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Abstract
Rainfall over mainland Southeast Asia experiences variability on seasonal to decadal timescales in response to a multitude 
of climate phenomena. Historical records and paleoclimate archives that span the last millennium reveal extreme multi-year 
rainfall variations that significantly affected the societies of mainland Southeast Asia. Here we utilize the Community Earth 
System Model Last Millennium Ensemble (CESM-LME) to quantify the contributions of internal and external drivers to 
decadal-scale rainfall extremes in the Southeast Asia region. We find that internal variability was dominant in driving both 
Southeast Asian drought and pluvial extremes on decadal timescales although external forcing impacts are also detectable. 
Specifically, rainfall extremes are more sensitive to Pacific Ocean internal variability than the state of the Indian Ocean. This 
discrepancy is greater for droughts than pluvials which we suggest is attributable to external forcing impacts that counteract 
the forced Indian Ocean teleconnections to Southeast Asia. Volcanic aerosols, the most effective radiative forcing during the 
last millennium, contributed to both the Ming Dynasty Drought (1637–1643) and the Strange Parallels Drought (1756–1768). 
From the Medieval Climate Anomaly to the Little Ice Age, we observe a shift in Indo-Pacific teleconnection strength to 
Southeast Asia consistent with enhanced volcanism during the latter interval. This work not only highlights asymmetries 
in the drivers of rainfall extremes but also presents a framework for quantifying multivariate drivers of decadal-scale vari-
ability and hydroclimatic extremes.

Keywords Southeast Asia · Rainfall extremes · Last millennium · Internal variability · External forcing

1 Introduction

As a consequence of the large-scale Asian monsoon circula-
tion, mainland Southeast Asia (MSEA) receives the major-
ity of its annual rainfall during the boreal summer months 
(June–September, JJAS). Data from the instrumental era 
(1900 CE–present) reveal that this monsoonal rainfall exhib-
its interannual and decadal variability in spatial extent, mag-
nitude, and timing (Phan-Van et al. 2022; Skliris et al. 2022). 
Prior to the 20th century, paleoclimate archives and histori-
cal records reveal that throughout the last millennium (850 
CE–to present) multi-year intervals of severe collapse or 
intensification of the MSEA monsoon dramatically affected 
regional societies (Buckley et al. 2007, 2014; Cook et al. 
2010, 2022; Wang et al. 2019). Indeed, periods of societal 
change and civil unrest throughout Asia have been partially 
attributed to these extreme hydroclimate excursions. The 
collapse of Angkor Wat as the capital city of the Khmer 
empire has been determined to be partially a result of the 
Angkor droughts interspersed by severe flooding in the late 
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14th to 15th century (Buckley et al. 2010; Penny et al. 2018). 
In addition, an extended drought from 1637–1643 played 
a significant role in the subsequent collapse of the Ming 
Dynasty in 1644 (Chen et al. 2020; Cook et al. 2010; Zheng 
et al. 2014). While rainfall extremes of comparable mag-
nitude and duration have not been observed in the instru-
mental era, global climate models predict that the intensity 
and duration of both wet and dry extremes in the MSEA 
region should increase under global warming (Stevenson 
et al. 2022; Supharatid and Nafung 2021). Understanding the 
drivers of historical low-frequency hydroclimate excursions 
will be important for assessing future hydrological changes 
in the MSEA region. We provide a brief overview of various 
drivers of Asian monsoon variability across a range of time-
scales to contextualize the current study of decadal-scale 
precipitation extremes, with a particular focus on drivers 
arising from internal climate variability versus those due to 
external forcing.

The seasonal rainfall cycle over MSEA displays vari-
ability across a range of timescales in response to oscilla-
tions internal to the climate system. On intra-seasonal time-
scales (20–90 days), the Madden–Julian Oscillation has 
been shown to modulate the frequency of Southeast Asia 
extreme rain events during boreal winter through its effects 
on local convective activity (Xavier et al. 2014). On interan-
nual timescales (3–8 years), numerous studies have found 
that MSEA rainfall is influenced by phasing of the adjacent 
Pacific and Indian Oceans, namely the El Niño-Southern 
Oscillation (ENSO; Cherchi and Navarra 2013; Hau et al. 
2023; Hernandez et al. 2015; Hu et al. 2022, 2023; Li et al. 
2024; Ummenhofer et al. 2013; Wang et al. 2024; Webster 
et al. 1998; Yu et al. 2018) as well as the Indian Ocean 
Dipole (IOD; Ashok et al. 2001; Ge et al. 2021; Saji et al. 
1999; Yuan et al. 2008). Both ENSO and IOD can influence 
the strength of the Walker circulations over the Indo-Pacific, 
leading to changes in the magnitude of moisture convergence 
and ascent over the Indo-Pacific Warm Pool (IPWP). On 
decadal-multidecadal timescales (10–100 years) modes of 
variability in the Pacific and Atlantic Ocean, namely the 
Interdecadal Pacific Oscillation (IPO) and Atlantic Multi-
decadal Oscillation (AMO), have been found to influence 
Asian monsoon rainfall (Hrudya et al. 2021; Krishnamurthy 
and Krishnamurthy 2014; Yang et al. 2017; Yu et al. 2018). 
Not only can these internal modes independently affect 
MSEA hydroclimate, but their interactions with each other 
must also be considered. Coinciding El Niño and +IOD 
events have been shown to result in more severe drought 
across Southeast Asia (Cherchi and Navarra 2013; Ummen-
hofer et al. 2013; Xiao et al. 2022). In addition, climate 
modes across different timescales can interact with each 
other resulting in a diverse range of teleconnection patterns. 
For example, the relationship between ENSO and the Asian 
monsoon has been shown to exhibit decadal variability as a 

consequence of IPO and AMO phasing (Buckley et al. 2019; 
Chan and Zhou 2005; Hau et al. 2023; Krishnamurthy and 
Krishnamurthy 2014; Krishnan and Sugi 2003; Lu et al. 
2006; Wang et al. 2024; Xu et al. 2021).

The last millennium is also characterized by variability 
in external forcings which have also been linked to mon-
soonal rainfall over Asia (Mohtadi et al. 2016; Sinha et al. 
2011, 2015). Prior to the instrumental era, these external 
drivers were mostly solar irradiance and aerosols from vol-
canic eruptions (Chen et al. 2020; Du et al. 2023; Narasimha 
et al. 2010; Jin et al. 2019; Stevenson et al. 2016; Tejedor 
et al. 2021). External forcings can both directly contribute to 
hydrological cycle changes both by modifying the radiative 
fluxes in the atmosphere and indirectly through interactions 
with internal climate modes. Indeed, previous studies have 
highlighted that, akin to low-frequency internal modes, solar 
irradiance variability can modulate ENSO’s spatial footprint 
over monsoon Asia (Du et al. 2023; Jin et al. 2019; Nar-
asimha et al. 2010) on (multi)decadal timescales. Modeling 
studies have found that volcanic eruptions of sufficient mag-
nitude trigger an El Niño/+IPO like response in the Pacific 
and a -IOD like response in the Indian Ocean (Izumo et al. 
2018; Khodri et al. 2017; Maher et al. 2015; Stevenson et al. 
2016; Sun et al. 2022; Tiger and Ummenhofer 2023). It is 
worth noting that several proxy-based studies have identi-
fied discrepancies between numerical models and climate 
archives in the tropical hydroclimate and ENSO response to 
volcanism (Anchukaitis et al. 2010; Dee et al. 2020; Tejedor 
et al. 2021; Zhu et al. 2022), highlighting potential biases in 
the simulated response to volcanic forcing. These discrepan-
cies are considered for the current model-based study and 
are discussed in the conclusion.

While the links between decadal climate modes, exter-
nal forcings, and the Asian monsoon have been previously 
investigated, prior studies have largely focused on the spa-
tial patterns of teleconnections and/or the low-frequency 
modulation of the ENSO-Asian monsoon relationship (Chan 
and Zhou 2005; Hrudya et al. 2021; Krishnamurthy and 
Krishnamurthy 2014; Krishnan and Sugi 2003; Wang et al. 
2024; Yang et al. 2017; Yu et al. 2018). Here we focus on 
quantifying the drivers of rainfall excursions for MSEA on a 
specific timescale (10–50 years) and aim to address several 
key questions. Do last millennium external forcings mean-
ingfully contribute to decadal-scale extremes either directly 
or indirectly? How does the frequency and magnitude of 
rainfall extremes depend on the Pacific Ocean and Indian 
Ocean states? How do these relationships between Indo-
Pacific modes, external forcings, and MSEA rainfall vary 
for positive rainfall (pluvial) and negative rainfall (drought) 
anomalies?

