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ABSTRACT
Focusing on ENSO seasonal phase locking, diversity in peak location, and propagation direction, as well as
the El Niño–La Niña asymmetry in amplitude, duration, and transition, a set of empirical probabilistic diagnostics (EPD) is introduced to investigate how the ENSO behaviors reflected in SST may change in a
warming climate.
EPD is first applied to estimate the natural variation of ENSO behaviors. In the observations El Niños and
La Niñas mainly propagate westward and peak in boreal winter. El Niños occur more at the eastern Pacific
whereas La Niñas prefer the central Pacific. In a preindustrial control simulation of the GFDL CM2.1 model,
the El Niño–La Niña asymmetry is substantial. La Niña characteristics generally agree with observations but
El Niño’s do not, typically propagating eastward and showing no obvious seasonal phase locking. So an
alternative approach is using a stochastically forced simulation of a nonlinear data-driven model, which exhibits reasonably realistic ENSO behaviors and natural variation ranges.
EPD is then applied to assess the potential changes of ENSO behaviors in the twenty-first century using
CMIP5 models. Other than the increasing SST climatology, projected changes in many aspects of ENSO
reflected in SST anomalies are heavily model dependent and generally within the range of natural variation.
Shifts favoring eastward-propagating El Niño and La Niña are the most robust. Given various model biases
for the twentieth century and lack of sufficient model agreements for the twenty-first-century projection,
whether the projected changes for ENSO behaviors would actually take place remains largely uncertain.

1. Introduction
ENSO behaviors in observations and models have
shown rich diversity and asymmetry. El Niños can peak
at both the eastern Pacific (EP) and the central Pacific
(CP) (e.g., Larkin and Harrison 2005; Ashok et al. 2007;
Weng et al. 2007; Kao and Yu 2009; Kug et al. 2009;
Taschetto and England 2009; Lee and McPhaden 2010;
Newman et al. 2011; Takahashi et al. 2011; Karnauskas
2013; Capotondi et al. 2015; Fedorov et al. 2015; D. Chen
et al. 2015). Extreme El Niños propagate eastward
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whereas moderate El Niños and La Niñas tend to propagate westward (Fedorov and Philander 2001; McPhaden
and Zhang 2009; Lengaigne and Vecchi 2010; Santoso
et al. 2013; Kim and Cai 2014). Asymmetries between El
Niño and La Niña have also been documented; for example, El Niños often have larger amplitude than La
Niñas, La Niñas are more durable than El Niños, and La
Niñas often tightly follow extreme El Niños but not vice
versa (Kang and Kug 2002; Larkin and Harrison 2002; An
and Jin 2004; Schopf and Burgman 2006; Ohba and Ueda
2009; Frauen and Dommenget 2010; Okumura et al. 2011;
Choi et al. 2013; Dommenget et al. 2013). ENSO phaselocked to the end of the calendar year has been found to
be the outcome of several feedbacks and is subject to
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change when these competing influences change (e.g.,
Tziperman et al. 1995, 1997, 1998; Neelin et al. 2000; An
and Wang 2001; Xiao and Mechoso 2009).
Detailed ENSO behaviors matter for ENSO teleconnection and impacts. For example, El Niños peaking
at the central or eastern Pacific have been shown to have
varying impacts on the U.S. winter air temperature and
precipitation (Yu et al. 2012). Details of the El Niño to
La Niña transition (e.g., whether El Niños persist longer
or rush to the La Niña phase) have been linked to
varying likelihoods of U.S. regional tornados in the
spring (Lee et al. 2016).
Usually, an individual ENSO behavior is investigated
separately. To reach a large picture understanding, a
comprehensive measure of various ENSO behaviors is
required. In this study we introduce a set of empirical
probabilistic diagnostics (EPD) to efficiently calculate the
statistics for various ENSO behaviors, including ENSO
seasonal phase locking, diversity in peak location and
propagation direction, and El Niño–La Niña (EN–LN)
asymmetry in amplitude, duration, and transition. These
diagnostics are first applied to the observed SST data and
the results agree with many previous understandings, indicating that this new diagnostic framework is valid. One
recent research focus concerns ENSO in a changing climate (e.g., Collins et al. 2010; Cai et al. 2015a). Therefore,
after characterizing the various ENSO behaviors over the
past ;150 years, we then assess how ENSO behaviors will
vary and change in the warming climate.
ENSO varies from century to century, not only in
amplitude and frequency (Wittenberg 2009) but also in
its diversity and asymmetry characteristics. For example, in the past 100-yr epoch, El Niños have mainly
peaked at the eastern Pacific. In the most recent decade
El Niños have more often peaked at the central Pacific
(Lee and McPhaden 2010). So the following questions
arise: In the warming twenty-first century, will El Niños
switch to more often peak at the central Pacific? If this
change does happen, is it necessarily a result of the
changing forcing, or could it be merely a natural variation? Newman et al. (2011) and Yeh et al. (2011) have
suggested that more occurrences of the central Pacific El
Niño in the recent decade may be simply a part of the
natural variation.
Given only ;150 years of observation, how can we
estimate the natural variation of each ENSO behavior?
All the aspects of ENSO behaviors are dynamically
linked, so we apply the following two approaches to
ensure a coherency between the estimates of each ENSO
behavior. The first approach is using a long control simulation of a coupled GCM under a constant forcing
without a trend. Here a 4000-yr preindustrial simulation
from the GFDL CM2.1 coupled GCM (Delworth et al.
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2006) is analyzed as one example. A second approach is
using a long stochastic forced simulation of a data-driven
model. A 4000-yr simulation from an empirical model
reduction (EMR) (Kravtsov et al. 2005; Kondrashov et al.
2005, 2015; Chen et al. 2016) is analyzed as one example.
Compared to GFDL CM2.1, EMR shows a slightly better
overall performance for nine aspects of ENSO behavior,
and therefore we mainly use EMR to estimate how these
ENSO behaviors may vary without a changing forcing.
As to ENSO’s response to the warming climate, it may
be reflected not only in its amplitude but also in other
ENSO characteristics. Here we mainly focus on SST
climatology, ENSO amplitude, annual cycle, and nine
aspects from EPD. We analyze 37 models from phase 5
of the Climate Model Intercomparison Project (CMIP5)
to investigate the following questions: If the models
suggest that ENSO behavior will change significantly in
the twenty-first century? Do models agree on this
change? Are the projected changes in ENSO behaviors
more response to the changing forcing or mainly part of
the natural variation? Since EPD measures various
ENSO characteristics, we then have an opportunity to
investigate which aspects are most responsive to the
trend forcing and which aspects vary most so that the
forced changes cannot be easily distinguished from
the range of the natural variation.
All estimates, no matter whether for the natural variation or the forced change of ENSO behavior, have to be
based on model simulations, so in this study EPD is carried out with two purposes. The first is to assess ENSO’s
variation and change and the second is to diagnose model
performance and biases with regard to ENSO behaviors.
When we analyze the GFDL CM2.1 and EMR models,
we briefly investigate how the model biases with regard to
ENSO behavior may be related to the model nonlinearity. When we assess the CMIP5 models, we investigate whether models are able to represent ENSO
behavior realistically for the twentieth century and thus
whether they are likely to reliably project behavior in the
twenty-first century. We also briefly investigate how the
models’ biases with regard to ENSO behaviors may be
related to the model biases pertaining to the mean state.

