
This is a non-peer reviewed preprint submitted to EarthArXiv. 

 1 

Regionally divergent drivers behind 1 

transgressions of the freshwater change 2 

planetary boundary 3 

Vili Virkki1,*, Lauren Seaby Andersen2, Sofie te Wierik2, Dieter Gerten2,3,4, 4 

Miina Porkka1 5 

1 Department of Environmental and Biological Sciences, University of Eastern Finland, Joensuu, 6 
Finland 7 

2 Potsdam Institute for Climate Impact Research, Member of the Leibniz Association, Potsdam, 8 
Germany 9 

3 Geography Department, Humboldt-Universität zu Berlin, Berlin, Germany 10 
4 Integrative Research Institute on Transformations of Human-Environment Systems, Humboldt-11 

Universität zu Berlin, Berlin, Germany 12 
 13 
* Corresponding author. E-mail: vili.virkki@uef.fi 14 

Abstract 15 

Human-driven freshwater change contributes to elevated Earth system risks. Here, we advance the 16 

understanding of drivers behind the transgression of the planetary boundary for freshwater change (PB-17 

FW), based on historical (1901–2019) streamflow (blue water) and soil moisture (green water) 18 

simulations from a large ensemble of global hydrological models. Since the former estimate ending in 19 

2005, PB-FW transgression has increased across its blue and green water components. Decomposition 20 

of climate-related forcing and direct human forcing (encompassing land and water use changes) shows 21 

that climate has increasingly become the dominant global influence on dry and wet streamflow and soil 22 

moisture deviations from preindustrial-like conditions. Moreover, direct human forcings intensify 23 

particularly dry deviations in regions with compounding pressures on ecosystems. Our approach 24 

characterises the main drivers of blue and green water changes in regional hotspots, improving the 25 

utility of the PB-FW for guiding mitigation and adaptation strategies in response to freshwater change.  26 
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Main 27 

Freshwater plays an integral role in the functioning of the Earth system1. Human activities, however, 28 

continue to modify the freshwater cycle, by direct water withdrawals and flow regulation, and through 29 

anthropogenic climate and land cover change, for instance2–5, contributing to risks of Earth system 30 

disruptions. As freshwater is deeply connected to ecological processes, anomalous hydrological 31 

conditions – including increased frequency and magnitude of drying or wetting across water cycle 32 

elements – can destabilise ecosystems where freshwater availability governs their resilience6–8. 33 

Moreover, freshwater change modifies climatic processes by, for instance, altering land-atmosphere 34 

carbon exchange9,10 and moisture recycling11,12, often in a teleconnected manner that propagates impacts 35 

beyond their origin and across scales13,14. Although thresholds for adverse impacts of freshwater change 36 

can be case-specific and uncertain15, deviations from historically stable hydrological conditions are 37 

likely associated with increasing risks of both abrupt and gradual ecological and climatic impacts16,17. 38 

The planetary boundaries (PBs) framework aims for understanding and assessing multiple 39 

anthropogenic perturbations to the Earth system and their risks to vitally important Earth system 40 

processes18. The recently updated PB for freshwater change (PB-FW) builds on the premise that 41 

increasingly frequent anomalous hydrological conditions serve as indicators of broader stress on 42 

freshwater’s Earth system functions16,17. The PB-FW is shown to be notably transgressed, which marks 43 

an elevated level of Earth system risks due to freshwater change18. Unlike earlier approaches based on 44 

global human water consumption, calculated top-down based on global consumption19 or bottom-up 45 

based on regional appropriation of rivers’ environmental flow requirements20,21, the new PB-FW 46 

integrates the evolution of both blue water (streamflow) and green water (soil moisture) changes in a 47 

consistent assessment scheme. It allows for spatial disaggregation of the PB-FW, offering a globally 48 

coherent evaluation considering regional patterns of change. The PB-FW thus provides a valuable 49 

conceptual foundation for understanding human-driven freshwater change. 50 

The recent PB-FW analysis16 identified broad change patterns across global, regional and local scales 51 

but did not quantitatively explore historical drivers of the PB-FW transgression trajectory. Moreover, 52 

the last two decades of global hydrological change were not represented in the analysis with data 53 

spanning only until 2005. It is important to consider those gaps because drivers and impacts of 54 

freshwater change vary widely across space and time5,22–26, and recent decades have shown intense 55 

change in the freshwater cycle2,27–29. Addressing these gaps using the newly proposed PB-FW 56 

methodology is essential to link the PB-FW metrics to regional drivers of freshwater change, which 57 

ultimately cause the hydrologic anomalies that underlie the globally aggregated PB-FW transgression. 58 

Having this knowledge, the PB-FW and the PBs framework can better be utilised for mitigating or 59 

adapting to Earth system risks related to freshwater change30–32. 60 
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In this study, we isolate major historical drivers of the global PB-FW transgression trajectory and 61 

analyse their regional decomposition. First, we reassess the currently available state-of-the-art PB-FW 62 

analysis and extend it to the year 2019, adding 15 years to the previous estimate16, using a large 63 

ensemble of updated hydrological model simulations. We then decompose the historical contributions 64 

of direct human forcing (DHF; including water use and land cover change, for instance) and climate-65 

related forcing (CRF) to PB-FW metrics at global and regional scales, which advances from previous 66 

analysis. Our approach provides an attribution of drivers of the hydrological change underlying the PB-67 

FW and identifies regions that contribute to freshwater-related risks in the Earth system given their 68 

historical dependencies and impacts on blue and green water resources. 69 

Reassessing the planetary boundary for freshwater change 70 

The methodological framework of this study remains consistent with the newest PB-FW definition16. 71 

We first established local variability bounds for both streamflow and soil moisture at the grid cell scale 72 

(between local 5th–95th percentiles) under a baseline scenario that is largely undisturbed by human 73 

actions (Methods). Subsequently, we determined local deviations – i.e. events of anomalously dry and 74 

wet streamflow or soil moisture conditions falling outside of the 5th–95th percentile range – and 75 

estimated the occurrence of these deviations by aggregating them to the percentage of global or regional 76 

land area with local deviations (Methods). Variability in the occurrence of local deviations under the 77 

baseline scenario was finally used to set two reference boundaries at the global scale and within each 78 

region: one at the median of baseline variability and one at the upper end (95th percentile) of baseline 79 

variability (Methods). At the global scale, the upper end reference boundary corresponds to the PB-80 

FW16. 81 

We employed an updated, maximally large ensemble of state-of-the-art global hydrological models 82 

(GHMs) from the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) simulation round 83 

3a33,34. The data cover years 1901–2019 and are simulated using reanalysis-based climate-related 84 

forcing (CRF) together with dynamic direct human forcing (DHF). To establish the baseline conditions, 85 

we used counterfactual simulations that assumed fixed DHF at 1901 levels and, respectively, CRF 86 

derived from detrended historical climate reanalysis data (Methods). We attributed hydrological 87 

changes to CRF and DHF by a scenario comparison, which is a generic attribution approach that has 88 

commonly been used in global water cycle change research2,25. In this approach, the historical scenario, 89 

as well as hypothetical CRF only and DHF only scenarios, were compared to the counterfactual baseline 90 

scenario; differences to the baseline scenario were defined as scenario contributions (Methods). 91 

Historical CRF and DHF contributions on PB-FW 92 

The degree of PB-FW transgression has increased for both streamflow and soil moisture during the past 93 

two decades (Fig. 1). Local deviations during the last decade of our analysis (mean of 2010–2019) 94 
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affected 22.6% of the global ice-free land area for streamflow (~29.4 million km2) and 22.0% for soil 95 

moisture (~28.6 million km2). These figures are 75% and 77% higher than the upper end of baseline 96 

variability that represents the PB-FW, which is 12.9% and 12.4% for streamflow and soil moisture, 97 

respectively (Fig. 1). This reassessment suggests that the previous PB-FW status estimate16 may have 98 

been conservative; at the endpoint of the previous estimate in 2005, our new estimate is 2–3 percentage 99 

points (pp) higher compared to the previous estimate (18.2% & 15.8%; Fig. 1). Relative to the PB at 100 

the upper end of baseline variability, however, these differences appear not equally large because the 101 

reassessment places the PB-FW at 12.4–12.9% (Fig. 1), whereas the previous estimate placed it around 102 

10–11%16. 103 

Based on the reassessment, PB-FW was persistently transgressed at around the 1940s (Fig. 1), after 104 

which the freshwater cycle has increasingly deviated from the baseline conditions with little sign of 105 

stabilisation. On average, during 1990–2019, the global land area affected by local streamflow and soil 106 

moisture deviations has increased with a rate of 0.18 pp/year and 0.22 pp/year, respectively (Methods). 107 