To address these questions we utilize the Community 
Earth System Model Last Millennium Ensemble (CESM-
LME; Otto-Bliesner et al. 2016). The CESM-LME consists 
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of multiple realizations of global climate under identical 
external forcings which allows for the separation of internal 
and external drivers akin to previous ensemble simulation 
studies (Deser et al. 2012, 2020; Maher et al. 2020). Addi-
tionally, each LME simulation spans over 1000 model years 
(850–2005 CE), this providing a sufficiently large sample 
size for robust probabilistic analysis of extremes on dec-
adal timescales. The remainder of the paper is structured 
as follows: Sect. 2 introduces the observational datasets, 
climate model, rainfall extremes classification, and signifi-
cance testing. In Sect. 3 we provide model validation by 
assessing model-simulated MSEA rainfall variability and 
relationship to climate modes. The relative contributions 
of internal variability and external forcings are quantified 
in Sect. 4. Section 5 characterizes the sensitivity of MSEA 
rainfall extremes to Pacific and Indian Ocean internal modes. 
In Sect. 6 the impacts of last millennium external forcings 
throughout the last millennium is assessed. Section 7 sum-
marizes the findings of this study.

2  Data and methods

2.1  Observational data

Monthly output from the Global Precipitation Climatology 
Centre Full Data Product (GPCC) is used to assess and vali-
date the climate model’s characterization of MSEA rainfall 
(Schneider et al. 2016). GPCC is a global rainfall product 
based on global quality controlled rainfall station data that 
spans 1891–2019. In this study we utilize the gridded GPCC 
V2020 product at 0.5◦ × 0.5◦ resolution. Sea surface tem-
perature (SST) data is also used to assess the model repre-
sentation of the relationship between various climate modes 
(characterized by SST patterns) and MSEA rainfall. Here we 
use the Extended Reconstructed Sea Surface Temperature 
version 5 (ERSSTv5) which provides global monthly values 
for 1854–2023. ERSSTv5 is derived from statistical interpo-
lation of SST measurements from the International Compre-
hensive-Atmosphere Dataset version 3 (Huang et al. 2017). 
Model validation of the relationship between SST patterns 
and MSEA rainfall is also conducted using the Hadley Cen-
tre Global Sea Ice and Sea Surface Temperature (HadISST, 
Rayner et al. 2003) and results were largely consistent with 
ERSST analysis (Supplementary Fig. 1 g–i).

Climate indices used in this study for model valida-
tion and analysis are constructed using SST regions 
as follows: IOD is defined as the anomalous SST gra-
dient between the western equatorial Indian Ocean 
( 50◦E − 70◦E and 10◦S − 10◦N ) and the southeastern 
equatorial Indian Ocean ( 90◦E − 110◦E and 10◦S − 0◦N ) 
(Saji et al. 1999); ENSO is defined as SST anomalies in the 
Nino3.4 region ( 170◦E − 120◦W and 5◦S − 5◦N ) (Trenberth 

1997); IPO is defined as the difference between the east-
ern equatorial Pacific ( 170◦E − 90◦W and 10◦S − 10◦N ) 
and the average anomalies in the northwestern Pacific 
( 140◦E − 145◦W and 25◦N − 45◦N ) and southwestern 
Pacific ( 150◦E − 160◦W and 50◦S − 15◦S ) (Henley et al. 
2015).

2.2  Climate model

The CESM-LME utilizes the CESM1.1 configuration at 
2◦ resolution in the atmosphere and land models and 0.3◦ 
to 1◦ in the ocean model. The LME consists of 36 simu-
lations of global climate from 850–2005 CE using recon-
structions (Gao et al. 2008; Vieira et al. 2011) and theory 
to inform the transient evolution of model external forcings 
including solar irradiance, volcanic emissions, greenhouse 
gases, land-use/land-cover, and orbital parameters. Of the 
36 simulations, 13 ensemble members are forced with all 
transient forcings (all-forcing ensemble). Smaller ensem-
bles are simulated with only one external forcing type vary-
ing transiently. Each LME simulation is initialized with an 
extremely small random roundoff difference (order 10−14 ◦ C) 
in the global temperature field which quickly grows within 
the coupled system to produce internal variability unique to 
each ensemble member. The CESM-LME is the largest of 
these ensemble simulations for the last millennium, mak-
ing it an ideal venue for exploring last millennium internal 
vs external drivers. Indeed, the LME has been used exten-
sively to study last millennium Indo-Pacific climate drivers 
(Abram et al. 2020; Atwood et al. 2021; Liu et al. 2022; 
Roldán–Gmez et al. 2022; Stevenson et al. 2016, 2019; Tiger 
and Ummenhofer 2023) and Asian Summer Monsoon vari-
ability (Denniston et al. 2016; Fu et al. 2024; Shi et al. 2018; 
Wang et al. 2019, 2024). We further assess the LME skill in 
characterizing MSEA rainfall variability on various time-
scales relevant for the current study in Sect. 3.

2.3  Rainfall extremes classification

In this study we define MSEA rainfall as the average rainfall 
in the Fig. 1a box ( 95◦E − 110◦E;10◦N − 22◦N ) and classify 
extremes using the peaks-over-threshold framework com-
mon to extreme value theory (Naveau et al. 2005). Though 
the term “extreme" traditionally refers to high-frequency 
synoptic to interannual excursions rather than decadal-scale 
anomalies, we find the term appropriate here given that we 
apply many of the analytical methods from high-frequency 
hydroclimate extremes to these longer timescales (Hariadi 
et al. 2024; Kim et al. 2019; Naveendrakumar et al. 2019). 
We set the condition for extreme events as years when the 
annual MSEA rainfall anomaly is outside of the middle 95% 
of the distribution (5% threshold). Thus years of MSEA rain-
fall higher than 97.5% are classified as “pluvial extremes" 
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and years less than 2.5% are defined as “drought extremes." 
Because the 13 all-forcing ensemble members have identical 
model configurations and transient forcings, the percentile-
based thresholds for drought and pluvials were determined 
from the entire distribution of all-forcing ensemble simula-
tions. Much of the analysis in this study was repeated using 
two additional MSEA rainfall thresholds (2% and 10% 
thresholds) to ensure that the findings were robust.

We utilize annually averaged (Jan–Dec) rainfall anoma-
lies for extremes classification rather than sub-sampling for 
the summer monsoon season. While the majority of rainfall 
occurs during the summer monsoon, rainfall anomalies of 
equal magnitude could be found in the adjacent shoulder 
months (Fig. 1d, e), justifying this approach. Dry summer 
monsoon months could be compensated by anomalously 
wet transition months and vice versa. Furthermore, the tim-
ings of monsoon season onset and withdrawal change from 
year to year (Cook et al. 2009; Nguyen et al. 2022). Annual 
mean rainfall anomalies better reflect total time-integrated 
water resource changes on decadal timescales and should 

therefore be more relevant for assessing potential impacts 
on society (Milly 1994). Focusing on decadal timescales, 
all model variables (rainfall, moisture, SST, winds) analyzed 
in this study are first filtered using a Butterworth band-pass 
filter (window = 10–50 years, order = 5). Consistent with 
the validation analysis (Fig. 2), all SST modes are calculated 
for the preceding hydrological year (prior June–May) of the 
rainfall extreme.

2.4  Significance testing

Because we filter the LME output to isolate decadal-scale vari-
ablity, our data has high autocorrelation and a reduced number 
of effective degrees of freedom. Traditional significance tests 
which assume independent sampling are therefore inappro-
priate here. To mitigate this issue, we employ Monte-Carlo 
resampling along with timeseries phase scrambling (Ebisu-
zaki 1997) to properly estimate the significance of our results. 
Monte-Carlo resampling involves either repeatedly shuf-
fling the original dataset or randomly sampling the dataset to 

Fig. 1  Geographical region of 
mainland Southeast Asia with 
a box indicating the domain 
( 95◦E − 110◦E;10◦N − 22◦N ) 
that defines MSEA rainfall 
for this study (a). Long-term 
average monthly climatology of 
MSEA rainfall in GPCC (b) and 
CESM (c). Amplitude of vari-
ability (spread) for each month 
within the 68% (1� , dark shad-
ing) and 95% (2� , light shading) 
of MSEA rainfall in GPCC 
(d) and CESM (e). All long-
term averages and ranges are 
calculated over the 1901–2005 
period. Data from all 13 CESM 
all-forcing ensemble members 
are utilized here
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construct a large number of synthetic samples that could be 
used to construct a null-hypothesis distribution for significance 
testing. Conventional shuffling and random sampling break 
down the autocorrelation of filtered data, thus we utilize phase 
scrambling to shuffle the LME dataset while preserving its 
autocorrelation. Phase scrambling is a technique in which a 
time series is decomposed into its principle fourier modes and 
its phases are randomly shifted before reconstructing the time-
series back together (Ebisuzaki 1997). This produces a “scram-
bled" version of the timeseries that shares an identical power 
spectrum and distribution of values but is entirely uncorrelated 
with the original data in time. By phase-scrambling and rec-
omputing the metric of interest 1000 times, we produce a null 
distribution that preserves the auto-correlation of the underly-
ing dataset. Composite anomalies and regression slope values 
in this study are deemed significant (at the 5% level) if they are 
outside the 2.5% and 97.5% of this distribution.

