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摘要 

針對長效期的全球海表? 度異常(GSSTA)的預報需求,氣象局最近發展了

一個結合動力和統計預報模式的最佳化系統–OPGSST1.1。在統計預報方面,透過

奇異值分解法(SVD; singular value decomposition),一個均一化的耦合型態投

影模式(CPPM; coupled pattern projection model)被運用到謹慎決定的個別預

報子,分別架構其與全球海? 異常的迥歸關係以進行預報。此迥歸關係的適切性

在現有的系統內被假設是與訓練期內樣本數成正比。個別的預報,包括其他來自

於動力模式和持續性預報的結果,則透過多重模式超系集技術加以整合得到最後

一組最佳化預報。本研究完成了一系列的後預報實驗,以檢驗 1)上述訓練期長度

之假設以及 2)1976/77 年的氣候變遷事件(CRSE76; climate regime shift event)

在個別模式的適切性是否影響了 GSSTA 的預報結果。 

NINO34 模組內與季節有關的後預報技術發現,若是訓練期內的樣本年不

屬於驗證期時,其伴隨的技術得分在熱帶海洋區域將普通地退化,顯示此模組的

適切性對於 CRSE76 的發生相當敏感。相反地,PSSLP 模組則具有相當的彈性;其

伴隨的技術得分,無論是在1950-1976或是在1977-2003的驗證期,確與訓練期長

度成正比;雖然相對的技術得分強度較偏向於在後者的驗證期內的中太平洋。

SEIOSLP 模組的適切性則特別引人注意;其伴隨的技術得分顯示,在 CRSE76 之前

此模組在廣大的熱帶洋面基本上無技術可言;但是,CRSE76 之後,此模組的適切

性則是戲劇性地大大增加。動力的 OCZ 和 MCZ 模組也顯示兩者在 CRSE76 之後的

技術得分降低,此現象在熱帶西太平洋特別明顯。 

本研究的結果指出當被運用的預報子或模組是利用 ENSO 的訊號進行在上

游的西太平洋和印度洋的預報時,技術得分顯示這些預報子或模組在 CRSE76 之

前是具有相當的水平的。另一方面,當被運用的預報子屬性與亞洲–澳洲季風系

統有關時,其伴隨的技術得分顯示這些模組在 CRSE76 之後對於季風暖洋區以及

下游的換日線以西的太平洋海? 預報能力? 大大增加。根據這些診斷結果,本研

究具體建議採用與年代際相關的訓練策略以改進現有的 OPGSST1.1 版本在印度

洋與西北太平洋的海? 預報,這對於掌握在兩階段架構下的區域季節氣候預報能

力的提升相當重要。 
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ABSTRACT 
 

A dynamically and statistically combined forecast system, OPGSST1.1, for 

predicting the long lead global sea surface temperature anomalies (GSSTA) was 

developed at CWB recently. For the statistical predictions, a unified coupled pattern 

projection model (CPPM) via the singular value decomposition (SVD) is used in the 

carefully selected predictors to construct their regression relations with the GSSTA. In 

the current system, the adequacy of these relations is assumed to be proportional to 

the sample size of training period. The resulting individual predictions, including 

those from dynamical models and persistent forecast, are assembled together through 

the use of multi-model superensemble (MMSE) scheme. A serial hindcast 

experiments has been performed to examine 1) the effect of the length of training 

period, and 2) the 1976/’77 climate regime shift event (CRSE76) on the adequacy of 

each module to the GSSTA predictions. 

The season-dependent skill in the NINO34 module shows that its adequacy to 

the prediction of GSSTA in the tropical oceans is sensitive to the CRSE76 in that the 

associated skill score is universally degraded by including the sampling years not 

belonging to the validated period. In contrast, the PSSLP module is relatively robust 

because its associated skill is proportional to the length of training period in both the 

1950-1976 and 1977-2003 validated periods, though its strength primarily towards the 

latter and the regions over the central Pacific. The adequacy of SEIOSLP module is 

especially interesting in that it essentially shows no skill over the vast areas of tropical 

oceans before the CRSE76 but dramatically increases its applicability after the 

CRSE76. The skills in both dynamical OCZ and MCZ modules also decay especially 

over the tropical western Pacific after the CRSE76. 

Results of this study indicate that while the modules utilizing the ENSO (El 

Nino/Southern Oscillation) signal to make the predictions over the upstream western 

Pacific and Indian oceans are skillful before the CRSE76, the predictors pertinent to 

the Asian-Australian monsoon system exert more influences on the predictions of 

SSTA over the monsoon warm oceans and the downstream Pacific west of the date 

line after the CRSE76. Based on these diagnostic results, an epoch-dependent training 

strategy is suggested by this study to improve the current version of 

CWB/OPGSST1.1. This may lead to a great improvement on the GSSTA prediction in 

particular over the Indian and western North Pacific oceans, which is important for 

the regional seasonal climate predictability under the two-tier framework. 
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1. Introduction 

With the recognitions of its far-reaching socioeconomic impacts, operational 

seasonal climate prediction is an emerging practice in many countries (Palmer et al. 

2004; see Barnston et al. 2005 for a recent review and references therein). Besides the 

better understanding from numerous diagnostic and analytic studies, this is mainly the 

outcome of improved dynamical predictions obtained in the recent decade for 

quantifying the climate effects of the El Niño-Southern Oscillation (ENSO) 

phenomenon around the globe (Shukla et al. 2000; Lau and Nath 2003; Saha et al. 

2005). In the Asian-Australian monsoon regions, for example, seasonal-to-interannual 

rainfall variability in India (e.g. Chen and Yen 1994; Lau and Nath 2000), East Asia 

(e.g. Zhang et al. 1996; Kang et al. 2004), Australia (e.g. McBride and Nicholls 1983), 

Indonesian Archipelago (Hendon 2003), and Maritime Continent (Chang et al. 2004), 

were demonstrated to be highly correlated with ENSO occurrences. Rainfall 

anomalies in the tropical Atlantic, Central America, and Nordeste region of Brazil 

were also shown to be either directly or indirectly associated with anomalous warm 

SST in the central-to-eastern equatorial Pacific (e.g. Saravanan and Chang 2000; 

Giannini et al. 2001). There are also increasing evidences that link the African 

monsoon rainfall activity to the remote ENSO occurrences (Janicot et al. 1998; Ward 

1998). Variability of extratropical circulation and surface conditions in the 

Pacific-North American (PNA) region was found to be strongly affected by the 

Equatorial Pacific ENSO forcing (Shukla 1998, see reviews in Trenberth et al. 1998 

and Wallace et al. 1998). All of these have encouraged the government agencies to 

devote their efforts to the practical climate prediction not only to prevent 

socioeconomic losses but also in attempts to gain potential benefits from the correct 

predictions (Goddard and Dilley 2005). 
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In parallel with the developments of hybrid and fully coupled 

atmosphere-ocean general circulation models (AO-GCM), one of the specific 

missions of the ongoing climate project (2003-2009) at Central Weather Bureau 

(CWB) of Taiwan is to develop the so-called two-tier dynamic prediction system 

(Bengtsson et al. 1993) with the goal to have more reliable predictions of future 

atmospheric conditions over the East Asia one to two seasons in advance. Such a 

prediction system requires a pre-forecasted global sea surface temperature (GSST) as 

forcing to drive the stand-alone dynamical AGCM prior to performing the 

multi-member ensemble prediction. In addition to the improved physics on the 

AGCM itself, having a skillful GSST prediction is crucial for a long-range forecasting 

built on the two-tier approach because the longer memory of underlying oceanic mass 

is believed to contain the major portion of seasonal predictability sources for chaotic 

atmospheric circulation and rainfall variability. In spite of this necessity, predicting 

SST variability other than the ENSO region (i.e. central-to-eastern equatorial Pacific), 

which could be important for local climate variations [e.g. see Lamb and Peppler 

(1992) for the role of Atlantic Ocean to Africa; Goddard and Graham (1999), and Li 

et al. (2001) for the role of Indian Ocean to the Asia], was yet less addressed in the 

past (Landman and Mason 2001; Kug et al. 2003). 

By presuming that there is a response-to-forcing relationship between the 

atmosphere and ocean, which works for the ENSO-related forcing in the equatorial 

Pacific and for those regions where SST determines the local wind convergence (and 

thus convections) while SST itself is primarily determined by the ocean processes, the 

two-tier system has its own advantages as compared with the one-tier AO-GCM 

approach in the seasonal climate predictions (e.g., see discussion in Barnston et al. 

2005). However, it also has the limited capability when applying to the 

monsoon-related prediction where the atmospheric forcing may play a major feedback 
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mechanism to the ocean (Wang et al. 2004; 2005). Nevertheless, the two-tier 

forecasting system, which has been in use at CWB and popular in other operational 

centers, was one of the most important activities in the dynamic climate prediction 

during the past decade. Furthermore, it remains to be a valuable approach for 

diagnosing model bias and identifying predictability source of seasonal-to-interannual 

climate variability as well as its connection to the underlying boundary conditions 

(Shukla et al. 2000; Kang et al. 2002; Kang 2004; Wang et al. 2004). 

