Climate Dynamics (2024) 62:3245-3259
https://doi.org/10.1007/500382-023-07063-4

®

Check for
updates

ORIGINAL ARTICLE

Decadal prediction of Northeast Asian winter precipitation with CMIP6
models

Xiaoge Xin'>3® . Tongwen Wu'%>3 . Mengzhe Zheng'* - Yongjie Fang'%3 - Yixiong Lu'%3 . Jie Zhang'?*3

Received: 28 March 2023 / Accepted: 9 December 2023 / Published online: 19 December 2023
© The Author(s) 2023

Abstract

This study evaluates the decadal prediction skill of 13 forecast systems in predicting winter precipitation over Eurasia,
contributing to the Decadal Climate Prediction Project of the Coupled Model Intercomparison Project Phase 6. Northeast
Asia stands out as a region with improved decadal prediction skill for forecast years 2—5 due to the initialization. Obser-
vations show anticyclonic and cyclonic wind anomalies over the North Pacific and Northeast Asia, respectively, with
southwesterly flow to the east of Northeast Asia. Ten forecast systems reproduce such circulation anomalies favoring
abundant winter precipitation in Northeast Asia. The significant positive (negative) correlations between the detrended
Northeast Asian precipitation (NEAP) and AMV (PDO-like) time series are reproduced by seven (nine) forecast systems.
However, most forecast systems underestimate the correlation between the NEAP and the AMYV, and have relatively low
skill in predicting the PDO. Further improvements in these aspects will help to improve the decadal prediction skill of
winter precipitation over Northeast Asia. The multi-model ensemble (MME) is able to reproduce both links of NEAP with
AMYV and PDO-like variability. The MME demonstrates significant skill and outperforms the individual forecast systems
in predicting the NEAP for all 4-year averaged periods in the range of 1-8 years, demonstrating the benefits of using the
ensemble mean of multiple models.
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1 Introduction

Decadal climate predictions include both the effects of
external forcings and internal climate variability, with the
goal of predicting climate evolution up to 10 years ahead.
The main difference between decadal predictions and his-
torical simulations is that the former incorporates informa-
tion on the current state of the climate system throughout
the model initialization process to align the modeled
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internal variability with the observed, while the latter aims
only to reproduce the effects of external forcings such as
anthropogenic greenhouse gases (Smith et al. 2007). In the
fifth phase of the Coupled Model Intercomparison Project
(CMIPS, Taylor et al. 2012), decadal predictions performed
by climate models have a skillful prediction in sea surface
temperature (SST) over the North Atlantic, western Pacific,
eastern tropical Pacific, and the Indian Oceans (Wu and
Zhou 2012; Doblas-Reyes et al. 2013). The Atlantic multi-
decadal variability (AMV) is a prominent signal that could
be skillfully predicted by decadal predictions (Meehl et al.
2014). The skillful decadal predictions over land are mainly
distributed in Europe, America, and Africa, which are attrib-
uted to the predictable signal of the AMV and the associ-
ated atmospheric circulation (Corti et al. 2012; Meehl et al.
2014). Enhanced skill is also found for summer surface air
temperature in East Asia, which is related to the skill in fore-
casting western Pacific SST (Xin et al. 2018).

It is more difficult to improve the skill of precipitation
forecasts than of surface air temperature for decadal climate
predictions (Goddard et al. 2012; Doblas-Reyes et al. 2013).
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Predicting near-term climate was identified by the World
Climate Research Programme (WCRP) as one of the grand
challenges facing international climate research. In phase 6
of CMIP (CMIP6, Eyring et al. 2016), the Decadal Climate
Prediction Project (DCPP) is to enhance the prediction skill
in more detailed processes (Boer et al. 2016). The differ-
ences between the experimental protocols of CMIP6 and
CMIP5 include more frequent starting dates for the hindcast
and larger ensembles in order to provide robust estimates of
decadal predictive skill.

