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Abstract
A reliable projection of future risk of decadal megadrought event is crucial for adaption and mitigation
over eastern China to future climate changes. However, large uncertainties are induced by emission
scenarios, model structures, and internal variability in current model simulation. Using a 50-member
ensemble of simulations from the Community Earth System Model Version 2 Large Ensemble (CESM2-
LE), it is found that, under the same emission scenario, internal variability contributes a large part to the
total uncertainties of decadal precipitation variability over eastern China, and the interdecadal Pacific
oscillation (IPO), could contribute about 30% to internal uncertainty during future period (2021–2080).
Then, an emergent constraint based on IPO is applied to the model simulated precipitation. Finally,
constrained precipitation changes show that northern China will have a high megadrought risk in the
2050s to 2060s, and Yangtze River Valley will have a high megadrought risk in the 2030s to 2040s. These
will have great benefit to specific strategies of social infrastructure in the future.

Introduction
With a large population and rapid developments, eastern China is vulnerable to extreme drought events,
which raise severe impacts on agriculture, natural environment, and human society1,2. As the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change (IPCC AR6) concluded,
anthropogenic influence induces global climate change since pre-industrial period unequivocally3. Model
simulation suggest an increased risk of megadrought around the world under global warming in this
century4–7, highlighting the importance of mitigation of future warming4,8,9. Especially, eastern China will
be confronted with the same increasing megadrought condition under a projected high emission
scenario10–12. Thus, a reliable projection and early warning of decadal megadrought events are crucial
for eastern China13,14.

Coupled Model Intercomparison Project Phase 6 (CMIP6) model simulations project precipitation
increase over East Asian summer monsoon (EASM) region due to the greenhouse gases (GHGs)-induced
“the Northern Hemisphere warmer than the Southern Hemisphere” and “land warmer than ocean”
patterns15. However, there remains large uncertainties in future precipitation projection16, which impend
accurate estimation of future megadrought in decadal time scale17,18. Previous studies show that internal
variability of the climate system, model structure difference, and future scenarios of GHGs emissions are
the three main sources of uncertainty in model projection19,20. Superimposed by complex interactions
between sea surface temperature (SST) and atmospheric circulation, these sources cause a large
uncertainty on projected megadrought over eastern China21–23.Moreover, regional megadrought is
strongly affected by both internal variability and external forcing, through inducing local circulation
changes24–27. Based on proxy reconstructions and model simulations during last millennium, historical
megadroughts over eastern China are mainly trigged by internal variability and modulated by natural and
anthropogenic forcings, e.g., volcanic eruption, solar radiation, anthropogenic aerosol and GHGs
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emissions28–31. Thus, reducing the uncertainty due to internal variability will largely improve
megadrought projection over eastern China.

Among the internal variability of the climate system, the Interdecadal Pacific Oscillation (IPO; ref. 32) and
Pacific Decadal Oscillation (PDO; ref. 33), are the leading modes on decadal scale. They are found to
contribute largely to regional decadal precipitation variability34–37, especially to eastern China38–41. In
recent decades, PDO/IPO phase shifted from positive to negative, and caused EASM weakening and the
less precipitation over northern part of eastern China since the late 1970s26,42,43. Mechanisms analyses
show that, there are negative sea level pressure (SLP) anomalies over the northwest Pacific but positive
SLP anomalies over northern China during the positive PDO/IPO phase, which generates northwesterly
wind anomalies over northern China and corresponding weaker EASM25,43. Therefore, this relationship
between PDO/IPO and decadal precipitation change was also applied to the study of future regional
precipitation changes over eastern China. For example, based on projected PDO/IPO trend, previous
studies constrained future regional precipitation trend over the south Asia and California, Unite States
effectively44,45. In addition, the trends of historical temperature and interhemispheric thermal contrast
(ITC) were respectively used to constrain the increasing trend of future Asian precipitation21,22. Although
plenty of constraining methods were successfully developed and applied to regional climate projections,
the projections of regional megadrought risks associated with decadal precipitation variability over
eastern China based on constraining methods has received little attention.

