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ABSTRACT
The present study aims to explore the origins of decadal predictability of East Asian land summer monsoon
rainfall (EA-LR) and estimate its potential decadal predictability. As a preliminary study, a domain-averaged
EA-LR index (EA-LI) is targeted as it represents the leading mode of variability reasonably well. It is found
that the decadal variations of EA-LI are primarily linked to a cooling over the central-eastern tropical Pacific
(CEP) and a warming over the extratropical North Pacific and western tropical Pacific (NWP) during May–
October. Two numerical experiments suggest that the CEP cooling may be a major driver of EA-LR, while
the NWP warming, which is largely a response, cannot be treated as a forcing to EA-LR. However, this does
not mean that the NWP sea surface temperature anomalies (SSTAs) play no role. To elaborate on this point,
a third experiment is conducted in which the observed cooling is nudged in the CEP but the SST is nudged to
climatology in the NWP (i.e., atmosphere–ocean interaction is not allowed). The result shows anomalous
northerlies and decreased rainfall over East Asia. Results of the three experiments together suggest that both
the forcings from the CEP and the atmosphere–ocean interaction in the NWP are important for EA-LR.
Assuming that the tropical and North Pacific SSTAs can be ‘‘perfectly’’ forecasted, the so-called perfect
prediction of EA-LI, which is achieved by a physics-based empirical model, yields a significant temporal
correlation coefficient skill of 0.70 at a 7–10-yr lead time during a 40-yr independent hindcast (1968–2009),
providing an estimation of the lower bound of potential decadal predictability of EA-LI.