Pros and cons exist while considering either dynamical or statistical approach 

should be used to make the long-range and skillful SSTA predictions. In addition to 

the persistence forecast, the oceanic GCM perhaps gives better short-range (1 to a few 

months) skill of ENSO-related SSTA predictions once the initial conditions are well 

captured by the data assimilation technique (Behringer et al. 1998). Simpler 

intermediate atmosphere-ocean coupled models (ICM) also have demonstrated their 

capability in making dynamical ENSO prediction in the eastern tropical Pacific 

several seasons in advance (e.g., Cane et al. 1986; Zebiak and Cane 1987; Wang et al. 

1995). Nevertheless, these dynamically oriented predictions are more reliable in the 

central-to-eastern tropical Pacific regions but are less skillful in the western Pacific 

warm pool (Latif et al. 2001; further discussed in section 3). Moreover, as the 

dynamical coupled models become increasingly complicated, any improvements of 

SSTA predictions will depend on several challenging factors such as the better 

parameterization of model physics, improved coupling technique, and coupled model 

data assimilation, not to mention their high demand of computing resource (Latif et al. 

2001; Saha et al. 2005). 

For longer term forecasts, cheaper empirical models based on statistical 

methods such as EOF-based regression (e.g. Kim and North 1999), CCA (e.g. 

Barnston and Ropelewski 1992; Landman and Mason 2001), SVD (e.g. Bretherton, et 
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al, 1992; Wallace et al. 1992), POP (e.g. Xu and von Storch 1990; Lee 2004), and 

even the nonlinear neural network (e.g. Tangang et al. 1998; Hsieh 2001) have been 

widely used to predict the evolutionary SSTA. Although artificial skill remains a 

problem due to the limited sample size, various statistical-based approaches are 

shown to have comparable skills in the ENSO prediction (with some degree of 

uncertainty; see Latif et al. 1998 for a review). Statistical-based methods also have 

comparable skills (if not better) as the dynamical models over ENSO-related key 

regions (Barnston et al. 1999), and likely perform better elsewhere once the 

low-frequency variability of local SSTA is well portrayed by the evolution of 

carefully selected predictors (Barnett et al. 1994). 

Since the tropical SST evolves relatively slow, its future state is largely 

embedded in its own history. Moreover, the Pacific ENSO event is well known to 

have a global impact on the regional climate. Local SSTA also could be affected 

either directly by the associated ocean dynamic processes or indirectly through the 

atmospheric teleconnectivity. A major source of predictability of regional SSTA 

could be contributed by the ENSO-related SSTA in the central-to-eastern equatorial 

Pacific. In other words, the SSTA in the central-to-eastern equatorial Pacific can be 

very useful predictors to the remote SSTA. 

Wang et al. (1999) reveal that during the El Niño (La Niña) years the SSTA in 

the Niño 3.4 region tend to lag the development of the Philippine Sea anticyclone 

(cyclone) by a few months. Thus after the mature phase of El Niño (La Niña), the 

SSTA in the central-to-eastern equatorial Pacific are highly predictable based on the 

Philippine Sea anticyclone (cyclone) development in the northern spring and summer 

seasons. Furthermore, the succeeding maintenance of anomalous Philippine Sea 

low-level circulations is contributed by the local air-sea coupling and cloud-radiation 

feedback mechanism (Wang and Zhang 2002), which can feed back to affect the 
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regional oceanic conditions. Therefore, the low-level circulation anomalies over the 

Philippine Sea are suggested to be the potential predictors for the local SSTA. 

Based on an extended SVD analysis between the seasonal Asian-Australian 

low-level monsoon circulation and the Indo-Pacific SST variations, anomalous 

Philippine Sea anticyclone (cyclone) was further found to be originated from the 

southeastern Indian Ocean (SEIO) associated with the developing El Nino (La Nina) 

condition during the northern summer-to-fall season (Wang et al. 2003). This 

anomalous low-level circulation over the SEIO also affects the surface condition and 

rainfall pattern in the Indian Ocean and nearby regions through the local 

atmosphere-warm ocean feedback interaction. However, because of the different 

seasonal background flows between the tropical Indian Ocean and Philippine Sea, the 

seasonality and duration of these two aforementioned off-equator anticyclones are 

relatively different. As a result, their adequacy as the potential predictors to the local 

and remote SSTA in the tropical oceans should be examined separately. 

Theoretical developments of delayed oscillator theory (Schopf and Suarez 

1988; Suarez and Schopf 1988; Battisti and Hirst 1989) and recharge oscillator 

paradigm (Jin 1996, 1997; Jin and An 1999) on the ENSO dynamics, and GCM 

simulations (Zebiak and Cane 1987; Zebiak 1989; Li 1997; An and Kang 2000) all 

point out the importance of tropical Pacific thermocline depth displacement to the 

prediction of forthcoming ENSO and its turnabout. Richer subsurface observations 

obtained in the recent two decades further demonstrate above paradigms and model 

simulations (Wyrtki 1985; Meinen and McPhaden 2000; Lyon 2002; Hasegawa and 

Hanawa 2003; McPhaden 2003). With the much larger inertia, variability of 

subsurface ocean temperature not only memorizes the transient impacts of 

atmospheric processes such as the rainfall, surface wind changes and cloud radiation 

on the SST field, but also conveys feedback of SST variability to the later changes of 
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atmospheric circulation in various timescales. Such a feedback loop provides the 

physical basis to statistically predict the long-range SSTA by explicitly utilizing the 

routinely-archived subsurface temperature data which are made available only quite 

recently. 

Since the evolution of ENSO events, including their magnitude, frequency, 

coupled structure, and propagation, has been found to have significant changes after 

the climate regime shift event occurring in 1976-77 (e.g., Wang 1995; Gu and 

Philander 1997; An and Wang 2000; simply called “CRSE76” hereafter), we have 

performed a serial hindcast experiments from two separate periods of 1950-to-1976 

and 1977-to-2003 (see illustrations in section 3b) in an attempt to examine the degrees 

of applicability of previously mentioned predictors in response to the CRSE76. Our 

results indicate that the predictability of SSTA in the tropical oceans (including the 

ENSO prediction) is indeed both predictor-dependent and largely affected by the 

CRSE76. That is, the adequacy of various predictors is both temporal and spatial 

dependent. 

Based on the above premise, we argue that (a) the choice of predictors with 

sound physical meaning is perhaps more critical than the choice among many 

statistical approaches; (b) there is a need to combine the strength of both dynamical 

and statistical-based models to make an optimized prediction; and (c) the training 

strategy of statistical predictors must take the factor of CRSE76 into account. Above 

arguments also lay down our bases for constructing the CWB optimized GSST 

(OPGSST) prediction system. Purposes of this study are then two-folded. In addition 

to introducing the CWB/OPGSST prediction system and demonstrating its skills, we 

also aim at seeking the physical interpretations behind the skillful (and poor) 

predictions of local SSTA before and after the CRSE76. Specifically, 

spatiotemporally varying skills of the proposed statistical predictors (also the ICM 
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models) will be thoroughly examined. Results would shed some lights to our 

understanding of the underlying dynamical processes helpful for further 

improvements of the current system. 

After describing our data sources and data preprocessing in section 2, the 

configurations of dynamical models and statistical predictors currently involved in the 

CWB/OPGSST system (currently version 1.2), design of different experiments to 

delineate the effects of CRSE76 on the adequacy of various models, and the statistical 

post-processing to generate the optimized predictions are illustrated in section 3. 

Based on a serial hindcast experiments, the skills of resultant GSSTA predictions with 

a leading time up to 7-month, including their seasonal dependence, interannual ENSO 

predictability, and decadal-to-interdecadal skill variations are examined in sections 4, 

5, and 6, respectively. Summary and conclusions are provided in section 7. 

Methodology of the adopted SVD-based statistical prediction model combined with a 

prior QR factorization (Press et al. 1992) pre-filtering process to reduce the data 

noises and dimension is formulated in the Appendix. This unified QR-SVD statistical 

scheme is commonly used by the various predictors while making their individual 

predictions. 

2. Datasets and data preprocessing 

a. SST fields 

After removing the climatologic annual cycle and long-term trend for 

individual SST dataset, a unified monthly-mean GSSTA field is generated by blending 

the following three SST analyses. They are (a) the EOF-reconstructed monthly SST 

dataset (1950/01-to-1981/11; Smith et al. 1996) and (b) the optimum interpolation 

SST version 2 data (OISST.v2; 1981/12-to-2003/12; Reynolds et al. 2002) for ocean 
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areas within the 30° tropical band, and (c) the Hadley Centre sea-Ice and SST dataset 

version 1.1 (i.e. HadISST1.11 available for 1950/01-2003/12; see Rayner et al. 2003) 

for ocean points both north and south of 30° latitude. The HadISST1.1 is included 

after considering its richer ship-by-opportunity observations and more cares in 

handling the SST in the cold ocean region (Rayner et al. 2003). On the other hand, the 

OISST.v2 [HadISST1.1] being routinely archived every month (2 months) is selected 

for the timing operational purpose. Prior to the blending, the EOF-reconstructed 

(2° lat. by 2° long.), OISST.v2 (1° lat. by 1° long.), and HadISST1.1 (1° lat. by 

1° long.) datasets were re-interpolated into a 2.5° latitude by 2.5° longitude coarser 

mesh to reduce the dimensionality of the follow-up eigenvalue problem (c.f. 