In this study, an IPO-based constraining method is applied to Community Earth System Model Version 2
Large Ensemble (CESM2-LE; ref. 46) to project decadal precipitation variability over eastern China, and the
corresponding future risk of decadal megadrought was then quantitatively estimated during the period
2021–2080. First, the uncertainty sources of simulated decadal precipitation over eastern China were
recognized by ensembles from CMIP6 and CESM2-LE. Then, IPO-based-constraining precipitation was set
up to project the future megadrought over eastern China. Hence, more accurate megadrought risks in
northern China (NC) and Yangtze River Valley (YRV) are estimated. These results will provide scientific
support related adaptation and mitigation strategies of the future climate changes.

Results
Uncertainty due to internal variability. The contributions of uncertainty due to internal variability in
simulated decadal precipitation over eastern China under the same scenario are first investigated.
Because the observed precipitation distribution in eastern China is the typical “flood in the south and
drought in the north” (SF/ND) pattern since the late 1970s, two sub-regions, i.e., northern China (NC; 37
-42 N; 112 -121 E) and the Yangtze River Valley (YRV; 28 -32 N;115 -121 E) were identified as two
representative regions in this study.

The total uncertainties and uncertainty due to internal variability in precipitation variability based on
multi-model ensemble from CMIP6 and multi-member ensemble from the CESM2-LE are shown in Fig. 1a-
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c. The uncertainty due to internal variability is comparable to the total uncertainty in both NC and YRV. In
particular, the internal uncertainty is slightly larger than the total uncertainty in NC, which is related to the
sample size of the model and members used in this study. It’s indicated that internal variability is the one
major factor contributing to the uncertainty of simulated precipitation variability over eastern China.
Projected precipitation variability during future period (2021–2080) also shows similar characteristics
(Supplementary Fig. 1).

Ensemble mean precipitation changes from CESM2-LE simulate the increasing trends over NC and YRV
under the SSP3-7.0 scenario (Fig. 1d&e). However, the decadal scale variability in different members are
quite different due to random initial conditions (Fig. 1d&e). Projection of the decadal megadrought risks
over eastern China seems to be challenging. Therefore, it is necessary to quantify the uncertainty
contribution from internal variability, and reduce this part of uncertainty through the emergent constraint.

To quantitatively distinguish the contribution from the internal uncertainty, the simulations from CESM2-
LE are only included in the following analyses. We first regress the 50 members’ SST onto NC and YRV
precipitation, respectively. As shown in Fig. 2a-b, significant IPO pattern could be identified, especially on
the three sub-basins used for IPO definition.

To approve the relationship between IPO and decadal precipitation variability over eastern China in
CESM2-LE simulation, corresponding observed precipitation anomalies over eastern China are
composited according to different historical IPO phases (Supplementary Fig. 2a-c). It’s shown that
positive (negative) IPO phase induces “SF/ND” (“SD/NF”) precipitation pattern over eastern China. This is
consistent with previous studies that the positive IPO phase potentially causes “SF/ND” precipitation
pattern over eastern China during recent decades47,48. Therefore, it is reasonable to hypothesize that, if
the uncertainty due to IPO in the model simulations is removed, the decadal precipitation variability over
eastern China will have a well-constrained effect.

Constraining the decadal precipitation by the IPO. In this section, the IPO is used to constrain the
simulated NC and YRV decadal precipitation variability. First, the 50-member’s standardized precipitation
are regressed onto their IPO indices respectively (Supplementary Fig. 3). The simulated spatial patterns of
regressions quite resemble to observation showing the opposite effect of IPO on NC and YRV
precipitation. In historical period, compared with the observation (Supplementary Fig. 2), the significant
simulated regressions on YRV have wider coverage associated with IPO with south to 28 N. However, the
significant negative regressions with IPO move to the north to 35 N (Supplementary Fig. 3a). The region
with largest regression coefficients is located between 40 to 45 N over northeast China. In future period
(2021–2080), the relationship between the IPO and NC precipitation is weaker, while the YRV is enhanced.