3  Model validation

Before analyzing the filtered LME model output for 
drivers of decadal rainfall extremes, we assess its skill 
in reproducing observed seasonal to decadal variability 
by comparing the observational datasets to CESM over 
the common overlapping period 1901–2005 (Figs. 1, 2). 
CESM reasonably captures the overall structure of the 
MSEA seasonal cycle. However, the timing of summer 
monsoon rainfall slightly deviates from observations, 
with the model producing a weaker and slightly delayed 
peak summer monsoon (Fig. 1b, c). On the other hand, 
the amplitude of rainfall variance (spread) is simulated 
reasonably well, with largely equal magnitude variations 
from monsoon onset through peak summer monsoon to 
withdrawal (Fig. 1d, e) and less rainfall variability during 

Fig. 2  Probability density function (PDF) of rainfall anomalies on 
interannual (a) and decadal (b) timescales in observations (blue) 
and model (orange) isolated using bandpass filtering (3–8 years for 
interannual and 10–50 years for decadal). The relationship between 
unfiltered indices indicative of ENSO (c), IOD (d), and IPO (e) and 
MSEA rainfall are shown for observations (blue) and CESM model 
(orange) for individual years (scatterpoints) and linear regression 
(line) and regression slope values (numbers). MSEA rainfall anoma-

lies are averaged over the calendar year (January–December) while 
climate mode anomalies are averaged over the preceding hydrologi-
cal year (prior June–May as justified in the text). All values are from 
1901–2005 in both observations and model. Data from all 13 CESM 
all-forcing ensemble members are utilized here. Slope values signifi-
cant at the 5% level determined from phase-scrambling Monte-Carlo 
simulations are indicated by **
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winter monsoon months. Importantly, CESM skillfully 
reproduces that the monsoon transition months exhibit 
high amplitude variations despite lower absolute rainfall 
relative to peak monsoon, likely due to influences of Indo-
Pacific SST anomalies on the monsoon transitions (Cook 
et al. 2009; Ge et al. 2021; Nguyen et al. 2022).

To assess the model’s characterization of interannual and 
decadal variability, we compare the distributions of rainfall 
anomalies between GPCC and CESM after band-pass fil-
tering (using a butterworth order = 5 filter) to isolate these 
frequencies (3–8 years for interannual; 10–50 years for dec-
adal). On interannual timescales, the model overestimates 
the variance of the distribution (69.2 in GPCC vs 106.8 in 
CESM; Fig. 2a) while on decadal timescales the variance 
magnitude is more accurately represented (56.7 in GPCC 
vs 55.5 in CESM; Fig. 2b). The agreement in the amplitude 
of decadal-scale variability supports utilizing CESM for the 
present study of decadal-scale climate variability.

The relationship between dominant Indo-Pacific climate 
modes (ENSO, IOD, and IPO) and MSEA rainfall is also 
assessed by comparing unfiltered annual climate indices to 
annual rainfall anomalies over the overlapping 1901–2005 
period for observations and CESM (Fig. 2c–e). Climate 
index values are derived from SST anomalies averaged over 
the hydrological year (June–May) that precedes each rain-
fall anomaly calendar year (January–December). This slight 
offset is chosen because the prior hydrological year cap-
tures the development and peak of climate modes (Septem-
ber–November for IOD and December–February for ENSO) 
which has been shown to strongly influence subsequent-year 
monsoon rainfall (Ge et al. 2021; Yuan et al. 2008). For both 
the observational datasets and CESM, there exists a nega-
tive relationship between climate indices and MSEA rain-
fall (Fig. 2c–e), consistent with prior studies (Cherchi and 
Navarra 2013; Li et al. 2024; Ummenhofer et al. 2013, 2024; 
Xiao et al. 2022). The choice for the staggered SST indices is 
further supported by consistent negative correlation between 
SST modes during prior boreal winter months (SON, DJF) 
and subsequent annual MSEA rainfall (Supplementary 
Fig. 1d–f). It is worth noting that linear regression reveals 
that these negative correlations are systematically stronger 
in CESM than the observations (Fig. 2c–e). Additionally, 
while all teleconnections in CESM are significant at the 5% 
level, the observed relationship between IOD and MSEA 
rainfall is not significant at the 5% level (Fig. 2d). This could 
be partially a consequence of the sparsity of in-situ SST 
data in the Indian Ocean during the first half of the 20th 
century. Reproducing these relationships for 1960–2005 
reveals a significant link between IOD and MSEA rainfall 
(Supplementary Fig. 1b) however this slope in observations 
is steeper than in the model. These data-model discrepancies 
in slope values could be attributed to CESM model biases 
in the eastern Pacific cold-tongue or IPWP representation 

(Flato et al. 2014; Guilyardi et al. 2009; Jiang et al. 2021; 
Taschetto et al. 2014; Wieners et al. 2019; Wu et al. 2022). 
While important to consider, these offsets in teleconnec-
tion strength do not preclude the current study which aims 
to understand the various contributions to MSEA rainfall 
extremes within a single dynamically-consistent modeling 
framework. Caveats in the interpretation of model results are 
discussed in the conclusion.

Overall, CESM skillfully reproduces key aspects of the 
MSEA monsoon, such as the modulation of monsoon onset 
and withdrawal (Fig. 1d, e), the amplitude of decadal-scale 
rainfall variability (Fig. 2b), as well as the relationships 
between MSEA rainfall and Indo-Pacific climate modes 
(Fig. 2c–e). We therefore determine that the CESM-LME 
is appropriate for studying the drivers of decadal rainfall 
extremes in the context of this study.

4  Assessing internal and external relative 
contributions

Applying the 5% extreme threshold on the 13 all-forcing 
ensemble members of the LME, we identified 125 drought 
extremes and 141 pluvial extremes ranging from 1–6 years 
in duration among all 13 ensemble members. We isolated 
the internal and external contributions to these rainfall 
extremes by subtracting the ensemble mean anomaly from 
each drought and pluvial following:

where R is the total rainfall extreme anomaly of each 
extreme event with respect to its own timeseries (in mm/
year), R

EM
 is the ensemble mean rainfall anomaly across the 

13 all-forcing LME members at the same time step, and R
IC

 
is the difference between the two, reflective of the internal 
climate contribution to the rainfall extreme. Figure 3 visual-
izes the decomposition of these extremes into their internal 
and external components. We see that the internal contribu-
tion for most pluvial (drought) extremes hover around 100 
to 140 mm/year (− 100 to − 140 mm/year; Fig. 3a, b). How-
ever, when the ensemble mean is exceptionally large in mag-
nitude (Fig. 3a black line), R

IC
 approaches zero, illustrating 

intervals when external forcings can dominate the rainfall 
extreme signal with less contribution from internal modes.

To assess the significance of external forcing contribu-
tions, we construct synthetic versions of the 13 all-forcing 
rainfall timeseries using phase-scrambling (Sect. 2.4) and 
pass them through the same pipeline as our analysis (identify 
peaks-over-threshold extremes and estimate R

IC
 ). Because 

these synthetic ensembles share no external forcings with 
each other, their drought and pluvial R

IC
 values arise entirely 

from random chance, providing an ideal null-hypothesis to 

(1)R
IC

= R − R
EM
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assess the significance of last millennium external forcings. 
This phase scrambling is conducted 1000 times to produce 
a large distribution of null-hypothesis drought (pluvial) 
R
IC

 values and the 95% (5%) of this distribution is used as 
the significance threshold (Fig. 3 dashed lines) for LME 
drought (pluvial) extremes. Consequently, drought and plu-
vial extremes that lie between these two dashed lines contain 
significant external contributions.

The R
IC

 of LME drought extremes largely lie below the 
significance threshold (Fig. 3a brown dashed line) except 
for a cluster of droughts in the late 1100–1200s and late 
1700–1800s where R

IC
 of droughts are near zero (Fig. 3a 

brown circles) and the ensemble mean (Fig. 3a black line) 
exhibits large negative excursions. For pluvial extremes, the 
mid 1200s and early 1600s stand out as two periods where 
external forcings potentially play a role in contributing to 
significantly reduced R

IC
 anomalies (Fig. 3a green circles). 