1. Introduction
Long-term adaptation to and mitigation policies
against the impact of climate change require skillful
decadal climate prediction, which could provide useful
information for policymakers and stakeholders to make
decisions one or several decades in advance. Thus, decadal climate predictions have received increasing attention (Smith et al. 2007; Meehl et al. 2009; van Oldenborgh
et al. 2012; Bellucci et al. 2015; Meehl et al. 2014; Wang
et al. 2018). Dynamical decadal prediction from the phase
5 of the Coupled Model Intercomparison Project
(CMIP5) multimodel ensemble shows a greater skill for
temperature over most parts of the ocean (Kim et al. 2012;
van Oldenborgh et al. 2012; Meehl et al. 2014) but poor
skills for precipitation over land (Meehl et al. 2014).
Changes of monsoon rainfall, especially the changes
over land area with large human populations, are of
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great societal and scientific importance. The East Asian
summer monsoon (EASM) is a unique component of
the global monsoon system (Wang and Ding 2006); it
possesses specific characteristics due to local land–sea
thermal contrast, topography, and feedbacks among
distinct components of the climate system (Tao and
Chen 1987; Lau et al. 1988; Wang et al. 2000; Wang and
Zhang 2002; Wang and Li 2004; Ding et al. 2008; Wang
et al. 2008a; Ha et al. 2012; Zhu Z. et al. 2012). The
EASM has large decadal variability as well as interannual variability. It has been shown that the EASM
experienced pronounced decadal changes in the late
1970s (Hu 1997; Chang et al. 2000; Wu and Wang 2002)
and mid-1990s (Kwon et al. 2007; Yim et al. 2014a; Zhu
et al. 2014), but prediction of decadal variability of East
Asian land summer monsoon rainfall (EA-LR) remains
an unexplored frontier and an outstanding challenge.
Decadal climate variability is controlled by both internal variability and anthropogenic forcing (Hawkins
and Sutton 2009; Meehl et al. 2009; Solomon et al. 2011;
Goddard et al. 2012; Sun et al. 2013). Many studies have
put forward that decadal variability of the EASM is closely
related to natural internal forcing (Zhou et al. 2009a;
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Zhang 2015). A variety of speculations and hypotheses
have been proposed along this line of thinking. It has been
suggested that the change of sea surface temperature
(SST) and convective activity over the tropical Indian
Ocean and western Pacific leads to the decadal westward
extension of the western Pacific subtropical high (WPSH),
thus further modulating decadal change of the EASM (Hu
1997; Chang et al. 2000; Gong and Ho 2002; Yang and Lau
2004; Zhang et al. 2008; Zhou et al. 2009b). Wang et al.
(2008b) proposed that the strengthening relationships
between El Niño–Southern Oscillation (ENSO) and the
western North Pacific, East Asian, and Indonesian monsoons since the late 1970s are attributed to the increased
magnitude and periodicity of ENSO and the strengthened
monsoon–ocean interaction. The SST warming over
tropical oceans, especially over the central and eastern
Pacific, has been speculated to play a major role in
weakening the EASM during the recent decades (Li et al.
2010; Park et al. 2010). The phase of Pacific decadal oscillation is found to be influential in decadal variation of
the EASM (Yoon and Yeh 2010; Feng et al. 2014; Yu et al.
2015). In addition, Lopez et al. (2016) showed that the
Atlantic meridional overturning circulation (AMOC)
plays a key role in modulating decadal variability of the
EASM as well as other Northern Hemisphere monsoons,
and in Northern Hemisphere monsoon regions the Hadley circulation and monsoons show significant responses
to the AMOC decadal variability. Eurasian snow cover
and Arctic sea ice in spring may influence decadal EASM
patterns via forcing the atmospheric circulation (Zhang
et al. 2008; Wu et al. 2009). The heat source variation
over the Tibetan Plateau could also partly contribute to
EASM changes in the recent decades (Ding et al. 2009;
Zhao et al. 2010; Duan et al. 2013; Liu et al. 2012). Most
of the above studies focus on the decadal change of
the EASM after 1950s or 1960s due to short records or
sparse spatial coverage. Decadal variation of the EASM
in the longer term has been rarely investigated.
The effects of anthropogenic factors on decadal variability of the EASM remain uncertain. It is found that
the EASM can be weakened by increased aerosols
across East Asia (Menon et al. 2002; Qian et al. 2009;
T. Wang et al. 2013; Song et al. 2014) and global
warming driven by greenhouse gases (Ueda et al. 2006;
C. Zhu et al. 2012). But these conclusions largely depend
on the sensitivity of the climate models to greenhouse
gases and aerosol forcings. On decadal time scales, although regional anthropogenically forced changes can
be expected, the changes are typically smaller than those
arising from internal variability (Murphy et al. 2010;
Wang et al. 2012; B. Wang et al. 2013).
The mechanisms of decadal change of EASM are
widely studied. However the decadal prediction of the
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EASM is seldom explored. The skill of decadal predictions can be improved with a better understanding of
the related physical mechanisms, especially the process
of the natural decadal variability. Establishing a physicsbased empirical prediction model (P-E model) that
takes into account physical mechanisms is a useful way
to predict various meteorological phenomena (Lee et al.
2011; Xing et al. 2016; Yim et al. 2014b; Wang et al.
2015a,b; Grunseich and Wang 2016; Li and Wang 2016;
Zhu and Li 2017). It has been shown that the physical
basis of the entire Northern Hemisphere land monsoon
rainfall is primarily rooted in the multidecadal oscillation of a dipole SST pattern between the North Atlantic
and the south Indian Ocean (Wang et al. 2018). Besides,
it also has a complementary source from an east–west
thermal contrast in the Pacific (Wang et al. 2018).
What physical processes are critical to the decadal predictability of EA-LR? In this study our objectives
are to find out the predictability sources of decadal
variability of EA-LR during the past 112 years, to understand the physical processes related to the predictability sources by performing numerical experiments, and
finally to build P-E models to estimate the potential decadal predictability of EA-LR.
Following this introduction, section 2 describes the data,
methodology, and the coupled climate model. In section 3,
a grand EA-LR index is defined and its decadal predictability sources are explored. The physical linkage
between predictability sources and EA-LR is testified by
numerical experiments in section 4. The assessment of
the potential decadal predictability of EA-LI is presented in section 5. The last section provides concluding
remarks and discussion.

