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Abstract
As the carbon-neutral target has been set, it is of great importance to investigate and attribute dry-wet climate response for 
which  CO2 emission is increasing, decreasing, and remaining stable over time. Therefore, our study utilize data from five 
models of the CMIP6 to analyze the spatiotemporal variations and attribution of global drought as presented by the Stand-
ardized Precipitation Evapotranspiration Index (SPEI) during periods of  CO2 increasing by 1% per year, decreasing by 1% 
per year, and remaining stable. During the  CO2 ramp-up period, potential evapotranspiration (PET) increases faster than 
precipitation (P), causing a decrease in SPEI. Conversely, a faster PET decrease than P leads to increased SPEI during the 
 CO2 ramp-down period. Spatially, low and mid-latitudes exhibit opposite trends to high latitudes, with the most pronounced 
responses observed in the Amazon, southern Africa, and Australia. After  CO2 returns to pre-industrial (PI) concentration, 
global P and PET do not recover, remaining ~2% higher compared to PI levels. However, SPEI shows a recovery in the 
global average, yet fails to reach PI levels in specific regions. Furthermore, extreme drought and wetness events persist 
with increased frequency and severity compared to PI levels despite the recovery of  CO2 concentration. Finally, based on 
the attribution analysis, the contribution of precipitation (~35%) to drought changes is secondary to that of PET (~65%), 
which is primarily promoted by air temperature (~50%), followed by net radiation (~10%) and relative humidity (~6%) with 
negligible effect of wind speed.
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1 Introduction

Since the industrial revolution, anthropogenic activities 
have resulted in an extraordinary rise in the concentration of 
greenhouse gases (GHG), specifically carbon dioxide  (CO2), 
due to the extensive use of fossil fuels, deforestation, and 
other land use practices, contributing to global warming 
(Wang et al. 2021a) . Thus, acknowledging the urgency of 
the situation, member states of the United Nations Frame-
work Convention on Climate Change (UNFCCC) adopted 
the Paris Agreement in December 2015, which aims to hold 
the increase in the global average temperature to below 2°C 
and to pursue efforts to limit the temperature increase to 
1.5°C. Towards this target, atmospheric  CO2 concentration 
must peak and decrease continuously as soon as possible 
until carbon neutrality is achieved in this century (Sanderson 
et al. 2017; Rogelj et al. 2018; Wang et al. 2021a). However, 
it is important to note that the response of climate system 
to carbon neutrality remains inconsistent and inadequately 
comprehensive within the scientific community.
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Drought is considered as one of the most devastating 
natural disasters globally, often causing serious hazards to 
agriculture, ecosystems, and human communities (Huang 
et  al. 2017a; Guan et  al. 2019; UNCCD 2022). Under 
global warming, the drought conditions have unprecedent-
edly worsen in many parts of the world, especially those 
drought hotspots (regions that are frequently or severely 
impacted), such as the Mediterranean region, southern 
Australia, sub-Saharan Africa, and southern South Amer-
ica (Dai and Zhao 2017; Spinoni 2019; UNDRR 2021; 
Wang et al. 2024). In the future, under different represent-
ative concentration pathways (RCPs) or global warming 
levels (GWLs), global drought will become increasingly 
frequent and severe, with affected areas expanding espe-
cially under high emission scenarios, that is RCP 8.5 and 
GWL 4° (Huang et al. 2017b; Carrão et al. 2018; Spinoni 
et al. 2021; UNDRR 2021; Zhao and Dai 2021). On a 
regional scale, Spinoni et al. (2021) indicated that future 
drought will be more severe in Central America, Chile and 
southern Argentina, the Mediterranean region, the Atlan-
tic region of Western Africa and southern Africa, south-
western China and the western and southern coastal areas 
of Australia. Similar spatial patterns can be obtained for 
hydrological drought (Prudhomme et al. 2014) and agri-
cultural drought (Lu et al. 2019).

The increased frequency and severity of droughts due to 
global warming on the global and regional scale are widely 
recognized. However, as the carbon-neutral target has been 
set, it is of equal importance to investigate and attribute 
dry-wet climate response for which  CO2 concentration is 
increasing, decreasing, and remaining stable over time. To 
understand the response of climate system to carbon neu-
trality, the World Climate Research Programme (WCRP) 
started the Carbon Dioxide Removal Model Intercompari-
son Program (CDRMIP, Keller et al. 2018). It includes 
climate and carbon cycle reversibility experiment, where 
 CO2 is prescribed to increase at 1% per year to four times 
of preindustrial  CO2 and then decrease at 1% per year until 
again at a preindustrial level, after which the simulation 
continues for as long as possible. The scenario, climate 
responses, and dynamics of carbon neutrality will be sig-
nificantly different from what we have experienced since 
the industrial revolution (Long et  al. 2020; Hou et  al. 
2021; Huang et al. 2022a; Zhou et al. 2022). Based on the 
ideal experiment, extensive studies have been dedicated 
to the variations and dynamics of climate systems such 
as temperature, precipitation, sea level, and the Atlantic 
Meridional Overturning Circulation (AMOC) under car-
bon dioxide removal (CDR) (An et al. 2021; Yeh et al. 
2021; Kim et al. 2022; Paik et al. 2023; Cao et al. 2023; 
Liu et al. 2023). However, although some studies have 
characterized regional or global drought changes through 
precipitation (Boucher et al. 2012; Zhang et al. 2023; Kim 

et al. 2023), direct analysis utilizing drought indices that 
comprehensively consider temperature, humidity, and 
other factors under carbon neutrality is still lacking.

