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SUMMARY

Land management plays a critical role in climate mitigation and local water security. Reforestation, as a key 
land management strategy, is widely implemented to sequester carbon, and it also alters local water availability 
through biophysical effects. However, how the same reforestation activity affects water availability under 
different climate states remains unclear, a gap critical for adaptive land management and water policy. 
Here, we show that the hydrological consequences of reforestation depend on the background climate state. 
Using Earth system model simulations, we find that under a low-warming scenario, reforestation causes an 
insignificant increase in global mean water availability but increases spatial inequality (stronger wetting over 
wet regions). In contrast, under a high-warming scenario, reforestation reduces global water availability while 
weakening spatial inequality (drying over wet regions). A moisture budget analysis attributes these differences 
to circulation responses in wet regions. Our findings reveal that climate context shapes reforestation out-

comes, providing practical insights for policymakers designing climate-adaptive land management strategies.

INTRODUCTION

Adaptive land management plays a critical role in climate mitiga-

tion and water security. Reforestation, as a key land manage-

ment strategy, is widely implemented to sequester carbon. 1–5 

Beyond carbon sequestration, forests also influence local and 

regional climate through biophysical effects—altering albedo,

surface roughness, and evapotranspiration (ET) 6,7 —which 

collectively shape surface water and energy fluxes. Compared 

with other land cover types, forests typically enhance ET via 

deeper rooting, greater canopy interception, and more absorbed 

energy and have been shown to increase precipitation (P) locally 

and downwind, potentially alleviating surface dryness. 8–10 

Consequently, large-scale reforestation programs, such as the

SCIENCE FOR SOCIETY Planting trees is often seen as a simple solution to climate change, but reforestation 

also affects water. It can change rainfall patterns and how much water is available for people, farms, and eco-

systems. What we do not know is whether the same reforestation effort will have the same effect on water in a 

warmer future. Using climate models, we compared reforestation impacts under a low-warming scenario and 

a high-warming scenario. We found that under low warming, reforestation slightly increases global water but 

makes wet regions wetter, worsening water inequality. Under high warming, the same reforestation reduces 

global water availability. This matters because reforestation is not a one-size-fits-all solution. In a hotter 

world, planting trees may come with hidden water costs. Policymakers and the public need to know that 

where and when we plant trees matters just as much as how many we plant.
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Grain for Green Project in China, the Great Green Wall program in 

Africa, and the Bonn Challenge, have been implemented world-

wide to combat desertification and ecosystem degradation. A 

critical outcome of these efforts is their impact on land water 

availability (defined as P-ET), which plays a vital role in maintain-

ing life and providing essential ecosystem services.

However, published studies face three key limitations: incom-

plete treatment of indirect effects or feedback, 11–13 assumption 

of an unchanged background climate, 14,15 and a focus on regional 

or watershed scales 16,17 rather than the global scale. These gaps 

leave it unclear how large-scale reforestation will affect water 

availability on a global scale in a warmer world, especially when 

indirect effects and climate feedbacks are included.

Beyond these limitations, another critical but often overlooked 

issue is the background warming level itself. The same reforesta-

tion activity can lead to different temperature responses under 

different CO 2 concentrations. 18 A simple example is the albedo ef-

fect. Forests are darker than open land, and this contrast is more 

pronounced in winter when snow makes the open land brighter, 

particularly in mid-to-high latitudes. 19 In a warmer world, however, 

the reduced snow cover will reshape the surface energy budget, 

thereby affecting ET and P. This raises the possibility that the 

hydrological consequences of reforestation may also depend on 

the level of warming. It therefore remains unknown how the 

same reforestation activity would alter P-ET under different warm-

ing levels. Answering this question matters for two reasons. First, 

without accounting for climate-dependent feedbacks, we risk 

over- or underestimating the hydrological consequences of refor-

estation activity in a warmer world. 20–23 Second, understanding 

whether reforestation produces divergent P-ET responses under 

low versus high warming can inform adaptive land-management 

and water-policy decisions across different emission pathways. 

Here, we investigate the projected impacts of reforestation on 

P-ET under two contrasting warming levels using the latest Earth 

system model simulations. We find that the same reforestation 

effort leads to divergent effects on land water availability across 

different climate states, with implications for climate-smart refor-

estation design and water resource planning.
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Figure 1. Land use and land cover changes

(A) Fractional changes of primary and secondary 

land (psl) due to reforestation.

(B) Concomitant changes of agricultural fields 

(combination of cropland, pasture, and range-

land).

(C) Time series of fractions for each land type with 

and without reforestation over 2015–2100, with 

solid (dashed) lines representing the reforestation 

(without reforestation) scenario.

RESULTS

Reforestation under two different 

climate states

Four sets of model simulations partici-

pating in the Scenario Model Intercom-

parison Project 24 are employed in this 

study (see methods). The first two simula-

tions are climate projections under the 

shared socioeconomic pathway (SSP)3-7.0 scenario (SSP370) 

and SSP1-2.6 scenario (SSP126), respectively. The SSP3-7.0 

scenario represents a medium-to-high emission pathway, with 

continued deforestation at current rates and limited climate 

mitigation policies. The global mean temperature under this sce-

nario is about 4 K warmer by 2100 relative to the 1850 level. The 

SSP1-2.6 represents a low-emission and sustainable pathway 

with strong climate mitigation policies, aiming to constrain 

the global mean temperature rise below 2 K by 2100. In the 

SSP1-2.6 scenario, forests are substantially recovered at the 

expense of agricultural fields (crop, pasture, and rangeland). 

The 3 rd simulation is identical to the SSP370 simulation, but 

with land use and land cover change (LULCC) adapted from 

the SSP126 scenario (SSP370126Lu), which represents the 

reforestation version of SSP370. By taking the differences be-

tween these two simulations (SSP370126Lu minus SSP370), 

the impact of reforestation under the SSP3-7.0 could be isolated, 

denoted as δ(P-ET) ssp370 . It is noted that the concentrations of 

greenhouse gases in both simulations are identical; thus, only 

biophysical effects related to changes in surface properties 

and associated atmospheric feedbacks are identified here. The

4 th simulation is identical to the SSP126 simulation but with 

LULCC adapted from the SSP370 simulation (SSP126370Lu). 

The differences between these two simulations, SSP126 minus 

SSP126370Lu, represent the biophysical impacts of the 

same reforestation under the SSP1-2.6 scenario (denoted as 

δ(P-ET) ssp126 ). As the reforestation scenario in both comparisons 

is exactly the same (see Figure 1), by comparing the results from 

these two comparisons (δ(P-ET) ssp126 minus δ(P-ET) ssp370 ), the 

impact of the same reforestation activity under the two different 

warming levels could be obtained. Seven models that archive 

all four simulations are used in this study, and the results are 

presented as multi-model mean (MMM) values over the period 

of 2081–2100.