2. Data and methodology
a. Data
Monthly precipitation is derived from two datasets with
long instrumental records: the Climatic Research Unit
(CRU) TS3.21 dataset on a 0.58 3 0.58 grid during 1901–
2012 (Harris et al. 2014) and the twentieth-century
reconstructed precipitation dataset with a horizontal resolution of 2.58 3 2.58 for 1901–2010 (Smith et al. 2010).
The arithmetic mean of these two datasets is used as observed precipitation. Monthly SST is obtained from the
arithmetic mean of two datasets: the Hadley Centre Sea
Ice and Sea Surface Temperature dataset (HadISST)
(Rayner et al. 2003) with a horizontal resolution of 18 3 18
and the National Oceanic and Atmospheric Administration extended reconstructed SST (ERSST) version 3
(Smith et al. 2008) with 28 3 28 resolution for 1901–2012.
The sea level pressure (SLP) and 850-hPa winds on a 28 3
28 grid are derived from the Twentieth Century Reanalysis
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TABLE 1. Description of numerical experiments. Each experiment contains 30 ensemble members. The control run (CTRL) is a free
coupled run.
Experiment

Description

EXP_CEP1 (2)
EXP_NWP1 (2)

CTRL but nudging by predictor SSTAs (–SSTAs) in the CEP (208S–308N, 1808–808W) from May to October.
CTRL but nudging by predictor SSTAs (–SSTAs) in the NWP (258–508N, 1208E–1408W and 208–258N, 1208–1608E)
from May to October.
CTRL but nudging by climatological SST in the NWP and predictor SSTAs (–SSTAs) in the CEP from May to October.

EXP_CNP1 (2)

data for the period 1901–2012 (Compo et al. 2011). All
datasets are interpolated to a uniform resolution of 2.58 3
2.58 to make spatial resolutions comparable.
Three coupled climate models that participated in
CMIP5 (Taylor et al. 2012) are employed to estimate
the dynamical prediction skills of decadal variations of
EA-LR. These three models are the Hadley Centre
coupled global climate model, version 3 (HadCM3), the
Geophysical Fluid Dynamics Laboratory Climate
Model version 2.1 (GFDL-CM2.1) and the Max Planck
Institute Earth System Model, low resolution (MPIESM-LR). The MPI-ESM-LR has three ensemble
members, while HadCM3 and GFDL-CM2.1 have
10 members. The hindcasts consist of 51 sets of 10-yr
retrospective predictions that are initialized every year
from 1961 to 2011. Dynamic prediction skills in this
study are all based on the three models’ multimodel
ensemble (MME). The MME mean is constructed with
equal weights.
In this study, the 4-yr running mean (referred to as the
decadal component) is applied to both observations and
the dynamical hindcast. It is a widely used approach to
filter out high-frequency components in assessment of
decadal prediction (Kim et al. 2012; van Oldenborgh
et al. 2012; Goddard et al. 2013). Taking autocorrelations into account, all statistical tests for correlation
coefficients are determined by the effective degrees of
freedom (Livezey and Chen 1983).

b. Coupled climate model and nudging method
The Nanjing University of Information Science and
Technology (NUIST) coupled Earth System Model
(NUIST-ESM) v1a (Cao et al. 2015) is used to conduct
numerical experiments in this study. The atmospheric
component of this coupled model is ECHAM v5.3
(Roeckner et al. 1996) with a horizontal resolution of
around 2.88 3 2.88 in longitude and latitude and 31 levels
in vertical. The Nucleus for European Modeling of the
Ocean (NEMO) (Madec 2008) with a 28 3 28 horizontal
resolution and 31 vertical levels is applied as the oceanic
component model, while the sea ice component model is
version 4.1 of the Los Alamos Sea Ice Model (CICE)
(Hunke and Lipscomb 2010). The annual mean, annual

cycle, monsoon variability, and ENSO can be reproduced realistically by NUIST-ESM (Cao et al. 2015).
Sensitivity experiments are conducted with SST
nudging in given regions. The model includes a nudging
term that adjusts a model field toward the observed (or
target) field (Hoke and Anthes 1976). The modelsimulated SST is nudged to approach the observed
SST anomalies (SSTAs) superposed on the model climatology by adding an additional SST tendency term
ð›SST/›tÞ. The SST tendency term is defined as
›SST
5 (SSTmc 1 DSST 2 SSTm )/86400,
›t
where SSTmc indicates the climatological SST in the
control run, DSST is the observed SSTAs regressed onto
predictor, and SSTm represents the model-simulated
SST in each time step. The nudging time interval is one
day (86 400 s). Paired experiments are performed with
positive DSST in one and negative DSST in the other.
The DSST values are triple the observed counterparts of
the regressed SSTAs. The use of tripled SST and positive DSST minus negative DSST difference leads to an
exaggeration of the SST-produced signal. Each experiment consists of 30 ensemble members. The differences
of the ensemble means of these two experiments are
identified as the response to the nudged SSTAs. For
instance, the predictor SSTAs in the tropical centraleastern Pacific (208S–308N, 1808–808W) from May to
October are used as DSST for EXP_CEP1 (Table 1;
Fig. 6a). EXP_CEP2 is the same as EXP_CEP1, but it
adopts the opposite sign of SSTAs as SST nudging
anomalies (2DSST). The difference between the ensemble means of EXP_CEP1 and EXP_CEP2 is identified as the response (Fig. 7).