Standardized Precipitation Evapotranspiration Index 
(SPEI) is a drought index that comprehensively considers 
multiple factors and characterizes drought at multi-scale. 
The SPEI can compare the drought severity through time 
and space since it can be calculated over a wide range of 
climates. It has a clear and understandable calculation pro-
cess and can identify different drought types and impacts 
under global warming, thus it has been widely applied 
(Wang et al. 2014, 2021b; Spinoni 2019; Sun et al. 2019; 
Spinoni et al. 2020, 2021; Huang et al. 2022b). Among the 
numerous factors considered in the SPEI, temperature and 
precipitation are more significant. During the ideal  CO2 
concentration change, the global mean surface tempera-
ture peaks several years after carbon removal is carried out 
because of inertia, and then decreases with the continu-
ing carbon removal. The recovery process is slow due to 
the ocean's immense thermal inertia, and the global tem-
perature does not return to pre-industrial (PI) level even 
if  CO2 does (Sun et al. 2021; Yeh et al. 2021). Following 
the peak  CO2 concentration, global and ocean precipitation 
continues to rise for several years, while changes in land 
precipitation are nearly symmetrical in response to varying 
 CO2 levels. The difference between ocean and land precipi-
tation is attributed to the ocean's large heat capacity. Even 
after  CO2 recovery, the global mean precipitation and both 
ocean and land precipitation do not return back to their 
original state (Yeh et al. 2021). Additionally, in drought 
research, Boucher et al. (2012) revealed hysteresis response 
of drought characterized by soil moisture to  CO2 changes. 
Kim et al. (2023) identified hemispherically asymmetric 
arid area change defined by the Global Drought Index 
(GDI), which may cause by hemispherically asymmetric 
Hadley cell edge changes. Zhang et al. (2023) suggested 
symmetric CDR may result in a risk of local drought over 
the South Asian summer monsoon region.

In summary, to address the knowledge gap in consider-
ing multi-factor, multi-scale global drought analysis under 
 CO2 removal, we utilized the CDRMIP experiment within 
CMIP6. This experiment involves idealized simulations 
where  CO2 concentrations undergo a symmetric increase 
and decrease at a rate of 1% per year. This study exam-
ines the spatiotemporal changes and underlying drivers of 
global drought through SPEI, enabling a holistic under-
standing of drought patterns under carbon neutrality con-
ditions. The introduction of data and methods is presented 
in Section 2. In Section 3, we present the changes in pre-
cipitation (P), potential evapotranspiration (PET), and the 
SPEI under carbon neutrality scenario. In Section 4, we 
carry out attribution analyses. Lastly, Section 5 provides 
the summary and discussion.
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2  Data and methods

2.1  Data

The CDR-reversibility experiment of the CDRMIP is 
used in this study, which involves piControl, 1pctCO2 
and 1pctCO2-cdr simulations. The 1pctCO2 experiment is 
derived from the Diagnostic, Evaluation, and Characteri-
zation of Klima (DECK) piControl experiment which is 
intended to reflect a nearly balanced state of the climate 
system under 1850 conditions. The 1pctCO2 simulation 
starts from the 1850 state with an atmospheric  CO2 con-
centration of 284.7 ppm and gradually increases by 1% per 
year until it reaches four times that of the piControl simu-
lation (1138.8 ppm; run for 140 years) (referred to as the 
ramp-up period). Then, it gradually decreases at the same 
rate back to the piControl level (referred to as the ramp-
down period). After that, the  CO2 concentration should be 
kept at 284.7 ppm for as long as possible, but here only the 

subsequent 60 years are selected for analysis. Note that the 
only external imposed forcing is  CO2 concentration, while 
all other forcings are kept at 1850 levels (Fig. 1).

In this study, PET and SPEI are computed using 
model output data for monthly precipitation; mean, maxi-
mum, and minimum air temperature; relative humidity; 
upwelling shortwave and longwave radiation; downwelling 
shortwave and longwave radiation; as well as 2-m wind 
speed. So far, nine models have participated in CDR-
reversibility experiment. However, only the following 
five models (Table 1) are chosen to analyze the hydrocli-
mate and drought changes (Section 3): ACCESS-ESM1-5, 
CanESM5, CNRM-ESM2-1, GFDL-ESM4, and MIROC-
ES2L, because the others lack the necessary variables 
for this study. Based on the Taylor diagram presented in 
Fig. S1, these five models could effectively reproduce the 
observed pattern, with the Multi-Model Ensemble (MME) 
mean significantly outperforming individual models. At 
the interannual scale (Fig. S1(a)), the spatial correlation 
coefficients for P and PET between the MME mean and 
observations are 0.91 and 0.97, respectively. Similarly, 
at the seasonal scale (Figs. S1(b-e)), the corresponding 
correlation coefficients exceed 0.88 and 0.91 for P and 
PET, respectively. Therefore, based on the model evalu-
ation, we conclude that utilizing these five models can 
effectively assess the response of future global drought 
changes to  CO2 forcing pathways. Among the chosen five 
models, ACCESS-ESM1-5 did not output relative humid-
ity and wind speed, so the other four models are used for 
attribution analysis (Section 4). All output monthly data 
of the above five models are interpolated onto 2◦ latitude 
×2◦ longitude, and the results are highly consistent across 
different resolutions (e.g., 1°×1°, 3°×3°). In addition, the 
global land cover map V2.3 compiled by European Space 
Agency is utilized to eliminate ice caps and desert regions 
where the high frequency of zero precipitation and water 
balances could potentially induce remarkable inaccura-
cies in the SPEI calculations (Vicente-Serrano et al. 2015; 
Spinoni et al. 2021).
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Fig. 1  Schematic diagram of the CDRMIP climate and carbon cycle 
reversibility experimental protocol (CDR-reversibility). From a prein-
dustrial run at steady state atmospheric  CO2 is prescribed to increase 
and then decrease over a ∼ 280-year period, after which it is held 
constant for as long as computationally possible. Modified from Kel-
ler et al. (2018)

Table 1  Summary of 5 models from CMIP6 used in this study

Model Modeling center Resolution (lat×lon)

ACCESS-ESM1-5 The Australian Community Climate and Earth System Simulator, Australia 1.25°×1.875°
CanESM5 Canadian Centre for Climate Modelling and Analysis, Canada ~2.8°×2.8°
CNRM-ESM2-1 Centre National de Recherches Météorologiques, France ~1.4°×1.4°
GFDL-ESM4 NOAA Geophysical Fluid Dynamics Laboratory, USA 1°×1.25°
MIROC-ES2L Atmosphere and Ocean Research Institute (The University of Tokyo), National Institute 

for Environmental Studies, and Japan Agency for Marine-Earth Science and Technol-
ogy, Japan

