10

11

12

13

14

15

16

17

18

19

20

21

22

23

Soil moisture-atmosphere feedbacks mitigate projected surface water availability declines in
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Global warming alters surface water availability (precipitation minus evapotranspiration,

P-E) and hence freshwater resources. However, the influence of land-atmosphere feedbacks
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on future P-E changes and the underlying mechanisms remain unclear. Here we demonstrate
that soil moisture (SM) strongly impacts future P-E changes, especially in drylands, by
regulating evapotranspiration and atmospheric moisture inflow. Using modeling and
empirical approaches, we find a consistent negative SM feedback on P-E, which may offset
~60% of the decline in dryland P-E otherwise expected in the absence of SM feedbacks. The
negative feedback is not caused by atmospheric thermodynamic responses to declining SM,
but rather reduced SM, in addition to limiting evapotranspiration, regulates atmospheric
circulation and vertical ascent to enhance moisture transport into drylands. This SM effect
is a large source of uncertainty in projected dryland P-E changes, underscoring the need to
better constrain future SM changes and improve representation of SM-atmosphere

processes in models.

Future changes in water availability pose great challenges to global freshwater and food security
and the sustainability of natural ecosystems®2. Changes in precipitation and evapotranspiration are
especially important for dryland ecosystems where vegetation growth and mortality largely depend
on water availability®*. Global warming is expected to intensify the global water cycle®~, but the
projected changes in surface water availability, namely precipitation minus evapotranspiration (P-
E), exhibit divergent spatial patterns between ocean and land®°. Over the ocean, projected P-E
changes broadly follow the “dry-get-drier, and wet-get-wetter” (DDWW) paradigm, driven by
increasing atmospheric moisture content and transport by the mean circulation in a warming
climate®®. However, thermodynamic mechanisms cannot effectively explain P-E changes over
land, where the magnitudes of the P-E response to warming are much smaller than over the ocean®®.

Circulation anomalies driven by sea surface temperature changes have been demonstrated to cause
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deviations from the “wet-get-wetter” response in the wet tropics®*2, but the dynamic mechanisms
of dryland P-E changes, and their potential dependence on land surface feedbacks, are not well

understood.

In water-limited regions, soil moisture (SM) directly regulates evapotranspiration, which may
positively feed back onto precipitation via moisture recycling®*. SM may also impact
precipitation through its influence on boundary layer dynamics and mesoscale circulations'>8,
For example, spatial gradients in SM and associated sensible heat flux gradients may preferentially
promote convection over drier soils relative to surrounding wetter soils, resulting in a negative SM
feedback on precipitation®>*81°, However, the sign of the SM-precipitation feedback can change
in the presence of a background wind that enables the propagation of convective cells to
neighboring regions?’. Given that various processes may lead to short-term SM-precipitation
feedbacks of opposing sign and/or varying strength, it is challenging to extrapolate the effects of
these processes to longer timescales. The long-term (climatological) SM effects on P-E have yet

to be diagnosed, particularly under future global warming.

Here we directly assess the long-term SM effect on future model-projected P-E using four general
circulation models included in the Global Land Atmosphere Coupling Experiment (GLACE)-
CMIP5% as well as simulations from 35 general circulation models in CMIP5 (Methods and Table
S1). We quantify the SM contribution to P-E changes between 30-year historical (1971-2000) and
future (2071-2100, RCP8.5) periods using three sets of model experiments in GLACE-CMIP5: a
reference simulation (REF) with SM fully interactive with the atmosphere, and two perturbation

simulations where the SM climatology is prescribed as the 1971-2000 climatology (expA) and a



70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

centered, 30-year running mean climatology from REF (expB) (Fig. S1). For each of the four
models, the three simulations are driven by the same forcing agents (i.e., sea surface temperatures,
sea ice, land use, and CO> concentrations), allowing us to compare them to isolate the total SM
effect (REF-expA) and the effects of SM trends (expB-expA) and variability (REF-expB) on P-E
changes. We further develop a multiple linear regression model to assess the sign and strength of
the SM-(P-E) feedback and identify the primary feedback pathways by comparing SM effects on
atmospheric dynamic and thermodynamic processes using two observationally constrained
reanalysis products (MERRA-2 and ERAS) that provide pressure level, wind and humidity data in

recent decades (1979-2018). These pressure level data are not available in GLACE-CMIP5.