c. Methodology for establishing the P-E model
The P-E model is established based on physical relationships between the predictor and predictand (Wang
et al. 2015b). First, simultaneous correlation maps between the predictand and SST are used to identify potential physically meaningful ‘‘predictors.’’ Then, the
stepwise regression is used to build the P-E model, in
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FIG. 1. Climatological mean (a) precipitation and (b) 850-hPa winds for MJJASO during 1901–2012, and the (c) spatial pattern and the
(d) corresponding principal component of the first EOF mode of the local summer rainfall over East Asian land monsoon regions. For
comparison, the East Asian land summer monsoon rainfall index (EA-LI) is also plotted in (d). The East Asian land monsoon domain is
outlined by red curves in (a) and (c). The gray curves in (a)–(c) outline the location of the Tibetan Plateau. The detrended data are used to
perform EOF analysis. A 4-yr running mean is applied in (c) and (d). The year in (d) represents the second year of the 4-yr running mean.
For example, the value for 1902 is the average for the period of 1901–04.

which important predictors can be identified and mutually independent predictors are considered. Taking
the simultaneous correlation into account, the predictor
is defined in a large box area to focus on large-scale
signals (Lee et al. 2013). The predictors are defined by
Pred (t) 5 [SST (t, lat,lon )TCC (lat,lon )],
where TCC is the temporal correlation coefficient between the predictand and SST values during the training
period (1901–60). Square brackets are the areal mean
over the selected regions.
Other than TCC, the mean square skill score (MSSS)
is chosen as a deterministic verification metric (Murphy
1988; WMO 2002; Goddard et al. 2013). The MSSS is
essentially the differences between the mean square
error (MSE) of the forecast and the MSE of the

climatology. A positive (negative) MSSS indicates that
the forecast is better (worse) than climatology.

3. Grand EA-LR index and its decadal
predictability sources
Monsoon precipitation domains are defined by a local
summer-minus-winter precipitation rate exceeding
2 mm day21 and local summer precipitation exceeding
55% of the annual total rainfall (Wang et al. 2012). The
EA-LR domain is outlined by red curves in Fig. 1a. May
to October (MJJASO) is taken as local summer since
the rainy season generally starts in May and ends in
October over Southeast and East Asia (Wang and
LinHo 2002) and the climatological annual cycle has
broad peaks from May to October. The climatology
of EASM features low-level southwesterlies over the
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FIG. 2. Spectra of yearly summer (MJJASO) mean EA-LI obtained
by averaging three periodogram bins (bandwidth: 40).

