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Supplementary Note 1: Physical mechanisms underlying temperature and

precipitation effect on soil moisture.

Following the Palmer Drought Severity Index (PDSI)! and the Budyko theory?, soil moisture (SM)
can be derived from water supply (precipitation, P) and water demand (potential evapotranspiration,
PET). Physically, the climatic drivers of PET include net radiation (Rn), temperature (T), relative
humidity (RH) and wind speed (WS) according to the FAO-Penman-monteith equation®. With the
elevation of CO» concentrations, Rn tends to increase because of the extra longwave energy back to
the surface, which leads to a direct increase in PET. At the same time, the warming (higher T)
associated with more Rn could enhance PET by widening vapor pressure deficit, as saturation vapor

pressure increases by 7%/°C according to the Clausius—Clapeyron law*.

Projections based on CMIP6 models indicate a greater increase in Rn (9.2+2.6%) and T (6.2+1.7°C)
over global land areas by the end of 21st century under the SSP5-8.5 scenario. However, changes in
RH (-2.844.0%) and wind speed (-1.3+2.4%) are less pronounced, which suggests that future changes
in PET are mainly driven by Rn and T (Supplementary Table 2). Here, we use T as a proxy of water
demand instead of Rn, due to three reasons. First, we found a positive and statistically significant
association between AT and ARn (r=0.71, p<0.05) and between AT and AET (r=0.60, p<0.05)
(Supplementary Figure 7). Second, the observational uncertainty of T is substantially lower than Rn
and model simulations (Supplementary Figure 20), which are the prerequisite for applying the EC
approach’. This also explains why historical SM trend was not used to constrain ASM, despite a high
correlation coefficient of 0.75 (Supplementary Figure 13). Third, only 9 models have provided outputs
of Rn under the SSP5-8.5 scenario, which prohibit meaningful derivation of an emergent constraint of

SM based on Rn.

Although AP does not appear to be associated with ASM, it shows a highly positive and significant
correlation with AET (+=0.79, p<0.05), which is expected since the actual ET is also controlled by
water supply from P. We also found significant correlations between AT and AP (r=0.82, p<0.05),
which can be explained by atmospheric energetics®. Therefore, considering the effects of T and P

interactions can greatly enhance the explaining capability of ASM. Indeed, when AT and AP are
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considered together, 67% of the variance of ASM can be explained, in contrast to 40% explained by
AT alone. The remaining unexplained variance of ASM is associated with the effects of changes in

vegetation structure and physiology’, snow® CO,’ and etc.

The effect of T on SM is also supported by evidence from historical observations (Supplementary
Table 4). Globally, a negative and significant correlation between the annual time series of T and SM
is obtained based on the raw and detrended data of ERAS (=-0.86 and =-0.51, respectively, p<0.05,
Supplementary Table 10). Regionally, T plays a dominant role in semi-arid, dry sub-humid and humid
zones, but not in hyper arid and arid regions where ET is mainly controlled by water supply (as
indicated by P). In contrast, Rn and SM does not appear correlated when the datasets are detrended at
the regional and global scales. Overall, the identified emergent relations in CMIP6 models are also
detected in the observations with a determination of coefficients consistent with CMIP6 models

(Supplementary Table 4).
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Supplementary Note 2: Drivers of recent temperature and precipitation trends.

To quantify the drivers of recent T and P trends, we use CMIP6 model simulations with historical
natural forcings (NAT) only, historical greenhouse gas (GHG) changes only, and all forcing agents
combined (ALL)'%!". The effects of other anthropogenic (OANT) forcings are estimated by subtracting
those under GHGs and NATs from those under ALL. Here, the simulations of five models (i.e.,
CanESMS5, CESM2, E3SM-2-0, MRIOC6, and MRI-ESM2-0) that are available at the CMIP6 data
archive (at https://esgf-node.llnl.gov/projects/cmip6/) are used for our analysis. Considering the
potential impacts of climate internal variability (e.g., Interdecadal Pacific Oscillation, Pacific Decadal
Oscillation, and Atlantic Multidecadal Oscillations), we also use their preindustrial control simulations
with constant external forcings to estimate the influences of internal variability'?>'4. Here, we excluded
the least-squares linear trend from each model’s preindustrial control simulation to minimize the effect
of model drift on the estimate of internal variability, following Yu et al. (2022)'°. The results indicate
that the observed T and P trends during 1980-2014 are mainly driven by external forcings of GHG

emissions, with minor effects of aerosols and climate internal variability (Supplementary Figure 8).
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Supplementary Method 1: Univariate linear constraint method

