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Abstract. Tropical rainforests invest rely in on their root systems to access store moisture stored in soil in their 19 

root zone from during water-rich wet periods for use in during water-scarce dry periods. When this root-zone 20 

soil moisture is An inadequate to sustain a  root-zone soil moisture storage predisposes or forces these forest 21 

ecosystems, they to transition to a savanna-like state, losing  devoid of their native structure and functions. Yet 22 

the influence of climate change on ecosystem’s root-zone soil moisture storage and their impact on rainforest 23 

ecosystems changes in soil moisture storage and its influence on the rainforest ecosystems under future climate 24 

change remain uncertain. This study assesses the future state of rainforests and the risk of forest-to-savanna 25 

transitions in South America and Africa under four shared socioeconomic pathways (SSP1-2.6, SSP2-4.5, SSP3-26 

7.0, and SSP5-8.5). Using the a (mass-balance-based) empirical understanding of root zone storage capacity (Sr), 27 

defined as the maximum volume of root zone soil moisture per unit area accessible to vegetation’s roots for 28 

transpiration, we project how rainforest ecosystems will respond to future climate changes. , we assess the 29 

future state of the rainforests and the forest-to-savanna transition risk in South America and Africa under four 30 

different shared socioeconomic pathway scenarios. We find that under the end-of-the-21st-century climate, 31 

nearly one-third of the total forest area will be influenced by climate change.. FurthermoreAs the climate 32 

warms, beyond 1.5-2⁰C warming, forests will require a larger Sr than they do under the current climate to 33 

sustain their ecosystem structure and functions, making them more water-limitedecosystem . Meanwhile, 34 

recovering to a less water-limited statey gradually reducesdiminishes . Furthermore, warming beyond 1.5-2⁰C 35 

will significantly elevate the whereas the risk of a forest-savanna transition risk increases several folds. In the 36 
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Amazon, the forest area at risk of such a transition grows by about 1.7-5.8 times in size compared to their 37 

immediate lower warming scenario (e.g., SSP2-4.5 compared to SSP1-2.6). In contrast, the risk growth in the 38 

Congo is less substantial, ranging from 0.7-1.7 times. For Amazon, this risk can grow by about 1.5-6 times 39 

compared to its immediate lower warming scenario, whereas for Congo, this risk growth is not substantial (0.7-40 

1.65 times). These insights from this study underscores the urgent need to limit global surface temperature rise 41 

below the Paris Agreement to conserve rainforest ecosystems and associated ecosystem services.  42 
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1 Introduction 43 

Tropical rainforests in the Amazon and Congo basins are critical to the Earth system since they store and 44 

sequester a large amount of carbon, host vast biodiversity, and regulate the global water cycle (Malhi et al., 45 

2014). However, these forests are under severe pressure from climate change and land-use change (Davidson 46 

et al., 2012; Lewis et al., 2015; Malhi et al., 2008), which risk amplifying further warming and forest degradation 47 

(Lawrence et al., 2022). Climate change and land-use change lead to a decrease in precipitation, an increase in 48 

seasonality and atmospheric water demand (Malhi et al., 2014). This causes a deficit in soil moisture availability 49 

that inhibits plant growth (Singh et al., 2020; Wang-Erlandsson et al., 2022). Furthermore, climate-induced 50 

hydroclimatic changes, including the projected increases in drought frequency, severity, and duration (Dai, 51 

2011; Liu et al., 2018), present imminent threats to the capacity of rainforests to maintain their native ecological 52 

structure and functions (i.e., forest resilience) (Bauman et al., 2022; Grimm et al., 2013; Jones et al., 2009).   53 

Under water-deficit conditions, rainforests adapt by investing in their root systems to increase gain better 54 

their capacity to access to soil moisture necessary to maintain their structure and functions (Singh et al., 2020, 55 

2022). At the same time, the availability of surplus moisture at shallow depths minimises the need for 56 

ecosystems to invest in extensive (deeper and lateral) root systems (Bruno et al., 2006). Furthermore, forest 57 

ecosystems adapt to climate change by optimising water distribution through mechanisms such as hydraulic 58 

redistribution (Liu et al., 2020; Oliveira et al., 2005), enhancing water-use efficiency by regulating stomatal 59 

conductance, and even shredding leaves (Wolfe et al., 2016) to minimise moisture loss (Barros et al., 2019; 60 

Brum et al., 2019; Lammertsma et al., 2011). Despite their critical role, the dynamic influence of climate change 61 

on vegetation’s rooting structure and subsoil moisture is challenging to measure at the ecosystem scale (Fan et 62 

al., 2017). Thus, understanding how moisture from wet periods is stored, transmitted, and lost from soil, and 63 

how it is accessed by vegetation during dry periods, is critical to the ecohydrology and resilience of terrestrial 64 

ecosystems under climate changeSince the rooting structure is challenging to measure at the ecosystem scale 65 

(Fan et al., 2017), .  previous studies have found that empirical mass balance-derived root zone storage capacity 66 

(Sr) correlates well with ecosystems’ capacity to store water in its roots and their above-ground transition 67 

dynamics (de Boer-Euser et al., 2016; Singh et al., 2020; Stocker et al., 2023; Wang-Erlandsson et al., 2016) – 68 

thus serves as a proxy for ecosystems ability to store, utilize and adapt based on available subsoil moisture. 69 

Here, Sr constitutes a hydrological buffer required by the ecosystem for the collection of surplus precipitation 70 

from wet periods to be stored and used for evaporation throughout the dry periods (when total evaporation is 71 

greater than precipitation) (Grossiord et al., 2020; Singh et al., 2020; Wang-Erlandsson et al., 2016). Therefore, 72 

a lowly water-stressed (defined based on the magnitude of deficit in soil moisture availability inhibiting plant 73 

growth) ecosystem will need the least investment to access stored moisture. 74 

In contrast, a highly water-stressed ecosystem will require extensive subsoil investment (Singh et al., 75 

2020). However, Sr investment is costly, and there exists a ceiling up to where ecosystems cannot maximise 76 
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their Sr any further (Singh et al., 2020, 2022a). Approaching this ceiling also implies that forest ecosystems are 77 

depleting their adaptive capacity towards further future hydroclimatic changes (Fan et al., 2017; Guswa, 2008; 78 

Kleidon and Heimann, 1998; Singh et al., 2020), with forests that have extended their Sr close to their maximum 79 

storage limit being most vulnerable to increases in water-stress (Singh et al., 2022a). Excessive short-term water 80 

deficits in these forests lead to tree mortality, loss of carbon sink strength, and an increase in the risk of fire 81 

(Aleixo et al., 2019; Bauman et al., 2022; van Nes et al., 2018; Singh et al., 2022b), whereas long-term water 82 

deficits can lead to large-scale tipping to a savanna-like state (Hirota et al., 2011; Staal et al., 2020; Staver et al., 83 

2011; Zemp et al., 2017).   84 

 85 

However, such ecohydrological dynamics remain challenging to incorporate in the Earth System Models 86 

(ESMs) (Lenton, 2011; Maslin and Austin, 2012; Valdes, 2011) – complex mathematical representations of Earth 87 

system processes and interactions across different biospheres. This limits ESM's capacity to simulate tipping 88 

points as an emergent property of the system (i.e., properties that emerge due to multiple interactions between 89 

several system components, and is are not the property of an individual component) (Hirota et al., 2021; Reyer 90 

et al., 2015). This constraint is mainly due to our poor understanding of complex mechanisms governing the 91 

ecosystem, which are not well represented in ESMs. This includes a limited understanding of vegetation-climate 92 

feedbacks (Boulton et al., 2013, 2017; Chai et al., 2021), subsoil moisture availability (Cheng et al., 2017), 93 

adaptation dynamics (Yuan et al., 2022), the response time of forest ecosystems to climate change 94 

perturbations, and assumptions about future (i.e., prescribed) land-use change (Hurtt et al., 2020) in the ESMs. 95 

Furthermore, in the Earth system, some interactions still remain largely unknown, thereby making the 96 

prediction of (abrupt) forest-to-savanna transition (referring to changes in the dense-canopy structure of 97 

forests to one that mimics an open-canopy structure similar to savanna; hereafter referred to as forest-savanna 98 

transition) challenging (Drijfhout et al., 2015; Hall et al., 2019; Koch et al., 2021).  99 

To understand the extent of rainforest tipping risks, there is a need to assess and contrast the forest 100 

resilience consequences of low-emission and current commitment trajectories with the more commonly used 101 

high-emission scenario (Jehn et al., 2022). In additionHowever, the risk of forest-savanna transitions under 102 

various possible climate future scenarios is relatively under-investigated. As a result of the conflicting findings 103 

and scenario-dependent uncertainties, the Intergovernmental Panel on Climate Change (IPCC) has only low 104 

confidence about the possible tipping of the Amazon forest by the end of the 21st century (Canadell et al., 2021). 105 

However, with mounting empirical evidence on how climate change influences rainforest ecosystems (Boulton 106 

et al., 2022; Küçük et al., 2022; Singh et al., 2020, 2022), the research on rainforest resilience loss has 107 

accelerated considerably in the recent decade (Ahlström et al., 2017; Huntingford et al., 2013). Yet, forest 108 

resilience is often assessed based on changes in forest carbon stocks (Huntingford et al., 2013; Parry et al., 109 

2022) or precipitation (Hirota et al., 2011; Staal et al., 2020; Zemp et al., 2017); and rarely on the subsoil actual 110 
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moisture storage capacity in the root zoneavailability of the ecosystem (Singh et al., 2022). Further, there is a 111 

need to assess and contrast the forest resilience consequences of low-emission and current commitment 112 

trajectories with the more commonly used high-emission scenario (Jehn et al., 2022).  113 

This study aims to assess the state of rainforests resilience and the risk of a forest-savanna transition by 114 

under the end of the 21st 21st-century climate based on an empirical understanding of ecosystems' root zone 115 

storage dynamics. For this, we use hydroclimatemass-balance- derived root zone storage capacity (Sr) – 116 

representing the maximum amount of soil moisture vegetation can access for transpiration  (Gao et al., 2014; 117 

Singh et al., 2020; Wang-Erlandsson et al., 2016) – to classify the ecosystems under current and future climates, 118 

and assess potential forest transitions. Our use of Sr is grounded in its effectiveness in representing ecosystems’ 119 

access to soil moisture and their ability to modify above-ground structures accordingly (de Boer-Euser et al., 120 

2016; Singh et al., 2020; Stocker et al., 2023; Wang-Erlandsson et al., 2016). It should be noted that we refer to 121 

rainforest tipping as a forest-savanna transition ‘risk’ since the timing of such transitions depends on the 122 

stochastic fluctuations of other environmental factors, beyond just hydroclimate (e.g., fire, human influence, 123 

species composition) (Cole et al., 2014; Cooper et al., 2020; Higgins and Scheiter, 2012; Poorter et al., 2016). 124 

Therefore, to project if an ecosystem is a forest or has tipped to savanna in the future, we assume the 125 

hydroclimate projected by the end of the 21st century (i.e., 2086-2100) and ecosystem are in equilibrium. 126 

However, we do not account for the time required for ecosystems to reach their (long-term) equilibrium state, 127 

which previous studies suggest can take between 50-200 years after crossing the tipping point (Armstrong 128 

