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Abstract. Land-use and land-cover change (LULCC) is a major driver of terrestrial water cycle changes, yet its effects on

how precipitation is partitioned into blue (runoff) and green water (transpiration) flows remain unclear. Here we address this

knowledge gap using Earth system model simulations from the Land Use Model Intercomparison Project (LUMIP) under

contrasting socioeconomic pathways (SSP1-2.6 and SSP3-7.0). We find that future sustainable LULCC (i.e., predominantly

avoided deforestation and preservation of natural non-forest ecosystems) significantly impacts blue–green water partitioning,5

with regions showing positive leaf area index (LAI) and gross primary productivity (GPP) responses generally corresponding

to larger green water shares. These effects are strongest in the tropics and particularly during dry seasons, where LAI and

GPP responses are largest. Regions with the strongest green water gains show the highest sensitivity of blue–green water

partitioning to vegetation responses, with the largest partitioning shifts per unit change in LAI or GPP. Precipitation responses

to LULCC further modulate the strength of blue–green water partitioning shifts. In some regions, higher transpiration is partly10

offset by increased rainfall, limiting reductions in blue water availability. While we find consistent ecohydrological responses

to LULCC across the multi-model ensemble mean, substantial regional inter-model disagreement arises due to differences in

model-specific plant functional types and their parametrisations. Our results underscore that the water cost or benefit of land

management depends jointly on vegetation function, precipitation feedbacks, and model structural uncertainty.

1 Introduction15

Land-use and land-cover change (LULCC) is a central driver of Earth system functioning, shaping the coupled carbon, energy,

and water cycles (Bonan, 2008; Lawrence et al., 2016; Pongratz et al., 2021). These impacts arise from both biogeochemi-

cal effects (including changes in carbon storage and CO2 fluxes) and biogeophysical effects (including albedo, aerodynamic

roughness, and evapotranspiration). Beyond its contribution to the global carbon budget (Friedlingstein et al., 2023), LULCC

directly influences terrestrial hydrology by altering the partitioning of precipitation between evapotranspiration, storage, and20

runoff, and by modifying land–atmosphere interactions that can feed back on precipitation (Lawrence et al., 2016; Pongratz

et al., 2021). These interactions are increasingly policy-relevant because land-based mitigation and carbon-dioxide removal

options, including afforestation, avoided deforestation, and bioenergy crops, are often evaluated primarily for their carbon ben-

efits despite potentially far-reaching consequences for water availability (Pongratz et al., 2021). In many settings, increasing
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tree cover enhances evapotranspiration and can affect precipitation, which may reduce downstream water availability and in-25

tensify competition for water resources (Asselin et al., 2024; Jackson et al., 2005; Ricciardi et al., 2022). Quantifying how

sustainable LULCC shifts precipitation partitioning is therefore essential to assess trade-offs and co-benefits across climate

mitigation, ecosystem functioning, and water security.

The water-cycle consequences of LULCC can be addressed from a blue–green water perspective, which distinguishes blue

water in rivers, lakes, reservoirs, and aquifers that is directly accessible for human use from green water stored as soil moisture30

in the unsaturated root zone that sustains vegetation and returns to the atmosphere as vapour (Falkenmark, 1995; Falkenmark

and Rockström, 2006; Gleeson et al., 2020; Rockström and Gordon, 2001). In Earth system models (ESMs), these two resources

are most consistently assessed through their associated flows, because blue water storage is not represented in a harmonised

way across land model components. We therefore characterise blue–green partitioning using runoff as a proxy for the blue water

flow and transpiration as the (productive) green water flow, consistent with the blue–green water framework and its applications35

in global model analyses (Falkenmark and Rockström, 2006; Orth and Destouni, 2018; Hoekstra, 2019). To quantify this

partitioning, we use the Blue–Green Water Share (BGWS; Heselschwerdt et al., 2025), a process-based metric that diagnoses

how an incremental unit of precipitation is allocated between blue (runoff) and green water flow (transpiration) (Sect. 2.3).

Here, we focus on transpiration rather than total evapotranspiration because transpiration directly reflects vegetation water use,

whereas evapotranspiration also includes soil evaporation that can vary independently of vegetation functioning (Rockström40

and Gordon, 2001; Falkenmark and Rockström, 2006).

Precipitation responses to LULCC are a key, yet still uncertain, link between land management and blue–green water par-

titioning. LULCC can influence precipitation through changes in evapotranspiration and terrestrial moisture recycling as well

as through circulation adjustments and related changes in moisture convergence driven by altered surface roughness and en-

ergy partitioning. Because a substantial share of land precipitation originates from upwind land evapotranspiration, rainfall45

responses can propagate along precipitationsheds and depend on where land-use change occurs relative to key moisture-source

regions (van der Ent et al., 2010; Tuinenburg et al., 2020; te Wierik et al., 2021). In the tropics, forest loss has been linked to

regional drying and increased water stress, while the magnitude and even the sign of rainfall responses can vary with season

and with the location of land-cover change relative to upwind moisture sources (Spracklen et al., 2012; Staal et al., 2018;

Wang-Erlandsson et al., 2018). Beyond these recycling-driven effects, LULCC can also perturb the surface energy budget and50

shift large-scale circulation, including the Hadley cell and the Intertropical Convergence Zone (ITCZ). This can generate re-

mote precipitation changes far from the land-use perturbation (Swann et al., 2012; Devaraju et al., 2015; Laguë and Swann,

2016; Portmann et al., 2022).

Reflecting the interplay of multiple, sometimes opposing mechanisms, coupled-model analyses of future land-based mit-

igation pathways and forestation scenarios often find that increasing tree cover raises evapotranspiration and can increase55

precipitation, yet still reduces water availability (P→ET) in parts of the tropics, including regions of Africa (Fahrenbach et al.,

2025; King et al., 2024). This reflects a net shift toward higher vegetation water use, where transpiration gains outweigh pre-

cipitation increases and can depress runoff. Catchment syntheses similarly report reduced streamflow following afforestation,

while global modelling suggests that outcomes remain spatially heterogeneous and depend strongly on background aridity and
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land–atmosphere feedbacks (Jackson et al., 2005; Farley et al., 2005; Cui et al., 2022). This highlights that assessing hydrolog-60

ical consequences of LULCC requires considering not a single hydroclimate variable in isolation, but the combined effects on

precipitation, vegetation water use, and runoff.

Recent regional modelling studies have started to frame LULCC impacts on blue–green water partitioning explicitly and

show a redistribution from blue to green fluxes under forest expansion (Asselin et al., 2024). At larger scales, modelling and

diagnostic studies further suggest that tree-cover change can modulate runoff in ways that may offset or amplify climate-65

driven runoff changes, underscoring that land management can be a first-order control on regional blue water resources (Engel

et al., 2025). In ESMs, the resulting partitioning response also depends on how land-cover transitions are mapped onto plant

functional types (PFTs) and how key ecohydrological processes (e.g., transpiration, interception, and runoff generation) are

parametrised (Pitman et al., 2009; Boysen et al., 2020; Egerer et al., 2025). Single-model analyses may therefore be strongly

contingent on model-specific biases, vegetation parameter settings, and land-cover mapping strategies. This motivates multi-70

model assessments that quantify uncertainty ranges and help identify robust ecohydrological responses. Despite extensive work

on runoff, evapotranspiration, and water availability responses to LULCC, global assessments that explicitly quantify shifts in

blue–green water partitioning and systematically characterise inter-model spread remain scarce.