Indo-China region and southerlies along the west flank
of WPSH that bring abundant moisture into the EASM
region (Fig. 1b), forming major rainbands over the IndoChina Peninsula and eastern China (Fig. 1a).
To facilitate prediction and study the variability of
EA-LR, a grand EA-LR index (EA-LI) is defined as
the MJJASO precipitation averaged over the grand
EA (108–408N, 908–1358E) land monsoon domain
(Fig. 1a).
Is the area-averaged rainfall index a meaningful
measure for EA-LR variability? To address this
question, we examine the leading empirical orthogonal function (EOF) mode of rainfall variability. On
decadal time scales, the first EOF mode of detrended
local summer rainfall over the grand EA land monsoon domain shows a nearly uniform spatial pattern
and accounts for 20% of the total variance (Fig. 1c).
Meanwhile, the decadal component of EA-LI is well
correlated (TCC 5 0.78) with the corresponding
leading principal component (Fig. 1d). Therefore, the
decadal EA-LI is appropriate for describing the decadal variability of the major mode of EA-LR. Caution should be exercised as EA-LI may not well
represent the precipitation over the small area in the
south of the Tibetan Plateau because the spatial pattern of the leading mode there shows an opposite sign.
In addition, the spectral analysis of yearly EA-LI also
suggests a significant energy rise on a multidecadal
time scales (Fig. 2).
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Note that the grand EA domain (108–408N, 908–
1358E) in the present study is different from the traditional EA domain (108–508N, 1058–1358E). Because
of the domain dependence of EOF analysis, the
leading EOF pattern here (Fig. 1c) is not dominated
by a north–south dipole pattern as shown by the
leading EOF pattern for the traditional EA domain
(figure not shown).
What is the physical basis for decadal prediction of
EA-LR? To unravel predictability sources of decadal
variability of EA-LR, we analyze how EA-LI links to
simultaneous global lower boundary anomalies (i.e.,
SST, SLP, 850-hPa wind, and precipitation). As shown
in Fig. 3, the intensified EA-LR is related to an extended La Niña SST pattern and strengthened subtropical high over the Pacific. The associated low
pressure extending from the Ganges River valley to
central East Asia (EA) (Fig. 3b) thereby favors the
convergence and monsoon rainfall over there. Meanwhile, the high SLP anomalies stretching from the
northern South China Sea to southern Okhotsk may
enhance the southerlies along the coast of EA
(Fig. 3b), which bring a large amount of water vapor
from the tropical western Pacific, leading to strengthened rainfall over EA (Fig. 3a).
What is the primary lower boundary forcing in
modulating decadal variability of EA-LR? Simultaneous tropical North Pacific (TNP) SSTAs (black box
in Fig. 3; 208S–608N, 1208E–808W) are identified as a
main forcing, which feature cooling over the centraleastern tropical Pacific (CEP) and warming over the
midlatitude North Pacific and western tropical Pacific
(NWP) from May to October (Fig. 3a). Thus, the TNP
index (TNPI) can be obtained as a predictor as defined
in section 2c. Figure 4 also indicates that the decadal
variation of EA-LI is significantly correlated to the
corresponding decadal variation of TNPI at a 95%
confidence level.
To confirm the possible effects of the TNP SSTAs, the
lower boundary anomalies correlated with the TNPI are
further examined. The accompanying SLP contrast between WPSH and the Southeast Asian continent low, as
well as the southerly anomalies along the coast of EA,
suggests that the TNP SSTAs could be a forcing to
convection over EA (Fig. 5).

4. Physical linkage between TNP SSTAs and
EA-LR
How do the CEP cooling and NWP warming influence
the EA-LR anomalies? Previous studies have revealed
that the remote forcing from the CEP SST is the major
cause for variability of EASM (Wang et al. 2000; Wang
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FIG. 3. Simultaneous (MJJASO) correlation coefficient map of (a) precipitation (shading
over land) and SST (shading over ocean) and (b) SLP (shading) and 850-hPa winds (vectors)
with reference to EA-LI using data from 1901 to 1960. A 4-yr running mean is applied. The
black box indicates the region for TNP. The EA-LR domain is outlined by purple curves.

et al. 2003), and warm pool SSTAs during local summer
season are a result of atmosphere–ocean interaction
and cannot be treated as a forcing to the atmosphere
(Wang et al. 2004; Wang et al. 2005; Wu and Kirtman
2005). Thus, three sets of coupled model experiments
are designed to testify the causative linkage between
the TNP SSTAs and EA-LR. 1) We nudge the
predictor-related SSTAs in the CEP (Fig. 6a) in the
first set of experiments (EXP_CEP1 and EXP_CEP2;
Table 1). This design treats the CEP SSTAs as a forcing
while SSTAs outside of this area are determined by
atmosphere–ocean interaction. 2) Then we nudge the
predictor related SSTAs in the NWP (Fig. 6b) in the second set of experiments (EXP_NWP1 and EXP_NWP2;
Table 1) to test whether NWP SSTAs are a forcing. 3)
If NWP SSTAs are not a forcing, is air–sea interaction
in the NWP important? To identify the role of air–
sea interaction in the NWP in modulating EA-LR, we
design the third set of experiments (EXP_CNP1 and
EXP_CNP2; Table 1) in which SST in the NWP is nudged
to the climatological value (without air–sea interaction)
while the CEP SSTA forcing is retained (Fig 6c). For each
experiment the nudging is only applied from May
to October. The shading in Fig. 6 shows the regions of
SSTA nudging (i.e., DSST) in May; patterns of SSTA
nudging from June to October are similar to those in May
except for gradually intensified amplitudes.