McKay et al., 2022).  129 

 130 

 131 

2 Methodology 132 

2.1 Study Area  133 

This study focuses on forest ecosystems (i.e., excluding savanna/grassland and vegetation in human-influenced 134 

ecosystems) extending between 15⁰N–35⁰S for South America and Africa. 135 

 136 

2.2 Data  137 

This analysis uses both empirical and ESM-simulated datasets of precipitation and evaporation. Empirical 138 

datasets include remotely sensed and observation-corrected precipitation and evaporation time-series. 139 

Empirical precipitation estimates at daily timestep are obtained from the Climate Hazards Group InfraRed 140 

Precipitation with Station data (CHIRPS; 0.25⁰ resolution) (Funk et al., 2015). Furthermore, empirical 141 

evaporation is derived using an equally-weighted ensemble of three different datasets – (i) Breathing Earth 142 

System Simulator (BESS; 0.5⁰ resolution) (Jiang and Ryu, 2016) (ii) Penman-Monteith-Leuning (PML; 0.5⁰ 143 

resolution) (Zhang et al., 2016) and (iii) FLUXCOM-RS (0.083⁰ resolution) (Jung et al., 2019) − at monthly 144 

Field Code Changed

Formatted: Swedish (Sweden)

Formatted: Swedish (Sweden)

Field Code Changed

Formatted: English (United States)

Field Code Changed

Formatted: Swedish (Sweden)

Formatted: English (United Kingdom)

Formatted: Font color: Auto

Formatted: Font color: Auto

Formatted: Font color: Auto



   
 

6 
 

timestep. Here, evaporation represents the sum of all evaporated moisture from the soil, open water and 145 

vegetation, including interception and transpiration. We only selected evaporation datasets free from biome-146 

dependent parameterisation (such as plant function types, stomatal conductance, and maximum root 147 

allocation depth) and soil layer depth (represents maximum depth of moisture uptake). Ultimately, all 148 

evaporation datasets are bilinearly interpolated to 0.25⁰ resolution and downscaled to daily timestep using 149 

ERA5 evaporation (0.25⁰ resolution) estimates (Hersbach et al., 2020). All empirical datasets are obtained for 150 

2001-2012. 151 

We also obtained precipitation and evaporation estimates from 33 ESMs (from 22 different institutes), 152 

which includes CMIP6-historical and four SSP scenario simulations (SSP1-2.6 leads to approx. 1.3-2.4⁰C 153 

warming; SSP2-4.5 corresponds to 2.1-3.5⁰C warming and is closest to the current trajectory according to the 154 

nationally determined contributions (Anon, 2015); SSP3-7.0 around 2.8-4.6⁰C warming; and SSP5-8.5 155 

represents 3.3-5.7⁰C warming; ⁰C warming represents an increase in mean global surface temperature change 156 

by the end of 21st century relative to 1850-1900 (IPCC, 2021) (Fig. 1; Supplementary Table S1 and S2). The 157 

historical estimates are obtained at a monthly timestep for 2000-2014, and the estimates under different SSPs 158 

are obtained for 2086-2100. Though obtained estimates from different ESMs are at different spatial resolutions, 159 

we bilinearly interpolated them to 0.25⁰ for this analysis.  160 

Finally, to minimisze the influence of human activity and non-forest land cover on the natural water cycle, 161 

we utiliszed land-cover data to remove pixels with such features from our analysis. We began by removing 162 

human-influenced and non-forest land cover, such as savanna, grasslands, and water bodies, from Globcover, 163 

a global land-cover classification dataset by the European Space Agency (ESA) at 300m resolution (GlobCover 164 

land-use map, 2022). We then performed majority interpolation to convert the dataset to a 0.25⁰ resolution 165 

and to mask grid cells with less than 50% forest cover. This step ensured that only grid cells with over 50% forest 166 

cover were classified as forests for further analysis. 167 

 168 
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 169 
Figure 1: Methodological framework for analysing the potential transitions in tropical terrestrial ecosystems 170 
using empirical and CMIP6-Earth System Models (ESMs) hydroclimate estimates. (a) We use root zone storage 171 
capacity (Sr)-based classification thresholds (obtained from Singh et al., 2020) – calculated using empirical 172 
precipitation (P) and evaporation (E) estimates (Supplementary Fig. S1; see Methods Methodology section and 173 
Appendix A1) – to classify terrestrial ecosystems under the current climate. Savanna ecosystems under the 174 
current climate are excluded from this analysis. We bias-correct these Sr thresholds for all ESMs using the 175 
histogram equivalence method (Piani et al., 2010) (Supplementary Table S1). (b) We then use these bias-176 
corrected Sr thresholds to classify ecosystems under future climate conditions (Supplementary Figs. S2- and S3). 177 

Furthermore, we use mean annual precipitation ( P ) and P-seasonality index range (Sr-based forest classes from 178 

a) − as a proxy for ecosystem state − to revise our classification under future climate (Appendix A3 and 179 
Supplementary Fig. S4). (c) We then analyse the potential transitions by comparing ecosystems classified under 180 
the current climate (analysed in a) with those classified under future climate (analysed in b) individually for all 181 
ESMs (Supplementary Figs. S5- and S6 and Supplementary Data). The transition analysis assumes that the 182 
vegetation and hydroclimate are in equilibrium, and does not account for the time required for transitions to 183 
occur. A detailed description is provided in the Methodology Methods section section. An exemplification of 184 
this methodological framework is shown in Supplementary Fig. S7. 185 

 186 

2.3 Root zone storage capacity-based framework for projecting forest transitions 187 

Previous studies have shown that forest ecosystems adapt to water deficit by investing in roots to store and 188 

access subsoil water (Brum et al., 2019; Fan et al., 2017; Nepstad et al., 1994), efficiently distribute water 189 

through their roots for transpiration during dry-periods (e.g., hydraulic redistribution) (Liu et al., 2020; Oliveira 190 

et al., 2005), maximise water-use efficiency (by regulating stomatal conductance) or minimise moisture loss (by 191 

shredding leaves (Wolfe et al., 2016)) to reduce root zone moisture storage (Barros et al., 2019; Brum et al., 192 

2019; Lammertsma et al., 2011). Since vVegetation uptakes soil moisture from its roots; thus, the availability of 193 

root zone available moisture is a key element that mediates the interaction between vegetation and climate 194 
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(Brooks et al., 2015; Küçük et al., 2022; Rosas et al., 2019; Wang-Erlandsson et al., 2022). However, measuring 195 

soil- (such as texture and porosity) and root-characteristics (such as vertical and lateral extent and soil moisture 196 

uptake profiles) that influence access to subsoil moisture are challenging to measure at ecosystem scales (Bruno 197 

et al., 2006). Furthermore, land-system models tend to oversimplify the transfer and storage of water in roots 198 

root-zone due to insufficient knowledge about soil-vegetation-climate interactions (Albasha et al., 2015; 199 

Hildebrandt et al., 2016; Wang et al., 2004). In such cases, the mass-balance approach-based Sr provides a 200 

tangible and comprehensive understanding of ecosystem access to subsoil dynamics moisture stored in the soil 201 

(de Boer-Euser et al., 2016; Gao et al., 2014; McCormick et al., 2021; Stocker et al., 2023). 202 

 203 

2.3.1 Estimating mass-balance derived Root root zone storage capacity (Sr) 204 

Derived using the mass-balance approach, Sr represents the maximum amount of soil moisture accessed by 205 

vegetation for transpiration (Singh et al., 2020; Wang-Erlandsson et al., 2016). This methodology calculates the  206 

maximum This extent of soil moisture is stored within the reach of plant roots, , eyond This methodology 207 

assuminges that ecosystems do not invest in expanding their root-zone storage beyond what is more than 208 

necessary to bridge the maximum (accumulated) water-deficit experienced by the vegetation in during dry 209 

periods (i.e., periods in which evaporation is greater than rainfall, irrespective of the seasons). This the 210 

maximum annual accumulated water deficit (Da,y) experienced by the ecosystem is calculated using daily 211 

precipitation and evaporation estimates (Appendix A1 and Fig. A1). Subsoil moisture beyond the reach of plant 212 

roots is primarily controlled by gravity-induced gradients (de Boer-Euser et al., 2016) and is not available for 213 

transpiration. It is, thus, independent of any prior vegetation, soil, or land cover-based, ithydroclimatic 214 

estimates ( and Fig. A1) information (Wang-Erlandsson et al., 2016). The rationale is that Since investment 215 

requires carbon allocation, any extensive investment (i.e., more than necessary) in root expansion will would 216 

require carbon allocation and, thus, is inefficient from the perspective of the plants (Gao et al., 2014; Schenk, 217 

2008). Since, this approach does not rely on prior information about vegetation, soil, or land cover-based, by 218 

This mass-balance approach only requires precipitation and evaporation estimates to determine Sr. It is, thus, 219 

independent of any prior vegetation, soil or land cover-based information (Wang-Erlandsson et al., 2016). 220 

Furthermoreerefore, using empirical (observation-based) datasets (Appendix A1 and Fig. A1), we capture the 221 

dynamics of actual state of the ecosystems – reflecting the actual soil moisture availabilavailableity for the 222 

ecosystems (Wang-Erlandsson et al., 2016)(Singh et al., 2020). The detailed methodology for calculating Sr using 223 

precipitation and evaporation estimates is outlined in Appendix A1. 224 

In this mass-balance approach, Sr only represents a hydrological buffer essential for maintaining the 225 

ecosystem's structure and functions (Gao et al., 2014; Wang-Erlandsson et al., 2016). However, other biotic and 226 

abiotic factors, such as root morphology, soil depth, and geological formations, can physically restrict Sr by 227 

limiting rooting depth, rooting structure, and the soil's water-holding capacity (Canadell et al., 1996; Jackson et 228 
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al., 1996; Schenk and Jackson, 2002) (Appendix A2). Additionally, soil properties like porosity or field capacity 229 

could necessitate a deeper rooting strategy in different soil types (e.g., between sandy and clayey soil) to 230 

achieve a comparable level of Sr to sustain the ecosystem under future climate (Kukal and Irmak, 2023). 231 

However, this study assesses the impact of future climate change on the ecosystem's hydrological regime, 232 

focusing on the changes to the ecosystem's equilibrium state. Therefore, the direct influence of soil and root 233 

characteristics under future climate change on Sr (Appendix A2) and forest transitions falls outside our current 234 

scope.   235 

 236 

2.3.2 Determining root zone storage capacity thresholds for forest transitions 237 

Previous empirical studies on mass-balance derived Sr have provided a comprehensive understanding of 238 

catchment characteristics and the ecosystem’s subsoil dynamics (de Boer-Euser et al., 2016; Gao et al., 2014).  239 

However, aA recent study by Singh et al. (2020) demonstrated that found them Sr effectively represents an 240 

ecosystem's above-ground state (i.e., whether it is a forest or savanna) and its level of water-stress, based on 241 

root-zone moisture availabilityto dynamically represent the ecosystem’s above-ground structure and below-242 

ground root zone adaptation dynamics. In this study, we refine their terminology from 'water-stressed state' to 243 