Here, we use four ESM simulations from the Coupled Model Intercomparison Project phase 6 (CMIP6; Eyring et al., 2016)

and its Land Use Model Intercomparison Project (LUMIP; Lawrence et al., 2016) to assess how sustainable LULCC alters the75

partitioning of precipitation into green water flow (transpiration) and blue water flow (runoff). Using the LUMIP experiment

design, we isolate the future sustainable (i.e. avoided deforestation and preservation of natural non-forest ecosystems) LULCC

signal (2070–2099) from the background climate change response and diagnose blue–green partitioning using the BGWS

metric. Specifically, we ask where and in which seasons sustainable LULCC shift BGWS, whether these shifts are mediated

mainly through vegetation water use or through precipitation feedbacks, and how consistent the inferred responses are across80

models. Resolving these questions can help to clarify how land-based mitigation affects the terrestrial water cycle and frame

afforestation and avoided deforestation in the broader context of water security under net-zero pathways.

2 Data and methods

2.1 Experiment design

We quantify LULCC impacts on late-21st-century (2070–2099) blue–green water partitioning using simulations from LU-85

MIP (Lawrence et al., 2016)). We contrast two future Shared Socioeconomic Pathways (SSPs) that differ in socioeconomic

development and radiative forcing and, importantly for this study, in land-use trajectories: SSP1-2.6, which features reduced

deforestation and net forest-cover gain under strong mitigation (Riahi et al., 2017), and SSP3-7.0, which features substan-

tial cropland expansion and widespread deforestation under high forcing (Fujimori et al., 2017). These scenarios focus on

large-scale, multi-decadal land-use transitions rather than local afforestation or conservation projects.90

To isolate the LULCC contribution from the background climate and forcing differences between SSPs, we use the LUMIP

land-use-swap experiments (Lawrence et al., 2016). In ssp126-ssp370Lu, all forcings follow SSP1-2.6 except that land use is
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prescribed from SSP3-7.0 (denoted L3), while ssp370-ssp126Lu follows SSP3-7.0 forcings with SSP1-2.6 land use (denoted

L1). Here, Lu denotes that only land use is taken from the alternative scenario. These counterfactual combinations are not

intended as plausible socio-economic futures, but as a controlled design to separate land-use effects from the rest of the95

scenario forcing (Lawrence et al., 2016). For brevity, we denote the four simulations as S1L1 (ssp126), S3L3 (ssp370), S1L3

(ssp126-ssp370Lu), and S3L1 (ssp370-ssp126Lu).

We diagnose the sustainable LULCC signal (!LULCC; Eq. 1) as the symmetric mean of the L1–L3 land-use contrast under

low-forcing (S1) and high-forcing (S3) background climates, following Fahrenbach et al. (2025):

!LULCC =
1
2

(S1L1→ S1L3) +
1
2

(S3L1→ S3L3) . (1)100

The resulting !LULCC provides a climate-robust estimate of the land-use signal for two reasons: (1) it quantifies LULCC

impacts on blue–green water partitioning under distinct background climates, acknowledging that land-use effects on hydrology

may depend on the prevailing climate state; and (2) by averaging across both backgrounds, it reduces dependence on which

forcing pathway (SSP1-2.6 vs. SSP3-7.0) is used as the climate context and improves the signal-to-noise ratio of the inferred

LULCC response.105

Notably, the SSP simulations analysed here are concentration-driven. As a result, they capture the biogeophysical impacts

of LULCC (and vegetation responses to the prescribed CO2 pathway), but they do not include the additional climate feedback

that would arise if LULCC carbon emissions altered atmospheric CO2 concentrations (Lawrence et al., 2016; Amali et al.,

2025). We therefore interpret !LULCC primarily as the biogeophysical land-use imprint on the hydrological cycle under a

prescribed background climate trajectory. Because we contrast two future land-use pathways, positive responses in vegetation110

metrics (e.g., !LAI, !GPP) indicate higher values relative to the unsustainable land-use pathway (L3) and may reflect avoided

or reduced deforestation rather than absolute greening.

For context, we additionally analyse historical LUMIP simulations over 1985–2014 by contrasting historical and hist-noLu

(fixed 1850 land use) simulations and define the historical LULCC signal as historical → hist-noLu (Lawrence et al., 2016).

This comparison is reported in the Supplementary and is used as supporting evidence rather than a core result.115

2.2 ESM data

We use output from four CMIP6 ESMs participating in LUMIP (Table 1). The ESMs were selected based on the availability

of monthly output for all experiments described in Sect. 2.1 and for all variables required in our analysis. The core ensemble

comprises the Beijing Climate Center Climate System Model version 2 (BCC-CSM2-MR; hereafter BCC-CSM2), the Euro-

Mediterranean Centre on Climate Change Earth System Model version 2 (CMCC-ESM2), the Model for Interdisciplinary120

Research on Climate Earth System version 2 for Long-term simulations (MIROC-ES2L), and the United Kingdom Earth Sys-

tem Model version 1.0 in its low-resolution configuration (UKESM1-0-LL; hereafter UKESM1). Further details on horizontal

resolution and land surface configurations are provided in Table 1, while Supplement S1 summarises the representation of

relevant ecohydrological processes in the respective land surface models (LSMs).
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Table 1. Overview of CMIP6 ESMs used in this study, including ensemble members, LSMs, interactive terrestrial nitrogen-cycle represen-

tation (N cycle), horizontal resolution, number of PFTs, vegetation dynamics, and primary references.

Model
Ensemble

member(s)
LSM N cycle Resolution (lat→lon) PFTs Vegetation dynamics Reference

BCC-CSM2-MR r1i1p1f1 BCC_AVIM2.0 No
↑1.125→→ ↑1.125→

(T106, Gaussian)
15

Prescribed PFT fractions;

prognostic LAI
Wu et al., 2019

CMCC-ESM2 r1i1p1f1 CLM4.5-BGC Yes 0.9→→ 1.25→ 15
Prescribed PFT fractions;

prognostic phenology/LAI
Lovato et al., 2022

MIROC-ES2L r1i1p1f2
MATSIRO

+ VISIT-e
Yes

↑2.8→→ ↑2.8→

(T42, Gaussian)
12

Prescribed vegetation fractions;

prognostic LAI
Hajima et al., 2020

UKESM1-0-LL r1–r4i1p1f2
JULES-ES-1.0

(TRIFFID)
Yes 1.25→→ 1.875→ 13

Dynamic PFT competition

within natural/managed units
Sellar et al., 2019

We primarily assess 30-year mean responses in total precipitation (P ; mm day→1), runoff (R; mm day→1), transpiration (Et;125

mm day→1), leaf area index (LAI; m2 m→2), and gross primary productivity (GPP; gC m→2 day→1). In addition, we include

evapotranspiration (ET; mm day→1) and surface soil moisture from the CMIP6 variable mrsos, which represents moisture in

the upper soil layer (0–10 cm; mm). Evaporation (E; mm day→1), including soil evaporation and canopy interception losses,

is not available as standard output for all four ESMs. We therefore compute it as the residual

E = ET →Et. (2)130

Only UKESM1 provides multiple ensemble members for the required experiments, with four realisations available (Table 1).

