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Abstract 31 
Plant water stress occurs at the point when soil moisture (SM) limits transpiration, defining 32 
a critical SM threshold (θcrit). Knowledge of the spatial distribution of θcrit is crucial for 33 
future projections of climate and water resources, food production, and ecosystem 34 
vulnerability. Here, we use global eddy-covariance observations to quantify θcrit and 35 
evaporative fraction (EF) regimes during dry-downs. Three canonical variables describe 36 
how EF is controlled by SM: the maximum EF (EFmax), θcrit, and the slope (S) between EF 37 
and SM below θcrit. We find systematic differences of these three variables across biomes. 38 
Variation in θcrit, S, and EFmax is mostly explained by soil texture, vapor pressure deficit 39 
and precipitation, respectively, while vegetation structure also plays an influential role. 40 
Dryland ecosystems such as savannas, operate at low θcrit and show adaptation to water 41 
deficits. The negative relationship between θcrit and S indicates that dryland ecosystems 42 
minimize θcrit through mechanisms of sustained SM extraction and transport by xylem. Our 43 
results further suggest an optimal adaptation of local EF–SM response function, that 44 
maximizes growing-season evapotranspiration and photosynthesis.  45 

 46 
Teaser 47 

Defined new observational thresholds of plant water stress and their environmental 48 
drivers.  49 

 50 
Introduction 51 

The critical soil moisture (SM) threshold (θcrit) of plant water stress occurs near the point 52 
when evapotranspiration becomes SM limited (1). Below this threshold, a marginal 53 
reduction of SM leads to reduced evapotranspiration and increased sensible heat flux (2). 54 
Crossing this threshold results into decreased evaporative fraction (EF), the ratio of latent 55 
heat to the sum of latent and sensible heat fluxes, making the air above the canopy warmer 56 
and drier, which in turn further reduces transpiration and plant carbon dioxide uptake (3-57 
5). The existence of critical SM thresholds plays a crucial role in the surface energy 58 
partitioning (6-8). SM-controlled energy partitioning determines local climate and land‐59 
atmosphere coupling, and can amplify warming in transition regions (9, 10). A better 60 
knowledge of critical SM thresholds is also important to assess crop yield risks and 61 
ecosystem vulnerability from drought exposure (7).  62 

The land surface hydrology community has historically observed that the θcrit level at which 63 
water-limitation of evapotranspiration begins is above the SM wilting point of extreme 64 
stress (7). Yet, it is not clear if plant photosynthetic processes become water-stressed at the 65 
same θcrit as evapotranspiration. For evapotranspiration, the θcrit can be quantified by 66 
evaluating the EF–SM relationship (2, 5, 8, 11, 12). For photosynthesis, the onset of water 67 
stress at ecosystem level was found to correspond to the SM critical value at which the sign 68 
of the covariance between daily gross primary production (GPP) and vapor pressure deficit 69 
(VPD) switches from a positive to negative sign when SM decreases during a soil drying 70 
period (13). GPP and evapotranspiration are tightly coupled on short time scales (4) and 71 
VPD combines the effects of both water stress and energy demand (via temperature) on 72 
GPP (14-16). Comparing θcrit values diagnosed from the covariance of GPP and VPD (the 73 
‘VPD–GPP–SM method’) with those calculated from EF–SM relationships (the ‘EF–SM 74 
method’) can help us understand whether evapotranspiration and photosynthetic processes 75 
become water-limited at similar SM conditions. 76 

The relationship between EF and SM shows two regimes: energy-limited and water-limited 77 
evapotranspiration (2, 5, 11, 12). When SM is higher than θcrit, the system is energy limited, 78 
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as less SM does not necessarily lead to lower evapotranspiration (17, 18). 79 
Evapotranspiration is at or near its potential value when net radiation is limiting, and EF 80 
stays near a maximum value (EFmax). In contrast, when SM is lower than θcrit, the capacity 81 
of plants to extract soil water by roots and xylem transport becomes progressively reduced. 82 
Under this SM-limited regime, evapotranspiration decreases with decreasing SM until the 83 
wilting point, where transpiration is blocked because of full stomatal closure, with little or 84 
no further change in EF with SM decrease (8). In the SM-limited regime, EF decreases 85 
with decreasing SM, and this decrease is approximately linear (8, 12, 19). The soil moisture 86 
regime can self-amplify itself because a lower evapotranspiration increases surface 87 
temperature and VPD, and prevents the formation of boundary layer clouds (3, 20). These 88 
feedbacks further increase net radiation and atmospheric dryness at larger scales, which 89 
accelerates the depletion of soil moisture, causing a positive “dry gets dryer” land‐90 
atmosphere climate feedback (4, 5, 21).  91 

The relationship between EF and SM can thus be summarized by three parameters: a 92 
constant EFmax in the energy limited regime, the θcrit breaking point at which EF decreases 93 
with SM, and the linear slope (S) between EF and SM below this breaking point. This EF–94 
SM framework is conceptually well established but quantifying θcrit to delineate the 95 
transition from energy to water-limited regimes across biomes and climate zones has been 96 
mainly limited to model-based studies due to a lack of observations (11, 18, 22, 23). At the 97 
global scale, so far there is no observation-based assessment of θcrit, S and EFmax, although 98 
few studies reported some of them at sites or regional scales (13, 18, 22). Even less is 99 
known about the mechanisms that control the three parameters of the EF–SM relationship. 100 
Earth system models include parametric functional SM–evaporation relationships, with 101 
parameters set to ad hoc values and kept constant in space and time (24). Differences in 102 
parameter values and functional relationships across models is a key source of divergence 103 
and uncertainty in their water and carbon cycle projections (6, 18, 25). Dirmeyer et al. (25) 104 
reported that an ensemble of models had no consistent representation of the connection 105 
between EF and SM. Quantifying the parameters of θcrit, S and EFmax and their drivers 106 
across biomes and climates is therefore critical to identify the mechanisms of water stress 107 
tipping points and improve models to predict future climate accurately. 108 

To quantify θcrit directly, we used accurate and high-frequency measurements of EF from 109 
eddy covariance flux towers during extensive periods without rainfall, when a transition 110 
from energy to water limitation is likely to happen. These periods during when SM 111 
decreases are known as dry-downs (18, 26, 27). From a systematic analysis of multiple 112 
dry-downs, we derive the EF–SM relationship and θcrit using daily latent and sensible heat 113 
flux observations from each site of the global network of flux tower measurements 114 
(Methods). The objectives of this study are (1) to quantify the three parameters θcrit, S and 115 
EFmax of the EF–SM relationship across diverse plant functional groups and climate types; 116 
(2) to examine the climatic, biotic and edaphic predictors that control the spatial variability 117 
of θcrit, S and EFmax; and (3) to investigate the consistency of θcrit derived from the EF–SM 118 
and VPD–GPP–SM methods globally to determine whether evapotranspiration and 119 
photosynthetic processes become water-limited under similar soil moisture conditions. 120 
Based on these results, we then evaluate possible relationships between the parameters and 121 
test whether the observed varying responses of EF–SM can be explained by an optimality 122 
principle. 123 

 124 
Results  125 
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Consistency of θcrit derived from the EF–SM and VPD–GPP–SM methods  126 

During a dry-down, EF remains relatively steady at first (energy-limited evapotranspiration 127 
stage) but then decreases when surface SM (volumetric soil water content, Methods) 128 
becomes lower than a given threshold. Fig. 1A shows this behavior at a forest site in 129 
Germany, DE-Hzd (Table S1). The EF–SM relationship is characterized by the θcrit 130 
transition point in SM separating the water and energy‐limited regimes. Using eight dry-131 
downs recorded during two peak growing seasons, we find that surface θcrit for EF equals 132 
23.4 ± 0.5 % at this site (Fig. 1B). From the change in sign of the covariance between daily 133 
VPD and GPP (Fig. 1C), we find that surface θcrit for GPP has a value of 24.5 %, which is 134 
very close to the EF-based estimate. Thus, θcrit estimated for EF and GPP at this site are 135 
very similar. 136 