With the negative SSTAs from May to October over
the CEP (Fig. 6a), the results from the coupled model
simulations (EXP_CEP1 minus EXP_CEP2) basically resemble the observed features, that is, anomalous easterlies over the western tropical Pacific,
enhanced subtropical high, and intensified rainfall
over southern EA (Fig. 7). It is therefore demonstrated that La Niña SSTAs drive the EA-LR variability through the associated changes in Walker
circulation and enhanced Pacific subtropical high resulting from a Rossby-wave response (Gill 1980;
Wang et al. 2000). But the rainfall over central EA is
underestimated in the simulation (Fig. 7a). Note that
the SST warming over the midlatitude North Pacific
can be simulated (Fig. 7b), which implies that the
CEP cooling could generate this extratropical SST

FIG. 4. Time series of observed decadal EA-LI and predictor TNPI.
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FIG. 5. Observed correlations maps of (a) MJJASO precipitation (shading), SLP (contours),
(b) SST (shading), and 850-hPa winds (vectors) with reference to TNPI using data from 1901
to 1960. A 4-yr running mean is applied.

warming through an atmospheric bridge (Lau and Nath
1996) and local atmosphere–ocean interaction.
Can the NWP SSTAs be treated as a forcing? The
results of the second pair of coupled model experiments
(EXP_NWP1 minus EXP_NWP2) show that the positive NWP SSTA-induced (Fig. 6b) summer circulation is
characterized by low SLP anomalies over the North
Pacific as well as northerly anomalies along the coast of
EA (Fig. 8), which are inconsistent with observed
anomalies related to the SSTA predictor (Fig. 5), suggesting that the NWP SST warming cannot be regarded
as a forcing to EA-LR; instead, it is a result of local
atmosphere–ocean interaction. This does not mean that
the NWP SSTAs are unimportant, because they can feed
back to the atmosphere through an interactive mode.
Is air–sea interaction in the NWP important to EALR? The results of the third pair of coupled climate
model experiments (EXP_CNP1 minus EXP_CNP2)
are characterized by a strong cyclonic circulation and

active convection over the western Pacific, northerly
anomalies along the coast of EA, and reduced EA-LR
(Fig. 9), which are different from the simulated results
with atmosphere–ocean interaction in the NWP (Fig. 7)
as well as observation (Fig. 5). It is suggested that,
without local atmosphere–ocean interaction, the CEP
SSTA forcing alone cannot reproduce observed EA-LR
variability as well as observed anomalies over the NWP,
implying that SSTAs in the NWP also have an impact on
EA-LR through local atmosphere–ocean interaction.
The above three pairs of experiments thereby indicate that EA-LR variability originates from the
CEP SSTAs, whereas SSTAs in the NWP are the result of a combined response to the CEP SSTA forcing
and local atmosphere–ocean interaction. Note that
SSTAs in the NWP are not a passive response to the
atmospheric forcing. Instead, they also exert their influences on the atmosphere. Treating them as a forcing to
the atmosphere is inadequate, but regarding them as
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FIG. 6. Nudging area (red box) used in the coupled model
experiments (a) EXP_CEP1, (b) EXP_NWP1, and (c) EXP_
CNP1. Predictor SSTAs (DSST) in May are indicated by shading
(units: K).

a slave to the atmosphere is also inappropriate. The
EA-LR responds to TNP SSTAs as a whole, although
the root cause is in the tropical central-eastern Pacific.
That is the reason why the TNP SSTAs as a whole
should be taken as a ‘‘predictor.’’

5. Potential decadal predictability of EA-LR
In order to investigate to what extent the EA-LI can
be potentially predicted, the P-E model is established by
using the ‘‘perfect’’ prediction approach, in which we
assume that the predictor, TNPI, can be perfectly predicted (i.e., use observed values) by the dynamical
model. The prediction skill derived from this ideal
method (i.e., use observed values of predictors) provides
an estimation of potential predictability (Kang and
Shukla 2009).