We therefore analyse the UKESM1 ensemble mean to reduce the influence of internal variability. For the other three ESMs,

only a single ensemble member is available, such that the contribution of internal variability differs across models. To enable

uniform spatial comparisons between models with different native grids, we conservatively regrid all data to a common 1↑↑
1↑ grid.135

To document the imposed land-use transitions, we analyse the Land-Use Harmonization dataset version 2 (LUH2) (Hurtt

et al., 2020). LUH2 is a harmonised land-use dataset used as external forcing in CMIP6, including the LUMIP simulations, and

provides annually varying land-use states and transitions for the SSP scenarios (Lawrence et al., 2016). We aggregate LUH2

state variables into broad land-use categories, including forest (primary plus secondary forest), cropland (annual and perennial

crop types), grazing land (pasture plus rangeland), and natural non-forest vegetation, and compute 30-year mean differences for140

2070–2099 between SSP1-2.6 and SSP3-7.0 to quantify LULCC differences between the pathways. We additionally compare

these future land-use states with the historical reference period (1985–2014) to assess whether scenario differences actually

reflect expansion (e.g., afforestation) or reduction (e.g., avoided deforestation) of the land-use type (Fig. S1).

To compare LUH2 forcing fractions with the realised land-cover response within each ESM, we include model land-cover

diagnostics where available, specifically tree fraction (treeFrac; %) and land-use tile fractions (fracLut; %). The latter provides145

information on primary and secondary natural vegetation, cropland, and pasture fractions. Availability differs across the en-
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semble: these diagnostics are not available for BCC-CSM2; CMCC-ESM2 provides tree fraction only; MIROC-ES2L provides

land-use tile fractions; UKESM1 provides tree fraction for all four ensemble members, while land-use tile fractions are avail-

able only for the r4i1p1f2 member. We analyse these land-use state variables as 30-year mean differences where available to

assess the correspondence between LUH2 and model-specific land-cover changes (Fig. S2).150

Because responses in blue–green water partitioning depend strongly on how each model translates land-use forcing into

vegetation function, we prioritise LAI and GPP as diagnostics of the vegetation response. We interpret LAI as an indicator

of canopy structure and cover and GPP as an indicator of plant productivity. We therefore relate changes in LAI and GPP to

changes in Et, P , and R throughout the analysis, rather than relying solely on land-cover fractions, which can be mapped

differently across ESMs and do not capture functional differences in vegetation response.155

In addition to the core four-model ensemble used throughout this study, we include an extended ensemble of five additional

CMIP6 ESMs (Table S1) that is available only for the historical period. We use this nine-model ensemble to benchmark

the historical LULCC signal of the four-model multi-model mean (MMM). To evaluate whether the four-model MMM is

representative, we compare the historical LULCC signal in blue–green water partitioning between the four-model and nine-

model MMMs over 1985–2014 (Fig. S4). The resulting spatial patterns show moderate-to-strong agreement (Pearson r = 0.73),160

indicating that the core ensemble captures the main large-scale features of the simulated LULCC response. However, because

the four core models are part of the nine-model MMM, this comparison is not fully independent. When comparing the four-

model MMM with the MMM of the five additional models only, agreement is weak (Pearson r = 0.30), highlighting substantial

structural uncertainty in the land-use signal. We therefore interpret the four-model future results as one plausible realisation

within a wider range of model responses and explicitly discuss uncertainty across models.165

2.3 Blue–Green Water Share

We quantify the relative partitioning of precipitation into blue water (runoff) and green water (transpiration) flows using the

Blue–Green Water Share (BGWS) metric introduced in Heselschwerdt et al. (2025). BGWS is a signed, normalised index that

expresses the dominance of runoff (R) versus transpiration (Et) relative to total precipitation (P ):

BGWS =
R→Et

P
↑ 100. (3)170

We use transpiration (Et) as the green water flow because it directly represents vegetation water use, whereas evapotranspiration

includes non-transpirative components (e.g., soil evaporation and interception losses) that can vary independently of vegetation

functioning. Positive BGWS values indicate a greater relative partitioning of precipitation to blue water flow and negative values

indicate a greater partitioning to green water flow. Differences between simulations (!BGWS) quantify shifts in partitioning.

Because BGWS is defined as a ratio, we exclude grid cells with very low hydrological activity to avoid unstable values. We175

apply a common mask derived from the historical four-model MMM (1985–2014), retaining only grid cells where the 30-year

mean fluxes satisfy P > 0.05mm day→1, Et > 0.005mm day→1, and R > 0.005mm day→1. The same mask is applied to all

scenarios, models, and variables to ensure consistent spatial comparability.
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To summarise the relative magnitude of the LULCC effect on BGWS, we compute a fractional BGWS impact at each land

grid cell as the absolute sustainable LULCC signal normalised by the background BGWS state,180

IBGWS = 100↑ |!BGWSsustainLULCC|
|BGWSref |

, (4)

where !BGWSsustainLULCC denotes the sustainable LULCC signal (Sect. 2.1) and BGWSref = 1
2 (BGWSS1L1 + BGWSS3L3)

is the mean BGWS of the two baseline scenario simulations. We summarise IBGWS by the land median.

2.4 Quantile regression analysis

To investigate how vegetation responses to LULCC relate to shifts in blue–green water partitioning, we apply linear quantile185

regression between !BGWS and vegetation responses (!LAI, !GPP) across the conditional distribution of !BGWS. For

each predictor X ↓ {!LAI, !GPP}, we fit

Qω (!BGWS | X) = ω0(ε) + ω1(ε)X, ε ↓ {0.10,0.50,0.90}. (5)

Here, Qω denotes the ε -th conditional quantile. In all cases, !BGWS is treated as the dependent variable and !LAI or !GPP

as the independent variable, consistent with a process-based direction of effect. Fits are performed across land grid cells for190

each model and for the MMM, using the LULCC-induced differences defined in Sect. 2.1.

The regression slopes ω1(ε) measure how strongly the ε -th conditional quantile of !BGWS changes per unit change in X;

negative slopes imply that positive vegetation responses (e.g., higher !GPP) are associated with shifts toward green water par-

titioning (sign convention used here). Comparing ω1(0.10), ω1(0.50), and ω1(0.90) reveals whether sensitivity differs between

grid cells exhibiting strong green water share increases (lower tail), median responses, or strong blue water share increases195

(upper tail) (Koenker and Hallock, 2001).