Soil moisture effect on future P-E changes in model projections

The 35 CMIP5 models show significant (p<0.05, Student’s t-test) P-E increases in 42% of wet
regions and P-E declines in 51% of dry regions over ocean between the historical and future
periods (Fig. 1a and Fig. S2e). Over land, future P-E is projected to increase significantly (p<0.05)
in high-latitude wet regions, but its change is insignificant over 93% of dry regions. Here “dry”
versus “wet” regions are characterized as negative versus positive P-E over ocean, and drylands
versus non-drylands over land (Methods and Fig. S2a-d). Unlike P-E changes, significant (p<0.05)
SM changes are projected over 33% of drylands (Fig. 1b). Such SM changes directly impact
evapotranspiration and may potentially feed back onto precipitation, both of which are expected

to play a role in the projected P-E changes over land.
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Figure 1. Multi-model mean annual changes in surface water availability and soil moisture.
a-b, Changes in precipitation minus evapotranspiration (A(P-E), a) and percent changes in total
soil moisture (ASM, b) between historical (1971-2000) and future (2071-2100, RCP8.5) periods
(future minus historical values) in 35 CMIP5 models. c-f, The same as a-b, but for REF of the four
GLACE-CMIP5 models (c-d), and A(P-E) induced by non-SM factors (expA, e) and SM (REF-
expA, f). g-h, Total area-weighted A(P-E) and the contributions from non-SM factors, total SM

changes, SM variability (SM_v) and SM trends (SM_t) across non-drylands (g) and drylands (h)
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in the four GLACE-CMIP5 models. The error bar shows the standard deviation of A(P-E) across
the four models. Stippling denotes regions where the change in P-E is significant at the 95% level
(Student’s t-test) and the sign of the change is consistent with the sign of multi-model means (as
shown in the figure) in at least 21 of the 35 (60%) CMIP5 models (a-b), and at least three of the

four GLACE-CMIP5 models (c-f).

The spatial patterns of P-E and SM changes in REF of the four GLACE-CMIP5 models are largely
consistent with the broader suite of CMIP5 models (Fig. 1a-d and Fig. S2e,f), with spatial
correlation coefficients of 0.82 for P-E over all grid cells and 0.35 for SM. In expA, in which the
mean annual cycle of SM over the historical period is imposed throughout the entire simulation,
the DDWW paradigm holds over 31% of the land regions, compared to only 19% of land areas
showing DDWW in REF (Fig. 1c,e and Fig. S2f,g). In particular, the proportion of drylands
showing significant P-E declines in expA (30%) is three times that in REF (10%). Since P-E
changes in expA are driven by factors excluding SM trends and variability, such as temperature-

driven oceanic and atmospheric changes, we denote these factors collectively as non-SM effects.

On the other hand, we isolate the SM effect on projected P-E changes by differencing the REF and
expA simulations. The SM effects on projected P-E changes generally oppose the non-SM effects
in expA (Fig. 1e,f), with spatial correlation coefficients ranging from -0.40 to -0.69 across the four
models. The future SM changes and the P-E changes induced by SM are of opposite sign for multi-
model means (Fig. 1d,f), and for each model (Fig. S3) and season (Fig. S4), indicating a negative
SM feedback on P-E. P-E changes induced by non-SM factors are partially cancelled by the

negative SM feedback on P-E, especially in drylands, where the SM-induced P-E increases in REF
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(0.066+0.060 mm/day, meant1s.d.) offset 63% of the P-E declines (-0.104+0.046 mm/day) that
would be otherwise induced by the non-SM factors simulated in expA (Fig. 1h). This offset effect
is dominated by the negative SM trends over drylands (Fig. 1d), with minimal effect from changes
in higher-frequency SM variability (Fig. 1h). The mitigating effect of declining SM on dryland P-
E reduction is large in EC-EARTH (85%), GFDL (37%) and IPSL (123%), but no such effect is
found in ECHAMBG6 because that model projects increased SM that reduces P-E in many tropical
drylands (Fig. S3b,f,j). Outside of drylands, P-E changes are generally dominated by non-SM

factors (Fig. 19).