2. Data
a. Observations
The 1870–present monthly HadISST v1.1 (Rayner
et al. 2003) and 1850–present monthly COBE 1 v2

1
Centennial in Situ Observation-Based Estimates of the Variability of SST and Marine Meteorological Variables.
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FIG. 1. The first three normalized EOF patterns of tropical Pacific SSTA in (left) OBS (1870–present monthly
HadISST v1.1) and (right) GCM (4000-yr monthly GFDL CM2.1 preindustrial control run). Positive (negative)
values are shown in solid (dashed) contours. The zero value is highlighted in the thick solid contour.

(Hirahara et al. 2014) datasets have relatively high
spatial resolution (18 3 18) and capture the diversity
of ENSO behaviors. The results using COBE are overall
consistent with HadISST, so only the HadISST results,
referred to as OBS, are shown hereafter. Tropical Pacific
(308S–308N, 1088E–728W) SST anomalies (SSTA) are
calculated by removing the monthly climatology based
on the commonly used 1950–2010 period. A linear detrending is applied on the SSTA at each grid point to
remove the global warming trend. Then a 3-month
running average is applied to the SSTA to smooth the
temporal noise.
Leading modes of SST variability in the tropical
Pacific region are depicted using empirical orthogonal
function (EOF) analysis (Fig. 1). The leading EOF
shows the classic El Niño pattern, which is the dominant variability explaining 50% of the total variance in
the tropical Pacific. The second EOF shows a zonal
dipole pattern with a positive loading in the western
Pacific and a negative loading in the eastern Pacific,
which adds a central Pacific or eastern Pacific ‘‘flavor’’
to the main El Niño pattern and explains 8% of the
total variance. Following the idea in the previous
studies (e.g., Ashok et al. 2007; Takahashi et al. 2011),

the first two EOF modes and their principal components (PCs) are used to categorize ENSO diversity in
the central or eastern Pacific. Takahashi et al. (2011)
showed that using PC1/PC2 as a basis is equivalent to
many other indices used to define EP/CP behavior.
Details are given in the methods section.
The third EOF depicts an equatorial cooling and
extra-equatorial warming that is similar to the equatorial ocean dynamic thermostat pattern (Clement et al.
1996; Cane et al. 1997; Solomon and Newman 2012).
EOF3 explains 7% of the total variance. Its eigenvalue
appears not well separated from EOF2 (8%) in the
observations. The sensitivity tests show that EOF1 and
EOF2 are robust modes in that their PCs are not as
greatly influenced by the varying climatology as EOF3/
PC3, which has significant multidecadal variability.
When we filter out low frequencies (.40-yr periods) in
the original data, the eigenvalue of EOF3 (5%) is then
well separated from EOF2 (9%).

b. Coupled GCM: GFDL CM2.1
Nature only provides one realization, so the limited
record of SST observations is an obstacle to investigating the variation of ENSO behavior on a century scale.
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Therefore, long simulations of coupled intermediate
models such as the Zebiak–Cane (ZC) model (Zebiak
and Cane 1987) and a fully coupled GCM with fixed
external forcing are often used to investigate the natural
variation of ENSO (e.g., Cane et al. 1995; Wittenberg
2009; Yeh et al. 2011).
Here we analyze a 4000-yr monthly control simulation
from the GFDL CM2.1 coupled GCM (Delworth et al.
2006) with the forcings, including solar irradiance, land
cover, and atmospheric composition fixed at preindustrial (1860) values. This simulation has been analyzed in various ENSO studies (e.g., Wittenberg et al.
2006; Wittenberg 2009; Kug et al. 2010; Xie et al. 2010;
Choi et al. 2013; Karamperidou et al. 2014; Wittenberg
et al. 2014) and is shown to have a reasonable ENSO
performance although with a too strong amplitude and
too little seasonal synchronization. This simulation is
referred to simply as ‘‘GCM’’ hereafter.
Tropical Pacific (308S–308N, 1088E–728W) SSTA
values are calculated by removing the monthly climatology based on the full length of the record. A linear
detrending and a 3-month running average are applied. EOF analysis is then performed. The leading
three EOFs from GCM respectively explain 52%,
11%, and 6% of the total variance in the tropical Pacific. GCM EOF patterns are overall consistent with
OBS (Fig. 1), although slightly shifted west and narrower in the meridional direction as shown in
Wittenberg et al. (2006).

