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Abstract: Recent extensive studies have suggested that the occurrence

of warm-pool El Niño has increased since the late 1970s and will

increase in future climate. Occurrence frequencies of cold-tongue and

warm-pool El Niño have been investigated in the observational record

(1980-2006) and in the future 50 years (2007-2056) based on 100

synthetic SST datasets with estimates of statistical confidence. In the

observational record, 80% of the warm-pool El Niño occurred since

1980 over a period of 27 years; only 20% of the warm-pool El Niño

occurred prior to 1980 over a period of 110 years. The 100 synthetic

datasets, on average, produce 142 months of cold-tongue El Niño in

2007-2056 as opposed to an average 107 months in the same length

of the observational data; this is a 20.7% increase in the occurrence

of cold-tongue El Niño compared with the observational period.

Warm-pool El Niño occurred for 112 months in 2007-2056 as

opposed to an average occurrence of 42 months in the observational

record; this is 2.5 times the occurrence frequency in the 1980-2006

period in the synthetic datasets. As a result, occurrence frequencies

of cold-tongue and warm-pool El Niño in the period of 2007-2056

become quite comparable to each other in the synthetic datasets. It is

expected in the next 50 years that warm-pool El Niño will be nearly

as frequent as cold-tongue El Niño. 

Key words: Warm-pool El Niño, cold-tongue El Niño, CSEOF
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1. Introduction

A new type of El Niño, the warm-pool El Niño (also named

the central Pacific El Niño or El Niño Modoki) and its difference

with the cold-tongue El Niño (also named the eastern Pacific El

Niño or conventional El Niño) have been extensively studied

and discussed (Ashok et al., 2007; Ashok and Yamagata, 2009;

Kao and Yu, 2009; Kug et al., 2009, 2010; Trenberth and Smith,

2009; Yeh et al., 2009; Yu and Kim, 2010a,b). The warm-pool

El Niño is reported to have increased since the late 1970s

(Ashok et al., 2007; Yeh et al., 2009; Lee and McPhaden, 2010).

Predicting the cold-tongue El Niño and warm-pool El Niño is

important because of their considerable impacts on oceanic and

atmospheric dynamics on various timescales over wide regions

(Ashok et al., 2007; Chang et al., 2008; Ashok et al., 2009; Cai

and Cowan, 2009; Chou et al., 2009; Hill et al., 2009; Kim et

al., 2009; Lim et al., 2009; Taschetto and England, 2009; Yeh et

al., 2009; Chen and Tam, 2010; Collins et al., 2010; Luo et al.,

2010; Mo, 2010; Solomon, 2010; Yeh et al., 2010). While

estimates of the increasing occurrence frequency of warm-pool

El Niño are abundant, confidence estimates are rare making it

difficult to assess the reliability of the trend estimates. While

model simulations also showed that the occurrence frequency of

warm-pool El Niño would increase in future climate (Yeh et al.,

2009), it is not yet evident if the same trend will be seen in the

observational data (Collins et al., 2010). 

This study aims to supplement existing literatures by providing

detailed estimates of the occurrence frequencies of cold-tongue

El Niño and warm-pool El Niño together with the estimates of

statistical confidence. In addition, occurrence frequencies of

cold-tongue El Niño and warm-pool El Niño in the next 50 years

have been investigated by extending the observational record of

tropical Pacific sea surface temperature. For this, 100 synthetic

datasets of sea surface temperature in the tropical Pacific have

been generated in such a manner that their statistical and physical

properties concur with those of the observational data.

The observational data used in the present study is explained in

section 2. Details of the methods of analysis are explained in

section 3 followed by the results and their discussion in section 4.

Summary and concluding remarks are given in section 5.

Detailed comparisons of the statistical properties of the synthetic

datasets against those of the observational data are shown as

appendix materials.