Building a univariate EC

By projecting the observed X and its uncertainty onto the X-axis through the emergent relationship, an
observationally constrained Y with narrower uncertainty can be obtained, provided that the
observational uncertainty of X is smaller than that of the simulated values'®!”. The traditional EC (Eq.
(S1)) has two major limitations: the assumption of a linear emergent relationship and the focus on a
univariate constraint. Here, we used the historical T trend or P trend (1980-2014) as the predictor X,
respectively, and ASM by the end of the century (2070-2099) as the predictand Y, where X and Y are

N-dimensional vectors from N models.
Y=f(X)+e=4+BX+¢ (S1)

where fy and f; are the intercept and slope, respectively, and ¢ is the N-dimensional random error with
variance o> which satisfies normality and homoscedasticity. The variance of the predicted response of

the regression for a given x (0;,(x)) can be obtained as follows Eq. (S2):

Ll XY
O'y(x)—s\/l+N+ N-ok (S2)

where s is the standard error of the residuals, which can be calculated by Eq. (S3); N is the number of

models; o} is the variance of X calculated by Eq. (S4); and x is the mean value of X.

S

(S4)
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Calculating the probability density of univariate EC

The probability density function (PDF) of ASM before constraint is derived from Eq. (S5), by

assuming that all models are equally likely and sampled from a Gaussian distribution'.

PDF(y>=%exp{—ﬂ} (55)

2
2r-oy 20y

where o is the variance of Y calculated by Eq. (S6); and Y is the mean value of Y.

(S6)

The PDF of ASM after constraint is calculated following the Bayesian theorem, by numerically
integrating PDF(yy./x05) and PDF(x,5) (Eq. (S7)), where PDF(ys./x,5) means the probability density for
the future projected variable yy, given the historical observable variable x,5 (Eq. (S8)), and PDF(x,») 1s

the PDF for observational historical observable variable x,p.

PDF(y,,)= | PDF(y,, |x, )PDF(x,,)dx,, (S7)

PDF(y Ix) =

=S } -

L]0
(2703 (x) { 20, (x)
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Supplementary Method 2: How to obtain the “prediction error” for a bivariate

EC

In Eq. (7), s 1s the standard error of the residuals, which quantifies the overall “noise” or error in the
data, and its square (s?) is the variance in the residuals which reflects the goodness-of-fit of the
regression model. The reason for using N — p—1 instead of N —2 in the denominator is to account
for the degrees of freedom in the model, which represents the number of covariates of information
used to estimate a parameter, and p is the number of covariates in the regression model. The term
N — p—1 ensures that the variance estimate (s?) is unbiased and provides a better estimation of the
true variability in the data. The least-squares method used to fit the regression model remains valid for
both LTP and NTP even in the presence of potential correlation between T and P. Since we only
consider the outcome of the fitted model, the variance of the predicted response is therefore not

affected by potential correlation between the covariates.

In Eq. (6),0,(x,,x,) = s\/l+ A( X'Xx )71 A" represents the variance of the predicted response of the
regression model which is Var(Y —A% |A). The predicted response distribution is the predicted
distribution of the residuals at the given point A, where 4 is an observational-based matrix (1 X, xz)

and(l X, X, xlxz) for LTP and NTP, respectively. Hence, we obtain the variance of the predicted

response given A4 as follows:

Var(Y—A% |A):Var(Y |A)+Var(A% |A)—2COV(Y,A% |A)
= Var(Y)+Var( 4P 14)

(S9)

=Var(Y)+AVar(%)AT

= +5°A(XTX) A"

Cov(Y , A% |A) is zero by construction since the observational data is independent from the simulated

data used to fit the regression model. We can also observe that Var(Y) equals Var(&)which can be
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estimated by the least square error s*> and the variance of the estimated % (Var(%)) can thus be

-1
expressed as s° (X ¢ ) . As long as the inverse matrix of X7 X exists, the variance of the predicted

response is not affected by the presence of correlation between the covariates.
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Supplementary Table 1 The overall information of all available CMIP6 models in this study