These rates indicate increasingly severe PB-FW transgression and elevated freshwater-related risks in 108 

the Earth system. 109 

 110 
Figure 1. Global occurrence of local deviations. The global occurrence of local deviations is measured by the percentage 111 
share of global ice-free land area with dry and wet local deviations, for streamflow (a) and soil moisture (b). Shown is the 112 
ensemble median of annual percentage, which is computed as an average of monthly percentages (Methods). The occurrence 113 
of local deviations in 2019 (mean of 2010–2019) marks the current status of the planetary boundary for freshwater change 114 
(PB-FW). The baseline and historical scenario ensemble median and ensemble interquartile range are computed from n = 12 115 
(streamflow) and n = 4 (soil moisture) ensemble members (Methods). Benchmark values until year 2005 are taken from the 116 
previous PB-FW status estimate16. 117 
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Dry deviations are more widespread compared to wet deviations for both streamflow and soil moisture 118 

(Fig. 2c–f). However, local deviation occurrence in all four subcomponents of the PB-FW (i.e. dry and 119 

wet deviations, streamflow and soil moisture) show more than a doubling compared to the median of 120 

baseline variability that depicts a typical deviation occurrence value under baseline conditions (Fig. 2c–121 

f). Between 1990–2019, the occurrence of dry streamflow and soil moisture deviations increased at the 122 

fastest rates (0.13 pp/yr; 0.21 pp/yr, respectively) (Fig. 2c, e), while wet streamflow and soil moisture 123 

deviations increased at more gradual rates (0.078 pp/yr; 0.064 pp/yr, respectively) (Fig. 2d, f). 124 

Additionally, the increasing trajectories in dry deviation occurrence (Fig. 2c, e) appear slightly less 125 

smooth compared to wet deviation occurrences (Fig. 2d, f), which may suggest larger interannual 126 

variance in dry deviations. 127 

Differences in the analysed hydrological model ensembles (Methods) are apparent in how our estimates 128 

differ from the previously reported global PB-FW status16 since the mid-20th century. Local deviations 129 

are now found to occupy larger areas; for year 2005, local deviation occurrence in all four 130 

subcomponents places at around 10% (Fig. 2c–f), which generally signifies increases from previously 131 

reported dry and wet streamflow and soil moisture deviation occurrences between 6–10%16. These 132 

differences stem from the updated selection of hydrological models and particularly climate forcings 133 

(Methods), which show increased wet streamflow deviations when comparing against the previous PB-134 

FW estimate (Supplementary Fig. 1) and notable variation between each other (Supplementary Fig. 1–135 

4). Moreover, although the baseline scenario uses detrended climate forcing based on reanalysis data 136 

(Methods), slight residual trends downwards are visible in the baseline scenario, especially for 137 

streamflow deviations (Fig. 1–2). While these differences serve as an important reminder of the 138 

dependency of PB-FW assessments on model ensemble selection, the broad trend of increasing PB-FW 139 

transgression across its subcomponents is clearly distinguishable and robust. 140 
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 141 
Figure 2. Global occurrence of dry and wet local deviations under different climate-related forcing and direct human 142 
forcing scenarios. The global occurrence of local deviations is measured by the percentage share of global ice-free land area 143 
with local deviations, for dry and wet streamflow deviations (a), dry and wet soil moisture deviations (b), dry streamflow 144 
deviations (c), wet streamflow deviations (d), dry soil moisture deviations (e), and wet soil moisture deviations (f). The baseline 145 
and historical scenarios in panels a and b correspond to Fig. 1a and Fig. 1b, respectively. Shown is the ensemble median of 146 
annual percentage, which is computed as an average of monthly percentages (Methods). Time series of the occurrence of local 147 
deviations and limits of the ensemble interquartile range (IQR) are smoothed with a 10-year moving (trailing) mean over the 148 
ensemble median and ensemble IQR limits, respectively. 149 

At the global scale, CRF is the primary driver of PB-FW transgression (Fig. 2a–b), though its degree of 150 

dominance varies over time as well as across dry and wet streamflow and soil moisture deviations (Fig. 151 

2c–f). CRF is almost fully responsible for increases in wet streamflow and soil moisture deviations (Fig. 152 

2d, f), while dry deviations reflect a more mixed influence from both CRF and DHF (Fig. 2c, e). 153 

Globally, the influence of DHF is to amplify dry deviations; without DHF, dry deviation occurrence 154 

would be like wet deviation occurrence, but with both CRF and DHF included, dry deviation occurrence 155 
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is higher compared to wet deviation occurrence (Fig. 2c, e). The divergence between CRF only and 156 

DHF only scenarios begins to notably widen around the 1970s for all other components except for dry 157 

streamflow deviations, which shows how the impact of climate change has become more pronounced 158 

in the freshwater cycle during the late 20th and early 21st century (Fig. 2d–f). 159 

Regional occurrence of local deviations 160 

In addition to global PB-FW patterns (Fig. 1–2), it is essential to identify and distinguish the regional 161 

drivers of the underlying changes, since each distinct region of the world follows its unique trajectory 162 

of streamflow and soil moisture deviations. We used the HydroBASINS level 4 catchment delineation35 163 

to assess these trajectories and to disaggregate the global PB-FW transgression into regional 164 

components (Methods). This regional analysis mirrors the global method: we established local bounds 165 

under baseline conditions, estimated the regional occurrence of local deviations for the four different 166 

scenarios and finally set region-specific (PB-like) reference boundaries at the median and upper end of 167 

baseline variability (Fig. 3a, Methods). To allow comparison between regions with different levels of 168 

natural variation in local deviations, we normalised the regional occurrence of local deviations relative 169 

to these two reference boundaries (Fig. 3a, Methods). 170 

 171 
Figure 3. Normalising regional deviation occurrence and determining scenario contributions. To compare regions with 172 
different levels of natural variation in local deviations, regional occurrence of local deviations is first normalised with respect 173 
to the median and upper end of baseline scenario variability (a), before taking 30-year means for different climate-related 174 
forcing and direct human forcing scenarios and assessing their contributions to regional deviation occurrence (b). Annual 175 
ensemble medians are taken for all scenarios before normalisation. Steps a–b are described in detail in Methods. 176 

The normalised regional occurrence of local deviations varies widely across dry and wet streamflow 177 

and soil moisture deviations and 1,268 regions represented in the analysis (Fig. 4). Regions with the 178 

highest occurrence of local deviations include, for example, central Africa for dry streamflow deviations 179 

(Fig. 4a), Maritime Southeast Asia for dry soil moisture deviations (Fig. 4c), and much of the northern 180 
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boreal zone for wet streamflow and soil moisture deviations (Fig. 4b, d). In regions including the Congo 181 

basin and eastern Australia, for instance, the normalised occurrence of wet deviations in both 182 

streamflow and soil moisture shows negative values, suggesting less frequent instances of wet local 183 

deviations (Fig. 4b, d). These regions have thus experienced an overall drying trend, in which not only 184 

dryness has increased but also wetness has decreased. Regions with values below but near to one, such 185 

as Central Europe and parts of western North America for dry streamflow and soil moisture deviations, 186 

have not yet crossed their region-specific upper end boundary but are close to doing so (Fig. 4a, c). 187 

Meanwhile, regions with values near zero – including e.g. Central Siberia for dry deviations (Fig. 4a, 188 

c) and parts of southern Africa for wet deviations (Fig. 4b, d) – are close to their respective baseline 189 

conditions. However, the occurrence of local deviations is affected by both CRF and DHF, which can 190 

either amplify or counter each other. Therefore, even regions with near-zero normalised deviation 191 

occurrence can be undergoing hydrological change. 192 

 193 
Figure 4. Regional occurrence of dry and wet local deviations for the historical scenario. The regional occurrence of local 194 
deviations is measured by the normalised percentage share of regional ice-free land area with local deviations, for dry 195 
streamflow deviations (a), wet streamflow deviations (b), dry soil moisture deviations (c), and wet soil moisture deviations 196 
(d). Shown is the 30-year mean (1990–2019) regional deviation occurrence, taken from annual ensemble medians (Fig. 3a, 197 
Methods). Regional dry and wet deviation occurrence for scenarios consisting of climate-related forcing only or direct human 198 
forcing only are shown in Supplementary Fig. 5–6. 199 
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Decomposition of regional CRF and DHF contributions 200 