Comparing the SM effects on precipitation and evapotranspiration, the decline in
evapotranspiration (-0.163+0.083 mm/day) induced by future SM drying is roughly twice as large
as the SM drying effect on precipitation (-0.097+0.052 mm/day) over drylands (Fig. S5). This
stronger SM limitation on evapotranspiration than on precipitation indicates that the positive
feedback of SM on precipitation via moisture recycling—or lower precipitation with future SM
decline—is partially offset by other atmospheric responses to SM, as we discuss further in the

following section.

Mechanisms of the soil moisture impact on P-E changes

Multiple theories have been postulated to explain future P-E changes over land, many of which
focus on thermodynamic mechanisms, including warming-driven changes in specific humidity and
land-ocean warming contrast?>24. Circulation changes, such as shifts in the strength of Walker and
Hadley circulations, are also invoked to explain deviations of P-E changes from expected

thermodynamic responses over land'®225-28 put these dynamic mechanisms are predominantly
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driven by sea surface warming. Our finding of a strong SM effect on future P-E changes is not
readily explained by these mechanisms. A recent study proposed an extended thermodynamic
scaling of P-E changes including both local specific humidity changes and the horizontal gradient
of specific humidity, but this extended scaling tends to overestimate both P-E decreases in drylands
and P-E increases in the wet tropics®, similar to the projected P-E changes by ocean-atmosphere
processes in expA (Fig. 1e). This indicates that the thermodynamic effect does not fully capture
the SM effect on P-E changes; rather, dynamic effects related to SM are necessary to account for

these changes.

To test this hypothesis, we explore the thermodynamic and dynamic mechanisms of P-E changes
driven by long-term SM trends in GLACE-CMIP5. Relative to expA, which lacks long-term SM
trends, expB manifests greater temperature increases but weaker specific humidity increases (Fig.
2a-d). The SM effect is especially strong over drylands where negative trends in SM lead to
reduced evapotranspiration and evaporative cooling (Fig. S5b), which are consistent with the
enhanced warming and reduced moistening in expB compared to expA (Fig. 2a-d). An SM-
induced horizontal gradient of specific humidity is expected to induce more moisture into drylands
by landward moisture flux, according to the extended thermodynamic scaling of P-E changes®.
However, this negative effect may be partially or totally offset by local specific humidity

reductions.

We examine the SM impact on atmospheric dynamic processes by comparing future changes in
the vertical profile of vertical motion (here quantified in terms of -, the negative pressure velocity)

over drylands between expA and expB in the IPSL model. Both simulations project enhanced
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ascent throughout the lower troposphere over drylands in the future, which is of greater magnitude
in expB compared to expA (Fig. 2e). In particular, the SM effect on future P-E changes is largely
consistent with that on tropospheric vertical ascent, with spatial correlation coefficients ranging
from 0.37 to 0.59 over drylands (Fig. S6). In each season, the spatial pattern of the SM effect on
vertical ascent is also positively correlated with that on future P-E changes over drylands,
especially in summer (wet season) (Fig. S7). Although the SM effects on vertical ascent and P-E
vary seasonally/geographically and across models, the IPSL results support the notion that reduced

SM may promote atmospheric vertical ascent, potentially contributing to the negative SM effect

on P-E.
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Figure 2. Soil moisture effects on changes in temperature, specific humidity, and vertical
ascent in GLACE-CMIP5. a,b, Multi-model mean soil moisture effects (expB-expA) on
projected changes (A) in temperature and specific humidity from historical (1971-2000) to future
(2071-2100) periods (future minus historical values). c,d, Projected changes in temperature and

specific humidity over drylands in expA and expB (bars: multi-model mean, symbols: individual
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models, specific humidity is not available in EC-EARTH). Changes to specific humidity are
expressed fractionally relative to their historic period values (in percentages). e, Projected changes

in negative pressure velocity (-Am) over drylands in expA and expB for the IPSL model.

Thermodynamic versus dynamic effects in the soil moisture-(P-E) feedback

To further compare the thermodynamic and dynamic mechanisms of the negative SM-(P-E)
feedback, we analyze the SM impact on the atmospheric moisture budget from the observationally
constrained MERRA-2 and ERAS reanalysis products. We apply a statistical framework to identify
the SM feedback on P-E at the monthly scale, and to isolate the SM effects on the thermodynamic
and dynamic components of P-E variations. We establish a multiple linear regression model to
determine the sign and strength of the SM-(P-E) feedback, which is represented by a sensitivity
coefficient that measures the partial derivative of standardized P-E variations to standardized SM
variations in the previous month (Methods). A sensitivity coefficient of 0.1 indicates that P-E
increases by 10% of its standard deviation when previous-month SM increases by one standard

deviation.