c. Data-driven modeling: EMR
Since every coupled model has its own ENSO behavior that is to some extent biased away from the
current climate, the natural variation of ENSO estimated by an individual GCM may be model dependent. Long stochastically forced simulations from a
data-driven model offer an alternative approach. The
model dynamics are fit from the observations, thus
assuring that at least some of the statistics and features
of the simulated ENSO resemble the observed ENSO
closely.
Here we apply the empirical model reduction framework (e.g., Kravtsov et al. 2005; Kondrashov et al. 2005,
2015; Chen et al. 2016). It is a regression model with
quadratic nonlinearities constructed in a reduced EOF
phase space. It is fit from the observed SST anomaly field
and allows for ENSO nonlinearity, seasonality, and
memory effects for prior times. Given that many ENSO
behavior features are tightly linked to the nonlinearity
in the system (e.g., Choi et al. 2013; DiNezio and Deser
2014; Levine and Jin 2016; Chen et al. 2016), a nonlinear
model setting is necessary. The real climate is subjected
to a changing forcing, so the detrended data are used to
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fit the model in order to produce a stationary simulation.
Detailed settings are given in the appendix. A 4000-yr
stochastic-forced EMR simulation is generated. For
simplicity, this simulation is referred to simply as EMR.
In later sections, we will show that an EMR fit from the
SSTA observation is well behaved and reproduces reasonably realistic ENSO statistics. EMR also has limitations, which will be also discussed.

d. Crude check on GFDL CM2.1 and EMR
Before investigating the detailed ENSO behaviors, we
make a crude check of ENSO performance simulated by
the EMR and GCM. First we check the main ENSO
variability represented in the tropical Pacific SST PC1
(;Niño-3.4). Both the EMR and GCM time series appear reasonably realistic (not shown). Similar to the
GFDL CM2.1 run (Wittenberg 2009), the long EMR
time series has epochs with energetic ENSO events and
epochs with very weak anomalies.
Next we check the ENSO nonlinearity and diversity
features represented in the skewed probability density
function (PDF) and curved two-dimensional probability
density function (2dPDF) of two leading principal
components (PC1 and PC2). Kondrashov et al. (2005)
and Kravtsov et al. (2005) showed that quadratic nonlinearity is able to overall reproduce the PDF and
2dPDF of a nonlinear system. Chen et al. (2016) further
showed that linear models generate an elliptic (symmetric) shape in PC1 and PC2 rather than a curved
(asymmetric) shape. We follow the previous studies to
coarsely check if these nonlinear features are reproduced. Both EMR and GCM simulations show consistency with OBS in the sign of the skewed distribution of
PC1 and PC2, and resemble the curved 2dPDF seen in
OBS (Fig. 2). Takahashi et al. (2011) showed that the
intermediate coupled ZC model also shows this curved
feature in PC1 and PC2.
Note that GFDL CM2.1 has a much stronger nonlinearity represented in a more skewed distribution than
OBS. Later analysis using empirical probabilistic diagnostics will show that the strong nonlinearity in GFDL
CM2.1 may be one reason for the discrepancy between the
model and OBS as to some aspects of ENSO behaviors.

e. CMIP5 models
Assessment of the projected climate change relies
heavily on the state-of-the-art coupled general circulation models (e.g., Capotondi et al. 2006; Guilyardi et al.
2003, 2009, 2012; Yu and Kim 2010; Stevenson et al.
2012; Ham and Kug 2012, 2014; Kim and Yu 2012;
Bellenger et al. 2014; Taschetto et al. 2014).
In this study, we assess the potential ENSO behavior
changes in the twenty-first century using 37 CMIP5
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FIG. 2. Simulation evaluation for (left) OBS, (middle) 4000-yr EMR, and (right) 4000-yr GCM, for the (top) probability density function
(PDF) of PC1, (d)–(f) PDF of PC2, and (g)–(i) decimal logarithm of the bivariate probability density function (2dPDF) in PC1–PC2 space.
In PDF panels, OBS is divided into 5 overlapping 100-yr epochs with 10 years apart. EMR and GCM are both divided into 40 nonoverlapping 100-yr epochs. The PDF and the corresponding skewness are calculated in epochs and the average is shown.

models that participated in the Intergovernmental Panel
on Climate Change (IPCC) Fifth Assessment Report
(AR5) (Table 1). Model descriptions and experiment
designs are given in Taylor et al. (2012). We analyzed
three sets of simulation experiments: 1) a preindustrial
control simulation (PI); 2) the historical simulations,
which are integrations from around 1850 to at least 2005
using realistic natural and anthropogenic forcing; and 3)
representative concentrating pathway 8.5 (RCP8.5)
simulations from the end of the historical runs to 2100
when the radiative forcing reaches 8.5 W m22. We concatenate on the historical runs (1900–2005) and the
RCP8.5 runs (2006–99) and then divide them into the
twentieth-century runs (1900–99, denoted as 20C) and
the twenty-first-century runs (2000–99; 21C). In the 21C
runs, 2000–05 are from the historical run and the remaining years are from the RCP8.5 run. All the PI runs
are longer than 200 years. The lengths of the simulations
vary for individual models (listed in Table 1). For the PI,
20C, and 21C runs, monthly anomalies are calculated by
linearly detrending and subtracting the monthly climatology for the whole period of each run.