The averaged coefficient of determinations  of 50-member ensemble are 0.156 and 0.116 for NC
during historical and future periods respectively, and 0.082 and 0.085 for YRV during historical and future
periods respectively (Supplementary Table 2). The smaller  over YRV is smaller than that over NC in
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both historical and future periods, which may be associated with the fact that the precipitation variability
of YRV is larger than that of NC.

Using the constraining method, the precipitation is decomposed into IPO-related component and residual,
and the contributions of IPO to NC and YRV precipitation variability are evaluated (Figs. 3a-b). In NC, both
internal and IPO-related uncertainties are stable through historical period (1951–2010) without obvious
trend (Fig. 3a). The mean values of internal and IPO-related uncertainties are 0.745 and 0.288,
respectively. The IPO-related uncertainty accounted for about 38.7% of the internal uncertainty. In the
future, with the increase of precipitation variability, the internal uncertainty increases with an average of
0.857. However, the IPO-related uncertainty decreases compared with the historical period, with an
average of 0.267, contributing about 31.1% of internal uncertainty. In YRV, the trends of internal and IPO-
related uncertainties are stable for both historical and future periods (Fig. 3b). the mean values of internal
and IPO-related uncertainties are 0.804 and 0.287 in historical period, respectively. The IPO-related
uncertainty accounted for about 35.7% of the internal uncertainty. In the future, the internal uncertainty
increases to 0.931. However, the IPO-related uncertainty decreases slightly to 0.271, contributing about
29.1% of internal uncertainty.

In addition, the changes in internal uncertainties before and after the constraint are assessed (Figs. 3c-f).
After removing the IPO-related uncertainty, the uncertainties decrease in both NC and YRV. In historical
periods, the averaged uncertainties of NC and YRV decrease from 0.745 to 0.680, and 0.804 to 0.745,
respectively. In the future, precipitation variability increases in both regions, and the averaged
uncertainties of NC and YRV decrease from 0.857 to 0.822, and 0.931 to 0.893, respectively. These results
are consistent with above analyses (Supplementary Fig. 3) and confirmed the regressed relationship and
IPO-related uncertainty in model projection.

At the same time, it is also found that the precipitation of different members has different performances
in reproducing the relationship between precipitation and IPO, with regression coefficients ranging from − 
0.852 to 0.337, with an average of -0.153 in NC and − 0.413 to 0.719, with an average of 0.237 in YRV.
Thus, it is necessary to filter out several members with satisfying performance in reproducing the
relationship between simulated precipitation and IPO, to better project decadal scale precipitation
evolution based on IPO variability.

Future risk of megadrought events. A reliable projected IPO index should be first constructed to constrain
the future precipitation changes of 50-member. The observed IPO index is applied when constraining
historical precipitation, which is closer to observation than the raw simulated precipitation
(Supplementary Fig. 4). Moreover, in the future period, the simulated IPO index with a high correlation to
the observed IPO index in the historical period (1951–2010) from the 50-member is selected as the most
reliable projected IPO index for future precipitation constraints (Supplementary Fig. 5). The IPO index
(member 41) with the highest correlation with the observed IPO index from 50-member with 0.849 (p < 
0.01) is first identified as the best member’s IPO (BM-IPO; red line in Supplementary Fig. 5). To reduce the
potential biases from single simulation, other four IPO indexes with the highest correlations with the
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observed IPO index (member 18, 46, 48 and 14) are selected (gray thin lines in the Supplementary Fig. 5).
Then, a weighted average of these five simulated IPO indices (the weighted averaged IPO, WA-IPO), with
the weights assigned according to their respective correlation coefficients, is constructed to obtain the
fitting IPO index (blue line in Supplementary Fig. 5). The correlation coefficient between WA-IPO and
observed IPO during the historical period 1951–2014 reached 0.852 (p < 0.01), slightly higher than BM-
IPO. The correlation coefficient of BM-IPO and WA-IPO is 0.841 (p < 0.05), indicating that they have
relatively consistent changes in the future period.