'water-limited state' to more precisely describe the effects of hydroclimatic conditions on forest ecosystems, 244 

specifically in terms of inhibiting plant growth based on subsoil moisture availability and the potential of them 245 

approaching the threshold of forest-savanna transition. According to Singh et al. (2020), in response to water-246 

limited conditions, forests adapt their rooting strategies and modify their above-ground forest cover. These 247 

adaptations aim to allocate carbon in the most efficient way possible to maximise the hydrological benefits 248 

available to the ecosystem. They classified terrestrial ecosystems into four distinct categories based on the 249 

relationship between tree cover density and root zone storage capacity (Sr), illustrating the various drought 250 

coping strategies of ecosystems (detailed description provided in (Singh et al., 2020): 251 

i. Lowly water-limited forest: Dense forests (>70% tree cover) that receive ample rainfall (with daily 252 

precipitation exceeding evaporation year-round) results in a very low Da,y. In such an environment, the 253 

top layer of the soil remains consistently damp, allowing for efficient soil moisture uptake through 254 

shallow roots (<1m; Sr and maximum rooting depth comparison in Singh et al., 2020), as vegetation 255 

typically utilises the shortest available pathway for moisture uptake (Bruno et al., 2006). Consequently, 256 

these forest ecosystems can sustain themselves with a low Sr (<100 mm).e 257 

ii. Moderately water-limited forest: Although these forests retain a dense structure (>65% tree cover), 258 

the increased precipitation seasonality (evaporation rates remain same as before) leads to a relatively 259 

higher Da,y. This necessitates a greater investment in their rooting systems to access subsoil moisture 260 

for dry periods, with Sr for these ecosystems ranging between 100-400 mm in South America and 100-261 
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350 mm in Africa. Notably, this enhanced below-ground investment does not compromise the above-262 

ground ecosystem structure. sit can  withing 263 

iii. Highly water-limited forest: With further increase in precipitation seasonality (even negligible 264 

precipitation during dry seasons) and duration of dry period, forests need to maximize their Sr 265 

(maximum rooting depths typically between 15-20m). Maintaining ecosystems under these conditions 266 

is costly from a subsoil investment perspective (Schenk, 2008), with regions in South America and Africa 267 

showing Sr values as high as 750 mm and 450 mm, respectively. Consequently, these values represent 268 

the upper limits beyond which forest ecosystems cannot further enhance their Sr. 269 

 Possible mechanisms suggest that these trees adapt by shedding leaves to minimise 270 

moisture loss (Wolfe et al., 2016). However, this adaptation can reduce photosynthetic activity, leading 271 

to declines in root growth(Guswa, 2008), and heightening the risk of mortality from hydraulic failures 272 

due to the unavailability of soil moisture at accessible depths (Guswa, 2008). Furthermore, 273 

accumulation of dry leaves also perpetuates forest fires, thinning the ecosystem even further (tree 274 

cover can drop as low as 30%) (Nepstad et al., 1999). Although increased tree mortality reduces 275 

competition for water, enabling some trees to survive, the heightened risk of hydraulic failures and 276 

forest fires makes these ecosystems highly susceptible to transitioning to savanna.,, 277 

iv. Savanna-grassland regime (hereafter referred to as savanna): These ecosystems, typically 278 

characterised by an open, grass-dominated structure (tree cover <40%), have both a lower water 279 

availability and demand (both precipitation and evaporation are lower than in forest ecosystems). Thus, 280 

requiring a lower hydrological buffer to sustain their structure and functions. For these ecosystems, Sr 281 

values can be as low as 100 mm. Although tree species in this ecosystem can develop deep roots 282 

(extending up to 20m)(Nippert and Holdo, 2015; Schenk, 2008), the majority of the root biomass is 283 

concentrated in the shallow soil layers (top 30–50 cm; shallow water uptake profile) (Nippert and 284 

Holdo, 2015; Schenk, 2008). This strategy allows for completive moisture uptake between trees and 285 

grass species. This also suggests that, for savanna, deeper roots don’t always necessitate a high Sr. 286 

 287 

The difference in Sr thresholds between both continents is due to the presence of water-use-efficient 288 

C4 grasses in Africa (Still et al., 2003), which reduces the competitiveness for moisture uptake between tree 289 

species and grasses – leading to a lesser need for extensive Sr in the African forest ecosystem (Singh et al., 2020). 290 

and validated against empirical rooting depth (Fan et al., 2017) and ecoregion datasets(Dinerstein et al., 291 

2017)Furthermore, In their study, Singh et al. (2020) classify drought coping strategies of forest and ecosystems 292 

under changes to their hydroclimate – which are not apparent from just precipitation and tree cover data, but 293 

also highlight (and validate) thresholds beyond which forest-savanna transitions occur. Tthese adaptation 294 

dynamics thus, align with the alternative stable state theory (i.e., forest’s stabilising feedback under 295 
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hydroclimatic changes and tipping risk beyond certain hydroclimatic extremes) (Hirota et al., 2011), which 296 

makes Sr more representative of the transient state of the ecosystem than precipitation (Singh et al., 2022). 297 

Due to their strong influence over hydroclimate and ecological systems (Tumber-Dávila et al., 2022; Wang-298 

Erlandsson et al., 2022), we use We, thus, use these mass-balance derived Sr thresholds to project rainforest 299 

transitions and tipping risk under future climate change. A detailed description of how previous studies have 300 

projected rainforest tipping (Supplementary Table S3), and how Sr-based framework builds upon their 301 

shortcomings is mentioned in Supplementary descriptionInformation. 302 

  303 

2.3.22.3.3 Projecting forest transitions under future climate change  304 

Some previous studies have directly used the ensemble of hydroclimatic estimates to analyse tipping (Staal et 305 

al., 2020; Salazar et al., 2007). However, ESMs simulate Earth system processes based on their unique 306 

parametrisations and biases. Since an ensemble aggregates hydroclimatic estimates from different ESMs, it 307 

generalises the understanding of Earth system processes between different ESMs (Baker et al., 2021; 308 

McFarlane, 2011; Yuan et al., 2022). Therefore, we qualitatively assessed (i.e., by classifying) the ecosystem’s 309 

water-stressed state using Sr (Singh et al., 2020) for each ESM individually. To project forest transitions under 310 

future climateFor this, we have to follow first three steps: (i) calculating classify forests based on Sr thresholds 311 

under the current and future climate and classifying terrestrial ecosystems based on Sr thresholds,. Based on 312 

this classification, we  (ii) calculating Sr under future climate and using Sr thresholds to classify terrestrial 313 

ecosystems in the future, and (iii) analyseing potential transition for each ESM and aggregate the results using 314 

current and future ecosystem classification (Fig. 1). We start by classifying forests under current climate 315 

following the approach by Singh et al. (2020), which uses the  316 

 First, using a mass-balance approach, we determine the maximum annual accumulated water deficit 317 

from (empirical) daily estimates of CHIRPS precipitation and ensemble evaporation (over several years (2001-318 

2012, in this case) (see Supplementary MethodsAppendix A1 and Sect. 2.3.2) (. We then use a 20-year drought 319 

return period based on Gumbel extreme value distribution to simulate Sr under the current climate. Thus, Sr 320 

refers to the maximum deficit expected to occur every twenty years under static climate conditions. We 321 

acknowledge that grasslands and savanna adapt to shorter drought return periods (i.e., <10 years and 10-20 322 

years, respectively). In contrast, forests adapt to long drought return periods (>40 years) (Wang-Erlandsson et 323 

al., 2016). However, to avoid artificially introduced Sr transitions between landscapes, we chose a uniform 20-324 

year drought return period (following Bouaziz et al., 2020; Nijzink et al., 2016), rather than assigning different 325 

drought return periods to different land cover types (i.e., forest, savanna and grassland) (Singh et al., 2020).  326 

In this study, we use Singh et al. (2020) Sr-based classification scheme, which classifies terrestrial ecosystems as 327 

lowly water-stressed, moderately water-stressed, highly water-stressed forests and savanna-grassland regime. 328 

This classification is based on empirically observed patterns in the ecosystem’s above- and below-ground 329 
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structure (i.e., the statistical relationship between tree cover and Sr), hydrology, and hydroclimate; and 330 

validated against empirical rooting depth (Fan et al., 2017) and ecoregion datasets(Dinerstein et al., 2017). 331 

Here, lowly, moderately and highly correspond to the state of the forest under different levels of water stress 332 

(i.e., quantifying the magnitude and duration of water-deficit experienced by vegetation which can inhibit plant 333 

growth. We directly used the Sr-based thresholds estimated by Singh et al. (2020) for ecosystem classification 334 

under current climate conditions (detailed description in Table 1 of Singh et al., 2020) (Fig. 1a). Since we are 335 

only interested in forest transitions, It should be noted that the the savanna-grassland ecosystems classified as 336 

savanna under the current climate are excluded from this analysis. For South America, these empirical Sr 337 

thresholds are ≤100 mm (for lowly; also referred to as ‘lower Sr threshold’), 100-400 mm (for moderately) and 338 

>400 mm (for highly water-stressed forests; also referred to as ‘upper Sr threshold’) (Fig. 1a). For Africa, these 339 

Sr thresholds are ≤100 mm (for lowly), 100-350 mm (for moderately) and >350 mm (for highly water-stressed 340 

forests). Higher Sr implies a need for larger storage to buffer water deficit, which previous studies found 341 

corresponds to plants expanding their roots vertically and laterally to maximise storage (Singh et al., 2020). The 342 

difference in Sr thresholds between both continents is due to the presence of water-use efficient C4 grasses in 343 

Africa, which reduces the competitiveness for moisture uptake between tree species and grasses – leading to a 344 

lesser need for root zone storage in the ecosystem(Singh et al., 2020).  345 

SecondNext, for determining classifying ecosystems under future Sr climate scenarios, we follow the 346 

same mass-balance approach as empirical ((see Supplementary MethodsAppendix A1)). However, as 347 

mentioned previously, since different precipitation and evaporation estimates from ESMs do not align are based 348 

on different research groups’ understandings of Earth system processes and are therefore parametrised 349 

differentlywith empirical estimates (Baker et al., 2021; McFarlane, 2011), we employ a bias-correction method. 350 

Specifically, we . Therefore, it does not make sense to directly use the empirical (2001-2012) Sr thresholds 351 

obtained under current climate conditions to classify Sr from future CMIP6-ESMs simulations. Furthermore, 352 

since daily estimates of precipitation and evaporation are not publicly available for all CMIP6-ESM simulations, 353 

it would not be logical to directly compare them with monthly precipitation and evaporation derived Sr 354 

(Supplementary Method and Supplementary Fig. 8). To resolve this, we used the a histogram equivalence 355 

method (Piani et al., 2010) to adjust empirical Sr thresholds to comparable CMIP6 Sr thresholds for various ESMs 356 

(Table S1) (i.e., a bias-correction method). This involves, first, calculating Sr using CMIP6-historical precipitation 357 

and evaporation estimates between 2000-2014 (Appendix A1 and Fig. S8). Here, the We then determine a 358 

percentile-equivalent Sr thresholds for the empirical Sr thresholds is calculated individually for each of the thirty-359 

three CMIP6-ESMs under the current climate (CMIP6-historical between 2000-2014). For exampleexample, if 360 

an empirical Sr of 100 mm corresponds to the 10th percentile (n = 20% of total pixels), in the empirically-derived 361 