2. Data

Data employed in the present study is AMIP (Atmospheric

Model Inter-comparison Project) monthly sea surface tempera-

ture data (Gates, 1992). Monthly sea surface temperature at 1o ×

1o resolution is available for the period of 1870-2006 (137

years). Major modes of cyclostationary EOFs from this dataset

are similar to those derived from the extended reconstruction sea

surface temperature data (Smith et al., 2008) or from the simple

ocean data assimilation (SODA) dataset (Carton and Giese,

2008).
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3. Method of Analysis

a. CSEOF Analysis

Cyclostationary empirical orthogonal function (CSEOF) analy-

sis was applied to sea surface temperature (SST) anomalies (Kim

et al., 1996; Kim and North, 1997). Space-time data, T(r,t), are

decomposed into cyclostationary loading vectors (CSLVs),

Bn(r,t), and their corresponding principal component (PC) time

series, Tn(t):

. (1)

Each CSLV represents the space-time evolution of a physical

process and is periodic in time with the nested period, d:

Bn(r,t) = Bn(r,t + d). (2)

This periodicity derives from the periodicity of the underlying

covariance statistics and is set to 24 months considering that

there is approximately biennial variability in the tropical Pacific

SST anomalies (Kim, 2002; Boo et al., 2004). The correspond-

ing PC time series describes the long-term amplitude variation

of the specific physical evolution. 

Thus, CSEOF analysis decomposes data into deterministic

physical evolutions with stochastic amplitude time series. In the

context of CSEOF analysis, therefore, a forecast or generation

of synthetic data can be accomplished by simply forecasting or

generating artificial PC time series. That is,

(3)

where T(r,t) are forecasted or synthetic data and Tn(t) are fore-

casted or synthetically generated PC time series. Note that Bn(r,t)

is perfectly known at any time because of its periodicity.

b. Autoregressive Modeling

Once CSEOF analysis is completed, synthetic SST data can

be obtained by generating an artificial PC time series using an

autoregressive (AR) model fit. A time series, T(t), is called an

autoregressive process, AR(p,α,σ2), if 

, (4)

where ε(t) is a white noise process with mean zero and variance

σ2. The parameter p is called the order of the AR process and α

is a vector of AR coefficients. Fitting an AR model to a given

time series, therefore, means the determination of three param-

eters that best describe the given time series. A criterion called

CAT (criterion autoregressive transfer function) or AIC (Akaike’s

information criterion) can be used to determine these param-

eters (Newton, 1988); the two criteria result in identical sets of

parameters most of the time. 

Prior to an AR model fit to each PC time series, a linear trend

has been removed from each PC time series for the data interval

(1870-2006). A linear trend was determined such that root-

mean-square error is minimized. Then, the best AR model was

identified for each PC time series with a linear trend removed:

, (5)

where the subscript and the superscript, n, signifies that the

parameter is for the nth PC time series and ε
n
(t) is a white noise

time series with variance , that is,

. (6)

Best AR models for the first 20 PC time series have been

identified as shown in Table 1. 

Once an AR model is identified for each PC time series, a

synthetic time series can be generated based on (5). Namely,

given a white noise time series with variance σ2, one can generate

a new time series based on (5). By using a different realization

of white noise time series, , 100 different time series

of the length of 7200 months (= 600 years) were generated, the

first 4956 months (= 413 years) have been eliminated in order

to remove the arbitrariness of the initial values of Tn(t). This

exercise has been repeated for the first 20 PC time series. Then,

the trend for each time series is added back to the synthetic PC

time series assuming that each PC time series spans a period of

1870-2056 covering the period of the observational data plus 50

years in the future (2007-2056). Then, artificial SST is obtained

from (3), where Tn(t) are the synthetic PC time series. As a result,

there will be 100 new SST datasets whose statistical properties

are (nearly) identical with the observational time series. More

importantly, the new SST datasets exhibit (nearly) identical

physical processes, which were extracted from the observational

data. See Appendices for detailed comparisons of statistics of

the artificial SST datasets with those of the observational SST.

4. Results and Discussion

a. Histogram of the NINO indices

Figure 1 shows the histogram of the NINO3 index time series.

T r t,( ) Bn r t,( )Tn t( )
n∑=
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Table 1. AR model fit (see Eq. 5) for the first 20 CSEOF PC time
series of the tropical Pacific SSTs.