Therefore, the BM-IPO and WA-IPO are then used to constrain the future decadal precipitation changes
over NC and YRV from 2021–2080. As shown in Supplementary Fig. 6, before the constraint, the
ensemble mean of 50-member (black lines) shows a monotonous linear increasing trend without obvious
decadal variability. After the constraint, the ensemble mean of 50-member shows a slightly improved
decadal variability in response to IPO phase change in each member. Moreover, 10 members with the
highest regression coefficient of precipitation to BM-IPO and WA-IPO are selected (as shown in the gray
thin line in Supplementary Fig. 7), which have the significant responses to future IPO changes. The
constrained effect is obvious in the ensemble mean precipitation of these best 10 members (10-BM) in
responses to the phase shifts of the two projected IPO indices.

Finally, using the IPO-constrained precipitation, the future risk of megadrought events over eastern China
at the decadal scale can be projected (Fig. 4). To exclude the influence of increased precipitation due to
global warming, the linear trend of projected precipitation is removed (“Detrended in Fig. 4”), and the
threshold for identifying a megadrought event (mentioned in Methods) is set to -0.5σ for 2021–2080. To
facilitate comparisons with historical period, another group of future risk are calculated based on
projected precipitation changes with linear trend (“With trend” in Fig. 4), and the threshold for identifying
a megadrought event is set to -0.5σ for 1951–2010. It’s worth noting that the comparisons of future risk
are based on the constrained and pre-constrained precipitation from 10-BM and 50-member, respectively
(Fig. 4). Because the frequency being calculated in a 20-year window, the missing values exist in the first
and last 10 years in the future period (2021–2080).

In the detrend precipitation time series, the projected risk of megadrought events over NC shows a great
difference between pre-constrained and constrained precipitation for the 2040s to 2060s (Fig. 4a). The
lowest risk occurs in early 2040s with the minimums of 0.0056, 0.0078 in BM-IPO and WA-IPO,
respectively. The highest risk occurs in 2050s to 2060s with the maximums of 0.0280 and 0.0256 in BM-
IPO and WA-IPO, respectively. However, the change of pre-constrained risk remains relatively horizontal
during the future period with an average of 0.0175, showing low skill on future megadrought projection
using simple ensemble mean. In the time series of precipitation with linear trends kept, due to the
monotonous increasing trend of projected NC precipitation, the megadrought risk shows a trend with
gradual decline from 2021 to 2080, particularly in pre-constrained results (Fig. 4c). However, after the
constraining, the risks have some fluctuations and resemble to the detrend results. For example, the lower
risk still occurs in 2040s with the valleys of 0.0069, 0.0079 in BM-IPO and WA-IPO, respectively. The
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higher risk still occurs in 2050s to 2060s with the peaks of 0.0174 and 0.0201 in BM-IPO and WA-IPO,
respectively.

The change of megadrought risk over YRV shows a reserved phase of risk of NC according to the
opposite relationship with IPO. Thus, in the detrend precipitation time series, the highest risk occurs in
2030s to 2040s with maximums of 0.0223 and 0.0209 in BM-IPO and WA-IPO, respectively. The lowest
risk occurs in 2050s with minimums of 0.0088 and 0.0096 in BM-IPO and WA-IPO, respectively. The
change of pre-constrained risk also remains relatively horizontal during the future period with average of
0.0169. In the time series of precipitation with linear trend kept, the megadrought risk also shows a trend
with gradual declined trend, but low and high risks still appear in 2040s and 2050s, respectively.

