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ABSTRACT

East Asian summer monsoon (EASM) prediction is difficult because of the summer monsoon’s weak and

unstable linkage with El Niño–Southern Oscillation (ENSO) interdecadal variability and its complicated

association with high-latitude processes. Two statistical prediction schemes were developed to include the

interannual increment approach to improve the seasonal prediction of the EASM’s strength. The schemes

were applied to three models [i.e., the Centre National de Recherches Météorologiques (CNRM), the Met

Office (UKMO), and the European Centre for Medium-Range Weather Forecasts (ECMWF)] and the

Multimodel Ensemble (MME) from the Development of a European Multimodel Ensemble System for

Seasonal-to-Interannual Prediction (DEMETER) results for 1961–2001. The inability of the three dynamical

models to reproduce the weakened East Asian monsoon at the end of the 1970s leads to low prediction ability

for the interannual variability of the EASM. Therefore, the interannual increment prediction approach was

applied to overcome this issue. Scheme I contained the EASM in the form of year-to-year increments as

a predictor that is derived from the direct outputs of the models. Scheme II contained two predictors: both the

EASM and also the western North Pacific circulation in the form of year-to-year increments. Both the cross-

validation test and the independent hindcast experiments showed that the two prediction schemes have

a much better prediction ability for the EASM than does the original scheme. This study provides an efficient

approach for predicting the EASM.

1. Introduction

The interannual and decadal variability of the Asian

summer monsoon plays an important role in the vari-

ability of precipitation and temperature across Asia.

Seasonal prediction of the Asian summer monsoon is of

great value to Asian countries for agriculture, water

resource management, and flood and drought disaster

reduction. However, the skillful prediction of monsoons,

particularly those over East Asia, is difficult because of

the monsoons’ weak and unstable linkage with ENSO

(Wang 2002), interdecadal variability (Wang 2001; Zhu

et al. 2011), and complicated association with high-latitude

processes (Fan and Wang 2006; Wang and Fan 2005;

Zhou and Wang 2006).

The East Asian summer monsoon (EASM) is a com-

ponent of the Asian summer monsoon, whose major

area is 208–408N 3 1108–1258E. The EASM circulation

system includes the western Pacific subtropical high, the

cross-equatorial cross flow in the lower atmosphere over

the South China Sea, the monsoon trough, and the mei-yu

front (Tao and Chen 1987; Ding and Chan 2005). With

the seasonal march of the EASM, the EASM rain belt

moves northward between the spring and summer and
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then retreats south in the late summer and autumn.

Meanwhile, the domain of the South Asia monsoon,

which is considered to be another component of the

Asian summer monsoon, covers the tropical area that

consists mainly of the Mascarene high, the Somali jet,

and the westerly wind in the region. The East Asian

summer monsoon undergoes high-amplitude inter-

annual and interdecadal variability. The Asian mon-

soon circulation became weakened after the end of the

1970s, with more rainfall over the Yangtze River valley

and less rainfall over northern China (Wang 2001; Wang

2002; Zhou and Wang 2006). Another new decadal shift

of the East Asian monsoon rainfall pattern may have

appeared approximately at the end of 1999, with the

occurrence of abundant rainfall over the Huanghuai

River valley and deficient rainfall over the Yangtze

River valley (Zhu et al. 2011).

Dynamical seasonal prediction has mainly been per-

formed by tier-one and -two prediction systems in most

operation centers. In the tier-two systems, the seasonal

prediction is performed using only the atmospheric

general climate model (AGCM) with the prescribed

SST boundary condition. The tier-one system uses a

coupled GCM, which includes an interacting physics

relation between the atmosphere and the ocean. The

Development of a European Multimodel Ensemble Sys-

tem for Seasonal-to-Interannual Prediction (DEMETER)

project was conceived to produce a series of 6-month

multimodel ensemble hindcasts by running a number of

state-of-the-art global coupled ocean–atmosphere models

on a single supercomputer with common archiving and

diagnostic software (Palmer et al. 2004). The multimodel

superensemble prediction has been used in climate pre-

diction to produce more reliable probability forecasts

(Krishnamurti et al. 1999). However, these GCMs show

poor performance over the East Asian monsoon area

(Kang et al. 2002; Wang and Fan 2009; Yang et al. 2008).

Subsequently, so-called downscaling techniques have

subsequently emerged as a means of bridging the gap

between what climate models are currently able to pro-

vide and what impact assessors require. Conventional

downscaling ought to create high-resolution forecasts

based on dynamical or statistical methods (Wilby and

Wigley 1997). The dynamical downscaling involves

nesting the general circulation models (GCMs) with

increasingly higher spatial resolution (Gao et al. 2006;

Ju et al. 2007).