Examining the total distributions we see that while a major-
ity of droughts and pluvials fall outside of the significance 
thresholds (Fig. 3b PDFs vs dashed lines), the drought 
distribution has a longer tail towards zero (more external 
forcing contributions) than the pluvials. Specifically, 15% 
of droughts have significant external contributions (Fig. 3b 
brown PDF vs dashed line) whereas only 5% of pluvials are 
significantly impacted by external forcings (Fig. 3b green 
PDF vs dashed lines). These findings suggest that decadal-
scale drought and pluvial extremes are both largely driven 
by internal variability. However, external forcings do impact 
several rainfall extremes, with more of an influence towards 
drought extremes than pluvial extremes (Fig. 3b brown vs 
green PDFs). These externally forced rainfall extremes are 

explored further in Sect. 6. Identical analysis using two dif-
ferent extremes thresholds (2% and 10%) produced quali-
tatively similar results (Supplementary Figs. 2, 3). Analy-
sis using two different filtering windows (10–40 years and 
10–60 years) also yielded similar results (Supplementary 
Fig. 4).

Our analysis of relative contributions suggests that MSEA 
rainfall extremes are largely associated with internal vari-
ability of the climate system. We provide spatial context for 
this through composite analysis of rainfall, moisture diver-
gence, atmospheric circulation, and SST during all drought 
and pluvial extremes (Fig. 4). We see that these decadal-
scale excursions are associated with broad-scale rainfall and 
low-level (850 hPa) winds anomalies throughout the tropical 
Indo-Pacific characterized by a zonal precipitation tripole 
centered on the IPWP (Fig. 4a, b). These rainfall tripole 
patterns can be understood as a consequence of changes 
in lower tropospheric (1000–700 hPa) moisture transport 
(Fig. 4c, d) as well as modulations in low-level atmospheric 
ascent (Fig. 4e, f) which both exhibit similar spatial pat-
terns during MSEA extremes. While the vertically-inte-
grated moisture divergence analysis here (VIMD; Fig. 4c, 
d) does not explicitly isolate the thermodynamic, dynamic, 
and nonlinear contributions to lower tropospheric moisture, 
previous studies have found that Indo-Pacific tropical modes 
(ENSO, IPO, and IOD) influences tropical moisture through 
both dynamical and thermodynamic processes (Taschetto 
et al. 2020; Ummenhofer et al. 2021; Wang et al. 2003). 
Indeed the similar spatial patterns between VIMD and lower 
tropospheric vertical velocity (Fig. 4c, d vs Fig. 4e, f) con-
firms the dynamical contributions to moisture divergence. 

Fig. 3  Drought (brown circles) 
and pluvial (green circles) 
extremes magnitude associated 
with internal variability ( R

IC
 ) 

along with the ensemble mean 
rainfall anomaly (black line) 
over the last millennium (a). 
The size of the circles scales 
to the length of the rainfall 
extreme, ranging from 1–6 
years. The PDF distribution of 
R
IC

 values for all drought and 
pluvial extremes (b). Brown 
(green) dashed lines correspond 
to the 5% significance threshold 
of R

IC
 for drought (pluvial) 

extremes determined from 
phase scrambling
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On decadal timescales, these atmospheric circulation and 
moisture changes are tied to the underlying SST through 
the Bjerknes feedback which are largely ENSO and IPO-
like in the Pacific Ocean and IOD-like in the Indian Ocean 
(Fig. 4g, h).

Overall, MSEA drought extremes are driven by +IPO, 
El Niño, and +IOD-like SST patterns which weaken the 
zonal SST gradients. Through air-sea interactions this weak-
ens the Indo-Pacific Walker circulations, reducing moisture 
transport and generating anomalous descent to the MSEA 
region which ultimately reduces rainfall (Fig. 4a, c, e, g). 
Conversely the -IPO, La Niña, and -IOD anomalies dur-
ing MSEA pluvials strengthen the Walker circulation and 
increase moisture transport and ascending motion over the 
warm-pool region which enhances rainfall (Fig. 4b, d, f, h). 
These composite anomalies are consistent across multiple 
extremes thresholds (Supplementary Figs. 5, 6). It is worth 
noting that MSEA rainfall excursions are coherent with 
the South Asian monsoon (Fig. 4a, b) but do not appear to 
coincide with significant anomalies in other land monsoon 
regions such as East Asia or North America (Fig. 4a, b). This 
highlights that MSEA extremes are dominated by internal 
variations of regional Indo-Pacific modes and not by global 
external forcings. To a first order, the zonal tripole anomalies 
over the Indo-Pacific are symmetric between wet and dry 

extremes. However there are some noticeable differences, 
such as the eastern Indian Ocean which does not display 
significant anomalies during droughts but does so during 
pluvials. We explore the influence of individual ocean basins 
and their potential non-linear impacts on MSEA rainfall in 
the next section.

5  Sensitivity to Indo‑Pacific internal modes

Because composite analysis reveals the strong link 
between decadal-scale extremes and the Indo-Pacific 
climate variability, we focus on clarifying the relation-
ship between regional Indo-Pacific modes of variability 
(IPO and IOD) and MSEA rainfall extremes on decadal 
timescales. The linkage between these tropical modes 
and MSEA rainfall is further confirmed by power spectral 
density analysis, which highlights spectral peaks aligned 
between rainfall and Indo-Pacific SST modes (Supplemen-
tary Fig. 7). We acknowledge that while Atlantic Ocean 
SST can affect monsoon Asia through atmospheric tel-
econnections (Krishnan and Sugi 2003; Lu et al. 2006), 
these relationships are indirect and occur on timescales 
longer than the focus of this study (60–80 years). Addi-
tionally, on decadal timescales the Pacific Ocean is 

Fig. 4  Composite rainfall (colors) and 850 hPa wind anomalies 
(vectors) during MSEA drought (a) and pluvial (b) extremes. Verti-
cally integrated moisture divergence (VIMD) in the lower tropo-
sphere (1000–700 hPa) anomalies during drought (c) and pluvial (d) 
extremes. Vertical velocity anomalies at 700 hPa during drought (e) 
and pluvial (f) intervals where negative (positive) anomalies reflect 
upward (downward) motion. SST anomalies during drought (e) and 

pluvial (f) extremes. SST anomalies are shown for the hydrologi-
cal year leading up to rainfall extremes (prior June–May) while all 
other variables are derived for the calendar year of rainfall extremes. 
All results are shown for the 13 all-forcing LME ensemble mem-
bers. Black box in (a–f) corresponds to MSEA region used to define 
extremes. Only anomalies significant at the 5% are shown using 
phase-scrambling Monte-Carlo simulations
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characterized by off-equatorial variability in addition to 
equatorial anomalies, thus the tripolar IPO index most 
accurately captures basin-wide internal variability (Capo-
tondi et al. 2023; Henley et al. 2015; Power et al. 2021). 
We therefore choose to solely characterize Pacific decadal 
variability with the tripole IPO index for the remainder of 
this study in lieu of a decadal ENSO index. Indeed SST 
in the Nino3.4 region varies largely in-phase with the IPO 
on decadal timescales (r = 0.94, Supplementary Table 1).

Here we clarify the individual and combined influences 
of Pacific and Indian Ocean internal modes on MSEA rain-
fall extremes with specific consideration to non-linearities 
across phases. To assess the impact of each climate mode 
on the frequency of drought and pluvial extremes, we 
calculate the conditional probability of a rainfall extreme 
given each ocean basin’s various climate states P(R ∣ O):

where P(R ∩ O) is the joint probability of a rainfall extreme 
occurring concurrently with an ocean basin at a given state 
and P(O) is the marginal probability of that ocean basin 
being at the same given state.

(2)P(R ∣ O) =
P(R ∩ O)

P(O)

As an example, we estimate the conditional probability 
of MSEA drought extremes occurring when the IPO index 
is between 0.4 and 0.6. We first calculate the marginal prob-
ability of IPO ∈ [0.4,0.6) defined as P(O), which is esti-
mated as the total number of years in the LME where IPO is 
between 0.4 and 0.6 (suppose there are 1,000 years) divided 
by the total number of pre-industrial years in the all-forcing 
LME (13,000 years) thus P(O) = 1∕13 . Then we estimate 
the joint probability of a drought extreme co-occurring with 
IPO ∈ [0.4,0.6) defined as P(R ∩ O) as the number of years 
when MSEA rainfall is below the 2.5% threshold while IPO 
index is between 0.4 and 0.6 (suppose there are 100 years) 
divided by all LME years, thus P(R ∩ O) = 1∕130 . Finally 
the conditional probability of drought extreme given the IPO 
state P(R ∣ O) = (1∕130)∕(1∕13) = 10%.