Next, we systematically compared the two θcrit values estimated from EF and GPP. Across 137 
all sites, the two methods give consistent results (r=0.82, Fig. 1D), suggesting that EF and 138 
GPP both become water-limited at similar SM conditions. Thus, the EF-SM relationship 139 
during dry-downs is an effective method to quantify the SM threshold of plant water stress, 140 
despite the fact that EF is also impacted by changes in bare soil evaporation, which is partly 141 
decoupled from the water stress on transpiration and GPP. A second point is that the VPD–142 
GPP–SM method originally proposed for European ecosystems works globally, extending 143 
previous results from Fu, et al. (13). Since the VPD–GPP–SM method requires longer dry-144 
down periods to calculate the covariance between daily VPD and GPP, the EF-SM method 145 
was retained for this study involving a large numbers of sites on a global scale (Fig. 1E). 146 
We systematically calculated the three parameters that fully explain the EF–SM 147 
relationship at each site, as shown in Fig. 1b, namely EFmax during the first part of the dry-148 
downs in the absence of water stress, θcrit for the inception of the EF decrease with SM, 149 
and the slope (S) of the linear relationship between EF and SM below θcrit, when water 150 
stress intensifies. 151 

θcrit, S and EFmax among biomes and climate zones 152 

We find that the θcrit diagnosed from recurrent dry-downs of surface SM is highly 153 
correlated with the θcrit estimated from deeper SM (Fig. S3). As surface SM measurements 154 
are available at all sites, we focus on surface SM. Across all sites globally, we find the 155 
median θcrit, S and EFmax are 14.0 ± 0.9 % (± standard error), 0.045 ± 0.005 and 0.57 ± 156 
0.02, respectively (Fig. S4). These three canonical parameters have notably large spatial 157 
variations, suggesting differences in behavior across biomes and climate zones (Fig. 2). 158 
The value of θcrit in savannas (7.2 ± 1.1 %) is much lower than in deciduous broadleaf 159 
forests (DBF, 19.7 ± 2.4 %), grasslands (21.4 ± 2.4 %) and croplands (20.9 ± 2.5 %, Fig. 160 
2A). Ecosystems in temperate (18.8 ± 1.3 %), continental (17.1 ± 3.3 %) and sub-tropical 161 
climates (14.7 ± 1.7 %) have higher θcrit values than in dry climates (7.0 ± 1.1 %, Fig. 2B). 162 
The slope (S) value in savannas (0.082 ± 0.019) is three times higher than in grasslands 163 
(0.026 ± 0.009, Fig. 2C). Sites in temperate climates (0.033 ± 0.005) have lower S values 164 
than dry climates (0.090 ± 0.025, Fig. 2D). Regarding EFmax, the high values are mainly in 165 
croplands (0.78 ± 0.04), grasslands (0.67 ± 0.02) and DBF (0.63 ± 0.02), and they are 166 
significantly larger than in evergreen needleleaf forests (0.45 ± 0.02, Fig. 2E). Boreal 167 
climates (0.43 ± 0.04) have smaller EFmax values than tropical climates (0.71 ± 0.03, Fig. 168 
2F). Combining biomes and climate types, the values of θcrit, S and EFmax also varies among 169 
different ecosystems (Fig. S5), although statistical testing of these differences is 170 
impractical because of the limited sample size in each bin. We also find that variations of 171 
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the three parameters θcrit, S and EFmax are substantial within any one biome or climate zone 172 
(Fig. 2), implying the existence of other local controlling factors. 173 

Drivers of the spatial variability of θcrit, S and EFmax 174 

We analyse the relative importance of soil texture (sand fraction), vegetation structural 175 
characteristics (approximated by LAImax) and mean climatic variables (mean VPD and total 176 
precipitation during peak growing season) on the spatial variability of θcrit, S and EFmax 177 
using random forests (Methods). The cross-validation shows that these predictors explain 178 
43%, 46% and 38% of the spatial variability of θcrit, S and EFmax, respectively. The 179 
dominant predictors of the spatial variability of θcrit, S and EFmax were however different. 180 
We find that the spatial variability of θcrit is mostly explained by the sand fraction and 181 
LAImax (Fig. 3A) while the spatial variability of S is mainly explained by VPD and LAImax 182 
(Fig. 3F). The spatial variability of EFmax is mostly explained by precipitation amount, 183 
followed by LAImax (Fig. 3K). Partial dependence analysis confirms that θcrit across sites is 184 
reduced considerably with a higher sand fraction (Fig. 3B) but increased with LAImax (Fig. 185 
3C). In addition, θcrit shows a positive dependence on precipitation (Fig. 3D) and a negative 186 
dependence on VPD (Fig. 3E). In contrast, S increases greatly with higher VPD (Fig. 3J), 187 
but decreases with increasing LAImax (Fig. 3H). S is also less steep at higher precipitation 188 
(Fig. 3I) and for soils with a lower sand fraction (Fig. 3G). The opposite responses of θcrit 189 
and S to all these four environmental factors (Figs. 3B-E, G-J) indicate that there is a 190 
negative relationship between θcrit and S (see later). For EFmax, we find that increasing 191 
precipitation and LAImax mainly enhance EFmax (Figs. 3M-N) while EFmax decreases with 192 
increasing sand fraction (Fig. 3L). 193 

Relationships between θcrit, S and EFmax and the optimal adaptation of local EF–SM 194 
responses  195 

Across all sites, we find that θcrit exhibits a significant negative correlation with S and a 196 
positive correlation with EFmax (Fig. 4A). This is further confirmed by partial correlation 197 
analysis (Fig. 4B). Thus, there is a trade-off between θcrit and S: sites with low θcrit often 198 
have high S values while sites with high θcrit often have low S values (Fig. 4A, B). To 199 
understand the negative relationship between θcrit and S, we define the intersection of the 200 
fitted segmented curve with the x-axis at each site as θ0 (Methods). Across sites, the value 201 
of θ0 do not significantly differ from zero (Fig. S7). The S values in different biomes can 202 
therefore be predicted using the ratio of EFmax and θcrit (Fig. S8). The relationships between 203 
θcrit, S and EFmax can be related to the dryness of the climate. We thus calculated the aridity 204 
index (AI), defined as the ratio of annual potential evapotranspiration to annual 205 
precipitation, from the eddy-covariance measurements at each site (Methods). We find that 206 
low θcrit and high S values are more common in dry sites (AI > 4) while high θcrit and low 207 
S values are more common in wet sites (AI<3, Fig. S9). 208 

The distribution of θcrit and S across different biomes leads us to hypothesize two strategies 209 
for how ecosystem have adapted to prevailing recurrent water stress: (1) low θcrit with high 210 
S (e.g., savannas), and (2) high θcrit with low S (e.g., grasslands (mainly in temperate and 211 
continental climates), Figs. 3A, 2A, C). The first strategy reflects a resistance to soil 212 
dryness and is more successful for ecosystems experiencing frequent dry-downs. However, 213 
below the infrequently reached θcrit value, transpiration and ecosystem function may 214 
collapse rapidly. The second strategy, which consists in having a high EFmax and a high 215 
θcrit, is better adapted to humid and sub-humid environments where dry-downs are shorter, 216 
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less severe and less frequent, so that the number of days with SM below θcrit is low, and 217 
ecosystems can maximize EFmax to sustain water use for photosynthesis. 218 