Consistent with the experimental results in Fig. 1, we find widespread negative sensitivity
coefficients for SM—(P-E), i.e., the effect of SM on P-E, in the fully coupled simulations of
GLACE-CMIP5 models and reanalysis products, with significant effects in the subtropical and
mid-latitude dry regions (Fig. 3a,d,g). We further compare SM—E and SM—P. As expected, SM
exerts a strong positive impact on evapotranspiration, while its effect on precipitation is much
weaker (Fig. 3b,c,e,f,h,i), because precipitation is strongly controlled by large-scale atmospheric

dynamics. Besides evapotranspiration, atmospheric moisture convergence (MC) is the other source
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of moisture for precipitation. We find consistent negative SM—MC in MERRA-2 and ERA5 (Fig.
3J,m). As monthly SM variations strongly and positively force evapotranspiration but generally
negatively affect moisture convergence, SM has a more muted effect on precipitation than on

evapotranspiration, resulting in a negative SM-(P-E) feedback.
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Figure 3. Soil moisture feedbacks on water availability in GLACE-CMIP5 models and
reanalysis datasets. a-f, Sensitivity coefficients for soil moisture (SM)—precipitation minus

evapotranspiration (P-E), SM—evapotranspiration (E) and SM—precipitation (P) identified based
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on REF of the four GLACE-CMIP5 models (1971-2100) (a-c), MERRA-2 (1980-2018) (d-f) and
ERAS (1979-2018) (g-i). Mean values of the sensitivity coefficients produced by the four models
are shown in a-c. j-0, the same as d-i, but for SM—moisture convergence (MC) (j,m), SM—mean
flow convergence (MFC) (k,n), and SM—transient eddy convergence (TEC) (l,0). The sensitivity
coefficient for X—Y denotes the partial derivative of standardized Y to standardized X in the
previous month, where the seasonal cycles and long-term trends in X and Y are removed. Stippling
denotes regions where the sensitivity coefficient is significant at the 95% level according to a
bootstrap test. In a-c, stippling denotes regions where the sensitivity coefficient is significant at
the 95% level and the sign of the sensitivity coefficient is consistent with the sign of multi-model

means (as shown in the figure) in at least three of the four GLACE-CMIP5 models.

Although atmospheric moisture storage changes on monthly scales, the change is relatively small;
thus monthly P-E approximately balances moisture convergence. The latter is calculated as the
negative divergence (V) of vertically mass-integrated moisture flux from the top of the atmosphere
(p = 0) to the surface (p = py), i.e.,

1 Ps N
P—E~—-———V- j (ug +u'q')dp (D
Pwd 0

where p,, is the density of water, g is the acceleration due to gravity, u is the horizontal vector
wind, and q is specific humidity. Moisture convergence on the right side of equation (1) is
decomposed into mean flow convergence determined by monthly mean wind (z) and moisture (g)
fields, and transient eddy convergence associated with highly variable wind (u") and moisture (g")
fields within storm systems?®3°. We find negative SM effects on mean flow convergence and

transient eddy convergence across 60-73% of the assessed land area, contributing to the negative
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SM—MC over more than 75% of the land area (Fig. 3j-0). As moisture flux by transient eddies is
approximately diffusive3!, a negative SM influence on the transient eddy convergence may be
expected based on horizontal diffusion of water vapor along specific humidity gradient into a dry

air column above dry soils, but could also arise from atmospheric circulation responses.

To understand how changing SM impacts mean flow convergence, we decompose monthly
variations of this quantity into a thermodynamic component induced by moisture changes (uéq),
a mean circulation dynamic component induced by wind changes (géu), and a covariation
component by the product of monthly mean moisture and wind changes (5u8§)*. The negative
SM feedback on mean flow convergence arises principally from the dynamic component (Fig.
4a,f): reduced SM enhances surface heating, thereby promoting vertical ascent and associated low-
level flow convergence, particularly in dry regions (see SM—negative pressure velocity in Fig.
4d,i). The dynamic component is negative across most land regions. In contrast, the SM effect on
the thermodynamic component largely depends on the mean flow environment. Increasing SM
increases atmospheric humidity, thus inducing greater moisture convergence (divergence) by the
thermodynamic effect when the mean low-level flow is convergent (divergent) (Fig. 4b,g,e,j). This
explains why the thermodynamic component of mean flow convergence acts as a positive feedback
in tropical convergence zones but as a negative feedback where the mean flow is divergent. The
covariation component is weaker and more spatially variable (Fig. 4c,h). Moreover, using an
attribution method based on variance decomposition (Methods), we find monthly moisture
convergence variations are again dominated by the dynamic component, while the contributions

from other components are relatively small (Fig. S8). These results indicate that the negative SM
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261  Figure 4. Soil moisture effects on the three components of mean flow convergence. a-e,