To sum up, the constraint shows that NC will have a low drought risk in the 2040s, which is dominated by
the projected positive IPO phase. On the contrary, with the projected negative phase of IPO, 2050s and
2060s, the NC precipitation will decrease, leading to an increase in drought risks. In YRV, there are higher
megadrought risks in 2030s and 2040s, and lower risks in the 2050s. In spite of the increasing trends in
projected precipitation over NC and YRV, when only taking the IPO-constrained precipitation variability
into consideration, the megadrought risk will arise.

Conclusions And Discussions
In this study, large ensemble from the CESM2-LE were used to project the risk of decadal megadrought
over eastern China in future period (2021–2080). First, the comparison between 15 CMIP6 models and 50
CESM2-LE members suggested that, under the same scenario, internal variability contributes a large part
of the uncertainty in simulated decadal precipitation variability over NC and YRV. IPO is the major factor
of internal variability dominating the decadal precipitation variability over eastern China during both
historical period (1951–2010) and future period (2021–2080). Then, the fraction of IPO-related
uncertainty is calculated based on linear regression between IPO and decadal precipitation over eastern
China. It’s shown that the IPO-related uncertainty accounted for about 38.7% (35.7%) of the total internal
uncertainty over NC (YRV) during historical period, and about 31.1% (29.1%) of the total internal
uncertainty over NC (YRV) during future period (2021–2080). A constraint-based on IPO is applied to
generate a more reliable decadal-scale precipitation. Finally, the future risk of decadal megadrought over
eastern China is projected based on the IPO-constrained precipitation. It’s found that NC will have a high
megadrought risk in the 2050s to 2060s, and YRV will have a high megadrought risk in 2030s to 2040s.
These findings about reliable megadrought risk projection will help government to develop sustainable
strategies for future decades.

Methods
Observational data and model simulations. In this study, observed gridded monthly precipitation data is
from the Global Precipitation Climatology Center (GPCC) version 2018 with a horizontal resolution of 0.5

0.5  49. Observed monthly SST data is from the National Oceanic and Atmospheric Administration∘× ∘
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(NOAA) Extended Reconstructed Sea Surface Temperatures (ERSST) Version 5 with a horizontal
resolution of 2.0 2.0  50. Both observed data cover the study period (1951–2010).

To estimate the total uncertainties in model simulation, the historical (1850–2014) and SSP3-7.0 (2015–
2100) all-forcing simulation of 15 models from the Coupled Model Intercomparison Project Phase 6
(CMIP6; ref. 51) (Table S1 in Supporting Information) are analyzed. The total uncertainties include both
uncertainty due to internal variability and uncertainty due to model structure differences in each
scenario19.

To isolate the role of internal variability in uncertainty, the large ensemble (50 members) of historical
(1850–2014) and SSP3-7.0 (2015–2100) all-forcing simulation from the Community Earth System Model
Version 2 Large Ensemble (CESM2-LE; ref. 46) with 1.0 1.0  horizontal resolution are used in this study.
Large size of simulations from different members based on the same model aims to ensure that different
members are driven by the same external forcing but differ in their initial conditions. Thus, the spread
among different members can represent the uncertainty due to internal variability45. The ensemble mean
of all the members is the climate change responses to external forcing. All the model outputs are
interpolated to a 73 144 global grid before the calculation.

Definitions of uncertainties. Since the internal uncertainty represents the uncertainty induced by the
internal variability, which independent to external forcing, the internal uncertainty can be defined as the
standard deviations ( ) of CESM2-LE ensemble under the same scenario. The inter-model uncertainty
represents different responses among the models in the climate changes to the same radiative forcing.
The scenario uncertainty represents the different scenarios in future emissions of GHGs, which is not
considered in this study. Thus, the total uncertainty is defined as standard deviations of CMIP6 ensemble.
These definitions are consistent with previous works that also used large ensemble to constrain the
projected uncertainty44,45.