As both θcrit and S values are significantly different between savannas and grasslands (Figs. 219 
2A, C), the response functions of EF–SM in these two biomes are further compared 220 
(Methods). We find that the response curve of mean EF–SM in savannas and grasslands 221 
are in line with the general results observed across sites; namely θcrit is negatively related 222 
to S but positively related to EFmax (Figs. 4A-C). The higher S value found in savannas 223 
implies that canopy conductance (Gc) may be reduced more strongly when SM passes 224 
below θcrit, while the lower S value in grasslands indicates that Gc may decrease more 225 
progressively when SM unfrequently gets below θcrit. To test this hypothesis, we calculated 226 
the reduction rate of Gc with decreasing SM under the water-limited stage in these two 227 
biomes, respectively (Methods). We find that the reduction rate of Gc with SM in savannas 228 
(9 ± 2 cm s-1 m3 m-3) is indeed significantly larger than in grasslands (5 ± 1 cm s-1 m3 m-3, 229 
Fig. 4D). Thus, the higher S values in savannas correspond to a stronger stomatal closure 230 
in response to a SM decrease under water-limited conditions, in order to prevent hydraulic 231 
failure. In contrast, the lower S values in grasslands imply a more gradual stomatal closure 232 
in response to SM decrease, favoring photosynthesis in periods of low to moderate water 233 
stress. 234 

We formulated a second hypothesis that the contrasted response functions of EF–SM 235 
between savannas (low θcrit and high S) and grasslands (high θcrit and low S) locally 236 
maximize growing-season evapotranspiration and EF. To test this, we predicted the mean 237 
daily EF during the peak growing season for each site in savannas and grasslands by 238 
exchanging the two responses of EF–SM (from savannas to grasslands, and vice versa) 239 
(Methods). Comparing with observed and predicted mean daily EF using the true EF–SM 240 
response, we find that the predicted mean daily EF using the EF–SM response curve from 241 
the other biome is underestimated (Fig. 4E). This finding suggests that EF–SM response 242 
curves are adapted so as to maximize growing season EF. To further test whether 243 
maximizing EF also implies maximization of photosynthesis during the peak growing 244 
season, we performed the same analysis for GPP (Methods). We find that, in both savannas 245 
and grasslands, the predicted mean growing-season GPP using the EF–SM model of the 246 
other biome is always lower than the predicted GPP using the true EF–SM model (Fig. 247 
4F). Thus, our results show that the trade-off between θcrit and S helps to maximize the 248 
growing-season EF, and the optimal adaptation of the local EF–SM response function of 249 
the ecosystem can maximize growing-season evapotranspiration and photosynthesis. 250 
Except for savannas and grasslands, we could not compare the response functions of EF–251 
SM among other biomes (forests, shrublands, croplands) because they do not have 252 
significant differences in either θcrit or S (Figs. 2A, C).  253 

 254 
Discussion  255 

Vegetation regulates the terrestrial water and carbon cycles, as it controls and adapts to 256 
changing SM availability. Yet our ability to characterize the θcrit at the global scale is 257 
limited. By examining the consistency of θcrit estimated from the VPD–GPP–SM and EF–258 
SM methods, this study showed that plant photosynthetic processes become water-stressed 259 
at a SM threshold similar to that of EF, suggesting that the EF–SM relationship is able to 260 
quantify the SM threshold of plant water stress. We noted that the absolute magnitudes of 261 
θcrit values estimated from the VPD–GPP–SM method are slightly higher than those based 262 
on the EF–SM method (Fig. 1D). This higher value is likely due to the fact that the VPD–263 
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GPP covariance is calculated using a nine-day moving window which therefore can 264 
overestimate the threshold during drydowns (13). Meanwhile, this bias may be also related 265 
to the bias in GPP for different flux tower sites due to the inhibition of leaf respiration in 266 
the light (28) and uncertainty in the gap-filling routine. The uncertainty in tower-estimated 267 
GPP depends in part on radiation, which would affect the SM thresholds estimated from 268 
VPD–GPP–SM method for different sites. Nevertheless, the relatively small mean 269 
difference, but strong spatial correlation between the two thresholds across all sites and all 270 
biomes shows that SM-limitation occurs at a similar SM level for GPP and 271 
evapotranspiration. This EF–SM approach used here also provided a practical application 272 
of the original conceptual Budyko curve (11), yet based on a temporal approach rather than 273 
spatial approach. The Budyko framework is commonly used to estimate the long-term 274 
mean actual evaporation as a function of the mean aridity index at the catchment scale and 275 
applied as a spatial analysis for mean evapotranspiration/precipitation (29). We focused 276 
here on the transient shift between energy and water limitations at the site scale (and at 277 
short time scales) and used SM to quantify ecosystem water limitation. 278 

Land-surface models typically represent soil moisture stress effects on evapotranspiration 279 
and GPP as a segmented function (30), consistent with our empirical analysis. Some 280 
models set θcrit at field capacity; then at lower SM, evapotranspiration and GPP are 281 
multiplied by a moisture scalar, which declines either linearly or non-linearly from 1 282 
at field capacity to 0 at wilting point (30). Our results suggest that a linear formula with 283 
θcrit set to field capacity will overestimate water stress. Other models more realistically 284 
define a θcrit that is less than field capacity and greater than the wilting point (31). 285 
Additionally, a moisture scalar is also used in some satellite GPP and evapotranspiration 286 
algorithms. For example, satellite-driven light use efficiency (LUE) GPP models used 287 
environmental scalars to represent biophysical constraints on maximum LUE (32, 33), but 288 
many of the existing and widely used LUE models do not currently incorporate SM 289 
constraints directly (34). Our study provides a soil moisture stress framework and 290 
parameterization that could be incorporated in the future to improve these models. The 291 
formulation introduced in this study is also compatible with formulations already used in 292 
light-use efficiency and process-based land surface models, but the three parameter values 293 
here are based on analysis of measured data, providing observations of key parameters of 294 
the SM control on evapotranspiration. The θcrit value we found is in line with the value 295 
found in Netherlands (16%) (35) and Africa (14%) (18) using satellite observations while 296 
our estimates of S and EFmax across sites are slightly higher than the values reported in 297 
Europe (S=0.03, EFmax=0.54) (13). We also found that there are large and systematic 298 
differences in these three parameters across biomes and climate zones. Even within a given 299 
plant functional type or climate type, the spatial variations in θcrit, S and EFmax are also 300 
large. Thus, it is unrealistic to parameterize these variables as universal constants, like in 301 
many models. Although models simulate SM in different layers whereas our analysis was 302 
based on surface observations, our results demonstrate that the surface θcrit is highly 303 
correlated with the θcrit in deep soil layers (Fig. S3), which is consistent with the recent 304 
findings that surface and rootzone soil moisture are equivalently skillful for identifying 305 
evapotranspiration regime changes (36). We also found that, when surface θcrit is larger 306 
than 20%, θcrit based on SM dry-downs of the deep soil layers is higher than surface θcrit 307 
(Fig. S3). This may be because the deep SM is relatively stable and acts as a low pass filter 308 
so that it will not be depleted as efficiently by plant roots compared with surface SM.  309 

In addition to helping improve the representation of water stress in models, eddy 310 
covariance observations from globally distributed and automated sensor networks analysed 311 
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here with a machine learning approach also unravel new relationships between parameter 312 
values and environmental variables. Our results showed that the spatial variability of θcrit, 313 
S, and EFmax are mostly explained by soil texture, mean growing season VPD and 314 
precipitation, respectively, while LAImax also importantly affects their values. The 315 
variability of θcrit is dominantly explained by the sand fraction, consistent with lower 316 
wilting points observed in sandy soils (37). Plant water stress is related to water potential 317 
which largely is impacted by the soil capacity to hold water (38, 39). Sandy soils have 318 
greater hydraulic conductivity and lower porosity than other soil types (e.g., clay) (40, 41), 319 
thus there is a lower soil water holding capacity in sandy soils. The spatial variability of S 320 
is mainly explained by VPD while the spatial variability of EFmax is mostly explained by 321 
the precipitation amount. Increasing VPD triggers stomatal closure (14) and reduces 322 
transpiration and EF, thus increasing S. LAImax has important contributions to the spatial 323 
variability of all these three parameters, highlighting the critical role of vegetation structure 324 
in controlling evapotranspiration processes. This result is in keeping with a previous study 325 
from Williams and Torn (42), showing that LAI controls surface heat flux partitioning and 326 
land-atmosphere coupling. As they have a lower LAImax and grow on more sandy soils 327 
(Fig. S10), savannas have lower θcrit and higher S than that of grasslands. Grasslands also 328 
tend to have greater soil organic carbon, helping to increase the water holding capacity 329 
(43). Our results also showed that the θcrit and S have opposite responses to all these 330 
environmental factors (soil texture, LAImax, VPD and precipitation, Figs. 3B-E, G-J). We 331 
noted that these environmental factors only explained about 40% of the variance in θcrit, S, 332 
and EFmax. The portion of unexplained variance might be related to plant hydraulic or 333 
functional traits, such as rooting depth or ability of roots to switch from surface to deep 334 
water uptake (44-47) and hydraulic traits diversity (48). Diverse communities are more 335 
likely to contain species with different traits that regulate how they respond to drought; 336 
higher hydraulic diversity for example buffers variation in ecosystem fluxes during dry 337 
periods across temperate and boreal forests (48). Given the large variations of these 338 
parameters over diverse ecosystems and the limited observational data we could use, we 339 
provide here a comprehensive analysis across global sites.  340 