3 Results

3.1 Vegetation response to sustainable LULCC

Figures 1 and 2 map the vegetation response to sustainable LULCC for the MMM (a) and each individual model (b–e),

together with the corresponding zonal means (f). The strongest positive !LAI signals (↔ 0.5 m2 m→2) occur in regions such200

as the eastern United States (US), southwestern Canada, the western Amazon, and across much of central and Southern Africa

(Fig. 1). These responses dominate the MMM zonal mean, yet inter-model agreement is particularly low in the eastern US and

central Africa as indicated by low ensemble agreement (i.e., fewer than three out of four models agree on the sign of change)

and a large zonal mean spread. In regions with the strongest positive !LAI signals, the LUH2 forcing primarily prescribes

greater fractions of forest and natural non-forest at the expense of cropland and grazing land, consistent with preservation of205

natural ecosystems under the sustainable pathway (Fig. S1). Models that provide land-cover output show largely corresponding

patterns of natural-vegetation preservation (Fig. S2). However, !LAI signals of the individual models diverge from the MMM

(Fig. 1b–e).
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Conversely, the largest and most spatially extensive negative LAI response (↗→0.5 m2 m→2) occurs over southeastern China

(Fig. 1). In this region, the LULCC forcing under the sustainable pathway prescribes lower fractions of forest and natural non-210

forest and a higher cropland share (Fig. S1). Although this forcing may seem counterintuitive at first, it reflects cropland

expansion for second-generation bioenergy under SSP1, particularly in high-productivity regions such as eastern China (Hurtt

et al., 2020). The individual model responses accordingly show greater cropland fractions in southeastern China, corresponding

to a consistent negative LAI response (Figs. 1 and S2)

Figure 1. Late-21st-century (2070–2099) difference in LAI associated with sustainable LULCC [m2 m↑2]. Panels (a)–(e) show the spatial

distribution for the four-model MMM (a) and the individual models BCC-CSM2 (b), CMCC-ESM2 (c), MIROC-ES2L (d), and UKESM1

(e). Differences within the range ±0.05 m2 m↑2 are shown in white. In the MMM, regions with low ensemble agreement (fewer than three

out of four models agreeing on the sign of !LAI) are indicated. Panel (f) shows zonal-mean !LAI.

Figure 2 maps responses in GPP to sustainable LULCC, which are strongly associated with !LAI (MMM spatial Pearson215

correlation r = 0.89 across global land grid cells). Yet, signal magnitudes and signs of !GPP and !LAI differ in some regions,

reflecting their non-linear relationship. For example, modest negative !LAI in the western Sahel coincides with pronounced

negative !GPP in the MMM. Here, the sustainable LUH2 forcing prescribes the ESMs to preserve natural non-forest and

pasture at the expense of cropland (Figs. S1 and S2). This disparity between the LAI and GPP response likely reflects that crop

PFTs can exhibit higher photosynthetic capacity per unit leaf area than the natural non-forest vegetation and pasture retained220

under sustainable LULCC. Across individual ESMs, !GPP and !LAI in the western Sahel diverge further, with mixtures of
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positive and negative signals (Figs. 1 and 2). The strength of the !GPP–!LAI relationship also varies by model, with spatial

Pearson correlations from r = 0.66 (UKESM1) to r = 0.83 (BCC-CSM2) across global land grid cells. Lower correlations

indicate a more non-linear relationship of GPP and LAI responses and underscore the added value of considering GPP in

addition to LAI to capture vegetation responses to LULCC forcing. Although all ESMs are forced by the same LULCC forcing225

dataset (LUH2), inter-model agreement on vegetation responses is only weak to moderate (pairwise spatial Pearson correlation

r ranges: LAI 0.17-0.51; GPP 0.00-0.31). Agreement is weaker for GPP, leading to cancellation in zonal means and a muted

MMM signal (Fig. 2f), with an exception around↘ 10↑N-20↑S where zonal-mean !GPP is positive across much of the tropics.

Figure 2. Late-21st-century (2070–2099) difference in GPP associated with sustainable LULCC [gCm↑2 day↑1]. Panels (a)–(e) show the

spatial distribution for the four-model MMM (a) and the individual models BCC-CSM2 (b), CMCC-ESM2 (c), MIROC-ES2L (d), and

UKESM1 (e). Differences within the range ±0.05 gCm↑2 day↑1 are shown in white. In the MMM, regions with low ensemble agreement

(fewer than three out of four models agreeing on the sign of !GPP) are indicated. Panel (f) shows zonal-mean !GPP.

3.2 Impacts of sustainable LULCC on blue–green water partitioning

Sustainable LULCC-induced differences in LAI and GPP impact blue–green water partitioning primarily through their in-230

fluence on transpiration (Fig. S8). BGWS patterns under SSP1–2.6 and SSP3–7.0 climates remain almost unchanged when

land use is swapped (spatial correlations r ↔ 0.98 across models), while the land-median fractional relative BGWS impact

attributable to sustainable LULCC (i.e. IBGWS) is ↘5.2 % for the MMM. This indicates that LULCC primarily modulates the

magnitude of blue–green water partitioning rather than reorganising its global spatial pattern.
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Figure 3. Late-21st-century (2070–2099) difference in BGWS associated with sustainable land use %. Panels (a)–(e) show the spatial

distribution for the four-model MMM (a) and the individual models BCC-CSM2 (b), CMCC-ESM2 (c), MIROC-ES2L (d), and UKESM1

(e). Positive values indicate a higher blue water share under the sustainable land-use pathway. Differences within the range ±1 % are shown

in white. In the MMM, regions with low ensemble agreement (fewer than three out of four models agreeing on the sign of !BGWS) are

indicated. Panel (f) shows zonal-mean !BGWS.

Figure 3 shows the spatial distribution of the BGWS response to sustainable LULCC for the MMM (a) and each individ-235

ual model (b–e), together with the corresponding zonal means (f). Despite only weak inter-model coherence (pairwise spatial

Pearson correlations r across the four models range from →0.14 to 0.25), several regionally consistent tendencies emerge in

the MMM. Larger green water shares (i.e., negative !BGWS) appear across regions such as the western Amazon, the western

coast of Africa, and broad parts of Central and Southern Africa (Fig. 3). These regions also generally exhibit substantially

positive !LAI and !GPP, corresponding to increased transpiration (Figs. 1, 2 and S8). Smaller negative !BGWS signals240

occur in Central America, northeastern China and southeastern Europe, notably in regions where !GPP and !LAI signals are

not consistently positive (Figs. 1 and 2). In contrast, greater blue water shares (i.e., positive !BGWS) appear, for example,

along much of the Sahel into the Horn of Africa, in parts of Southern Africa, in the Levant, and more weakly in western Siberia

(Fig. 3). MMM zonal means range around zero, reflecting cancellation of model-specific signals, with MIROC-ES2L notably

favouring larger green water shares across most latitudes (Fig. 3f). Nonetheless, three features emerge, namely (i) tendencies245

toward larger blue water shares in the northern outer tropics (10↑–23.5↑ N), dominated by the Sahel signal; (ii) tendencies

toward larger green water shares across the northern inner tropics and the southern tropics (10↑N-23.5↑S), dominated by re-
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sponses in the western Amazon, the western coast of Africa, and Central Africa; and (iii) a weaker blue water share dominance

near 60↑N, dominated by the western Siberia signal.