Appendix). It also better fits the downstream T42 configuration of CWB/AGCM 

global forecast system. After the blending, a 3-point smoothing buffer is further 

applied to reduce any inconsistence at the 30° latitudinal circles, and a 3-month 

running mean filtering is used to eliminate possibly existed intra-seasonal fluctuations 

which might be sensitive for statistical models to detect the low frequency variations 

of ENSO signal. This blending SST will be used to verify our prediction system. 

b. Atmospheric fields 

The sea level pressure (SLP) and winds at 925-hPa level from the 

NCEP-NCAR reanalysis project (Kalnay et al. 1996) are respectively used to form 

two atmospheric predictors (i.e. Philippine Sea and SEIO SLP predictors; see section 

3), and derive the dynamically consistent wind stress conditions with the ocean 

thermocline field while initializing the ICM dynamical predictions. The latter is 

essential for the ENSO prediction as the ocean thermocline stores the memory of 

atmospheric wind stress forcing in the previous time steps (see section 3). The same 

                                                 
1 The HadISST1.1 dataset is also known as GISST-4, which has been used to replace the previous 
GISST2.3b at BADC. 
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data preprocessing such as the removal of climatic annual mean, long-term trend, and 

3-month running mean filtering are also applied to both SLP and low-level wind 

fields. 

c. Subsurface temperature data 

The Smith (1991, 1995) upper ocean temperature profile from Australian 

Bureau of Meteorology Research (BMRC) is used to calculate the other statistical 

predictors, i.e. the upper ocean heat content (hereafter OHC) in the Indo-Pacific 

Ocean basins This dataset, routinely archived at BMRC every month, is primarily 

based on ship-by-opportunity expendable bathythermograph (XBT) and 

TAO/TRITON moored time series measurements (McPhaden et al. 2001). Data are 

gridded on a 1? lat. by 2? long. regular mesh at 14 NODC (National Oceanographic 

Data Center) standard levels (from sea surface to 500 m depth) and cover a domain 

from 30?S to 40?N and from 30?E to 60?W in the Indo-Pacific Oceanic regions. A 

24-year long period (1980/01-to-2003/12) at monthly intervals is kindly provided by 

Smith’s group. 

In this current study, the OHC is represented as the vertically averaged 

temperature from the sea surface to 300-m depth (c.f. Zhang and Levitus 1997; 

Hasegawa and Hanawa 2003). It should be mentioned that other proxies such as 20?C 

isotherm depth (Meinen and McPhaden 2000) and thermocline depth (Wang et al. 

1999) are also used, in addition to the direct calculation of OHC itself (Antonov et al. 

2004). Nevertheless, they essentially provide the same information of the subsurface 

thermocline depth displacement. 

3. Modules of CWB/OPGSST1.2 system and hindcast experiments 

a. Modules of CWB/OPGSST1.2 
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In addition to the damped persistent forecasts (hereafter DAMPER), current 

CWB/OPGSST1.2 system (with a 7-month lead time) includes the following SSTA 

predictions made by two dynamical models: (1) original Cane-Zebiak intermediate 

coupled model (hereafter OCZ) and (2) modified Cane-Zebiak ICM (hereafter MCZ) 

for the tropical Pacific basin (129E-to-84W, 19S-to-19N), and made by the following 

four statistical predictors: (1) SSTA in the Niño3.4 domain (5S-to-5N, 170W-to-120W; 

hereafter NINO34); (2) SLPA in the South China Sea-to-Philippine Sea regions 

(110E-to-170E, Eq.-to-20N; hereafter PSSLP); (3) SLPA in the SEIO (60E-to-120E, 

5S-to-25S; hereafter SEIOSLP); and OHC anomalies in the (3) tropical Pacific 

(120E-to-80W, 10S-to-10N; hereafter TPOHC) for the near-global (60S-to-60N) 

domain. All statistical predictions are generated by the unified QR-SVD statistical 

model (see Appendix). 

The widely used DAMPER model assumes the current observed SSTA 

continue to decrease as the lead time increases: SSTA(t l) =  (tl) * SSTA(t0), where the 

scaling factor  (tl) is derived from the lagged coefficient between the present time 

zero and the lead time l (l = 1,2, …,7 months) based on the historic data. For many 

regions, DAMPER is an effective strategy for SSTA predictions in a few months 

range. 

With a simple Gill-type atmospheric component and a Cane-Zebiak type 

oceanic component, the OCZ model is able to make the reasonable ENSO predictions 

in the equatorial eastern Pacific. To the west, however, poor skills have been found 

due to its failures to simulating the remote atmospheric wind anomaly patterns in the 

far western Pacific regions where the anomalous winds may not be originated from 

the eastern Pacific SSTA forcing (An and Wang 2001). In order to improve the 

atmospheric wind response in the western Pacific, a statistically oriented atmospheric 

model has been used in the MCZ model where the winds field is directly derived from 
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its coupled modes with the observed SSTA patterns (also based on the SVD method). 

Allowing the coupled model to include the dynamic feedback of winds from the far 

western Pacific could further improve the SSTA prediction to its east through the 

change of convective heating in the monsoon region and/or induced equatorial waves 

(Wang et al. 2000; Chang et al. 2000). 

Meanwhile, consider the simple empirical formula used in the oceanic 

component of OCZ may not be sufficient to describe the spatiotemporally varying 

relationship between the observed subsurface ocean temperature and thermocline 

depth anomalies, the SVD-based coupled pattern projection method is again applied 

to the observed anomalies of subsurface temperature and thermocline depth to 

construct a more realistic relationship in the oceanic component of MCZ model (c.f. 

Kang and Kug 2000). 

In statistically predicting the evolutionary GSSTA for the following 7 

consecutive months, the issues of (1) how many months should be included in various 

statistical predictors (i.e. the prior history of NINO34, PSSLP, SEIOSLP, and 

TPOHC), (2) how to divide the global domain into several sub regions, and (3) how to 

proceed in time to reach a 7-month lead time while aligning the predictand array, are 

not clear. Nevertheless, different strategies have been tested mainly in a 

trial-and-error manner2. It was then concluded that (1) a prior 6-month history seems 

to be adequate for oceanic NINO34 and TPOHC predictors, and a prior 3-month 

window is used by both PSSLP and SEIOSLP predictors due to the much shorter 

memory of the atmosphere; (2) different treatments in performing domain separation 

are not sensitive to the overall results, and therefore future SSTA for individual Indian, 

Pacific, and Atlantic Ocean basins are predicted separately; (3) the evolution of SSTA 

                                                 
2 There exists the tradeoff between signal and noise while acquiring more information either by 
increasing the length of time or by expanding the domain. 
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in the succeeding 7-month time window can be predicted either as a whole or one 

month by one month while constructing the predictand array B (see Appendix); 

however, various approaches make no difference in the statistical sense. 

b. Hindcast experiments 

Along with OCZ and MCZ, and DAMPER, a serial hindcast experiment has 

been performed for NINO34, PSSLP, SEIOSLP, and TPOHC (available after 1980) 

modules to examine the effects of the sample size (i.e. length of training period) and 

especially the CRSE76 on their adequacy to the GSSTA predictions. These 

experiments are summarized in Table 1. Effects of sample size on the various models 

before (after) the CRSE76 can be examined by comparing their skills between E5076a 

(E7703a) and E5076b (E7703b). Applicability of proposed NINO34 and two SLP 

predictors in different periods is examined by comparing the results between 

E5076a/E5076b and E7703a/E7703b hindcasts. Note that the only difference between 

E7703b and E7703c experiment is the inclusion of TPOHC model in the follow-up 

optimized prediction. We will see that the TPOHC model largely reduces the 

well-known spring predictability barrier (SPB; Webster and Yang 1992) of 

ENSO-related SSTA prediction over the tropical Pacific Ocean. 

After SST anomalies have been individually predicted by various modules 

(including the DAMPER, and dynamical OCZ and MCZ modules), a pointwise 

multi-model superensemble (MMSE; Krishnamurti et al. 1999) is currently adopted in 

this study to obtain the optimized predictions for each experiment (see Table 1). It is 

based on the multi-linear regression to decide the best assemble of weights for each 

grid point in each module in the sense of least square fit. Results are expected to be 

better than any individual models and also beat the consensus prediction (i.e. simple 

arithmetic average of all predictions) in that the individual model  biases  could be so 
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large that contaminate the skillful long-range predictions of other models. It should be 

mentioned that the skill evaluation of MMSE is also through the cross-validated 

procedure. 

4. Effects of CRSE76 on the GSST predictability 

To examine the change of SST persistence caused by the CRSE76, Figure 1 

shows the temporal correlation coefficients between the observed and predicted SSTA 

by the DAMPER module in the central months of 4 seasons (i.e., January, April, July, 

and October) with each at a 6-month leading time over the period of 1950-to-1976 

(left panels) and of 1977-to-2003 (right panels). Regions with correlations smaller 

than zero are hatched to highlight the regions that the persistence drops rapidly. Figure 

1 also provides a guide line that the skill of model prediction should be better than the 

one shown here. 