Our study sheds new light on varying EF–SM relationships in different ecosystems. 341 
Dryland ecosystems, such as savannas, operate at low θcrit. Across sites, there is a negative 342 
relationship between θcrit and S, indicating that dryland ecosystems, which minimize θcrit 343 
through mechanisms of sustained soil water extraction and plant hydraulic transport, are 344 
also more vulnerable once extreme stress below θcrit is reached. There is therefore a trade-345 
off between θcrit and S: sites with low θcrit values often have high S values while sites with 346 
high θcrit values often have low S values, indicating two different adaptation strategies. The 347 
first strategy reflects a resistance to soil dryness and is more successful for ecosystems 348 
experiencing frequent dry-downs. However, below the infrequently reached θcrit value, 349 
ecosystem function may collapse rapidly. The second strategy with a high θcrit is more 350 
adapted to humid and sub-humid environments where dry-downs are shorter and less 351 
severe. For the first strategy, the higher S values correspond to a more rapid stomatal 352 
closure in response to a SM decrease under water-limited conditions in order to prevent 353 
hydraulic failure (49, 50). In contrast, for the second strategy, the lower S values which is 354 
related to a more gradual stomatal closure in response to a SM decrease, benefits 355 
photosynthesis in periods of limited water stress and reduces the risk of carbon-starvation, 356 
but this can lead to hydraulic failure if drought is sufficiently intense: plants will run out 357 
of water before they run out of carbon (51).  358 
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The θcrit values quantified in this study reflect a background ecosystem resistance to aridity. 359 
Berdugo et al. (52) recently reported that aridification is associated to systemic and abrupt 360 
changes, which occurred sequentially in three phases characterized by abrupt decays in 361 
plant productivity, soil fertility, and plant cover and richness at aridity values of 0.54, 0.7, 362 
and 0.8, respectively. Our results imply that ecosystems with lower θcrit should have higher 363 
aridity thresholds. We do not have a map of θcrit but with advances in remote sensing, this 364 
may be possible (e.g. Feldman et al. (18)) and we could then test if systems with a higher 365 
θcrit have a lower threshold response to increased aridity compared to more resistant 366 
systems with a lower θcrit. Consistent with the ecosystem optimality concepts, our results 367 
showed that the trade-off between θcrit and S helps to increase the growing-season EF, and 368 
that optimal adaptation of the EF–SM response also maximizes growing-season carbon 369 
uptake. It is worth noting that different rooting depths across different sites may affect the 370 
θcrit, although recent studies showed that surface and rootzone soil moisture are 371 
equivalently skillful for identifying evapotranspiration regime changes (36). We also noted 372 
that some species could utilize adaptation strategies to reduce LAI (e.g., drought deciduous 373 
functional types) in addition to stomatal regulation during dry periods (53, 54), but our 374 
analysis focused on peak growing season and soil dry-downs at short time scales, thus the 375 
impacts of drought deciduousness should be muted. Moreover, our analysis of the temporal 376 
dynamics of θcrit showed that the interannual variability of θcrit is not significant (Fig. S6), 377 
indicating the relatively stability of θcrit through time in this study. 378 

In summary, this study quantified the θcrit, S, and EFmax in terrestrial ecosystems using 379 
globally-distributed eddy covariance measurement sites. Our formulation is similar to one 380 
commonly used in land surface models, although models consider deeper SM than 381 
observations. We found systematic differences of the three parameters across biomes and 382 
climates, and uncovered the relationships between parameter values and environmental 383 
factors, including climatic, biotic and edaphic variables. These results help in identifying 384 
tipping points of water stress impairing ecosystem functioning and should help towards a 385 
better representation of water stress in land surface models. Future research will aim to use 386 
our new understanding of θcrit, S and EFmax to improve model representation of soil 387 
moisture constraints on water and carbon fluxes. As soil matric potential and VPD interact 388 
with vegetation function to control water flow, future research deriving relationships 389 
between SM during dry-downs, VPD, and soil water potentials will be a central challenge. 390 

 391 
Materials and Methods 392 

Eddy covariance observations 393 

We used half-hourly soil moisture (SM), latent heat flux, sensible heat flux, vapor pressure 394 
deficit (VPD), gross primary productivity (GPP), and precipitation from the recently 395 
released ICOS (Integrated Carbon Observation System) (55), AmeriFlux (56, 57) and the 396 
FLUXNET2015 dataset of energy, water, and carbon fluxes and meteorological data, all 397 
of which have undergone a standardized set of quality control and gap filling (58, 59). Data 398 
were processed following a consistent and uniform processing pipeline (58). There are 279 399 
flux tower sites in total by combing ICOS, AmeriFlux and FLUXNET2015 datasets. We 400 
first removed 62 sites without SM measurements, then dropped all wetland sites because 401 
they have a perched water table and infrequently show SM limitations such that 212 sites 402 
remained. Since for some sites, there was no dry-down detected during the peak growing 403 
season across all available years; these sites were also excluded (195 sites remaining). The 404 
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evaporative fraction (EF)–SM relationships in these 195 sites were evaluated to detect the 405 
θcrit for each site.  406 

SM was measured as volumetric soil water content (percentage) at different depths. Surface 407 
SM (SM_1: 0-10 cm, varying across sites) was measured at all sites and some sites also 408 
provided deeper SM measurements (e.g., SM_2: 10-30 cm; SM_3: 20-60 cm). We mainly 409 
explored the surface SM observations but deeper SM measurements were also used when 410 
available. The GPP estimates from the night-time partitioning method were used for the 411 
analysis (60). Data were quality controlled so that only measured and good-quality gap 412 
filled data (QC = 0 or 1) were used. Daytime half-hourly data (9 am to 16 pm local standard 413 
time) were averaged to daily values while SM values were averaged over the full day. 414 

Soil moisture dry-down identification 415 

Dry-downs following rainfall are episodes with no rain for several consecutive days during 416 
which SM shows a short term ‘pulse’ rise after rain and then decays until the next rain 417 
event. A dry-down is retained for our analysis when SM decreases consecutively for at 418 
least 10 days after rainfall following previous studies (13, 26, 27, 61, 62). Days with 419 
intermittent rainfall are excluded to remove the rainfall impacts on latent heat flux 420 
measurements. To minimize the irrigation effects on EF in croplands, we checked if there 421 
were peaks of SM without rain at each cropland site, which would indicate irrigation 422 
events. Then we removed the dry-downs with intense irrigation episodes at cropland sites. 423 
We focused on the soil dry-downs during the peak growing season for all available site-424 
years, defined as 3-month period with the maximum mean GPP across the available years. 425 
This resulted in 2035 dry-down events that form the basis of our study. 426 

θcrit, S and EFmax estimation using EF–SM method 427 

We calculated the daily EF as the ratio of observed latent heat flux to the sum of latent and 428 
sensible heat fluxes. Then, we characterized the EF–SM relationship at each site using all 429 
available soil dry-downs, from a regression between these two variables with a linear-plus-430 
plateau model: 431 