The large-scale fields from the observations or dy-

namical results are normally referred to as the pre-

dictors, and the local climate variables are known as the

predictands. The latter approach relies on historical

studies of the relationship between large-scale climatic

anomalies and local climate fluctuations; this approach

implicitly assumes that past relationships also hold in the

future. There are numerous ways to develop empirical

models (Wilby et al. 1998; Wang et al. 2000; Wang and

Fan 2009; Lang and Wang 2010; Liu et al. 2011) and

apply these to the dynamical model results to obtain

local climate predictions.

An interannual increment prediction approach was

proposed by Fan et al. (2008), which showed an improved

prediction ability for seasonal climate prediction of the

summer rainfall in eastern China, temperature in north-

east China, and the activity of the western North Pacific

(WNP) typhoons and the Atlantic hurricanes (Fan et al.

2008; Fan et al. 2009; Fan and Wang 2009; Fan 2010,

Wang et al. 2010). This approach utilized the year-to-year

increment (or DY of a variable, i.e., a difference in the

variable between the current year and the previous year)

as the predictand, and the predictors are all in the form of

the interannual increment. First, the DY of a variable is

predicted; subsequently, the original variable is obtained

by adding the predicted DY of the variable to the ob-

served value from the previous year. The rationality of

this approach originated from the tropospheric biennial

oscillation (TBO) feature of climate variables, such as the

monsoon index and rainfall over East Asia, such that

a variable in the interannual increment may capture more

of the TBO feature and the variable’s decadal variability

than a variable in the original approach. The advantages

of the DY method include the following. 1) The inter-

annual increment of a variable reflects the TBO and

amplifies the prediction signal and makes good use of the

climate observations from the previous year. 2) The DY

method can capture the interannual and decadal vari-

ability of the climate, as it is difficult to capture the de-

cadal variability of the climate for statistical or dynamical

models. Thus, this interannual increment prediction ap-

proach shows a better fit in hindcasting the summer

rainfall over the Yangtze River valley and central northern

China, as well as the temperature over northeast China

(Fan et al. 2008; Fan et al. 2009; Fan 2009).

The strength of the EASM indicates the EASM cir-

culation, which is closely related to summer rainfall

patterns in China. Usually, an enhanced EASM tends to

be linked with greater than normal rainfall over north-

ern China and lower than normal rainfall over southern

China. Therefore, seasonal prediction of an index of

the EASM is as important as that of EASM summer

precipitation in China (Fig. 1a). Considering the limited

seasonal prediction ability for the EASM in existing

dynamical and statistical models, we will attempt to

apply the interannual increment prediction approach to

the hindcasts of the DEMETER model results

to develop new statistical prediction schemes for the

strength of the EASM.
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2. Method and dataset

The models used in the DEMETER project were those

of the Centre National de Recherches Météorologiques

(CNRM), the Met Office (UKMO), and the European

Centre for Medium-Range Weather Forecasts (ECMWF).

The three models (CNRM, UKMO, and ECMWF) have

long hindcasts that covered the same period between 1960

and 2001 (42 yr), starting on 1 May. Each hindcast was

integrated for 6 months and comprised an ensemble

of nine members. The Multimodels Ensemble (MME)

denoted the average of the hindcasts of the UKMO,

ECMWF, and CNRM.

The monthly atmospheric reanalysis of the National

Centers for Environmental Prediction and the National

Center for Atmospheric Research, with a resolution of

2.58 3 2.58, was used for the atmosphere circulation

analyses. The monthly rainfall dataset from 160 stations

in China was provided by the Chinese Meteorological

Administration.

Following the findings of Wang (2000), the index of

the EASM was defined as the zonal and meridional wind

departure that was averaged across an area (208–408N,

1108–1258E) in June–August (JJA), which represented

the strength of the EASM and the pattern of any pre-

cipitation anomaly related to the EASM.

The interannual increment prediction approach was

applied to develop the prediction schemes. First, the DY

of a variable indicates the variable of the current year

minus that of the previous year. For example, the DY of

the EASM in 1999 is equal to the DY of the EASM in

1999 minus that of 1998 [i.e., DY (1999) 5 DY (1999) –

DY (1998)]. Second, a statistical prediction scheme for

the DY of the EASM was established by the multilinear

FIG. 1. The correlation coefficient between the EASMI and summer precipitation at 160

stations in China during the 1961–2001 period in (top) the original form and (bottom) the DY

form; the shaded areas meet the 95% significance level.
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regression method, and the EASM in the original form

was obtained by adding the DY of the EASM to the

EASM of the previous year.