In the tropics (23.5↑ S–23.5↑ N), the MMM zonal-mean BGWS response shows a clear seasonal structure linked to the250

migration of the ITCZ and associated monsoon systems (Fig. S5). Green water shares are larger during the respective dry

seasons north (approximately DJF–MAM) and south (approximately JJA–SON) of the equator, associated with enhanced GPP

and transpiration under the sustainable LULCC pathway. Blue water shares are particularly larger during parts of the wet season

in the northern tropics (JJA–SON), coinciding with stronger monsoon rainfall and temporarily weaker transpiration. Outside

the tropics, zonal-mean BGWS anomalies are generally small, as opposite-signed regional responses partly cancel, and where255

signals do emerge they are governed mainly by relatively small changes in precipitation and runoff.

The magnitudes and signs of the LAI, GPP and BGWS responses to sustainable LULCC are not always proportional,

consistent with non-linear controls and modulation by precipitation (Figs. 1, 2, 3 and S6). For example, strong positive !LAI

and !GPP signals in the eastern US and southwestern Canada do not translate into proportionally larger green water shares. By

contrast, other regions with similarly strong increases in !LAI and !GPP, such as the western Amazon, show a strong positive260

!BGWS signal (Fig. 3). Comparing the precipitation signal in these three regions shows a positive precipitation response in

the eastern US and southwestern Canada, whereas the western Amazon primarily exhibits drying conditions (Fig. S6).

In the eastern US, forest preservation relative to cropland is associated with larger gains in runoff (area-weighted mean:

+0.06 mm day→1) than in transpiration (area-weighted mean: +0.04 mmday→1) (Figs. S7 and S8). This suggests that, in

terms of blue–green water partitioning, the additional precipitation exceeds the higher transpiration demand associated with265

higher LAI and GPP. As a result, the net effect corresponds to larger blue water shares, although inter-model uncertainty in

the ecohydrological responses remains substantial (see Subsection 3.3). In southwestern Canada, runoff responses in forest-

preserved grid cells are weak (area-weighted mean: 0.00 mm day→1) and spatially heterogeneous despite robust precipitation

increases (area-weighted mean: +0.07 mm day→1). Accordingly, precipitation differences show only a weak association with

runoff differences (r = 0.03), implying that additional precipitation is not efficiently converted into blue water. Instead, pre-270

cipitation anomalies are more strongly associated with increased evaporation (including interception) (r = 0.93) and increased

surface soil moisture (r = 0.6) (Figs. S9 and S10). As a result, BGWS changes remain comparatively small in southwestern

Canada even under strong forest preservation, because the precipitation increase is partitioned into other land-surface fluxes

and storage rather than primarily into runoff (or transpiration). This precipitation-driven damping contrasts with the western

Amazon, where drying conditions amplify BGWS changes through a shrinking precipitation denominator.275

The precipitation changes associated with sustainable LULCC can reflect both changes in large-scale circulation (i.e. a re-

distribution of atmospheric moisture) and enhanced local land–atmosphere coupling through moisture recycling. In the three

example regions, the correlation between LULCC-induced anomalies in ET and precipitation is much stronger in the east-

ern US (r = 0.81) and southwestern Canada (r = 0.94) than in the western Amazon (r = 0.21), suggesting a tighter local

ET–precipitation co-variability (Figs. S6 and S11). However, these correlations alone do not distinguish whether ET drives280

precipitation via local recycling, or whether both, precipitation and ET, respond to circulation-driven changes in atmospheric

moisture supply. Important to note here is the timing of the additional precipitation in the extratropical example regions. In
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the eastern US the additional precipitation falls in Northern Hemisphere spring (MAM) and summer (JJA) (Fig. S15), while in

southwestern Canada in winter (DJF) and spring (MAM) (not shown).

Figure 4. Quantile regression between late-21st-century (2070–2099) differences in BGWS [%] and differences in LAI [m2 m↑2] and GPP

[gCm↑2 day↑1] associated with sustainable LULCC. Panels (a)–(e) show quantile regressions between !BGWS and !LAI for the four-

model MMM (a) and the individual models BCC-CSM2-MR (b), CMCC-ESM2 (c), MIROC-ES2L (d), and UKESM1-0-LL (e). Panels

(f)–(j) show the corresponding relationships between !BGWS and !GPP. Quantile regressions are shown for the 10th, 50th, and 90th

percentiles. The slope coefficient ω1 denotes the change in !BGWS per unit LAI or GPP difference at each quantile. Pearson’s correlation

coefficient (r) is reported for the full sample. The fraction of grid cells in each quadrant is indicated: Q1, positive !BGWS and LAI/GPP

difference; Q2, positive !BGWS and negative LAI/GPP difference; Q3, negative !BGWS and LAI/GPP difference; and Q4, negative

!BGWS and positive LAI/GPP difference.

Similarly, negative LAI and GPP responses do not always correspond to larger blue water shares. One such example is285

the blue–green water partitioning response to the LAI and GPP decrease in eastern China. In southeastern China, cropland

expansion is associated with a weak increase in blue water share, partially muted by a negative precipitation response (Figs. 3,

S1, S2 and S6). Northeastern China, in contrast, shows a strong increase in green water shares (negative !BGWS; Fig. 3).

Here, LUH2 forcing prescribes preservation of natural non-forest and reduced grazing land fractions (Fig. S1), and the ESMs

translate this forcing into increased primary and secondary vegetation cover, while pasture fractions decline (Fig. S2). Over290

much of northeastern China, the preservation of primary and secondary vegetation over pasture is associated with negative

!LAI and !GPP and negligible transpiration changes. As a consequence, the larger green water shares in the southern part of

northeastern China arise mainly from reduced precipitation and corresponding runoff declines, along with lower surface soil

moisture (Figs. S6, S7 and S9). Precipitation responses to sustainable LULCC can even induce substantial blue–green water

partitioning changes in regions with weak LAI and GPP responses, such as western Siberia (40↑–70↑ E, 50↑–70↑ N). There,295

larger blue water shares are linked to higher precipitation and runoff, while land-use changes are negligible and transpiration
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remains nearly unchanged (Figs. 3, S2, S6, S7, and S8). This indicates that non-local effects of LULCC elsewhere modify

atmospheric moisture transport and the associated precipitation regimes.