We apply the above conditional probability framework to 
assess how the frequency of drought and pluvial extremes 
changes in response to Pacific and Indian Ocean decadal 
modes (IPO and IOD respectively). To do this, we assess 
how the conditional probability of MSEA drought extremes 
changes as the Pacific and Indian Ocean leading modes 
vary from their most negative to their most positive states 
(Fig. 5a, b). Similarly, we calculate the frequency of pluvial 
extremes across the spectrum of IPO/IOD index values in 

Fig. 5  The frequency of MSEA 
drought extremes (brown 
circles) (a) and the frequency 
of pluvial extremes (green 
circles) (c) as a function of 
IPO state calculated for every 
5% quantile. Linear regres-
sion (lines) and corresponding 
slopes with one standard error 
(numbers) of these relationships 
are visualized. Complementary 
sampling of the LME based 
on IOD state for drought (b) 
and pluvial (d) frequencies 
are shown. The magnitude of 
MSEA dry and wet anomalies 
as a function of IPO (e) and 
IOD (f) state is also shown 
with analogous slope values. 
All results are also shown for 
the LME with the ensemble 
mean subtracted (light-green 
and orange triangles for pluvial 
and droughts respectively). ** 
denotes significant slope values 
at the 5% level determined from 
phase-scrambling Monte-Carlo 
simulations
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the LME (Fig. 5c, d). This conditional probability is sys-
tematically calculated across the percentile space of each 
climate index (IPO and IOD) in 650-year bins (5% quan-
tiles, Fig. 5 circles/triangles). We choose to sample based 
on percentiles rather than absolute SST because percentile 
space is less sensitive to SST variance differences inherent 
between basins. These conditional probabilities increase 
exponentially as a function of IPO/IOD percentile, thus we 
log-transform them to linearize their change as a function 
of climate mode. From these linearized probabilities, we 
can quantitatively assess the sensitivity of MSEA rainfall 
extremes to various Indo-Pacific climate modes by examin-
ing the slopes of these distributions (Fig. 5a–d slopes). The 
conditional probabilities are calculated for both the origi-
nal, all-forcing LME data which includes both external and 
internal forcings (Fig. 5 circles) as well as the LME with 
ensemble mean rainfall and SST values removed (Fig. 5 tri-
angles). This allows us to elucidate how external forcings 
potentially modulate the relationships between SST modes 
and rainfall extremes.

In addition to assessing the frequency of extremes, we 
also evaluate how the severity or magnitude of rainfall 

anomalies varies depending on underlying IPO and IOD 
state (Fig. 5e for IPO and Fig. 5f for IOD). To do this, we 
calculate the average rainfall anomaly of each quantile-bin, 
identical to the quantiles sampled for conditional probabil-
ity analysis, and determine its location in rainfall percentile 
space relative to the entire LME distribution. Dry anomalies 
(droughts) would fall below the 50th percentile while wet 
anomalies (pluvials) would be above. The changes in rain-
fall percentile space relative to IPO and IOD percentiles are 
largely linear, thus the sensitivities (slopes) of these relation-
ships are calculated directly (Fig. 5c, d slopes). Like the con-
ditional probability analysis, this is computed for both the 
original LME (circles) and the LME with ensemble mean 
removed (triangles). To evaluate potential asymmetries in 
the relationship between climate modes and rainfall severity, 
we calculate slopes for dry anomalies (0th-50th percentile) 
and wet anomalies (50th–100th percentile) separately (Fig. 5 
e, f green vs brown slopes).

The significance of slope values are assessed by Monte-
Carlo methods in which we phase scramble the rainfall 
data while keeping the climate index data the same, 
essentially decoupling rainfall from Indo-Pacific climate. 

Fig. 6  Frequency of drought 
extremes as a function of both 
IPO (x-axis) and IOD (y-axis) 
percentile space in the center 
plot (colors) with the fre-
quency along each axis shown 
in the marginal plots (circles) 
(a). Corresponding plots for 
pluvial extremes (b) as well as 
for droughts (c) and pluvials 
(d) with the ensemble mean 
removed are also shown. Note 
that the color scale for center 
plots are in log-scale and the 
y-axis for marginal plots are 
in units of log[%], identical to 
Fig. 5. The slopes of mar-
ginal plot linear regressions 
are shown with one standard 
error (numbers). ** denotes 
significant slopes at the 5% level 
determined from Monte-Carlo 
phase scrambling
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Frequency and severity analysis is then performed and 
slope values are calculated identical to the real data. This 
is repeated 1000 times to generate a null distribution of 
slope values for significance testing.

Focusing first on the IPO, we see that drought extremes 
frequency exhibits slightly higher (within one standard 
error) dependence on IPO state than pluvial extremes for 
the all-forcing LME (0.045 vs 0.039; Fig. 5a, b). With the 
removal of the ensemble mean, this discrepancy vanishes, 
suggesting that the frequency of MSEA drought and plu-
vial extremes is largely symmetric in their dependence on 
IPO state without external forcings. Interestingly, sever-
ity analysis reveals a stronger dependence of pluvials 
to IPO state than droughts ( −0.72 vs −0.62 for original 
LME; Fig. 5e) although this modest discrepancy (within 
one standard error) decreases when the ensemble mean is 
removed ( −0.69 vs −0.65; Fig. 5e).

When sampling the LME based on IOD state, we see 
that the sensitivity of drought extremes is much weaker 
than that of pluvial extremes for the LME with external 
forcings included (0.023 vs −0.033; Fig. 5b, d). When 
the ensemble mean is removed, this asymmetry flips and 
the slope for drought frequency is steeper than pluvials 
(0.035 vs −0.027; Fig. 5b, d). Similar to the IPO, sampling 
the IOD space for rainfall magnitude changes reveals a 
stronger sensitivity for pluvials than droughts ( −0.52 vs −
0.37; Fig. 5f) with a smaller difference once the ensemble 
mean is extracted ( −0.54 vs −0.46; Fig. 5f).

These results highlight that IPO and IOD seem to exert 
nonlinear influences on MSEA drought and pluvial mag-
nitude and frequency (Fig. 5) although IPO slope differ-
ences between wet and dry anomalies are largely within 
one standard error of each other. External forcings appear 
to also play a role in modulating rainfall dependencies on 
climate, especially in the Indian Ocean. It may be tempt-
ing to compare the slopes between the IPO and IOD rela-
tionships to assess the relative roles of each ocean basin, 
however doing so would assume independent behavior of 
IOD and IPO. Modeling and observational studies have 
previously shown that climate variability in the two basins 
are in-fact modestly coupled across a range of timescales 
due to tropical atmospheric teleconnections and the Indo-
nesian Throughflow (Abram et al. 2020; Cai et al. 2019; 
Sprintall et al. 2020; Taschetto et al. 2020; Wang et al. 
2024). Thus the analysis in Fig. 5 is limited in that it does 
not explicitly consider the interactions between ocean 
basins when estimating MSEA rainfall sensitivities. To 
mitigate this multicollinearity, we resample the LME to 
estimate the frequency of rainfall extremes (akin to Eq. 2) 
while considering the conditions of both ocean basins 
simultaneously. This multivariate conditional probability 
P(R ∣ O

I
,O

P
) is defined as:

where O
I
 and O

P
 denote the IOD and IPO conditions, 

P(R ∩ O
I
∩ O

P
) is the joint probability of a rainfall extreme 

occurring at a given IOD and IPO state, and P(O
I
∩ O

P
) 

is the joint probability of all years when IOD and IPO are 
at the corresponding state. Using Eq. 3 we systematically 
sample the LME and examine how the frequency of droughts 
and pluvials varies in IOD x IPO space. Figure 6 illustrates 
the distribution of drought and pluvial extremes in these two 
dimensions where each square corresponds to a 5% quantile 
(analogous to a scatterpoint in Fig. 5) for both the all-forcing 
LME (Fig. 6a, b) and the LME with the ensemble mean 
removed (Fig. 6c, d). These two-dimensional density maps 
(Fig. 6 center plots) can then be integrated along each axis 
to assess the sensitivity of rainfall extremes to one climate 
mode while explicitly controlling for the other (Fig. 6 mar-
ginal plots) resulting in slope values analogous to partial 
regression analysis (Fig. 6 numbers).