To assess historical CRF and DHF contributions on the regional occurrence of local deviations, we 201 

compared the average normalised occurrence of local deviations over the last 30 years of our study 202 

period (1990–2019) across all scenarios (Fig. 3b, Methods). We subtracted the 30-year mean of 203 

normalised regional deviation occurrence under the baseline scenario from the 30-year mean of the 204 

three other scenarios (historical, CRF only, DHF only) to quantify how each scenario alone affects 205 

regional deviation occurrence (Fig. 3b, Methods). Subsequently, we compared these differences to 206 

regionally typical interannual variability in local deviation occurrence, quantified by standard deviation 207 

in regional deviation occurrence under the baseline scenario during years 1990–2019 (σbaseline; Fig. 3b, 208 

Methods). If CRF or DHF contributions exceeded σbaseline, we marked their contribution “strong”, 209 

whereas for contributions beyond 2σbaseline were labelled as “very strong” (Fig. 5, Methods). This 210 

categorisation can thus distinguish how strongly CRF and DHF contribute to historical streamflow and 211 

soil moisture changes in each region. 212 

Overall, the patterns of CRF and DHF contributions to regional deviation occurrence (Fig. 5) are in line 213 

with globally aggregated outcomes (Fig. 2). Strong CRF contributions are the most pronounced for wet 214 

deviations in the boreal zone (Fig. 5b, d) and for dry deviations in much of Africa (Fig. 5a, c). DHF 215 

contributes strongly to dry streamflow deviations in agriculturally intensive regions, such as India, 216 

Central Asia, and the western U.S. (Fig. 5a) and to dry soil moisture deviations in Southeast Asia (Fig. 217 

5c). Wet deviations are primarily climate-driven, and only few locations in individual regions across 218 

North America, South and Central Asia, and the Nile basin show strong DHF influence on wet 219 

deviations (Fig. 5b, d). 220 
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 221 
Figure 5. Contributions of climate-related forcing (CRF) and direct human forcing (DHF) to regional occurrence of 222 
local deviations. The CRF and DHF contributions are based on comparison between each scenario against the baseline 223 
scenario (Fig. 3b, Methods), for dry streamflow deviations (a), wet streamflow deviations (b), dry soil moisture deviations (c), 224 
and wet soil moisture deviations (d). Before assigning contributions, 30-year means (1990–2019) of regional deviation 225 
occurrence are taken from annual ensemble medians (Fig. 3a, Methods). Contributions are denoted as “strong” if a scenario 226 
contribution exceeds regionally typical interannual variability under the baseline scenario, measured by the standard deviation 227 
in regional deviation occurrence under the baseline scenario during 1990–2019, and “very strong” if the contribution is more 228 
than double the typical interannual variability (Methods). Hatched fill in a region denotes a combination of strong and/or very 229 
strong contribution from both CRF and DHF. 230 

The spatial patterns of strong CRF and DHF contributions are, to a wide extent, polarised, because the 231 

overlap between regions experiencing strong or very strong influence from both CRF and DHF is 232 

relatively limited (Fig. 5). While all subcomponents show some individual regions with strong 233 

contributions from both CRF and DHF, only dry streamflow deviations have received strong 234 

contributions from both forcings across larger extents, such as northern China, the Arabian Peninsula 235 

and northern Africa (Fig. 5). For most regions with strong CRF or DHF contributions, both forcings 236 

contribute to net increase in the regional occurrence of deviations (Supplementary Fig. 7). However, 237 

exceptions can be found, for instance, in Central Asia and India where CRF decreases and DHF 238 

increases dry streamflow deviations (Supplementary Fig. 7a), and in the northernmost regions of the 239 

boreal zone where CRF increases and DHF decreases wet streamflow deviations (Supplementary Fig. 240 

7b). This can suggest cases where human influence on streamflow (such as water use or reservoir 241 



This is a non-peer reviewed preprint submitted to EarthArXiv. 

 11 

operation) is so substantial that it counters the background signal of climate change. Parts of southern 242 

China and southwestern North America exemplify areas in which regional occurrence of deviations 243 

does not yet exceed some of the region-specific upper end boundaries (Fig. 4), but CRF or DHF 244 

contributions are strong (Fig. 5). These cases highlight regions that may have undergone rapid change 245 

during the recent past decades. 246 

Synthesis of regional CRF and DHF contributions 247 

To synthesise how CRF and DHF affect regional deviation occurrence, we performed a global percentile 248 

ranking for CRF and DHF contributions in each of the four subcomponents of dry and wet deviations 249 

for both streamflow and soil moisture (Fig. 6; Methods). Higher percentile ranks for one subcomponent 250 

in a region indicate greater contribution of CRF or DHF to increasing deviation occurrence, compared 251 

to other regions. When taking the median percentile rank across the four subcomponents – each 252 

representing a different facet of the freshwater cycle – higher values signal greater deviation across 253 

many subcomponents and thus increased contribution of CRF or DHF on pervasive systemic freshwater 254 

changes (Fig. 6). In the CRF only scenario, these median percentile ranks show low variance across all 255 

regions globally (standard deviation = 0.11), with higher and lower median ranks distributed across all 256 

continents (Fig. 6a). This suggests widespread but comparatively uniform historical contributions of 257 

CRF on freshwater change. In contrast, the DHF only scenario has larger variance in median percentile 258 

ranks across all regions globally (standard deviation = 0.20) and shows more localised patterns. For 259 

instance, high median ranks locate to India and Central Asia, while lower median ranks are seen in the 260 

most northern latitudes and in many regions in Africa (Fig. 6b). 261 
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 262 
Figure 6. Synthesised contributions of climate-related forcing (CRF) and direct human forcing (DHF) on regional 263 
deviation occurrence together with a grouping of three auxiliary variables. Each region (n = 1,268) is assigned a global 264 
percentile rank based on CRF and DHF contribution values for each of the four subcomponents of regional deviation 265 
occurrence (streamflow and soil moisture, dry and wet) (Methods). Shown is the median of these four ranks in each region for 266 
the CRF only scenario (a) and the DHF only scenario (b). Median percentile ranks of panels a–b are further used to group three 267 
auxiliary variables (Methods): population count36 (c), human appropriation of net primary production37 (HANPP) (d), and 268 
mean species abundance38 (MSA) (e). Regionally aggregated population count, HANPP, and MSA are shown in 269 
Supplementary Fig. 8, and group sizes for box plots in panels c–e are shown in Supplementary Table 1. Box plots with group 270 
sizes less than 5% of the total number of analysed regions are shaded in panels c–e, and box plot values outside of the 5th–95th 271 
percentile range are not shown. 272 

Finally, to exemplify spatial correlations between regional freshwater deviations and human pressures 273 

on ecosystems, we used zonal statistics to summarise three auxiliary variables in median percentile rank 274 

bins shown in Fig. 6a–b (Methods). We summarised population count (Fig. 6c) and regional averages 275 

of human appropriation of net primary production (HANPP; Fig. 6d) and mean species abundance 276 

(MSA; Fig. 6e). Regions with the highest DHF contributions are associated with high population count 277 
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but no clear association between CRF contribution and population count can be found (Fig. 6c). HANPP 278 

and MSA – that both represent ecological impacts relative to undisturbed states – also show associations 279 

with the CRF and DHF contributions. High HANPP, which portrays increasing human disturbance of 280 

carbon and energy flows in ecosystems, appears positively associated with increasing DHF 281 

contributions and negatively associated with increasing CRF contributions (Fig. 6d). Low MSA, which 282 

depicts a high degree of ecosystem disturbance, is similarly associated with high DHF contributions 283 

(Fig. 6e). These associations suggest that the strongest CRF contributions are often located in regions 284 

where ecosystems are comparatively less altered (Supplementary Fig. 8b–c), but where climate change 285 

can still have a strong impact on streamflow and soil moisture (Fig. 6a). In contrast, the strongest DHF 286 

contributions (Fig. 6b) often co-occur spatially with human pressures on ecosystems (Supplementary 287 