PC p σ
2 PC p σ

2

1 37 0.17198E-05 11 55 0.44111E-05

2 24 0.17616E-04 12 55 0.49243E-05

3 17 0.82522E-04 13 56 0.83522E-05

4 23 0.29107E-04 14 54 0.30199E-05

5 53 0.80598E-05 15 75 0.38802E-06

6 55 0.70098E-05 16 49 0.79538E-05

7 30 0.14080E-04 17 54 0.26987E-05

8 27 0.15624E-06 18 98 0.22374E-06

9 76 0.79851E-06 19 54 0.13974E-05

10 55 0.97202E-05 20 54 0.54364E-06
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As can be seen, histograms from the synthetic records are

reasonably similar to that of the observational record although the

negative end of the anomalies is slightly overestimated while the

positive end is slightly underestimated. For future simulations,

centers of the histograms based on the synthetic datasets are

shifted toward a positive direction; as a result, mean values of the

NINO3 index time series from the synthetic datasets are slightly

increased.

Figure 2 shows the histogram of the NINO4 index time series.

Histograms based on the synthetic datasets are negatively biased

slightly for the observational period. For future simulations,

histograms are positively biased with more occurrences of

positive values and less occurrences of negative values. As a

result, mean values of the NINO4 index time series are higher

than that of the observational record.

b. Cold-tongue El Niño versus warm-pool El Niño

Figure 3 shows the cold-tongue and warm-pool El Niño occur-

rences in months in the synthetic datasets in comparison with

those of the observational data (1870-2006). A cold-tongue El

Niño occurred in a certain month if the SST anomaly (from the

mean seasonal cycle) in the NINO3 region (150oW-90oW × 5oS-

5oN) were greater than 0.5oC and the SST anomaly in the

NINO4 region (200oW-150oW × 5oS-5oN). Likewise, a warm-

pool El Niño occurred in a certain month if the SST anomaly in

the NINO4 region were greater than 0.5oC and the SST anomaly

in the NINO3 region. A number of occurrences in months was

converted into a number of occurrences in years in Fig. 3. As

Fig. 1. Number of occurrences in month of the NINO3 indices for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period).
The red solid curve denotes the observed number of occurrences of NINO3 and blue dotted curves denote the number of occurrences of NINO3
indices for the synthetic datasets.

Fig. 2. Number of occurrences in months of the NINO4 indices for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period).
The red solid curve denotes the observed number of occurrences of NINO4 and blue dotted curves denote the number of occurrences of NINO4
indices for the synthetic datasets.

Fig. 3. The cold-tongue (upper) and the warm-pool (lower) El Niño
occurrences in years in the observational data in the period of 1870-
2006 (red) and in the 100 synthetic SST records in the same period.
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can be seen in Fig. 3, the numbers of cold-tongue and warm-

pool El Niño in the synthetic SST datasets are reasonably similar

to those of the observational record (see Table 2); specifically,

the mean occurrences of the cold-tongue El Niño in the synthetic

SST datasets is 327 months in comparison with 308 months in

the observational data and that of the warm-pool El Niño is 118

months in the synthetic datasets in comparison with 118 months

in the observational record. Therefore, the difference is less than

1% for both cases.

Figure 4 shows the average temperatures of the cold-tongue

and warm-pool El Niño. The mean temperature of the cold-

tongue El Niño in the synthetic datasets is 0.97oC in comparison

with 1.19oC in the observational record whereas the mean

temperature of the warm-pool El Niño in the synthetic datasets

is 0.77oC in comparison with 0.79oC in the observational record.

Thus, the synthetic datasets underestimate the mean temperature

of the cold-tongue El Niño by 18%. Mean standard deviation of

the cold-tongue El Niño is similarly underestimated by 32%

whereas that of the warm-pool El Niño is overestimated by 11%

(Fig. 5). A close examination reveals that the NINO3 index time

series are significantly asymmetric in terms of the sign of anom-

alies; positive anomalies are stronger than negative anomalies

but the former occur less frequently. Not all the synthetic

datasets capture this asymmetry in the sign of anomalies. 

The standard deviation of the cold-tongue El Niño also shows

that the synthetic datasets underestimate the cold-tongue

variability (Fig. 5). Figures 3-5, therefore, indicate that while the

occurrence frequency of cold-tongue El Niño is reasonably

reproduced in the synthetic datasets, temperatures of cold-tongue

El Niño tend to be underestimated in the synthetic datasets. On

the other hand, warm-pool El Niño has been reproduced

reasonably in the synthetic datasets in terms of their occurrence

frequency, mean temperature and temperature variability. This

discrepancy should be borne in mind when the variation of the

statistics of cold-tongue and warm-pool El Niño is interpreted

for the future.