The changes in the spatial patterns of primary and secondary 

land (psl) and agricultural fields (the combination of cropland, 

pasture, and rangeland) due to reforestation are shown in 

Figure 1. The reforestation is seen almost worldwide, with the
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largest recovery of psl found in Africa. Globally, the psl covers 

52.3% of the land (without Antarctica) in 2014. Without refores-

tation, the psl fraction will decrease to 47.0% by 2100, while 

reforestation will increase the psl fraction to 54.5% at the 

expense of agricultural fields. In other words, 7.5% of global 

land, amounting to ∼11 Mkm 2 , is reforested or restored by 

2100. At the same time, cropland (2.3%), pasture (3.0%), and 

rangeland (2.2%) decrease by the indicated fractions, respec-

tively. It is also worth noting that the reforestation scenario iden-

tified here is based on the global mean change in the psl fraction. 

Deforestation also exists in the reforestation activity, such as 

East Europe and South China (Figure 1A).

Global and regional responses

To assess how background climate shapes reforestation 

impact on water availability, we first compare the spatial patterns 

of δ(P-ET) under the two scenarios on both global and regional 

scales (Figures 2A and 2B). The results are grouped into the 27 

land regions, 25 with the full names of each region shown in 

Figure S1. The relative changes are shown in Figure S2. On the 

whole, reforestation under the SSP1-2.6 scenario causes an 

insignificant increase of 0.003 (–0.006 to 0.010) mm day − 1 

(MMM and 90% confidence interval [CI]) in P-ET globally, with 

51.2% of the global land showing positive δ(P-ET). On the other 

hand, reforestation under the SSP3-7.0 scenario leads to a 

reduction in globally averaged P-ET, with an MMM value 

of − 0.013 (–0.025 to –0.004) mm day − 1 , which is statistically sig-

nificant at the p = 0.10 level. In the latter case, 53.4% of the 

global land shows a drying response. Such differences are 

more pronounced in the distribution plot (Figure 2C), in which 

the distribution is skewed to the left (right) in the SSP3-7.0 

(SSP1-2.6) scenario, demonstrating that more land fractions 

are drying (wetting) under the SSP3-7.0 (SSP1-2.6) scenario. 

Regionally, 14 out of the 27 land regions show positive δ(P-ET) 

due to reforestation under the SSP1-2.6 scenario, whereas 

only 9 regions show positive δ(P-ET) under the SSP3-7.0 

scenario. By taking their differences (δ(P-ET) ssp126 minus 

δ(P-ET) ssp370 ), the different impacts of the same reforestation un-

der these two scenarios are obtained, which are denoted by 

Δ(δ(P-ET)) and shown in Figure 2D. Specifically, 52.9% of the 

global land shows positive Δ(δ(P-ET)), indicating that reforesta-

tion under the SSP1-2.6 scenario leads to more P-ET than 

does the same reforestation under the SSP3-7.0 scenario over 

52.9% of the global land. Among all 27 land regions, 10 regions 

show statistically significant Δ(δ(P-ET)) at the p = 0.10 level (bar 

plots in Figure 2D), and 9 of them are positive. Most of the pos-

itive Δ(δ(P-ET)) values are seen in America and Africa, with the 

largest difference being found in the Amazon (AMZ; 0.098 mm 

day − 1 ), followed by Central America (CAM; 0.070 mm day − 1 ) 

and East Africa (EAF; 0.057 mm day − 1 ). Although not statistically 

significant, substantial positive Δ(δ(P-ET)) values are also 

observed in Northeast Brazil (NEB) and East Asia (EAS). The 

changes in other regions are relatively minor, as shown in 

Figure S1B.

Figure S1C shows the LULCC of each region. It is shown that 

larger LULCC does not necessarily cause larger responses in 

P-ET. For instance, the psl fraction in NEB and West Africa 

(WAF) increases by 8.7% and 21.4%, respectively. δ(P-ET) ssp126 , 

however, shows limited changes. On the contrary, Alaska (ALA)

does not have LULCC at all, but ALA shows substantial re-

sponses under both scenarios, and a statistically significant dif-

ference between the two scenarios (Figure S1B). These exam-

ples illustrate that the indirect effects of LULCC from remote 

regions and associated feedbacks are crucial in shaping local 

water availability. Another phenomenon is that, for some regions 

such as CAM, NEB, and WAF, δ(P-ET) is projected to decrease 

under both scenarios. In other words, reforestation in these re-

gions does not bring hydrological benefits in terms of water avail-

ability. Figure S3 shows the model consistency of δ(P-ET) ssp126 , 

δ(P-ET) ssp370 , and their differences, in which number of models 

show the same sign of change as the MMM values, which are de-

noted by different colors. The regions with statistically significant 

changes usually have at least 5 models that agree on the sign of 

the MMM change, indicating that the signals identified here are 

robust and consistent across the models for most regions.

Figure S4 displays the spatial patterns of δP and δET under the 

two scenarios. Overall, the spatial pattern of δ(P-ET) is largely 

shaped by δP in both scenarios, and Δ(δ(P-ET)) is dominated 

by Δ(δP). To put it differently, the same level of reforestation 

causes different δP under different warming levels, which trans-

lates into different δ(P-ET). δET, nonetheless, is important in 

only a few regions, such as WAF under both scenarios and 

west North America (WNA) and east North America (ENA) under 

the SSP3-7.0 scenario.

Spatial and seasonal responses

The above analyses reveal an overall drying response of water 

availability to reforestation under the SSP3-7.0 scenario and a 

slightly wetting but statistically insignificant response under the 

SSP1-2.6 scenario. One intriguing question is how such re-

sponses manifest spatially and seasonally. To answer this ques-

tion, we binned annual mean δ(P-ET) as a function of background 

P-ET in each scenario. The grids were sorted from the wettest to 

the driest based on the annual mean P-ET values in the back-

ground simulation at intervals of 10% in each model, in which 

0%–10% represents the wettest 10% grids and 90%–100% rep-

resents the driest grids. Then, the area-weighted mean δ(P-ET) 

was calculated for each bin. Annually, δ(P-ET) ssp126 shows mod-

erate increases over the intervals between 20% and 60% and 

limited changes over other regions (Figure 3A, red). On the other 

hand, δ(P-ET) ssp370 is negative across all bins (Figure 3A, blue). 