3. Method: Empirical probabilistic diagnostics
The diagnostics are carried out in four steps. We first
define the ENSO states. We then calculate the occurrence probability of ENSO states for each calendar
month, and the transition probability between each
ENSO state. After that, we derive a set of probabilitybased indices for ENSO seasonality (Iseason ), diversity
(Icp/ep , Ie/w ) and EN–LN asymmetry (Iamp , Idur , Itra ).
These indices are further used to estimate the variation
or change of ENSO behaviors.

a. Definition of ENSO states
We define a set of mutually exclusive ENSO states, so
that we can categorize each monthly time step into one
state and calculate the state transition probabilities. The
states are determined using the full length of data in
order to investigate ENSO behavior in shorter epochs
without changing the definitions of states.
We start from the usual three states: El Niño (EN),
neutral (NEU), and La Niña (LN). The normalized tropical Pacific leading PC (PC1) is almost identical to Niño-3.4
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TABLE 1. List of 37 CMIP5 models analyzed in this study. Because of the lack of availability in certain models for temperature of ocean
surface ‘‘tos’’ we instead analyzed monthly surface temperature ‘‘ts’’ in each model’s r1i1p1 run. The first column is the official model
name. The second column is the length of preindustrial control run (year). The third to 15th columns are the model rank as shown in each
individual figure and panel (e.g., f9b indicates Fig. 9b). The correlating ENSO aspect is labeled in the second row. Note that for individual
ENSO behavior models with an asterisk (*) are the 10 models with the smallest error between each model’s twentieth-century run (orange
s in figure) and the twentieth-century observation value (black line in the panel). The last column is the total number of asterisks for each
model. The best 10 models, with 5 or more asterisks, are indicated with a plus sign (1) at the end of the model name in the first column.
Note that these relative better models are only restricted to ENSO behavior aspects analyzed in this study; this designation is not generally
applicable to model performances with regard to other phenomena. For further model center information and experiment designs, see
Taylor et al. (2012) and the CMIP5 website (http://cmip-pcmdi.llnl.gov/cmip5/).

Model name
ACCESS1.01
ACCESS1.31
BCC-CSM1.1
BCC-CSM1.1(m)
BNU-ESM1
CanESM2
CCSM4
CESM1(BGC)
CESM1(CAM5)
CMCC-CESM
CMCC-CM
CMCC-CMS1
CNRM-CM5
CSIRO-Mk3.6.0
FGOALS-g2
FIO-ESM
GFDL-CM3
GFDL-ESM2G1
GFDL-ESM2M
GISS-E2-H
GISS-E2-H-CC
GISS-E2-R
GISS-E2-R-CC
HadGEM2-CC
HadGEM2-ES1
INM-CM4
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR1
MIROC-ESM
MIROC-ESMCHEM
MIROC5
MPI-ESM-LR1
MPI-ESM-MR
MRI-CGCM31
NorESM1-M1
NorESM1-ME

PI

f9b
cli

f10b
seacli

f9d
s.d.

f12a
s.k.

f10d
f10f
f11aI
f11c
f11b
f11d f12b f12c f12d
Isea-EN Isea-LN Icp/ep-EN Icp/ep-LN Ie/w-EN Ie/w-LN Iamp Idur Itra num

250
500
500
400
559
996
501
500
319
277
330
500
850
500
700
800
500
500
500
240
251
300
251
240
239
500
1000
300
300
531
255

23*
26*
22*
29*
25*
17
27*
28*
12
24*
32
30*
19
1
21
34
10
5
15
33
35
36
37
8
9
13
7
16
31*
2
3

24*
8
5
9
11
26*
23*
14
37
22*
27*
29*
28*
32
16
6
4
30*
13
7
12
21*
20
17
18
3
19
10
2
36
35

8
10
12
32
36
28
31
24
29
35
9
23*
27
22*
18*
33
30
14*
37
3
16*
7
4
19*
17*
6
15*
20*
11
1
2

13
22
14
29*
9
17
34
20
35
33
28*
16
26*
4
7
3
12
23*
36
8
2
18
1
5
6
24*
15
25*
21
32*
30*

5
34
2
9*
11*
14*
23
29
15*
33
24
28
1
31
8
18*
19
32
37
10*
3
6
4
20
12*
27
30
21
16*
35
25

3
35
2
5
18*
17*
19*
26
7
34
23
27
1
36
9
14*
25
10*
32
12*
13*
6
11*
20
8
29
30
31
28
24
21

4*
13*
20
18
5*
19
26
6*
36
16
8*
14
22
34
12*
3
28
35
30
23
27
2
7*
15
29
21
17
25
1
32
24

7
6
3
24
30*
5
37
34*
27*
23
25
31*
15
1
13
18
11
26*
35*
2
19
22
16
14
29*
4
21
10
28*
9
17

17
6*
19
29
35
5*
27
23
20
3
30
11*
34
7*
33
37
14
4*
36
16
25
28
31
26
22
18
2
1
13*
21
15

22*
13
21*
6
32
7
1
11
10
8
35
15*
30
19*
27
31
4
5
20*
29
14
33
36
28
17*
25
12
9
23*
37
34

12
26*
13
23
14
19
35*
24
31*
32*
28*
16
25
2
7
3
8
15
36
11
1
21
4
6
5
20
18
30*
29*
34*
33*

33
12
13
3*
5*
29
11
22
17
21
19
15
18
31
27
36
25
34
4*
23
37
6*
24
20
26
16
1*
2*
9*
32
14

11*
7*
3*
27
25
31
35
30
34
23
24
17
26
14
9*
2
29
13
37
22
20
10*
18
32
4*
21
6*
15
1
12*
5*