262  Sensitivity coefficients for soil moisture (SM)—mean circulation dynamic component (MCD) (a),
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SM—thermodynamic component (TH) (b), SM-—»covariation component (COV) (c),
SM—negative pressure velocity (-o) at 700 hPa (middle troposphere) (d), and climatological
monthly mean flow convergence (MFC) (e) in MERRA-2 (1980-2018). f-j, the same as a-e, but
for ERA5 (1979-2018). The sensitivity coefficient for X—Y denotes the partial derivative of
standardized Y to standardized X in the previous month, where the seasonal cycles and long-term
trends in X and Y are removed. Stippling in a-d and f-i denotes regions where the sensitivity

coefficient is significant at the 95% level according to a bootstrap test.

Discussion and implications

We demonstrate that long-term SM trends strongly influence future P-E changes, particularly over
drylands. Projected reductions in dryland SM directly limit evapotranspiration and reduce moisture
recycling for precipitation, but reduced SM also enhances moisture convergence, which partly
counteracts precipitation declines driven by reduced evapotranspiration. These processes result in
a weaker SM limitation on precipitation than on evapotranspiration, and a robust negative SM-(P-
E) feedback at monthly and climatological scales. Without feedbacks from declining SM, future
P-E changes would agree with the DDWW response to global warming over 31% of the land
regions (Fig. 1 and Fig. S2). However, the negative SM feedback on P-E partially offsets declines
in P-E via non-SM factors over drylands, while slightly attenuating P-E increases experienced over

many non-drylands, resulting in only 19% of the land regions showing the DDWW pattern.

To interpret future P-E changes over land, recent studies have emphasized the importance of land-
ocean warming contrast®?224 which affects the spatial pattern of atmospheric moisture content

and P-E responses, in addition to local warming-driven P-E changes. The projected decline in
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dryland SM enhances the land-ocean warming contrast through enhanced land region warming,
but thermodynamic mechanisms alone cannot well explain the negative SM feedback on P-E.
Rather, we demonstrate that the negative SM-(P-E) feedback occurs mainly through SM induced
changes in evapotranspiration as well as changes to the surface energy balance that modify the
mean circulation, as declining SM enhances low-level vertical ascent and moisture convergence
via associated low-level flow convergence. This dynamic effect may also be tied to declining SM
reducing evapotranspiration and supporting a larger land-ocean warming contrast, which
strengthens the landward pressure gradient and drives greater low-level moisture transport from

the ocean to land3%34,

The negative SM feedback on P-E has important implications for hydroclimatic variability®®. From
our analysis of GLACE-CMIP5 simulations, the magnitudes and frequencies of both extreme high
and extreme low P-E are enhanced in the expA simulations relative to the REF (Fig. S9). The expA
simulations only include non-SM effects of oceanic and atmospheric processes, while in REF, SM
variations have a positive effect on evapotranspiration but a negative feedback on moisture
convergence: thus, hydroclimatic variability is muted when SM feedbacks operate. Of course,
while the negative SM feedback on P-E reduces the magnitudes and frequencies of extreme P-E
events in drylands, extreme hydroclimatic events, such as droughts and floods, are still projected

to increase in some regions in a warmer climate36-37,

Our study highlights the importance of soil moisture changes and the associated soil moisture-
atmosphere feedbacks in future projections of surface water availability. Although fully coupled

general circulation models do include the negative soil moisture feedback on surface water
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availability over drylands, the feedback strength, as well as the soil moisture projections
themselves, are highly variable and model dependent (Fig. S3), leading to large uncertainty in how
changes in soil moisture will affect future surface water availability (Fig. 1). In particular, we find
that soil moisture variations contribute a larger proportion than other oceanic and atmospheric
drivers (0.060 versus 0.046 mm/day, s.d. in Fig. 1h) to cross-model variations in the projected
changes in dryland water availability. This points to the need for improved modelling of soil
moisture trends and variability, which may be achieved through refined representation of land-
atmosphere processes in general circulation models, especially the coupling between soil moisture,
evapotranspiration, atmospheric circulation, and the hydrological cycle. Accurate model
representation of soil moisture and the associated soil moisture-atmosphere feedbacks is crucial
for providing reliable projections of surface water availability for better water resources

management, and for mitigating future challenges of increasing water scarcity over drylands.