~2.8°×2.8°
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2.2  The standardized precipitation 
evapotranspiration index

It is widely acknowledged that drought has multi-scale 
characteristics, for the time scale of water shortage accu-
mulation is extremely important (McKee et  al. 1993; 
Vicente-Serrano et al. 2010; Hayes et al. 2011; Wang et al. 
2023). SPEI, proposed by Vicente-Serrano et al. (2010), 
is constructed based on P and PET, which can measure 
the severity of drought at multiple time scales. In general, 
drought originates from precipitation deficiency, initially 
manifesting as meteorological drought, which is commonly 
represented by SPEI at 1 month. Subsequently, agricultural 
drought ensues due to insufficient soil moisture, typically 
represented by SPEI at 3 or 6 months. Low recharge from 
the soil to water features such as streams and lakes causes 
a delayed hydrological drought, usually represented by 
SPEI at 12 or 24 months (Vicente-Serrano et al. 2012). 
The appropriate timescale varies when examining different 
hydrological systems and regions, necessitating the use of 
multi-scale drought index to capture the drought changes. 
Moreover, it is also suitable for detecting, monitoring, and 
exploring the impact of global warming on drought con-
ditions since it can comprehensively consider the atmos-
pheric evaporative demand affecting drought conditions. A 
brief computation of SPEI is sketched as follows (Vicente-
Serrano et al. 2010).

(1) The monthly PET is calculated using the Penman–
Monteith methodology (Allen et al. 1994):

where Δ is the slope of the saturated vapor pres-
sure function of temperature in kPa∕◦C ; Rn is the 
net radiation in MJ∕(m2 ∙ d) ; G is the soil heat flux 
in MJ∕(m2 ∙ d) ; � is the psychrometric constant in 
kPa∕◦C ; T  is the mean surface temperature in ◦C ; U2 
is the wind speed at 2m in m∕s ; and ea and ed are the 
saturated and actual vapor pressure in kPa , respectively.

(2) The calculation of the difference between P and PET 
for month i is performed:

then the calculated Di values are aggregated at different 
time scales as follows, where n is the calculated month 
and k is the chosen time scale,

(1)PET =
0.408Δ

(
Rn − G

)
+ �

900

T+273
U2

(
ea − ed

)

Δ + �
(
1 + 0.34U2

) ,

(2)Di = Pi − PETi,

(3)Dk
n
=

k−1∑
i=0

(
Pn−i − PETn−i

)
, n ≥ k.

(3) The Log-logistic distribution is used to fit the prob-
ability distribution function of the D series:

where � , � , and � are scale, shape, and origin param-
eters, respectively.

(4) The SPEI can be obtained as the standardized values of 
F(x):

where W =
√
−2ln P , for P ≤ 0.5 , P being the proba-

bility of exceeding a determined D value, P = 1 − F(x) . 
When P > 0.5 , P is replaced by 1 − P and the sign of 
the resultant SPEI is reversed. Furthermore, there 
are some constants: C0 = 2.515517 , C1 = 0.802853 , 
C2 = 0.010328 , d1 = 1.432788 , d2 = 0.189269 , and 
d3 = 0.001308.

SPEI series are calculated in this work at time scales of 
1, 3, 6, 12, and 24 months, but due to space constrains, only 
the results of 3 and 24 months are presented in the main 
text. The results of SPEI at other time scales are shown in 
the Supplementary Information.

2.3  EOF calculation

Empirical orthogonal function (EOF) analysis (Lorenz 1956) 
is among the most widely and extensively used methods in 
atmospheric science. The method, which decomposes a 
space-time field into spatial patterns and associated time 
indices, can extract the main features of the field. The brief 
calculation method is as follows.

First, process the annual gridded data into anomaly field 
Xm×n, where m represents the number of grid points and 
n represents the number of years. Compute the covariance 
matrix Cm×m based on the matrix Xm×n:

Then, calculate all eigenvalues λ1, λ2 ,…, λm, and eigen-
vectors Vm×m, ensuring that the condition is met:

where Em×m is a diagonal matrix containing eigenvalues:

(4)F(x) =

[
1 +

(
�

x − �

)�
]−1

,

(5)SPEI = W −
C0 + C1W + C2W

2

1 + d1W + d2W
2 + d3W

3
,

(6)Cm×m =
1

n
Xm×n ∙ Xm×n

T .

(7)Cm×m ∙ Vm×m = Vm×m ∙ Em×m,

(8)Em×m =

⎡⎢⎢⎣

�1 ⋯ 0

⋮ ⋱ ⋮

0 ⋯ �m

⎤⎥⎥⎦
.
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Arrange the eigenvalues in descending order: λ1>λ2> 
…>λm. Then project the spatial modes onto matrix X to 
obtain the corresponding time coefficients:

Intuitively, the variance of matrix X can be reflected 
by the values of its eigenvalues, where higher λ indicate 
that the corresponding modes have a more significant 
proportion and contribute more to the total variance. The 
explained variance ratio of the kth mode to the total vari-
ance can be represented as:

 Where Rk denotes the variance contribution of the kth mode. 
λi, λk denote the ith and kth eigenvalues, respectively, k=1, 
2, …, p (p<m).

Finally, conduct statistical tests on the spatial modes, 
with the er ror range of the eigenvalues set to [
�i − �i

√
2

m
, �i + �i

√
2

m

]
 . If the error ranges of adjacent 

modes do not overlap, the test is considered statistically 
significant; otherwise, it fails the significance test (North 
et al. 1982).