Recent studies have found improvements in the decadal
prediction of the North Atlantic subpolar gyre SST in
CMIP6 relative to CMIPS5 (Borchert et al. 2021). With
larger ensembles, the contribution of the initialized compo-
nent of the forecast to the overall skill increases, as does
the percentage of global area with predictable variance due
to initialization (Sospedra-Alfonso and Boer 2020). The
predictions of CMIP6 generally show high skill in predict-
ing surface air temperature over most land regions and the
AMYV index, while the skill is still limited for precipitation
(Delgado-Torres et al. 2022, 2023). Skill in precipitation
forecasting was shown to be significant in tropical monsoon
regions by decadal predictions (Dunstone et al. 2020). In
a large ensemble of CMIP6 models, skillful prediction of
rainfall on the interior Tibetan Plateau was found to result
from the Silk Road pattern driven by the SST over the sub-
polar gyre region in the North Atlantic (Hu and Zhou 2021).
Significant skill of precipitation is found in regions of north-
ern Europe, western and central Africa, and northern Asia
(Smith et al. 2019; Delgado-Torres et al. 2022). Although
the decadal prediction skill of precipitation in northern
Europe and Sahel was found to be related to the AMV
(Gaetani and Mohino 2013; Sheen et al. 2017; Yeager et al.
2018; Simpson et al. 2019), few studies have investigated
the mechanism for the decadal prediction skill of precipita-
tion in Northern Asia.

The precipitation in Asia exhibits distinct seasonal
features, with dominant influence from different climate
variabilities in different seasons. This study explores the
performance of 13 forecast systems participating in the
CMIP6 DCPP in predicting winter precipitation over Eur-
asia. The role of initialization is identified by comparing
initialized (Init) decadal hindcasts with non-initialized
(Nolnit) historical simulations. For the regions where the
decadal prediction is skillful, the mechanisms in relation
to the atmospheric circulation and the SST will be further
investigated. The paper is organized as follows. Section 2
introduces the models, experiments, and methods used in
this study. Section 3 presents the main results. Conclusions
are given in Sect. 4.
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2 Models, experiments, and methods
2.1 Models and experiments

The decadal climate predictions from 13 forecast systems
contributing to the CMIP6 were used in this study. To inves-
tigate the role of initialization in the skill of decadal climate
predictions, historical simulations of CMIP6 performed
with the corresponding models were used for comparison.
For each model, decadal hindcasts and historical simula-
tions have the same external forcing. Therefore, the main
difference between the decadal hindcast and the historical
simulation of the same model is whether initialization is
used.

Table 1 lists the spatial resolutions of 11 models and
their ensemble sizes for decadal hindcasts and histori-
cal simulations. The horizontal resolution of these models
ranges from 70 km (EC-Earth3) to 280 km (CanESMS).
The ensemble size of the decadal hindcast varies from 8
to 40. The EC-Earth3 have two sets of decadal predictions
using the methods of full-field initialization (EC-Earth3-il)
with 10 members and anomaly initialization (EC-Earth3-
i2) with 5 members. NorCPM1 also has two sets of decadal
predictions with different anomaly assimilation methods.
NorCPM1-il uses a 1980-2010 reference climatology for
computing anomalies and the data assimilation only updates
the physical ocean state, while NorCPM1-i2 uses a 1950—
2010 reference climatology and additionally updates the sea
ice state via strongly coupled assimilation of ocean observa-
tions (Bethke et al. 2021). In total, there are 172 members
for the decadal hindcasts, and 153 members for the histori-
cal simulations. Previous studies have highlighted the need
for large ensembles to obtain robust estimates of the skill
(Yeager et al. 2018; Smith et al. 2019; Dunstone et al. 2020).
In this study, the average of the individual ensemble means
of the different forecasts systems (climate models) is used as
the multi-model ensemble (MME).