𝐸𝐹 = $𝐸𝐹!"# 	+ 𝑆
(𝑆𝑀 − 𝜃$%&')					𝑖𝑓	𝑆𝑀 < 𝜃$%&'

𝐸𝐹!"#																																					𝑖𝑓	𝑆𝑀 ≥ 𝜃$%&'
                                                (1) 432 

where 𝐸𝐹!"# is the maximum value of EF in absence of SM stress (energy‐limited stage), 433 
𝑆 represents the slope of the linear increase phase (water‐limited stage), and 𝜃$%&' is the 434 
critical SM threshold. These three parameters and their standard errors were 435 
simultaneously estimated by least squares fit with the R software package ‘segmented’ (63) 436 
for each site, leading to site-specific estimated values of peak EF (EFmax), slope (S) and 437 
θcrit. θcrit is the breakpoint until which EF increases linearly as a function of SM. The S 438 
represents the EF sensitivity to SM in the water‐limited regime, indicating the magnitude 439 
of EF increase for each additional 1 % soil water content (or 0.01 m3 m-3) change in SM 440 
when SM is below its breakpoint. The plateau is the maximum EF value reached when SM 441 
exceeds its threshold. An example to estimate the EFmax, S and θcrit was showed in Fig. 1B. 442 

Based on the EF–SM relationships, there were 85, 29 and 19 sites with the θcrit estimates 443 
using the first (SM_1), second (SM_2), and third (SM_3) soil water content measurement 444 
depth, respectively. For the rest of sites, it was not possible to estimate a θcrit because 445 
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samples were too infrequent, or there were no thresholds. These 85 sites included 11 446 
deciduous broadleaf forests (DBF), 5 evergreen broadleaf forests (EBF), 26 evergreen 447 
needleleaf forests (ENF), 3 mixed forests (MF), 8 shrublands (SHR), 4 croplands (CRO), 448 
14 grasslands (GRA), and 14 savannas (SAV) (Table S1). 449 

Differences in θcrit, S and EFmax between groups (different plant functional types or climate 450 
types) were analyzed using the Kruskal–Wallis test, a nonparametric test of difference (64). 451 
A p-value <0.05 was used to identify significant differences between groups. Plant 452 
functional types were defined according to the International Geosphere–Biosphere 453 
Programme (IGBP) classification (58). Climate types were defined according to the 454 
Köppen-Geiger classification as in Migliavacca et al. (65): Tropical (Aw, Af, Am), Dry 455 
(BSh, BSk, BWh), Sub-Tropical (Cfa, Csa, Csb, Cwa), Temperate (Cfb), Continental (Dfa, 456 
Dfb, Dwa, Dwb, Dwc), and Boreal (Dfc, Dsc).  457 

θcrit estimation using VPD–GPP–SM method  458 

For the threshold in plant photosynthetic processes, Fu et al. (13) recently reported that the 459 
initiation of water stress could be detected as the SM value when the sign of the covariance 460 
between daily GPP and VPD changes from positive to negative during a dry-down. GPP 461 
and evapotranspiration are tightly coupled on short time scales (4), and the sign of the 462 
covariance between daily VPD and GPP reflects the relative strength of water vs. energy 463 
limitation on ecosystem function, because VPD combines the effects of both water stress 464 
and energy demand (via temperature) on GPP (14-16). Following Fu et al. (13), we also 465 
calculated the covariance between daily VPD and GPP across nine-day moving windows 466 
during the dry-down (e.g., 1-9 days; 2-10 days; 3-11 days…). A positive covariance 467 
indicates that higher VPD is associated with increases of GPP (which we term ‘radiation 468 
effects’) while a negative covariance indicates that water stress limits GPP, i.e., with a 469 
higher VPD caused by dryer soils results in a lower GPP. We excluded some short dry-470 
downs because their covariances during the dry-down are all positive or negative, 471 
suggesting the entire dry-down period is under energy-limited or water-limited stage. We 472 
only chose the long soil dry-downs with at least 15 days (with at least 7 covariance values) 473 
and their covariances must include both positive and negative values. Similar to the VPD–474 
GPP covariance, the average of SM during the moving window (e.g., 1-9 days; 2-10 days; 475 
3-11 days…) were also calculated to detect the θcrit when the sign of VPD–GPP covariance 476 
changes from positive to negative. An example to quantify the θcrit using VPD–GPP–SM 477 
method was showed in Fig. 1C.  478 

To compare the θcrit values from the VPD–GPP–SM method with the EF–SM method, we 479 
fitted the θcrit values from these two methods using linear (f(x) = p1 × x + p2) and nonlinear 480 
(f(x) = p1 × x2 + p2 × x + p3) function, respectively (Fig. S1). We found that the coefficients 481 
of p1 and p2 in the linear fitting are significantly different from 0 at the significance level 482 
of 0.05 while both the p1 and p3 in the nonlinear fitting do not significantly differ from 0 483 
(Fig. S1), suggesting that the linear assumption is reasonable. To test whether the closure 484 
of the energy balance from eddy covariance measurements affects the bias of θcrit values 485 
(66), we repeated the analysis using the ‘LE.CORR’ and ‘H.CORR’ variables from 486 
FLUXNET database to calculate the EF and quantify θcrit, instead of ‘LE’ and ‘H’. 487 
LE.CORR and H.CORR are the “energy balance corrected” version of latent and sensible 488 
heat flux, based on the assumption that the Bowen ratio is correct (67). Our results were 489 
robust to either variable (Fig. S2). The differences in SM threshold values based on the two 490 
energy fluxes were negligible (Fig. S2).  491 
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Drivers of the spatial variability of θcrit, S and EFmax 492 

A random forests analysis was used to identify the soil property, vegetation structure and 493 
climate variables that contribute the most to the spatial variability of θcrit, S and EFmax. For 494 
climatic variables, we calculated the aridity index, mean VPD, incoming shortwave 495 
radiation, wind speed and total precipitation during the peak growing season from flux 496 
tower observations at each site. As vegetation structure variable, maximum leaf area index 497 
(LAImax) was collected for 53 sites, from the literature (65, 68, 69). Using the Application 498 
for Extracting and Exploring Analysis Ready Samples (AppEEARS) (70), LAImax in the 499 
rest of 32 sites were extracted from MODIS LAI product (MCD15A2) at 500 m spatial 500 
resolution (71). Soil property variables were extracted from SoilGrids, a collections of soil 501 
property maps for the world at 250 m resolution (72), inculding sand fraction, soil organic 502 
carbon content, total nitrogen, pH, bulk density, volumetric fraction of coarse fragments 503 
and cation exchange capacity. 504 

The performances of random forests model were assessed by 5-fold cross-validation using 505 
two criteria: the mean absolute error (MAE) and the R-squared value (R2). MAE quantifies 506 
the overall error, while R2 estimates the proportion of variance in response variable that is 507 
captured by the predictive variables. We favored the model with the smallest MAE and the 508 
highest R2 (73, 74). Following Huang et al. (73), we first run the random forests model 509 
with all predictor variables included, then sequentially excluded predictors that did not 510 
improve model performance one after another. The best model with the minimum number 511 
of predictors and same predictors for all three response variables (θcrit, S and EFmax) was 512 
selected. The final set of predictors included the following predictor variables: as soil 513 
property variable, sand fraction (%); as vegetation structure variable, maximum leaf area 514 
index (LAImax, m2 m−2); as climatic variables, mean daily VPD (hPa) and total precipitation 515 
amount (Preci, mm) during the peak growing season.  516 