5
5
3
4
6
4
4
3
3
3
4
6
2
3
3
2
0
6
3
2
2
3
2
1
5
1
3
4
7
3
3

200
1000
1000
500
501
252

11
4
6
20
18
14

31
34
33
1
15
25*

34
21*
13
5
25
26

37
31*
19
10
11
27*

22
26
36
17*
13*
7

16*
33
37
22
15*
4

37
11*
33
10*
9*
31

36
20
12
8
33*
32*

32
8*
24
9*
12*
10*

16*
18*
26
24*
3
2

37
27*
17
9
10
22

35
28
10*
7*
8*
30

36
28
16
8*
33
19

2
6
1
6
6
4

with correlation r 5 0. 97, so we define the three-state
category as follows: EN is PC1 . 0.7s.d. (PC1), where s.d.
denotes one standard deviation. This threshold is generally
consistent with the Niño-3.4 . 0.58C criterion used by the
NOAA Climate Prediction Center. Similarly, La Niña is
PC1 , 20.7s.d. (PC1); the remainder are defined as NEU.
When ENSO flavors are considered, the three-state
category is expanded to five states. For consistency with

the three-state category, we use the same PC1 threshold
for El Niño/neutral/La Niña. Since EOF2 is a zonal dipole pattern, we use the positive or negative PC2 as the
threshold to divide into EP and CP flavors (see Fig. 3).
Note that in PC1 and PC2 space, the upper-right domain
is for CP El Niño (CPEN), while the lower-left domain is
for CP La Niña (CPLN). In OBS, the normalized PC2 is
highly correlated (r 5 0. 88) with the difference between
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FIG. 3. (a) Definition of five ENSO states (eastern and central Pacific El Niño and La Niña and neutral patterns, denoted EPEN, CPEN,
EPLN, CPLN, and NEU) are shown using smoothed monthly PCs from 1870 to the present HadISST v1.1 dataset. The 6 0.7 s.d. (PC1),
where s.d. is one standard deviation, is used to distinguish EN/LN from NEU. The zero line of PC2 is used to distinguish EP and CP states.
Each state is assigned a color code for further analysis. (b)–(e) The SSTA patterns averaged for eastern/central Pacific ENSO states.
(f) Normalized PC1 (1950–2010) with each ENSO state color-coded.

normalized Niño-4 and Niño-3 indices, so the zero PC2
threshold is generally consistent with the EP/CP ENSO
categorization using the difference between normalized
Niño-4 and Niño-3 indices (e.g., Kug et al. 2009). Typical
patterns of the EP/CP flavors of El Niño and La Niña
categorized in this diagnostics (Figs. 3b–e) are overall
consistent with the patterns defined using Niño indices
(Kao and Yu 2009; Kug et al. 2009) or the central Pacific
(C)/eastern Pacific (E) variability indices (C/E indices)
(Takahashi et al. 2011). Table 1 of Yu et al. (2012) listed
the major El Niño events from 1950 to 2010 with classification of EP/CP flavor based on three methods. Figure 3f
in this study shows a time series of the normalized PC1
from 1950 to 2010, with each ENSO state color-coded to
individual month. The comparison indicates that our
definition agrees well with the previous studies.

b. Seasonal occurrence probabilities
Based on the above state definitions, the annual mean
occurrence probability of each ENSO state is calculated,

which gives a climatology probability distribution Dcli .
For the three-state definition, Dcli3 5 (PEN , PNEU , P LN ),
where PEN 1 PNEU 1 P LN 5 1. Similarly for the five-state
definition, Dcli5 5 (PEPEN , PCPEN , PNEU , PEPLN , PCPLN ),
where PEPEN 1 PCPEN 1 PNEU 1 PEPLN 1 PCPLN 5 1.
We then measure the occurrence probability of ENSO
state in each calendar month, which depicts the seasonal
phase-locking features. Full year data are used and thus
the sample size for each calendar month is equal. Only
the five-state result is shown in Fig. 4; three-state results
could be obtained given that PEN 5 PEPEN 1 PCPEN and
P LN 5 PEPLN 1 PCPLN . In OBS (Fig. 4a), El Niños and La
Niñas both have higher occurrence probabilities of
peaking in winter, which agrees with the observed winter phase locking diagnosed in much prior work (e.g.,
Tziperman et al. 1995, 1997, 1998). In winter El Niños
prefer to peak at the eastern Pacific while La Niñas
prefer the central Pacific, in agreement with earlier
studies on the EN–LN asymmetry (Kang and Kug 2002;
Schopf and Burgman 2006; Frauen and Dommenget
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FIG. 4. Monthly occurrence probabilities for five ENSO state in (a) OBS, (b) EMR, and (c) GFDL CM2.1 are shown. Stacked bars along
the vertical coordinate are the occurrence probabilities of each color-coded state. The horizontal coordinate is the calendar month from
January to December. Full-year data are used so the sample size for each calendar month is equal. In (a), a higher probability of EN/LN in
winter months than summer months indicates observed ENSO’s winter phase locking. Higher probability of EPEN over CPEN indicates
El Niño favors peaking in EP, and higher probability of CPLN over EPLN indicates LN favors peaking in CP.

2010; Dommenget et al. 2013). Turning now to the two
simulations, EMR generally reproduces the observed
winter phase locking for El Niños (PEN ) and La Niñas
(P LN ), although Fig. 4b shows the CPEN seasonality is a
couple of months off from OBS. In GCM (Fig. 4c), La
Niñas prefer winter, which agrees with OBS. But El
Niños appear to have no seasonal preference (see
PEPEN 1 PCPEN ), which is largely due to the CPENs
preferring to peak in winter while EPENs rather
favoring summer.

c. State transition probabilities
We calculate the transition probability between each
ENSO state by tracking their precursors and successors.
For example, given k El Niños, among the precursors
t months before there are m1 El Niños, m2 La Niñas, and
m3 neutral states (m1 1 m2 1 m3 5 k). Among successors t months later, there are n1 El Niños, n2 La Niñas,
and n3 neutral states (n1 1 n2 1 n3 5 k). The transition
probability from La Niña to El Niño at a t-month interval is calculated as the conditional probability
P LN(t2t)jEN(t) 5 m2 /k, where t is the time. The transition
probability from El Niño to La Niña at a t-month interval
is calculated as P LN(t1t)jEN(t) 5 n2 /k. The self-transition
probability of El Niño across a t-month interval is calculated as PEN(t1t)jEN(t) 5 n1 /k or PEN(t2t)jEN(t) 5 m1 /k,
which are equal by default.
The three-state transition probabilities are shown in
Fig. 5. Figure 5a shows the transition of El Niño in OBS.
On the positive lead, EN persists [PEN(t1t)jEN(t) ] for
several months and gradually migrates to La Niña
[P LN(t1t)jEN(t) ] or neutral [PNEU(t1t)jEN(t) ] in about one
year. At about three years or even longer intervals as
t / ‘, the transition converges toward the climatology