2.4  Attribution analysis

In this study, the contribution of P and PET to SPEI trend 
can be separated by a numerical experiment approach. 
According to the calculation procedure of PET above, 
the driving factors can be further decomposed into air 
temperature (Ta), net radiation (Rn), wind speed  (U2), 
relative humidity (Rh), and precipitation (P). Therefore, 
to determine the individual contributions of each factor 
to SPEI changes, six experiments have been designed, 
including one control experiment (EXP_Ctr) and five 
sensitivity experiments for each of above five driving 
factors (EXP_Ta, EXP_Rn, EXP_U2, EXP_Rh, EXP_P). 
The control experiment is run with all original values 
during  CO2 concentration changes (years 1-280). In each 
sensitivity experiment, SPEI trend is re-calculated using 
one detrend input and four original inputs during the 
ramp-up (years 1-140, referred to as RU) and ramp-down 
(years 141-280, referred to as RD) periods, respectively 
(Table 2, Fig. S2).

In traditional way, the contribution of the ith factor to 
SPEI changes is represented as Ci = VEXPCtr

− VEXPi
 , where 

VEXP_Ctr and VEXP_i are the trends of the simulated SPEI in 
EXP_Ctr and EXP_i. However, this method may not accu-
rately reflect the individual contributions of the driving 

(9)PCm×n = Vm×m
T ∙ Xm×n.

(10)Rk =
�k∑m

i=1
�i

× 100%,

factors due to the potential for interactions among these 
factors. In order to address the problem, Sun et al. (2014) 
proposed an improved method for separating the contribu-
tion of each factor:

where 
∑n

k≠i
Ck means the cumulative contributions of the 

driving factors except for ith factor to the SPEI trend; k is the 
sensitivity experiment for a given driving factor; and n is the 
number of sensitivity experiments (=5 here). By simultane-
ously solving multiple factors from Eq. (11), the contribu-
tion of one factor to the SPEI trend can be computed by:

As reported by Sun et al. (2014, 2017), this new approach 
performed better than the traditional approach with higher 
accuracy and efficiency. In this study, the contributions of 
the five driving parameters (Ta, Rn,  U2, Rh, and P) are eval-
uated based on above method, and the joint contributions of 
Ta, Rn,  U2, and Rh can be regarded as the contributions of 
PET to SPEI changes.

To visually appreciate the magnitude of each factor's con-
tribution, the relative contribution percentages can be calcu-
lated as follows. Since P and PET are the most directly related 
factors to SPEI, their relative contributions are presented by:

where i is P or PET. After that, Ta, Rn,  U2, and Rh are vari-
ables directly related to PET, so we calculate their relative 
contributions to PET and then indirectly get which to SPEI:

where j refers to Ta, Rn,  U2, or Rh.

(11)
n∑
k≠i

C
k
= V

EXP_i,

(12)Ci =

∑n

k≠i
Vk − (n − 2)Vi

n − 1
.

(13)RCi =
||Ci

||
||CP

|| + ||CPET
||
× 100%,

(14)

RCj =

|||Cj
|||

||CTa
|| + ||CRn

|| + |||CU2

||| + ||CRh
||
⋅ RCPET × 100%,

Table 2  Numerical experiments design for attribution analysis

Experiments Description

EXP_Ctr Ta, Rn,  U2, Rh and P during 1-280
EXP_Ta Detrended Ta, the others same as control test
EXP_Rn Detrended Rn, the others same as control test
EXP_U2 Detrended  U2, the others same as control test
EXP_Rh Detrended Rh, the others same as control test
EXP_P Detrended P, the others same as control test
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3  Hydroclimate and drought changes 
under carbon neutrality scenario

Through the mathematical principle of the SPEI procedure, 
P and PET are two key climate variables determining the 
wet-dry condition. Therefore, the spatial and temporal pat-
terns of long-term trends and seasonal signatures of P, PET, 
and SPEI in the changing  CO2 pathway are analyzed in this 
section, as well as the result of EOF analysis. In addition, we 
focus on the changes in extreme drought and wetness during 
different  CO2 phases.

3.1  Long‑term trends

We first show the temporal evolution of continental mean 
P and PET in the  CO2 pathway relative to the piControl 
simulation (Figs. 2a and b). The values are plotted as the 
percentage change (%) relative to PI levels. In the  CO2 ramp-
up period, P and PET both increase as atmospheric  CO2 
rises. P reaches a peak of approximately 5.82% in the 145th 
year, and PET reaches a peak of approximately 19.81% in 
the 143rd year, which both lag a little bit behind  CO2 con-
centration peaks (the 140th year). In the  CO2 ramp-down 
period, as  CO2 concentration decreases, P and PET also 
quickly decrease. However, the decreasing rates (0.032%/
yr for P and 0.131%/yr for PET) are slower (0.035%/yr for 
P and 0.146%/yr for PET) than the increasing rates. When 
 CO2 concentration returns to the PI level, P and PET remain 
approximately 1.43% and 2.82% above their initial values, 
respectively. Then, although P and PET continue to decline, 
neither P nor PET recovers to their PI state in the stable 60 
years (1.16% for P and 2.17% for PET above PI levels).

In what follows, the composite effect of P and PET, and 
associated drought changes in terms of SPEI will be exam-
ined (Figs 2c and d). Although both P and PET increase 

during the  CO2 ramp-up period, it is evident that the increas-
ing rate of PET exceeds that of P. Thus, according to the cal-
culation principle of SPEI, decreasing tendency of SPEI and 
drier conditions are expected during the RU period. SPEI at 
time scales of 3 and 24 months both reach their lowest values 
in the 144th year with -0.50% and -0.84%, respectively. The 
faster rate of PET change than P is also observed during the 
RD period, which explains the increase in SPEI. After  CO2 
concentration recovers to PI level, SPEI at all time scales 
keep increasing and almost recover to their initial values 
during stabilization period (Fig. S3).

Figure 3 shows the spatial distributions of the trend in P 
and PET during the RU and RD periods, and the uncertainty 
is quantified by the consistency of the sign. If at least four out 
of five models concur on the sign, the MME can be considered 
reliable. Most regions experience an increase in P during the 
RU period and a decrease during the RD period. However, the 
opposite trend is observed in Central America, the Amazon, 
the Mediterranean region, Southern Africa, and Australia, 
showing a decreasing trend followed by an increasing trend 
during the RU and RD period. In contrast to the change in P, 
PET shows a globally consistent increase/decrease as  CO2 
concentration increases/decreases, with stronger signals in 
the Amazon, Southern Africa, and Australia.