We see that the distribution of drought extremes in the 
original LME (Fig. 6a) increases rapidly as IPO becomes 
more positive (x-axis) but exhibits weak (insignificant) 
dependence to IOD (y-axis), confirmed by the slope of the 
marginal plots which are significant for former but not the 
latter (0.049 vs 0.001; Fig. 6a). Interestingly when exter-
nal forcings are removed, the Indian Ocean plays a larger 
role in contributing to drought extremes (Fig. 6c) and the 
influence of the two basins are more comparable (0.023 and 
0.019 for IPO and IOD; Fig. 6c). Both the IPO and IOD dis-
play significant relationships with pluvial frequency albeit 
the dependence on IPO is still stronger ( −0.032 and −0.02; 
Fig. 6b). Unlike drought extremes, the slopes for pluvials 
remain largely consistent upon the removal of the ensemble 
mean ( −0.034 and −0.013; Fig. 6d).

Similar to the frequency of extremes, we can assess how 
the severity of rainfall anomalies depends on both IPO and 
IOD through two dimensional sampling of both the all-forc-
ing and internal-only LME (Fig. 7a, b). Here the color of 
each square corresponds to its position in rainfall percentile 
space and the marginal plots reflect their percentile change 
across each axis (IPO or IOD) independently. The slopes 
of the marginal plot relationships are split between wet and 
dry anomalies analogous to Fig. 5e, f to assess nonlineari-
ties. In line with multivariate frequency analysis (Fig. 6), 
we observe that MSEA rainfall magnitude demonstrates 
insignificant dependence on IOD changes in the all-forcing 
LME ( −0.08 and −0.11; Fig. 7a) which modestly improves 
when the external forcings are removed ( −0.20 and −0.18; 
Fig. 7b). The Pacific Ocean, on the other hand, displays a 
strong relationship with MSEA rainfall across both droughts 
and pluvials with and without external forcings (Fig. 7a, b). 
Partial regression (added variable) analysis of un-binned 

(3)P(R ∣ O
I
,O

P
) =

P(R ∩ O
I
∩ O

P
)

P(O
I
∩ O

P
)
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IPO, IOD, and MSEA rainfall data reveals slope values that 
are consistent with our multivariate sampling analysis, indi-
cating significant IPO partial slopes but largely not for IOD 
(Supplementary Table 2). Additionally, multivariate severity 
analysis is conducted on LME data with slightly shifted filter 
windows (10–40 years and 10–60 years) which resulted in 
largely identical results that highlight the robustness of these 
findings (Supplementary Fig. 8)

To contextualize the relationships between Indo-Pacific 
variability and MSEA hydroclimate, we examine the influ-
ence of climate modes on rainfall magnitude across all of 
monsoon Asia through the same bivariate sampling frame-
work. Specifically we compute the rainfall percentile slopes 
for each climate mode (akin to Fig. 7 marginal plot slopes) 
for each gridpoint in monsoon Asia, providing a spatial per-
spective on the independent influence of each climate mode 

across the entire region (Fig. 8). Because the slope values in 
Fig. 7 across droughts and pluvials are within one standard 
error of each other (Fig. 7 brown vs green numbers), we 
assume linearity and compute a single slope value across 
dry and wet excursions (Fig. 8).

In agreement with Fig. 7severity analysis, we see sig-
nificant negative relationships between IPO and rainfall 
in the MSEA region in the all-forcing LME (Fig. 8a) due 
to SST-driven changes in regional moisture transport and 
vertical ascent (Fig. 4). This IPO influence extends longi-
tudinally through much of South Asia as well as into the 
western Pacific where its negative influence is strongest. 
Moving northward into central Asia, the IPO influence 
inverts (becomes positive) before switching back to a nega-
tive relationship around northern China and the Korean pen-
insula. This meridional tripole over Asia has been identified 

Fig. 7  Magnitude of rainfall 
anomaly in percentile space as 
a function of both IPO (x-axis) 
and IOD (y-axis) in the center 
plot (colors) and for each 
climate mode individually (mar-
ginal plots) in both the original 
LME (a) and upon subtraction 
of the ensemble mean (b). 
The slope of the marginal plot 
relationships are shown with 
one standard error (numbers). 
** denotes significant slopes at 
the 5% level determined from 
Monte–Carlo phase scrambling

Fig. 8  Slopes from bivari-
ate sampling and regression 
between IPO, IOD, and rainfall 
percentile anomalies across 
monsoon Asia (akin to Fig. 7). 
Marginal slopes are shown for 
the IPO (a, c) and IOD (b, d) 
using the all-forcing LME (a, b) 
as well as for whem the LME 
ensemble mean is removed 
LME (c, d). The black box 
indicates the MSEA domain for 
rainfall analysis in this study. 
Only anomalies significant at 
the 5% level determined from 
Monte–Carlo phase scrambling 
are shown
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in observational and paleoclimate studies (Gao et al. 2018, 
2022; Li et al. 2017; Wang et al. 2013, 2024; Wen et al. 
2019) as a result of equatorial Pacific warming which 
induces planetary waves that perturb the subtropical jet over 
Asia. The removal of external forcings does not change this 
spatial pattern meaningfully (Fig. 8c).

In contrast, the spatial footprint of IOD is more restricted 
to the tropics, with the most negative slope values in the 
eastern Indian Ocean where IOD-related upwelling off the 
coast of Sumatra is observed (Fig. 8b). The IOD’s nega-
tive influence on rainfall extends westward into South Asia, 
consistent with previous studies of the Indian Summer Mon-
soon (Cherchi and Navarra 2013; Chongyin and Mingquan 
2001). Critically, we observe a positive relationship between 
IOD and rainfall over MSEA and a negative relationship in 
Southern China ( 20◦ to 25◦N). This is likely a result of IOD 
influences on the extension of the West Pacific Subtropical 
High which has previously been invoked to explain IOD-
related impacts on Yangtze River Valley and South China 
rainfall (Chongyin and Mingquan 2001; Kripalani et al. 
2010; Yuan et al. 2008). The ensemble mean removal does 
not dramatically change the IOD relationships with Asian 
monsoon rainfall except for a slight contraction of the posi-
tive relationship over MSEA (Fig. 8d), which may explain 
the modest increase in its influence between the datasets 
(Fig. 7a vs b).

This multivariate analysis illustrates that the IPO exerts a 
significant influence on MSEA rainfall extremes (while con-
trolling for the Indian Ocean) whereas the IOD displays only 
weak to modest independent influence on MSEA extremes. 
Curiously we see that the subtraction of the ensemble mean 
appreciably enhances the IOD contributions to MSEA 
rainfall, especially for drought frequency (0.001 vs 0.019; 
Fig. 6a, c). Why might external forcings dampen the IOD 
relationship with MSEA rainfall? We suggest that this dis-
crepancy can be attributed to volcanism-related impacts on 
Indo-Pacific climate and rainfall over Asia. Previous mode-
ling work suggests that volcanic eruptions result in Northern 
Hemisphere surface cooling which intensifies the subtropi-
cal jet as well as the development of an El Niño event, both 
of which suppress the Southeast Asian monsoon and result 
in regional drying (Stevenson et al. 2016). Simultaneously, 
the volcanic cooling of tropical Africa excites atmospheric 
Kelvin waves that propagate eastward and enhance west-
erly winds over the Indian Ocean which favor the develop-
ment of a -IOD event (Khodri et al. 2017; Izumo et al. 2018; 
Tiger and Ummenhofer 2023). Because -IOD is canonically 
associated with increased rainfall over monsoon Asia, the 
direct and El Niño-related volcanic impacts counteract the 
forced Indian Ocean hydroclimate response, weakening the 
observed relationship between IOD and MSEA rainfall. 
This also explains why drought frequency sensitivity to 
IOD increases markedly when external forcings are removed 

while the IOD influence on pluvials only slightly weakens 
(Fig. 6). Volcanism is not a symmetric forcing and there 
are no “negative volcanoes" that complement its drought 
impacts on Southeast Asia.

6  Last millennium external forcings

In this section we focus on how external forcings directly 
impact MSEA hydroclimate throughout the last millennium. 
The R

IC
 analysis (Eq. 1) highlighted several intervals where 

external forcings may have contributed to rainfall extremes 
(Fig. 3a). To comprehensively identify strong externally 
forced periods, we define a signal-to-noise ratio EF/IV:

where R
EM

 (like in equation 1) is the ensemble mean rainfall 
anomaly at a given timestep and �

R
 is the standard devia-

tion of rainfall anomalies across all 13 all-forcing ensemble 
members at the same timestep. This unitless ratio scales not 
only with the magnitude of ensemble mean anomaly but also 
with the amount of agreement between ensemble members. 
Most importantly EF/IV is agnostic to extreme event thresh-
olds and strong externally forced periods emerge naturally. 
This EF/IV metric is consistent with our previous internal 
contribution (IC) definition as indicated by the strong nega-
tive correlations between the two (Supplementary Fig. 9). 
We compute EF/IV for the last millennium and contextual-
ize its variability relative to historical MSEA droughts and 
tropical volcanic eruptions (Fig. 9). As in previous sections, 
the significance of EF/IV anomalies is assessed through 
Monte-Carlo phase-scrambling (Fig. 9 dashed lines). Over 
the last millennium, MSEA rainfall EF/IV generally remains 
quite low (between −0.5 to 0.5) but exhibits significant peaks 
(Fig. 9a) that often align with the timing of major volcanic 
eruptions (Fig. 9a triangles). This is consistent with previous 
studies of volcanic eruption impacts on tropical hydrocli-
mate (Anchukaitis et al. 2010; Stevenson et al. 2016; Teje-
dor et al. 2021). To further assess the influence of volcanic 
forcings on MSEA hydroclimate, we also compute the EF/
IV for the smaller volcanic forcing ensemble (n = 5) of the 
LME (Fig. 9b).