Sr sample (n = 20% of total pixels), we find the 10th percentile equivalent in the CMIP6-historically-derived Sr Sr, 362 

which may is considered its equivalent, but this can be higher or lower than 100 mm for each ESM (Fig. 1 and 363 
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Supplementary Table S1). These percentile-equivalent Sr thresholds are then used to classify ecosystems both 364 

under current (CMIP6-hsitorical; 2000-2014) and future climate (CMIP6-SSPs; 2086-2100)  365 

Percentile-equivalent Sr thresholds are calculated for all ESMs individually under current climate 366 

conditions (i.e., using CMIP6-historical estimates between 2000-2014) (Fig. 1b). Classifying savanna under 367 

future climate requires an additional step as outlined in Appendix A3.These histograms analysed thresholds are 368 

referred to as percentile-equivalent lower and upper Sr thresholds. To classify ecosystems under future climate 369 

(2086-2100), we directly overlay the CMIP6-historical (2000-2014) percentile equivalent lower and upper Sr 370 

thresholds to CMIP6-SSP derived Sr (2086-2100) (Fig. 1b and Supplementary Table 1). For our analysis, we chose 371 

the same period of 15 years for both CMIP6-historical (2000-2014) and CMIP6-SSP (2086-2100) hydroclimate, 372 

representing the epoch of current and future climate. Furthermore, the time-period for CMIP6-historical (2000-373 

2014) is chosen such that it will be close to the simulation period of empirical Sr (i.e., 2001-2012).  374 

Under future climate change, some ecosystems will remain forest, while others will transition to savanna. 375 

However, despite the analysis above capturing the change in Sr, it is difficult to discern whether an ecosystem 376 

is a forest or savanna just with Sr (the above analysis only classifies ecosystems as forests). Savanna and 377 

grassland ecosystems experience considerably less precipitation than forests and can show high precipitation 378 

seasonality. However, because they also have lower evaporation than forests, their accumulated deficit and, 379 

therefore, Sr is also less(Singh et al., 2020). These low Sr patterns might conceal savannas as a lowly or 380 

moderately water-stressed forests (since these forests also have low water-deficit and therefore lower Sr) 381 

(Supplementary Fig. 4a). Segregating them is easier under the current climate, where we have several remote 382 

sensing products capturing vegetation structure (e.g., tree cover, tree height, floristic patterns)(Hirota et al., 383 

2011; Aleman et al., 2020; Xu et al., 2016). However, under future climate, we must find a proxy. Previous 384 

studies have either depended on some vegetation structure metric derived from the models themselves (e.g., 385 

the fraction of forest cover or net primary productivity)(Jones et al., 2009; Boulton et al., 2013), or had assumed 386 

that no other vegetation would replace forests. Therefore, the latter assumption assesses the possible extent 387 

of forest ecosystems under future hydroclimatic changes(Staal et al., 2020). Since ESMs use IAM-derived land-388 

use scenarios solely based on macro-socioeconomic factors(Ma et al., 2020), and not biophysical processes, the 389 

ecosystems are not in equilibrium with their climate. We went with the latter assumption of assessing the 390 

theoretically possible extent of forest ecosystems under hydroclimatic changes (i.e., the ecosystem is in 391 

equilibrium with their climate). 392 

We did this using mean annual precipitation and the precipitation seasonality index range obtained under 393 

the current climate (2001-2012) for forest classes (i.e., lowly, moderately, and highly water-stressed forest) and 394 

savanna-grassland regime (Supplementary Fig. 4). The ecosystems (i.e., grid cells) falling outside the range of 395 

bias-corrected mean annual precipitation and precipitation seasonality index of forest classes are classified as 396 

‘savanna’ (this includes grassland). This way, not only do we segregate forests and savanna ecosystems under 397 
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future climate conditions (revising the forest classification analysis under future climate), but using Sr, we also 398 

include the magnitude and duration of water-deficit, which previous studies suggest is important(Staal et al., 399 

2020; Zemp et al., 2017), but were unable to operationalise in projecting rainforest tipping.  400 

As an additional check, since we do not question whether the forest regions classified as savanna in the 401 

future are, in fact, forests under the current climate, or more specifically, have the hydroclimate characteristics 402 

of forest under the current climate (since we are not using prescribed land-use scenarios as proxy); we again 403 

use the bias-corrected range of mean annual precipitation and the precipitation seasonality index 404 

(Supplementary Fig. 4). With this check, if a future savanna ecosystem (i.e., grid cell) has its mean annual 405 

precipitation and precipitation seasonality index falling outside the range of forest classes under the current 406 

climate conditions, we exclude it from further analyses (the black region in Supplementary Fig. 7). This way, we 407 

avoid over-estimating tipping risk under future climate change.  408 

ThirdUltimately, we evaluate potential transitions by comparing ecosystems classified under current 409 

climate conditions (this excludes savanna) with those under future climate conditions (this includes savanna) 410 

(Sect. 2.3.2). These transitions are divided into three distinct categories This classification allows us to evaluate 411 

tree types of transitions (Fig. 1c and Fig. A2):  412 

i. Forest-savanna transition: This refers to current climate forest ecosystems that risk transitioning to a 413 

savanna under future climate change(i) current forest ecosystems that will transition to savanna in the 414 

future − referred to as forest-savanna transition,.  415 

ii. Transition to a more water-limited state: This includes ecosystems that shift to a higher water-limited 416 

state in the future. For example, if a forest currently classified as lowly water-limited transitions to 417 

either a moderately or highly water-limited state in the future, it would fall under this category.  418 

iii. (ii) forest ecosystems that become ‘more’ water-stressed in the future, and Reversion to a less water-419 

limited state: (iii) This includes ecosystems that shift to a lower water-limited state in the future.forest 420 

ecosystems that become ‘less’ water-stressed in the future. For example, a lowly water-stressed forest 421 

transitioning to a moderately or highly water-stressed forest is considered as a ‘transition to a more 422 

water-stressed state’. Whereas a transition from highly to a moderately or lowly water-stressed forest 423 

is considered a ‘transition to a less water-stressed state’. We synthesise the results from all CMIP6-424 

ESMs under different SSP scenarios (Fig. 1).  425 

 426 

HereTo aggregate the results from all ESMs, grid cells with > 50% of model convergence are referred to 427 

as ‘moderate-high model agreement’, 20-50% as ‘moderate model agreement’ and ≤ 20% as ‘low model 428 

agreement’. In the Results section, we primarily discuss estimates from scenarios >20% and >50% model 429 

convergence.. While a threshold of >20% may seem low given the total number of ESMs analysed, it is important 430 

to recognise the variable and often limited capabilities of these ESMs, particularly in simulating biophysical 431 
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interaction and emerging properties due to our limited understanding of the Earth system (Lenton et al., 2019; 432 

Stevens and Bony, 2013)(Arora et al., 2023; Reyer et al., 2015). Opting for a majority-based consensus in ESMs 433 

could overlook critical tipping risks identified by a minority of models, which might provide insights as valid as 434 

those from more widely agreeing models (Arora et al., 2023; Reyer et al., 2015). 435 

However, this methodology has two major assumptions: (i) We assume that the empirically derived Sr 436 

thresholds remain valid in the future, and (ii) ESM projected hydroclimatic estimates represent the actual 437 

climate (this includes the influence of atmospheric moisture flows on hydroclimate). To address the uncertainty 438 

due to the former case, we do several sensitivity analyses to check its influence on potential transitions. 439 

Whereas in the latter, we explicitly apply this methodology across a wide range of available ESMs under four 440 

SSP scenarios to highlight the agreements and conflicts between the end results. The implications of both these 441 

assumptions are discussed in the Discussion sub-section ‘Limitation and sensitivity analyses’. Furthermore, the 442 

discrepancies between the prescribed land-use and our methodology-derived transitions are discussed in Fig. 443 

5. 444 

 445 

2.4 Sensitivity analyses 446 

Our However, this methodology hasoperates under two majorkey assumptions: (i)  We assume that the 447 

empirically derived Sr thresholds remain valid in the future,modifying their critical thresholds (Doughty et al., 448 

2023), and (ii) ESM projectedthe hydroclimatic estimates projected by ESMs accurately represent the actual 449 

climate, even though  these models have prescribed land-cover (Hurtt et al., 2020)(this includes the influence 450 

of atmospheric moisture flows on hydroclimate). To address the uncertainties related y due to the former first 451 

assumptioncase, we do conduct severalfour sensitivity analyses to check assess the robustness its influence of 452 

our analysison potential transitions.: (a) assuming that the regions exceeding the 99th percentile Sr are prone to 453 

a forest-savanna transition, as high Sr investment could be unrealistic from the perspective of plants under 454 

future climate change, (b) evaluating forest transitions using three different evaporation datasets, (c) assessing 455 

forest transitions under 10- and 40-year drought return periods, and (d) adjusting the forest-savanna transition 456 

thresholds.  457 

WhereasRegarding in the lattersecond assumption, we explicitly apply this methodology across a wide 458 

range of available ESMs under four SSP scenarios to highlight the identify agreements consistencies and 459 

conflicts discrepancies between in the results. Additionally, the discrepancies between the prescribed land-use 460 

and the forest transitions derived from our methodology, as well as tThe implications of both these assumptions 461 

are discusseddetailed in the Discussion section sub-section ‘Limitation and sensitivity analyses’. Furthermore, 462 

the discrepancies between the prescribed land-use and our methodology-derived transitions are discussed in 463 

Fig. 5. 464 
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Since our study relies on ecosystem classification thresholds based on Sr, to evaluate the robustness of our 465 

analysis, we conducted four sensitivity analyses: (i) by assuming that the regions that exceed the 99th percentile 466 

Sr are prone to a forest-savanna transition as high Sr investment could be unrealistic from the perspective of 467 

plants, (ii) evaluating forest transitions individually for all three evaporation datasets, (iii) evaluating forest 468 

transitions under 10- and 40-year drought return periods and (iv) by changing the forest-savanna transition 469 

thresholds.  470 

 471 

3 Results 472 

In this study, we focus on three specific transitions: (i) Forest-savanna transition, (ii) forests’ transition to a more 473 

water-stressed state, and (iii) reversion to a less water-stressed state (Fig. 2a). We find that under future climate 474 

conditions (2086-2100), considering >50% models’ agreement, about one-fourth of the forests in both South 475 

America and Africa are projected to transition (Fig. 2b-g). With >20% models’ agreement, these transitions are 476 

projected to occur for about three-fourths of the forests for both continents. Considering a lower threshold for 477 

models’ agreement causes double or triple counting of some transitions (Fig. 2b-g). To minimise this in further 478 

analyses, we only consider >50% models’ agreement for forests that transition to a more and less water-479 

stressedwater-limited state. Furthermore, because (abrupt) forest-savanna transitions are under-represented 480 

in ESMs (Drijfhout et al., 2015; Lenton, 2011; Maslin and Austin, 2012; Valdes, 2011), we consider >20% models’ 481 

agreement for them. Considering this, we not only reduce the overlap to <0.4% of the total forest area 482 

(Supplementary Fig. S9), but we also maximise highlighting forest-savanna transition risk for both continents. 483 

We find that the risk of forest-savanna transitions mainly occurs in the Guiana Shield of South America, 484 

and the southern and south-eastern regions of Africa (Fig. 3). Compared to Africa, forest-savanna transitions 485 

are more prominent in South America under warmer climates (i.e., higher SSPs; Fig. 2b and 3). Our analysis 486 

reveals that the extent of forest-savanna transitions in South America decreases from almost 1.32 × 106 km2 487 