The spatial patterns of the SPEI trends across different 
time scales are comparable, but the magnitudes of these 
trends differ (Fig. S4). At longer time scales, the changes in 
SPEI become more pronounced, reflecting the cumulative 
impact of drought and SPEI (Wang et al. 2014). Here we 
illustrate the spatial distributions of the trend in SPEI at time 
scales of 3 and 24 months as examples (Fig. 4). Overall, the 
global drought change seems to be dependent on latitude, 
with a drier trend in low and mid-latitudes during the RU 
period, whereas a wetter trend is observed in high latitudes 
(Spinoni et al. 2021). The changes during the RD period are 
opposite to those during the RU period. It is noteworthy that 

Fig. 2  Temporal changes of 
continental mean (a) precipita-
tion, (b) potential evapotranspi-
ration, and SPEI at time scales 
of (c) 3 and (d) 24 months 
during the  CO2 ramp-up, ramp-
down, and stabilization periods 
relative to the PI levels. The 
black lines are the changes in 
 CO2 concentration. The colored 
lines and shadings denote the 
ensemble mean and interquar-
tile range across five CMIP6 
models, respectively
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the changes are more pronounced and the models’ behavior 
is more consistent in the Amazon, Southern Africa, and Aus-
tralia due to the combined effects of decreasing/increasing 
P and increasing/decreasing PET during the RU/RD period 
(Fig. 3).

3.2  Seasonal signatures

To understand the change in each season, SPEI at the sea-
sonal scale in May, August, November, and February are cho-
sen to represent the drought in spring (March-May), summer 
(June-August), autumn (September-November), and winter 
(December-February) in the northern hemisphere, respec-
tively. Similarly, the SPEI at the seasonal scale of Novem-
ber, February, May, and August are chosen to represent the 
drought in spring, summer, autumn, and winter in the south-
ern hemisphere, respectively. The global mean changes for 
each season in a changing  CO2 pathway are shown in Fig. 5. 
The strongest changes are found in spring and summer, show-
ing a decrease during the RU period and an increase during 

the RD period, with their minimum values being smaller than 
the annual minimum values (Fig. 2c). In winter, the trend 
is similar to that in spring and summer, but the magnitude 
is much smaller. Autumn exhibits the smallest spatial aver-
age dry-wet change compared to the other seasons. When 
 CO2 concentration returns to the PI level (the 280th year), 
SPEI fails to recover in all seasons except autumn. During 
the stabilization period, drought conditions could recover to 
PI levels in almost all seasons except spring.

Figure 6 displays the spatial distributions of the trend in 
four seasons during the RU and RD periods. The strong-
est change and the best model consistency (approxi-
mately 86% of the regions passed the consistency test) 
are observed in winter, with a noticeable trend of dry-
ing/wetting in regions south of 40°N during the RU/RD 
period, while the higher latitudes in the northern hemi-
sphere experience the opposite. As a result, the global 
average variation in SPEI is relatively weak (Fig. 5). In 
summer, the SPEI trend is not strong in terms of spatial 
distribution (Figs. 6c and d), but the spatially averaged 

Fig. 3  Spatial distributions of the trend in (a, b) precipitation and (c, d) potential evapotranspiration during the  CO2 ramp-up and ramp-down 
periods. The stippling indicates that at least four out of five models agree on the sign of the MME
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change is instead more intense than winter because the 
global change is more consistent (Fig. 5), i.e., approxi-
mately 74% of the area becomes consistently drier/wetter 
during the RU/RD period.

3.3  EOF analysis

An EOF analysis is conducted on annual P, PET, and SPEI. 
The first mode of all variables demonstrates a significantly 

Fig. 4  The same as Fig. 3 but for SPEI at time scales of (a, b) 3 and (c, d) 24 months

Fig. 5  Temporal changes of 
seasonal SPEI during the  CO2 
ramp-up, ramp-down, and 
stabilization periods relative to 
the piControl simulation. The 
blue, red, purple, and orange 
lines indicate spring, summer, 
autumn, and winter changes, 
respectively, and the shading 
denotes the interquartile range 
across five CMIP5 models
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Fig. 6  Spatial distributions of the SPEI trend in (a, b) spring, (c, d) summer, (e, f) autumn, and (g, h) winter during the  CO2 ramp-up and ramp-
down periods. The stippling indicates that at least four out of five models agree on the sign of the MME
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higher variance contribution compared to other modes 
(Table 3). Additionally, all modes successfully passed the 
North test. Therefore, this section will primarily focus on 
the analysis of the first EOF mode (Fig. 7).

The first eigenvector (EOF1) loading pattern of precipi-
tation explains 40.3% of the total variance (Fig. 7a), which 
is significantly higher than the second mode (5.4%). The 
EOF1 mode of P shows that the loading weights are not uni-
form, with Central America, the Amazon, the Mediterranean 
region, Southern Africa, and Australia exhibiting opposite 
signs from other places, and the strongest amplitude is near 
Amazon. According to the time series of the first principal 
component (PC1), there is a positive trend during the RU 
period while a negative trend during the RD period, indi-
cating that P in the aforementioned regions is persistently 
decreasing during the RU period and increasing during the 
RD period, while the opposite trend is observed in other 
regions. The EOF1 loading pattern of PET explains 88.3% 
of the total variance (Fig. 7b), implying that the EOF1 mode 
could explain most of the PET changes. The EOF1 mode of 
PET shows that all the loading weights are positive, with 
stronger values generally located at 0-30°S in the southern 
hemisphere. According to the PC1, PET shows an increase 
followed by a decrease over all regions during the RU and 
RD period. It is worth noting that the anomalies of P and 
PET shown in EOF1 are strongest in the 147th and 144th 
year, respectively, both lagging slightly behind  CO2 concen-
tration peak (the 140th year). During the  CO2 stabilization 
period, P and PET cannot return to their initial states.