Kug et al. (2009) and Yeh et al. (2009) indicated that the

occurrence frequency of warm-pool El Niño has increased in

recent years; Fig. 6 shows that that is indeed the case. While the

occurrence frequency of cold-tongue El Niño is nearly constant

in the observational data judging from the left panel of Fig. 6,

that of warm-pool El Niño has dramatically increased since the

1970’s as shown in the right panel of Fig. 6. In fact, more than

80% of warm-pool El Niño has occurred since 1980 over 27-yr

period. On the other hand, only 20% of warm-pool El Niño is

seen over the 110-yr period from 1870 to 1979. This difference

is significant at 99% based on the standard deviation of the

synthetic datasets over the observational period (see Table 2).

Even considering the future period, this difference is 99%

significant.

Figure 6 shows that the synthetic datasets also indicate that the

occurrence frequency of the cold-tongue El Niño did not change

much whereas the occurrence frequency of the warm-pool El

Niño has increased significantly in recent years and this trend

will accelerate in future. In the context of statistical methodology

employed in the present study, this acceleration is due to the

trends in the PC time series during the observational period.

From a physical standpoint, the trends in the PC time series

indicate strengthening of certain physical modes. As shown in

Table 2. A comparison of statistics between the observational data
(OBS) and the synthetic datasets (SYN) in terms of El Niño occur-
rences (OCCR), mean temperatures over NINO regions (MEAN), and
standard deviation of mean temperatures (STDV). The column marked
STD represents the standard deviation of the estimated quantity based
on the 100 synthetic datasets.

PERIOD VAR
1870-2006 2007-2056

OBS SYN STD OBS SYN STD

Cold-
Tongue El 

Niño

OCCR 292 327 38 107 142 27

MEAN 1.165 0.971 0.046 1.165 1.033 0.086

STDV 0.550 0.393 0.042 0.550 0.419 0.067

Warm-
Pool El 
Niño

OCCR 114 118 24 42 112 27

MEAN 0.770 0.774 0.046 0.770 0.840 0.061

STDV 0.202 0.240 0.049 0.202 0.278 0.052

Fig. 5. The standard deviation (oC) of the cold-tongue (upper) and the
warm-pool (lower) El Niño temperatures in the observational data in
the period of 1870-2006 (red) and those of the 100 synthetic SST
records in the same period.

Fig. 4. The mean temperature anomalies (
o
C) of the cold-tongue

(upper) and the warm-pool (lower) El Niño in the observational data in
the period of 1870-2006 (red) and those of the 100 synthetic SST
records in the same period.
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the right panel of Fig. 6, synthetic datasets did not reproduce the

acceleration rate accurately. This appears to indicate that the

trend in the PC time series may not be a linear one; perhaps, an

exponential trend would have reproduced the acceleration rate

more adequately. Nonetheless, the synthetic datasets clearly

show the increasing occurrences of the warm-pool El Niño in the

years to come.

The occurrence frequencies of cold-tongue El Niño and

warm-pool El Niño have been compared in Fig. 7. As a com-

parison with Fig. 3 indicates, the occurrence frequencies of both

the cold-tongue and warm-pool El Niño will be increased in the

next 50 years according to a statistical analysis of the tropical

Pacific SST. While the increase of occurrence frequency is

marginal for the NINO3 index time series, that of the NINO4

index time series is significant. As already addressed in Kug et

al. (2009) and Yeh et al. (2009), observational data indeed con-

firm that the occurrence frequency of warm-pool El Niño will

increase relative to that of cold-tongue El Niño. While, for the

observational period, differences in the occurrence frequency

between the observational data and the synthetic datasets are

within one standard deviation for both the cold-tongue and

warm-pool El Niño, differences for both occurrence frequencies

increased in the future period (Table 2). Specifically, the cold-

tongue El Niño occurred in 35 months more than would be in

the same length of the observation record; this increase is 1.3

times the standard deviation. The warm-pool El Niño occurred

in 70 more months than the observational record. This increase

is 2.6 times the standard deviation and 1.7 times the occurrence

frequency in the same length of the observational record. This

difference cannot be rejected at 99% confidence level.