Fig. 8b–c). Given that strong DHF likely indicates notable human dependencies – and impacts – on 288 

freshwater resources, the regions with strongest DHF contributions may be particularly vulnerable to 289 

further freshwater change and its adverse impacts. 290 

Discussion 291 

We demonstrate how the recently updated PB-FW can be extended towards an in-depth analysis of 292 

historical drivers of freshwater change across global and regional scales. Our findings highlight the 293 

continued increase in PB-FW transgression over the last 15 years (Fig. 1). Although the estimates’ 294 

spread – including the previous16 and the current, updated model ensemble – is large, our results align 295 

with research on recent trends in specific water cycle elements showing how the water cycle is 296 

undergoing widespread and regionally variable change2,27–29. Our results on the historical drivers of 297 

freshwater change (Fig. 5–6) largely agree with earlier conclusions of climatic factors affecting 298 

freshwater change across broad geographical scales23,26, while direct human drivers can intensify this 299 

impact in specific regions where human dependencies on freshwater are also strong5, especially in terms 300 

of increasingly dry conditions22,24,39. Projections of the water cycle40–42 and our specific projections of 301 

the PB-FW suggest that in the future, returning back to pre-transgression conditions appears unlikely 302 

even with ambitious climate action, but the degree and rate of further change depend on the future 303 

climate change trajectory (Supplementary Text; Supplementary Fig. 9). 304 

Interpreting the planetary boundaries framework in light of our findings emphasises the 305 

interconnectedness of Earth system processes represented by individual PBs43,44. Even in the 306 

hypothetical absence of direct human forcing, climate-related forcing alone would have transgressed 307 

the PB-FW notably (Fig. 2), which underscores how climate change – and thus the transgression of the 308 

climate change PB – is a major driver of PB-FW transgressions. The first PB-FW approaches that only 309 

considered human blue water consumption19,21, as well as their further applications25,45,46, neglect this 310 

systemic influence of climate and thus remain limited in their representation of freshwater-related risks 311 

in the Earth system. Therefore, in accordance with previous studies1,31, we strongly advocate for 312 
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considering the freshwater cycle as a highly dynamic Earth system component instead of a controllable 313 

tap. Additionally, since our analysis shows alignment between freshwater change and other disturbances 314 

of the biosphere (Fig. 6), it serves as an early proof-of-concept application for simultaneously 315 

identifying regional drivers of freshwater change and vulnerabilities to its impacts. Investigating similar 316 

couplings in quantitative analyses of other PBs could aid in addressing critiques of the framework47,48 317 

and in broader goals of using the framework to inform sustainable environmental governance and Earth 318 

system stewardship30,49,50. 319 

Our approach has some key limitations that should be acknowledged. Numeric uncertainties stem 320 

largely from the simulated coarse scale data, although the models producing those data are as advanced 321 

as possible for a global-scale analysis (Methods) and first comprehensive validations of the ISIMIP 3a 322 

data are currently emerging51,52. Adopting the ensemble modelling approach can mitigate these 323 

uncertainties to an extent (Methods), but continued development and updates of the PB-FW analysis 324 

following the emergence of new models, data, and software53 remains a recurring task. Moreover, 325 

separating increasingly precise human drivers, such as locally specific land and water management 326 

strategies, was not possible using the current ISIMIP data. Additionally – and perhaps most importantly 327 

– we here continue to presume that increasing frequencies of anomalous streamflow and soil moisture 328 

conditions are linked to an elevated level of freshwater-related Earth system risks16,17. Gathering 329 

systematic, empirically grounded evidence to evaluate this presumption and possibly adjusting local, 330 

regional and global boundaries based on that remains a top priority for improving the conceptualisation 331 

and quantification of cascading impacts and Earth system risks due to freshwater change. 332 

Improved understanding of the interplay between climate-related and direct human forcing on driving 333 

freshwater change in regional contexts enhances the ability to assess, mitigate, or possibly adapt to its 334 

adverse impacts on the Earth system. However, our analysis is only a first step towards a more holistic 335 

approach, which should additionally connect the here-shown biophysical change with the higher-degree 336 

and system-specific telecoupled drivers of change54. For instance, regions with the highest historical 337 

changes in streamflow and soil moisture – that are often amplified by direct human forcing – may 338 

disproportionately contribute to freshwater-related Earth system risks. At the same time, high DHF 339 

contributions signal sustained dependence and impact on blue and green water resources. The external, 340 

non-biophysical drivers of that dependence (e.g. trade markets55) may, however, be located far from the 341 

biophysical change location, which complicates how human decisions ultimately affecting local and 342 

regional water resources are made56,57. Therefore, coupling these initial driving forces to the pathways 343 

ending in Earth system risks would be another vitally important next step. This could promote a 344 

transition from the PB framework’s predominantly theoretical and biophysically oriented thinking to 345 

more holistic deliberation of the drivers and impacts of freshwater change in the Earth system. 346 
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Concluding remarks 347 

Here, we show a reassessment and an extended analysis of the new planetary boundary for freshwater 348 

change (PB-FW). By leveraging an updated, maximally large ensemble of state-of-the-art global 349 

hydrological models, we extend the PB-FW assessment to 2019, together with an analysis of its 350 

historical drivers. The degree of PB-FW transgression has notably increased over the past 15 years, 351 

which has been driven predominantly by climate-related forcing (CRF). Direct human forcing (DHF), 352 

such as land cover change and water use, has particularly intensified dry deviations in regions with high 353 

human dependencies on blue and green water resources. Synthesising our multi-indicator analysis 354 

suggests how this freshwater change aligns with broader disturbance of the biosphere and how regions 355 

with strong DHF contributions may be particularly vulnerable to adverse impacts of freshwater change. 356 

Our approach thus allows for an increasingly systemic approach to assess hydrological change 357 

underlying the global PB-FW transgression. Intervening with this transgression, however, is only viable 358 

when coupling biophysical changes and impacts with their external, non-biophysical drivers, for which 359 

our approach takes a step forward. In summary, our work enhances the conceptual and practical utility 360 

of the PB-FW by offering an actionable use case for understanding freshwater change in the Earth 361 

system.  362 
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Methods 363 

Climate-related forcing and direct human forcing scenarios 364 

Our main data source was the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) data 365 

repository34, from which we used data from the ISIMIP simulation round 3a experiments33. 366 

Hydrological data in the ISIMIP 3a experiments are simulated by global hydrological models (GHMs) 367 

using reanalysis-based climate-related forcing (CRF) and dynamic direct human forcing (DHF). CRF 368 

describes atmospheric variables, such as temperature and precipitation, which affect water availability 369 

and partitioning on the land surface. Some of the most important DHF variables include, for instance, 370 

land cover and use, cropping patterns, water abstraction, and flow regulation by dams and reservoirs, 371 

which further affect how water is distributed on the land surface and belowground. 372 

To attribute the impact of CRF and DHF on hydrological change, we required four distinct simulation 373 

scenarios: 1) the baseline scenario with CRF derived from detrended historical climate reanalysis data 374 

and DHF at 1901 levels, 2) the historical scenario consisting of both historical CRF and DHF, 3) the 375 

CRF only scenario with DHF at 1901 levels, and 4) the DHF only scenario with CRF derived from 376 

detrended historical climate reanalysis data33. The CRF detrending procedure removes the global 377 

climate change trend from historical climate reanalysis data, but retains its internal variability, thus 378 

allowing the detrended climate data set to be used for climate change impact attribution58. While year 379 

1901 levels do not mean a complete absence of DHF, the baseline scenario represents conditions that 380 

are largely absent from major anthropogenic modifications of the water cycle33 and is thus adequately 381 

representative of pre-industrial-like reference conditions desired for the planetary boundaries 382 

framework18. 383 

GHMs participating in ISIMIP simulations are land surface models, which restricts the representation 384 

of hydrological impacts to the land surface (e.g. runoff propagation) and belowground (e.g. subsurface 385 

flows), leaving out land-atmosphere feedbacks (e.g. rainfall regulation by evapotranspiration) that 386 

would require coupling the GHM with an atmospheric model59. The GHMs participating in ISIMIP 387 

experiments, however, often have long legacies of extensive model development and validation60–62, 388 

and the first validations of ISIMIP 3a hydrological data are continuously emerging51,52, which is why 389 

we chose to leave an explicit validation outside of the scope of this study. Instead, we use the common 390 

and often adequate63–65 ensemble modelling approach to mitigate uncertainties stemming from GHMs 391 

being subject to various process simplifications and variance in how they are implemented66. 392 

Model ensemble selection 393 

In accordance with the previous analysis of the planetary boundary for freshwater change (PB-FW), we 394 

used streamflow as the control variable for blue water change and root-zone soil moisture (hereinafter 395 
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soil moisture) as the control variable for green water change16. Initially, we selected ISIMIP 3a 396 

simulation outputs from all GHMs for which outputs were available in all four required scenarios 397 

(baseline, historical, CRF only, DHF only). This yielded six GHMs available for streamflow (H0867, 398 

HydroPy68, JULES-W269, LPJmL5-7-10-fire70, MIROC-INTEG-LAND71, and WaterGAP261) and four 399 

GHMs available for soil moisture (HydroPy, LPJmL5-7-10-fire, MIROC-INTEG-LAND, and WEB-400 

DHM-SG72). Although available in the ISIMIP repository, we did not include JULES-W2-DDM30 for 401 

streamflow because the only difference to JULES-W2 is in the flow routing model implementation. 402 

Simulations forced with three CRF data sets (GSWP3-W5E5, 20CRv3-ERA5, and 20CRv3-W5E5)33,73 403 

were available for models H08, WaterGAP2-2e, LPJmL5-7-10-fire and MIROC-INTEG-LAND, 404 

whereas simulations using only one CRF data set (GSWP3-W5E5) were available for HydroPy, JULES-405 