distribution. In OBS, the asymmetry in transition between El Niño and La Niña is not substantial. In EMR,
the transition characteristics agree with OBS. In GCM,
the EN–LN transition asymmetry is much greater than
OBS with a large discrepancy between P LN(t2t)jEN(t) and
P LN(t1t)jEN(t) at t ; 1 to 2 years.
Similarly we calculate the five-state transition probabilities. Here we mainly focus on the favored zonal
propagation direction of El Niño and La Niña (Fig. 6). In
OBS, the fact that PEPEN(t2t)jCPEN(t) . PEPEN(t1t)jCPEN(t)
across 0–6 months (Fig. 6a) indicates that El Niños favor
westward propagation from EP El Niño (EPEN) to
CPEN. Similarly, PCPLN(t2t)jEPLN(t) , PCPLN(t1t)jEPLN(t)
across 0–6 months (Fig. 6b) indicates that La Niñas
also favor westward propagation from EP La Niña
(EPLN) to CPLN. In EMR, the zonal transition of
both El Niños and La Niñas agree with OBS (Figs. 6c,d).
In GCM, La Niñas favor westward propagation, similar
to OBS (Fig. 6f). But El Niños differ from OBS by favoring eastward propagation (Fig. 6e).
Probability measures show that individual ENSO
behaviors have varying representative time scales. So we
later define the indices based on the transition probabilities at their respective time scales. In the three-state
transition, we mainly focus on the persistence (self
transition) of El Niño and La Niña within 0–36 months
and asymmetry in the EN–LN transition across 0–18
months. In the five-state transition, we mainly focus on
the zonal propagation of El Niño (asymmetry in the
EPEN–CPEN transition) and the zonal propagation of
La Niña (asymmetry in the EPLN–CPLN transition)
across 0–6 months. Other transition probability results
[e.g., transition to/from NEU, self-transition of EP/CP
ENSO states, and EN–LN transitions specifying EP/CP
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FIG. 5. State transition probabilities for (a)–(c) EN, (d)–(f) NEU, and (g)–(i) LN in (left) OBS, (middle) EMR, and (right) GFDL
CM2.1 GCM. The horizontal coordinate represents the transition from the past (23 yr) to the future (13 yr) in monthly intervals, with
zero indicating the current state. Taking GCM EN transition [in (c)] for example, bars along the vertical coordinate at 11 yr (112 months)
represent the self-transition probability PEN(t1t)jEN(t) (upper bar), the PNEU(t1t)jEN(t) (middle bar) and the opposite-sign transition
P LN(t1t)jEN(t) (lower bar). The decaying of PEN(t1t)jEN(t) as function of lead time indicates EN’s duration. The discrepancy between
P LN(t2t)jEN(t) (lead , 0 side) and P LN(t1t)jEN(t) (lead . 0 side) indicates the EN–LN asymmetry in transition. The transition probabilities
generally converge to the climatology, i.e., the nonseasonal occurrence probability of each state (dotted line in each panel).

information such as PEPEN(t2t)jCPLN(t) ] are not included in
the following set of ENSO behavior indices but are left
for future study.
Here we use both forward and reverse conditional
probability to characterize the transition, which is based
on the following consideration. In a stationary process,
transition probability across a long time interval converges to the climatology. Note that lim P LN(t1t)jEN(t) 5
t/‘
P LN , while lim PEN(t1t)jLN(t) 5 PEN . To characterize the
t/‘
transition asymmetry, these two conditional probabilities
need to be both normalized by their according occurrence
probability or one needs to be rescaled to match the other
one. Here we use El Niño as the base state, and the
asymmetry is then calculated using the discrepancy
dPEN2LN 5P LN(t1t)jEN(t) 2 PEN(t1t)jLN(t) /PEN 3 P LN . Given
Bayes’ rule, we obtain dPEN2LN 5 P LN(t1t)jEN(t) 2
[P LN(t)jEN(t1t) 3 PEN /P LN ]/PEN 3 P LN 5 P LN(t1t)jEN(t) 2
P LN(t2t)jEN(t) . So both the forward conditional probability
P LN(t1t)jEN(t) and the reverse conditional probability

P LN(t2t)jEN(t) are shown in Fig. 5 to illustrate the transition
asymmetry. If we use La Niña as the base state instead, dPEN2LN 5 [PEN(t2t)jLN(t) 2 PEN(t1t)jLN(t) ]/PEN 3 P LN
gives the same result. Similarly, we characterize the
zonal transition of El Niño based on CPEN
and the discrepancy dPCPEN2EPEN 5[PEPEN(t1t)jCPEN(t) 2
PEPEN(t2t)jCPEN(t) ]. It could be also calculated
based on EPEN: dPCPEN2EPEN 5 [PCPEN(t2t)jEPEN(t) 2
PCPEN(t1t)jEPEN(t) ]/PCPEN 3PEPEN . For the zonal transition of La Niña, we calculate the discrepancy
dPCPLN2EPLN 5 PCPLN(t2t)jEPLN(t) 2PCPLN(t1t)jEPLN(t) based
on EPLN. If based on CPLN instead, then
dPCPLN2EPLN 5 [PEPLN(t1t)jCPLN(t) 2 PEPLN(t2t)jCPLN(t) ]/
PEPLN 3 PCPLN gives the same result.

d. A set of indices for ENSO behaviors
Here we define a set of indices to measure various
aspects of ENSO behavior in a period of 100 years. OBS
is divided into five 100-yr overlapping epochs starting
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FIG. 6. Zonal propagation asymmetry in (a),(b) OBS, (c),(d) EMR, and (e),(f) GCM. (left) Transition probabilities conditioned on CPEN state PEPEN(t2t)jCPEN(t) (negative lead) and PEPEN(t1t)jCPEN(t) (positive lead), which
generally converge to the occurrence probability PEPEN (dotted line) toward a large lead time. (right) Transition
probabilities conditioned on EPLN state PCPLN(t2t)jEPLN(t) (negative lead) and PCPLN(t1t)jEPLN(t) (positive lead),
which generally converge to the occurrence probability PCPLN (dotted line).