(16.3% of total forest area in South America) under the highest emission scenario to 0.04 × 106 km2 (0.5%) under 488 

the lowest emission scenario (Fig. 2b). Interestingly, for Africa, the extent of forest-savanna transition did not 489 

change much for different SSPs, i.e., (median) 0.25 × 106 km2 with a maximum deviation of ±0.11 × 106 km2 490 

(minimum and maximum extent of transition between 3-6.6% of total forest area in Africa) (Fig. 2c).  491 

When comparing the changes in forest-savanna transition risk areas relative to their immediate lower 492 

warming scenarios, we find considerable increases for South America. The highest relative growth of 493 

approximately 5.75 times is observed between SSP1 and SSP2, with the forest area under risk increasing from 494 

0.04 × 106 km2 to 0.23 × 106 km2, respectively. It increases by 3.48 times from SSP2 to SSP3 (0.23 × 106 km2 to 495 

0.80 × 106 km2), and by 1.65 times from SSP3 to SSP5 (0.80 × 106 km2 to 1.32 × 106 km2). For Africa, however, 496 

the increases are more modest: the risk grows by 1.29 times from SSP1 to SSP2 (0.17 × 106 km2 to 0.22 × 106 497 
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km2), by 1.63 times from SSP2 to SSP3 (0.22 × 106 km2 to 0.36 × 106 km2), and is observed to decrease by 0.72 498 

times from SSP3 to SSP5 (0.36 × 106 km2 to 0.26 × 106 km2). 499 

By evaluating changes to their hydroclimate, we find that under warmer climates, forest-savanna 500 

transition regions in both continents are projected to experience a decrease in precipitation. Furthermore, we 501 

observe an increase in precipitation seasonality for South America, whereas Africa shows a decrease 502 

(Supplementary Fig. S12). Here, an increase in precipitation seasonality (seasonal variability in precipitation 503 

over the year) creates stresswater-limited conditions for the ecosystem. In contrast, a decrease in seasonality 504 

and precipitation in Africa corresponds to a lower moisture availability altogether. Nevertheless, for both these 505 

continents, this transition seems to occur for the previously highly water-stressedwater-limited forests under 506 

the current climate, followed by moderately, with the least contribution from lowly water-stressedwater-507 

limited forests (Fig. 3). This highlights the looming risk on highly water-stressedwater-limited forests to 508 

experience a forest-savanna transition under warmer climates.  509 

Forests that transition to a ‘more’ water-stressedwater-limited state in South America are spatially 510 

aggregated towards the border between Brazil, Colombia, and Peru – covering a considerable portion of the 511 

Central Amazon (Fig. 3). Whereas for Africa, these forests exist in moderate to small patches towards the 512 

northern and southern extent of central Congo rainforests. We observe that these transitions account for most 513 

of the projected changes to forests’ states across both continents (Fig. 2d,e), with the transition to just the 514 

‘highly water-stressedwater-limited forest’ accounting for more than three-fourths of all such transitions (Fig. 515 

3). We observe that South American forests gradually become increasingly water-stressedwater-limited under 516 

warmer climates, with maximum and minimum projected transition of 1.89 × 106 km2 (23.4%) and 1.61 × 106 517 

km2 (19.9%) observed under the highest and lowest emission scenarios, respectively (Fig. 2d,e). Whereas for 518 

Africa, the change in the water-stressedwater-limited state of the forests under different SSP scenarios remains 519 

almost similar (i.e., median 1.14 (±0.06) × 106 km2; 19.6-22.2%). Analysis of their hydroclimatic changes reveals 520 

that water-stress limitation is induced by both a decrease in precipitation and an increase in seasonality in South 521 

America (Supplementary Fig. S13). In contrast, water-stress limitation in Africa is driven solely by an increase in 522 

seasonality. We observe that these newly water-stressedwater-limited forests seem to have permeated to 523 

regions that were previously (under the current climate) dominated by lowly and moderately water-524 

stressedwater-limited forests (Fig. 3). Here, this shift only signifies the changes to hydroclimatic conditions 525 

allowing forests to transition to a more water-stressedwater-limited state, rather than the changes to the 526 

floristic composition of terrestrial species from one location to another. Although such a shift under changing 527 

climate is not unlikely (Esquivel-Muelbert et al., 2019), they are not analysed in this study.  528 

Forests that revert to a ‘less’ water-stressedwater-limited state in South America are primarily observed 529 

in the south-eastern Amazon, with small patches observed towards eastern Brazil and the western coast of 530 

Equatorial Guinea and Gabon (Fig. 3). For Africa, the reverted forests exist in patches in the northern and 531 
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southern regions of the Congo rainforest. Furthermore, for South America, we observe a gradual decrease in 532 

these reversions with an increase in warming. Here, we observe the lowest reversion of 0.23 × 106 km2 (2.8%) 533 

under the highest emission scenario and the highest reversion of 0.67 × 106 km2 (8.4%) under the lowest 534 

emission scenario (Fig. 2f,g). For Africa, these trends remain almost similar under all SSPs (i.e., median 0.18 535 

(±0.05) × 106 km2; 2.2-3.5%). Comparing these transitions with their hydroclimatic changes reveals an overall 536 

increase in precipitation (Supplementary Fig. S14). Interestingly, we observe a much higher precipitation 537 

increase for South America under high-emission scenarios than those in lower-emission scenarios. However, 538 

we find that precipitation seasonality is also higher for these ecosystems under warmer climates (Fig. S14). This 539 

suggests that increased precipitation without changes to precipitation seasonality helps decrease the water-540 

stress limitation of the ecosystem, compared to the ecosystems that experienced a simultaneous increase in 541 

both.  542 

Our sensitivity analysis, detailed in Appendix B1, reveals a consistent pattern of forest transitions across 543 

various scenarios. 544 

 545 

 546 

 547 

 548 

 549 

 550 
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 551 
Figure 2: Comparing the potential transitions under different SSP scenarios. (a) The state of the ecosystem, 552 
both above- and below-ground, (post-transition) under future climate, quantifying (b,c) forest-savanna 553 
transition, (d,e) forests’ that transition to a more water-stressedwater-limited state and (f,g) revert to a less 554 
water-stressedwater-limited state for South America and Africa (present forest area mentioned on the top of 555 
(b,c)), respectively. For the analysis above, transitions are calculated for grid cells with model agreement >20% 556 
(plain bar plot) and >50% (hatched bar plot). These quantifications show changes in the forest area based on 557 
ecosystem transitions under empirical-current (2001-2012) and future (2086-2100) climate conditions. For all 558 
these transitions, we assume that the hydroclimate and vegetation are in equilibrium. Analyses comparing 559 
ecosystem transitions based on CMIP6-historical (2000-2014) and future (2086-2100) climate conditions are 560 
shown in Supplementary Figs. S10 and S11. For each transition, the total area of spatial overlap with other 561 
transitions under the same SSP scenario and model agreement is highlighted with thick black bars. The P and E 562 
arrows in (a) describe the relative magnitude of precipitation and evaporation fluxes. The illustration in (a) is 563 
adapted from Singh et al. (2020) and created with BioRender.com.  564 

 565 
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 566 

Figure 3: Spatial extent of potential transitions with respect to their current state under different SSP 567 
scenarios. We analysed transitions, explicitly focusing on forest-savanna transition, transition to a more water-568 
stressedwater-limited state, and reversion to a less water-stressedwater-limited state, by comparing different 569 
ecosystem classes under current (empirical; 2001-2012) and future (SSPs; 2086-2100) climate conditions (as 570 
defined in Fig. 2). All transitions shown above are analysed for moderate-high (>50%) model agreement, except 571 
forest-savanna transition, for which moderate (>20%) model agreement is considered. Values overlaying the 572 
legends correspond to the total area of transition for South America (top values) and Africa (bottom values). 573 

 574 

4 Discussion 575 

4.1 Asynchronous resilience risks under future climate change 576 

Our analysis reveals the spatial extent of potential ecosystem transitions in South America and Africa and their 577 

vulnerability to future climate change (Fig. 2 and 4). For South America, we find a clear indication of a decrease 578 

in forest resilience (i.e., an increase in water-stressedwater-limited forests) and an increase in forest-savanna 579 

transition risk under warmer climates (Fig. 2b,d,f). In contrast, these trends are not symmetric for Africa, where 580 
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transition risk shows only slight variation across the different SSPs (Fig. 2c,e,g). Similar to the results of this 581 

study, previous studies on rainforest tipping have also suggested that exceeding 1.5-2°C will considerably 582 

increase the tipping risk (Flores et al., 2024; Jones et al., 2009; Parry et al., 2022), with the Guyana Shield in the 583 

Amazon being the most susceptible under future climate change (Cox et al., 2004; Staal et al., 2020) (Fig. 3 and 584 

Supplementary Table S3). Previous studies also agree that, in contrast to the Amazon, the projected risk to 585 

Congo rainforests is not substantial (Higgins and Scheiter, 2012; Staal et al., 2020) (Fig. 2). Despite it being 586 

unclear to what extent the ESMs represent the correct carbon-water dynamics (Koch et al., 2021), our results 587 

show a further divergence between Amazon's and Congo's responses to different SSPs (Fig. 2 and 588 

Supplementary Figs. S12-S14). This could either be caused simply by a different response to changes in 589 

precipitation patterns over the respective regions (Kooperman et al., 2018; Li et al., 2022) or a different 590 

response to increased CO2 levels in the atmosphere (Brienen et al., 2015; Hubau et al., 2020; Trumbore et al., 591 

2015). 592 

 Previous empirical studies have linked these divergent responses to evolutionary and biogeographical 593 

differences between the ecosystems, which resulted in distinct species pools that uniquely influence each 594 

ecosystem's adaptability and response to climate change (Fleischer et al., 2019; Hahm et al., 2019; Hubau et 595 

al., 2020; Slik et al., 2018). These studies found that forest ecosystems in the Amazon are tend to be more 596 

dynamic ‒ grow faster due to high CO2 levels in the atmosphere ‒ than those in the Congo rainforests. However, 597 

these fast-growing trees also die young due to them investing substantially less in their adaptive strategies 598 

against perturbations than (less dynamic) old-growth forests (Brienen et al., 2015; Körner, 2017; Rammig, 599 

2020). This makes the Amazon rainforest especially sensitive to CO2 emissions pathways, as For these 600 

ecosystems, the positive influence of CO2 fertilisation-induced growth is counteracted by the negative impact 601 

of warming and droughts, thereby making the Amazon rainforest especially sensitive to CO2 emissions 602 

pathways, which can exacerbating the risk ofe forest mortality under high emission scenarios (Brienen et al., 603 

2015; Hubau et al., 2020; Yang et al., 2018). In this case, the projected changes to the future hydroclimate could 604 

be an artefact of decreased transpiration and precipitation due to forest mortality, rendering the rainforests 605 

vulnerable to tipping. be due to evolutionary biogeographical differences in the ecosystems leading to divergent 606 

species pools and resulting differences in ecosystems’ functional attributes (Hubau et al., 2020; Singh et al., 607 