The increase in the mean NINO3 temperature anomalies

when they are greater than 0.5oC and are stronger than NINO4

temperature anomalies is 0.062oC, which is less than one

standard deviation of the synthetic datasets (Table 2). The

increase in the mean NINO4 temperature anomalies is 0.070oC,

which is greater than one standard deviation of the synthetic

datasets. Figure 8, in comparison with Fig. 4, clearly shows that

both temperatures increased; the increase of the NINO4 domi-

nance is statistically more conclusive.

Figure 9 shows the histograms of occurrence frequencies of

the synthetic data for the observational period and for the future

50-yr period. Occurrence frequencies of both cold-tongue and

warm-pool El Niño have increased significantly in the future

Fig. 6. Occurrences in months of cold-tongue (left) and the warm-pool (right) El Niño in the observational data (red; 1870-2006) and in the 100
synthetic datasets (blue; 1870-2056).

Fig. 7. The cold-tongue (upper) and the warm-pool (lower) El Niño
occurrences in years in the observational data in the period of 2007-
2056 (red) and in the 100 synthetic SST records in the same period.

Fig. 8. The mean temperatures (
o
C) of the cold-tongue (upper) and the

warm-pool (lower) El Niño in the observational data in the period of
2007-2056 (red) and those of the 100 synthetic SST records in the
same period.
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simulations. Particularly, occurrence frequency of warm-pool El

Niño has shifted significantly toward a much higher frequencies.

It is noteworthy that the range of occurrence frequency is much

wider in the simulated future records.

Figure 10 shows the histograms of mean temperatures of cold-

tongue and warm-pool El Niño in the synthetic data for the 50-

yr period in comparison with those of the observational period.

As can be seen, mean temperatures of the both types of El Niño

increased in the future synthetic data. Distribution of mean

temperature has shifted toward the warmer end for both types of

El Niño. It appears that the distribution of warm-pool El Niño is

more skewed toward the warmer side resulting in relatively

more frequent occurrence of warm-pool El Niño than cold-

tongue El Niño.

5. Summary and Concluding Remarks

Occurrence frequencies of cold-tongue and warm-pool El

Niño in the future 50 years (2007-2056) have been investigated

based on 100 synthetic SST datasets. The synthetic datasets were

generated based on the synthetic PC time series and the CSEOF

loading vectors derived from the observational data. The

synthetic PC time series were constructed based on AR model

fitting to each PC time series; trends in the PC time series were

removed prior to AR model fitting and then were added back in

the synthetic PC time series. 

The statistics (mean and covariability) of the synthetic datasets

are reasonably similar to those of the observational data. The

number of cold-tongue El Niño has been slightly overestimated

although the difference is within one standard deviation. On the

other hand, the mean temperatures of cold-tongue El Niño have

been underestimated by about 2 standard deviations. Further, the

synthetic datasets underestimated the rate of increase of the

warm-pool El Niño although they show the acceleration of the

frequency of warm-pool El Niño. These are important caveats in

the present study and the results should be interpreted in the

context of these caveats.

In the observational record, 80% of the warm-pool El Niño

occurred since 1980 over a period of 27 years; only 20% of the

warm-pool El Niño occurred prior to 1980 over a period of 110

years. This increase appears to be significant and exceed the

99% confidence level based on the synthetic datasets. Although

the synthetic datasets underestimate the acceleration of there is a

clear sign of the acceleration of the frequency of warm-pool El

Fig. 9. Histogram of occurrence frequencies of (left) cold-tongue El Niño for 1870-2006 (blue) and for 2007-2056 (red), and (right) warm-pool El
Niño for 1870-2006 (blue) and for 2007-2056 (red). The unit for the y-axis is number of years.

Fig. 10. Histogram of mean temperatures of (left) cold-tongue El Niño for 1870-2006 (blue) and for 2007-2056 (red), and (right) warm-pool El Niño
for 1870-2006 (blue) and for 2007-2056 (red). The unit for y-axis is number of years.
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Niño; on average 34% (± 11%) of warm-pool El Niño occurred

since 1980 in the synthetic datasets with a maximum occurrence

of 54%.