The largest decrease of δ(P-ET) ssp370 is found in the wettest 

30% grids, implying a ‘‘wet-gets-drier’’ pattern in space. More-

over, the largest difference between the two scenarios is mainly 

seen in the wet regions (e.g., the wettest 50% grids).

To examine their responses on a seasonal scale, we further 

binned δ(P-ET) as a function of background P-ET during wet 

and dry seasons, respectively. For a given grid, the wet (dry) 

season is defined as the wettest (driest) 3 consecutive months 

in the background simulation (methods). The slightly wetting 

response of annual δ(P-ET) ssp126 is mainly contributed by the 

responses in the dry season, whereas the drying response of 

annual δ(P-ET) ssp370 , is dominated by the responses in the wet 

season (Figures 3B and 3C). In addition, the differences between 

δ(P-ET) ssp126 and δ(P-ET) ssp370 on an annual scale in the wet 

regions are mainly contributed by their differences in the wet 

season (Figure 3B), whereas during the dry season, their re-

sponses show limited differences (Figure 3C). A same analysis
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was applied to δP and δET, and the results show that such spatial 

and seasonal shifts are largely shaped by δP instead of δET 

(Figure S5), revealing a dominating role of P in shaping water 

availability both spatially and temporally. These seasonal dis-

crepancies are more obvious on a regional scale, which are 

shown in Figures 3D–3F and S6. The annual means δ(P-ET) ssp126 

and δ(P-ET) ssp370 are largely the result of the competing effects 

of drying in the wet season and wetting in the dry season. Their

differences on annual scale, Δ(δ(P-ET)), are mainly contributed 

by the wet season, especially over wet regions. The same anal-

ysis was performed based on growing and non-growing sea-

sons, which are shown in Figures S7 and S8. For a given grid, 

the growing season is determined as the highest 6 consecutive 

months of leaf area index in the background simulation in each 

scenario. The differences over wet regions are contributed by 

both growing and non-growing seasons, with a slightly larger

A B

C

D

Figure 2. Regional responses of P-ET to reforestation

(A) Impact of reforestation on P-ET under the SSP1-2.6 scenario (denoted as δ(P-ET) ssp126 ) for the 27 land regions. The pie chart denotes the land fractions with 

positive (green) and negative (brown) changes.

(B) Same as (A) but for the SSP3-7.0 scenario, denoted as δ(P-ET) ssp370 .

(C) Distribution plot for δ(P-ET) ssp126 (red) and δ(P-ET) ssp370 (blue).

(D) The central map portrays the regional differences in the impacts of reforestation between the two scenarios (δ(P-ET) ssp126 minus δ(P-ET) ssp370 , denoted as 

Δ(δ(P-ET)), along with bar plots for 10 selected regions. The bars represent the MMM values, and the error bars represent the 90% confidence intervals (CIs). 

Asterisks denote that the changes are statistically significant at the p = 0.10 level.
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role from the latter (Figure S8). The above analyses illustrate that 

reforestation under different warming levels not only impacts the 

mean water availability but also alters the spatial and seasonal 

distributions of water, providing additional evidence that the im-

pacts of the same reforestation activity are distinct under con-

trasting warming levels.

Water availability per capita

Considering the changes in the water availability and spatial 

distributions, the next question is how such changes impact 

water availability in volume per capita. By the end of the 21 st 

century, the global population is approximately 7.5 (12.2) billion 

under the SSP1-2.6 (SSP3-7.0) scenario, in which SSP3-7.0 

has a larger population than that of SSP1-2.6 worldwide, 

except for North America and Europe (Figure S9). The differ-

ences in water availability in volume per capita between the 

two scenarios are shown in Figure 4A. The changes for each 

scenario and each region are shown in Figure S10, and the rela-

tive changes are shown in Figure S11. Generally, the spatial 

pattern of changes in P-ET in volume per capita is similar to 

that of mean P-ET shown in Figure 2, such as the increases in 

North America, Amazon, Africa, and East Asia, as well as the 

decreases in Europe (Figure 4A). This is not surprising, as the 

signs of change on P-ET per capita should be the same if 

the two scenarios had the same population. Different popula-

tions just amplify the differences in P-ET per capita, because 

the overall population size is smaller (larger) under the 

SSP1-2.6 (SSP3-7.0) scenario. Though much less populated 

and statistically insignificant, opposite changes are found in 

Canada/Greenland/Iceland (CGI) and North Australia (NAU). 

These two regions show negative Δ(δ(P-ET)) in the mean P-ET 

(Figure 2) but positive Δ(δ(P-ET)) in P-ET in volume per capita

(Figure 4), implying a larger role from population differences 

than the changes in the mean P-ET.

To better understand how P-ET in volume per capita changes 

spatially, we again binned δ(P-ET) in volume per capita based on 

the background δ(P-ET) in volume per capita for the two sce-

narios. Reforestation under the SSP1-2.6 scenario causes an in-

crease in P-ET in volume per capita in regions where P-ET per 

capita is already high, implying a ‘‘rich-gets-richer’’ response 

pattern, while reforestation under the SSP3-7.0 scenario causes 

an opposite response, in which the P-ET in volume per capita de-

creases in regions with high P-ET in volume per capita 

(Figure 4B). The largest changes are seen in the wettest 10% 

grids for both scenarios, in which P-ET in volume per capita in-

creases (decreases) by 5.5 × 10 4 m 3 year − 1 (5.4 × 10 4 m 3 year − 1 ) 

under the SSP1-2.6 (SSP3-7.0) scenario for the indicated 

amount, respectively. The magnitude of such changes gradually 

decreases when the background P-ET per capita gets smaller. 

One exception is that P-ET in volume per capita shows substan-

tial reductions over the driest 10% grids under both scenarios.

Spatial inequality

The above analyses reveal that reforestation leads to different 

responses of water availability in space. For example, the 

wettest 20%–50% grids are projected to get wetter under the 

SSP1-2.6 scenario, whereas under the SSP3-7.0 scenario, a 

‘‘wet-gets-drier’’ paradigm is observed (Figure 3A). To quantify 

how such shifts of spatial distribution impact the spatial 

inequality of P-ET, we further estimated the changes in the dif-

ferences between the wettest and driest grids. For the mean 

δ(P-ET), the gap between the wettest 10% grids and driest 

10% grids is projected to increase by 0.016 mm day − 1 

(Figure 5A, red), demonstrating an enhancement of spatial 

inequality between the wettest 10% and the driest 10% grids.

A

B

C

D E F Figure 3. Spatial and seasonal responses of 

P-ET

(A) Annual mean δ(P-ET) as functions of back-

ground P-ET from the wettest grids (left) to the 

driest grids (right) at intervals of 10% for the 

SSP1-2.6 (red) and SSP3-7.0 scenarios (blue). 