Materials and Methods

CMIP5 model simulations. We used 35 CMIP5 models (listed in Table S1) covering the historical
(1971-2000) and future (2071-2100, RCP8.5 high emissions scenario) periods. The ensemble
member “rlilpi” was used for each model. These models were selected because they provide the
monthly total soil moisture content, precipitation, and latent heat flux required for our analyses.
Evapotranspiration was calculated from latent heat flux in each model. We calculated multi-model

mean annual changes in these variables between the historical and future periods.

GLACE-CMIP5 experiments. We used simulations from four models (i.e., EC-EARTH,

ECHAMG6, GFDL and IPSL) that participate in the GLACE-CMIP5 experiment, which was
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performed to assess the impact of SM-climate feedbacks in CMIP5 projections®® and has been
widely used to isolate the SM effect on the atmosphere3-4°. We did not use the other two models
(ACCESS and CCSM4) in the GLACE-CMIP5 experiment because of problems with the
prescribed SM. In each model, we used three simulations, i.e., a reference simulation (REF) and
two perturbation simulations (expB and expA), covering the period from 1950 to 2100. All three
simulations were driven by prescribed sea surface temperature, sea ice, land use, and CO:
concentrations from the respective CMIP5 simulations (the historical simulations over 1950-2005
and the RCP8.5 scenario over 2006-2100). The difference between the three simulations is that
SM was fully coupled with the atmosphere in REF, while SM climatology was prescribed as the
1971-2000 climatology (expA) and a centered, 30-year running mean climatology from REF
(expB) in the two perturbation simulations (Fig. S1). Comparing simulated atmospheric variables
between the three simulations, we could isolate the effects of SM trends (expB-expA) and

variability (REF-expB) and total SM effect (REF-expA) due to SM-atmosphere feedbacks.

For our analyses, we used monthly total soil moisture content, precipitation, and latent heat flux
from the three simulations in each model. Evapotranspiration was calculated from latent heat flux
in each simulation. Multi-model mean annual changes in SM between the historical and future
periods in REF were compared with those from CMIP5. In each model, we calculated mean annual
changes in precipitation, evapotranspiration, and P-E between the historical and future periods in
the three simulations. We isolated the contributions of total SM changes (REF-expA), SM trends
(expB-expA), and SM variability (REF-expB) to future changes in these variables. To investigate
the mechanisms behind the SM effect on P-E changes, we used near-surface (2m) temperature,

specific humidity, and the vertical profile of pressure velocity from expA and expB. Temperature
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is available in all four models, but specific humidity is not archived in EC-EARTH, and pressure

velocity is only available in IPSL.

Reanalysis datasets. To identify the SM feedback on P-E, we used monthly root-zone SM,
precipitation, evapotranspiration from the Modern-Era Retrospective analysis for Research and
Applications, version 2 (MERRA-2)* dataset (1980-2018), and the European Centre for Medium-
Range Weather Forecasts (ERA5, 1979-2018). In ERA5, we used 0-100cm SM to approximate
root-zone SM. As the two reanalysis datasets are constrained by in situ and satellite remote sensing

observations, they largely reflect the relationship between SM and P-E.

To further understand how SM impacts P-E, we used vertically integrated moisture convergence
(MC) and decomposed MC into mean flow convergence and transient eddy convergence, using
monthly specific humidity and eastward and northward wind at all pressure levels (0-1000 hPa),
and surface pressure from ERAS5 and MERRAZ2 (see “Moisture Convergence Decomposition”
below). We also used monthly pressure velocity at 700 hPa, which provides a good representation
of the middle tropospheric circulation, from ERA5 and MERRAZ2 to assess the SM effect on

atmospheric vertical motion.