2020; Slik et al., 2018), and nutrient limitation (Fleischer et al., 2019).In contrast, terrestrial species in Congo 608 

rainforests appear more resilient, having adapted to severe droughts during glacial periods, which makes them 609 

better equipped to handle episodic water-induced perturbations than Amazon (Cole et al., 2014). In this case, 610 

the projected changes to the future hydroclimate could be an artefact of forest mortality decreasing 611 

transpiration and precipitation over the rainforest. be due to evolutionary biogeographical differences in the 612 

ecosystems leading to divergent species pools and resulting differences in ecosystems’ functional attributes 613 

(Hubau et al., 2020; Singh et al., 2020; Slik et al., 2018), and nutrient limitation (Fleischer et al., 2019). 614 
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This, combined with accelerated warming and frequent droughts faced by Amazon in recent decades, 615 

has made them more vulnerable to climate change than the Congo rainforests (Yang et al., 2018). For these 616 

ecosystems, the positive influence of CO2 fertilisation-induced growth is counteracted by the negative impact 617 

of warming and droughts − thereby making the Amazon rainforest especially sensitive to CO2 emissions 618 

pathways, which can exacerbate forest mortality under high emission scenarios (Brienen et al., 2015; Hubau et 619 

al., 2020). In this case, the projected changes to the future hydroclimate could be an artefact of forest mortality 620 

decreasing transpiration and precipitation over the rainforest. Previous studies also hint that these 621 

asynchronous resilience risks in the rainforest could be due to evolutionary biogeographical differences in the 622 

ecosystems leading to divergent species pools and resulting differences in ecosystems’ functional attributes 623 

(Hubau et al., 2020; Singh et al., 2020; Slik et al., 2018), and nutrient limitation (Fleischer et al., 2019). According 624 

to them, the terrestrial species in Congo rainforests have already experienced severe droughts in the glacial 625 

periods, which makes them more adaptive to episodic water-induced perturbations than Amazon (Cole et al., 626 

2014). Nevertheless, with compounding influence from land-use and climate-induced hydroclimatic changes 627 

(Davidson et al., 2012), these rainforests risk tipping to a savanna state. Our results highlight that by keeping 628 

the mean global surface temperature below 1.5-2⁰C warming (which in this case is equivalent to SSP1-2.6 629 

relative to the pre-industrial), we minimise forest-savanna transition risk and maximise recovery – thereby 630 

improving the resilience of rainforest ecosystems (Fig. 2, 3 and 4). 631 

 632 

4.2 Inferring adaptations from root zone storage capacity 633 

We analyse Sr to relate changes in precipitation, precipitation seasonality and atmospheric water demand (Figs. 634 

1-2 and Supplementary Figs. 12-14) with the ecosystem’s dynamic subsoil adaptation (Singh et al., 2020). Here, 635 

the observed transitions are the aftermath of the ecosystem’s minimising and (as observed in most cases) 636 

maximising their subsoil storage capacity to offset water-deficit and efficiently utilise available subsoil moisture 637 

under future climate change (Fig. 2a). Since plants prefer moisture uptake from the shortest pathway with the 638 

least resistance, a decrease in water deficit – increase in precipitation, decrease in seasonality and atmospheric 639 

water demand – will enhance the availability of moisture at shallow depths and motivate vegetation to utilise 640 

shallow roots for moisture uptake (Bruno et al., 2006). This allows the forests to reduce their total subsoil 641 

storage capacity while transitioning towards a less water-stressed state (Singh et al., 2020; Bruno et al., 2006). 642 

However, an increase in water deficit forces forest ecosystems to invest in their subsoil structure and 643 

adapt strategies to store surplus moisture from wet seasons to ensure their survival during dry seasons, 644 

meaning that ecosystems transition to a more water-stressed state (Singh et al., 2020). Furthermore, higher 645 

investment in deeper and extensive lateral roots exposes plants to embolism-related hydraulic failures (Liu et 646 

al., 2022), thus increasing forest mortality risk under droughts (Aleixo et al., 2019; Anderegg et al., 2016; 647 

Bittencourt et al., 2020). This, along with other biotic and abiotic factors, including the maximum rooting extent 648 
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of individual tree species (Canadell et al., 1996; Jackson et al., 1996), geological factors limiting roots to utilise 649 

deeper subsoil water and nutrient resources (Schenk and Jackson, 2002), and anaerobic conditions influencing 650 

microbial population at deeper depth (Dittert et al., 2006), among others (Alvarez-Uria and Körner, 2007; 651 

Brunner et al., 2015); caps the maximum adaptive capacity of the ecosystems to invest(Singh et al., 2020) and 652 

may influence diverse adaptive behaviour between ecosystems (Bonal et al., 2016). Under further episodic 653 

changes in soil moisture availability, i.e., beyond their maximum adaptive capacity, ecosystems survive by 654 

adapting to a new regime with relatively low moisture demand and more drought tolerance (Sankaran, 2019), 655 

which in this case is similar to a savanna ecosystem (Singh et al., 2020, 2022a).  656 

 657 

4.34.2 Changes in atmospheric moisture flow drives forest-savanna transitions 658 

Among all transitions, the most noticeable and catastrophic (since it is difficult to revert) is the forest-savanna 659 

transition projected in the Amazon’s Guiana Shield of South America, and over the southern and south-eastern 660 

parts of Africa (Fig. 3 and 4). These transitions are associated with the shifting of the inter-tropical convergence 661 

zone (ITCZ) (Mamalakis et al., 2021), which decreases precipitation and increases precipitation seasonality over 662 

the continents. For South America, the creation of these low-pressure bands allows the trade winds to bring in 663 

considerable moisture from the equatorial Atlantic Ocean over to Amazon by passing through the Guiana Shield 664 

and ultimately carrying it across the La Plata Basin via the South American low-level jet (Bovolo et al., 2018; van 665 

der Ent et al., 2010; Zemp et al., 2014). Similarly, for Africa, where south-eastern trade winds bring moisture 666 

from the Indian Ocean over the centre of the African continent (Mamalakis et al., 2021).  667 

Under a warmer climate, sea surface temperature over the equatorial Atlantic and the northern Indian 668 

Ocean is projected to increase (Pascale et al., 2019; Zilli et al., 2019), leading to a southward shift in ITCZ over 669 

the eastern Pacific and Atlantic Oceans, and northward over east Africa and the Indian Ocean (Mamalakis et al., 670 

2021; Xie et al., 2010). Previous studies also acknowledge that the intense surface warming over the Sahara 671 

under future climate can also attract ITCZ northwards in Africa (Cook and Vizy, 2012; Dunning et al., 2018; 672 

Mamalakis et al., 2021). Since these shifts in ITCZ can potentially both counteract mitigate and aggravate 673 

(especially critical for highly water-stressedwater-limited forests) the impact of (accumulated) water-deficit on 674 

the forest ecosystem, including those impacted caused by localised deforestation (Leite-Filho et al., 2021; 675 

Schumacher et al., 2022; Staal et al., 2018; Wunderling et al., 2022). (Leite-Filho et al., 2021; Schumacher et al., 676 

2022; Staal et al., 2018; Wunderling et al., 2022); It it warrants the need to include changes in atmospheric 677 

circulation for studies analysing the impact of future climate on the resilience of natural and human-678 

influencedforest ecosystems (Staal et al., 2020; Zemp et al., 2017). 679 

 680 
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 681 
Figure 4: Minimal and maximal extent of potential ecosystem transitions under future climate change in the 682 
entire study region over South America and Africa. The three transition types are: forest-savanna transition, 683 
from any class to highly water-stressedwater-limited forests, and to a less water-stress limited state (see 684 
definitions in Fig. 2 and 3). For better visualisation of these transitions, in this figure, we first converted all grid 685 
cells to shape, merged them, and then smoothed them using the ‘polynomial approximation with exponential 686 
kernel’ function (with a tolerance value of 1) in ArcGIS pro. The unsmoothed version of the transitions is shown 687 
in Fig. 3. The minimal and maximal represent the minimum and maximum possible extent of transitions (as 688 
quantified in Fig. 3) based on changes between current (empirical; 2001-2012) and future (SSPs; 2086-2100) 689 
climate conditions regardless of the SSP scenarios.  690 

 691 

4.44.3 Comparing Discrepancy between prescribed future land-use with and projected transitions 692 

Besides different radiative forcing, theThe CMIP6-ESMs also use prescribed land-use information in CMIP6-693 

ESMs is not biophysically simulated, but prescribed based on simulations from Integrated Assessment Models 694 

(IAMs) scenarios for each SSP scenario (Hurtt et al., 2020). (Hurtt et al., 2020). Therefore, it is interesting 695 

valuable to check examine whether these prescribed land-use scenarios agree or conflict with the changes 696 

projected (assuming equilibrium between hydroclimate and the ecosystem) from by our Sr-based ecosystem 697 

(classification and) transitions (Fig. 5 and Supplementary Fig. S15-18S17).  698 

The most noticeable discrepancies are observed in South America, Our analysis reveals that where the 699 

extent of forest-savanna transitions is often underestimated in prescribed land-use scenarios  compared to 700 

those projected in this study (i.e., prescribed land-use predicts forests in the region whose hydroclimate can’t 701 

support forestprescribed land use predicts less non-forested areas; Fig. 4 and 5a). Whereas Additionally, in 702 
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South America, our analysis highlights the potential of some forests reverting to a ‘less water-limited state’ in 703 

places where the prescribed land-use in the ESMs suggest non-forest landscape (Fig. 4 and 5c). forests that 704 

revert to a ‘less water-stressed state’ the is overestimated in our analysis (i.e., our analysis projects more 705 

forested areas; Fig. 5c). This These discrepanciesy arise is because the prescribed land-use categories in CMIP6-706 

ESMs are prescribed (simulated in Integrated Assessment Models (IAMs)) (Hurtt et al., 2020) and do not shift 707 

in response to hydroclimatic changes. It is important to note that wmacroeconomic processes drive land-use 708 

scenarios from IAMsthe end of the - Despite our approach assuming equilibrium and overlooking the temporal 709 

dynamics of transitions, based on broad climate change pattern (Sect 4.2), Despiteingsewe believe it more 710 

accurately represents the ecohydrological state of the ecosystems. 711 

However, these Also, the land-use scenarios used in the ESMs are assumed to evolve in time (as a 712 

function of macro-economic processes (Ma et al., 2020)), whereas our study does not account for the time 713 

required for transitions to unravel, and assumes an equilibrium between the 21st century hydroclimate (i.e., 714 

2086-2100) and the ecosystems. In ESMs, this prescribed land land-uses  that does not dynamically respond to 715 

hydroclimatic changes could can introduce errors in subsequent biophysical processes simulated in ESMs (Ma 716 

et al., 2020), affecting the accuracy of projected transitions. For example, prescribing a region as a forest to a 717 

(projected) that would be savanna grassland region in the future ESM (e.g., Fig. 5a) will lead to the extraction 718 

of deeper subsoil moisture in ESMs, which (actual) grasslands ecosystems do not have the capacity to access 719 

access (Ahlström et al., 2017; Yu et al., 2022), (Ahlström et al., 2017; Yu et al., 2022). This will result in an 720 

overestimation of the ecosystem's evaporation, potentially altering precipitation patterns downwind and 721 

leading to inaccurate water budget assessments for these ecosystems. Consequently, causing erroneous 722 

projections of the ecosystem state. and, therefore, will lead to overestimation of the ecosystem’s evaporation 723 

and associated precipitation downwind; therebyleading to an erroneous projection of the ecosystem state. 724 