The solid lines represent the MMM values, and 

the shades represent the 90% CIs. Red (blue) 

asterisks denote statistically significant changes 

at the p = 0.10 level for the SSP1-2.6 (SSP3-7.0) 

scenario.

(B and C) Same as (A) but for the wet season

(B) and the dry season (C).

(D) Annual mean δ(P-ET) under the SSP1-2.6 

scenario (left column), SSP3-7.0 scenario (middle 

column), and their differences (right column; 

SSP1-2.6 minus SSP3-7.0) for the 27 regions.

(E and F) Same as (D) but for the wet season

(E) and the dry season (F). The regions in (D) and

(F) are listed from the wettest (SEA) to the driest 

(CAR) based on the P-ET under the SSP1-2.6 

scenario.

Asterisks in (D and F) indicate that the regional-

mean changes are statistically significant at the 

p = 0.10 level.
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Similar results are also observed for the remaining percentiles 

but with slightly reduced magnitudes as more grids are 

included. When all the grids are considered, the gap between 

the wettest 50% grids and the driest 50% grids is projected 

to increase by 0.009 mm day − 1 , implying an overall exacerba-

tion of spatial inequality. On the other hand, opposite changes 

are observed for the SSP3-7.0 scenario. The gaps between the 

wet and dry regions are projected to become smaller for all the

percentiles examined (Figure 5A, blue), illustrating a reduced 

spatial inequality of water resources, with the largest reduction 

seen between the wettest 10% grids and the driest 10% grids 

(− 0.015 mm day − 1 ).

When it comes to P-ET in volume per capita, similar results 

are found as those in the mean P-ET (Figure 5B). That is, the 

gaps between the wet and dry regions are projected to increase 

(decrease) under the SSP1-2.6 (SSP3-7.0) scenarios, thereby

A

B

Figure 4. Differences of P-ET in volume per capita

(A) Regional differences of water availability in volume per capita (unit: m 3 year − 1 ) between the two scenarios (δ(P-ET) ssp126 minus δ(P-ET) ssp370 in volume per 

capita), along with bar plots for 14 selected regions. The pie chart denotes the land fractions with positive (green) and negative (brown) changes.

(B) δ(P-ET) in volume per capita as functions of background P-ET in volume per capita from the wettest grids (left) to the driest grids (right) at intervals of 10% for 

the SSP1-2.6 (red) and SSP3-7.0 scenarios (blue).

In both (A) and (B), the bars represent the MMM values, and the error bars represent the 90% confidence intervals (CIs). Asterisks denote statistically significant 

changes at the p = 0.10 level. Note the logarithmic scale on the y axis in (B).

ll
OPEN ACCESS Article

6 One Earth 9, 101740, August 21, 2026

Please cite this article in press as: Tang et al., Reforestation increases water inequality under low warming but reduces water availability under high 
warming, One Earth (2026), https://doi.org/10.1016/j.oneear.2026.101740



enhancing (weakening) spatial inequality. All increases of the 

gaps under the SSP1-2.6 scenario are statistically significant 

at the p = 0.10 level, and the decrease of the gap between 

the wettest 20% grids and the driest 20% grids under the 

SSP3-7.0 scenario is also statistically significant. The largest 

increase (decrease) is again seen between the wettest 10% 

grids and driest 10% grids, and the magnitudes gradually 

decrease as more grids are included in the analyses.

Moisture budget analysis

The last question is why the same reforestation causes different 

responses in water availability. To answer this question, we first 

analyzed the circulation changes (shown in Figures 6A and 6B). It 

is seen that the circulation responses are quite divergent under 

the two scenarios. Taking tropical Africa as an example, the 

winds under the SSP1-2.6 scenario become more eastward, 

while under the SSP3-7.0 scenario, the winds show limited 

response. In fact, the wind responses at 500 hPa are distinct un-

der the two scenarios over most of the globe. Changes in the 

geopotential height portray the same results. Different changes 

in the geopotential height can modify the pressure gradient, 

further influencing the circulation patterns.

To investigate the main factor driving the differences in δ(P-ET) 

under the two scenarios, a moisture budget analysis was per-

formed. According to Seager et al., 26 P-ET could be decom-

posed into four terms (methods). The first term is the dynamical 

term, representing the changes of P-ET contributed by mean cir-

culation changes. The second term is the thermodynamical term, 

denoting the changes in P-ET due to humidity changes. The third 

term is the concomitant changes of both circulations and atmo-

spheric humidity, which is usually referred to as nonlinear term. 

The last term is the residual, mainly transient eddies. We find 

that reforestation induces a strong nonlinear response under 

both scenarios, dominated by local wind-humidity coupling.

A B Figure 5. Changes in spatial inequality

(A) The differences of mean δ(P-ET) between the 

wettest and driest grids of the corresponding 

percentiles under SSP1-2.6 (red) and SSP3-7.0 

scenarios (blue). The circles represent the MMM 

values, and the thick lines represent the 90% CIs. 

Asterisks denote statistically significant changes 

at the p = 0.10 level. Positive (negative) changes 

indicate enhanced (reduced) spatial inequality. 

The colored circles on the y axis label denote the 

fractions of grids for calculation, with each circle 

representing 10% of the grids from the wettest 

(dark green) to the driest (dark brown).

(B) Same as (A) but for δ(P-ET) in volume per 

capita.

However, the dominant driver of Δ(δ(P-

ET)) is primarily controlled by dynamic 

changes (Figure 6C). Among the 27 land 

regions, the dynamic term dominates 

the differences in 17 regions (blue), fol-

lowed by nonlinear term in 8 regions (or-

ange). All 9 regions with positive Δ(δ(P-

ET)) identified in Figure 2C are dominated 

by the dynamic term except for North 

Asia (NAS). Besides, most differences in wet regions are also 

dominated by the dynamic term, except for western South Amer-

ica (WSA) and Southeast Asia (SEA), where the nonlinear term 

leads the changes. To sum up, the local wind-humidity coupling 

induced by reforestation is modulated by background circulation 

under different warming levels, making the mean circulation the 

dominant contributor to Δ(δ(P-ET)). It is worth noting that the pur-

pose of Figures 6A and 6B is to illustrate the different responses 

in circulation under the two warming scenarios only. The detailed 

mechanisms of why circulations respond this way under each 

scenario merit future investigations.