The first EOF modes of SPEI at different time scales are 
quite similar (Fig. S5), so that here we only show SPEI at 
time scales of 3 and 24 months as examples (Fig. 7c and 
d). The first mode variance contributions of SPEI at differ-
ent time scales are all above 55% (Table 3), which means 
their first modes could account for the majority of the SPEI 
changes. The EOF1 modes of SPEI at different time scales 
show negative loading weights mainly over low and mid-
latitudes, whereas positive weights over high latitudes. 
According to the PC1, there is a positive trend during the 
RU period while a negative trend during the RD period, 
indicating that SPEI decreases over low and mid-latitudes 
(becoming drier) and increases over high latitudes (becom-
ing wetter) during the RU period, and vice versa during the 
RD period. Note that the SPEI magnitudes at time scales of 
3 and 24 months are strongest in the 147th and 148th year, 

respectively. During the  CO2 stabilization period, SPEI at 
different time scales do not return to their initial states.

3.4  Changes in extreme events

In the changing  CO2 pathway, not only the mean values but 
also extreme events should be concerned. Fig. 8 displays 
the probability distributions of SPEI in the five time periods 
at time scales of 3 and 24 months. The five time periods 
selected here are shown in Fig. 8a, which are the PI period 
(before atmospheric  CO2 changes, black shadow), 20 years 
of the  CO2 ramp-up period (years 56-75, blue shadow), 20 
years around the  CO2 peak period (years 131-150, purple 
shadow), 20 years of the  CO2 ramp-down period (years 206-
225, yellow shadow), and the  CO2 stabilization period (years 
281-340, red shadow). The process of constructing probabil-
ity distribution is as follows: for each model, values at all 
grids across the global land (excluding deserts and ice caps) 
for a specific period are extracted. These data from all mod-
els are then combined to create the probability distribution.

At all time scales, the distribution of SPEI during the 
PI period follows a standard normal distribution (Fig. S6), 
which is consistent with the mathematical principles used 
in the calculation of SPEI. During the RU period, the prob-
ability distributions of SPEI at all time scales become wider 
and their highest frequency decreases, indicating an increase 
in spatial variability and therefore, more frequent extreme 
events. Moreover, the mean values shift towards drought, 
with the central value of SPEI at the 24-month time scale 
decreasing from 0.0 during the PI period to -1.88 during 
 CO2 peak period, and the peak frequency decreasing from 
8.46% to 3.98%. Meanwhile, the extreme drought (SPEI<-2) 
and extreme wetness (SPEI>2) occurrences greatly increase, 
with 25.68% and 14.52% increases for the SPEI at 24-month 
time scale, respectively. In particular, there is a noticeable 
increase in extreme drought in Central America, the Ama-
zon, the Mediterranean region, South Africa, and Australia. 
Extreme wetness has increased notably in Alaska and the 
Chukchi Peninsula (Fig. S7). The SPEI probability distri-
bution recovers as atmospheric  CO2 returns, but it remains 
wider than the distribution at the same  CO2 concentration 
during the RU period. Even when  CO2 completely recovers 
and remains stable, the probability distributions of SPEI at 
any time scale fail to return to PI conditions and become 
more extreme.

Table 3  The variation 
contributions of the EOF first 
three modes of precipitation, 
potential evapotranspiration, 
and SPEI at different time scales

Variables P PET SPEI 1 SPEI3 SPEI 6 SPEI 12 SPEI 24

EOF1 40.3% 88.3% 67.7% 61.9% 56.6% 55.5% 62.3%
EOF2 5.4% 1.5% 2.5% 2.8% 3.4% 4.1% 4.2%
EOF3 2.8% 1.0% 2.2% 2.4% 2.6% 2.9% 2.2%
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Fig. 7  The first EOF modes (left panels) and the corresponding time series of the principle component (right panels) of (a) precipitation, (b) 
potential evapotranspiration, and SPEI at time scales of (c) 3 and (d) 24 months
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4  Attribution of the drought changes 
under carbon neutrality scenario

According to SPEI procedure (Eqs. (1-5)), we attrib-
ute the SPEI changes to five factors: Ta, Rn,  U2, Rh, 
and P. The scatterplot that displays the accumulated 

contributions of each influence factor ( 
∑6

i=1
Ck ) against 

the SPEI trend in EXP_Ctr ( VEXP_Ctr ) is shown in Fig. 9. 
The result obtained by this method is close to the 1:1 line, 
indicating that this attribution method is effective.

Figure 10 shows the contributions of each factor to SPEI 
changes during the  CO2 ramp-up and ramp-down periods. 

Fig. 8  (a) Evolution of atmos-
pheric  CO2 concentration, and 
probability distributions of 
SPEI at the time scales of (b) 3 
and (c) 24 months. The black, 
blue, purple, orange, and red 
lines and shadings represent the 
pre-industrial,  CO2 ramp-up, 
peak, ramp-down, and stabiliza-
tion periods, respectively

Fig. 9  Scatterplot of the 
accumulative contributions of 
each influence factor against the 
SPEI trend in EXP_Ctr 
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The contributions of each factor to SPEI changes at longer 
time scale are larger, for its greater changes (Fig. 2c and 
d), but their relative contributions to SPEI changes at dif-
ferent time scales are not significantly different. During the 
RU period, averaged P and PET both increase (Fig. 2a and 
b), but the relative contributions of P (31.00% to SPEI3, 
34.23% to SPEI24) are smaller than those of PET (69.00% 
to SPEI3, 65.77% to SPEI24) (Table 4). In other words, the 
possible mitigation effect of increased precipitation may 
be completely outweighed by enhanced PET, resulting in 
decreasing SPEI and drying tendency. Similarly, during 
the RD period, the decrease in PET (69.75% to SPEI3, 
67.01% to SPEI24) counteracts the decrease in P (30.25% 
to SPEI3, 32.99% to SPEI24), resulting in increasing SPEI 
and wetting tendency.