10 years apart. The 4000-yr simulations of EMR and
GCM are divided into 391 overlapping 100-yr epochs
also starting 10 years apart. We first summarize the
ENSO behaviors in OBS and then discuss EMR
and GCM.
A seasonality index Isea is defined to identify the favored
peak season for a given epoch. For El Niños, Isea is the total
occurrence of El Niño in the summer half year (March–
August) divided by the total occurrence of El Niño in the
winter half year (September–February). Isea , 1 (.1) indicates El Niño preferentially peaks in winter (summer).
The results (Figs. 7a,d) show that both El Niños and La
Niñas in OBS prefer winter. In EMR, El Niños and La
Niñas also prefer the winter half year in all epochs. In
GCM, La Niñas mainly prefer winter, consistent with OBS
and EMR, but for El Niños, Isea is more centered around a
value of 1, suggesting that the majority of epochs do not
have notable seasonal preferences. This agrees with the
seasonal occurrence probability results in Fig. 4.
A diversity index Icp/ep is defined for El Niños to diagnose the dominant peak location in a given epoch,
calculated as the total occurrence of CPEN divided by
the total occurrence of EPEN. If Icp/ep , 1 (.1), this
indicates that El Niño prefers to peak at EP (CP). There

is a similar definition for La Niña. The results (Figs. 7b,e)
show that EPENs and CPLNs dominate in OBS. In
EMR, 91% of epochs are dominated by EPEN and 97%
of epochs are dominated by CPLN. The GCM overall
agrees with the OBS and EMR, with most epochs favoring EPENs and CPLNs.
Another diversity index Ie/w is defined to diagnose the
dominant zonal propagation in a given epoch. For El
Niños, Ie/w is the average of dPCPEN2EPEN within a
6-month interval. For La Niñas, Ie/w is the average of
dPCPLN2EPLN within a 6-month interval. If Ie/w , 0 (.0),
this indicates preferring westward (eastward) propagation. Figures 7c and 7f show that OBS has more westward moving El Niños and La Niñas. In EMR, El Niños
favor westward propagation in 74% of epochs while La
Niñas favor westward propagation in all epochs. In
GCM, more than half the epochs favor westward propagating La Niñas, which is generally consistent with
OBS and EMR. But all epochs favor eastward propagating El Niños, which is not realistic. This model discrepancy agrees with the five-state transition results
(Fig. 6).
The asymmetry index Iamp , which diagnoses the relative amplitude of El Niño and La Niña in a given epoch,
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FIG. 7. Variation of ENSO behaviors in 4000-yr EMR and GFDL CM2.1 GCM simulation. Each index (see text for definitions) is
calculated in 100-yr overlapping epochs 10 years apart. The PDF is shown in the blue curve or the dashed curve. Index values in epochs of
OBS are shown in magenta lines (five in total). (top) ENSO diversity indices, including Isea , Icp/ep , and Ie/w , are shown for El Niño and La
Niña. (bottom) EN–LN asymmetry indices, including Iamp , Idur , and Itra . For each panel, the percentage of epochs in the EMR satisfying the
specified index range is shown. Taking (b) for example, OBS have more EPEN than CPEN (Icp/ep , 1). Among the 391 century-long
epochs in EMR, 91% of epochs have more EPEN than CPEN.

is calculated as the mean of PC1 value for El Niño
months in 100 years divided by the mean of PC1 value
for La Niña months. If Iamp . 1, this indicates that the
overall amplitude of El Niño is larger than La Niña.
Figure 7g shows that El Niños have larger amplitude
than La Niñas in OBS. In EMR, 82% of epochs have
Iamp . 1. GCM generally agrees with OBS and EMR.
Another asymmetry index Idur diagnoses the relative
duration of El Niño and La Niña in a given epoch. It is
calculated as the mean of El Niño self-transition probabilities PEN(t1t)jEN(t) within a 36-month interval divided
by the mean of La Niña self-transition probabilities

P LN(t1t)jLN(t) within a 36-month interval. If Idur , 1, this
indicates that La Niña is more durable. Figure 7h shows
that La Niña is more durable in OBS. In EMR 61% of
epochs have more durable La Niñas. GCM agrees well
with EMR and OBS.
A third asymmetry index Itra , which diagnoses the
transition asymmetry between El Niño and La Niña, is
calculated as average of dPEN2LN within an 18-month
interval. If Itra . 0, this indicates that La Niñas tightly
follow El Niños more than vice versa. Figure 7i shows that
in OBS the asymmetry in transition is not substantial. For
the twentieth-century epoch, it has a slightly positive
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asymmetry with Itra . 0 (shown in Fig. 12d along with
CMIP5 models). In EMR, 55% of epochs have Itra . 0.
Compared to OBS and EMR, GCM shows a much larger
asymmetry in transition, with all epochs favoring La Niña
tightly following El Niño. This discrepancy agrees with
the three-state transition in Fig. 5. Our results is generally
consistent with Choi et al. (2013), in which the EN–LN
transition is defined based on individual events with the
time range set to 12 months.