W2 and WEB-DHM-SG. Additionally, although simulations using another CRF data set (20CRv3) 406 

were available, we did not select them because they ended in 2015, while data simulated with the other 407 

CRF data sets ended in 2019 or 202133. Simulations with CRF from 20CRv3-ERA5 would have 408 

provided data until 2021, but to be consistent with 20CRv3-W5E5 and GSWP3-W5E5, we discarded 409 

the two last years from them. 410 

Our analysis period thus consistently covered years 1901–2019 for all selected ensemble members 411 

(Supplementary Table 2). The spatial resolution of the gridded hydrological data was 0.5 degrees 412 

(approximately 50x50 km at the Equator). Streamflow data were delivered at monthly time resolution 413 

in units m3/s, whereas soil moisture data were delivered with units kg/m2. Streamflow data and most 414 

soil moisture data required no further pre-processing, but soil moisture data simulated by LPJmL5-7-415 

10-fire were provided in five depth layers, which were summed to yield total soil moisture. For both 416 

variables and all ensemble members, sporadic instances of missing or negative monthly values were 417 

filled with the mean of all non-missing and non-negative values of the respective grid cell, month, and 418 

simulation scenario. 419 

When performing our primary global analysis (Fig. 1) for each ensemble member separately, we found 420 

that for some ensemble members, the baseline and historical scenarios were mismatched in the 421 

beginning of the 20th century when historical CRF and DHF should be in near agreement with the 422 

baseline scenario (Supplementary Fig. 10–11). This was the case for streamflow simulations from H08 423 

and MIROC-INTEG-LAND forced with GSWP3-W5E5 (Supplementary Fig. 10c, k) and for soil 424 

moisture simulations from all LPJmL5-7-10-fire ensemble members (Supplementary Fig. 11b–d) and 425 

from MIROC-INTEG-LAND forced with GSWP3-W5E5 (Supplementary Fig. 11g). These ensemble 426 

members were discarded from the presented main results, however, global results including also the 427 

discarded ensemble members are shown in Supplementary Fig. 12. 428 

After determining the maximally large ensemble and filtering it by the above listed temporal constraints 429 

and consistency checks, the final resulting ensemble sizes were n = 12 for streamflow and n = 4 for soil 430 
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moisture. The final streamflow data ensemble consisted of simulations from six different GHMs forced 431 

with three CRF data sets with equal counts (4 ensemble members each), whereas the final soil moisture 432 

data ensemble consisted of simulations from three different GHMs forced with three CRF data sets with 433 

1, 1, and 2 ensemble members each (Supplementary Table 2). Thus, the selected model ensembles were 434 

not substantially biased towards individual GHMs or CRF data sets and they can be thought to capture 435 

a decent amount of model and forcing variance to provide robust results. 436 

The selected model ensembles differ from the previous PB-FW analysis16, which expectedly causes 437 

divergence between their results. Most notably, the CRF data sets used for ISIMIP 3a simulations are 438 

based on historical climate reanalysis instead of modelled climate from general circulation models. This 439 

appears to affect especially the degree of large-scale wetting, which is visible when comparing between 440 

estimates based on two different versions of streamflow data, both run with WaterGAP2 441 

(Supplementary Fig. 1). Some updates in direct human forcing (e.g. population data) have also been 442 

made for ISIMIP 3a compared to the previously used ISIMIP 2b16, but, for instance, land use patterns 443 

are identical between the two experiment rounds33. While not all GHMs are present in both studies, 444 

even those that are (H08, LPJmL, WaterGAP) use newer versions in ISIMIP 3a experiments; for 445 

instance, WaterGAP2-2e used in ISIMIP 3a has an updated database of lakes and reservoirs compared 446 

to previous versions61. 447 

Occurrence of local deviations 448 

In determining the occurrence of local deviations – i.e. representing aggregate human impacts on the 449 

freshwater cycle globally and regionally – we closely followed the methodological framework 450 

conceptualised by Wang-Erlandsson et al.17 and scrutinised by Porkka et al.16. Conceptually, we 451 

assumed that increasing frequencies of anomalous streamflow and soil moisture conditions at the local 452 

scale expose local environments to rare or unforeseen conditions that they might not be adapted to, and 453 

increasing simultaneous occurrence of these anomalous conditions over larger areas contributes to 454 

elevated freshwater-related Earth system risks16,17. 455 

We first established local variability bounds for each grid cell, month, and ensemble member, separately 456 

for streamflow and soil moisture. The grid cell specific 5th and 95th percentile values under the baseline 457 

scenario were defined as the local bounds. To avoid potential traces of model simulation spinup 458 

affecting the local bounds (best exemplified in Supplementary Fig. 10a–c), we discarded years 1901–459 

1910 from determining the local bounds and from all subsequent steps. Second, we detected grid cell 460 

scale local deviations, i.e. monthly events of streamflow or soil moisture values falling outside of the 461 

local bounds. Monthly values below the local 5th percentile bound were marked as dry local deviations 462 

and monthly values above the local 95th percentile bound were marked as wet local deviations. The 463 

local deviations were determined in a binary fashion (deviated or not deviated), without further 464 

specifying how far from the respective local bound each dry or wet local deviation fell. 465 
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We estimated the occurrence of local deviations by aggregating them within all global land areas and 466 

regionally within HydroBASINS level 4 hydrological catchments35. For each month and ensemble 467 

member, and separately for streamflow and soil moisture, we summed up physical land areas of grid 468 

cells that were marked as local deviations, yielding land area with dry local deviations (Fig. 2c, e) and 469 

land area with wet local deviations (Fig. 2d, f); these two land areas were further summed to yield land 470 

area with dry and wet local deviations (Fig. 1, Fig. 2a–b). The three sums of land area with local 471 

deviations were related to the total global or regional land area, yielding percentage shares. Given that 472 

the local variability bounds were limited by the 5th–95th percentile range, expectedly 5% of all values 473 

were marked as dry local deviations and 5% as wet local deviations for each grid cell, month, and 474 

ensemble member in the baseline scenario. Thus, also the expected global or regional percentage of 475 

land area with local deviations was approximately 5% for dry and wet deviations in the baseline 476 

scenario, respectively. 477 

Antarctica and other grid cells covered by permanent land ice were excluded from the land area 478 

aggregations using the History Database of the Global Environment (HYDE) version 3.2.1 anthrome 479 

classification74. The regional aggregation of local deviations additionally considered region boundaries 480 

that cut across coarse 0.5-degree grid cells, considering only the grid cell fraction that lies within the 481 

region boundary75; thus, the regional land area with local deviations could never exceed the total 482 

regional land area. 483 

Finally, we used the occurrence of local deviations in the baseline scenario to demarcate two reference 484 

boundaries; the median of baseline variability and the upper end of baseline variability, both of which 485 

were set at the global scale and for each region separately. Before setting the reference boundaries, 486 

however, we took annual means of monthly percentages of land area with local deviations for dry 487 

deviations, wet deviations, and for dry and wet deviations; all for each ensemble member separately. 488 

Annual means were followed by taking ensemble medians of the three percentage shares, resulting in 489 

three time series (n = 109, over years 1911–2019) that described annual percentages of land area with 490 

dry, wet, and dry and wet local deviations. For each of these time series, the median value was defined 491 

as the median of baseline variability, and the 95th percentile value was defined as the upper end of 492 

baseline variability. At the global scale, the upper end of baseline variability for dry and wet local 493 

deviations corresponds to the PB-FW16. 494 

To compare the three other scenarios (historical, CRF only, DHF only) against the baseline scenario, 495 

we repeated the detection of local deviations against local variability bounds set by the baseline 496 

scenario, followed by estimation of local deviation occurrence through aggregating local deviations 497 

both globally and regionally. Annual means were taken similarly from monthly percentage shares of 498 

land area with deviations, followed by taking ensemble medians. Local variability bounds and the 499 

median and the upper end of baseline variability were set only once globally and for each region, and 500 

all scenarios were thus compared against the same baseline. Growth rates for global deviation 501 



This is a non-peer reviewed preprint submitted to EarthArXiv. 