Decadal megadrought definition. Megadrought is usually described as decadal hydroclimate variability,
and is more severe and prolonged than observed droughts in previous studies7,17,52. Here, by referring to
ref. 7, we use − 0.5  of precipitation change over period of 1951–2010 (the historical period) as an
exceedance threshold on the 11-year lowpass filtered standardized precipitation time series in each
member. Moreover, to exclude the influence of increased precipitation due to global warming, the period is
changed to 2021–2080 (the future period) with detrended precipitation.

Thus, a megadrought event is identified as period with precipitation lower than the threshold. The
megadrought risk is defined as the fraction of years included in megadrought conditions and total year of
the whole in a study period7. The magnitude of a megadrought event is defined as the mean of
standardized precipitation anomalies during the megadrought event.

Emergent constraint based on IPO. First, the IPO index is defined as the differences of the region-averaged
SST anomalies in the tropical central-eastern Pacific (10°S to 10°N, 170°E to 90°W) and the mean of the

∘× ∘
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northwestern (25°N to 45°N, 140°E to 145°W) and southwestern (40°S to 15°S, 150°E to 160°W) Pacific
Ocean, following previous studies53,54.

Then, standardized precipitation is linearly regressed to IPO index to obtain IPO related component of
precipitation.

1

The residual part of linear regression is precipitation change without IPO influence (IPO-unrelated
component). The regressed part is precipitation change with IPO influence (IPO-related component).

Next, to eliminate the uncertainty of IPO simulation on precipitation change over eastern China, a fixed
IPO influence is added to the residual part. The fixed IPO influence is discussed in section 3.3.

2

The coefficient of determination ( ) is used to estimate the proportion of total variation in precipitation
that can be explained by the IPO based on above regressed relationship (Eq. 1).

3

Total sum of square (TSS) can be regarded as the variance of original precipitation for each member,
residual sum of square (RSS) is variance of IPO-unrelated precipitation, and explained sum of square
(ESS) is variance of IPO-related precipitation.
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Figure 1

Uncertainties in simulated decadal scale precipitation over NC and YRV. (a) Total uncertainty of decadal
scale precipitation changes during 1951-2010 based on 15 models of CMIP6 (unit: mm/year). (b) Internal
uncertainty based on 50 members of CESM2-LE. (c) Time series of total uncertainty (solid line) and
internal uncertainty (dash line) over NC (red line) and YRV (blue line) based on CMIP6 and CESM2-LE
ensembles (unit: mm/year). (d) and (e) Time series of annual mean of 11-year lowpass filtered
precipitation anomalies relative to 1951-2010 over NC and YRV from GPCC during the period 1951-2016
(thick black lines) and from 50 members of CESM2-LE simulations during the period 1951-2100 (unit:
mm/year).

Figure 2
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Relationship between the precipitation over eastern China and IPO. Ensemble mean regressions of SST
onto NC (a) and YRV (b) precipitation during 1951-2010 from the 50 CESM2-LE members. Stippling
indicate that differences are significant at 95% level based on Student t-test.

Figure 3

IPO-related contribution to internal uncertainty. Time series (a-b) of internal uncertainty (solid line) and
IPO-related uncertainty (dash lines) in NC (a) and YRV (b) precipitation during historical period (1951-
2010, red lines) and future period (2021-2080, blue line). Probability distributions (c-f) of standard
deviation (STD) of pre-constrained (black lines) and without IPO-influenced (colored lines) precipitation
over NC (c, e) and YRV (d, f). The dots and bars denote the ensemble means and ±s of the distribution.
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Figure 4

Future risk of megadrought events based on original (pre-constrained) and constrained precipitation.
Frequencies distribution of megadrought events calculated in 20-year window for period 2020-2070 over
NC (a, c) and YRV (b, d) from detrended precipitation change (a, b) and precipitation change with trend (c,
d). Black line denotes frequencies of megadrought events based on original (pre-constrained)
precipitation; Red line denotes frequencies of megadrought events based on BM-IPO constrained
precipitation; Blue line denotes frequencies of megadrought events based on WA-IPO constrained
precipitation.
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