DISCUSSION

The central knowledge gap motivating this study was whether 

the hydrological consequences of reforestation depend on the 

background climate state, a question that prior assessments 

did not fully answer because they either neglected indirect circu-

lation feedbacks or assumed a static climate. To address this 

gap, we compared the impacts of the same idealized reforesta-

tion activity on land water availability (P-ET) under low- versus 

high-warming scenarios using the latest Earth system model 

simulations. Our objective was to determine whether reforesta-

tion produces divergent hydrological outcomes across climate 

states and, if so, to identify the possible mechanisms driving 

those differences. Our analysis reveals that the divergent P-ET 

responses are not simply a matter of magnitude but arise from 

fundamentally different circulation responses in wet regions 

(Figure 7). Under a low warming scenario, enhanced moisture 

convergence over wet regions amplifies the wet-gets-wetter 

pattern, increasing spatial inequality. Under a high warming sce-

nario, by contrast, the background circulation weakens moisture 

flux, reducing both global mean P-ET and its spatial disparity. 

These contrasting circulation-driven patterns have direct
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implications for ecosystem functioning: in the high-warming sce-

nario, reduced water availability in wet regions could exacerbate 

water limitation, potentially reducing vegetation resilience 27,28 

and carbon sequestration, 29 a feedback loop that current refor-

estation assessments rarely consider.

Direct quantitative comparisons between our results and pre-

vious studies are difficult due to different reforestation (e.g., loca-

tion and magnitude), different background climate, and different 

treatments of indirect effects of LULCC. 11,14,15 The indirect ef-

fects of LULCC and associated feedbacks are fully considered 

in this study. The findings advance our understanding in three 

ways. First, while earlier studies reported that forests enhance 

precipitation and alleviate surface dryness under current 

climate conditions, 30,31 we show that this conclusion does not

A B

C

Figure 6. Circulation and moisture budget analysis

(A) Circulation responses to reforestation under the SSP1-2.6 scenario, with color shades representing the changes of geopotential height at 500 hPa and vectors 

representing the changes of winds at 500 hPa. Gray dots indicate that the changes of geopotential height are statistically significant at the p = 0.10 level, which are 

shown every 5 rows/columns.

(B) Same as (A) but for the SSP3-7.0 scenario.

(C) The central map shows the dominant driver, denoted by different color, for Δ(δ(P-ET)) in each region, and the bar plots show the contributions of each driver 

(mm day − 1 ) to Δ(δ(P-ET)) for selected regions. The P-ET term equals to the summation of the MFC and residual terms.
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automatically extend to a warmer world because the sign of the 

hydrological response can reverse, especially over wet regions. 

Second, by fully accounting for indirect circulation feedbacks, a 

factor many prior assessments overlooked, we demonstrate that 

the hydrological response to reforestation is fundamentally 

nonlinear, with the sign and magnitude of the P-ET change de-

pending critically on the background climate state. Third, earlier 

studies disagreed on whether reforestation increases or de-

creases water availability. 32–34 We show that both sets of find-

ings can be correct, as it all depends on the background climate 

states, a factor that previous work systematically ignored.

Several implications could be drawn from this study. First, 

for reforestation timing and background climate: the biophysical 

effects of forests on temperature have been reported to vary 

with background climate, including but not limited to latitude, 6,35 

elevation, 36 CO 2 concentration, 18 and incoming radiation. 37 Our 

results demonstrate that the biophysical effects of reforestation 

on the hydrological cycle also vary with background climate, 

meaning that implementing the same reforestation program three 

decades earlier or later could produce significantly different out-

comes, given that global mean temperature may rise by over 1 

K within three decades under SSP3-7.0. 38 We therefore stress 

that background climate, reforestation timing, and other mitiga-

tion policies should be considered jointly in reforestation planning. 

Second, for transboundary governance and equity: our analyses 

reveal a crucial role of indirect effects of LULCC arising from 

changes in circulations and the background climate 23,39 (e.g., 

Figure 6). This implies that a country planning reforestation should 

consider not only hydrological effects within its borders but also 

remote consequences. Consequently, an inequality can emerge 

between LULCC performers and consequence sufferers. For

SSP1-2.6 (low warming) SSP3-7.0 (high warming)

Wet region−
> 0

Wet region−
< 0

Dry region−
≈ 0

A B

Global land − ：slight increase

Enhanced moisture flux

Dry region−
≈ 0

Global land − < 0

Weakened moisture flux

Figure 7. Conceptual illustration of diver-

gent responses of P-ET to reforestation un-

der low versus high warming

(A) Moisture transport is projected to enhance 

under the SSP1-2.6 scenario (low warming). 

Reforestation leads to a positive δ(P-ET) in the wet 

region (>0) and limited change in the dry region 

(≈0), resulting in an insignificant increase in global 

land-mean P-ET and an increase in spatial 

inequality.

(B) Moisture transport is substantially weakened 

under the SSP3-7.0 scenario (high warming). 

Reforestation leads to a negative δ(P-ET) in the 

wet region (<0) and limited change in the dry re-

gion (≈0), resulting in a net reduction in global 

land-mean P-ET (<0) and weakened spatial 

inequality.

example, WAF is projected to experience 

decreased water availability under both 

scenarios despite having the largest refor-

estation activity. This raises fundamental 

governance challenges: how to reconcile 

differing magnitudes of reforestation ac-

tivity, investment, and outcomes across 

regions. Addressing this tension will 

require coordinated international policy 

frameworks, including benefit-sharing 

mechanisms and region-specific strategies, that explicitly ac-

count for the spatial redistribution of water resources. Third, for 

climate mitigation pathways: the strong dependence of hydrolog-

ical outcomes on background climate means that the net sustain-

ability value of reforestation is pathway-dependent. Under a high 

warming scenario, reforestation may carry hidden water costs—it 

may deplete water that is already scarce. Therefore, policymakers 

should not treat reforestation as a universally beneficial tool. 

Instead, its value depends on the emission scenario or how 

much warming we are facing.

Some limitations and uncertainties exist in this study. First, some 

land management practices, such as irrigation, wetland drainage, 

fire, and grazing, are not implemented in most of the current 

models, 40 and these processes can change the surface energy 

budget (including ET), as well as temperature, and may further 

modify P and ET. 41 Second, the current models are still unable to 

perfectly represent the biophysical effects of land cover changes, 

which may bias the simulated effects on ET 42,43 and, subse-

quently, P and P-ET. 44 An example is that both crop and grass 

are treated as grass in the models, but they may have different im-

pacts on hydrological processes in reality. 45 Third, our reforesta-

tion scenario is not fully realistic. Taking the SSP370126Lu simula-

tion as an example, it is not known whether the climate conditions 

under the SSP3-7.0 scenario can sustain such large-scale refores-

tation, as the deforestation/reforestation process, as well as global 

warming can significantly alter the local climate and ecological 

conditions, 46–50 potentially making some regions unsuitable for 

tree planting. Furthermore, whether tropical African countries 

can implement such large-scale reforestation, given their willing-

ness, economy, and execution capacity, remains uncertain. 