 20 

occurrence were estimated by statistically significant (p = 0.05; two-sided test) Theil-Sen regression 502 

slopes76 over years 1990–2019. 503 

Regional normalisation of deviation occurrence 504 

We estimated the regional occurrence of local deviations within HydroBASINS level 4 catchment 505 

boundaries35, comprising 1,268 regions that overlapped with the selected hydrological data and had less 506 

than 50% permanent ice cover. Regions with more than 50% permanent ice cover were omitted from 507 

the regional analysis, although non-ice grid cells within them were considered when aggregating the 508 

global land area with local deviations (as outlined above). The mean area of the selected 1,268 regions 509 

was 104,000 km2, while the median region area was 60,300 km2. 510 

To compare the occurrence of local deviations across differently sized regions with variable ambient 511 

CRF and DHF, we normalised the regional land area with local deviations using the median and upper 512 

end of baseline variability as normalisation limits (Fig. 3a). We defined the region-specific median 513 

baseline variability value as value zero, and the region-specific upper end of baseline variability value 514 

as value one, followed by normalising regional land areas with local deviations according to Eq. 1–3. 515 

condition	for	𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# resulting	𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,#,$%&'	 	

𝑖𝑓	𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# < 𝑀𝑒𝑑(!) 	 =
𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# 	− 	𝑀𝑒𝑑(!)

𝑀𝑒𝑑(!)
	 (1)	

𝑖𝑓	𝑀𝑒𝑑(!) ≤ 𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# ≤ 𝑈𝑝𝐸𝑛𝑑(!) 	 =
𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# −	𝑀𝑒𝑑(!)
𝑈𝑝𝐸𝑛𝑑(!) 	− 	𝑀𝑒𝑑(!)

	 (2)	

𝑖𝑓	𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# > 𝑈𝑝𝐸𝑛𝑑(!) 	 = 1 +
𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# − 𝑈𝑝𝐸𝑛𝑑(!)

𝑈𝑝𝐸𝑛𝑑(!)
	 (3)	

In Eq. 1–3, 𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,# refers to a regional percentage of land area with local deviations in scenario 516 

𝑠 for year 𝑦, 𝑀𝑒𝑑(!) to the region-specific median of baseline variability, 𝑈𝑝𝐸𝑛𝑑(!) to the region-517 

specific upper end of baseline variability and 𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,#,$%&' to the normalised regional land area 518 

with local deviations in scenario 𝑠 for year 𝑦. 519 

Normalised regional deviation occurrence shows how close to the reference boundaries deviation 520 

occurrence in each scenario is in each region. Additionally, increasing local deviation occurrence in 521 

regions with high natural variance under the baseline scenario does not affect the normalised metric as 522 

much as the same amount of increasing absolute (percentage point) local deviation occurrence in 523 

regions with lower natural variance under the baseline scenario. To further account for interannual 524 

variability, we took 30-year means of the normalised regional land areas with local deviations over 525 

1990–2019 before mapping them (Fig. 4, Supplementary Fig. 3–6). 526 
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Contributions of CRF and DHF scenarios 527 

After normalising the regional occurrence of local deviations, we compared the historical, CRF only, 528 

and DHF only scenarios against the baseline scenario to determine how much each scenario contributes 529 

to the regional deviation occurrence (Fig. 3b). We first took the 30-year mean of normalised regional 530 

deviation occurrence in the baseline scenario over 1990–2019 (Eq. 4), followed by determining scenario 531 

contributions, i.e. differences between each scenario and the baseline scenario, using 30-year means of 532 

normalised regional deviation occurrence also for the other scenarios (Eq. 5). The standard deviation of 533 

normalised regional deviation occurrence under baseline conditions (taken similarly over 1990–2019 534 

as the mean) (Eq. 6) was used as a benchmark value to further categorise the contribution strength of 535 

each scenario. Should a contribution diverge from the baseline with a value beyond that typical 536 

interannual variability under baseline conditions (Eq. 6), the contribution was marked “strong” (Eq. 7) 537 

or “very strong” (Eq. 8). 538 

𝜇(!) =
1
30

N 𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣(!),*++,-(#/*),$%&'

1,

#	3	*

	 (4)	

𝑐𝑛𝑡𝑟! =
1
30

N 𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,*++,-(#/*),$%&' −	𝜇(!)

1,

#	3	*

	 (5)	

𝜎(!) = S
1
30

N (𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣(!),*++,-(#/*),$%&' − 𝜇(!) 	)4
1,

#	3	*

	 (6)	

	539 

condition	for	𝑐𝑛𝑡𝑟! resulting	𝑐𝑛𝑡𝑟!	label	 	

𝑖𝑓	𝑐𝑛𝑡𝑟! > 𝜎(!) 	 𝑐𝑛𝑡𝑟! = "strong"	 (7)	

𝑖𝑓	𝑐𝑛𝑡𝑟! > 2𝜎(!) 	 𝑐𝑛𝑡𝑟! = "very	strong"	 (8)	

 540 

In Eq. 4–8, 𝑎𝑟𝑒𝑎𝐿𝑜𝑐𝐷𝑒𝑣!,#,$%&' is yielded from Eq. 1–3 and represents normalised regional land area 541 

with local deviations in scenario 𝑠 for year 𝑦, and 𝑐𝑛𝑡𝑟! represents a contribution from scenario 𝑠. 542 

The scenario contributions allowed us to compare the different strengths of CRF and DHF in increasing 543 

the regional occurrence of local deviations (Fig. 5). By Eq. 7–8, strong contributions were only defined 544 

towards increasing regional occurrence of deviations; strong contributions towards decreasing regional 545 

occurrence of deviations were not defined. However, scenario contributions (Eq. 5) could be negative, 546 
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which allowed us to evaluate whether both CRF and DHF increase regional deviation occurrence or if 547 

one of them increases and one of them decreases regional deviation occurrence (Supplementary Fig. 7). 548 

Synthesis of CRF and DHF contributions 549 

We synthesised our analysis of CRF and DHF contributions on regional deviation occurrence across 550 

four distinct subcomponents – dry and wet deviations for both streamflow and soil moisture (Fig. 6). 551 

The synthesis consisted of assigning global percentile ranks for CRF and DHF contributions in each 552 

subcomponent and taking the regional median of these ranks. Prior to percentile ranking, CRF and DHF 553 

scenario contributions were related to the standard deviation of normalised regional deviation 554 

occurrence under baseline conditions (Eq. 9) to account for region-specific natural variability. 555 

𝑐𝑛𝑡𝑟!,!5(6%'7,&8)9:;<8 =
𝑐𝑛𝑡𝑟!,!5(6%'7

𝜎(!)
	 (9)	

In Eq. 9,  𝜎(!) is yielded from Eq. 6 and 𝑐𝑛𝑡𝑟!,!5(6%'7 from Eq. 5 for CRF only and DHF only scenarios 556 

and the four subcomponents of dry and wet deviations for both streamflow and soil moisture. Percentile 557 

ranks were subsequently assigned for each 𝑐𝑛𝑡𝑟!,!5(6%'7,&8)9:;<8 across all regions (n = 1,268).  558 

Furthermore, we binned the CRF and DHF contribution percentile ranks to five bins and summarised 559 

three auxiliary variables within them (Fig. 6c–e). The variables consisted of year 2019 population count 560 

from the HYDE database version 3.436, year 2010 human appropriation of net primary production37 561 

(HANPP), and year 2015 mean species abundance38 (MSA). All variables were aggregated regionally 562 

before summarising them. Prior to regional aggregation, population count and MSA required no pre-563 

processing. HANPP as a percentage of net primary production (NPP) was formed by summing the three 564 

HANPP components (harvest, land use change, and deforestation) and relating the sum to potential NPP 565 

to yield percentage shares, in accordance with the HANPP framework37. In regional aggregation, 566 

population count was summed from grid cells overlapping with each region, whereas HANPP 567 

(percentage) and MSA (unitless) were aggregated regionally using grid cell area weighted averages. All 568 

operations considered only the grid cell fractions that were within the region boundaries75 and weighted 569 

the population sum or regional average accordingly.  570 
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Data availability 571 

All data used in this study were gathered from openly available sources, which are appropriately cited 572 

in Methods. Output data produced by our analysis will be deposited in a public database upon 573 

publication of the article. 574 

Code availability 575 

The code used in collecting the data and producing the results shown will be made publicly available 576 

upon publication of the article.  577 
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Supplementary Text 11 

Projecting global freshwater deviation occurrence to the future. Given the increasing contribution 12 

of climate-related forcing (CRF) in determining the status of the planetary boundary for freshwater 13 

change (PB-FW) (Fig. 2), we assessed projected future trajectories of global streamflow and soil 14 

moisture deviation occurrence under three climate change scenarios. The Inter-Sectoral Impact Model 15 

Intercomparison Project (ISIMIP) simulation round 3a data covers historical simulations ending in the 16 

year 20191 (Methods), which is why for the future projections, we switched to data from ISIMIP 17 

simulation round 3b experiments spanning years 1850–2100 in total2,3. Differing from ISIMIP 3a, which 18 

uses CRF based on historical reanalysis, data simulated by ISIMIP 3b experiments use CRF from 19 

climate reconstructions and projections derived from general circulation models (GCMs)3. 20 