The non-linear relationship between vegetation responses and BGWS changes is reflected in moderate negative spatial

correlations between !BGWS and !LAI (r =→0.45) and between !BGWS and !GPP (r =→0.51; Fig. 4), indicating300

that regions with stronger vegetation increases generally shift toward larger green water shares. While the MMM indicates a

slightly stronger coupling of !BGWS to !GPP than to !LAI, this association holds only true for BCC-CSM2 and MIROC-

ES2L and is therefore not robust across models (Fig. 4). Quantile regressions of the conditional !BGWS distributions show

steeper slope magnitudes (ω1) at the 10th percentile (ε = 0.10) than at the 90th percentile (ε = 0.90) for both predictors (X ↓
{!LAI, !GPP}). Because negative !BGWS denotes a shift toward larger green water shares, this implies that grid cells305

exhibiting the strongest green water gains (lower tail) are more sensitive per unit change in !LAI or !GPP than cells in the

upper tail (tail asymmetry). One notable exception is BCC-CSM2, where !BGWS–!LAI correlations are weak, indicating

a partial decoupling between leaf area changes and blue–green water partitioning at the global grid-cell scale. Interestingly,

the MMM tail asymmetry reverses in the historical (deforestation-dominated) experiments, where |ω1(0.90)| > |ω1(0.10)|,
consistent with stronger sensitivity of blue water increases to vegetation losses (Fig. S3).310

3.3 Regional differences in model-specific vegetation and blue–green water partitioning responses

To illustrate differences in model-specific vegetation and blue–green water partitioning responses, we highlight the eastern

United States (30↑–45↑ N, 90↑–70↑ W). In this region, the LUH2 forcing prescribes higher forest fractions due to afforestation

and avoided deforestation in SSP1, in contrast to cropland expansion and forest loss in SSP3 (Fig. S1).

A first source of inter-model uncertainty arises from the translation of the LUH2 forcing into model-specific land-cover data315

(Loughran et al., 2023). For the models providing the required output (excluding BCC-CSM2), there is a modest to strong

correspondence between the prescribed LUH2 forest and cropland differences and the simulated land-cover responses in the

eastern US (Figs. S1, S2, and Table S2). For forest cover, spatial correlations between LUH2 and the model-specific responses

range from r = 0.59 in MIROC-ES2L to r = 0.83 in CMCC-ESM2 and UKESM1-0-LL. Sign agreement exceeds 79 % for all

forest differences. Cropland differences also show good agreement, with correlation coefficients between 0.60 and 0.83 and320

sign agreement close to or above 75 % across models. These metrics indicate that the direction of land-use change in the eastern

US is consistently captured by the models, while the magnitude of the differences shows a wider inter-model spread. Still, the

simulated ecohydrological responses to sustainable LULCC in the eastern US show substantial inter-model differences in both

sign and magnitude (Fig. 5).
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Figure 5. Late-21st-century (2070–2099) differences in ecohydrological variables associated with sustainable LULCC over the eastern

United States (30→–45→ N, 90→–70→ W). Panels show results for the four-model MMM and the individual models. Only grid cells where

LUH2 prescribes higher forest fractions and lower cropland fractions under the sustainable pathway are shown. The boundary of this forest-

for-cropland mask is indicated in red. For each variable and model, the arithmetic mean over the masked grid cells is reported. Variables

shown are !LAI, !GPP, !P , !R, !Et, and !BGWS.
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Both BCC-CSM2 and UKESM1 simulate positive GPP and LAI responses to the higher forest fractions. However, the325

response in BCC-CSM2 is weaker, and !GPP is clearly positive only over the southeastern US. In this model, !GPP is

negative in Northern Hemisphere spring (MAM) but positive for the rest of the year, suggesting that crops are parametrised to

have higher springtime productivity than forests (Fig. S13). By contrast, UKESM1 shows positive seasonal GPP responses to

afforestation throughout the year. Consequently, transpiration increases across most of the eastern US in UKESM1, whereas

BCC-CSM2 shows only weak increases confined to the southeastern US. BCC-CSM2’s transpiration response thus corresponds330

strongly to the GPP pattern, with a Pearson correlation of r = 0.95 across all eastern US forest-for-cropland grid cells. The

relationship to LAI is much weaker (Pearson correlation r = 0.66), indicating that changes in plant productivity exert a stronger

control on transpiration than changes in leaf area in this model.

In UKESM1, the positive transpiration response is accompanied by higher total evapotranspiration and increased precipita-

tion over the eastern US (Fig. S20). This additional precipitation is not partitioned into higher runoff. Instead, runoff tends to335

decrease slightly, while transpiration and surface soil moisture increase (Fig. S18). As a result, !BGWS is negative, indicating

a shift towards larger green water shares. This response may be influenced by UKESM1’s interactive vegetation scheme (TRIF-

FID), which allows prognostic vegetation states and PFT competition within prescribed land-use units, potentially reinforc-

ing transpiration under wetter conditions. In BCC-CSM2, changes in evapotranspiration are weaker and more heterogeneous

(Fig. S20). In the southeastern US, where GPP and transpiration increase, precipitation tends to decrease, and an even smaller340

fraction of this reduced input is routed to runoff, reinforcing green water shares. In the northeastern US, precipitation increases

and a larger fraction is partitioned into runoff, leading to locally larger blue water shares while transpiration changes remain

modest. In contrast, UKESM1 shows consistently larger green water shares across the eastern US, reflecting a strong coupling

between higher forest fractions over cropland and larger green water shares (Pearson correlation r =→0.79 across eastern US

forest-for-cropland grid cells).345

The direction of the blue–green water partitioning response to higher forestation over cropland in the eastern US is further

complicated by CMCC-ESM2 and MIROC-ES2L. In CMCC-ESM2, !LAI is positive in the southeastern US and negative in

the northeastern US. The GPP response is similar, although positive !GPP also extends along parts of the northeastern coast.

CMCC-ESM2 shows a strong seasonality in the LAI and GPP responses, with positive signals in Northern Hemisphere summer

(JJA) but predominantly negative responses in the colder months (Figs. S12 and S13). The southeastern US is an exception,350

where LAI and GPP responses to larger forest fractions are positive year-round. This pattern suggests that, in colder climates,

the forest PFTs in CMCC-ESM2 are represented as having smaller and less productive leaves and a strong phenological cycle

compared to the crop PFTs, whereas under warmer conditions forests become more productive than crops throughout the year.

In comparison, MIROC-ES2L explicitly shows negative LAI and, in particular, GPP responses to forest expansion in the

eastern US year-round. This response is consistent with strong nutrient constraints (high vegetation C:N ratios), which are more355

pronounced than in UKESM1 (the only other model providing vegetation nitrogen; Fig. S21). Under these conditions, forest

carbon in MIROC-ES2L accumulates primarily in woody biomass, while reduced leaf carbon and the lower specific leaf area

(SLA) of forest relative to crop leaves jointly suppress LAI and thereby GPP. In contrast, UKESM1 exhibits a strong increase

in leaf carbon that outweighs its SLA reduction, consistent with the higher LAI and GPP simulated under forest expansion.
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The negative GPP and LAI responses simulated by CMCC-ESM2 and MIROC-ES2L for forestation over cropland in the360

eastern US stand in contrast to the positive vegetation responses in BCC-CSM2 and UKESM1. These differences also affect

how vegetation changes translate into transpiration, leaving substantial uncertainty about the ecohydrological consequences

of sustainable LULCC in the region. Although the vegetation response in CMCC-ESM2 contrasts with that of BCC-CSM2

and UKESM1, the coupling between LAI and transpiration in eastern US forest-for-cropland grid cells is comparable, with a

Pearson correlation of r = 0.87. This suggests that, if CMCC-ESM2 also simulated larger GPP and LAI under forestation over365

cropland, similar shifts in blue–green water partitioning could be expected. Instead, CMCC-ESM2 shows increased precipi-

tation and runoff, while transpiration declines, leading to a shift towards larger blue water shares. Compared to BCC-CSM2,

transpiration in CMCC-ESM2 is more strongly tied to LAI in eastern US forest-for-cropland grid cells.