The 100 synthetic datasets, on average, produce 142 months

of cold-tongue El Niño in 2007-2056 as opposed to an average

107 months in the same length of the observational data; this is a

20.7% increase in the occurrence of cold-tongue El Niño com-

pared to the observational period. Warm-pool El Niño occurred

for 112 months as opposed to an average occurrence of 42

months in the observational record; this is 2.5 times the

occurrence frequency in the 1980-2006 period in the synthetic

datasets. As a result, frequencies of cold-tongue and warm-pool

El Niño in the period of 2007-2056 become quite comparable to

each other in the synthetic datasets-142 vs. 112 months. Note

that the frequency of warm-pool El Niño is only at 70% of the

observed frequency in the 1980-2006 period. Thus, the

frequency of warm-pool El Niño in the future period might be a

low, potentially very low, estimate. According to the present

analysis, therefore, it is expected in the next 50 years that warm-

pool El Niño will be nearly as frequent as cold-tongue El Niño.

This is a study based on statistical analysis and the results

should be interpreted accordingly. Future change in the frequency

of warm-pool El Niño is due to the linear trends in the PC time

series, which, in the context of CSEOF analysis, implies change

in the strength of physical processes in the equatorial Pacific.

Detailed analysis of key physical variables and numerical

modeling are needed to understand the nature of physical

processes responsible for the change. 
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Appendix 1. Statistics of PC time series

Figure A1 shows the first PC time series (red) and the 100

synthetically generated PC time series (blue) based on the best

AR model. As can be seen, the synthetic time series are fairly

similar to the original PC time series with reasonable mean

values and standard deviations. A comparison of AR spectra also

shows that the synthetic time series have nearly identical spectral

composition (Fig. A2).

Figure A3 shows the second PC time series with 100 synthetic

time series. The mean and the standard deviations of synthetic

time series are similar to those of the second PC time series. The

100 synthetic time series represent different realizations of the

AR model, for which the mean and the standard deviation

fluctuate. In the mean sense, however, the synthetic time series

represent well the original PC time series. Note that the synthetic

time series also describes the linear trend in the original time

series. As shown in Fig. A4, the spectrum of the synthetic time

series matches well with that of the original PC time series.

Likewise, the first two moment statistics (mean and variance)

were well reproduced for the first 20 PC time series (figures not

shown).

Appendix 2. Autocorrelation and cross-correlation
statistics

Figure A5 shows the autocorrelation functions of NINO3

index time series for the observational period (red curve) against

those of the synthetic time series for the same period (blue) on

the left and for the future 50 years on the right. Generally,

NINO3 index time series derived from the synthetic datasets

exhibit shorter e-folding correlation scales although the resulting

autocorrelation functions are fairly similar to that of the

observational data. For the future 50-yr simulation, the same

conclusion holds although the spread of the e-folding temporal

scales is larger than that for the observational period. This result

is interpreted that the correlation time scale in the eastern

equatorial Pacific will become a little shorter in future.

Figure A6 shows autocorrelation functions of NINO4 index

time series. For the observational period, autocorrelation functions

of NINO4 index time series from the synthetic datasets are

reasonably similar to that of the observational record whereas

Fig. A2. The AR(37) spectrum of the first PC time series (red) and
those of the 100 synthetic time series (blue).

Fig. A1. The first PC time series (red) and the 100 synthetic time series
(blue) generated by the best AR model (upper panel), and their mean
values (middle panel) and standard deviations (bottom panel). 

Fig. A4. The AR(24) spectrum of the second PC time series (red) and
those of the 100 synthetic time series (blue). 

Fig. A3. The second PC time series (red) and the 100 synthetic time
series (blue) generated by the best AR model (upper panel), and their
mean values (middle panel) and standard deviations (bottom panel). 
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the e-folding time scales of the former tend to be slightly shorter

than that of the observational data. For the future 50-yr simu-

lations, the spread of the e-folding time scales becomes larger

than that for the observational period. This implies that the

autocorrelation time scales of variability in the eastern equatorial

Pacific will be slightly shorter in future.

Figure A7 shows cross-correlation function between NINO3

and NINO4 index time series. As can be seen, NINO3 index

leads (positive lag) NINO4 index by less than 1 month. For the

observational period, cross-correlation functions based on the

synthetic datasets are reasonably similar to that of the observa-

tional record. Correlation decreases slightly more rapidly away

from the maximum cross-correlation in the synthetic datasets. In

the future 50-yr simulations, on the other hand, correlation tends

to decreases more rapidly and the spread of e-folding time scales

is wider than in the observational period. This implies that

physical processes with shorter time scales tend to become more

prominent between the central Pacific and the eastern Pacific.