VOLUME 31

To make a parallel comparison to dynamical
models, we investigate the rolling-retrospective independent forecast with 10-yr forward prediction. In
this method, 51 sets of 10-yr retrospective predictions
are made to compare with CMIP5 dynamical models’
decadal predictions, which are initialized every year
from 1961 to 2011. Similar to dynamical decadal prediction, for prediction initialized in 1961, we establish
a P-E prediction model using the data from 1901 to
1960, and then predicted the ensuing 10 years (1961–
70); for prediction initialized in 1962, data from 1902
to 1961 are employed to build the prediction equation
to forecast the following 10 years (1962–71); and so on.
In total, 51 segments of 10-yr prediction are made
from 1961 to 2011. Then 7 time series are obtained by
averaging lead times of 1–4-, 2–5-, 3–6-, 4–7-, 5–8-,
6–9-, and 7–10-yr predictions, respectively. After
applying a 4-yr running mean, the time series start
from 1962 to 2009 for 1–4 yrlead time, 1963–2009 for
2–5 yr lead time, and so on to 1968–2009 for 7–10 yr
lead time. Since the predictor is selected from the
data for 1901–1960, the rolling-retrospective forecast
can be considered as an independent forecast because
no ‘‘future’’ (after the training period) information is
used. The so-called perfect rolling-retrospective
independent prediction for decadal EA-LI, which is
made by the P-E model using observed TNPI, shows
a significant TCC skill of 0.70 at 7–10-yr lead time
during 1968–2009 (Fig. 10a), indicating that about
49% of the decadal variances of the EA-LI may be
potentially captured by the TNPI 10 years ahead. This
result may provide an estimate for the potential decadal predictability of EA-LR based on a perfect
dynamically forecasted TNPI. The MSSS values made
by this perfect prediction are larger than 0.37 for all
lead times (Fig. 10b).
How does the coupled climate model perform
in predicting decadal variability of EA-LI? Three
models’ MMEs, which are derived from the CMIP5
decadal experiment initialized every year in the period 1961–2011, are assessed. It is suggested that the
decadal prediction of EA-LI has an insignificant TCC
skill of 0.29 and a low MSSS of –0.44 at up to
7–10 years (Fig. 10). The persistent prediction skills
are also poor (Fig. 10). Thus, there is large room for
improving the decadal prediction of EA-LI.

6. Summary and discussion
Our objective for this study is to understand the
sources of decadal predictability of EA-LR and estimate
the potential predictability. The major findings are
summarized as follows:
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FIG. 7. Model simulated MJJASO responses (EXP_CEP1 minus EXP_CEP2) of
(a) precipitation (shading; mm day21) and SLP (contours; hPa) and (b) SST (shading; K) and
850-hPa wind (vectors; m s21). Simulated fields that are significant at the 90% confidence
level (Student’s t test) are shown.

1) A grand area-averaged EA land rainfall index
is defined. This is a meaningful measurement of
EA-LR variability since the first EOF mode of EALR shows a nearly uniform spatial pattern and EALI is well correlated with the corresponding principal
component on decadal time scales.
2) The physical basis of decadal prediction of EA-LR is
revealed. The enhanced EA-LR is related to the
extended La Niña SST pattern, high pressure over
subtropical Pacific, low pressure over central Asia,
and southerlies along the coast of EA, thereby
increasing the moisture convergence and monsoon
rainfall over EA. The summer TNP SSTAs, which are
selected as a predictability source, characterize CEP
cooling and NWP warming from May to October,
accompanied by SLP contrast across the Southeast
Asian continent low and WPSH, southerly anomalies
along the coast of EA, and enhanced rainfall over EA.