Both the cross validation for 1961–2001 (41 yr) and

the independent hindcasts for the period 1986–2001

(16 yr) were performed to verify the capability of the

new approaches on the EASM prediction. The cross

validation may be applied by removing each year (along

with the previous year from which the year-to-year in-

crement was calculated) from the training set and gen-

erating a new set of coefficients based on the retained

years. The process was repeated to generate blind fore-

casts for each year of the entire dataset.

In the independent hindcasts for 1986–2001 (16 yr),

not only was the forecast year removed, but all of the

future years were also removed. In that way, we had

many years of real forecasting. For example, the 1965–

85 dataset was used to forecast the year 1986; similarly,

the 1965–86 dataset was used to forecast the year 1987,

and so on.

3. Atmospheric circulations associated with the
EASM and prediction skills in DEMETER
models

The EASM index (EASMI) proposed by Wang (2000)

represents the precipitation and low-level atmospheric

thermal contrast between the East Asian continent and

the western Pacific. The enhanced (weakened) EASM

indicates the abundant (deficit) rainfall over northern

China and deficient rainfall over the Yangtze River

valley, along with the negative (positive) sea level

pressure anomaly over the East Asian continent (west-

ern Pacific) (Wang 2000) (Fig. 1a). The correlation be-

tween the DY of the EASM and the DY of precipitation

has similar features to those in the original form (Fig.

1b), with larger correlation coefficients. Based on the

EASM index, Wang (2001) found that the strength of

the EASM weakened after the end of the 1970s. He also

noted that the African–Asian monsoon circulation pat-

tern had become weaker and that the trade wind over

the tropical eastern Pacific also became weaker after this

shift. In addition, this signal was found in the summer

precipitation across China.

The time correlation coefficient (TCC) between the

prediction and the observations, as well as the root-

mean-square error (RMSE), were used to evaluate the

model skills. The TCCs of the EASM for the period

1961–2001 (41 yr) for the CNRM, UKMO, ECMWF,

and MME were 0.12, 0.15, 0.71, and 0.61, respectively.

Meanwhile, for 1961–2000, the RMSEs for the CNRM,

UKMO, ECMWF, and MME were 1.32, 1.29, 0.73, and

0.86, respectively, which were all close to the standard

variance of the observed EASM of 1.0 (Table 1). There-

fore, the CNRM and UKMO models had no prediction

ability for the EASM. The ECMWF model had the best

prediction ability, with the smallest RMSE among the

models. What are the reasons for the low prediction

abilities for the EASM in the models?

First, we depicted the interannual variability of the

EASM for the CNRM, UKMO, ECMWF, and MME

simulations as well as the observations for the period

1961–2001 (Fig. 2). The observations of the EASM

TABLE 1. The validation of the direct outputs of the models (CNRM, UKMO, ECMWF, and MME) in the hindcasts for the EASM (DY of

EASM), measured with the TCC and RMSE. Boldface values indicate results greater than the 95% significance level.

1961–2001 1961–79 1980–2001 1961–2001

TCC of EASM TCC of EASM TCC of EASM RMSE

(DY of EASM) (DY of EASM) (DY of EASM)

CNRM 0.12 (0.43) 20.32 (20.48) 0.67 (0.74) 1.32

UKMO 0.15 (0.49) 20.0002 (0.33) 0.39 (0.59) 1.29

ECMWF 0.71 (0.5) 0.64 (0.29) 0.6 (0.63) 0.73

MME 0.61 (0.63) 0.69 (0.29) 0.69 (0.78) 0.86

FIG. 2. The 1961–2001 time series of (top) the simulated EASMI and

(bottom) the DY of the EASMI for CNRM (red), UKMO (yellow),

ECMWF (green), MME (purple), and the observed EASMI (blue).
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exhibited a distinct interdecadal variability in 1977,

which was consistent with the findings of Wang (2001).