Subsequently, we decompose the contributions to PET 
into Ta, Rn,  U2, and Rh. We find that the main contributing 
factors are Ta and P, but they contribute to the SPEI changes 
with opposite signs. Among the other factors, Rn contrib-
utes the most (~10%), with a substantial dominance from 
longwave radiation over shortwave radiation (Table S1). 
The contributions from the other two factors,  U2 and Rh, 
are relatively insignificant. In conclusion, during the RU 
period, the increase in P is offset by the increase in PET 
which is primarily promoted by the increase in Ta and Rn, 
and the decrease in Rh (Fig. S8), resulting in decreasing 
SPEI and drying tendency. Similarly, during the RD period, 
the decrease in P is offset by the decrease in PET which 
is promoted by the decrease in Ta and Rn, together with 
the increase in Rh, resulting in increasing SPEI and wetting 
tendency.

In addition to the  global mean, we then analyze the 
contributions of each factor to SPEI changes at pixel level 
for different time scales during the RU and RD periods 
(Figs. S9-16). The results are similar for different time scales 
except for their magnitude, and thus we illustrate the result 
of SPEI at the 3-month time scale as an example (Figs. 11 
and 12). During the RU period, the contributions of Ta to 
SPEI changes are consistently negative around the world, 
and those of Rn are negative in a great majority of regions, 
while  U2 and Rh have both positive and negative contri-
butions globally, which leads to small contributions when 
averaged globally (Fig. 10). Under the influence of these four 
factors, PET has contributed to lower SPEI (more negative). 
However, the contributions of P are not consistent globally, 
showing negative contributions to SPEI changes in Central 
America, Amazon, the Mediterranean region, Southern 
Africa, and Australia, and positive contributions in other 
regions, particularly stronger in the high latitudes. It is worth 
noting that both P and PET contribute to lower SPEI in the 
mentioned regions, making the decreases in SPEI especially 
noticeable over there (Fig. 4). As for high latitudes, the neg-
ative contributions of PET are partly counteracted by the 
positive contributions of P, resulting in a weaker increase in 
SPEI over there (Fig. 4). The spatial distributions of the con-
tributions during the RD period are similar to those during 
the RU period, with opposite signs (Fig. 12), so the conclu-
sions are similar and we do not repeat here.

In addition to the annual changes, we analyze the con-
tributions to SPEI changes at seasonal scale (Fig.  13, 
Figs. S17-19, Table S2). The results reveal that the relative 
contribution of PET is highest in summer, exceeding 80%, 

Fig. 10  Contributions of Ta, 
Rn,  U2, Rh, PET, and P to SPEI 
changes at time scales of (a) 
3 and (b) 24 months during 
the  CO2 ramp-up and ramp-
down periods (unit:  decade-1). 
Colored bars represent the 
ensemble mean, while the error 
bars denote the maximum and 
minimum values over four 
models

Table 4  Relative contribution 
of Ta, Rn,  U2, Rh PET, and P 
to SPEI changes at time scales 
of 3 and 24 months during the 
 CO2 ramp-up and ramp-down 
periods (unit: %)

Ta Rn U2 Rh PET P

SPEI3 RU 50.87 10.87 0.11 7.15 69.00 31.00
RD 49.96 12.04 0.14 7.61 69.75 30.25

SPEI24 RU 49.30 10.30 1.19 4.99 65.77 34.23
RD 49.13 11.32 1.02 5.54 67.01 32.99
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while P peaks in autumn, contributing of over 40% (Fig. 13, 
Table  S2). In summer, the global dominance of PET 
(Fig. S17), which contributes notably more than P, leads to 
spatially consistent drier conditions during RU periods and 
wetter conditions during RD periods (Figs. S18-19). This 

results in consistent spatial dry-wet changes (Figs. 6a-d) 
and significant average trends (Fig. 5). However, due to the 
relatively small global average difference between PET and 
P contributions, which tend to offset each other, the global 
dry-wet change is weaker compared to summer (Fig. 5).

Fig. 11  Spatial distributions of the contributions of (a) Ta, (b) Rn, (c)  U2, (d) Rh, (e) PET, and (f) P to SPEI changes at time scale of 3 months 
during the  CO2 ramp-up period (unit:  decade-1). The stippling indicates that at least three out of four models agree on the sign of the MME

Fig. 12  The same as Fig. 11 but during the  CO2 ramp-down period
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5  Summary and discussion

By calculating the SPEI at different time scales which can 
characterize the dry and wet conditions based on five mod-
els of CMIP6, we analyze the spatial and temporal patterns 
of global dry and wet changes during  CO2 concentration 
increasing from its PI concentration (284.7 ppm) to four 
times of that (1138.8 ppm) at the speed of 1% per year, and 
then symmetrically decreasing at the same speed to PI level 
and keeping at 284.7 ppm for 60 years.

We preliminarily conclude that during the  CO2 ramp-up 
period, PET increases faster than P, causing the decrease 
in SPEI. Notably, changes in global P, PET, and SPEI lag 
behind  the  CO2 concentration. Spatially, PET increases 
consistently, while P shows inconsistent changes globally. 
According to SPEI,  low and mid-latitudes become drier, 
while high latitudes become wetter, with particularly severe 
dryness in the Amazon, Southern Africa, and Australia. Dur-
ing the  CO2 ramp-down period, PET decreases faster than 
P, causing an increase in SPEI. The spatial distributions are 
opposite to those during the RU period. After atmospheric 

 CO2 recovers to its PI level, P and PET do not fully recover in 
either global mean or spatial patterns. However, SPEI shows 
a recovery in the global average but fails to reach PI levels 
in specific regions. Seasonally, the globally averaged SPEI 
exhibits the strongest variation during spring and summer. 
However, the spatial distribution of SPEI is more pronounced 
in winter, showing drier/wetter in regions south of 40°N dur-
ing the RU/RD period, while higher latitudes experience the 
opposite changes. In addition to the climatology, the changes 
in extreme drought (SPEI<-2) and wetness (SPEI>2) events 
are more concerning. As atmosphere  CO2 concentration 
increases, extreme events become more frequent and severe. 
Despite being relieved during the  CO2 stabilization period, the 
risk of extreme events is still higher than the PI level, indicat-
ing that extreme events including droughts and floods will 
become more common even though  CO2 recovers completely 
(Jo et al. 2022; Mondal et al. 2023).

