterion. Numbers indicate grid-cell
counts and area-weighted fractions relative to the valid analysis domain.
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S3 Benchmarking against ERA5-Land and observation-based data

Figure S2. Comparison of historical mean BGWS (1985–2014) across the 12-model CMIP6 ensemble mean, ERA5-Land, and observation-
based data. Panels (a)–(c) show global maps of BGWS for the ensemble mean, ERA5-Land, and the observation-based product, respectively.
Panel (d) distinguishes grid cells where all three datasets agree on the BGWS sign, where the 12-model ensemble mean agrees with only
one reference dataset (partial agreement), where both reference datasets disagree with the ensemble mean, and where at least one dataset has
a near-zero signal (|x|< 0.5%). The inset in panel (d) shows the fraction of land area in each agreement category. Panels (e) and (f) show
grid-cell scatter plots comparing ERA5-Land and the observation-based product, respectively, against the CMIP6 ensemble mean. Only grid
cells retained by the fixed historical analysis mask are shown.
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Figure S3. As in Fig. S2, but for historical changes in BGWS (2000–2014 minus 1985–1999). Categories defined as in Fig. S2
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Figure S4. Comparison of the historical mean runoff-to-precipitation ratio (R/P ; 1985–2014) across the 12-model CMIP6 ensemble mean,
ERA5-Land, and observation-based data. Panels (a)–(c) show global maps of R/P for the ensemble mean, ERA5-Land, and the observation-
based product, respectively. Panels (d) and (e) show grid-cell scatter plots comparing ERA5-Land and the observation-based product, respec-
tively, against the CMIP6 ensemble mean. Point density is indicated by transparency, the dashed line marks the 1:1 relationship, and the red
marker denotes the spatial mean. Only grid cells retained by the fixed historical analysis mask are shown.
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Figure S5. As in Fig. S4, but for the historical mean transpiration-to-precipitation ratio (Et/P ; 1985–2014).
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S4 Historical climatic and hydroecological states50

Figure S6. Historical mean states (1985–2014) of selected climatic and hydroecological variables in the 12-model CMIP6 ensemble mean.
Panels show (a) R, (b) Et, (c) Ent, (d) P , (e) Pseas, (f) RX5day, (g) SMsurf , (h) LAI, (i) WUE, (j) VPD, (k) VPDseas, and (l) CLT. Only
grid cells retained by the fixed historical analysis mask are shown.
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Figure S7. Historical mean RX5day ratio (RX5day/Pannual) in the 12-model CMIP6 ensemble mean and its relationships with P and
BGWS. Panel (a) shows the ensemble mean RX5day/Pannual ratio [%]. Panels (b) and (c) show scatter plots of RX5day/Pannual against P
and BGWS, respectively. In panel (c), blue points indicate grid cells with BGWS > 0 and green points indicate grid cells with BGWS < 0.
Pearson’s correlation coefficient (r) is shown in each scatter panel. Variable definitions and units are given in the Methods. Only grid cells
retained by the fixed historical analysis mask are shown.
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S5 Inter-model uncertainty in BGWS

Figure S8. Ensemble standard deviation of BGWS across the 12-model CMIP6 ensemble. Panel (a) shows the historical ensemble standard
deviation of BGWS for 1985–2014, and panel (b) shows the ensemble standard deviation of projected ∆BGWS under SSP3-7.0, calculated
from changes between 2071–2100 and 1985–2014. Each grid cell represents the standard deviation across the model ensemble. Only grid
cells retained by the fixed historical analysis mask are shown.
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S6 Projected BGWS regime shifts

Figure S9. Ensemble mean BGWS under SSP3-7.0 for 2071–2100 across the 12-model CMIP6 ensemble. Only grid cells that undergo a
regime shift between the historical period (1985–2014) and the far-future period are coloured, distinguishing shifts from blue to green water
regimes and from green to blue water regimes. Stippling denotes regions of low ensemble sign agreement where fewer than 8 of 12 models
agree on the sign of ∆BGWS. The inset shows the fraction of global land area undergoing each type of regime shift; error bars indicate the
95% confidence interval across the model ensemble. Only grid cells retained by the fixed historical analysis mask are shown.
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S7 Projected changes in climatic and hydroecological variables

Figure S10. Ensemble mean changes in selected climatic and hydroecological variables under SSP3-7.0, shown as differences between
2071–2100 and 1985–2014. Panels show (a) relative change in R, (b) relative change in Et, (c) ∆Ent, (d) relative change in P , (e) ∆Pseas,
(f) ∆RX5day, (g) ∆SMsurf , (h) ∆LAI, (i) ∆WUE, (j) ∆VPD, (k) ∆VPDseas, and (l) ∆CLT. Stippling denotes regions of low ensemble sign
agreement where fewer than 8 of 12 CMIP6 models agree on the sign of change and only when variable change is not solely positive. Only
grid cells retained by the fixed historical analysis mask are shown.
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S8 Random Forest regression and SHAP feature importance

As a nonlinear robustness check, we additionally applied Random Forest (RF) regression to the same final predictor set used55
in the blocked linear attribution analysis. RF models were fitted separately for the blue and green water regimes using repeated
spatially blocked train–test splits, consistent with the main workflow. Hyperparameters were selected once for each regime
using grouped cross-validation and then held fixed across repeated blocked splits. Model performance was evaluated on held-
out test blocks using R2.

To quantify predictor importance in the nonlinear model, we computed both held-out permutation importance and SHAP60
(Shapley additive explanations; Lundberg and Lee 2017). SHAP values assign each predictor an additive contribution to the
model output and are used here as a diagnostic measure of variable importance and direction of influence within the RF model.
Predictor importance was summarised across repeated blocked splits using median mean absolute SHAP values and compared
with the held-out permutation importance from the blocked linear model (Table S5).

Figure S11 shows SHAP summary plots for representative blocked test splits with test performance closest to the median65
across repeats. Positive SHAP values indicate contributions towards more positive modelled ∆BGWS, whereas negative SHAP
values indicate contributions towards more negative modelled ∆BGWS. Dot colours represent normalised predictor values. The
RF analysis is intended as a complementary nonlinear sensitivity analysis rather than a replacement for the main blocked linear
attribution framework.

Table S5. Comparison of predictor ranks from the blocked linear model, RF permutation importance, and RF SHAP importance for the blue
and green water regimes. Rank 1 denotes the most important predictor within each method and regime.

Predictor Blue linear Blue RF perm. Blue RF SHAP Green linear Green RF perm. Green RF SHAP

∆RX5day 1 1 1 1 1 1
∆LAI 2 3 4 2 2 2
∆SMsurf 3 5 2 7 5 6
∆WUE 5 8 8 6 9 8
∆CLT 6 2 3 9 6 9
∆Pseas 4 7 5 8 8 4
∆VPD 8 4 6 4 7 7
∆P 7 6 7 5 4 5
∆VPDseas 9 9 9 3 3 3
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Figure S11. Random-Forest-based variable importance of the final predictor set for projected ∆BGWS in the two historical BGWS regimes
based on the 12-model CMIP6 ensemble mean. (a) Blue water regime and (b) Green water regime. SHAP summary plots are shown for
representative blocked test splits. Positive and negative SHAP values indicate contributions towards more positive or more negative modelled
∆BGWS, respectively. Dot colours represent normalised predictor values from low to high. Predictors are ordered by median mean absolute
SHAP values across repeated blocked runs; values in brackets denote the corresponding median mean absolute SHAP values. Reported R2

values give the mean held-out test performance across repeated blocked runs, and n is the number of grid cells analysed in each regime.
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