We used partial dependencies of variables to assess the relationship between individual 517 
predictors and the response variables (that is, θcrit, S or EFmax). The results from the partial 518 
dependency analysis can be used to determine the effects of individual variables on the 519 
response, without the influence of the other variables (74). The partial dependencies were 520 
calculated restricted to the values falling within the convex hull of their training values to 521 
reduce the risk of interpreting the partial dependence plot outside the range of the data 522 
(extrapolation risk)(65). The partial dependence function was computed using the pdp R 523 
package (75). Partial dependence plots derived for θcrit, S and EFmax were showed in Figs. 524 
3B-E, G-J, L-O for various inputs. 525 

Temporal variability of θcrit, S and EFmax 526 

Besides their spatial variability across sites, θcrit, S and EFmax may also change with time. 527 
Although the temporal variability in θcrit, S and EFmax is difficult to evaluate given the 528 
relatively short observation record at most sites, we analyzed the temporal dynamics of 529 
these three parameters at a forest site with long observational periods (2000-2019), DE-530 
Hai (Table S1). We quantified θcrit, S and EFmax using dry-downs every three years, 531 
respectively (Table S2, Note that we could not estimate a θcrit during 2009-2017 because 532 
samples were too infrequent, or soil moisture was always above or below the threshold in 533 
these years). We found that θcrit values changed slightly over time (Table S2). The mean 534 
θcrit, S and EFmax across results from every three years were similar to that of during 2000-535 
2019, thus our results reflect the average of θcrit, S and EFmax during the available 536 
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observational periods. To further test whether there was a trend change through time in 537 
θcrit, S and EFmax, we performed the same analysis at five sites with at least 15 years of 538 
measurements. We found that there was no significant trend change with time in the three 539 
parameters over all site-years (Fig. S6). This initial exploration should be treated with 540 
caution given the relatively few sites and short observation record. 541 

Relationships between θcrit, S and EFmax  542 

To understand the relationships between θcrit, S and EFmax, we plotted these three variables 543 
in three dimensions across all sites, distributed in different biomes or aridity index. Aridity 544 
index was defined as the ratio of annual potential evapotranspiration (PET) to annual 545 
precipitation. We calculated the PET using the Priestley-Taylor equation following Novick 546 
et al. (16) for each site. The aridity index calculated using PET from Priestley–Taylor 547 
equation matched well with that of the Penman–Monteith equation. We also performed the 548 
partial correlation analysis to test the significance of the relationships between θcrit, S and 549 
EFmax (P < 0.05).  550 

To further explore the negative relationship between θcrit and S, we define the intersection 551 
of the fitted segmented curve with the x-axis as θ0 (the value of SM at which EF equals 552 
zero), thus θ0 can be calcualted using the Eq. 2.  553 

𝑆 = 	 ()!"#
(+$%&'	-	+()

						                                                                                 (2) 554 

We then compared the θ0 with zero using t-test across sites and found that the θ0 do not 555 
significantly differ from zero (Fig. S7). The S values in different biomes can therefore be 556 
predicted using the ratio of EFmax and θcrit (Fig. S8).  557 

Mean response function of EF–SM in savannas and grasslands  558 

Based on the distribution of θcrit and S in different plant functional types, we proposed two 559 
schema: (1) low θcrit with high S (e.g., savannas), and (2) high θcrit with low S (e.g., 560 
grasslands). As both θcrit and S were significantly different between savannas and 561 
grasslands (Figs. 2A, C) and the number of sites in savannas (n=14) and grasslands (n=14) 562 
were same, the response functions of EF–SM in these two biomes were further compared. 563 
We were not able to compare the response functions of EF–SM among other biomes 564 
becasuse they did not show any significant difference in either θcrit or S (Figs. 2A, C). The 565 
mean response functions of EF–SM in savannas and grasslands were obtained by 566 
calculating the median values of the θcrit, S and EFmax across all sites for savannas and 567 
grasslands, respectively. The uncertainty of mean EF–SM response function for each 568 
biome was quantified by calculating the 95% confidence interval across all sites.  569 

Derivation of canopy conductance from eddy covariance measurements 570 

At each site in savannas and grasslands, Gc under water-limited stage (SM < θcrit) was 571 
calculated using half-hourly eddy-covariance measurements by inverting the Penman–572 
Monteith equation (76): 573 

𝐺$ = 𝑟"𝛾 4∆
(0)-1)23$*%"(4+(5")-4")

6(
− (Δ + 𝜆)78     (3) 574 
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where Gc and ra are canopy stomatal conductance and aerodynamic resistance respectively, 575 
γ is the psychrometric constant, Δ is the slope of the water vapour deficit with respect to 576 
temperature, Rn and G are observed net radiation and soil heat flux, ρ is air density, Cp is 577 
the specific heat capacity of dry air, es and ea are saturated and actual vapor pressure, and 578 
λE is observed evapotranspiration. ra is calculated following Novick et al. (16) (Eq. 4), 579 
using the von Kármán constant (k = 0.4), available wind speed data (ws), measurement 580 
height (𝑧𝑚), momentum roughness length (𝑧0 = 0.1h) and zero plane displacement (𝑧𝑑 = 581 
0.67h), both based on calculated canopy height (h) under near-neutral conditions (77) (Eq. 582 
5). 583 

𝑟" =
789

,!-,.
,(

:
/

;+</
         (4) 584 

ℎ = =!
>.@2>.A×4#C901+2∗ :

        (5) 585 

In order to evaluate the reduction rate of Gc per SM decrease under water-limited stage, we 586 
further calculated the change rate of Gc under water-limited stage for each site in savannas 587 
and grasslands by the ratio between the change of Gc and the change of SM as follows (Eq. 588 
6): 589 

∆𝐺$ =
D4E&"F(145	&)	7(-8(('9)-D4E&"F(145	&)	(-/('9)

D4E&"F(GD7(-8(('9)-D4E&"F(GD(-/('9)
                                          (6) 590 

where ∆𝐺$ is the reduction rate of Gc per SM decrease; 𝑀𝑒𝑑𝑖𝑎𝑛(𝐺GD	&F	H>-A>>'I) is the 591 
median Gc during 80-100th percentiles of SM under water-limited stage; 592 
𝑀𝑒𝑑𝑖𝑎𝑛(𝐺GD	&F	>-J>'I) is the median Gc during 0-20th percentiles of SM under water-593 
limited stage; 𝑀𝑒𝑑𝑖𝑎𝑛(𝑆𝑀H>-A>>'I) is the median SM during 80-100th percentiles of SM 594 
under water-limited stage, and 𝑀𝑒𝑑𝑖𝑎𝑛(𝑆𝑀>-J>'I)  is the median SM during 0-20th 595 
percentiles of SM under water-limited stage. 596 

Predicting EF and GPP during the peak growing season 597 

We formulated the hypothesis that, the distinct response functions of EF–SM between 598 
savannas (low θcrit with high S) and grasslands (high θcrit with low S) locally maximize 599 
growing-season EF. To test this, we predicted mean daily EF during the peak growing 600 
season in savannas by swapping two response functions of EF–SM, the one from savannas 601 
and the one from grasslands. Similarly, we predicted mean daily EF during the peak 602 
growing season in grasslands for each site using daily SM in grasslands and running two 603 
response functions of EF–SM, respectively. 604 

To further test whether the maximizing EF also reflect a production maximization during 605 
the peak growing season, we performed the same analysis for savannas and grasslands GPP 606 
using daily observed EF and predicted EF from two response functions of EF–SM, 607 
respectively. Mean daily GPP during the peak growing season for each site was calculated 608 
using daily EF, net radiation (Rn) and water use efficiency (WUE) as Eq. 7. WUE was 609 
calculated as the ration of observed GPP to observed latent heat flux (78). Except for 610 
savannas and grasslands, we cannot compare the response functions of EF–SM among 611 
other biomes because they have no significant difference in either θcrit or S (Figs. 2A, C).  612 
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𝐺𝑃𝑃 = 𝐸𝐹 × 𝑅F ×𝑊𝑈𝐸                                                                          (7)  613 
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Figures  854 