2.2 Methods

Model initialization can lead to initial shocks in the decadal
predictions (Garcia-Serrano and Doblas-Reyes 2012).
Predictions also suffer from drift from the predicted state
towards the model’s mean climate, which is usually differ-
ent from the observed mean climate. Therefore, the anoma-
lies of all decadal predictions are used in the analysis. The
anomalies are calculated relative to the climatology of the
ensemble mean and lead times of each model as used in pre-
vious studies, taking into account the different climatology
of each model (Kim et al. 2012). The climatology is calcu-
lated from the full period of each forecast year.
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Table 1 Descriptions of the climate models and experiments used in
this study

Model Resolu- Experiments Mem- Model and
tions ber experi-
(horizon- size ment
tal grids) references

BCC-CSM2-MR  Atm: 320 Historical 3 Wu et al.
X 160 Hindcast 8 (2019)
Ocn: 360
X 232

CanESMS5 Atm: 128 Historical 20 Swart et
X 64 Hindcast 20 al. (2019)
Ocn: 360
X 291

CESMI1-1- Atm: 320 Historical 40 Yeager et

CAMS5-CMIP5 x 160 Hindcast 40 al. (2018)
Ocn: 360
x 232

CMCC-CM2-SR5 Atm: 288 Historical 11 Nicoli et
x 192 al. (2023)
Ocn: 362 Hindcast 20
x 292

EC-Earth3 Atm: 512 Historical 9 Déscher et
X 256 Hindcast (i1) 10 al. (2022)
Ocn: 362 Bilbao et
x 292 al. 2021

Hindcast (i2) 5

FGOALS-f3-L Atm: 288 Historical 6 Heetal.
x 180 hindcast 9 2019
Ocn: 360 Hu et al.
x 218 2023

Had- Atm: 432 Historical 4 Williams

GEM3-GC31- X 324 Hindcast 10 etal.

MM Ocn:1440 (2017)
x 1205

IPSL-CM6A-LR  Atm:144  Historical 10 Boucher
x 143 Hindcast 10 et al.
Ocn: 362 (2020)
X 332

MIROC6 Atm: 256 Historical 10 Tatebe et
X 128 Hindcast 10 al. 2019
Ocn: 360 Kataoka et
X 256 al. 2020

MPI-ESM1-2-HR Atm: 384 Historical 10 Miiller et
x 192 Hindcast 10 al. (2018)
Ocn: 802
X 404

NorCPM1 Atm: 144 Historical 30 Bethke et
x 96 Hindcast (il) 10 al. (2021)
Ocn: 320
x 384

Hindcast (i2) 10

The hindcasts of these models are initialized in different
calendar months of each year starting from 1960 and per-
form ten-year forecasts. In order to have full calendar years
in the analysis, the first months were discarded. The histori-
cal simulations of these models were carried out from 1850
to 2014. Therefore, we choose the common time period of
1961-2014. This study focuses on the 4-year average forecast

period of 2—5 years. The hindcasts for the years 19621965
started in 1961 are calculated and denoted as 1962. And so
on, the average for the years 2011-2014 of the prediction
started in 2010 is shown as 2011. A 4-year running mean
is applied to the observations and historical simulations to
validate the decadal predictions. In the comparisons of the
decadal prediction and historical simulations (Sect. 3.1), we
use 50-year hindcast denoted as 1962, 1963, ..., 2011. In
the analysis of the decadal hindcasts alone (Sect. 3.2-3.4),
we use 53 forecast years’ over the period 1962-2014 period
(start dates: 1961-2013). Since the observational data end in
2020, for the forecast years 1-4, 2-5, 3—-6, and 5-8, we use
53 years of forecasts starting from 1961 to 2013 to compare
with the observations. For the forecast years 6-9 and 7-10,
we use 52 and 51 forecast years with the start dates over the
periods 1961-2012 and 1961-2011, respectively.

The evaluation of the prediction skill is mainly in terms
of the anomaly correlation coefficient (ACC). The ACC
measures the linear relationship between two time series
calculated at each grid point between the simulated and
observed anomalies. The ACC ranges from — 1 to 1. A value
of 1 indicates a perfect forecast, while values close to zero or
negative indicate a forecast with no skill. The statistical sig-
nificance of the correlation is evaluated using the two-tailed
Student’s #-test. The effective degrees of freedom were used
to take into account the autocorrelation of the time series
(Bretherton et al. 1999). Winter is defined as the average of
the months from November to the following March.