These discrepancies underscore the urgent need for enhancements in the land surface components of ESMs, 725 

enabling dynamic simulations of vegetation-climate feedbacks. Such improvements would provide a more 726 

accurate representation of the ecohydrology of terrestrial ecosystems and their response to changing climate 727 

conditions. 728 

By analysing potential transitions based on hydroclimate-derived Sr, we highlighted the 729 

inconsistencies in prescribed land-use solely based on IAMs (Fig. 5).  730 

 731 
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 732 
Figure 5: Prescribed land-use composition for each transition region under different SSP scenarios (median 733 
2086-2100), calculated as the ratio between the prescribed land use area and the projected transition area. 734 
Regions where IAM prescribed land use are same as the projected transitions (from Fig. 3) are shown in plain 735 
colours (i.e., no discrepancy). Whereas regions where IAM-prescribed land use are differentdiffers from 736 
projected transitions are hatched (i.e., discrepancy).  737 

 738 

4.54.4 Limitations and sensitivity analyses 739 

This study assumesWe assume that the Sr-derived thresholds ─ used to classify terrestrial ecosystems under the 740 

current climate ─ conditions remain valid under future climate change. However, forests themselves are 741 
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dynamically adapting their structure and functions in response to climate change, altering their critical 742 

thresholds (Doughty et al., 2023). Thus, assuming a static critical thresholdin some cases, this  might may lead 743 

to an over- or under-estimation of inaccuracies in estimating forests' adaptability resilience to future climate 744 

change. For exampleinstance, under the CO2 fertilisation effect, forests may become more water-use efficient 745 

(i.e., less transpire lessation and therefore need for a lower Sr) (Xue et al., 2015), potentially , which will change 746 

the stability landscape in the future – implying adelaying their tipping under warming scenarios compared to n 747 

underestimation of forest resilience those projected in this study. Conversely, factors such as Whereas nutrient 748 

limitation (Condit et al., 2013) or extensive human influence (van Nes et al., 2016) in the ecosystems might lead 749 

to an earlier tipping than anticipated − an overestimation of forest resilience.  750 

However, the uncertainty surrounding the effect of CO2 fertilisation, nutrient limitation, and human 751 

influence on vegetation remain significant makes them a research frontiers for improvingenhancing our 752 

understanding of rainforest tipping projections under future climate change (Fleischer et al., 2019; Hofhansl et 753 

al., 2016). FurthermoreAdditionally, local scale factors, such as precipitation variability, species composition, 754 

soil properties and topography, might lead to a heterogeneous forest response (i.e., resilience) under, and 755 

topography can contribute to varied local-scale forest responses to future climate change (Staal et al., 2020). It 756 

should also be noted that though these uncertainties may hinder our understanding of local-scale forest 757 

resilience, the influence of future hydroclimatic changes on forests also still constitutes major prediction 758 

uncertainties. Therefore, in this study, regardless of how these influences are parametrised or simulated in each 759 

ESM, we assume that hydroclimatic estimates projected by the ESMs represent the actual climate.  760 

Of course, this assumption opens us (and other studies projecting forest conditions) in the future to 761 

future climate change to certain limitations. For example, oOur capacity ability to project forest-savanna 762 

transitions (or any transition) depends relies on the model’s capability capacity to simulate complex feedbacks. 763 

On the one hand, sSome models have a capture complex vegetation-atmosphere interaction, – simulating local 764 

and regional scale feedbacks across time (Ferreira et al., 2011; Jach et al., 2020);. On the other, others some 765 

models reply simulate these interactions based on simpler parametrisation (Nof, 2008) (e.g., parametrisation 766 

of . Furthermore, some models might have a stronger CO2 fertilisation; effect, whereas some weaker (Koch et 767 

al., 2021). However, caution should be taken to not overgeneralise the functioning of tropical forests just from 768 

the analysis presented in this study, and also realise the current potential of ESMs to simulate them (Staal et 769 

al., 2020). We believe that To address this, rather than using just one ESM, by we considering multiple 770 

simulations from multiple ESMs under multiple different SSP scenarios (Fig. 2, Supplementary Figs. 5-6, and 771 

Supplementary Figs. 10-11). This way, we highlight not only the rainforest tipping risks, , not only do we but 772 

highlight also the agreements and conflicts between potential transitions; but also  that will allow future studies 773 

to disentangle vegetation-climate feedbacks and improve the modelling ofed local-scale interactions (e.g., 774 
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parametrisation of rooting/soil depth, vegetation’s water-uptake profile, species response to CO2 fertilisation) 775 

in the ESMs.  776 

Moreover, since the projected transitions are sensitive to ecosystems' hydroclimatic changes and 777 

adaptive strategies, we perform sensitivity analyses on Sr (representing Sr-based adaptation) and forest-savanna 778 

transition thresholds to check the robustness of the projected transitions (Figs. 1-2 and Supplementary Figs. 18-779 

22). Fixing an extreme Sr threshold – signifying forest-savanna transition for ecosystems that cannot maintain 780 

their above-ground structure at high Sr – we observe some shifts close to the already projected risk regions and 781 

coastal regions (Fig. 3 and Supplementary Fig. 18). However, this transition risk in the coastal regions could be 782 

an artefact of interpolating hydroclimate estimates to higher resolution, and since oceans have more prevalent 783 

evaporation than land – it could lead to high Sr and, therefore, projection of tipping risk in coastal regions. We 784 

also discover that variations in the evaporation datasets and return periods utilized for calculating Sr have only 785 

a minimal effect on forest transitions (Supplementary Figs. 19-20). This is because, even though the forest 786 

classification thresholds may change due to different evaporation products under current climate (Singh et al., 787 

2020), our histogram equivalence method ensures that forest classification under future climate adjusts 788 

relatively, resulting in minor alterations to the final outcome (Fig. 1b and Supplementary Figs. 19-20). 789 

Furthermore, while Sr values increase with increase in return periods, the impact of these changes is more 790 

noticeable for shorter return periods and less substantial for longer return periods (Wang-Erlandsson et al., 791 

2016). Moreover, lowering the forest-savanna transition thresholds can lead to a reduction in forest-savanna 792 

transition risk due to an increase in precipitation range and seasonality for forest ecosystems (Supplementary 793 

Figs. 21-22). Despite these sensitivity analyses, the differences in transition magnitudes are minor, and the 794 

trends across different SSP scenarios for both continents remain similar (Fig. 2 and Supplementary Figs. 18-22). 795 

Therefore, the conclusions drawn from this study remain robust, even with variations in factors that could 796 

potentially affect forest transitions. 797 

 798 

5 Conclusions  799 

Classifying terrestrial ecosystems based on empirical and CMIP6 ESMs-derived Sr – the ecosystem's capacity to 800 

store surplus moisture and access moisture during dry periods – allowed us to assess the future transitions in 801 

the rainforest ecosystems. Our findings indicate that The climate under the lowest emission scenarios 802 

significantly minimises reduces the risk of rainforest tipping risks and maximises reversion to a less water-803 

stressedwater-limited states, whereas, while  climate under the opposite is achieved in the high emission 804 

scenarios have the opposite effect on the forest ecosystem. Specifically, In in the Amazon rainforest, the risk of 805 

forest-to-savanna transition risks increases non-linearlyconsiderably with each degree of incremental increase 806 
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in warming. Conversely, in the Congo, the variation in transition risk across different emission scenarios is 807 

relatively minorIn contrast, the risk increase between different emission scenarios is not significant for Congo.  808 

Notably, our analysis suggests We believe that the results from this study can be used to further assess 809 

the direct and cascading influence of ecosystem transitions under future climate change on other natural and 810 

human-influenced systems (e.g., the influence of rainforest tipping on downwind rainfall, agricultural 811 

production and global food supply chain). We find very limited tipping risk that is ‘unavoidable’ (i.e., regions 812 

prone to a forest-savanna transition in all scenarios), and whereas the vast majority of potential transition risks 813 

can still be avoided by steering towards a less severe climate scenario, thereby highlighting underscoring the 814 

critical window of opportunity. FurthermoreMoreover, regions projected to transition revert to a less water-815 

stressedwater-limited state can could potentially become more amenable to restoration and responsive to 816 

deforestation prevention effortseasier to restore and respond well to deforestation prevention measures. This 817 

study highlights the importance of restricting global temperature change below 1.5-2⁰C warming relative to the 818 

pre-industrial global surface temperatures levels to prevent potential forest transition tipping risks and provide 819 

the best conditions for effective ecosystem stewardship.  820 

 821 

 Appendix A: Methodology 822 

 A1. Root zone storage capacity calculation 823 

Our method to calculate Sr is adopted from (Singh et al., (2020). For estimating Sr, we first obtained the water 824 

deficit (Dt) at daily time step from the daily estimates of precipitation (Pt) and evaporation (Et) (Fig. A1) using:     825 

                                                                     
t t tD E P= −                     (A1) 826 

Here, t denotes the day count since the start of the simulation, with simulation for each grid starting in 827 

the month with maximum precipitation. Second, we calculated the accumulated water deficit integrated at 828 

each one-day timestep for one year using: 829 

                                                    ( 1) ( ) 1max{0, }a t a t tD D D+ += +          (A2) 830 

Where Da(t+1) is the accumulated water deficit at each time step (Fig. A1). Here, an increase in the 831 

accumulated water deficit will occur when Et > Pt, and a decrease when Et < Pt. However, since this algorithm 832 

estimates a running estimate of root zone storage reservoir size, we use a maximum function to calculate the 833 

accumulated water deficit, which by definition can never be below zero. Not allowing Da(t+1) to be negative also 834 

means that excess moisture from precipitation will either contribute to deep drainage or runoff. Lastly, the 835 
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maximum accumulated annual water deficit (Da,y) will represent the maximum storage required by the 836 

vegetation to respond to the critical dry periods (Fig. A1). 837 

                          , ( 1)max{ }    1: 1
a y a tD D t n+= = −      (A3) 838 

This simulation runs for a whole year, with n denoting the number of days in year y. 839 

Although different terrestrial ecosystems (e.g., forest, savanna and grasslands) adapt to different 840 

drought return periods (de Boer-Euser et al., 2016; Gao et al., 2014; Wang-Erlandsson et al., 2016). For instance, 841 

grasslands and savanna adapt to shorter drought return periods (i.e., <10 years and 10-20 years, respectively). 842 

In contrast, forests adapt to long drought return periods (>40 years) (Wang-Erlandsson et al., 2016). For this 843 

study, we use a uniform 20-year drought return period (following Bouaziz et al., 2020; Nijzink et al., 2016) to 844 

avoid any artificially introduced transitions between different ecosystems. Thus, this 20-year drought return 845 

period Sr refers to the maximum amount of root zone moisture accessible to vegetation for transpiration during 846 

the largest accumulated annual water deficit expected every twenty years under static climate conditions. This 847 

we analyse using on the Gumbel extreme value distribution (Gumbel, 1958) and apply it to normalise all ,a y
D

. 848 

The Gumbel distribution (𝐹(𝑥)) is given by: 849 

( )
( ) exp exp

x
F x





−
= − −

  
    