Before the CRSE76, there exists a gross tendency with the vast tropical 

(300S-to-300N) oceans being more persistent. On the other hand, the persistence of 

SST at higher latitudes is lower in particular over the southern hemisphere. Although 

the above contrasts are evident throughout the year, it is especially evident during the 

northern cold seasons (i.e., in January and October). Examining into the details, we 

further found that the SST persistence changes dramatically in some key regions after 

the CRSE76: the East Asian coasts in January (Fig. 1a vs. 1e), the eastern tropical 

Indian Ocean in April (Fig. 1b vs. 1f), and the central-to-eastern tropical Pacific 

Ocean in July (Fig. 1c vs. 1g). While the first and third one, both show the increased 

persistence after CRSE76, is respectively linked to the so-called fall and spring 

predictability barrier problem, the second one showing the decreased persistence after 

the CRSE76 is pertinent to the decadal-to-interdecadal change of circulation system 
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over the Indian Ocean. 

It is concluded from Figure 1 that the persistence of global SSTs undergoes 

large changes in response to the CRSE76. Such a change is most likely linked to the 

low-frequency variability of natural system rather than simply attributed to the degree 

of data richness. It therefore provides the need to examine the adequacy and training 

strategy of various predictors, namely, the sensitivity of them on the SST 

predictability in response to the CRSE76. These are partially satisfied by showing the 

skill comparisions among different modules in Figure 2 for the 1950-to-76 period and 

in Figure 3 for the 1977-to-2003 period, respectively. In these two figures, only the 

averaged correlation coefficients within the equatorial belt (7.50S-to-7.50N) between 

the observed and predicted SSTA at a 6-month leading time are shown as a function of 

longitude (in x-axis) and 12 calendar months (ordered bottom-up in y-axis) for 

various modules. 

For the NINO34 module (panels a and e in Figs. 2 and 3), which uses 

ENSO-related SST variability to tail the predictability of regional SST variability 

around the globe, we found that the predictability associated with the NINO34 

module is sensitive to the CRSE76 in that the skill of SSTA over the entire tropical 

oceans is always degraded by including the samples not belonging to the validated 

period. This is true not only in the period of 1950-to-1976 with the skill in E5076b 

(Fig. 2e) being better as compared to E5076a (Fig. 2a), but also in the period of 

1977-to-2003 with the skill in E7703b (Fig. 3e) being better as compared to E7703a 

(Fig. 3a) regardless of the changes of target month and ocean basin. Furthermore, 

while using the NINO34 module the degradation of predictability skill in SSTA 

becomes serious outside the Pacific Ocean over the Indian and Atlantic sectors after 

the CRSE76 as demonstrated by comparing the skills in E5076b_NINO34 (Fig. 2e) to 

those in E7703b_NINO34 (Fig. 3e). 
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Results of NINO34 module therefore imply that during the recent decades 

either the influences of Pacific ENSO on the remote SST variability weaken or the 

latter is mainly affected by other processes not directly related to the ENSO. 

Additional clues are provided by the results of SEIOSLP module shown in panel c 

and panel g of Figs. 2 and 3. While incorporating (excluding) the years between 1977 

and 2003 into (from) the training period of E5076a (E5076b) experiment has better 

(poorer) predictability skills of SSTA primarily over the western Pacific and central 

Indian Oceans (c.f., Fig. 2c vs. Fig. 2g), the opposite tendency occurs after the 

CRSE76. Dramatic skill improvements are found while only including the same 

samples in the training period as in the validated period (c.f., Fig. 3c vs. Fig. 3g). The 

improvements are woldwide but mainly concentrate on regions ranging from the 

tropical eastern Indian to the far western Pacific Oceans. As a result, the SEIOSLP 

module is also sensitive to the CRSE76. 

Sensitivity of the PSSLP module as a function of the length of training period 

is in contrast with both NINO34 and SEIOSLP modules. It was found that the overall 

skill of SSTA predictability in the deep tropics can always be improved by increasing 

the sampling years during the training period even though they are not belong to the 

validated period. The resultant better regression model is verified not only in the 

period of 1950-to-1976 with the skill in E5076a (Fig. 2b) being better as compared to 

E5076b (Fig. 2f), but also in the period of 1977-to-2003 with the skill in E7703a (Fig. 

3b) being better as compared to E7703b (Fig. 3f). Moreover, the improvement of 

predictability skill caused by the increase of sample size is mainly located in months 

between March and May over the Indian Ocean sector before the CRSE76 (Fig. 2b) 

but in months between November and February next year over the Pacific Ocean 

sector after the CRSE76 (Fig. 3b). In other words, variability of Philippine Sea SLP 

anomalies during the boreal fall (summer) season is a potential precusor to the SSTA 
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in the tropical Indian (Pacific) Ocean during the boreal spring (winter) season before 

(after) the CRSE76. At present, the underlying physical process is unclear and beyond 

the scope of this study. 

The predictability skills performed by the dynamical OCZ and MCZ modules 

are also examined separately. They are respectively shown in Figs. 2d and 2h, and 

Figs. 3d and 3h before and after the CRSE76. Taking the dynamical feedback of wind 

variability from the far western Pacific to the SST eastward into account and 

constructing a more realistic relationship between the subsurface ocean temperature 

and thermocline depth anomalies, the overall skill of MCZ is indeed higher than that 

of OCZ regardless of the examined period (c.f., Fig. 2d vs. 2h, and Fig. 3d vs. 3h). 

Comparing the skills within the same module, it further indicates the deterioration of 

overall skill after the CRSE76, which is in particular evident over the western Pacific 

wram pool region (Fig. 3d vs. Fig. 2d, and Fig. 3h vs. Fig. 2h). Nevertheless, the 

situation of SPB problem near the far eastern Pacific is opposite; the skill was found 

to become higher after the CRSE76, in agreement with the prolonged persistence 

shown in Figure 1 (i.e., panel f vs. panel b, or panel g vs. panel c) during the recent 

decades. 

Result of the TPOHC module which only covers the period of 1980-to-2003 is 

shown in Fig. 3i. Compared to other modules (Figs. 3e-h), the TPOHC module 

expresses higher skill over the regions from tropical western Pacific to central Indian 

Ocean through the year (with the exception of SEIOSLP module). However, it has 

lower skill over the western-to-central tropical Indian Ocean (far eastern tropical 

Pacific) during the boreal winter (fall) season, implying the weakened influence of 

Pacific thermocline variability in against the prevailing atmospheric process over the 

above region during the boreal summer (spring). The TPOHC module also has skill 

superior to any other modules over the central tropical Pacific NINO3.4 domain. 
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Results of Figs. 2 and 3 have shown that the CRSE76 has great impacts on the 

adequacy of each module in predicting the spatiotemporally varying SST distribution. 

Except the TPOHC module due to the data limit, we consistently found that NINO34, 

PSSLP, and even the dynamical OCZ and MCZ modules, which are attributable to the 

Pacific-orientated predictor, express less skillful SSTA predictability over the eastern 

hemisphere after the CRSE76. However, the SEIOSLP module attributable to the 

Indian Ocean oriented predictor expresses large skill improvements not only in the 

Indian Ocean sector but also in the Pacific Ocean sector. The different roles played by 

the air-sea system between Pacific and Indian Oceans to the global SSTA 

predictability in response to the CRSE76 will be further addressed later. 

Combining the strength of each module and taking the impact of CRSE76 on 

the training strategy of statistical modules into account, we expect that the skill of 

resulting MMSE should be better than any individual module. Such an expectation is 

fulfilled in Figure 4 where only the skills of three experiments (c.f., Table 1) during 

the period of 1977-to-2003 are compared. Considering the effect of CRSE76, the 

overall skill of E7703b_MMSE (Fig. 4b) is higher than that of E7703a_MMSE (Fig. 

4a) in spite of its double size of sampling years in the training period. The superiority 

of the former specifically evidences over the tropical western Pacific and Indian 

oceans mainly due to the contribution of SEIOSLP module (c.f., Fig. 3g). Adding the 

TPOHC module (c.f., Fig. 3i), skill of SSTA predictability over the far western Pacific 

and central Indian Ocean can be further improved as shown in the E7703c_MMSE 

(Fig. 4c). 

5. Predictability barriers in the tropical Indo-Pacific oceans 

We have shown that the predictability of SSTA around the tropical oceans is 
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both module-dependent and epoch-dependent in response to the CRSE76. Moreover, 

the skills in some key regions are very sensitive to the annual cycle. These 

spatiotemporally varying predictability barriers provide an opportunity to examine not 

only the performance of individual modules in their heel of Achilles but also the 

expected superiority of adopted MMSE scheme while some of its constructed 

modules have the deficiency. The results are summarized in Figure 5 where the 

correlations between the observed and predicted SSTA as a function of leading time 

(x-axis) over the key regions of Nino1+2 in April (Figs. 5a and 5b), Nino3.4 in July 

(Figs. 5c and 5d), western Pacific warm pool (WPWP; 1300E-1600E, 50S-50N; Figs. 

5e and 5f) in October, and western North Pacific (WNP; 1100E-1700E, 100N-300N; 

Figs. 5g and 5h) in January are shown for various modules marked by different colors. 