Unlike the other models, MIROC-ES2L displays an almost complete decoupling of transpiration from vegetation responses

for forestation over cropland in the eastern US, with Pearson correlations close to zero. This decoupling is not consistent370

with the global relationship in MIROC-ES2L for forest-for-cropland grid cells, where transpiration correlates moderately with

LAI (r = 0.59) and GPP (r = 0.49), and it highlights the importance of regional environmental conditions for vegetation–

transpiration coupling. A possible reason for the slight increase in transpiration despite lower LAI and GPP is the higher soil

moisture availability in preserved forest areas (Fig. S18), which can sustain transpiration locally and partly decouple green

water fluxes from the GPP and LAI responses. In addition, greater aerodynamic roughness, canopy conductance, and deeper375

rooting profiles of forest PFTs compared to crop PFTs as well as forest–cropland albedo contrasts and associated surface-

energy balance changes may further contribute to this decoupling. Although transpiration increases only weakly, MIROC-

ES2L simulates a strong increase in ET, dominated by enhanced evaporation (Figs. S19 and S20). Precipitation also increases

markedly, which likely reflects both enhanced local moisture recycling and additional moisture influx from non-local sources.

This precipitation response is accompanied by higher runoff, so that the blue–green water partitioning in MIROC-ES2L remains380

relatively constant.

4 Discussion and conclusions

In this study, we use LUMIP simulations from four ESMs to analyse global blue–green water partitioning changes under sus-

tainable LULCC (i.e., predominantly avoided deforestation and preservation of natural non-forest ecosystems) using the BGWS

metric. We find that LULCC substantially impacts BGWS through transpiration changes and precipitation feedbacks. At the385

global scale, LULCC primarily modulates the magnitude of BGWS rather than reorganising its large-scale spatial pattern, sug-

gesting that the dominant controls on the global distribution of blue versus green water remain set by the background climate

state. Whether sustainable LULCC corresponds to larger blue or green water shares depends on the land-cover conversion type

(e.g., forest versus cropland), regional hydroclimatic conditions and land–atmosphere coupling strength (e.g., ET–precipitation

co-variability), and the influence of non-local moisture transport. The blue–green water partitioning responses of ESMs show390

pronounced inter-model uncertainty in many regions, as illustrated by the eastern US case study (Sect. 3.3).
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Larger forest fractions, mostly related to higher LAI and GPP, generally correspond to larger green water shares. This

aligns with regional climate modelling evidence that forestation can shift water partitioning from blue to green fluxes, that is,

"forestation turns blue water green" (Asselin et al., 2024). The quantile regression analysis further shows a higher sensitivity of

the lower (green) !BGWS tail (10th percentile) to one-unit change in !LAI and !GPP than the median response and the upper395

(blue) !BGWS tail (90th percentile). This indicates an asymmetric response, where greening associated with afforestation and

avoided deforestation can induce comparatively strong per-unit shifts in blue–green partitioning. Conversely, analysis of the

historical experiments with intensive LULCC suggests that vegetation declines are associated with a stronger sensitivity in

the upper (blue) tail of the !BGWS distribution. Taken together, these results imply that the direction of vegetation change

(loss versus gain) modulates not only the sign but also the magnitude of partitioning shifts. This nonlinearity cautions that both400

deforestation and large-scale restoration can produce disproportionate impacts on regional blue–green water availability.

The relationship of higher LAI and GPP amplifying green water shares is non-linear and depends on the precipitation

response to LULCC, which is the primary control on blue water flow generation. The fact that responses in ET and precipitation

are tightly correlated in the eastern US and southwestern Canada, but only weakly correlated in the western Amazon, points to

regional differences in the balance between local moisture recycling and large-scale atmospheric moisture transport changes.405

This interpretation aligns with evidence that vegetation can affect water availability not only locally (through ET and local

precipitation) but also non-locally through atmospheric moisture recycling and downwind moisture supply from upwind ET,

meaning that precipitation responses may depend on upwind land-surface change as much as on local ET (Cui et al., 2022;

Hoek van Dijke et al., 2022; Tuinenburg et al., 2020). In the eastern US, the strong ET–precipitation co-variability, particularly

in the summer months (JJA), is consistent with observational diagnostics indicating that higher ET enhances the probability of410

summer afternoon rainfall in the region (Findell et al., 2011). The larger blue water shares in the eastern US emphasise that

vegetation–precipitation feedbacks can mediate the simple "more LAI causes less blue water" paradigm. Here, the additional

green water demand is offset by additional precipitation input, reducing the adverse impacts of these measures for local blue

water availability. The additional winter and spring precipitation in southwestern Canada is unlikely to be caused by stronger

local moisture recycling since land precipitation recycling is lowest in winter and peaks in summer (Tuinenburg et al., 2020).415

Thus, this regional wetting tends to be associated with increased moisture from the ocean rather than increased land recycling

(Staal et al., 2025). Our results show that the precipitation gain in southwestern Canada is partitioned mostly into evaporation

and storage rather than into additional blue water generation. This is supported by findings of Cui et al. (2022) who identify

western Canada as a region where vegetation growth can reduce water availability (P → ET ) regionally and downwind.

Studies on land-use and precipitation feedbacks in the Amazon basin show that a substantial fraction of rainfall is sustained420

by moisture recycled within the basin itself (e.g., Spracklen et al., 2012; Staal et al., 2018; Tuinenburg et al., 2020; Wang-

Erlandsson et al., 2018). In particular, forests in the southern and central Amazon act as major moisture sources, while forests

in the south-western Amazon depend strongly on transpired-water subsidies from upwind parts of the basin (Staal et al., 2018).

In our sustainable land-use pathway (L1), forest fractions in the western Amazon increase strongly (avoided deforestation of

up to ↘40 %), whereas forest cover changes in many upwind parts of the basin remain comparatively small (typically <5 %).425

This spatial pattern is consistent with the limited precipitation response we find over the western Amazon. Here, strong local
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forest preservation alone does not appear sufficient to trigger large additional rainfall if forest cover in key moisture source

regions changes only weakly. This underpins the idea that afforestation and avoided deforestation measures in regions with

weaker local LULCC–precipitation coupling alone, such as the western Amazon, may result in a blue water scarce environ-

ment. Hence, these measures should include information about forest-rainfall cascades to balance impacts on blue and green430

water availability (Staal et al., 2018). Placing our LUMIP-isolated precipitation response in the context of ScenarioMIP SSP

differences, recent studies indicate that Amazon hydroclimate and terrestrial moisture recycling across SSPs are often dom-

inated by the background warming and CO2 physiological signal rather than land-cover change alone (Engel et al., 2025;

Li et al., 2023; Staal et al., 2025). Accordingly, the lower precipitation in SSP3-7.0 compared to SSP1-2.6 over the western

Amazon can largely reflect the climate component, while the isolated L1–L3 land-use precipitation response can remain weak435

and may even differ in sign locally, depending on how forest changes project onto key upwind moisture-source regions and

associated moisture-transport pathways. Moisture-tracking studies provide a useful first-order estimate of recycling impacts,

but they are diagnostic frameworks that do not simulate the circulation response to altered tree cover and therefore cannot cap-

ture forest-induced circulation adjustments (Engel et al., 2025; Hoek van Dijke et al., 2022; Tuinenburg et al., 2020; Spracklen

et al., 2012; Staal et al., 2018). By contrast, the fully coupled ESM experiments analysed here explicitly resolve circulation ad-440

justments and associated local and non-local precipitation responses to forest cover change (Fahrenbach et al., 2025; Portmann

et al., 2022; De Hertog et al., 2023).