We re-established the counterfactual baseline scenario using ISIMIP 3b data to avoid comparing 21 

hydrological simulations that would have different CRFs from reanalysis and GCMs. In the ISIMIP 3b 22 

baseline scenario, CRF is fixed at levels representing pre-industrial climate conditions (CO2 and CH4 23 

concentrations at year 1850 levels), and direct human forcings (DHF) are equally fixed at year 1850 24 

levels3. In historical simulations for years 1850–2014, both CRF and DHF follow historical changes3. 25 

For projecting future climate change impacts on global freshwater deviation occurrence for years 2015–26 

2100, we used three scenarios comprising SSP1–RCP2.6 with low CO2 emissions, SSP3–RCP7.0 with 27 

medium-to-high CO2 emissions, and SSP5–RCP8.5 with high CO2 emissions3. All future scenarios used 28 

fixed DHF at year 2015 levels, which means that possible DHF adaptation measures were not 29 

considered in the analysis, and the results display only the projected impact of future climate change. 30 

We selected ISIMIP 3b simulation outputs from all global hydrological models (GHMs) for which 31 

outputs were available in all five required scenarios (baseline, historical, SSP1–RCP2.6, SSP3–RCP7.0, 32 

SSP5–RCP8.5). This yielded three GHMs available for streamflow (H084, MIROC-INTEG-LAND5, 33 

and WaterGAP26) and one GHM available for soil moisture (MIROC-INTEG-LAND). For all models, 34 

simulations forced with five GCM-based CRF data sets were available (from GFDL-ESM4, IPSL-35 

CM6A-LR, MPI-ESM1-2-HR, MRI-ESM-2-0, and UKESM1-0-LL)3,7. The resulting ensemble sizes 36 

for future projections were thus n = 15 for streamflow and n = 5 for soil moisture. 37 

Besides using ISIMIP 3b data, we otherwise performed the projections of global freshwater deviation 38 

occurrence similarly as for ISIMIP 3a data (Methods). We established local variability bounds (between 39 

5th–95th percentile values) for each grid cell, month, and ensemble member, separately for streamflow 40 

and soil moisture, using years 1860–2014 from the baseline scenario. We then detected local deviations 41 

and aggregated them globally to yield monthly percentage shares of ice-free land area with local 42 

deviations. Annual means were taken from the monthly percentage shares, followed by taking ensemble 43 

medians. Ensemble median annual time series of land area with local deviations under the baseline 44 

scenario were finally used to set the median and upper end of baseline variability, using years 1860–45 
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2014, and thus making the reference boundaries specific to the ISIMIP 3b counterfactual baseline 46 

scenario. This allowed for side-by-side comparison between historical and future projected global 47 

deviation occurrence. By the re-establishment of the baseline scenario and different hydrological model 48 

ensemble, however, the historical values were not directly comparable to those derived from ISIMIP 3a 49 

data. 50 

Persistently continued deviations in the freshwater cycle. Projecting the global streamflow and soil 51 

moisture deviation occurrence to year 2100 shows mostly an increasing PB-FW transgression trajectory 52 

(Supplementary Fig. 9). While the higher-emission scenarios SSP3–RCP7.0 and SSP5–RCP8.5 point 53 

towards a persistent increase in global deviation occurrence across all subcomponents of the PB-FW, 54 

the low-emission SSP1–RCP2.6 scenario is projected to stabilise (Supplementary Fig. 9a, c–e) or begin 55 

declining (Supplementary Fig. 9b, f) the occurrence of local deviations. In 2100, streamflow deviations 56 

are projected to cover 26.1% (~33.9 million km2) of ice-free land area in the SSP1–RCP2.6 scenario 57 

and 42.6% (~55.4 million km2) in the SSP5–RCP8.5 scenario, whereas these figures are 28.2% (~36.7 58 

million km2) in the SSP1–RCP2.6 scenario and 40.2% (~52.3 million km2) in the SSP5–RCP8.5 59 

scenario for soil moisture, respectively. Despite the large scenario spread, the distinct shapes of the 60 

trajectories demonstrate the stabilising effect of the SSP1–RCP2.6 low-emission pathway, whereas 61 

higher-emission scenarios point towards continuously increasing PB-FW transgressions 62 

(Supplementary Fig. 9).  63 

When comparing global freshwater deviation occurrence based on ISIMIP 3a simulations (reanalysis-64 

based CRF; Fig. 2) and ISIMIP 3b simulations (GCM-based CRF; Supplementary Fig. 9), historical dry 65 

streamflow and soil moisture deviation occurrences are in relatively fair agreement, with year 2015 66 

values around 13–15% (Fig. 3c, e; Supplementary Fig. 9c, e). However, 20th century wet deviation 67 

occurrence trajectories, especially for streamflow, are more divergent between results yielded from 68 

ISIMIP 3a and 3b simulations (Fig. 3d, f; Supplementary Fig. 9d, f), with ISIMIP 3b using GCM-based 69 

CRF showing less wet deviation occurrence. This could link to the divergent large-scale wetting signals 70 

between reanalysis-based and GCM-based CRFs, which is also seen in comparison of global streamflow 71 

deviation occurrence between ISIMIP 3a simulations and another set of global deviation occurrence 72 

estimates based on GCM-forced ISIMIP simulation round 2b experiments8 (Supplementary Fig. 1). It 73 

should, additionally, be noted that while the baseline scenario appears trendless when using ISIMIP 3b 74 

data, traces of model spinup and discontinuities between historical and future scenarios are clearly 75 

visible around the year 2015 breakpoint between scenarios (Supplementary Fig. 9), which likely has a 76 

distorting effect on precise numerical estimates. 77 

While the freshwater cycle has already been persistently altered and future climate change projections 78 

show how returning to conditions preceding PB-FW transgression appears unlikely, the degree and rate 79 

of further change remain dependent on climate change pathways. Notwithstanding large uncertainties 80 

and mismatches between simulations in the ISIMIP 3b ensemble, the ambition level of climate action 81 
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can possibly stabilise the PB-FW transgression trajectory – or continuously increase it, should CO2 82 

emissions remain at a high level. In future studies, increasing model ensemble sizes with the ongoing 83 

yet incomplete ISIMIP 3b experiment round3, correcting apparent mismatches at the breakpoint 84 

between historical and future scenarios, adding DHF adaptation scenarios, and extending the analysis 85 

to cover regionally explicit aspects would be warranted for a more elaborate outlook on future PB-FW 86 

projections.  87 
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Supplementary Figures 88 

 89 

Supplementary Figure 1. Global occurrence of dry and wet local streamflow deviations under different climate-related 90 
forcing (CRF) and direct human forcing scenarios, separately for three WaterGAP2-2e simulations using three 91 
different CRF data sets. The global occurrence of local streamflow deviations is measured by the percentage share of global 92 
ice-free land area with local deviations, for dry and wet deviations (a), dry deviations (b), and wet deviations (c). Shown is the 93 
annual percentage, which is computed as an average of monthly percentages (Methods). Time series of the occurrence of local 94 
deviations and limits of the ensemble interquartile range (IQR) are smoothed with a 10-year moving (trailing) mean over the 95 
annual percentage and ensemble IQR limits, respectively. Benchmark values until year 2005 are taken from the previous PB-96 
FW estimate, specifically for WaterGAP2-2c forced with CRF from four general circulation models8. 97 
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 98 

Supplementary Figure 2. Global occurrence of dry and wet local soil moisture deviations under different climate-99 
related forcing and direct human forcing scenarios, separately for two MIROC-INTEG-LAND simulations using two 100 
different CRF data sets. The global occurrence of local soil moisture deviations is measured by the percentage share of global 101 
ice-free land area with local deviations, for dry and wet deviations (a), dry deviations (b), and wet deviations (c). Shown is the 102 
annual percentage, which is computed as an average of monthly percentages (Methods). Time series of the occurrence of local 103 
deviations are smoothed with a 10-year moving (trailing) mean over the annual percentage. 104 
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 105 

Supplementary Figure 3. Regional occurrence of dry and wet local streamflow deviations under different climate-106 
related forcing (CRF) and direct human forcing scenarios, separately for three WaterGAP2-2e simulations using three 107 
different CRF data sets. The regional occurrence of local deviations is measured by the normalised percentage share of 108 
regional ice-free land area with local streamflow deviations, for dry deviations (a–f) and wet deviations (g–l). Shown is the 109 
30-year mean (1990–2019) regional deviation occurrence, taken from annual averages (Fig. 3a, Methods). 110 
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 111 