In predicting the April SSTA over the Nino1+2 regions, the skill of each 

module all decays rapidly after 1-2 months lead before the CRSE76 (Fig. 5a). After 

the CRSE76, however, every module improves its skill, consistent with the prolonged 

persistence of SSTA (c.f., Fig. 1b vs. Fig 1f). Furthermore, the skill of dynamical 

OCZ and MCZ modules and the TPOHC module is superior to that of DAMPER 

module in the longer leading time (Fig. 5b). At that time and in this location, however, 

the overall skill of MMSE module (open circle) is deteriorated due to the poor skill in 

both the PSSLP and SEIOSLP modules. These two statistical predictors are likely too 

remote to contribute their impacts on the far eastern tropical Pacific. It also points out 

that the pointwise MMSE scheme cannot guarantee its superiority in every aspect if 

the constructed member shows no skill (i.e., garbage in and garbage out), in 

agreement with the results of weather forecasting (Krishnamurti et al. 1999). 

The SPB problem in the tropical central Pacific is examined by means of Figs 

5c and 5d. The predictability barrier is large for the PSSLP, SEIOSLP, and DAMPER 

modules before the CRSE76 (Fig. 5c). It is interesting to notice that both dynamical 
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OCZ and MCZ modules perform better when the leading time becomes longer 

whereas the skill of NINO34 module is better during the short leading time. As a 

result, the skill of MMSE module (marked by solid circle) is only moderate; the skill 

is significant only at 90% confidence level at the 6-month leading time. After the 

CRSE76, almost all modules have dramatically improved their skills to overcome the 

SPB, in particular the SEIOSLP module. The TPOHC module mainly shows its 

strength at the longer 6-7-month leading time. Consequently, the skill of MMSE 

module is largely improved with the skill being significant at 99% confidence level at 

the 6-month leading time. On the other hand, we found that the skill of OCZ module, 

which lacks the dynamical feedback of wind variability from the far western Pacific, 

is largely reduced. This is in contrast with the MCZ module that has a moderate skill 

always significant at 95% confidence level. 

The contrast scenario of predictability barrier before and after the CRSE76 

over the WPWP further illustrates the inadequacy of dynamical OCZ and MCZ 

modules in predicting the SSTA during the fall season (Fig. 5e vs. 5f). Even the MCZ 

module (marked by red crosses) has lost its skill when passing through the boreal 

summer season. Note that the NINO34 (PSSLP) module marked by the purple 

triangulars (green circles) lost (improved) its skill after the CRSE76. However, skill 

of the resultant MMSE increases primarily due to the remedy from both SEIOSLP and 

TPOHC modules. In the short leading time (up to 4 months), no module can beat the 

persistent DAMPER module regardless of the examined period. By accumulating the 

strengths from both the TPOHC and SEIOSLP modules, the MMSE thus performs 

better than the DAMPER module in the above short leading time after the CRSE76 

(Fig. 5f). 

SST anomalies over the WNP region in January are largely affected by the 

northeasterly monsoon variability. At present, purely statistical predictor and 
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intermediate coupled model both express great difficulty to obtain a skillful prediction, 

and therefore the skill of MMSE is no way to be improved over this region (Figs. 5g 

and 5h). Nevertheless, we have found a contrasting tendency occurs in both the 

NINO34 and SEIOSLP modules in response to the CRSE76. Before (after) it, the skill 

of NINO34 (SEIOSLP) module significant at 95% confidence level is better than that 

of SEIOSLP (NINO34) module, implying that the summertime Indian Ocean 

variability becomes more important than the Pacific Ocean variability to the SSTA 

over the WNP during the recent decades. 

The more active role of the Indian Ocean variability relative to the Pacific 

Ocean variability after the CRSE76 previously found in the predictability of 

western-to-central Pacific SSTA is an intriguing feature. This is further explored in 

Figure 6 where the predictability of SSTA as a function of calendar month at 6-month 

lead in the northern (450E-to-107.50E; 100N-to-200N) and southern (600E-to-1200E; 

100S-to-400S) Indian Ocean are separately examined and shown in the upper and 

lower panels, respectively. Before the CRSE76, the skill of NINO34 module (marked 

by open triangulars) is better than the SEIOSLP module (marked by solid squares) in 

both the northern (Fig. 6a) and southern (Fig. 6c) Indian Ocean. In addition, the skill 

of the former (latter) throughout the year is higher (lower) than the persistent 

DAMPER module (marked by solid stars). Furthermore, the superiority of NINO34 

module, which represents the influence of ENSO, mainly concentrates on the winter 

hemisphere (November-through-February in NH, and May-through-August in SH) 

with skill being significant at 99% (95%) confidence level to the north (south) of 

equator. That is, change of SST in the Nino3.4 domain during the boreal summer 

(winter) is a good predictor to the change of SST over the northern (southern) Indian 

Ocean after 6 months. 

After the CRSE76, the relative skillfulness between the SEIOSLP and 
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NINO34 modules to the SSTA prediction is exchanged not only in the northern Indian 

Ocean (Fig. 6b) but also in the southern Indian Ocean (Fig. 6d). Moreover, skillful 

predictability of SSTA above the 95% confidence level produced by the SEIOSLP 

module mainly concentrates on the period of March-through-August regardless of 

which hemisphere. In other words, the variability of SLP in the southeastern Indian 

Ocean from the northern fall to winter season (September-through-February) is a very 

good precursor to the entire Indian Ocean SST variability 6 months ahead. We also 

found in the NINO34 module (open triangulars) that the preferred season with higher 

skills for the prediction of Indian Ocean SST has changed from the winter hemisphere 

before the CRSE76 to the summer hemisphere after the CRSE76, though the skill is 

only significant at 95% (90%) confidence level in the northern (southern) Indian 

Ocean. Regarding the adequacy of NINO34 module alone, the above results imply 

that after the CRSE76 the variability of SST in the Nino3.4 domain during the boreal 

winter (summer) is a better predictor to the change of SST over the northern (southern) 

Indian Ocean during the forthcoming summer (winter) season. 

6. Predictability contrasts between the El Nino and La Nina events 

We adopt the definition of Stone et al. (1996) who used both the magnitude 

and tendency of Southern Oscillation Index (SOI) to classify each single month 

during the period of 1950-to-2003 into phase 1: the mature El Nino month; phase 2: 

the mature La Nina month; phase 3: the developing El Nino month, phase 4: the 

developing La Nina month; and phase 5: the month being near a neutral condition. 

Simple counting statistics based on the referred period are correspondingly tabulated 

in the 3 panels of Table 2 as a function of the calendar months (in columns) and of the 

phases (in rows). Some salient features of Table 2 are illustrated as follows. 
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1. There exist more La Nina episodes (counted by the number of months) in phase 2, 

including the cases in the developing stage of phase 4, before the CRSE76 (Table 

2b). However, more El Nino episodes in phase 1 occur after the CRSE76 (Table 

2c). 

2. The developing La Nina (El Nino) episodes can disproportionately lead to more 

mature La Nina (El Nino) episodes before (after) the CRSE76, implying that some 

of the events could amplify rapidly within one month. 

3. The occurrence of mature El Nino tends to be phase-locked with the annual cycle 

by having more events to appear in the cold seasons (September-February) than in 

the warm seasons (March-August) before the CRSE76. However, such a 

seasonality of occurrence tends to disappear after the CRSE76. 

4. The occurrence of mature La Nina episode being locked with the annual cycle is 

less clear, neither its variability with the CRSE76. 

5. Both the developing La Nina before the CRSE76 and the developing El Nino after 

the CRSE76 occur more frequently during the warm seasons (March-August). 

Since the characteristics of ENSO change dramatically after the CRSE76, it is 

necessary to separate the entire period accordingly while examining the predictability 

of global SSTA associated with various modules in different phases of the ENSO 

cycle. Figure 7 thus shows the averaged correlations (y-axis) between the observed 

and predicted SSTA over the Nino3.4 region as a function of leading month (x-axis) 

for various modules (marked by colored lines) during the different ENSO conditions. 

For the sake of discussion but saving our space, we focus on the predictability skill of 

the mature El Nino (i.e., phase 1; Figs. 7a and 7b) and the mature La Nina (i.e., phase 

2; Figs. 7c and 7d) both occurring in the the cold (September-February) seasons, but 

on the developing El Nino (i.e., phase 3; Figs. 7e and 7f) and the developing La Nina 
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(i.e., phase 4; Figs. 7g and 7h) both appearing in the warm (March-August) seasons. 

The results are shown in the left and right panels for the cases (i.e., months numbered 

in the upper-right corner) occurring before and after the CRSE76, respectively. 

General features of the modules as well as the OPGSST MMSE scheme in predicting 

the ENSO conditions are listed as follows. 

1. The long lead (beyond one season) ENSO prediction in MMSE is much easier 

during the mature phases than during the developing phases regardless of the 

polarity of SSTA in Nino3.4 region and examined period. This is also valid for each 

individual module with the only exception in the OCZ module which has the skill 

decay rapidly in predicting the mature La Nina after the CRSE76. 

2. Although less (more) clear before (after) the CRSE76, the skill of MMSE tends to 

be higher in predicting the La Nina conditions (phases 2 and 4) than in predicting 

the El Nino conditions (phases 1 and 3). Similar tendency occurs in the TPOHC, 

NINO34, SEIOSLP, and the PSSLP modules. 

3. The prolonged skill (> 95% confidence level) of DAMPER module only appears in 

predicting the mature La Nina (El Nino) phase beofre (after) the CRSE76. 

4. When predicting the mature La Nina condition after the CRSE76, the SEIOSLP 

module shows an intriguing feature in that the skill increases with the lead time, not 

exist in any other modules. 