Finally, we attribute SPEI changes to five factors: Ta, Rn, 
 U2, Rh, and P, and the joint contributions of the first four factors 
can be regarded as the contributions of PET to SPEI changes. In 
conclusion, during the RU period, the increase in P is offset by 

Fig. 13  The same as Fig. 10, but for (a) spring, (b) summer, (c) autumn, and (d) winter
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the increase in PET, primarily promoted by the increase in Ta 
and Rn and the decrease in Rh, resulting in a decrease in SPEI 
and a drier world. Similarly, during the RD period, the decrease 
in P is offset by the decrease in PET, promoted by the decrease 
in Ta and Rn together with the increase in Rh, resulting in an 
increase in SPEI and a wetter world. In addition, the contribution 
of  U2 is too small to be discussed here.

Additionally, while we employ the traditional PM method 
for PET calculation, studies have shown that it does not 
account for the impact of atmospheric  CO2 changes on sur-
face resistance, potentially overestimating PET and drought 
risks in future climates (Milly and Dunne 2016; Yang et al. 
2019; Aadhar and Mishra 2020a, b). Therefore, we also uti-
lize a modified PM method for drought estimation (Yang 
et al. 2019):

where the terms are as defined in Eq. (1), but with an addi-
tional term accounting for an atmospheric  [CO2] concen-
tration effect. The recalculated results using this modi-
fied approach are presented in Figs. S20-23 and Table S3. 
Compared to the original PM method's results (Figs. 2, 3, 
4, Fig. 10, and Table 4), the spatially averaged PET change 
is overestimated, leading to an overestimation of drought 
risk. Further attribution analysis reveals that the fertilization 
effect partially offsets the original drought trend and reduces 
the contribution of PET to SPEI changes from 65%-70% in 
the original PM method to 51%-56% in the modified method. 
However, our focus in this paper is not on quantifying the 
specific magnitude of drought risks, but rather on the trends 
and spatial patterns of changes. From this perspective, we 
find that both the overall direction and spatial patterns of 
changes remain consistent, regardless of whether the original 
or modified PM method is used for PET calculation.

SPEI is a meteorological drought index, and we also 
conducted a supplementary spatiotemporal analysis of soil 
moisture to corroborate the conclusions drawn from SPEI 
(Figs. S24-25). It can be seen that the global average soil mois-
ture exhibited a similar behavior to the SPEI, characterized by 
a decrease during the  CO2 ramp-up period, indicative of a drier 
global condition, and a recovery during the  CO2 ramp-down 
period. However, since the infiltration of water into the soil 
requires some time (Boucher et al. 2012), the soil moisture 
reaches its lowest point about 50 years after the peak  CO2, 
reflecting a prolonged lag time compared to the SPEI. Mean-
while, it does not recover after  CO2 returns to PI level. In terms 
of spatial variations, during the  CO2 ramp-up period, there 
is noticeable drying in North America, the Amazon, south-
ern Africa, Australia, and Russia. A wetting trend is noticed 
in these regions during the  CO2 ramp-down period, but it is 
less prominent compared to the drying trend. These results are 
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basically consistent with SPEI-based findings, despite some 
differences in the magnitude.

Global warming not only intensifies the frequency of 
drought events but also disrupts their patterns, mechanisms, 
and impact processes, making them more irregular and com-
plex. Some studies suggest that climate change has altered 
the global water cycle, disturbing the natural patterns of 
precipitation and evaporation, and leading to more frequent, 
prolonged, and severe droughts (Sheffield et al. 2012; Cook 
et al. 2020; Wu et al. 2022; Raposo et al. 2023). Drought gen-
eration and propagation are quite complicated, related to both 
local climate conditions and large-scale climate phenomena 
(e.g. El Niño Southern Oscillation—ENSO, Pacific Decadal 
Oscillation—PDO, Atlantic Multidecadal Oscillation—AMO 
and Arctic Oscillation—AO) (Dai 2011; Hao et al. 2017; 
Raposo et al. 2023). For instance, Funk et al. (2018) pointed 
out a connection between ENSO and droughts in southern 
Africa, with the 2015/2016 El Niño causing unprecedented 
drought in some catchment areas in the eastern portion of 
this continent. According to van Oldenborgh et al. (2021), 
during the 2019/20 bushfire in Australia, more than half of 
the July–December drought was driven by record excursions 
of the Indian Ocean Dipole and Southern Annular Mode. 
Furthermore, the combined effects of these large-scale phe-
nomena can exacerbate global and regional droughts. Accord-
ing to Nguyen et al. (2021), when ENSO and PDO are in 
phase, many hotspots experience intensified and expanded 
droughts, particularly on longer timescales (6-12 months) . 
While research on drought has become quite extensive, the 
losses caused by drought disasters remain challenging to 
control and have profound impacts on agriculture, hydrol-
ogy, and socioeconomic aspects. According to the report from 
UNCCD (2023), South Africa lost 33% of its grazing land 
due to drought; 85% of the population in middle- and low-
income countries were affected by drought; 5 million people 
in southern China were affected by record-low water levels in 
the Yangtze River due to drought and prolonged heat; in 2022, 
Europe experienced a once-in-500-year extreme drought, with 
630,000 square  km2 (roughly the combined area of Italy and 
Poland) affected by it; if global average temperatures rise 3°C 
above PI levels, an estimated 170 million people may expe-
rience extreme drought; if warming is limited to 1.5°C, 50 
million fewer people will experience extreme drought. Con-
sequently, achieving carbon neutrality is crucial to mitigate 
the impacts of global warming. However, carbon neutral-
ity is a complex and comprehensive issue that goes beyond 
mere policy discussions and necessitates a scientific basis to 
inform decision-making. While the scenarios employed in 
this study may be idealized, and the MME result shown here 
could be model-dependent due to the small number of models 
(Hawkins and Sutton 2009; Xie et al. 2015), this study offers 
valuable insights for exploring and understanding the climate 
system's response to a carbon neutrality scenario.
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