Clearly, the ECMWF model was able to reproduce the

decadal variability of the EASM, while both the CNRM

and UKMO simulations were unable to capture the

change. Therefore, the models’ inability (CNRM and

UKMO) to capture the interdecadal variability may be

primarily responsible for the low ability to predict the

EASM. To demonstrate this speculation, we examined

the TCCs of the EASM for 1961–79 (19 yr) as well as

1980–2001 (22 yr) (Table 1). For the period 1961–79, the

TCCs of the EASM for the CNRM, UKMO, ECMWF,

and MME were 20.32, 20.002, 0.64, and 0.69, respec-

tively, illustrating that CNRM and UKMO had no pre-

diction ability. For the period 1980–2001, the TCC of the

EASM for the CNRM, UKMO, ECMWF, and MME

models were 0.67, 0.39, 0.6, and 0.69, respectively,

exceeding the significance level of 95%. To further

identify the reasons for the low prediction ability for

the EASM, we explored the prediction ability for the

atmospheric circulations associated with the decadal

shift of the EASM. The differences in the sea level

pressures (SLPs) between the two periods (1980–

2001 and 1961–79) are presented in Fig. 3. After the

end of the 1970s, the thermal contrast between the

East Asian continent and the western Pacific weak-

ened concurrently with the positive SLP anomaly in

the tropics and Eurasia as well as the negative SLP

anomaly over the western Pacific. At the same time, the

meridional pattern of SLP anomaly between the two

periods, with a positive SLP anomaly with large (small)

values over Mongolia (southern China). It seems that

both land–sea thermal contrasts and the meridional

pattern of the SLP anomaly might have played a role in

FIG. 3. The difference between the SLP during the

periods 1980–2001 and 1961–1979 in the models; the

shaded areas are the same as in Fig. 1, and units are

hPa.
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the weakened EASM at the end of the 1970s. CNRM

had a large bias over the North Pacific with the posi-

tive SLP anomaly, although it reproduced the positive

change over the East Asian continent for the period

1980–2001. UKMO underestimated both the SLP anom-

aly changes over the East Asian continent and the

northern Pacific for the period 1980–2001. Therefore,

both the CNRM and UKMO models were unable to

present the weakened land–sea thermal contrast at the

end of the 1970s. The ECMWF and the MME models

reproduce the meridional pattern of the SLP anomaly

with a positive SLP anomaly over Mongolia and a neg-

ative SLP anomaly over the Yangtze River valley; there-

fore, the meridional pattern of the SLP anomaly between

the two periods might be the cause of the weakening

EASM in the ECMWF and the MME results. Corre-

spondingly, in contrast to the period 1961–79, the south-

erly cyclone over East Asia (i.e., the anticyclone anomaly

with a northeastern anomaly) prevailing over eastern

China at 850 hPa became weaker (stronger) for the

period 1980–2001 (Fig. 4a). However, both the CNRM

and the UKMO models were unable to simulate the

anticyclone anomaly with the northeastern anomaly

(Figs. 4b,c). Meanwhile, the ECMWF and MME sim-

ulations underestimated the magnitude of the north-

eastern anomaly along the East Asian coast (Figs. 4d,e).

Therefore, the inaccurate prediction of the difference in

the circulation patterns between the two periods led to

the poor performance of the models in the prediction of

the EASM.

4. The interannual increment prediction approach
for the EASM

a. Atmospheric circulations associated with the
EASM in the form of year-to-year increments

The DY of a variable that might capture the TBO

feature of the variable and produce an amplified signal

may facilitate the capture or identification of the mar-

ginal changes in the underlying variables. Notably, the

approach may capture the trend of the variable by the

accumulation of its year-to-year increments (Fan et al.

2008, 2009). We depicted the time series of the DY of

the EASM during the period 1961–2001 for the models

and MME compared with the observed values (Fig. 2b).

As shown in Fig. 2b, the EASM exhibited a remarkable

feature of the TBO, with a stronger EASM in the pre-

vious year followed by a weaker EASM in the next year,

supporting the hypothesis for the rationality of an in-

terannual increment prediction approach. All of the

models (ECMWF, CNRM, UKMO, and MME) showed

good performance in predicting the DY of the EASM.

For the period 1961–2001, the TCCs of the EASM (DY

of the EASM) for the CNRM, UKMO, ECMWF, and

MME model were 0.12 (0.43), 0.15 (0.49), 0.71 (0.5), and

0.61 (0.63), respectively, with all of the models above the

95% significance level. The TCCs of the DY of the

EASM for the period 1961–79 (1980–2001) for CNRM,

UKMO, ECMWF, and MME were 0.29 (0.78), 20.48

(0.74), 0.33 (0.59), and 0.29 (0.78), respectively (Table

1). Obviously, the prediction ability for the DY of the

EASM was much better than for the EASM in the

original form for all of the models during two periods.

However, ECMWF did not show as good of a predictive

ability for the DY of the EASM as for the EASM for the

entire 1961–2001 period.