Fourth, our results depend on the location of reforestation, which
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in this study mainly occurs in low latitudes (e.g., tropical Africa, 

Figure 1). Land-use change impacts are known to vary with loca-

tion. 6,35,51,52 If reforestation were mainly in mid-latitudes, circula-

tion responses and associated results are likely to differ. Lastly, 

while our results identify divergent circulation responses as the 

key driver of contrasting hydrological outcomes, a full mechanistic 

explanation, why the circulation responds oppositely under low 

versus high warming is beyond the scope of this study and war-

rants dedicated investigation in future work. Despite these limita-

tions, our multi-model ensemble assessment provides robust ev-

idence that reforestation impacts on water availability are strongly 

dependent on background climate, a finding that holds across the 

uncertainties we have examined.

These limitations point to several future research priorities to 

provide a more complete assessment. First, future studies 

should incorporate more realistic land management practices 

(irrigation, grazing, and fire regimes) and improved representa-

tions of biophysical processes. Second, reforestation scenarios 

should explore alternative spatial configurations (e.g., mid-lati-

tude versus tropical and fragmented versus contiguous). Third, 

coupling Earth system models with integrated assessment 

models would allow exploration of socioeconomic feedbacks, 

including land-use competition and food security, under different 

mitigation pathways.

METHODS

CMIP6 model output

Seven models (one realization per model) from both the scenario 

model intercomparison project 24 and the land use model inter-

comparison project (LUMIP) 53 under the climate model inter-

comparison project phase 6 (CMIP6) 54 are employed in this 

study. For each model, four simulations are used to quantify 

the impact of the same level of reforestation under two devel-

oping pathways, which are summarized below.

The 1 st simulation is the standard SSP370 simulation, which 

simulates the future climate from 2015 to 2100 in coupled 

mode with prescribed forcing under the shared socioeconomic 

pathway (SSP3-7.0). The SSP3-7.0 scenario represents a me-

dium-to-high emission pathway with continued deforestation 

at current rates (Figure S1) and limited climate mitigation pol-

icies. The population decreases in industrialized countries but 

increases substantially in developing countries. Under this sce-

nario, the radiative forcing is approximately 7.0 W m − 2 at the 

top of the atmosphere (TOA) by the end of the 21 st century rela-

tive to 1850, and the global mean temperature is about 4 K

warmer than the 1850 or 2.8 K warmer than the present level. 

The LULCC data are prescribed by the land-use harmonization 

dataset, 55 which is generated by integrated assessment 

models. 56 The 2 nd simulation SSP370126Lu is identical to the

1 st simulation, except that the LULCC data are from the 

SSP1-2.6 scenario. SSP1-2.6 represents the low-emission and 

sustainable developing pathway with strong climate mitigation 

policies and land use regulations, aiming to constrain the global 

mean temperature rise below 2 K by 2100 relative to the 1850 

level. In this scenario, forests are substantially recovered at the 

expense of agricultural land (crop, pasture, and rangeland). 

The world population is similar to that of today. Thus, the 

SSP370126Lu simulation represents the reforestation version 

of the SSP3-7.0 scenario. By taking the difference between 

these two simulations (SSP370126Lu minus SSP370), the 

impact of reforestation under the SSP3-7.0 scenario is isolated. 

The differences between the two experiments are solely 

attributed to the biophysical effects of LULCC. The 3 rd and 4 th 

simulations are similar but are under the SSP1-2.6 scenario. 

The SSP126 simulation is the standard simulation under the 

SSP1-2.6 developing pathway, and SSP126370Lu is the defor-

estation version of SSP1-2.6, which has the same radiative 

forcing at the TOA as the SSP126 simulation but with LULCC 

from the SSP3-7.0 scenario. By taking the difference between 

these two simulations (SSP126 minus SSP126370Lu), the 

impact of the same reforestation under the SSP1-2.6 scenario 

was obtained. It is noted that these models were run in coupled 

mode; thus, the indirect effects of LULCC and associated atmo-

spheric feedbacks are included in the results.

Model performance evaluation

To evaluate the performance of these CMIP6 models, we 

compared P, ET, and P-ET from the hist simulation against 

ERA5 reanalysis data. The comparison was performed based 

on the spatial pattern of 20-year mean values over 1995–2014 

from ERA5 products and the CMIP6 output (Figure S12). In gen-

eral, the models can reproduce the observed climatology 

reasonably well for all the variables examined. The correlation 

coefficients (r) between the MMM values of the CMIP6 models 

and ERA5 products are 0.89 for P, 0.94 for ET, and 0.80 for 

P-ET. In fact, the MMM values have the best performance in 

all three metrics and all three variables than any single model. 

For P-ET, the biases are within 1 mm day − 1 over most of the 

land surface, except South America. In addition to the clima-

tology, we also examined the trends of P-ET from the CMIP6 

models in response to global warming over the historical period, 

including reforestation grids. The results demonstrate that the 

models could simulate the responses of P-ET to human activities 

fairly well (Figures S13 and S14; Note S1). Given this outcome, 

the selected models, especially in MMM values, are suitable 

for the analyses in the current study. More in-depth evaluations 

of these variables from the CMIP6 models are provided by Li 

et al. 57 (P), Wang et al., 58 and Li et al. 59 (ET), as well as Allen 60 

(P-ET) for the indicated variables.

Impact of reforestation on P-ET under each scenario 

The reforestation impact under the SSP1-2.6 scenario, denoted 

as δ ssp126 , was quantified as the differences in the same vari-

ables between the two simulations with and without reforestation

Simulation

TOA

forcing

Land use 

scenario

Reforestation 

impact estimation

① SSP370 SSP3-7.0 SSP3-7.0 ②–①: isolate the

impact of reforestation

under the SSP3-7.0 

scenario

② SSP370126Lu SSP3-7.0 SSP1-2.6

③ SSP126 SSP1-2.6 SSP1-2.6 ③–④: isolate the

impact of the same

reforestation under the 

SSP1-2.6 scenario

④ SSP126370Lu SSP1-2.6 SSP3-7.0
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in each model. Taking P-ET as an example, the reforestation 

impact is defined as follows:

δ(P − ET) ssp126 = (P − ET) ssp126 − (P − ET) SSP126370Lu :

(Equation 1) 

In Equation 1, δ(P-ET) ssp126 is the change in P-ET (unit: mm 

day − 1 ) due to reforestation under the SSP1-2.6 scenario, and 

the overbars represent the mean value during 2081–2100. 