As a result, correlation time scale between the central Pacific

and the eastern Pacific becomes shorter.

Figure A8 shows cross-correlation function between the west-

ern Pacific (140oE-160oE × 5oS-5oN) and the eastern Pacific

Fig. A5. Autocorrelation functions of NINO3 index time series for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period).
The red solid curve denotes the observed Niño3 index time series and blue dotted curves denote the synthetic NINO3 index time series.

Fig. A6. Autocorrelation functions of NINO4 index time series for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period).
The red solid curve denotes the observed Niño4 index time series and blue dotted curves denote the artificial NINO4 index time series.

Fig. A7. Cross-correlation of NINO3 and NINO4 indices for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period). The
red solid curve denotes cross-correlation in the observational record and the blue dotted curves denote cross-correlation in the synthetic datasets.
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(100oW-80oW × 5oS-5oN). The western Pacific SST anomalies

lead the eastern Pacific SST anomalies by about 2 months in the

observational record. The synthetic datasets also show that the

western Pacific SST variability leads that of the eastern Pacific.

Maximum negative correlations in the synthetic datasets are

slightly lower than that in the observational record whereas

maximum positive correlations at ~ ± 1-yr lag are slightly

higher than that in the observational record. For the 50-yr future

simulations, the spread of the maximum negative correlations is

fairly wide on both sides of the observational record. The same

is true for the maximum positive correlations. This implies that

the physical connection between the western Pacific and the

eastern Pacific will generally become more variable in future

than now.

Appendix 3. Variance statistics

Figure A9 shows the monthly variances of NINO3 index time

series. As in the observational record, monthly variances of

NINO3 index time series derived from synthetic datasets exhibit

stronger variance in winter and weaker variance in late string

and summer although the synthetic variances are slightly smaller

Fig. A8. Cross-correlation of the western Pacific (140
o
E-160

o
E × 5

o
S-5

o
N) and the eastern Pacific (100

o
W-80

o
W × 5

o
S-5

o
N) SST for 1870-2006

(left; observational period) and 2007-2056 (right; prediction period). The red solid curve denotes the observed correlation of the western Pacific and
the eastern Pacific SST and blue dotted curves denote the cross-correlation in the synthetic datasets.

Fig. A9. Variance of NINO3 index for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period). The red solid curve denotes
the observed variance of NINO3 index and blue dotted curves denote the variance of NINO3 index for the synthetic datasets.

Fig. A10. Variance of NINO4 index for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period). The red solid curve denotes
the observed variance of NINO4 index and blue dotted curves denote the variance of NINO4 index for the synthetic datasets.
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than that of the observational record. For the future 50-yr

simulations, variances of NINO3 index time series from the

synthetic datasets are closer to the observed variances with a

smaller spread. Likewise, variances of NINO4 index time series

exhibit a narrower spread for the future 50-yr period than for the

observational period (Fig. A10).

Figure A11 shows the monthly variance of the western Pacific

SST. As can be seen, variances from the synthetic datasets are

slightly stronger than that of the observational record with a

wider spread of variance in winter. On the other hand, variances

of the future 50-yr simulations are similar in magnitude to that

of the observational record with a narrower spread. 

Figure A12 shows the monthly variance of the eastern Pacific

SST. Generally, the synthetic datasets tend to underestimate the

monthly variance of the eastern Pacific for the observational

period. For the future 50-yr simulations, on the other hand, the

synthetic datasets result in the monthly variances, which are in

close agreement with that of the observational data.

Fig. A11. Variance of the western Pacific SST for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period). The red solid
curve denotes the observed variance of the western Pacific SST and blue dotted curves denote the variances of the western Pacific SST for the
synthetic datasets.

Fig. A12. Variance of the eastern Pacific SST for 1870-2006 (left; observational period) and 2007-2056 (right; prediction period). The red solid
curve denotes the observed variance of the eastern Pacific SST and blue dotted curves denote the variances of the eastern Pacific SST for the
synthetic datasets.