The AMYV index is defined as the mean SST anomaly in
the North Atlantic (80°W-0, 0—60°N) relative to the global
mean SST (60°S-60°N). The PDO patterns are explored in
both observation and predictions by performing an empiri-
cal orthogonal function (EOF) analysis on detrended winter
SST anomalies over the North Pacific (20°-70°N,110°-
260°E). To highlight the role of initialization, both the lin-
ear trend of atmospheric circulation and precipitation are
detrended in the analysis of atmospheric circulation associ-
ated with precipitation.

2.3 Observational data

The observed data used to validate the prediction skill are
as follows. The land precipitation data are from the Climatic
Research Unit Time-Series Version 4.06 (CRU-TS4.06)
dataset with a horizontal resolution of 0.5° (Harris, 2020).
The SST data are from the Extended Reconstructed Sea Sur-
face Temperature (ERSST) Version 5 dataset with a resolu-
tion of 2° (Huang et al. 2017). The atmospheric circulation
data were obtained from the Japanese 55-year reanaly-
sis (JRA-55) dataset, which has a horizontal resolution
of 1.25° (Kobayashi et al. 2015; Harada et al. 2016). The
outputs of all models are interpolated to the corresponding
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observations using the bilinear interpolation method for the
validation of SST and atmospheric variables. For the valida-
tion of precipitation, the observational and model data are
all interpolated to the 1.25° grid, which is consistent with
the resolution of JRA-55.

3 Results

3.1 Skill in predicting winter precipitation over
Eurasia

The ACC of the climate models in predicting winter pre-
cipitation over Eurasia is compared between decadal hind-
casts and historical simulations for the forecast years 2—5
during 1962-2011. As shown in Figs. 1 and 2, the ACC of
the decadal hindcast by each model has larger significant
area than the historical simulation over the middle and high
latitudes (40°-65°N) of Eurasia. EC-Earth3-i1 (NorCPM1-
il) and EC-Earth3-i2 (NorCPM1-i2) show some differences
in the distribution of the skillful prediction over northern
Europe, but they have similar distribution of the skillful pre-
diction over northern Asia (Fig. 2). Results of the decadal
predictions over Eurasia are similar to the 1-5 year decadal
prediction for annual mean precipitation shown in a previ-
ous study (Fig. S13 in Delgado-Torres et al. 2022). How-
ever, the historical simulations of these models generally
have lower skill (Figs. 1 and 2). Both the historical simula-
tions and the decadal hindcasts are intended to capture the
forced response to changing external forcing, but only the
decadal hindcast carries the initial state of the internal vari-
ability modes from the initialization. This suggests that the
decadal hindcasts benefit from the initialization in predict-
ing winter precipitation in the mid-latitudes of Eurasia. It is
noted that in some areas including the Middle East, South
and East Asia, the ACC is negative in most forecast systems.

The MME of the decadal predictions has significant ACC
for winter precipitation over Europe and Northeast Asia
(Fig. 3a). The skillful prediction of precipitation in northern
Europe and Asia was also found in the CMIP5 MME (Smith
et al. 2019). Similar to the individual models, the Init MME
has larger area with significant ACC than the Nolnit MME
(Fig. 3b). After removing the linear trend, the Init MME still
has significant ACC in Europe and Northeast Asia, while
the Nolnit MME has almost no significant skill in these
regions (Fig. 3¢ and d). This indicates that the variability of
the precipitation could be better predicted by the Init MME
due to the initialization of the model. The added value due
to the initialization in Asian precipitation is also found in
(Delgado-Torres et al. 2022), denoted as residual ACC with
the method of Smith et al. (2019).

@ Springer

We choose Northeast Asia (85°-137°E, 45°-58°N) (out-
lined in Fig. 3c) with significant ACC to investigate the
variability of the precipitation. Time series of winter pre-
cipitation averaged over Northeast Asia are calculated in
the decadal hindcasts and the historical simulations by the
MME and individual forecast systems for the forecast years
2-5 (Fig. 4). The decadal hindcasts and historical simula-
tions of all models can reproduce the increasing trend of
Northeast Asian precipitation (NEAP) during 1962-2011,
indicating a common impact of the external forcing. The
temporal evolution of the NEAP in the Init MME is in better
agreement with the observations than the Nolnit MME with
a higher correlation coefficient (Fig. 4a and b). The corre-
lation coefficients of all models in the decadal prediction
are significant above the 90% confidence level, while none
of the models has a significant correlation coefficient in the
historical simulations.