o . Histo SSP1 SSP2 SSP3 SSP5 Refe
Num Models Institution Resolution rical 2.6 45 70 85  rence
1 ACCESS-CM2 CSIRO 1.875°%1.25° N N N N N 19
2 ACCESS-ESM1-5 CSIRO 1.875°%1.25° v \ v v \ 20
3 BCC-CSM2-MR BCC 1.125°%1.125° N \ v N \ 21
4 CanESM5 CCCma 2.8125°x2.8125° \ v v \ 22
5 CanESMS5-1 CCCma 2.8125°x2.8125° \ 22
6 CAS-ESM2-0 CAS 1.406°%1.406° v \ v v \ 23
7 CESM2-WACCM NCAR 1.25°%0.9375° v \ \ \ \ 24
8 CMCC-CM2-SR5 CMCC 1.25°%0.9375° \ \ \ \ \ 25
9 CMCC-ESM2 CMCC 1.25°%0.9375° v \ v v \ 26
10 E3SM-1-0 LLNL et al., 1°x1° N v 27
11 E3SM-1-1 LLNL et al., 1°x1° \ \ 27
12 E3SM-1-1-ECA  LLNLetal., 1°x1° N \ 27
13 EC-Earth3 EGU 0.70°x0.70° v \ v v \ 28
14 EC-Earth3-CC EGU 0.70°%0.70° \ \ \ 28
15 EC-Earth3-Veg EGU 0.70°x0.70° v \/ v v \ 28
16  EC-Earth3-Veg-LR EGU 1.125°%1.125° \ \ \ \ \ 28
17 FGOALS-f3-L CAS 1.1250x1° v \ \ v \ 29
18 FGOALS-g3 CAS 2°x1.5° \ \ \ \ \ 30
19 FIO-ESM-2-0 FIO et al., 1.25°%0.9375° N \ v \ 31
20 GFDL-ESM4 NOAA 1.25°x1° \ \ v v \ 32
[PSL-CM5A2- . .
21 INCA IPSL 3.75°%1.875 v \ N 33
22 IPSL-CM6A-LR IPSL 2.5°x1.26° v \ v v \ 34
23 KACE-1-0-G NIMS 1.875°%1.25° \ \ \ \ \ 35
24 MIROC6 JAMSTEC 1.41°x1.41° v \ v v \ 36
25 MPI-ESM1-2-HR MPI 0.9375°x0.9375° \ v v \ 37
26 MPI-ESM1-2-LR MPI 1.875°%1.875° \ \ v \ \ 38
27 MRI-ESM2-0 MRI 1.125°%1.125° v \ v v \ 39
28 NorESM2-LM  CICEO et al., 2.5°x1.875° N \ v N \ 40
29 NorESM2-MM  CICEOetal,,  1.25°%0.9375° v \ \ \ \ 40
30 TaiESM1 RCEC 1.25°%0.9375° \ \ \ \ \ 41

Note: CSIRO: Commonwealth Scientific and Industrial Research Organization;

BCC: Beijing Climate Center;

CCCma: Canadian Centre for Climate Modelling and Analysis;

CAS: Chinese Academy of Sciences;
NCAR: National Center for Atmospheric Research;

CMCC: Fondazione Centro Euro-Mediterraneo sui Cambiamenti Climatici;

LLNL: Lawrence Livermore National Laboratory;

EGU: European Geosciences Union;

FIO: First Institute of Oceanography;

NOAA: National Oceanic and Atmospheric Administration;
IPSL: Institut Pierre Simon Laplace;
NIMS: National Institute of Meteorological Sciences;
JAMSTEC: Japan Agency for Marine-Earth Science and Technology;
MPI: Max Planck Institute for Meteorology;
MRI: Meteorological Research Institute;
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CICEO: NorESM Climate Modeling Consortium consisting of CICERO;

RCEC: Research Center for Environmental Changes.

Supplementary Table 2 Future changes in driving factors of AET and ASM by 2070-2099 relative

to 1980-2014. The means and standard deviations of CMIP6 models are shown.

Mean STD

Temperature AT (°C) 6.21 1.70
Precipitation AP (%) 11.75 4.60
Net radiation ARn (%) 9.22 2.64
Relative humidity ARH (%) -2.80 3.96
Wind speed AWS (%) -1.32 2.40

Supplementary Table 3 Observed global temperature and precipitation datasets.

N swe L MR hm e
HadCRU4 Univgls? t;:l;EE(;ztﬂfngua 0.5°%0.5° gOEN 328; Monthly ~ 1901-2021  Tand P
Ds}lgl\'z(&;e;re University of Delaware 0.5°%0.5° 3922]551\1 5?3;55; Monthly 1900-2017 T and P
Berkeley B%ﬁz isihpfgjrefz‘t’e Jox1° 3_95' o 5599 .' 553 Monthly  1850-2022 T

GPCC gfgﬁﬁf&%ﬁg? OO0 ODNETS Montly 18912019 P

Supplementary Table 4 Test of the emergent relations using historical soil moisture data. The
determination of coefficients (R?) is shown for the four types of emergent relations (LT, LP, LTP and
NTP) using different observation datasets. The results based on detrended data are shown in brackets.