It is difficult to capture the decadal climate variability

for statistical or dynamical models, which results in low

prediction ability. Initialization does play a very impor-

tant role in the decadal and seasonal and interannual

climate dynamical predictions (Meehl et al. 2009;

Murphy et al. 2010; Keenlyside et al. 2008). Initialization

of the ocean, sea ice, snow cover, soil moisture, and

other variables should also be considered properly in

an ideal dynamical model. However, these historically

slowly varying components of climate have been very

sparsely observed and some of the data appear to be

significantly biased. This makes the development and

testing of initialization difficult. When initialized with

observations, the model therefore drifts toward their

preferred imperfect climatology, leading to biases in

the forecasts. Such biases will grow with the length of

forecast because of nonlinearities. The development of

climate models with better horizontal and vertical res-

olutions is also a priority for decadal climate prediction,

and the important physical mechanisms should be well

represented in the model used for decadal prediction.

However, while the influence of the tropical oceans on

the atmosphere is established, the role of extratropical

ocean changes on the atmosphere is unclear. Addition-

ally, decadal climate predictions require the accurate

projection of external radiative forcing. At present, dy-

namical model systems yield some predictability for

the SST, but limited predictability for the atmosphere,

particularly for the extratropical regions, at the decadal

scale. Thus, the study of decadal climate prediction re-

mains in an early stage at present.

The DEMETER system aims to predict the seasonal-to-

interannual variability rather than decadal variability

(Palmer et al. 2004). Uncertainties in the initial state are

represented through an ensemble of nine different ocean

initial conditions. This is achieved by creating three dif-

ferent ocean analyses. The CNRM, ECMWF, and UKMO

models, with different vertical and horizontal resolutions,

have the same ocean and atmosphere initial conditions.
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However, the DY of a variable with an amplified

prediction signal can capture the decadal variability and

interannual variability. As Fig. 5 has shown, the EASM

is significantly and negatively correlated with geo-

potential height at 500 hPa over East Asia during the

1961–2001 period on interannual and decadal time

scales. However, no models can reproduce well the

linkage between the EASM and the geopotential height

at 500 hPa, Z500, partly due to their poor ability for

predicting the decadal variability of the EASM.

Meanwhile, the models can reproduce the linkage be-

tween the DY of the EASM and the DY of Z500. Par-

ticularly, each model shows good performance in the

prediction of the western North Pacific circulation,

indicating that this circulation pattern is another

predictor (x2) of the EASM.

Therefore, we consider the DY of the EASM derived

from direct output sources of the model as a predictor

(x1) for developing prediction scheme I for the EASM.

Scheme II was developed containing both x1 and x2. The

FIG. 4. The difference in the wind field at 850 hPa between the

period 1980–2001 and the period 1961–79 for the models; the

shaded areas are the same as those listed in Fig. 1.
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FIG. 5. The correlation coefficient between the EASM index and the geopotential height at 500 hPa for the models (left) in the original

form and (right) in the DY form; the shaded areas are the same as those listed in Fig. 1.
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baseline forecast requires that each of the predictors

selected from the output model should be verified based

on two considerations. First, each of the models should

have good prediction ability for the predictors, as mea-

sured by the correlation coefficient between the output

model and the observations. Second, the predictors should

be significantly correlated with the EASM (Tables 1 and 3

and Fig. 5).

1) SCHEME I

Because the models exhibited reasonable ability in

predicting the DY of the EASM rather than the EASM

in the original form, prediction scheme I was proposed,

in which the predicted EASM was obtained by adding

the DY of the EASM derived from the direct outputs

of the current-year models to the observed EASM from

the previous year. Scheme I for every model was rep-

resented by the equation ŷi 5 xi 1 yi21, where ŷi denotes

the predicted EASM for each of the models, xi refers to

the DY of the EASM derived from the direct output of

each model (CNRM, UKMO, ECMWF, and MME),

and y
i21

represents the observed EASM of the previous

year. Thus, we have four schemes for the four models

(CNRM, UKMO, ECMWF, and MME).

Figure 5 shows the predicted EASMs for the indi-

vidual models for the period 1961–2001 that were ob-

tained from the corresponding scheme I. All of the

prediction models successfully reproduced the decadal

variability of the EASM, which weakened at the end of

the 1970s, and properly followed the interannual vari-

ability of the EASM. The TCCs of the EASM for the

ECMWF, CNRM, UKMO, and MME models were,

respectively, 0.7, 0.66, 0.7, and 0.77 for scheme I, and all

were above the 95% significance level (compared with

0.7, 0.12, 0.15, and 0.61 for the old scheme, respectively)

(Table 2). Compared with each of the old schemes, the

percentages of improvement for scheme I in the RMSE

were 28%, 30%, and 10% for the CNRM, UKMO, and

MME models, respectively, indicating an improved

prediction ability for the EASM when scheme I was

applied to each of the models. However, the RMSE of

the EASM for ECMWF with scheme I (0.89) was larger

than the RMSE with the old scheme (0.73), partly due to

a large error in 1968 with the new scheme.