The linear trend of the time series is removed in the
decadal hindcasts and historical simulations and shown in
Fig. 4c and d. The correlation coefficients of the detrended
NEAP in the decadal hindcasts are still above the 90% con-
fidence level for all models except for MIROC6 (Fig. 4c).
Although some models of the historical simulation have
high correlation coefficients, but they do not exceed the
90% confidence level due to the small effective sample size
(Fig. 4d).

The correlation coefficient of the Init MME for the
detrended NEAP is 0.62, which is much higher than any
of the individual models. Smith et al. (2019) found that a
large ensemble is needed to reveal significant skill for pre-
cipitation over land and atmospheric circulation. This was
attributed to the low signal-to-noise ratio of climate mod-
els (Scaife and Smith 2018). Recent studies have shown
the benefit of using a larger ensemble for the high-latitude
blocking and North Atlantic Oscillation (NAO) predictions
(Athanasiadis et al. 2020; Smith et al. 2020; Donat et al.
2023). The skill of the precipitation forecasts in this study
also demonstrates the benefit of using a large number of
predictions.

3.2 Atmospheric circulation associated with NEAP

We further investigate the atmospheric circulations asso-
ciated with the winter NEAP predicted by the decadal
hindcasts. Here, the NEAP precipitation and atmosphere
circulation are both detrended to reveal the climate variabil-
ity. Figure 5 shows the regression of detrended winter hori-
zontal winds at 700 hPa on the NEAP during 1962-2014.
The observation shows an anomalous cyclonic circulation
over Northeast Asia, and an anomalous anticyclonic cir-
culation over the North Pacific. The southwesterly flow
between the cyclonic and anticyclonic circulations tends
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Fig. 1 ACC of winter precipitation
predicted by decadal hindcasts (left) and
historical simulations (right) of each
model for forecast years 2—5 relative to
observation. The dotted indicates the
region where the ACC is above the 90%
confidence level. Init denotes decadal
hindcast, and Nolnit denotes historical
simulation
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Fig. 2 ACC of winter precipitation predicted by decadal hindcasts of
EC-Earth3 with initialization method il (a) and i2 (b), decadal hind-
casts of NorCPM1 with initialization method il (d) and i2 (e), and
historical simulation of EC-Earth3 (¢) and NorCPM1 (f) relative to

(a) ACC (Init MME)

observation. The dotted indicates the region where the ACC is above
the 90% confidence level. Init denotes decadal hindcast, and Nolnit
denotes historical simulation
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Fig. 3 ACC of winter precipitation (a-b) and detrended winter precipitation (c-d) predicted by the MME of decadal hindcasts (left) and historical
simulations (right) for forecast years 2—5 relative to observation. The dotted indicates the region where the ACC is above the 90% confidence level

to bring moisture northward to Northeast Asia resulting in
more precipitation (Fig. 5a). Such circulation anomalies are
reproduced by ten forecast systems including BCC-CSM2-
MR, CMCC-CM2-SRS, EC-Earth3-i1, EC-Earth3-i2,
FGOALS-f3-L, HadGEM3-GC31-MM, IPSL-CM6A-LR,
MPI-ESM1-2-HR, NorCPMI1-il and NorCPMI1-i2. The
anticyclonic anomalies over the North Pacific predicted
by most models indicate the possible influence from the
North Pacific on NEAP in the decadal predictions. Although
CanESM5 and CESM1-1-CAMS5 do not capture the cir-
culation anomalies in the North Pacific, they predict the
anomalous westerlies in Northeast Asia. MIROCS is unable
to reproduce the cyclonic anomaly over Northeast Asia,

@ Springer

corresponding to the low skill of this model in predicting
the detrended NEAP (Fig. 4c¢).