By comparing the EF/IV values to MSEA hydroclimate 
extremes identified from historical documentation and 
paleoclimate records (Buckley et al. 2014) (Fig. 9a, b gray 
shading), we gain insights into what forced these historical 
extremes. We see that the Angkor Drought 1 (1345–1374), 
Angkor Drought 2 (1401–1425), and the East Indian 
Drought (1790–1796) do not correspond to anomalously 
negative EF/IV periods in either the all-forcing or volcanic-
forcing ensemble (Fig. 9a, b), suggesting that these droughts 

(4)EF∕IV =
R
EM

�
R
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may have been driven entirely by internal variability. On the 
other hand, the Ming Dynasty Drought (1638–1641) and 
Strange Parallels Drought (1756–1768) coincide with nega-
tive EF/IV excursions (significant in all-forcing) as well as 
moderately-sized tropical volcanic eruptions, suggesting that 
volcanic forcings contributed to these droughts. Consistent 
with our analysis, Chen et al. (2020) also found that a vol-
canic eruption contributed to the Ming Dynasty Drought 
using sensitivity climate simulations.

The Strange Parallels Drought severely affected various 
societies of 18th century South and East Asia (Buckley et al. 
2007, 2014; Cook et al. 2010; Wang et al. 2019) due to its 
exceptional spatial and temporal scale. To our knowledge, 
we are the first to partially attribute this drought to a moder-
ate volcanic eruption (estimated to have ejected roughly half 
the magnitude of sulfate aerosols as the 1991 Pinatubo erup-
tion) which occurred during 1761 (Fig. 9), several years after 
the drought onset. The exact volcanic eruption responsible 
for the 1761 aerosol forcing in CESM-LME is unknown, 

as these forcings are derived retrospectively from ice core 
measurements (Gao et al. 2008; Otto-Bliesner et al. 2016). 
A more recently updated volcanic forcing dataset (eVolv2k; 
Toohey and Sigl 2017) shifted the timing of this mystery 
eruption to 1762, highlighting the uncertainty still present 
in precisely characterizing past eruptions. That volcanic 
forcings played a role in the Strange Parallels Drought is 
consistent with Yu et al. (2018) who found that the recon-
structed drought pattern of the Strange Parallels Drought 
could not be purely ascribed to a combination of ENSO and 
IPO related hydroclimate anomalies. Similar to the findings 
of Chen et al. (2020) regarding the Ming Dynasty Drought, 
we argue that the Strange Parallels drought was driven by a 
combination of Indo-Pacific internal variability and a vol-
canic eruption. We explore how Indo-Pacific internal modes 

Fig. 9  The EF/IV metric, calculated using equation 4, as a function of 
time for the all-forcing ensemble (n = 13) (a) where positive (nega-
tive) EF/IV values are displayed in green (brown). EF/IV determined 
from the volcanic-forcing ensemble (n = 5) (b) is also shown. Dashed 
lines represent 95% significance thresholds determined from phase-
scrambled Monte-Carlo simulations. Black triangles at the bottom 
of each plot represent tropical volcanic eruptions derived from (Gao 
et  al. 2008) with the size of triangles scaling with estimated global 
sulfate aerosol injected (Tg). Following Tiger and Ummenhofer 
(2023), eruptions were identified as tropical if their Northern Hemi-
sphere or Southern Hemisphere injections comprised less than 85% 
of the global total. The timing of historical droughts recorded in the 
MSEA region are indicated by gray shading. Historical drought acro-
nyms: ak1,ak2-Angkor Droughts 1,2; md-Ming Dynasty Drought; sp-
Strange Parallels Drought; eid-East India Drought

Fig. 10  The evolution of MSEA rainfall anomalies (a), IPO index (b), 
and IOD index (c) across the Strange Parallels Drought (1756–1768; 
grey shading) on decadal timescales (10–50 year band-pass filter). 
Results are shown for the all-forcing ensemble mean (black lines), 
average of three ensemble members with most intense decadal-scale 
Strange Parallels Drought response (brown lines) and average of three 
ensemble members with the weakest decadal-scale Strange Parallels 
Drought anomaly (green lines). A moderate tropical volcanic eruption 
is also indicated (black triangle)
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modulate the externally forced signal of the Strange Parallels 
Drought by comparing between the three LME ensemble 
members with the weakest decadal-scale drought signals 
(wet EMs) to the three members with the strongest droughts 
(dry EMs; Fig. 10).

Across the three ensemble members with the strongest 
drought response (Fig. 10a brown line), both the Pacific 
and Indian Oceans were transitioning to a positive phase 
at the onset of the drought. These climate modes peaked 
simultaneously with MSEA rainfall anomalies (Fig. 10b, c), 
indicating that these in-phase internal modes enhanced the 
volcanically forced drought. For the simulations with the 
weakest droughts, the IPO and IOD indices were neutral or 
slightly negative throughout the Strange Parallels Drought, 
dampening the drought response. As shown here and in pre-
vious studies (Chen et al. 2020; Predybaylo et al. 2020; Tiger 
and Ummenhofer 2023), ocean prior state is important for 
modulating the hydroclimate response of external climate 
drivers, which may explain why only certain anomalous EF/
IV periods coincide with observed historical droughts in the 
MSEA region (Fig. 10).

Not only can external forcings directly contribute to dec-
adal-scale rainfall extremes, but they can also induce changes 
on timescales longer than their forcing through entrainment 
into lower frequency components of the climate system such 
as the global ocean overturning circulation. Indeed, changes 
in planetary radiative forcings are the leading proposed driv-
ers of the Medieval Climate Anomaly (MCA, 950–1250 CE) 
and the Little Ice Age (LIA, 1500–1800 CE), two intervals 
of globally coherent changes in temperature and hydrocli-
mate throughout the last millennium (Sinha et al. 2011; 
Mann et al. 2009). Here we assess whether the relationships 
between climate modes (IPO and IOD) and MSEA rainfall 
during these periods were exceptional relative to the natural 
variability of the last millennium. To do this, we subsample 
the all-forcing LME to target the two respective 300-year 
intervals (950–1250 CE and 1500–1800 CE) and compare 
their frequency and severity (identical to Sect. 5 analysis) to 
all other 300-year intervals within the LME (Fig. 11).

While the IPO influence on MSEA hydroclimate 
remains significant throughout the last millennium 
(Fig. 11a), there is variability in the amplitude of these 
relationships. We see that IPO-MSEA relationships are 
of greater amplitude (further away from the null-hypoth-
esis) during the LIA relative to the MCA (blue stars vs 
red triangles; Fig. 11a) for all extremes metrics except 
for pluvial frequency. This discrepancy is consistent with 
enhanced and more frequent volcanism during the LIA 
relative to the preceding MCA (Mann et al. 2009) which 
would constructively enhance the teleconnection between 
tropical Pacific variability and MSEA rainfall (Stevenson 
et al. 2016; Sun et al. 2022). The Indian Ocean’s rela-
tionship with MSEA rainfall also experiences variations 

though its marginal slope values remain largely insignifi-
cant throughout the last millennium (Fig. 11b). The sensi-
tivity of MSEA extremes to IOD is stronger (higher mag-
nitude) during the MCA than the LIA across all metrics, 
with MSEA drought severity slope actually significant at 
the 5% level (Fig. 11b). This complements the differences 
in relationship strength in the Pacific Ocean, suggesting 
that the enhanced volcanism of the LIA strengthened the 
IPO-MSEA teleconnection and weakened the IOD-MSEA 
relationship due to distinct volcanic impacts on MSEA 
hydroclimate and Indo-Pacific tropical modes. Notably, 
while the MCA-LIA discrepancies are consistent with pre-
vious studies, this analysis reveals that these two inter-
vals do not represent the end-members of last millennium 
variability (Fig. 11 boxplots). Indeed for several metrics, 
such as IOD drought frequency and IPO pluvial sever-
ity, the differences between the MCA and LIA are quite 
modest relative to the entire distribution (Fig. 11). This 
may reflect more complex spatiotemporal Indo-Pacific 
variability beyond the simple dichotomy of the MCA 
and LIA. Recent data-model comparisons have suggested 
that last millennium climate simulations (including the 
CESM-LME) under-represent the amplitude of MCA-LIA 

Fig. 11  The sensitivity (slope) of MSEA rainfall extremes to IPO (a) 
and IOD (b) state, calculated for each 300-year overlapping interval 
in the last millennium (boxplots), and with the Medieval Climate 
Anomaly (red star) and Little Ice Age (blue triangle) intervals high-
lighted. MSEA extremes frequency and severity are calculated in a 
bivariate framework for each 300-year bin using same methods as 
in Sect. 5. To better visualize all slopes on the same plot, frequency 
slope values were scaled by a factor of 10. Boxplot widths indicate 
the interquartile range of distribution with whiskers denoting 95% of 
the distribution. Gray shading denotes 95% confidence interval for 
significance testing, determined from phase-scrambling
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hydroclimate changes (Atwood et al. 2021) which calls 
for cautious interpretations of model-simulated centennial-
scale variability.