Consequently, a more effective scheme II was de-

veloped to further improve the predictive ability of the

EASM.

2) SCHEME II

Two predictors were used in scheme II. One was the

DY of the EASM that was available from the direct

outputs of the models. The other predictor represented

the circulation associated with the western North Pacific

subtropical high in the form of the year-to-year in-

crement because the western North Pacific subtropical

high plays an important role in the variability of the East

Asian monsoon and monsoon rainfall. As Fig. 5 shows,

the increased DY of the 500-hPa geopotential height

over the western North Pacific promoted an enhanced

DY of the EASM. Importantly, each of the models can

show a high level of accuracy in predicting the western

North Pacific circulation. Then, we defined x2 as the

area-average DY of the geopotential height at 500 hPa

over the region (108–308N, 1108–1358E) obtained from

the models, with the correlation coefficient between the

observed x2 and the observed EASM being 0.65 for

1961–2001, which exceeds the 99% significant level. The

correlation coefficient between the observed x2 and the

simulated x2 for the CNRM, UKMO, ECMWF and

MME results for 1961–2001 were 0.75, 0.71, 0.75, and

0.77, respectively, all of which were above the 99%

significant level. In addition, the correlation coefficients

between x2 and the DY of the EASM for the CNRM,

UKMO, ECMWF and MME models for 1961–2001

were 0.61, 0.66, 0.59, and 0.65, respectively, exceeding the

99% significant level.

Subsequently, the statistical scheme II for the

ECMWF, CNRM, UKMO and MME models was

established using the multilinear regression method, in

which two predictors (x1 and x2) in the form of year-to-

year increments were contained. For example, the

downscaling prediction scheme II for the CNRM was

represented by the two equations

Dŷi(CNRM) 5 ax1i(CNRM) 1 bx2i(CNRM), and

ŷi(CNRM) 5 Dŷi(CNRM) 1 yi21(CNRM),

where Dŷi(CNRM) represents the DY of the EASM for

the CNRM for one current year, ŷi (yi) denotes the

prediction (observed) of the EASM in the original form

for one current year, and y
i21

refers to the observed

EASM of the previous year. The variables x
1

and x
2

denote two predictors obtained from the CNRM in the

form of the year-by-year increment, whereas a and b

TABLE 2. Verification for scheme I for the hindcasts during

1961–2001; boldface values indicate greater than the 95% signifi-

cance level.

1961–2001

TCC of EASM

(DY of EASM)

RMSE (Improvement

in RMSE)

CNRM 0.66 (0.43) 0.95 (28%)

UKMO 0.7 (0.49) 0.9 (30%)

ECMWF 0.7 (0.5) 0.9 (223%)

MME 0.77 (0.63) 0.77 (10%)
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represent the regression coefficients. In this way, scheme

II was established for each of the models.

A critical part of the prediction scheme was the

evaluation of the prediction using independent data, and

thus two separate tests were performed to validate

scheme II. The first approach was a cross-validation test

for the period 1961–2001 (41 yr), and the other used

hindcasts for 1986–2001 (16 yr). The TCC and the per-

centage of improvement in the RMSE measured the

prediction ability. In the cross-validation test for 1961–

2001 using scheme II, the prediction ability of each of

the models (CNRM, UKMO, ECMWF and MME)

improved significantly (Fig. 6, Table 3), with the TCCs of

the EASM for the CNRM, UKMO, ECMWF, and

MME models given as 0.8, 0.85, 0.8, and 0.86, re-

spectively, compared with direct outputs of the models

of 0.12, 0.15, 0.71, and 0.61, respectively. Compared with

the old scheme, the percentages of improvement in the

RMSE of the EASM for the CNRM, UKMO, ECMWF,

and MME results for the new scheme II were 54%, 56%,

15%, and 37%, respectively (Table 4). After the down-

scaling prediction, the models reproduced the variation

of the EASM for both the interannual and decadal

time scales, which successfully captured the weakened

EASM at the end of the 1970s.