Note that some models and the MME predict cyclonic
anomalies in the subtropical North Atlantic, including BCC-
CSM3-MR, CanESM5, CESMI1-1-CAMS5, CMCC-CM2-
SR5, EC-Earth3-il, EC-Earth3-i2, FGOALS-f3-L, and
HadGEM3-GC31-MM, NorCPM1-i2, suggesting possible
links between NEAP and North Atlantic SST in the forecast
systems.
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systems for the forecast years 2—5. The detrended time series for the

3.3 Possible influences from the PDO and AMV
3.3.1 Prediction skill of the SST

Before investigating the possible influences of the ocean
on Northeast Asian winter precipitation, we examine the
skill of the forecast systems in predicting winter SST for
forecast years 2—5. As shown in Fig. 6, all forecast systems
have skillful SST predictions in the tropical Atlantic, while
only six forecast systems, including CESM-1-1-CAMS,
CMCC-CM2-SR5, HadGEM3-GC31-MM, MIROCS6, Nor-
CPM1-il, and NorCPM1-i2, have significant ACC in the
subpolar North Atlantic. CESM1-1-CAMS, CMCC-CM2-
SRS, IPSL-CAM6A-LR, MPI-ESM1-2-HR, and NorCPM-
i2 have relatively lower skill than other models in the central
North Pacific. The MME outperforms individual models,
with significant ACC in the tropical and subpolar regions of
the North Atlantic, western and central North Pacific.

3.3.2 Prediction skill of the PDO and AMV

The AMV and the Pacific Decadal Oscillation (PDO) are
the prominent modes for the decadal variability of the SST
in the North Atlantic and the North Pacific, respectively.
Previous studies have found the influence of the AMV on
Siberian warm season precipitation (Sun et al. 2015), and
the impact of the AMV and PDO on Asian climate (Si and
Ding 2016; Huang et al. 2019). On the other hand, the AMV
is considered to be one of the most predictable aspects of
the decadal climate (Yeager and Robson 2017). Improved
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prediction skill through initialization has also been found
for the PDO, although it is less skillful than the AMV (Kim
et al. 2012; Doblas-Reyes et al. 2013). Here, we further
explore the prediction skill of the winter AMV and PDO
predicted by the forecast systems and their relationship with
the NEAP.

As described in Boer and Sospedra-Alfonso (2019),
the assessment of the overall skill of the PDO is mainly
approached in several ways. One approach is to expand both
the forecasts and the observation in terms of the EOFs of
the latter, and evaluate the skill of the associated PDO indi-
ces. Another approach is to extend the observation and the
forecasts in terms of their own EOFs and compare the PDO
indices. We use the second approach by performing EOFs
on detrended winter SST anomalies over the North Pacific.

The observation shows a PDO pattern in the leading EOF
with negative SST anomalies over the central North Pacific
and positive anomalies along the eastern Pacific coast and
the subtropical Pacific (Fig. 7a). The leading EOF mode
explains 42% of the total variance in the observation. As
shown in Fig. 7, eight forecast systems show basin-wide SST
anomalies over the central North Pacific in the leading EOF
with an approximate amount of the explained variance (33-
49%). Five other forecast systems produce the basin-wide
SST anomalies in the second EOF. However, the oppositely
signed anomalies in the eastern North Pacific are missing
in some models and the MME. Such biases were also pres-
ent in CMIP5 models (Kim et al. 2014). Only BCC-CSM2-
MR, CESMI1-1-CAMS5, FGOALS-fs-L, IPSL-CM6A-LR,
NorCPM1-il and NorCPM1-i2 can partially reproduce the
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opposite variation of the SST in the eastern Pacific coast and
subtropical Pacific.

Although the predicted EOF mode in the North Pacific
is systematically different from the observation in some
models, the corresponding principal component time series
shows a decadal variability similar to the observed one
(Fig. 8a). Therefore, we refer to the EOF pattern in the
decadal predictions shown in Fig. 7 as the PDO-like pat-
tern. The PDO-like index predicted in the forecast system is
defined as the normalized principal component time series
corresponding to the EOF mode shown in Fig. 7. As shown
in Fig. 8a, most models reproduce the positive phase of the
PDO in the 1980 and 1990 s, and the negative phase of the
PDO in the 1960 and 2000 s. The PDO-like index of some
models, including CanESMS5, EC-Earth3-i1, EC-Earth3-i2,
FGOALS-f3-L, HadGEM3-GC31-MM and MIROC6, have
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correlation coefficients above 0.45 with the observation.
However, they do not exceed the 90% confidence level due
to the small effective sample size when considering autocor-
relation. FGOALS-f3-L and MIROCS6 are significant at the
85% level, while CanESMS5, EC-Earth3-il, EC-Earth3-il,
MPI-ESM1-2-HR and the MME are significant at the 75%
level. The ACC of these forecast systems could be improved
if the decadal predictions have more hindcast start dates in
the future.