Definition of drylands. Drylands are generally defined as regions with an aridity index (the ratio
of precipitation to potential evapotranspiration, P/Eo) less than 0.65%. There are numerous ways
to estimate Eo under certain climatic conditions®, which may result in varying definitions of
drylands. A good Eo estimation can well predict mean annual evapotranspiration (E) through the

Budyko functions*. A widely used analytical Budyko function® is
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E 1
P 1 (2)

&

The parameter n represents the influence of land characteristics on E. Comparing existing Budyko

functions, the Pike’s equation (n=2.0) is closest to the original Budyko curve**. Using the Pike’s
equation to describe the relationship between E/P and Eo/P, we obtained a E/P ratio of 0.84 when
P/Eo is set as the threshold of 0.65. In other words, drylands are identified as regions where E/P is
greater than 0.84. Noting that climate models do not produce Eo, but do simulate E and P, we
therefore defined drylands as regions where multi-model mean E/P is larger than 0.84 in the

historical period (1971-2000) for CMIP5 and GLACE-CMIP5 (REF) models (Fig. S2a,c).

The SM-(P-E) feedback. Because SM and P-E are strongly coupled, it is difficult to isolate the
SM feedback on P-E from the direct P-E impact on SM. A feedback has been quantified based on
the temporally lagged correlation in many previous studies*®*’. The difficulty in determining the
SM-(P-E) feedback is mainly because of the persistent impact of P-E (especially P) on SM, as the
slow processes of soil water percolation, evaporation, and transpiration lead to relatively long SM
memory (weeks to months) of precipitation events®. The lagged correlation between SM and
subsequent P-E therefore may reflect precipitation autocorrelation rather than the SM-(P-E)
feedback*’. Additionally, the seasonal cycles and long-term trends of P-E and SM also contribute
to the lagged correlation*’, although they are largely driven by external factors such as regional

climatology and global warming.

To address these issues, we established a multiple linear regression model between P-E and one-

month lagged SM to assess the SM-(P-E) feedback.
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(P—E)g(t+1) =ng+ny-SMy(t) +ny - (P — E)g(t) (3)
The subscript d indicates that the multi-year mean seasonal cycle and the linear trend of the
variable have been removed, and the indicator t represents monthly steps. The lagged term

(P — E)4(t) on the right side of equation (3) aims to remove the effect of P-E autocorrelation.

d(P-E)q(t+1)

Therefore, the regression coefficient n, ( 35M L0
d

) represents the SM feedback on P-E.

Although the SM-(P-E) feedback may be non-linear and time-dependent, the regression coefficient

obtained from the linear model reflects the long-term mean effect of SM on P-E.

We used partial least square regression (PLSR)* to obtain the regression coefficient n, in equation
(3). PLSR combines features of principal component analysis and multiple linear regression
(MLR). It projects the predictor variables onto orthogonal principal components to overcome the
issue of multicollinearity among predictor variables (i.e., the predictor variables are highly linearly
related). PLSR then regresses the dependent variable against principal components to obtain
regression slopes. We find that (P — E);(t) and SM,;(t) are weakly correlated in most grid cells.
In these cases, PLSR obtains the same regression results as MLR. In case of a strong correlation
between (P — E),(t) and SM,(t) at some grid cells, we use PLSR instead of MLR to overcome
the multicollinearity problem. To facilitate comparison of the SM-(P-E) feedback across different
regions and in different datasets/models, we used PLSR standardized coefficients (or
dimensionless sensitivity coefficients) corresponding to standardized (P — E), and SM, of zero

mean and unit variance (z-score) to measure the SM-(P-E) feedback.

As the SM-(P-E) feedback may be impacted by natural variability, we used a bootstrap test to

determine the significance of the sensitivity coefficients. We performed bootstrap analyses with
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500 realizations for the two reanalysis datasets (480 months for ERA5 and 468 months for
MERRA-2) and 2000 realizations for fully coupled simulations of the four GLACE-CMIP5
models (1560 months, 1971-2100). The time series are randomly resampled to obtain the 95%
confidence intervals of the sensitivity coefficients. We used the adjusted bootstrap percentile
interval as different types of confidence intervals generate very similar results. According to the
bootstrap confidence intervals, the sensitivity coefficients are deemed to be statistically significant

if the 95% confidence intervals do not contain zero.