 855 

Fig. 1. Quantifying the critical SM threshold during SM dry-downs using EF–SM 856 
method and VPD–GPP–SM method. SM and EF changes during a dry-down at 857 
a forest site, DE-Hzd (A). Estimating SM threshold from the EF–SM method (B) 858 
and the VPD–GPP–SM method (C) using all dry-downs at DE-Hzd. Comparison 859 
between the SM thresholds estimated from the VPD–GPP–SM method and the EF–860 
SM method across all sites (D). Median and the 25th, 75th percentiles are shown 861 
for each biome. The dashed line is the 1:1 line. Covariance and mean SM were 862 
calculated using 9-day moving window (e.g., 1-9 days; 2-10 days; 3-11 days…) 863 
following Fu et al. (13). The units of covariance between VPD and GPP is μmol 864 
CO2 m-2 s-1 hPa. Map of the flux tower sites used in this analysis (E). Colours 865 
indicate the θcrit values using EF–SM method. SM: soil moisture; EF: evaporative 866 
fraction; VPD: vapor pressure deficit; GPP: gross primary production; θcrit: critical 867 
SM threshold; S: slope between EF and SM; EFmax: peak EF. 868 
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 869 

 870 

Fig. 2. Soil moisture threshold (θcrit), evaporative fraction slope (S) and peak 871 
evaporative fraction (EFmax) among different plant functional types and 872 
climate types. θcrit (A-B), S (C-D), and EFmax (E-F) among different plant 873 
functional types (A, C, E) and climate types (B, D, F). Letters represent statistically 874 
significant differences in the median values (Kruskal-Wallis test, P < 0.05), such 875 
that groups not containing the same letter are different. For each box plot, the 876 
middle line indicates the median; the box indicates the upper and lower quartiles 877 
and the whiskers indicate the 5th and 95th percentiles of the data. Plant functional 878 
types were defined according to the IGBP classification, including SAV 879 
(savannas); SHR (shrublands); ENF (evergreen needleleaf forests); EBF (evergreen 880 
broadleaf forests); DBF (deciduous broadleaf forests); MF (mixed forests); GRA 881 
(grasslands) and CRO (croplands). Climate types were defined according to the 882 
Köppen-Geiger classification as in Migliavacca et al. (65): Tropical (Aw, Af, Am), 883 
Dry (BSh, BSk, BWh), Sub-Tropical (Cfa, Csa, Csb, Cwa), Temperate (Cfb), 884 
Continental (Dfa, Dfb, Dwa, Dwb, Dwc), and Boreal (Dfc, Dsc). 885 
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 886 

Fig. 3. Importance of soil, vegetation structure and climate properties and partial 887 
dependence. Predictive relative importance for θcrit (A), S (F) and EFmax (K). 888 
Numbers in the circles represent the percentage increase in mean squared error 889 
(MSE). Yellow circles represent soil variable; green circles represent vegetation 890 
structure variable; light blue circles represent climate variables. Partial dependence 891 
plots of the predictors for θcrit (B-E), S (G-J) and EFmax (L-O). The slopes of the 892 
partial dependence plot indicate the sensitivity of the response variable to the 893 
specific predictor. Sand: sand fraction (%); LAImax: maximum leaf area index (m2 894 
m-2); VPD: mean VPD during the peak growing season (hPa); Preci: total 895 
precipitation amount during the peak growing season (mm). Tick marks in the x 896 
axis represent the minimum, maximum and deciles of the variable distribution.  897 
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 899 
 900 

Fig. 4. Relationships between θcrit, S and EFmax and the optimal adaptation of local 901 
EF–SM response function. The distribution of θcrit, S and EFmax across all sites in 902 
different biomes (A). Partial correlation between θcrit, S and EFmax across all sites 903 
(B). The mean response functions of EF–SM in savannas and grasslands (C), while 904 
the shading bounds the 95% confidence interval. The canopy conductance (Gc) 905 
change rates per SM decrease during water-limited stage in savannas and 906 
grasslands (D). Observed and predicted mean daily EF during the peak growing 907 
season in savannas and grasslands by swapping two response functions of EF–SM, 908 
the one from savannas and the one from grasslands (E). Calculated mean daily GPP 909 
during the peak growing season in savannas and grasslands using observed and 910 
predicted EF from two response functions of EF–SM (F). For each box plot, the 911 
middle line indicates the median; the box indicates the upper and lower quartiles, 912 
and the whiskers indicate the 5th and 95th percentiles of the data. GRA: grasslands; 913 
SAV: savannas; FOR: forests; SHR: shrublands; CRO: croplands.  914 

  915 
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Supplementary Materials  916 

 917 
Fig. S1. Fitting the soil moisture thresholds from EF–SM method and VPD–GPP–SM method 918 
using linear (f(x) = p1 × x + p2) and nonlinear (f(x) = p1 × x2 + p2 × x + p3) functions. The 95% 919 
confidence intervals are shown in parenthesis. 920 
 921 

 922 
Fig. S2. The effect of different energy fluxes (LE and H vs. LE.CORR and H.CORR ) on SM 923 
thresholds estimated from EF–SM method across all sites with corrected energy fluxes. Both the 924 
‘LE’ (or ‘H’) and ‘LE.CORR’ (or ‘H.CORR’) variables were reported by the FLUXNET 925 
database for latent (or sensible) energy exchange. LE.CORR and H.CORR are the “energy 926 
balance corrected” version of latent and sensible heat flux, based on the assumption that the 927 
Bowen ratio is correct. 928 
  929 
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 930 

 931 
Fig. S3. Relationships between estimated SM thresholds using the SM in the first depth (SM_1) 932 
and the SM in second (SM_2) or third depth (SM_3) provided by each research site. 933 
 934 

 935 
Fig. S4. Probability distributions of θcrit, S and EFmax across all sites (A-C).  936 
 937 

 938 
Fig. S5. Values of θcrit, S and EFmax in a matrix of plant functional types and climate types. The 939 
number in the first panel indicates the number of sites in each bin. SAV: savannas; SHR: 940 
shrublands; ENF: evergreen needleleaf forests; EBF: evergreen broadleaf forests; DBF: deciduous 941 
broadleaf forests; MF: mixed forests; GRA: grasslands; CRO: croplands. Sub: sub-tropical; Tro: 942 
tropical; Tem: temperate; Con: continental; Bor: boreal.  943 
 944 
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 945 
Fig. S6. The temporal change of θcrit, S and EFmax at five sites with at least 15 years of 946 
measurements (A-C). The red line represents the linear fitting over all site-years. Different sites 947 
were shown in different marks. P values indicate statistical significance of the linear trend. 948 
 949 

 950 
Fig. S7. Values of θ0 (the value of SM at which EF equals zero) across sites. The θ0 is not 951 
significantly differ from zero (P > 0.05). 952 
 953 

 954 
Fig. S8. The relationship between observed and predicted S across biomes. 955 
 956 

2000 2005 2010 2015 2020
Year

0

10

20

30

40

cr
it (%

)

P=0.34
A DE-Hai

CH-Cha
CH-Lae
CH-Oe2
US-MMS

2000 2005 2010 2015 2020
Year

0

0.02

0.04

0.06

0.08

S

P=0.11
B

2000 2005 2010 2015 2020
Year

0.5

0.6

0.7

0.8

0.9

EF
m

ax

P=0.45
C

All sites
-30

-20

-10

0

10

20

30

0 (%
)

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35
Observed S

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Pr
ed

ic
te

d 
S

y=0.24x+0.03 (r=0.42)

0.02 0.04 0.06 0.08 0.1
Observed S

0.02

0.04

0.06

0.08

Pr
ed

ic
te

d 
S

y=0.81x+0.01 (r=0.91)

DBF
EBF
ENF
MF
GRA
SAV
SHR
CRO



Science Advances                                               Manuscript Template                                                                           Page 28 of 31 
 