5. The TPOHC module shows its superiority in predicting the long-lead developing El 

Nino and La Nina conditions which overpowers the skill of MMSE scheme. 

In addition, while the skill expresses a large degree of variability among 

modules before the CRSE76, almost every module has increased its skill in predicting 

various ENSO conditions after the CRSE76. The only two exceptions occur in the 



 27

OCZ and DAMPER modules when they are used to predict the long lead mature La 

Nina condition. To further explore the skill contrast between the El Nino and La Nina 

condition in other ocean regions in response to the CRSE76, horizonal distributions of 

the correlations around the globe (400S-450N) between the observed and predicted 

SSTA at 6-month lead time by various modules are computed. Results are shown in 

the left panels of Figure 8 (Figure 9) for the combined phases 1 and 3 and in the right 

panels of Figure 8 (Figure 9) for the combined phases 2 and 4 during the period of 

1950-1976 (1977-2003), respectively. However, to save our space the combination 

has neglected the seasonality and the result has averaged all the cases occurring in the 

relative period. Separating the cases in terms of warm and cold seasons does not 

affect the following conclusions. 

After the CRSE76, results of the NINO34 module (panels a and b in Fig. 9), 

which uses the ENSO signal as the statistical predictor to predict the SSTA elsewhere, 

show that the zonal extent of skillful (with corelation > 0.4) region has shrunk and 

moderate skill in the tropical North Atlantic has disappeared as compared to the 

results obtained before the CRSE76 (panels a and b in Fig. 8). In particular; the skill 

in the Indian Ocean and western North Pacific has shifted its focus in both El Nino 

and La Nina conditions in response to the CRSE76; the previous skillful predictions 

of SSTA over the South China Sea found in the El Nino condition (Fig. 8a) and over 

the northern Indian Ocean found in the La Nina condition (Fig. 8b) both dramatically 

degraded. After the CRSE76, the skillful SSTA prediction in the eastern hemisphere is 

limited to the southwestern Indian Ocean (Philippine Sea) associated with the 

occurrence of Pacific El Nino (La Nina). Although not totally analogous, results of the 

TPOHC module show a similar tendency (c.f., panels of k and l in Fig. 9). In short, 

after the CRSE76 the applicability of NINO34 module in predicting the ENSO-related 
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remote SSTA decreases and becomes more limited to the Pacific basin, in agreement 

with its overall tendency previously discussed (c.f., panel e in Figs. 2 and 3). 

On the contrary, the adequacy of PSSLP modules to the predictions of 

ENSO-related SSTA over the tropical central Pacific has increased dramatically in 

both El Nino (Fig. 8c vs. Fig. 9c) and La Nina (Fig. 8d vs. Fig. 9d) conditions after 

the CRSE76. Similar scenario also occurs in the SEIOSLP module (panel e and f in 

Figs. 8 and 9). Moreover, its associated skill improvements mainly concentrate on the 

La Nina condition with the additional skills appearing in the western North Pacific 

and South Pacific Convergence Zone (SPCZ; c.f., panel f of Fig. 9). Results of both 

PSSLP and SEIOSLP modules thus imply that the interdecadal variability of 

Asian-Pacific monsoonal circulation in the recent decades exerts increasing 

influences on the tropical Pacific, in particular during the La Nina condition with the 

observed warm (cold) SSTA to the west (east) of date line. 

We also found in both the dynamical OCZ and MCZ modules that 1) the skill 

in predicting the El Nino condition shifts from the equatorial central Pacific before the 

CRSE76 (Figs. 8g and 8i) to the eastern tropical Pacifc afterwords (Figs. 9g and 9i); 

and 2) the skill in predicting the tropical central-to-eastern Pacific SSTA during the La 

Nina condition decreases dramatically after the CRSE76. The latter feature 

particularly evidences in the OCZ module (c.f., Fig. 8h vs. Fig. 9h) which does not 

take the feedback of wind variability from the far western Pacific into account. 

The overall skills in the MMSE are shown in Figure 10. Making comparison 

between panel a and b (between panel c and d), we found that before the CRSE76 the 

long lead prediction skill of El Nino condition over the tropical Pacific is higher than 

that of La Nina condition. In contrast, after the CRSE76 the skill of La Nina condition 

is higher than that of El Nino. Note that the above skill reversal tendency in the 
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MMSE is opposite to that in the persistence of SSTA over there (c.f., the skills of 

DAMPER module in panel a-to-d of Fig 7). Examining the relative skills between El 

Nino and La Nina in individual module and those between modules (Figs. 8 and 9) 

reveals that it is the MCZ module (c.f., Fig. 8i) mainly contributes to the difference 

before the CRSE76; however the SEIOSLP module (c.f., Fig. 9f) plays a central role 

after the CRSE76. 

Outside the tropical Pacific the skillfull predictions of SSTA made by the 

MMSE before the CRSE76 over the South China Sea during the El Nino condition 

(Fig. 10a) and over the northern Indian Ocean during the La Nina condition (Fig. 10b) 

both are mainly attributed to the NINO34 module (c.f., Figs. 8a and 8b). After the 

CRSE76, while the skillful prediction of SSTA near the equatorial central-to-southern 

Indian Ocean during the El Nino condition (Fig. 10c) is also shaped up by the Pacific 

TPOHC predictor (Fig. 9k), the Indian SEIOSLP module (Fig. 9f) contributes a lot to 

the overall high skill seen in the western North Pacific during the La Nina condition 

(Fig. 10d), in addition to the dominant TPOHC module (c.f., Fig. 9l). 

7. Summary and conclusions 

A dynamically and statistically combined system of OPGSST1.2 for predicting 

the long lead GSST anomalies has been developed at CWB recently. A unified 

SVD-CPPM scheme is used in carefully selected predictors to construct their 

regression relations with the GSST anomalies before assembling individual 

predictions (including those from the DAMPER and two dynamical modules) together 

through the use of MMSE scheme. A serial hindcast experiment has been performed 

to examine the effects of the length of training period and the CRSE76 on the 

adequacy of individual module to the GSSTA predictions. 
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The season-dependent skill in the NINO34 module shows that its adequacy to 

the prediction of SSTA in the tropical oceans is sensitive to the CRSE76 in that the 

associated skill is universally degraded by including the sampling years not belonging 

to the validated period. In contrast, the PSSLP module is relatively robust because its 

associated skill is proportional to the length of training period in both the validated 

periods, though its strength primarily towards the period after the CRSE76 and the 

regions over the central Pacific. The adequacy of SEIOSLP module is especially 

interesting in that it essentially shows no skill over the vast areas of tropical oceans 

before the CRSE76 but dramatically increases its applicability after the CRSE76. The 

skills in both dynamical OCZ and MCZ modules also decay especially over the 

tropical western Pacific after the CRSE76. All the above results imply that the 

predictors pertinent to the Asian-Australian monsoon system exert more influence on 

the SSTA over the downstream Pacific after the CRSE76. 

Figure 11 shows the correlation skill of 6-month lead SSTA in the resulting 

OPGSST1.2 (left panels) and the newly released dynamical coupled forecast system 

(CFS) of NCEP (right panels) for the four standard seasons evaluated in the period of 

1981-2003. Athough the CFS in general has better skill in the tropical Pacific during 

the SONDJF seasons, OPGSST1.2 perofrms better over the Indian Ocean-to-western 

North Pacific regions during the MAMJJA seasons. Such a superior skill is mainly 

contributed by both the SEIOSLP and TPOHC modules. 
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Appendix: Methodology of SVD-based coupled pattern prediction 

model (SVD-CPPM) 

Among many popular statistical methods, the SVD3 is most preferable to 

detect the coupled modes between two fields (Bretherton et al. 1992). It aims at 

finding a pair of principal component (PC) time series that share maximum 

covariance between the predictor and predictand. Furthermore, it is easy to be 

modified to include the nonlinearity by building state-dependent model or/and adding 

higher-order terms in its expression. Its major steps are described as follows. 

Step 1: Perform the SVD analysis between predictor and predictand 

Utilizing the historic data, the purpose of SVD-CPPM is to build the 

relationship between the preceding predictors with their spatiotemporal evolution 

stored in matrix A and the succeeding predictand stored in matrix B (i.e. future SSTA 

in our case). Furthermore, this relationship should be cross-validated. The so-called 

‘leave-one-out’ Jackknife procedure (Michaelsen 1987) — the relationship between 

predictors and predictand is built using all samples except the one being predicted, is 

adopted in current study. For example in the NINO34 model of E5076a experiment, 

when predicting the year 1950, the rest 53-year period of 1951-to-2003 monthly mean 

Nino3.4 SSTA from January to June are used as predictors. Assume we have a total 

100 grid points, then the dimension of 2-D predictor array A is 600 x 53. (100 grids x 

6 monthly historic mean SST anomalies). In general, denote A as mAn (m=600, n=53). 

Assume the predictand is the future consecutive 7 months SSTA from July to January 

in next year over the same domain. Then the dimension of predictand array B is 700 x 

53, denoting as kBn (k=700, n=53). 

A matrix C, C = A BT, is then constructed to build the relationship between the 

                                                 
3 Also known as the maximum covariance analysis (MCA) in statistical literature 
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array mAn and the transpose matrix of array kBn. Matrix C is the covariance matrix 

with dimension m x k: mCk. By decomposing this asymmetric covariance matrix C, a 

pair of orthogonal bases for the two matrices A and B, i.e., U and V, is generated via 

SVD analysis. For the predictor A (i.e. preceding SST fields) and the predictand B (i.e. 

predicted global SST field), one may write down the following expression. 