* indicates statistical significance at 5% level.

Data R?
T P LT LP LTP NTP
CRU CRU  0.7142%(0.2236%)  0.1695%(0)  0.7166%(0.2422%) 0.7303%(0.2683)
Delaware  Delaware  0.6535%(0.2058*)  0.1156*%(0.0524)  0.6626*(0.2293*) 0.6702*(0.2756%*)
Berkeley  GPCC  0.7172%(0.2252%)  0.1529%(0.0002)  0.7198%(0.2448%) 0.7283%(0.2545%)

10
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Supplementary Table 5 Observational and multi-model ensemble mean trends, uncertainty

172 (defined as standard deviation, in brackets), and coefficient of variation (shown in the
173 subsequent row) of the globe and five climate regions for 1980-2014.
Region Temperature trend (°C/year) Precipitation trend (mm/year)
Observation MME Observation MME
Hyper arid 0.0346(0.0037) 0.0414(+0.009) 0.227(x0.1797) 0.2076(x0.2167)
10.76% 21.66% 79.13% 104.36%
Arid 0.0249(+0.001) 0.0363(+0.0077) 0.2812(0.1443) 0.3494(+0.427)
4.12% 21.32% 51.32% 122.21%
Semi-arid 0.0256(0.0028) 0.0449(0.0089) 0.5747(0.1367) 0.7201(0.3602)
10.75% 19.8% 23.79% 50.02%
Dry sub-humid ~ 0.0278(:0.0029) 0.0504(x0.0102) 0.5278(+0.131) 0.947(+0.4087)
10.47% 20.31% 24.82% 43.15%
Humid 0.0283(+0.0023) 0.0456(+0.0113) 0.6078(x0.31) 0.8318(+0.4572)
8.29% 24.7% 51.01% 54.97%
Global 0.0276(0.0019) 0.0444(0.0095) 0.5176(0.1381) 0.7048(0.2955)
6.83% 21.34% 26.67% 41.93%
174

175  Supplementary Table 6 Uncertainty in observations and simulations of T, P, and their

176  combinations.

T P T+P T+P+TxP
Obs 0.0520 0.2399 0.2814 0.4541
Simu 0.2172 0.4267 0.5729 1.1990
Obs/Simu  23.93%  56.23% 49.13%  37.87%

177
178  Supplementary Table 7 Regional ASM before and after constraints and the associated

179  uncertainty.

180

Before constraint After constraint (%)

ASM (Zo) (%) LT LP LTP NTP
Hyper arid 10.87(£23.39) 7.2(£24.05) 10.43(£24.25)  6.77(£24.5)  6.94(£24.09)
Hyper arid g 10.87(£23.39) 7.2(£24.05)  1.62(£19.99) 1.47(x20.47)  3.64(£19.98)
Arid -0.68(+5.26) -1.71(£5.6)  -0.67(£5.47) -1.7(x5.71) -1.83(£5.61)
Arid g -0.68(£5.26) -1.71(£5.6)  -2.24(£4.96)  -1.49(%£5.19) 0.46(+4.74)
Semi-arid -2.12(+4.48) 1.94(+4.55) -2.35(+4.62) 2.13(+4.49) 3.27(x4.41)
Dry sub-humid -3.37(£5.35) 2.61(£5.17)  -3.52(£5.64) 2.39(+5.09) 5.56(+5.13)
Humid -6.03(£5.25) -2.53(£5.09)  -5.97(%£5.5) -2.2(x5.17) 0.54(+4.88)

181  Supplementary Table 8 The NTP constraints on future ASM across different time periods and

182  under different future scenarios.

Time 2020-2049 2035-2064
Scenario R? p Au Ao R? p Au Ao
SSP1-2.6 0.38 <0.05 0.96% -4.01% 0.30 <0.1 1.25% 2.08%
SSP2-4.5 0.37 <0.05 0.83%  -3.34% 0.30 <0.1 1.05% 1.51%
SSP3-7.0 0.40 <0.05 1.03%  -4.50% 0.33 <0.05 1.33% 0.37%
SSP5-8.5 0.37 <0.05 2.34% -4.63% 0.36 <0.05 3.63% -3.27%

11
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Supplementary Table 9 Covariate coefficient (standardized) of the NTP method.
Xi* )Xo Xi(T) Xo(P)

Hyper arid 3.88 -9.94 -3.85
Arid 1.73 -5.39 -5.47
Semi-arid 1.07 -4.58 -4.06
Dry sub-humid 1.40 -6.64 -5.81
Humid 2.00 -8.01 -6.79
Global 1.53 -7.19 -5.88

Supplementary Table 10 Correlation coefficients between T, P, Rn, ET, and SM during the
historical period 1980-2014. Numbers in the bracket are the results based on the detrended data. *

indicates statistical significance at 5% level.