                                    (A4) 850 

Where μ and α are the location and scale parameters, respectively. We calculate this using the python 851 
package ‘skextremes’(skextremes Documentation): 852 

        
r , 1a y n

S D K 
−

= +                          (A5) 853 

Where K is the frequency factor given by: 854 

            
t n

n

y y
K

S

−
=                              (A6) 855 

And yt is the reduced variate given by: 856 

                      ln ln
1

t

T
y

T
= −

−

   
      

                           (A7) 857 

Where T is the drought return period (i.e., 20 years used in this study), ,a y
D

 is the mean annual 858 

accumulated deficit for the years 2001-2012, 1n


−  is the standard deviation of the sample. Also, ny  is the 859 

reduced mean and Sn is the reduced standard deviation, which for n = 11 years (since we are calculating Sr in a 860 

hydrological year – simulation starts mid-year – we therefore lose one year) is equal to 0.4996 and 0.9676, 861 

respectively (Gumbel, 1958).  862 
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Since the CMIP6 (-historical and -SSP estimates, the timeframe considered are 2000-2014 and 2086-863 

2100, respectively) doesn’t have daily estimates of evaporation and precipitation for all Earth System Models 864 

(ESMs), we directly use the monthly estimates of precipitation and evaporation to modify Eq. (A1) as: 865 

  Dt = Et(monthly) – Pt(monthly)     (A8) 866 

Here, t(monthly) denotes the month count since the start of the simulation. The rest of the steps (Eq. 867 

A2-A7) remain the same for CMIP6 datasets. For CMIP6 runs, ny  and Sn in Eq. (6) are calculated for n = 14 years 868 

(Eq. A7) equal to 0.5100 and 1.0095, respectively. The Sr estimates derived from daily and monthly empirical 869 

estimates (from Eq. A1 and A8) are compared in Fig. S8 to evaluate uncertainty. 870 

 871 

 872 

 873 

Figure A1: The figure illustrates the root zone storage capacity (Sr) of the ecosystem. (a) We show the difference 874 

between the ecosystem’s root zone and how that constitutes its Sr. (b) Conceptual illustration of how the 875 

ecosystem's precipitation and evaporation fluxes constitute the maximum accumulated annual water deficit 876 

(Da,y) and Sr. The figure is adopted from (Singh, (2023) and Wang-Erlandsson et al. (2016). 877 

 878 

A2. Abiotic and biotic factors influence soil moisture availability 879 

In this study, Sr quantifies the hydrological buffer necessary for an ecosystem to maintain its structure and 880 

functions, reflecting the amount of root zone soil moisture available to vegetation for transpiration. Our mass-881 

balance-based Sr methodology, while not directly distinguishing between the biotic and abiotic influences on 882 

soil moisture and root characteristics, does incorporate their critical role in shaping the ecohydrology of the 883 

ecosystem under climate change. By utilising empirical precipitation and evaporation data, our approach 884 
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theoretically captures the combined impact of these biotic and abiotic factors on the actual hydrological regime 885 

(including soil moisture) of the ecosystem (Sect. 2.3.2). 886 

We acknowledge that abiotic factors such as soil texture, structure, and depth profoundly affect soil 887 

water-holding capacity (Fayos, 1997). For instance, field studies suggest that clay and organic-rich soils exhibit 888 

superior water retention capabilities due to their fine textures and high surface areas, which is crucial to 889 

vegetation for moisture uptake during extended dry periods (Bronick and Lal, 2005; Fayos, 1997). Additionally, 890 

the depth and porosity of soil also dictate its ability to absorb and store water in the soil, with deeper, less 891 

compacted soils providing a higher buffer against drought by allowing greater water infiltration (Indoria et al., 892 

2020; Smith et al., 2001). Climate change, by altering temperature and precipitation patterns, can modify these 893 

abiotic soil properties, potentially leading to loss in soil water retention capacity through erosion and 894 

compaction (Dexter, 2004)(Dexter, 2004). 895 

Moreover, biotic factors, including plant-root dynamics and microbial activity, also play essential roles 896 

in shaping the ecosystem (Brunner et al., 2015; Sveen et al., 2024). Deep and extensive root systems not only 897 

directly improve access to deeper soil moisture, but also physically modify the soil to enhance its permeability 898 

and storage (Canadell et al., 1996; Jackson et al., 1996). Additionally, microbial processes contribute by breaking 899 

down organic matter, thereby improving the soil’s structural integrity and ability to retain water (Dittert et al., 900 

2006). These biotic interactions, coupled with changing abiotic factors under climate change, underscore the 901 

complex dynamics that govern soil moisture availability and ecosystem resilience. However, this study does not 902 

consider the direct impact of future climate change on biotic and abiotic factors, nor their influence on 903 

ecosystems, beyond changes to Sr. 904 
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 905 

Figure A2: (a) The figure compares the root zone storage capacity (Sr) with the ecosystem state (i.e., tree cover). 906 

This figure expands on the conceptual illustration from Fig. A1, showing how the ecosystem's precipitation and 907 

evaporation fluxes contribute to Sr under different forest transition scenarios: (b) forest-savanna transition, (c) 908 

transition to a more water-limited state, and (d) reversion to a less water-limited state. 909 

Formatted: Font: Not Bold

Formatted: Font: Italic

Formatted: Subscript



   
 

34 
 

A3. Using precipitation to discern savanna from forests under future climate change 910 

Under future climate change, some ecosystems will remain forest, while others may transition to 911 

savanna. In our Sr-based framework, without information about above-ground forest structure, it is difficult to 912 

discern whether an ecosystem is a forest or savanna just with Sr (for instance, an ecosystem with Sr of 200 mm 913 

can either be a moderately water-limited forest or savanna; Sect. 2.3.2). Differentiating these ecosystems is 914 

easier under the current climate, where we have several remote sensing products capturing vegetation 915 

structure (e.g., tree cover density, tree height, floristic patterns) (Aleman et al., 2020; Hirota et al., 2011; Xu et 916 

al., 2016). However, under future climate, we must find a proxy, since land-use information in ESMs are 917 

prescribed (i.e., not biophysically simulated) (Ma et al., 2020).  918 

To address this, previous studies have either relied on vegetation structure proxies provided by ESMs 919 

(e.g., net primary productivity) (Boulton et al., 2013; Jones et al., 2009), or assumed that terrestrial ecosystems 920 

are in equilibrium with their climate (Staal et al., 2020) (see Supplementary Information). In this study, we 921 

adopted the latter approach and utilised climate variables, specifically (bias-corrected) mean annual 922 

precipitation and the precipitation seasonality index, as proxies to make this distinction (Fig. S4). The climate 923 

conditions (or range) necessary for forest ecosystems to sustain themselves are determined by comparing 924 

empirical estimates of mean annual precipitation and precipitation seasonality index with Sr. These estimates 925 

are then bias-corrected (following the same methods described in Sect. 2.3.3) before applying them to future 926 

climate scenarios. This (revised) classification of terrestrial ecosystems is then used to assess forest transitions 927 

under future climate change scenarios. 928 

 929 

Appendix B: Results 930 

B1. Sensitivity analysis reveals robust performance of the framework 931 

Sensitivity analysis reveals that Moreover, since the projected transitions are sensitive to ecosystems' 932 

hydroclimatic changes and adaptive strategies, we perform sensitivity analyses on Sr (representing Sr-based 933 

adaptation) and forest-savanna transition thresholds to check the robustness of the projected transitions (Figs. 934 

1-2 and Supplementary Figs. 18-22). Fby settingixing an extreme Sr threshold – signifying a forest-savanna 935 

transition for ecosystems that cannot maintain their above-ground structure at high Sr – we observe some shifts 936 

near the already projected risk regions and coastal areasclose to the already projected risk regions and coastal 937 

regions (Fig. 3 and Supplementary Fig. S18). However, thise transition risk identified in the coastal regions 938 

couldmay be an artefact of interpolating hydroclimate estimates to higher resolution, Additionally, since 939 

evaporation is more prevalent over oceans than land, this could result in high Sr values, thereby projecting an 940 

elevated tipping risk in these coastal areas. and since oceans have more prevalent evaporation than land – it 941 

could lead to high Sr and, therefore, projection of tipping risk in coastal regions.  942 
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We also discover that variations in the evaporation datasets and return periods utilized used for 943 

calculating Sr have only a mminimal effect on forest transitions (Supplementary Figs. S19- and S20). Although 944 

the forest classification thresholds may shift with different evaporation products under current climate 945 

conditions This is because, even though the forest classification thresholds may change due to different 946 

evaporation products under current climate (Singh et al., 2020), our histogram equivalence method ensures 947 

that forest classifications under future climates adjusts relativelyaccordingly, resulting in only minor alterations 948 

to the final outcome (Fig. 1b and Supplementary Figs. S19-20). Furthermore, while Sr values tend to increase 949 

increase with increase with shorter in  return periods, the impact of these changes becomes less significant with 950 

longer return periods the impact of these changes is more noticeable for shorter return periods and less 951 

substantial for longer return periods (Wang-Erlandsson et al., 2016); leading to minor variations in the end 952 

results (Fig. S20).  953 

Moreover, lowering the forest-savanna transition thresholds can lead to a reduction inreduce the risk 954 

of forest-savanna transition risk due to ansince it expands the associated increase in range of climate conditions 955 

(i.e., mean annual precipitation range and seasonality) for necessary for forests ecosystems to sustain their 956 

structure and functions (Supplementary Figs. S21-22). Conversely, increasing the forest-savanna transition 957 

threshold leads to an opposite trend, where the risk of transition increases (Fig. S22). Despite these sensitivity 958 

analyses, the differencesvariation in transition magnitudes areis minor, and the trends across different SSP 959 

scenarios for both continents remain similarconsistent (Fig. 2 and Supplementary Figs. S18-S22). Therefore, the 960 

conclusions drawn from this study remain robust, even with variations in factors that could potentially affect 961 

forest transitions. 962 

  963 
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Data availability 964 

All the data generated during this study is made publicly available at Zenodo: 965 

https://zenodo.org/record/7706640. Other datasets that support the findings of this study are publicly 966 

available at: (CMIP6; citations referred to in Supplementary Table S2) https://aims2.llnl.gov/, (Root zone 967 

storage capacity; empirical) https://github.com/chandrakant6492/Drought-coping-strategy, (P-CHIRPS) 968 

https://data.chc.ucsb.edu/products/CHIRPS-2.0/, (E-BESS) ftp://147.46.64.183/, (E-FLUXCOM) ftp.bgc-969 

jena.mpg.de, (E-PML) https://data.csiro.au/collections/#collection/CIcsiro:17375v2, (E-ERA5) 970 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels, (Globcover) 971 

http://due.esrin.esa.int/page_globcover.phphttp://due.esrin.esa.int.ezp.sub.su.se/page_globcover.php. 972 

Potential transitions for each ESM based on the comparison between empirical (2001-2012) and SSP (2086-973 

2100) scenarios are presented in Supplementary DataInformation.  974 

Code availability 975 

The python-language scripts used for the analyses presented in this study are available from GitHub: 976 

https://github.com/chandrakant6492/Future-forest-transitions-CMIP6. The python-language code for 977 

calculating (empirical) root zone storage capacity is available from GitHub: 978 

https://github.com/chandrakant6492/Drought-coping-strategy.  979 
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