A BT = C = U S VT,           (A.1) 

where the time-invariant orthogonal matrices mUn and kVn are commonly called the 

left and right singular vectors (l.s.v.; r.s.v.), respectively, and nSn is a diagonal matrix 

that stores the singular values usually in descending order to quantify the relative 

importance of n dominant modes. Their corresponding PC time series expansion 

coefficients, E and F, are obtained by projecting matrices A and B onto these 

orthogonal bases: 

 n En = nU
T

m mAn            (A.2a) 

 n Fn = nV
T

k kBn            (A.2b) 

In general how many SVD modes should be retained is an important yet not 

well resolved issue! One commonly-used criterion is based on the North’s rule of 

thumb (North et al. 1982) to identify the outstanding modes; another way is to 

manually make a logarithmic plot for the eigenvalues to find the adequate number of 

SVD modes that is separable from the noisy background. 

Step 2: Establish the SVD-CPPM 

Assume that the first j SVD modes are thus truncated and a linear operator jXj 

can be constructed between the two time series expansion coefficient matrices E and 

F as 

jFn = jXj jEn.            (A.3) 
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In practice, the square invertible matrix X is determined using the temporal evolution 

of the predictand and predictors from the historical observations, i.e., 

X= F E+,             (A.4) 

where E+ denotes the Moore-Penrose pseudoinverse of matrix E and can be solved 

also via the SVD analysis (Penrose 1955; Golub and van Loan 1989; Press et al. 

1992). Namely,  

if jEn = j j j j j n
T, then nEj

+ = n      
-1   j

T,     (A.5) 

where matrices   and   are the l.s.v. and r.s.v. of matrix E, respectively, and the 

summation extends over all nonzero singular values  1,  2,…,   ,   ≦ j. In terms of 

the predictor field A, the predictand field B is given by the expression: B = W A. 

Using Eqs. A.2-to-A.4 and utilizing the orthogonality of U and V, it is easy to derive 

the weight matrix W as 

W = V (F E+) UT.           (A.6) 

Thus, the projection of A onto W gives the predicted values of B. 

Step 3: Make a hindcast or prediction from given predictor column vector 

Once the prediction operator W is determined, for any given (or current) 

predictor column vector   (e.g. observed m 1 for January-to-June in year 1950) the 

corresponding predictand column vector b (e.g. kb1 for future July 1950-to-January 

1951) can be estimated as 

  = W  .            (A.7) 

Above procedure are then repeated for all years yielding 54-year predictions 

of NINO34 model used in both E5076a and E7703a experiments. Same procedure is 
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used by other statistical models (i.e. PSSLP, SEIOSLP, and TPOHC) in all 

experiments with varying length of training period (c.f. Table 1). The prediction skills 

are then estimated by comparing the observed b and predicted   time series in 

different periods. In this procedure, it might have some year-to-year dependency from 

the years on either side of the excluded year. Such an auto-regression problem can be 

further corrected possibly through the use of double cross validation (Kaas et al. 1996; 

Feddersen et al. 1999). However, its effects on the cross-validated skill have been 

argued to be minor (Barnston and Ropelewski 1992). Nevertheless, the resultant skills 

should be treated as the upper bound of the real predictability. 

Practical issues: Noise and dimension reductions via prior QR 

factorization 

In the climate-related studies, the number of variables [i.e. the m (and k) grid 

points] is usually much larger than the sample size (i.e. the n years). A preliminary 

EOF-based pre-filtering has been suggested not only to help the interpretations of the 

SVD results (Cherry 1997) but also promote it as an efficient algorithm for large scale 

datasets (Bretherton et al. 1992; named as EOF-SVD). This is achieved by using the 

respective PC coefficients, i.e. matrices E and F, in the aforementioned SVD analysis 

other than the original matrices A and B (c.f. A.1): 

C = A BT = U (E FT) VT,          (A.8) 

where matrices U and V now contains the eigenvectors (i.e. EOFs) of A and B such 

that A = U E; and B = V F. The North’s criteria can be used to decide the number of 

retained EOF modes (i.e. noise reduction). Note that two symmetric cross-covariance 

matrices need to be constructed at spatial domain before decomposing the matrices A 

and B into their EOFs (c.f. A.10 below). This may become a formidable task for 

large-scale datasets. 
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To circumvent above potential problem of computational burden, which is 

important for operation, a prior step using QR factorization technique is used to 

perform the EOF pre-filtering. For our predictor matrix mAn, and predictand matrix 

kBn, the number of rows m in A and k in B are usually much larger than the number of 

columns n. Under this circumstance, a basic matrix operation, namely the QR 

factorization (Press et al. 1992), can be first applied to both A and B to obtain 

A = QA RA, and            (A.9a) 

B = QB RB,            (A.9b) 

where QA and QB are a m-by-n and a k-by-n column-orthogonal matrix (i.e. QA
T QA = 

QB
T QB = I; I is an n-by-n identity matrix), respectively; and RA and RB are two 

n-by-n right triangular matrices. Using the QR factorization beforehand, conventional 

EOF analysis operating in the space domain then becomes the one operating in the 

time domain: 

CA = A AT = QA (RA RA
T) QA

T = QA (uλλλλA uT) QA
T = U λλλλA UT,  (A.10a) 

CB = B BT = QB (RB RB
T) QB

T = QB (vλλλλB vT) QB
T = V λλλλB VT.  (A.10b) 

The CA (m-by-m) and CB (k-by-k) are two cross-covariance matrices for A and B, 

respectively. In correspondence to U and V in the spatial domain, matrices u (with the 

same eigenvalues λA as U) and v (with the same eigenvalues λB as V) in turn are the 

eigenvectors of (RA RA
T) and (RB RB

T) in the eigen-space. The spatial eigenvectors U 

(V) are calculated by projecting QA (QB) onto u (v): 

U = QA u, and           (A.11a) 

V = QB v.            (A.11b) 

The corresponding PC coefficients E and F, utilizing the column-orthogonality of QA 

and QB, are obtained from 

E = UT A = uT RA, and          (A.12a) 
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F = VT B = vT RB.          (A.12b) 

After some more matrix manipulations, it results in the following expression for the 

pseudo-inverse of E, i.e. E+, as 

E+ = ET (E ET)-1 = RA
T uλλλλ-1

A.       (A.13) 

Meanwhile, it is interesting to note that the prediction operator W (i.e. A.6) can be 

rewritten as  

W = QB (RB RA
T) (u λλλλ-1

A uT) QA
T = QB G QA

T, where  (A.14a) 

G = (RB RA
T) (RA RA

T)-1.        (A.14b) 

The j-by-j matrix G, the mirror of physical operator W in the eigen-space, can be 

interpreted as the slope of the multi-dimensional hyperplane over which the regressed 

model minimizes the prediction errors in a least-square sense. 

Although extra matrix manipulations are needed, it was found that the 

speed-up of CPU time for this QR-based SVD procedure is 2-to-3 times faster than 

the previous EOF-based SVD approach by largely reducing the computing loadings. 
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Table 1: The skill evaluation and training periods used in NINO34, PSSLP, SEIOSLP, 

and TPOHC statistical modules for the five designed hindcast experiments 

are tabulated. 

 

Experiment 
Skill Evaluation 

Period 

Training Period 

in SVD-CPPM 

Existence of 

TPOHC (after 

1980) 

No. of 

modules in 

MMSE 

E5076a 1950-to-1976 1950-to-2003 No 6 

E5076b 1950-to-1976 1950-to-1976 No 6 

E7703a 1977-to-2003 1950-to-2003 No 6 

E7703b 1977-to-2003 1977-to-2003 No 6 

E7703c 1977-to-2003 1977-to-2003 Yes 7 



Table 2: Classification of ENSO conditions based on the phases of Southern 

Oscillation Index (SOI; Stone et al. 1996) is tabulated as a function of 

calendar months during (a) 1950-to-2003, (b) 1950-to-1976, and (c) 

1977-to-2003 periods. Number of events larger than (Avg. + 0.5 Std.) is 

marked in bold face and shaded for phase1-to-phase4 ENSO condition. The 

Total number, number of events in Cold (Sep.-to-Feb.) and Warm 

(Mar.-to-Aug.) seasons are also tabulated for phase 1-to-5. 

(a) 1950-to-2003 

 J F M A M J J A S O N D T/C/W Avg. Std. 

1 10 9 7 9 9 7 8 9 13 12 10 10 113/64/49 9.4 1.7 

2 12 10 11 9 11 12 13 12 17 14 12 12 145/77/68 12.1 1.9 

3 7 11 15 9 7 12 4 8 4 3 5 6 91/36/55 7.6 3.5 

4 12 14 10 7 17 13 11 10 5 8 9 5 121/53/68 10.1 3.5 

5 13 10 11 20 10 10 18 15 15 17 18 21 178/94/84 14.8 3.8 

 

(b) 1950-to-1976 

 J F M A M J J A S O N D T/C/W Avg. Std. 