We also made a hindcast for 1986–2001 (16 yr) using

scheme II (Fig. 8). For example, we used the 1961–85

dataset to forecast the 1986 values, we used the 1961–86

dataset to predict the 1987 values, and we employed the

1961–2000 dataset to predict the 2001 values. In this way,

for each of the models, we had 16 hindcast years derived

from 16 equations whose coefficients varied slightly with

time, suggesting a stable relationship between the two

predictors and the EASM. Figure 7 shows that the

predicted EASM for each of the models followed

the interannual variability of the observed EASM. The

correlation coefficient between the downscaling modeled

DY of the EASM (EASM) and the observed DY of the

EASM (EASM) for 1986–2001 for the CNRM, UKMO,

ECMWF, and MME models were 0.92 (0.62), 0.84 (0.72),

0.86 (0.59), and 0.86 (0.82), respectively, exceeding the

95% significance level (Table 5). The simulated and ob-

served EASM results exhibited reasonable agreement

both qualitatively and quantitatively during the hindcasts

for 1986–2001. Compared with the direct outputs of the

models (Fig. 2, Table 1), the percentages of improvement

in the RMSE for the CNRM, UKMO, ECMWF, and

MME models for scheme II were 56%, 55%, 1%, and

50%, respectively (Tables 3 and 4). Using the interannual

increment prediction approach, the predictive ability of

CNRM and UKMO improved substantially for seasonal

predictions of interannual and decadal variability of the

EASM. However, the percentage improvement (1%) of

the prediction ability was not remarkable when scheme II

was applied to the ECMWF because of the ECMWF’s

reasonable prediction ability in the seasonal prediction of

the EASM for 1986–2001.

In fact, scheme II for each of the models showed the

best prediction ability, with higher TCCs and higher

percentages of improvement in the RMSE compared

with the original direct outputs of the models and

scheme I. Notably, when scheme I was applied to the

prediction of the EASM, the models for CNRM and

UKMO exhibited remarkable prediction ability. There-

fore, capturing the decadal and interannual variability

of the EASM with a low RMSE and significant TCC

was effective when the interannual increment ap-

proach was applied for the downscaling prediction for

the EASM.

FIG. 6. Verification for scheme I for 1961–2001: observed values

(green), and predicted values for CNRM (red), UKMO (yellow),

ECMWF (blue), and MME (orange).

TABLE 3. TCC between the observed DY of the WNP circulation

and the modeled DY of the WNP circulation.

Model

Observed,

1965–2001

Observed,

1961–79

Observed,

1980–2010

CNRM 0.74 0.44 0.87

UKMO 0.71 0.48 0.83

ECMWF 0.75 0.53 0.85

MME 0.77 0.52 0.88

TABLE 4. Verification for scheme II in the cross-validation test

during 1961–2001; boldface values are the same as those listed in

Table 1.

TCC of EASM

(DY of EASM)

RMSE (Improvement in

RMSE)

CNRM 0.8 (0.6) 0.6 (54%)

UKMO 0.85 (0.72) 0.56 (56%)

ECMWF 0.8 (0.64) 0.62 (15%)

MME 0.86 (0.75) 0.54 (37%)
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5. Conclusions

We evaluated the prediction ability of the three

DEMETER models (CNRM, UKMO, and ECMWF)

and MME in the seasonal prediction of the EASM. The

CNRM and UKMO had no prediction ability for the

EASM, with an insignificant TCC and a large RMSE

due to the inability to reproduce both the weakened

EASM at the end of the 1970s and the related changes

in the decadal circulations (Figs. 2–5 and Table 1).

Therefore, the interannual increment prediction ap-

proach was applied to improve the prediction ability

of the models because a variable of the interannual

increment was able to capture the decadal trend of the

variable in the original form. The direct outputs of the

models (CNRM, UKMO, ECMWF, and MME) were

better able to predict the seasonal variation of the DY of

the EASM than the EASM in its original form (Fig. 2b).

Therefore, we developed two statistical schemes for

each of the models to forecast the EASM using the in-

terannual increment prediction approach. Scheme I for

the EASM for every model was proposed, and this ap-

proach contained the DY of the EASM as the only

predictor; the predicted EASM for every model was

obtained by the DY of the EASM derived from the di-

rect output of the model to the observed previous year of

the EASM. Scheme I for every model more accurately

predicted the EASM than the original model (Fig. 6,

Table 2), excluding the ECMWF version. In particular,

the TCCs of the CNRM (0.66) and the UKMO (0.7)

simulations for the corrected scheme showed an improved

prediction ability with scheme I at 28% and 38% for

CNRM and UKMO, respectively.

Scheme II contained two predictors derived from the

model outputs. One predictor was the DY of the EASM,

and the other was the DY of circulation related to the

western North Pacific subtropical high. Through the

cross-validation test for 1961–2001 (41 yr) (Fig. 7, Table

2) and the hindcast for 1985–2001 (Fig. 8 and Tables 4

and 5), the new statistical prediction scheme II largely

improved the prediction ability of each model, particu-

larly for CNRM and UKMO. Therefore, the interannual

increment prediction approach was highly effective in

improving the seasonal climate prediction ability for the

dynamical or statistical model, as the DY of a variable

can capture the TBO and variation of the interannual

and decadal time scales.