We also used similar multiple linear regression models and bootstrap tests to assess the SM
feedbacks on evapotranspiration and precipitation. To demonstrate that the SM-atmosphere
feedbacks are consistent between current and future climates, we use data from the fully coupled
GLACE-CMIP5 simulations to compare the SM-atmosphere feedbacks: 1) between recent (1979-
2018) and future (2061-2100) periods, and 2) by removing and retaining the long-term trends in
the variables during the 1971-2100 period. Both comparisons show consistent strong positive
SM—E, weak SM—P, and negative SM—(P-E) (Fig. 3a-c and Fig. S10). In particular, the spatial
correlation coefficient for SM—(P-E) is 0.92 in comparison 1) and 0.97 in comparison 2),
indicating that the negative SM-(P-E) feedback is robust to the presence of long-term climate

change.

Moisture Convergence Decomposition. Atmospheric MC is calculated as the negative
divergence of vertically integrated moisture flux over the pressure (p) from the top of the

atmosphere (p = 0) to the surface (p = py).

1 Ps
MC=—-——V-[ (uq)dp (4)
Pw 0
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pw 1S the density of water, g is the acceleration due to gravity, V is the horizontal divergence

operator, u is the horizontal vector wind, and q is specific humidity.

At the monthly scale, MC can be decomposed into mean flow convergence (MFC) determined by
atmospheric mean wind and moisture fields and transient eddy convergence (TEC) by highly

variable (hourly to daily) wind and moisture fields within storm systems?°.

1 Ps -
MC=—-———V-| (ug+u'q)dp (5
Pwd 0
1 Ps
MFC=——V- | (@g)dp (6)
w 0
1 bs
TEC=———V- | @q)dp 7
w 0

Overbars indicate monthly mean values, and primes represent departures from the monthly mean

values.

Using climatological monthly values of u and g as reference, monthly MFC anomalies (§MFC)
can be further decomposed into three components®®: 1) a thermodynamic component (8TH)
induced by specific humidity anomalies, 2) a mean circulation dynamic component (6MCD)
induced by horizontal wind anomalies, and 3) a covariation component (§COV) induced by the

product of specific humidity anomalies and horizontal wind anomalies.

1 Ps
SMFC = ———V - | (W63 + Go01 + 6u87)dp (8
PwY 0
1 Ps
6TH = ———V- | (5,67)dp )
wd 0
1 Ds
SMCD = ———V- | (Gosw)dp (10)

w 0
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1 Ps
SCOV = ———v- | (susq)dp (11)

w 0
The subscript 0 represents climatological monthly values and & represents departure from the

monthly climatology.

Attribution analysis. We used a variance decomposition method®®°! to assess contributions of
each MC component to monthly variations in MC. We removed the long-term trends and seasonal
cycles to focus on the sub-seasonal and inter-annual variations in MC.
MCy = MFCy4 + TEC, (12)

As in equation (3), the subscript d indicates the variable is linearly detrended and deseasonalized.
The variance of MC,; (var(MC,)) can be decomposed into its covariance with the two components
on the right side of equation (12).

var(MC,) = cov(MCy, MFCy) + cov(MCy4, TEC,;) (13)
The contributions of MFC; (R(MC,MFC)) and TEC; (R(MC,TEC)) to MC, variations in
MERRAZ2 (1980-2018) and ERA5 (1979-2018) are therefore calculated as

cov(MC4, MFC,)

R(MC,MFC) = —— ey
d

(14)

cov(MC4,TECy)
var(MC,)

R(MC,TEC) = (15)

Similarly, we assessed contributions of the three components of MFC,; to MC, variations. The
separated contributions of MFC,, TEC, and the three components of MF C,; to MC, variations are

shown in Fig. S8.
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Data availability. The GLACE-CMIP5 simulations are available from S.LS.
(sonia.seneviratne@ethz.ch) and the climate modelling groups upon reasonable request. All other
data used in this study are available online. The CMIP5 model simulations are from https://esgf-
node.lInl.gov/search/cmip5/. The ERAS reanalysis data are from
https://www.ecmwf.int/en/forecasts/datasets/archive-datasets/reanalysis-datasets/era5. The
MERRA-2 reanalysis data are from https://gmao.gsfc.nasa.gov/reanalysissMERRA-

2/data_access/.

Code availability. The code used for modelling and reanalysis data analyses is available from

https://github.com/shazhou09/dryland_water_availability.
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