1 4 5 0 1 2 1 1 4 5 4 4 3 34/25/09 2.8 1.7 

2 7 7 7 8 8 9 8 8 12 8 8 8 98/50/48 8.2 1.3 

3 6 5 5 5 4 3 4 2 3 1 3 3 44/21/23 3.7 1.4 

4 5 7 7 2 8 9 4 7 1 6 5 3 64/27/37 5.3 2.4 

5 5 3 8 11 5 5 10 6 6 8 7 10 84/39/45 7.0 2.3 

 

(c) 1977-to-2003 

 J F M A M J J A S O N D T/C/W Avg. Std. 

1 6 4 7 8 7 6 7 5 8 8 6 7 79/39/40 6.6 1.2 

2 5 3 4 1 3 3 5 4 5 6 4 4 47/27/20 3.9 1.3 

3 1 6 10 4 3 9 0 6 1 2 2 3 47/15/32 3.9 3.1 

4 7 7 3 5 9 4 7 3 4 2 4 2 57/26/31 4.8 2.2 

5 8 7 3 9 5 5 8 9 9 9 11 11 94/55/39 7.8 2.3 
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Figure Captions 

FIG.1. Temporal correlations between observed and DAMPER model predicted Jan. 

[(a) &  (e)], Apr. [(b) & (f)], Jul. [(c) &  (g)], and Oct. [(d) &  (h)] SSTA at 

6-month lead times over periods of 1950-to-1976 (left panels) and 

1977-to-2003 (right panels). Correlations larger than (0.38, 0.48, 0.63), 

corresponding to (0.10, 0.05, 0.01) significance level based on one-sided t test 

with effective degrees of freedom of 11 months, are contoured and shaded 

(gray, dark, black). Regions with correlations smaller than zero are hatched. 

FIG.2. Averaged correlations between the observed and predicted SST anomalies 

within the equatorial wave guide regions (7.5S-to-7.5N) as a function of 

longitude (x-axis) and calendar months (y-axis) at 6-month lead times for 

various hindcast experiments made by NINO34 [(a) & (e)], PSSLP [(b) & (f)], 

SEIOSLP [(c) & (g)], OCZ [(d)], and MCZ [(h)] over the 1950-to-1976 

evaluation period. Contour lines are at 0.1, 0.3, 0.5, 0.6, 0.7, and 0.8, and 

values of correlation larger than (0.3, 0.5, 0.7) are shaded (gray, dark, black). 

FIG.3. As in FIG.2, but over the 1977-to-2003 (1980-to-2003 for TPOHC module) 

evaluation period. 

FIG.4. As in FIG.3, but for the optimized result of MMSE in (a) E7703a, (b) E7703b, 

and (c) E7703c hindcast experiments. 

FIG.5. Correlations between observed and predicted Apr. Niño1+2 [(a) &  (b)], Jul. 

Niño3.4 [(c) &  (d)], Oct. western Pacific warm pool [(e) &  (f); 130?160E, 5S?

5N], and Jan. western North Pacific [(g) &  (h); 110?170E, 10?30N] indices as 

a function of lead times (x-axis) are shown in the left panels (right panels) for 

E5076b (E7703c) hindcasts during 1950-to-1976 (1977-to-2003) period. The 

horizontal lines indicate the 0.1, 0.05, and 0.01 significant levels. 

FIG.6. Averaged correlations between the observed and model-predicted 6-month lead 
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SST anomalies over the northern Indian Ocean [45E-to-107.5E; 10N-to-20N; 

(a)&(b)] and extended SEIO region [60E-to-120E; 10S-to-40S; (c)&(d)] as a 

function of targeted calendar month (x-axis) are shown for 1950-to-1976 (left 

panels) and 1977-to-2003 (right panels) periods. The horizontal lines indicate 

the 0.1, 0.05, and 0.01 significant levels. 

FIG.7. Averaged correlations between observed and predicted SST anomalies 

generated by various models (and MMSE; in colored lines) over the Niño3.4 

region as a function of lead times (x-axis) are shown for different ENSO 

conditions based on the SOI classification of phases 1 and 2 occurred in the 

cold (Sep.-to-Feb.) seasons and phases 3 and 4 occurred in the warm 

(Mar.-to-Aug.) seasons during the periods of 1950-to-1976 (left panels) and 

1977-to-2003 (right panels). Number of cases (i.e. months) in each phase for 

different regime is marked in the upper-right corner. The horizontal lines 

indicate the 0.1, 0.05, and 0.01 significant levels. 

FIG.8. Correlations between observed and various model (labeled to the right) 

predicted SSTA at 6-month lead times are shown for El Nino (left panels) and 

La Nina (right panels) conditions based on the combined phases 1 and 3, and 

phases 2 and 4 of SOI during the year round period of 1950-to-1976, 

respectively. Contour lines are at 0.4, 0.5, 0.7, and 0.8. Values larger than (0.5, 

0.7, 0.8) are (gray, dark, black) shaded. 

FIG.9. As in FIG.8, but for the period of 1977-to-2003. 

FIG.10. As in FIG.8, but for the results of MMSEb and MMSEc in the periods of 

1950-to-1976 (upper panels) and 1977-to-2003 (lower panels), respectively. 

FIG.11. The correlation skill of 6-month lead SSTA in the OPGSST1.2 (left panels) 

and NCEP/CFS (right panels) for the four standard seasons evaluated in the 

period of 1981-2003.
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FIG.1. Temporal orrelations between observed and DAMPER model predicted 

Jan. [(a) &  (e)], Apr. [(b) & (f)], Jul. [(c) &  (g)], and Oct. [(d) &  (h)] SSTA at 

6-month lead times over periods of 1950-to-1976 (left panels) and 

1977-to-2003 (right panels). Correlations larger than (0.38, 0.48, 0.63), 

corresponding to (0.10, 0.05, 0.01) significance level based on one-sided t test 

with effective degrees of freedom of 11 months, are contoured and shaded 

(gray, dark, black). Regions with correlations smaller than zero are hatched. 
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FIG.2. Averaged correlations between the observed and predicted SST anomalies 

within the equatorial wave guide regions (7.5S-to-7.5N) as a function of longitude 

(x-axis) and calendar months (y-axis) at 6-month lead times for various hindcast 

experiments made by NINO34 [(a) & (e)], PSSLP [(b) & (f)], SEIOSLP [(c) & (g)],

OCZ [(d)], and MCZ [(h)] over the 1950-to-1976 evaluation period. Contour lines 

are at 0.1, 0.3, 0.5, 0.6, 0.7, and 0.8, and values of correlation larger than (0.3, 0.5, 

0.7) are shaded (gray, dark, black). 
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FIG.3. As in FIG.2, but over the 1977-to-2003 (1980-to-2003 for TPOHC module) 

evaluation period. 
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   FIG.3 (continued) 
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FIG.4. As in FIG.3, but for the optimized result of MMSE in (a) E7703a, (b) E7703b, 

and (c) E7703c hindcast experiments. 
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FIG.5. Correlations between observed and predicted Apr. Niño1+2 [(a) &  (b)], Jul. 

Niño3.4 [(c) &  (d)], Oct. western Pacific warm pool [(e) &  (f); 130?160E, 5S?5N], 

and Jan. western North Pacific [(g) &  (h); 110?170E, 10?30N] indices as a function of 

lead times (x-axis) are shown in the left panels (right panels) for E5076b (E7703c) 

hindcasts during 1950-to-1976 (1977-to-2003) period. The horizontal lines indicate 

the 0.1, 0.05, and 0.01 significant levels. 
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FIG.6. Averaged correlations between the observed and model-predicted 6-month lead 

SST anomalies over the northern Indian Ocean [45E-to-107.5E; 10N-to-20N; (a)&(b)] 

and extended SEIO region [60E-to-120E; 10S-to-40S; (c)&(d)] as a function of 

targeted calendar month (x-axis) are shown for 1950-to-1976 (left panels) and 

1977-to-2003 (right panels) periods. The horizontal lines indicate the 0.1, 0.05, and 

0.01 significant levels. 
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FIG.7. Averaged correlations between observed and predicted SST anomalies 

generated by various models (and MMSE; in colored lines) over the Niño3.4 region as 

a function of lead times (x-axis) are shown for different ENSO conditions based on 

the SOI classification of phases 1 and 2 occurred in the cold (Sep.-to-Feb.) seasons 

and phases 3 and 4 occurred in the warm (Mar.-to-Aug.) seasons during the periods of 

1950-to-1976 (left panels) and 1977-to-2003 (right panels). Number of cases (i.e. 

months) in each phase for different regime is marked in the upper-right corner. The 

horizontal lines indicate the 0.1, 0.05, and 0.01 significant levels. 
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FIG.8. Correlations between observed and various model (labeled to the right) 

predicted SSTA at 6-month lead times are shown for El Nino (left panels) and La Nina 

(right panels) conditions based on the combined phases 1 and 3, and phases 2 and 4 of 

SOI during the year round period of 1950-to-1976, respectively. Contour lines are at 

0.4, 0.5, 0.7, and 0.8. Values larger than (0.5, 0.7, 0.8) are (gray, dark, black) shaded. 
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FIG.9. As in FIG.8, but for the period of 1977-to-2003. 
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FIG.10. As in FIG.8, but for the results of MMSEb and MMSEc in the periods of 

1950-to-1976 (upper panels) and 1977-to-2003 (lower panels), respectively. 

 






















































































































