The changes in other variables, such as P and ET, were esti-

mated similarly by replacing P-ET in Equation 1 with the corre-

sponding variables.

The impact of reforestation on P-ET (unit: mm day − 1 ) under the 

SSP3-7.0 scenario, denoted as δ(P-ET) ssp370 , was quantified 

similarly as:

δ(P − ET) ssp370 = (P − ET) ssp370126Lu − (P − ET) SSP370 :

(Equation 2)

The reforestation is exactly the same under the two compari-

sons in Equations 1 and 2. The different impacts of the same 

reforestation on P-ET between these two scenarios, denoted 

by Δ(δ), were estimated as follows:

Δ(δ(P − ET)) = δ(P − ET) ssp126 − δ(P − ET) ssp370 : 

(Equation 3)

δ(P-ET) ssp126 and δ(P-ET) ssp370 are the outputs from Equations

1 and 2, respectively. Δ(δ(P-ET)) represents the impact of 

different background climates. These differences were 

computed for each grid cell in each model and then averaged 

to obtain the MMM values, with an equal weighting factor 

assigned to each model. All model outputs were bilinearly re-

sampled to a common spatial resolution of 0.94 ◦ × 1.25 ◦ in lati-

tude and longitude before data processing.

Significance test and CI

A bootstrap technique was used to test whether the MMM 

values are significantly different from zero at the grid-cell level. 

The 7 model values were sampled 7 times randomly with 

replacement to obtain a mean value. The process was repeated 

1,000 times to construct a 90% CI. The MMM changes are 

considered significant if zero falls outside the CI.

Area-weighted domain average

The model output is in a grid with equal latitude and longitude, 

meaning that the grid area decreases with increasing latitude. 

When calculating domain-averaged values, the value of each 

grid was weighted by the grid area. The weighting factor is 

approximated as cosin(lat), where lat is the latitude of the grid. 

Only land grids are considered in the analyses.

Seasonal response

Wet (dry) season is defined as the consecutive 3 months 

featured with the maximum (minimum) P-ET value in the 

background climate for each grid in each model. The back-

ground climate is the climate of SSP126370Lu for SSP1-2.6 

comparison and SSP370 simulations for SSP3-7.0 compari-

son, respectively.

Moisture budget analysis

According to Seager et al., 26 P-ET on a monthly scale could be 

expressed as:

P − ET = −
1 

ρ w g

∫ P s

0

∇⋅(uq)dp; (Equation 4)

where P and ET are monthly precipitation and evapotranspira-

tion, respectively. ρ w is the density of water (1,000 kg m − 3 ). gis 

the gravitational acceleration (9.8 m s − 2 ). Ps is the surface 

pressure (Pa). q is the specific humidity (kg kg − 1 ), and u is the 

horizontal wind vector (m s − 1 ). ∇denotes the horizontal diver-

gence operator.

The right side of Equation 4 could be decomposed into 

two terms:

−
1 

ρ w g

∫ P s

0

∇⋅ (uq)dp = −
1 

ρ w g

∫ P s

0

∇⋅ (uq)dp −
1 

ρ w g

∫ P s

0

∇⋅(u ′ q ′ )dp:

(Equation 5)

The first term on the right side of Equation 5 is the mean flow 

convergence (MFC), while the second term on the right side of 

Equation 5 is the transient eddy (TE). The overbars denote 

monthly mean values, while the primes denote deviations from 

the monthly mean values. Thus, the change in P-ET is the sum 

of changes in MFC and TE:

δ(P − ET) = δMFC + δTE: (Equation 6)

δMFC could be further approximated as:

δMFC = −
1 

ρ w g

∫ P s

0

∇ ⋅ (qδu)dp −
1 

ρ w g

∫ P s

0

∇ ⋅ (uδq)dp

−
1 

ρ w g

∫ P s

0

∇⋅(δqδu)dp:

(Equation 7)

The first term on the right side of Equation 7 represents the 

changes in MFC due to the changes in the mean circulation, 

which is referred to as the dynamic term. The second term on 

the right side of Equation 7 denotes the changes in MFC due 

to the changes in atmospheric humidity, which is referred to as 

the thermodynamic term. The third term is a covariant compo-

nent of both circulations and humidity changes. Substituting 

Equations 5 and 7 into Equation 4 obtains:

δ(P − ET) = −
1 

ρ w g

∫ P s

0

∇ ⋅ (qδu)dp −
1 

ρ w g

∫ P s

0

∇ ⋅ (uδq)dp

−
1 

ρ w g

∫ P s

0

∇ ⋅ (δqδu)dp − δ 
1

ρ w g

∫ P s

0

∇⋅(u ′ q ′ )dp:

(Equation 8)

The combination of the first three terms on the right side of 

Equation 8 is δMFC, while the last term on the right side of 

Equation 8 is δTE. The calculation of δTE requires hourly data. 

Due to the unavailability of such high-frequency data, δTE is 

estimated as the residual between δ(P-ET) and δMFC in this 

study. The calculation was performed for each pressure level 

and then integrated from the top of the atmosphere (pressure = 

0) to the surface (pressure = P s ). The fractional contribution of 

each term is defined as the ratio of the absolute value of each
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term relative to the sum of all four terms in absolute value. The 

largest contributor is the term that has the maximum fractional 

contribution.
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All data in this study are freely available from the web. The CMIP6 data are 

collected from the Earth System Grid Federation (ESGF) portal at https:// 

esgf-node.llnl.gov/projects/cmip6/. LULCC data (LUH2) are downloaded 

from https://luh.umd.edu/. The shapefile defining the Intergovernmental Panel 

on Climate Change (IPCC) regions is downloaded from https://www.ipcc-

data.org/guidelines/pages/ar5_regions.html. Population data for the SSP sce-

narios are collected from https://www.cgd.ucar.edu/sections/iam/modeling/ 

spatial-population. The ERA-5 reanalysis products are downloaded from 

https://climate.copernicus.eu/climate-reanalysis. The MATLAB scripts used 

in this study are available upon reasonable request from the lead contact. 