3) To verify the causative physical linkage between the
TNP SSTAs and EA-LR, three sets of paired numerical experiments are conducted by using coupled
climate models. The first set of paired experiments
(EXP_CEP1 and EXP_CEP2) with the CEP SSTA
nudging demonstrates that La Niña SSTAs can
enhance the Pacific subtropical high through Rossby
wave response, resulting in strengthened southerlies
along the coast of EA and intensified EA-LR. Thus,
the CEP SSTAs can be considered as the main driver
to EA-LR. The simulated variability of the midlatitude North Pacific SSTAs turns out to be the
responses forced by the CEP SSTAs. The second set
of paired coupled model experiments (EXP_NWP1
and EXP_NWP2) with the NWP SSTA nudging
shows opposite anomalies in contrast to observations, indicating that the NWP SST variability cannot
be regarded as a forcing to EA-LR. However, it does
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FIG. 8. Model-simulated MJJASO responses (EXP_NWP1 minus EXP_NWP2) of
(a) precipitation (shading; mm day21) and SLP (contours; hPa) and (b) SST (shading; K) and
850-hPa wind (vectors; m s21). Simulated fields that are significant at the 90% confidence
level (Student’s t test) are shown.

not mean that the NWP is unimportant. Nudging
SST in the NWP to the climatological value (without
the air–sea interaction) while retaining the CEP SSTA
forcing, the model responses from the third set of
experiments (EXP_CNP1 and EXP_CNP2) hint that
the SSTAs over the NWP also exert influence on EALR through local atmosphere–ocean interaction.
4) The potential decadal predictability of EA-LI is
assessed. By using ‘‘perfect’’ dynamically forecasted (i.e., observed) TNPI, the P-E model is
capable of capturing decadal EA-LI with a significant TCC skill of 0.70 and an MSSS of 0.41 at
7–10-yr lead time during 1968–2009. These high
skills offer an estimate for potential decadal predictability of EA-LI based on so-called perfect
predicted TNPI. The dynamical models’ direct prediction skill and persistent prediction skill for decadal variability of EA-LI are far from the potential

predictability limit, suggesting that there is large
room for improving decadal prediction of EA-LI.
It is shown that the TNP SSTAs are the primary
source of decadal predictability of EA-LR. However,
the TNP SSTAs are obtained from simultaneous SST,
and therefore a hybrid dynamical–empirical approach
is proposed for actual decadal prediction of monsoon
rainfall (Wang et al. 2018), in which the ‘‘predictors’’
are derived from dynamical models, and then these
predictors are used to build the P-E model to further
predict monsoon rainfall. Because of the imperfectness of the dynamical model predicted SST, the actual
prediction skill will be lower than the potential predictability estimated with observed SST. The hybrid
dynamical–empirical approach can produce better
prediction skills if the predictors can be forecasted
well. In other words, the dynamical prediction
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FIG. 9. Model-simulated MJJASO responses (EXP_CNP1 minus EXP_CNP2) of
(a) precipitation (shading; mm day21) and SLP (contours; hPa) and (b) SST (shading; K) and
850-hPa wind (vectors; m s21). Simulated fields that are significant at the 90% confidence
level (Student’s t test) are shown.

skills for these predictors are critical to hybrid forecast.
Because of the CMIP5 models’ poor decadal prediction skills for North Pacific SST (Kim et al. 2014;
Meehl et al. 2014), the hybrid forecast fails to predict decadal variability of EA-LI. Although in the
present study the hybrid forecast method does not
improve the decadal prediction skill for EA-LI, it
still offers a promising path for decadal prediction in
other regions provided that predictors can be well
forecasted.
In addition, although the TNP SSTAs can yield
high potential predictability, there are some caveats.
The relationship between TNPI and EA-LI may experience secular changes (Fig. 11a). Their correlations were stable during the 1930s to 1970s but
dropped in the recent four decades. Thus, continuously exploring and modifying the predictability
sources is necessary. As shown in Fig. 11b, the

cooling center over the eastern Pacific shifts northward during 1970–2012 from where it was during
1901–60 (Fig. 3a), which may be linked to the decreased correlations between TNPI and EA-LI in
recent decades. Moreover, SST over the North Atlantic can be considered as a potential predictability
source in the most recent 40 years (Fig. 11b), which
may be a complement to TNPI.
How can the decadal prediction skill of EA-LR be
improved? A direct method is to develop dynamical
model physics of simulating precipitation. An alternative is to increase the dynamical prediction skill for
the North Pacific SST through methods such as improving the initial conditions. Both approaches still
need further study.
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