Hyper arid Arid Semi-arid Dry sub-humid Humid Global
T-SM  -0.49%(-0.22)  -0.75*(-0.25)  -0.72*%(-0.32*)  -0.71*(-0.36*)  -0.84*(-0.59*)  -0.86*(-0.51%)
P-SM  0.59*%(0.56*)  0.78%(0.84%) 0.71*(0.63%*) 0.71*(0.52%*) 0.23(0.14) 0.44*(0.21)

Rn-SM 0.11(0.19) 0.08(0.27) -0.50*(-0.16) -0.66*(-0.23) -0.69*(-0.24) -0.69*(-0.22)

T-ET  -0.11(0.02)  -0.41%-0.13)  -0.01(0.21)  0.72%(0.49%)  0.85%(0.49%)  0.61*(0.44%)
P-ET  0.88%(0.88%)  0.96%(0.95%)  0.60%(0.60%)  -0.07(0.43%) -0.15(0.02) 0.06(0.31%)
Rn-ET  0.51%(0.54%)  0.42*(0.50%)  0.14(0.28) 0.78%(0.60%)  0.92%(0.77%)  0.67*%(0.53%)

Ro-T  0.18(0.14) 022(027)  0.76%(0.65%)  0.77%(0.53%)  0.86%(0.60%)  0.88%(0.74%)
TP -0.13(0.11)  -0.49%(-0.24)  -0.40%(-0.06)  -0.39%(0.02) -0.05(0.17) -0.28*(0.11)

Supplementary Table 11 Generalized climate classification scheme for Aridity Index values*.

Aridity Index Value Climate Class
<0.03 Hyper Arid
0.03-0.02 Arid
0.2-0.5 Semi-Arid
0.5-0.65 Dry sub-humid
>0.65 Humid

12
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193  Supplementary Figure 1 Global AP, AET and AR by the end of the 21st century. a Spatial
194  distribution of the multi-model ensemble mean of future AP (%) by 2070-2099 relative to 1980-2014.
195 b and c the same as b but for changes in AET and AR, respectively. d Boxplots of global mean AP,

196  AET, and AR based on CMIP6 outputs.
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199  Supplementary Figure 2 Historical and future global ASM based on CMIP6 simulations. The
200  shaded areas represent the range, and the solid lines are their mean values. The error bars on the right
201  show the maximum, minimum and quartile values for 2070-2099. The coefficient of variation (CV) of

202  each error bar is given on the bottom right in their individual colors.
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Supplementary Figure 3 Historical and future global annual AT and AP based on CMIP6
simulations. The same as Supplementary Figure 2, by for (a) AT and (b) AP, based on three

observational datasets and outputs of 30 CMIP6 models, respectively.
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Supplementary Figure 4 Global ASM by the end of the 21°% century under the SSP1-2.6 scenario
and its uncertainty. a Spatial distribution of the multi-model ensemble mean of future ASM (%) by
2070-2099 relative to 1980-2014 and its uncertainty (inter-model standard deviation, o) based on
CMIP6 outputs (Supplementary Table. 1). b Latitudinal mean of ASM (black) and the associated
uncertainty (gray). ¢, d Histogram (normalized scale of relative frequency) of grid-level ¢ and ASM

across global land areas, respectively.
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Supplementary Figure 5 Global ASM by the end of the 21% century under the SSP2-4.5 scenario

and its uncertainty. The same as Supplementary Figure 4, but for the SSP2-4.5 scenario.
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Supplementary Figure 6 Global ASM by the end of the 21% century under the SSP3-7.0 scenario

and its uncertainty. The same as Supplementary Figure 4, but for the SSP3-7.0 scenario.
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Supplementary Figure 20 Uncertainties in CMIP6 simulations and observations of historical
trends of temperature (T), precipitation (P), radiation (Rn) and soil moisture (SM). a Scatters
illustrate historical (1980-2014) T trend derived from 30 CMIP6 models. The mean of the models and
observational datasets are represented by gray and colored dotted lines, respectively, with their
uncertainties depicted by shaded gray and colored areas, respectively. Error bars of the two ensembles
are shown on the right for comparison, the ratio of observational uncertainty to model uncertainty is
displayed in the top-right corner. b, ¢ and d The same as (a), but for uncertainties in historical trends

of P, Rn, and SM, respectively.
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