The data for generating the figures in the main text are available at https:// 
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ll
OPEN ACCESSArticle

One Earth 9, 101740, August 21, 2026 13

Please cite this article in press as: Tang et al., Reforestation increases water inequality under low warming but reduces water availability under high 
warming, One Earth (2026), https://doi.org/10.1016/j.oneear.2026.101740

https://doi.org/10.1029/2023EF004220
https://doi.org/10.1126/sciadv.adp3964
https://doi.org/10.59717/j.xinn-geo.2024.100079
https://doi.org/10.59717/j.xinn-geo.2024.100079
https://doi.org/10.1038/s41467-022-33279-9
https://doi.org/10.5194/gmd-9-3461-2016
https://doi.org/10.5194/gmd-9-3461-2016
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref25
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref25
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref25
https://doi.org/10.1126/science.1139601
https://doi.org/10.1126/science.1139601
https://doi.org/10.1038/s41467-023-36207-7
https://doi.org/10.1038/s41467-023-36207-7
https://doi.org/10.1029/2025GL116914
https://doi.org/10.1029/2025GL115825
https://doi.org/10.1038/s41586-022-05690-1
https://doi.org/10.1111/gcb.17096
https://doi.org/10.1111/gcb.17096
https://doi.org/10.1038/s43247-025-02470-3
https://doi.org/10.1038/s43247-025-02470-3
https://doi.org/10.1029/2025GL117797
https://doi.org/10.1029/2025GL117797
https://doi.org/10.1175/JCLI-D-17-0236.1
https://doi.org/10.1175/JCLI-D-17-0236.1
https://doi.org/10.1175/JHM-D-22-0073.1
https://doi.org/10.1038/s41561-020-00666-0
https://doi.org/10.1038/s41561-023-01251-x
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref38
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref38
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref38
http://refhub.elsevier.com/S2590-3322(26)00141-7/sref38
https://doi.org/10.5194/hess-22-4311-2018
https://doi.org/10.1111/gcb.13988
https://doi.org/10.1038/s43017-023-00438-5
https://doi.org/10.1029/2022JD038198
https://doi.org/10.1175/JCLI-D-21-0462.1
https://doi.org/10.1175/JCLI-D-21-0689.1
https://doi.org/10.1175/JCLI-D-21-0689.1
https://doi.org/10.1175/1525-7541(2004)005&lt;0640:EOLCCO&gt;2.0.CO;2
https://doi.org/10.1175/1525-7541(2004)005&lt;0640:EOLCCO&gt;2.0.CO;2
https://doi.org/10.1038/nclimate3092
https://doi.org/10.1038/s41612-025-00978-1
https://doi.org/10.1088/1748-9326/ac4c1d
https://doi.org/10.1088/1748-9326/ac4c1d
https://doi.org/10.1038/nclimate2837
https://doi.org/10.1038/s43247-025-02392-0
https://doi.org/10.1038/s43247-025-02392-0
https://doi.org/10.1088/1748-9326/aa6b3f
https://doi.org/10.1038/s43247-026-03331-3
https://doi.org/10.1038/s43247-026-03331-3


J., et al. (2016). The Land Use Model Intercomparison Project (LUMIP) 

contribution to CMIP6: rationale and experimental design. Geosci. 

Model Dev. 9, 2973–2998. https://doi.org/10.5194/gmd-9-2973-2016.

54. Eyring, V., Bony, S., Meehl, G.A., Senior, C.A., Stevens, B., Stouffer, R.J., 

and Taylor, K.E. (2016). Overview of the Coupled Model Intercomparison 

Project Phase 6 (CMIP6) experimental design and organization. Geosci. 

Model Dev. 9, 1937–1958. https://doi.org/10.5194/gmd-9-1937-2016.

55. Hurtt, G.C., Chini, L., Sahajpal, R., Frolking, S., Bodirsky, B.L., Calvin, K., 

Doelman, J.C., Fisk, J., Fujimori, S., Klein Goldewijk, K., et al. (2020). 

Harmonization of global land use change and management for the period 

850–2100 (LUH2) for CMIP6. Geosci. Model Dev. 13, 5425–5464. https:// 

doi.org/10.5194/gmd-13-5425-2020.

56. Riahi, K., van Vuuren, D.P., Kriegler, E., Edmonds, J., O’Neill, B.C., 

Fujimori, S., Bauer, N., Calvin, K., Dellink, R., Fricko, O., et al. (2017). 

The Shared Socioeconomic Pathways and their energy, land use, and

greenhouse gas emissions implications: An overview. Glob. Environ. 

Change 42, 153–168. https://doi.org/10.1016/j.gloenvcha.2016.05.009.

57. Li, Z., Liu, T., Huang, Y., Peng, J., and Ling, Y. (2022). Evaluation of the 

CMIP6 Precipitation Simulations Over Global Land. Earths Future 10, 

e2021EF002500. https://doi.org/10.1029/2021EF002500.

58. Wang, Z., Zhan, C., Ning, L., and Guo, H. (2021). Evaluation of global 

terrestrial evapotranspiration in CMIP6 models. Theor. Appl. Climatol. 

143, 521–531. https://doi.org/10.1007/s00704-020-03437-4.

59. Li, J., Miao, C., Wei, W., Zhang, G., Hua, L., Chen, Y., and Wang, X. (2021).

Evaluation of CMIP6 Global Climate Models for Simulating Land Surface 

Energy and Water Fluxes During 1979–2014. J. Adv. Model. Earth Syst. 

13, e2021MS002515. https://doi.org/10.1029/2021MS002515.

60. Allan, R.P. (2023). Amplified seasonal range in precipitation minus evapo-

ration. Environ. Res. Lett. 18, 094004. https://doi.org/10.1088/1748-9326/ 

acea36.

ll
OPEN ACCESS Article

14 One Earth 9, 101740, August 21, 2026

Please cite this article in press as: Tang et al., Reforestation increases water inequality under low warming but reduces water availability under high 
warming, One Earth (2026), https://doi.org/10.1016/j.oneear.2026.101740

https://doi.org/10.5194/gmd-9-2973-2016
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.5194/gmd-13-5425-2020
https://doi.org/10.5194/gmd-13-5425-2020
https://doi.org/10.1016/j.gloenvcha.2016.05.009
https://doi.org/10.1029/2021EF002500
https://doi.org/10.1007/s00704-020-03437-4
https://doi.org/10.1029/2021MS002515
https://doi.org/10.1088/1748-9326/acea36
https://doi.org/10.1088/1748-9326/acea36

	ONEEAR101740_proof.pdf
	Reforestation increases water inequality under low warming but reduces water availability under high warming
	Introduction
	Results
	Reforestation under two different climate states
	Global and regional responses
	Spatial and seasonal responses
	Water availability per capita
	Spatial inequality
	Moisture budget analysis

	Discussion
	Methods
	CMIP6 model output
	Model performance evaluation
	Impact of reforestation on P-ET under each scenario
	Significance test and CI
	Area-weighted domain average
	Seasonal response
	Moisture budget analysis

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References