Supplementary Figure 4. Regional occurrence of dry and wet local soil moisture deviations under different climate-112 
related forcing (CRF) and direct human forcing scenarios, separately for two MIROC-INTEG-LAND simulations 113 
using two different CRF data sets. The regional occurrence of local deviations is measured by the normalised percentage 114 
share of regional ice-free land area with local soil moisture deviations, for dry deviations (a–d) and wet deviations (e–h). 115 
Shown is the 30-year mean (1990–2019) regional deviation occurrence, taken from annual averages (Fig. 3a, Methods). 116 
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 117 

Supplementary Figure 5. Regional occurrence of dry and wet local deviations for a simulation scenario consisting of 118 
climate-related forcing only. The regional occurrence of local deviations is measured by the normalised percentage share of 119 
regional ice-free land area with local deviations, for dry streamflow deviations (a), wet streamflow deviations (b), dry soil 120 
moisture deviations (c), and wet soil moisture deviations (d). Shown is the 30-year mean (1990–2019) regional deviation 121 
occurrence, taken from annual ensemble medians (Fig. 3a, Methods). 122 
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 123 

Supplementary Figure 6. Regional occurrence of dry and wet local deviations for a simulation scenario consisting of 124 
direct human forcing only. The regional occurrence of local deviations is measured by the normalised percentage share of 125 
regional ice-free land area with local deviations, for dry streamflow deviations (a), wet streamflow deviations (b), dry soil 126 
moisture deviations (c), and wet soil moisture deviations (d). Shown is the 30-year mean (1990–2019) regional deviation 127 
occurrence, taken from annual ensemble medians (Fig. 3a, Methods). 128 
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 129 

Supplementary Figure 7. Direction of climate-related forcing (CRF) and direct human forcing (DHF) contributions to 130 
increasing regional occurrence of local deviations. The CRF and DHF contributions are based on comparison between each 131 
scenario against the baseline scenario (Fig. 3b, Methods), for dry streamflow deviations (a), wet streamflow deviations (b), 132 
dry soil moisture deviations (c), and wet soil moisture deviations (d). Before assigning contributions, 30-year means (1990–133 
2019) of regional deviation occurrence are taken from annual ensemble medians (Fig. 3a, Methods). The directions of CRF 134 
and DHF contributions are assigned for those regions in which one of the three contributions (CRF independently, DHF 135 
independently, CRF and DHF jointly) is strong or very strong (Fig. 5). If none of these contributions are strong or if net 136 
deviation occurrence decreases, the directions of CRF and DHF contributions are not assigned. 137 
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 138 

Supplementary Figure 8. Regionally aggregated auxiliary variables. The three auxiliary variables consist of population 139 
count9 (a), human appropriation of net primary production10 (HANPP) (b), and mean species abundance11 (MSA) (c). Within 140 
each analysed HydroBASINS level 4 catchment12 (n = 1,268), population count is aggregated with a zonal sum, whereas 141 
HANPP and MSA are aggregated with grid cell area weighted zonal averages (Methods). All operations consider only the grid 142 
cell fractions that are within the region boundaries13 and weight the regional sum or average accordingly. 143 
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 144 

Supplementary Figure 9. Global occurrence of dry and wet local deviations under baseline, historical, and projected 145 
future climate change scenarios. The global occurrence of local deviations is measured by the percentage share of global 146 
ice-free land area with local deviations, for dry and wet streamflow deviations (a), dry and wet soil moisture deviations (b), 147 
dry streamflow deviations (c), wet streamflow deviations (d), dry soil moisture deviations (e), and wet soil moisture deviations 148 
(f). Hydrological simulations underlying global deviation occurrence in panels a–f are sourced from Inter-Sectoral Impact 149 
Model Intercomparison Project simulation round 3b experiments2, which re-establishes all scenarios including the baseline 150 
scenario (Supplementary Text). Years prior to 1911 are excluded from panels a–f, although used in determining the occurrence 151 
of local deviations (Supplementary Text). Shown is the ensemble median of annual percentage, which is computed as an 152 
average of monthly percentages. Time series of the occurrence of local deviations and limits of the ensemble interquartile 153 
range (IQR) are smoothed with a 10-year moving (trailing) mean over the ensemble median and ensemble IQR limits, 154 
respectively. 155 
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 156 

Supplementary Figure 10. Global occurrence of dry and wet local streamflow deviations under baseline and historical 157 
scenarios, for each hydrological model ensemble member separately. The global occurrence of local deviations is measured 158 
by the percentage share of global ice-free land area with local streamflow deviations, for dry and wet streamflow deviations 159 
and for each ensemble member (a–n) (Supplementary Table 2). Shown is the annual percentage, which is computed as an 160 
average of monthly percentages (Methods). Time series of the occurrence of local deviations are smoothed with a 10-year 161 
moving (trailing) mean over the annual percentage. Although excluded from determining the median of baseline variability, 162 
deviation occurrence during years 1901–1910 is shown here to illustrate potential traces of model spinup during the first years 163 
of each simulation (Methods). 164 
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 165 

Supplementary Figure 11. Global occurrence of dry and wet local soil moisture deviations under baseline and historical 166 
scenarios, for each hydrological model ensemble member separately. The global occurrence of local deviations is measured 167 
by the percentage share of global ice-free land area with local soil moisture deviations, for dry and wet soil moisture deviations 168 
and for each ensemble member (a–h) (Supplementary Table 2). Shown is the annual percentage, which is computed as an 169 
average of monthly percentages (Methods). Time series of the occurrence of local deviations are smoothed with a 10-year 170 
moving (trailing) mean over the annual percentage. Although excluded from determining the median of baseline variability, 171 
deviation occurrence during years 1901–1910 is shown here to illustrate potential traces of model spinup during the first years 172 
of each simulation (Methods). 173 



This is a non-peer reviewed preprint submitted to EarthArXiv. 

 16 

 174 

Supplementary Figure 12. Global occurrence of dry and wet local deviations under different climate-related forcing 175 
and direct human forcing scenarios, including otherwise excluded ensemble members. The global occurrence of local 176 
deviations is measured by the percentage share of global ice-free land area with local deviations, for dry and wet streamflow 177 
deviations (a), dry and wet soil moisture deviations (b), dry streamflow deviations (c), wet streamflow deviations (d), dry soil 178 
moisture deviations (e), and wet soil moisture deviations (f). Shown is the ensemble median of annual percentage, which is 179 
computed as an average of monthly percentages (Methods). Time series of the occurrence of local deviations and limits of the 180 
ensemble interquartile range (IQR) are smoothed with a 10-year moving (trailing) mean over the ensemble median and 181 
ensemble IQR limits, respectively. When including otherwise excluded ensemble members, the total streamflow data ensemble 182 
size becomes n = 14, and the total soil moisture data ensemble size becomes n = 8 (Methods, Supplementary Table 2).  183 
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Supplementary Tables 184 

Supplementary Table 1. Group sizes for percentile rank bins synthesising across climate-related forcing (CRF) and 185 
direct human forcing (DHF) contributions on regional freshwater deviation occurrence. Global percentile ranks are 186 
assigned for scenario contributions in each of the four cases of regional deviation occurrence (streamflow and soil moisture, 187 
dry and wet), and the groups (Fig. 6) are created by binning the median of these four ranks for CRF only and DHF only 188 
scenarios separately (Methods). 189 

percentile rank bin group size (CRF only scenario) group size (DHF only scenario) 

[0, 0.2) 2 39 

[0.2, 0.4) 155 413 

[0.4, 0.6) 864 396 

[0.6, 0.8) 232 304 

[0.8, 1] 15 116 

 190 
Supplementary Table 2. Members comprising the global hydrological model (GHM) ensemble (combinations of GHMs 191 
and climate-related forcing (CRF) data sets) used in this study. All ensemble members that are available in the Inter-192 
Sectoral Impact Model Intercomparison Project simulation round 3a repository1,14 with simulations for all desired scenarios 193 
are initially selected, and the selection is narrowed down by discarding those ensemble members that are found to mismatch 194 
between baseline and historical scenarios in the beginning of the simulation period (Methods).  195 

variable GHM 

CRF data sets for which simulations are available 

20CRv3-ERA5 20CRv3-W5E5 GSWP3-W5E5 

streamflow H08 x x x 

streamflow HydroPy   x 

streamflow JULES-W2   x 

streamflow LPJmL5-7-10-fire x x x 

streamflow MIROC-INTEG-LAND x x x 

streamflow WaterGAP2-2e x x x 

soil moisture HydroPy   x 

soil moisture LPJmL5-7-10-fire x x x 

soil moisture MIROC-INTEG-LAND x x x 

soil moisture WEB-DHM-SG   x 

     

 available (included in main results)    

 available (excluded from main results)    

 not available    

  196 
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