 957 
Fig. S9. The distribution of θcrit, S and EFmax across all sites with aridity index. 958 
 959 

 960 
Fig. S10. Sand fraction and maximum leaf area index (LAImax) in savannas and grasslands. Both 961 
sand fraction and LAImax in savannas (SAV) and grasslands (GRA) are significantly different 962 
(Kruskal-Wallis test, P < 0.05). For each box plot, the middle line indicates the median; the box 963 
indicates the upper and lower quartiles, and the whiskers indicate the 5th and 95th percentiles of 964 
the data. 965 
 966 
Table S1. Eddy covariance sites used in this study. Site identifier (ID), latitude (Lat, °), longitude 967 
(Long, °), plant functional type (PFT), climate type, and study periods are listed. Plant functional 968 
types were defined according to the IGBP classification, including SAV (savannas); SHR 969 
(shrublands); ENF (evergreen needleleaf forests); EBF (evergreen broadleaf forests); DBF 970 
(deciduous broadleaf forests); MF (mixed forests); GRA (grasslands) and CRO (croplands). 971 
Climate types were defined according to the Köppen-Geiger classification.  972 

Site ID Lat Long PFT Climate Periods 

AU-ASM -22.28 133.25 SAV bsh 2010-2014 
AU-Cpr -34.00 140.59 SAV bsk 2010-2014 
AU-DaS -14.16 131.39 SAV aw 2008-2014 
AU-Dry -15.26 132.37 SAV aw 2008-2014 
AU-Gin -31.38 115.71 SAV csa 2011-2014 
AU-How -12.49 131.15 SAV aw 2001-2014 
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AU-Rig -36.65 145.58 GRA cfb 2011-2014 
AU-Whr -36.67 145.03 EBF cfb 2011-2014 
AU-Wom -37.42 144.09 EBF cfb 2010-2014 
BE-Bra 51.31 4.52 MF cfb 2012-2019 
BE-Maa 50.98 5.63 SHR cfb 2016-2020 
CA-Ca2 49.87 -125.29 ENF cfb 1999-2010 
CA-Ca3 49.53 -124.90 ENF cfb 2001-2010 
CA-NS6 55.92 -98.96 SHR dfc 2001-2005 
CA-Oas 53.63 -106.20 DBF dfc 1997-2010 
CA-Qfo 49.69 -74.34 ENF dfc 2003-2010 
CA-SF2 54.25 -105.88 ENF dfc 2001-2006 
CA-SJ2 53.95 -104.65 ENF dfc 2002-2010 
CA-TP1 42.66 -80.56 ENF dfb 2002-2014 
CA-TPD 42.64 -80.56 DBF dfb 2012-2014 
CH-Cha 47.21 8.41 GRA cfb 2005-2020 
CH-Dav 46.82 9.86 ENF cfb 2006-2014 
CH-Lae 47.48 8.37 MF cfb 2004-2020 
CH-Oe1 47.29 7.73 GRA cfb 2002-2008 
CH-Oe2 47.29 7.73 CRO cfb 2004-2018 
CN-Cng 44.59 123.51 GRA dwa 2007-2010 
CN-Dan 30.50 91.07 GRA dwc 2004-2005 
CN-Du2 42.05 116.28 GRA dwb 2006-2008 
CN-Du3 42.06 116.28 GRA dwb 2009-2010 
CN-Qia 26.74 115.06 ENF cfa 2003-2005 
CZ-Lnz 48.68 16.95 MF cfb 2015-2020 
CZ-RAJ 49.44 16.70 ENF cfb 2012-2018 
DE-Gri 50.95 13.51 GRA cfb 2007-2020 
DE-Hai 51.08 10.45 DBF cfb 2000-2020 
DE-HoH 52.09 11.22 DBF cfb 2015-2020 
DE-Hzd 50.96 13.49 DBF cfb 2010-2020 
DE-Kli 50.89 13.52 CRO cfb 2005-2018 
DE-Lnf 51.33 10.37 DBF cfb 2002-2012 
DE-Obe 50.79 13.72 ENF cfb 2008-2020 
ES-Abr 38.70 -6.79 SAV csa 2015-2018 
ES-LM1 39.94 -5.78 SAV csa 2014-2020 
ES-LM2 39.93 -5.78 SAV csa 2014-2020 
FR-Bil 44.49 -0.96 ENF cfb 2014-2020 
FR-Hes 48.67 7.06 DBF cfb 2014-2020 
FR-LBr 44.72 -0.77 ENF cfb 1996-2008 
GF-Guy 5.28 -52.92 EBF am 2004-2014 
IT-BFt 45.20 10.74 DBF cfa 2019-2020 
IT-CA1 42.38 12.03 DBF csa 2011-2014 
IT-Col 41.85 13.59 DBF csa 2006-2014 
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IT-Cpz 41.71 12.38 EBF csa 1997-2009 
IT-Lsn 45.74 12.75 SHR cfa 2016-2020 
IT-Noe 40.61 8.15 SHR csa 2004-2014 
IT-SRo 43.73 10.28 ENF csa 1999-2012 

MY-PSO 2.97 102.31 EBF af 2003-2009 
NL-Loo 52.17 5.74 ENF cfb 1999-2016 
RU-Fyo 56.46 32.92 ENF dfb 2007-2017 
SE-Htm 56.10 13.42 ENF cfb 2015-2020 
SE-Nor 60.09 17.48 ENF dfb 2014-2020 
SE-Ros 64.17 19.74 ENF dfc 2014-2020 
SN-Dhr 15.40 -15.43 SAV bwh 2010-2013 
US-AR1 36.43 -99.42 GRA cfa 2009-2012 
US-Dk1 35.97 -79.09 GRA cfa 2001-2008 
US-Dk3 35.98 -79.09 ENF cfa 2001-2008 
US-FR2 29.95 -98.00 SAV cfa 2005-2008 
US-Fmf 35.14 -111.73 ENF csb 2005-2010 
US-Fuf 35.09 -111.76 ENF csb 2005-2010 

US-GLE 41.37 -106.24 ENF dfc 2004-2014 
US-Goo 34.25 -89.87 GRA cfa 2002-2006 

US-MMS 39.32 -86.41 DBF cfa 1999-2014 
US-Me1 44.58 -121.50 ENF csb 2004-2005 
US-Me3 44.32 -121.61 ENF csb 2004-2009 
US-Me4 44.50 -121.62 ENF csb 1996-2000 
US-Me6 44.32 -121.61 ENF csb 2010-2014 
US-Rls 43.14 -116.74 SHR bsh 2014-2017 
US-Rms 43.06 -116.75 SHR bsh 2014-2017 
US-Ro5 44.69 -93.06 CRO dfa 2017-2017 
US-SRG 31.79 -110.83 GRA bsk 2008-2017 
US-SRM 31.82 -110.87 SAV bsk 2004-2014 
US-Sta 41.40 -106.80 SHR bsh 2005-2009 
US-Ton 38.43 -120.97 SAV csa 2001-2014 
US-Tw3 38.12 -121.65 CRO csa 2013-2014 
US-Var 38.41 -120.95 GRA csa 2001-2014 
US-Whs 31.74 -110.05 SHR bsk 2007-2014 
US-Wkg 31.74 -109.94 GRA bsk 2004-2014 
ZA-Kru -25.02 31.50 SAV cwa 2000-2013 

  973 
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Table S2. Temporal dynamics of θcrit, S and EFmax at DE-Hai. The standard error values are 974 
shown in parenthesis. NA means no θcrit estimated. 975 

Year θcrit  S EFmax  
2000-2002 22.10 (0.59) 0.05 (0.01) 0.59 (0.01) 
2003-2005 20.17 (0.47 0.06 (0.01) 0.54 (0.01) 
2006-2008 24.86 (2.06) 0.01 (0.01) 0.60 (0.01) 
2009-2011 NA NA NA 
2012-2014 NA NA NA 
2015-2017 NA NA NA 
2018-2019 26.23 (1.28) 0.03 (0.004) 0.52 (0.02) 

Mean  23.34 (1.36) 0.04 (0.01) 0.56 (0.02) 
2000-2019 24.17 (0.46) 0.03 (0.003) 0.55 (0.01) 

 976 