As shown in Subsection 3.3, our findings are highly model dependent. The dilemma of uncertain but significant LULCC

impacts across ESMs has long been recognised (e.g., Boysen et al., 2020; Pitman et al., 2009; Santos et al., 2023) and, despite

the harmonised LUH2 forcing and protocol of LUMIP (Lawrence et al., 2016), remains substantial in the CMIP6 land-use ex-445

periments analysed here. This is well illustrated by the eastern US, where the same LUH2 land-use forcing yields contrasting

blue–green water partitioning responses across models, ranging from consistently larger blue water shares in CMCC-ESM2,

to weak and mixed responses in BCC-CSM2-MR and MIROC-ES2L, to consistently larger green water shares in UKESM1.

In UKESM1 and CMCC-ESM2, the contrasting partitioning outcomes appear to arise primarily from differences in the simu-

lated vegetation response to the same afforestation and avoided deforestation forcing. In MIROC-ES2L and BCC-CSM2-MR,450

by contrast, the coupling between vegetation change and the ecohydrological response is weaker and less linear, indicating a

stronger role for model-specific process representations in translating !LAI/!GPP into changes in blue–green water partition-

ing. Together, these contrasts highlight the need for a multi-model approach to constrain process understanding and to assess

region-specific consequences of LULCC, rather than relying on a single-model estimate.

Consistent with earlier assessments, we interpret this spread as arising from four main sources. First, inter-model uncer-455

tainty arises when the LUH2 transitions are translated into each model’s internal land-cover map (Loughran et al., 2023). In

the eastern US example, however, the direction of the imposed land-use change is represented consistently by the model en-

semble, while the magnitude of the realised land-cover anomalies shows a larger inter-model spread. Second, models differ

in how fractional land-cover changes are mapped to PFTs and in whether vegetation cover fractions can adjust interactively

via competition (Di Vittorio et al., 2014). For example, definitions of forest and tree cover differ among models, depending on460

how LUH2 classes are mapped to PFTs (Loughran et al., 2023). In our ensemble, interactive PFT competition is represented
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explicitly only in UKESM1, where PFT fractions can adjust to climate and land-surface changes within the prescribed natural

and managed land units via the TRIFFID vegetation scheme (Sellar et al., 2019; Burton et al., 2019). This may strengthen local

ecohydrological feedbacks; for example, in the eastern US, increased precipitation in UKESM1 coincides with higher tran-

spiration and reduced runoff, consistent with a vegetation–atmosphere coupling that can be reinforced when vegetation states465

respond prognostically to hydroclimatic changes. However, explicit information on grid-cell specific PFT compositions is not

available as standard CMIP6 output for these experiments. Making such output available in future ESM simulations would

allow a more in-depth attribution of inter-model uncertainty to PFT mapping and within-grid composition in multi-model

assessments. Third, land-surface biogeochemistry and plant trait parametrisations (e.g., photosynthetic capacity, phenology)

vary substantially across ESMs (Pitman et al., 2009; Boysen et al., 2020). Moreover, models differ in their treatment of nu-470

trient limitation, with some including explicit terrestrial C–N coupling (e.g., MIROC-ES2L), whereas BCC-CSM2 is the only

model in our ensemble documented without an interactive terrestrial nitrogen cycle (Table 1) (Arora et al., 2020). Taken to-

gether, these model differences mean that similar land-cover anomalies can produce markedly different changes in vegetation

function, including LAI and GPP. This underscores that robust assessments of LULCC impacts require considering not only

land-cover fractions, but also how models represent vegetation physiology and biogeochemical constraints. Fourth, differences475

in land energy–water coupling and hydrological parametrisations (e.g., evapotranspiration partitioning, soil-moisture stress,

and runoff generation) can amplify small vegetation differences into divergent runoff and transpiration responses (Berg and

Sheffield, 2019; Fu et al., 2024; Decharme, 2007).

In addition to the inter-model spread discussed above, our analysis has several limitations. The BGWS metric relies on runoff

and transpiration and therefore does not explicitly account for other pathways and storages that can modulate water availability,480

including interception and soil evaporation, changes in soil-moisture and groundwater storage, and lateral redistribution within

the land surface. This matters in regions where precipitation anomalies are primarily buffered by evaporation and storage rather

than converted into runoff, as illustrated by southwestern Canada in our results. None of the four CMIP6 ESMs used here

apply explicit irrigation in their CMIP6 simulations (Al-Yaari et al., 2022), which likely overestimates the dry-season contrast

between cropland and forest green water shares in the tropics. Irrigation would increase water supply for crops during dry485

periods, allowing higher productivity and transpiration and thereby increasing cropland green water shares relative to rainfed

conditions. Internal variability may still affect the inferred LULCC signal because the number of available ensemble members

is limited and uneven across models. However, we mitigate its influence by defining !LULCC as a symmetric average across

background climates to improve the signal-to-noise ratio and by benchmarking the historical four-model MMM against an

extended nine-model MMM, which shows highly consistent spatial patterns. The coarse native resolution of CMIP6 ESMs also490

constrains interpretation at local scales, and caution is warranted when translating these large-scale, scenario-level responses to

smaller reforestation or forest conservation projects where the signal-to-noise ratio may be lower. Finally, while our LUMIP-

derived estimate isolates the land-use contribution by construction, it does not remove uncertainty related to the realism of

land-use patterns and their spatial alignment with key hydroclimatic gradients and moisture-source regions.

Despite these uncertainties, our results have implications for land-based mitigation and adaptation planning. Sustainable495

LULCC can alter regional blue–green water partitioning through changes in vegetation water use and precipitation, so evalu-
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ations of afforestation and avoided deforestation should consider carbon outcomes alongside water-partitioning consequences

and their seasonality. In regions such as the Amazon, where precipitation is strongly influenced by upwind moisture supply,

the effectiveness and hydrological side effects of local interventions are likely to depend on changes in key moisture-source

areas, highlighting the importance of accounting for forest–rainfall cascades. Given the pronounced inter-model spread, robust500

decision-making benefits from multi-model ensembles and scenario ranges, complemented by monitoring and local water-

management options where appropriate.

Code and data availability. The CMIP6/LUMIP datasets used in this study were accessed through the Deutsche Klimarechenzentrum (DKRZ)
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loaded from the LUH2 website (https://luh.umd.edu/data.shtml). All code to reproduce this analysis is publicly available on Zenodo (DOI:
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