7  Discussion and conclusions

The seasonal monsoon precipitation is critical for the 200 
million people that reside in mainland Southeast Asia today, 
especially given that agriculture is one of region’s most 
important economic sectors (Liu et al. 2020; Yuan et al. 
2022). Decadal-scale variability in the monsoon rains can 
have long-term impacts on human health, infrastructure, and 
economy, as reflected by the historical multi-year droughts 
over the past millennium (Buckley et al. 2014; Penny et al. 
2018). Thus the ability to assess and quantify drivers of low-
frequency excursions in MSEA precipitation is essential. 
Here we utilized an ensemble of last millennium climate 
model simulations to explicitly quantify the contributions 
of Indo-Pacific internal modes (IPO and IOD) and external 
forcing to MSEA drought and pluvial extremes on decadal 
timescales (10–50 years).

Leveraging the ensemble of simulations, we find that 
internal variability dominated MSEA decadal extremes 
over the last millennium (Fig. 3) through modulation of 
the regional Indo-Pacific Walker circulation, resulting in 
atmospheric moisture transport and vertical velocity changes 
over the IPWP (Fig. 4). Utilizing a multivariate probabilistic 
framework, we find that both the frequency and severity of 
MSEA droughts and pluvials are significantly influenced by 
Pacific Ocean decadal variability (IPO; Figs. 5, 6). In con-
trast, SST gradients in the Indian Ocean (IOD) contribute 
minimally to MSEA rainfall extremes, which we partially 
attribute to volcanic eruptions that counteract forced IOD 
teleconnections. External forcings impacts, though small, 
are detectable and influence decadal-scale droughts more 
than pluvials (by roughly 10%; Figs. 3, 9). Specifically, we 
suggest that external forcing contributions during the last 
millennium are largely associated with major volcanic erup-
tions which suppress the Asian monsoon circulation (Fig. 9). 
We attribute volcanic forcing to two historical droughts: the 
Late Ming Dynasty Drought (1637–1643), consistent with 
a previous study (Chen et al. 2020), and the Strange Paral-
lels Drought (1756–1768). This analysis does not identify 
significant externally forced influences to the 14th century 
Angkor Droughts, although definitive conclusions ruling 
out external drivers will require further investigation. In 
regards to the stationarity of these relationships between 
climate variability and rainfall, we find that Pacific (Indian) 
Ocean influences were weaker (stronger) during the MCA 
than the LIA, possibly mitigated by changes in volcanism 
across these two intervals that constructively (destructively) 
modulates these teleconnections (Fig. 11). We note that the 

MCA-LIA do not represent the bounds of last millennium 
variability, warranting more detailed investigation of spati-
otemporal changes.

We present our findings, while highlighting caveats that 
are associated with the CESM-LME and global climate 
models broadly. First, CESM is known to exhibit biases in 
its spatiotemporal characterization of Indo-Pacific climate 
variability, producing a Pacific equatorial cold tongue that 
extends too far westward and eastern Indian Ocean SST that 
is too sensitive to upwelling (Jiang et al. 2021; Taschetto 
et al. 2014; Wieners et al. 2019; Wu et al. 2022) which 
likely influences inter-basin coupling and teleconnections 
to MSEA. Therefore while the relationships identified here 
likely translate qualitatively, we caution against interpreting 
their quantitative values as representative of the real climate 
system (see Sect. 3). Additionally, the magnitude of volcanic 
eruption impacts on tropical modes and hydroclimate is still 
under discussion. Modeling studies suggest an El Niño and 
-IOD like response to eruptions (Izumo et al. 2018; Khodri 
et al. 2017; Maher et al. 2015; Stevenson et al. 2016; Tiger 
and Ummenhofer 2023) which has been called into ques-
tion by recent paleoclimate reconstruction studies (Dee et al. 
2020; Zhu et al. 2022). These proxy studies instead suggest 
that climate models overestimate the magnitude of the forced 
volcanic response due to incomplete characterization of vol-
canic aerosol chemistry, inaccurate estimations of sulfate 
loading (LeGrande et al. 2016), and/or biased parameteri-
zation of ocean–atmosphere feedback processes. In light of 
these model deficiencies, the development of global climate 
simulations with increased spatial resolution, more complex 
atmospheric chemistry components, and accurate volcanic 
forcings is critical to mitigating these issues. In recent years, 
the emergence of paleoclimate data-assimilation which fuses 
real-world proxy information with the dynamically-consist-
ent spatial covariance of climate models, provides another 
promising avenue to investigate past climate variability 
(Hakim et al. 2016; Steiger et al. 2018). By incorporating 
proxy information, these data-assimilation products have 
been shown to more realistically represent the timing and 
magnitude of hydroclimate responses to external forcings 
than climate models alone (Tejedor et al. 2021). Indeed, pre-
vious studies have utilized data-assimilation products such 
as the Last Millennium Reanalysis (LMR) and the Paleo-
Hydrodynamics Data Assimilation (PHYDA) to study 
Asian monsoon variability over the past millennium (Du 
et al. 2023; Hu et al. 2023; Wang et al. 2024). In particular, 
Hu et al. (2023) identified correlations between Asian mon-
soon Palmer Drought Severity Index and Indo-Pacific SST in 
PHYDA and LMR that are largely consistent with the spatial 
composites of this study (Fig. 6 in Hu et al. 2023, Fig. 4g, h 
in this study), with IPO-like patterns in the Pacific and IOD-
like patterns in the Indian Ocean. However, data assimilation 
itself is not without its biases as well, exhibiting sensitivity 
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to record density, proxy system models, and prior covariance 
stationarity (Amrhein et al. 2020; Sanchez et al. 2021). A 
more rigorous inter-dataset comparison should be conducted 
in the future, applying the various methodologies of this 
study to last millennium data-assimilation products (e.g., 
LMR, PHYDA) to corroborate the relationships derived 
solely from climate model simulations.

In spite of the structural biases associated with the 
CESM-LME, our probabilistic sampling is capable of recov-
ering (and quantifying) previously identified relationships 
between the tropical Indo-Pacific, volcanism, and MSEA 
droughts/pluvials. The methods of this study provide an ini-
tial framework towards forecasting the frequency and sever-
ity of decadal-scale Southeast Asian rainfall extremes based 
on Pacific and Indian Ocean SST conditions. As discussed in 
the Introduction, Southeast Asia exhibits rainfall variability 
across a multitude of timescales. While this study provided 
key insights into the drivers of excursions on longer (dec-
adal) timescales, functional water resource forecasting will 
require incorporation of shorter-timescale (intraseasonal 
to interannual) variability as well as the consideration of 
multi-scale interactions, for which these sampling meth-
ods can certainly be utilized for. The application towards 
ensemble simulations of future climate (e.g. CEMS-Large 
Ensemble and MPI Grand Ensemble; Kay et al. 2015; Maher 
et al. 2019) will be particularly important. However, there 
exist disagreements between climate models on the sign 
and amplitude of mean-state tropical hydroclimate modi-
fication under anthropogenic warming (Chen et al. 2020; 
Cook et al. 2022; Stevenson et al. 2022). We have shown 
that  externally-forced changes over the past millennium 
(i.e. MCA vs LIA) can modulate the decadal-scale relation-
ships between climate modes and MSEA rainfall (Fig. 11). 
Therefore reconciling  the uncertainties in future mean-state 
hydroclimate changes will be critical for understanding long-
term variability in the relationships between SST patterns 
and rainfall extremes.
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