The prediction skill of the AMV is much higher than
the PDO predicted by these models and their ensemble. All
forecast systems except for CanESMS5, EC-Earth3-i1, EC-
Earth3-i2 and NorCPM1-il can predict the time evolution
of the AMV time series well with correlation coefficients
above the 90% confidence level (Fig. 8b). CESMI-1-
CAMS has the highest correlation coefficient (0.82) among
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Fig.6 ACC of detrended winter
SST hindcast by the MME (a)
and each model (b-k) for the
forecast years 2—5 with respect to
the observation. The dotted iden-
tifies the region where the ACC is

above the 90% confidence level 60W 0 60E 120E
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the forecast systems, which may be attributed to its largest
ensemble size (40).

3.3.3 Connections of PDO and AMV with NEAP

Normalized time series of detrended NEAP and AMYV,
and PDO-like indices are shown in Fig. 9. In the obser-
vations, the NEAP shows an in-phase relationship with
the AMV and an out-of-phase relationship with the PDO,

180 120W 60W 0 60E 120E 180 120W
04 02 0 02 04 06

with the correlation coefficients of 0.80 and —0.41, respec-
tively. The MME reproduces the relationships of AMV and
PDO-like variability with the NEAP, but it underestimates
the positive correlation between NEAP and AMV (0.55),
and overestimates the negative correlation between the
NEAP and PDO-like index (-0.74). Seven forecast systems
(BCC-CSM2-MR, CMCC-CM2-SRS, EC-Earth3-il, EC-
Earth3-i2, FGOALS-f3-L, NorCPM1-il, NorCPM1-i2) can
reproduce the significant positive correlation between the
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Fig.7 The EOF mode of
detrended SST anomalies over
the North Pacific in the observa-
tion (a), and decadal hindcasts by
the MME (b) and individual fore-
cast systems (c-j) for the forecast
years 2—5. The label on the right
corner of each figure indicates
which EOF mode is used and the
percentage of variance explained
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Fig.8 Time series of PDO-like index (a), and AMV (b) in the observa-
tion, the MME and each forecast system for forecast years 2—5. The
number in parentheses indicates the correlation coefficient between

NEAP and the AMYV, but with relatively lower correlation
coefficients than the observation. Among the 7 models, 4
models (BCC-CSM2-MR, CMCC-CM2-SR5, FGOALS-
fs-L, NorCPM1-i2) have skillful prediction in the AMV
(Fig. 8), corresponding to their skillful prediction of the
NEAP.

Nine models reproduce the significant negative correla-
tion between the NEAP and the PDO-like index, includ-
ing BCC-CSM2-MR, CanESMS5, CMCC-CM2-SRS,
EC-Earth3-il, EC-Earth3-i2, HadGEM3-GC31-MM, IPSL-
CM6A-LR, MIROCG6, and MPI-ESM1-2-HR. This implies
that the decadal variability in the North Pacific play an
important role in the precipitation over Northeast Asia in

2000 2010

the decadal hindcast and the observation. Italic indicates correlation
exceeding the 90% confidence level

the decadal predictions of these forecast systems. Given the
relatively low skill of the PDO predicted by most forecast
systems, further improvement in this respect is needed in
the future. The close relationships between the AMV, PDO
and the NEAP in the observations and decadal predictions
explains why the NEAP time series exhibits obvious decadal
variations.