What are reasons for the limited improvement in the

prediction of EASM in ECMWF with the DY method?

It might be that ECMWF has the best ability to predict

the EASM among the models, as it can reasonably

reproduce the decadal variability of the EASM (see

FIG. 7. Verification for scheme II in the cross-validation test for 1961–2001: observed values (solid line), the original model (dashed line

with circle), and predicted values (solid line with dot) for (top left) CNRM, (top right) UKMO, (bottom left) ECMWF, and (bottom right)

MME.

TABLE 5. Verification for scheme II for the hindcasts during

1986–2001; boldface values are the same as those listed in Table 1.

1986–2001

TCC of EASM

(DY of EASM)

RMSE (Improvement

In RMSE)

CNRM 0.62 (0.72) 0.45 (56%)

UKMO 0.39 (0.56) 0.48 (55%)

ECMWF 0.59 (0.62) 0.48 (1%)

MME 0.68 (0.76) 0.36 (50%)
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Table 1), such that the TCC of the EASM (0.71) is

better than the TCC of the DY of the EASM (0.5)

during the 1961–2001 period (Table 1). Additionally,

improved prediction ability will depend on the models’

prediction abilities for two factors (i.e., DY of the

EASM and DY of WNP circulation). Therefore, im-

proved prediction ability for the ECMWF using the

DY method is limited.

We tested the neural network method for the prediction

here with the same set of predictors. The results are listed

in Table 6. The multilinear regression has better pre-

diction skill than does the neural network, although the

neural network model can also greatly improve the pre-

diction skill of the EASMI for all models except for MME.
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APPENDIX

The DY Method

Traditionally, the anomaly of a variable relative to its

climatology is used as the object of short-term climate

prediction. However, because the decadal variability of

the climate causes difficulties for seasonal climate pre-

diction, the traditional climate predictions are not able

to consider climate observations from previous years

and the feature of the quasi-biennial oscillation. We

FIG. 8. Verification for scheme II with the hindcasts for 1986–2001: observed values (solid line), the original model (dashed line with circle),

and predicted values (solid line with dot) for (top left) CNRM, (top right) UKMO, (bottom left) ECMWF, and (bottom right) MME.

TABLE 6. Comparison of the neural network method with multilinear regression (ML).

Model

Correlation RMSE

Improvement

In RMSE

Original BP_Neural(ML) Original BP_Neural(ML) BP_Neural(ML)

CNRM 0.12 0.62 (0.8) 1.32 0.91 (0.6) 31% (54%)

UKMO 0.15 0.79 (0.85) 1.29 0.71 (0.56) 45% (56%)

ECMWF 0.71 0.79 (0.8) 0.73 0.65 (0.62) 11% (15%)

MME 0.61 0.86 (0.86) 0.86 0.86 (0.54) 0% (37%)
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propose a year-to-year increment approach or DY

method (i.e., difference in any variable between the

current year and the previous year), using the interannual

increment of a variable as the prediction object (Fan et al.

2008). We apply this method using three steps:

1) We defined the difference in any variable y between

the current year (y
i
) and the previous year ( y

i21
);

then, dyi 5 yi 2 yi21.

2) A statistical forecast model for predicting dyi was

established, and the predictors were in the form of

the year-to-year increment.

3) The predicted ŷ
i

was then derived as the sum of the

predicted dy
i
from the current year and observed y

i21

from the preceding year, which is expressed by

ŷ
i
5 dy

i
1 y

i21
.

There are several advantages of this year-to-year

increment or DY method. First, the rationale for the

year-to-year increment approach might arise from the

existence of the tropospheric biennial oscillation (TBO)

during the Asian monsoon, ENSO, rainfall, and tem-

perature over east China, etc. The interannual in-

crement of a variable reflects the TBO to amplify the

prediction signal and makes good use of the climate

observations from the previous year (Wang et al. 2010).

If we consider the TBO feature in climate variables, and

f
i

( f
i21

) represents the anomaly of a variable in the

current year (previous year), such that fi 5 c 1 pi and

fi21 5 2c 1 pi21, in which p and pi21 represent a dis-

turbance of f , then fi ’ c and Dfi 5 fi 2 fi21 ’ 2c. These

relationships suggest that the amplitude of a variable in the

form of the year-to-year increment is twice that in the form

of an anomaly, and the prediction signal can be amplified.

Second, the DY method can capture the interannual and

decadal variability of the climate. The DY of Y can re-

move the decadal trend of the climate, but the accumu-

lation of the DY of Y can reproduce the decadal trend.
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