A previous study also reported the North Atlantic-Eur-
asian teleconnection in summer (Li and Ruan 2018). Skill-
ful decadal prediction was found in summer surface air
temperature over Northeast Asia, which was attributed to
the circumglobal teleconnection pattern associated with the
AMV (Monerie et al. 2018). However, there is almost no
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4 Fig. 9 Normalized NEAP, AMV and PDO-like time series during
1962-2014 in the observation (a), and decadal hindcasts by the MME
and individual forecast systems (c-j) for the forecast years 2—5. In each
figure, rl denotes the correlation coefficient between NEAP and AMV,
and r2 denotes the correlation coefficient between NEAP and PDO-
like index. Italic indicates correlation exceeding the 90% confidence
level

significant ACC in summer precipitation over Northeast
Asia in the decadal predictions of all forecast systems (fig-
ure not shown).

3.4 ACC of NEAP within one decade

The ACC of the detrended NEAP in the decadal hindcasts
along the forecast time for the 4-year averages is further
examined and shown in Fig. 10. Ten forecast systems have
significant ACC of NEAP for forecast years 3—6. Seven
forecast systems have significant ACC of NEAP for fore-
cast years 4—7 and 5-8. Four forecast systems includ-
ing CMCC-CM2-SR5, MIROC6, MPI-ESM1-2-HR and
NorCPM1-i2 have significant ACC of NEAP for forecast
years 6-9. Only two forecast systems (CMCC-CM2-SRS,
NorCPM1-i2) have significant ACC for forecast years 7—10.
The ACCs of the MME are significant within 5-8 forecast
years.

As can be seen in Fig. 10, the MME has higher ACC
than the individual models in within the 5-8 forecast years.
Therefore, the MME is still a useful strategy to improve the
decadal prediction skill of winter precipitation in Northeast
Asia. This is consistent with the study by Delgado-Torres et
al. (2022), who suggest that the MME is a reasonable choice

for not having to select the best system for each particular
variable and forecast period.

4 Conclusions

Decadal hindcasts from 13 forecast systems participating
in the CMIP6 DCPP were compared with their historical
simulations to predict winter precipitation over Eurasia for
forecast years 2—5. Northeast Asia emerges as an area of
improved decadal prediction skill, even after removing the
linear trend. While none of the models have statistically
significant correlation coefficients in historical simulations
for the NEAP, all forecast systems except MIROC6 have
significant correlation coefficients above the 90% confi-
dence level. The atmospheric circulation associated with the
detrended NEAP shows a cyclone over Northeast Asia and
an anticyclone over the North Pacific, favoring abundant
precipitation over Northeast Asia. Such circulation anoma-
lies are reproduced by 10 forecast systems.

Six forecast systems (BCC-CSM2-MR, CESMI-1-
CAMS, FGOALS-fs-L, IPSL-CM6A-LR, NorCPM1-i1 and
NorCPM1-i2) are able to partially reproduce the opposite
variation of the SST in the eastern Pacific coast and the sub-
tropical Pacific as observed. The corresponding time series
of PDO-like pattern in most forecast systems show decadal
variability similar to the observation, but their ACCs are
not above the 90% confidence level. The prediction skill of
the AMV is much higher than that of the PDO predicted
by these models, with 9 forecast systems having significant
ACCs.
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Fig. 10 ACC of winter detrended NEAP in the decadal hindcast by the MME and each forecast system along the forecast time for 4-year averages.

The dashed line indicates the 90% confidence level of the MME
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The detrended NEAP shows an in-phase relationship with
the detrended AMV and an out-of-phase relationship with
the PDO in the observations. The MME underestimates the
positive correlation between NEAP and AMYV, and overes-
timates the negative correlation between NEAP and PDO-
like variability. Seven (nine) forecast systems are able to
reproduce the significant positive correlation between the
NEAP and the AMV (PDO-like variability). Due to the
connection with the decadal variability in the North Atlan-
tic or North Pacific, the time series of the NEAP also show
apparent decadal variations in the decadal predictions. With
higher ACCs than individual forecast systems, the MME is
able to predict the NEAP for all 4-year averaged periods
in the range of 1-8 years, demonstrating the advantages of
using the multi-model ensemble. Since the majority of the
forecast systems underestimate the correlation between the
NEAP and the AMV, and have relatively low skill in pre-
dicting the PDO, further improvement of the forecast sys-
tems in these aspects helps to achieve higher skill in winter
precipitation over Northeast Asia.
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