4. Natural variation of ENSO behaviors
In this section, we first summarize the performance of
ENSO behaviors in two simulations. GFDL CM2.1
serves as one example for the fully coupled GCMs and
EMR is one example for the data-driven models. We
then discuss how the simulated ENSO behaviors depend
on the model nonlinearity. We last present an overview
of the natural variation of the ENSO behaviors.

a. GFDL CM2.1
Figures 4–7 show that GFDL CM2.1 overall agrees
with OBS and EMR as to some aspects of the ENSO
behavior, such as the ratio of CP to EP ENSO (Figs. 7b,e),
El Niño–La Niña asymmetry in amplitude (Fig. 7g),
and duration (Fig. 7h). It is mainly biased from OBS in
three aspects, including the seasonality (Figs. 4 and 7a,d),
EN–LN transition (Figs. 5 and 7i), and the zonal
propagation (Figs. 6 and 7c,f).
We then briefly discuss these three biases. As to the
seasonal phase locking, El Niños in GFDL CM2.1 do not
show a notable seasonal preference (Fig. 4), which is
mainly due to the competing impacts of EPEN peaking
in summer and CPEN peaking in winter. Overall, SST
anomaly peaks when the collective positive feedbacks
are balanced by the negative feedbacks (e.g., Tziperman
et al. 1995, 1997, 1998; Neelin et al. 2000; An and Wang
2001; Xiao and Mechoso 2009; Stein et al. 2010). In
GFDL CM2.1, the biases in positive and negative
feedbacks may together alter the SSTA peak timing and
location. Wittenberg et al. (2006) once showed that
GFDL CM2.1 simulated events tend to peak either in
summer or in winter. This bias is likely tied to the
semiannual cycle of the background convection and
currents, which is associated with a double ITCZ and the
seasonal reversal of the meridional SST gradient and
winds in the eastern Pacific.
As to the EN–LN transition and the zonal propagation, all epochs of GFDL CM2.1 show a strong transition
asymmetry with La Niñas tightly following El Niños
(Fig. 7i) and all epochs favor eastward propagating El
Niños (Fig. 7c). GFDL CM2.1 is largely biased so that its
variation range does not even cover the observations. If
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only century-long rather than 4000-yr GFDL CM2.1
simulations are available, the biases in these two aspects
might be the most distinguishable from OBS.
In this study we do not have a special category for the
extreme El Niños since only a few extreme El Niños
occurred in OBS. The overall ENSO statistics in the
observations are dominated by the moderate events.
GFDL CM2.1 has overly strong El Niño with many
extreme events (Wittenberg 2009; Takahashi and
Dewitte 2016; Levine and Jin 2016). Extreme El Niños
usually peak in the eastern Pacific, whreas moderate El
Niños peak either in the central Pacific or in the eastern
Pacific (Kug et al. 2009; Takahashi and Dewitte 2016).
Extreme El Niños tend to propagate eastward and
moderate El Niños propagate westward (Santoso et al.
2013; Kim and Cai 2014). Extreme El Niños are also
associated with a large EN–LN asymmetry in transition
(Choi et al. 2013). Thus the statistics in GFDL CM2.1
are largely shifted by extreme events to favor more
eastward propagating El Niños and much strong asymmetry in EN–LN transition. These behavior biases could
be further traced back to the model’s overly strong
nonlinearity, which is also manifested in, for example,
the largely skewed probability density function of SSTA
in Fig. 2.
We also notice that GFDL CM2.1 does better with
SSTA associated with La Niña than El Niño, especially
for seasonality and zonal propagation. Since the coupling only becomes nonlinear above a certain temperature threshold (Takahashi and Dewitte 2016; Levine and
Jin 2016), El Niños (as a warming anomaly on top of the
mean temperature) are more sensitive to the extent of
nonlinearity in the system than La Niñas (a cooling
anomaly). This may be one reason why La Niñas do not
show as greater a diversity as El Niños in Kug and Ham
(2011). A good performance for El Niño demands that
the strength of the model’s nonlinearity resemble that in
the real climate. On the contrary, La Niñas may still be
simulated realistically even for a model with a too strong
nonlinearity.

b. EMR
Figures 4–7 show that EMR overall agrees with OBS
as to most aspects of ENSO behaviors, such as seasonal
phase locking (Figs. 4 and 7a,d), the ratio of CP to EP
ENSO (Figs. 7b,e), El Niño–La Niña asymmetry in
amplitude (Fig. 7g), duration (Fig. 7h), and transition
(Figs. 5 and 7i). It shows slight biases for zonal propagation (Figs. 6 and 7c,f).
The EMR is built to capture the transition from one
month to the next, which includes some nonlinear dynamics, memory effects from a single prior time step,
and annual periodic terms. On the one hand, the results
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that EMR overall agrees with OBS as to the nonlinear
measure 2dPDF in Fig. 2h and for the seasonal phase
locking in Fig. 4 are expected. On the other hand, EMR
does not explicitly build in different peak locations,
different propagation directions, or the EN–LN asymmetry in amplitude, duration, and transition. Its ability
to capture these aspects is an implicit and nonobvious
consequence of the model construction. Its extended
behaviors in the long runs are at least as plausible as the
GCM. Moreover, as a low-order empirical model, an
EMR simulation is computationally efficient.

c. ENSO behavior dependence on nonlinearity
GFDL CM2.1’s biases with regard to ENSO behavior
suggest that simulated ENSO behavior is very sensitive
to the model nonlinearity, especially the asymmetry
between El Niño and La Niña. In this section, we fit a
linear EMR model (EMR-L) to the observation (details
in the appendix) and generate a 4000-yr simulation. In
total we compare the ENSO behaviors in four systems
with varying levels of nonlinearity: EMR-L, OBS, EMR,
and GFDL CM2.1. The results are shown in Fig. 8.
We first discuss the ENSO behavior simulated in the
linear system, and then compare with other systems. In
the linear model simulation, 2dPDF in PC1–PC2 space
is centered at zero without a curved shape (Fig. 8b),
which is as expected. There is also no notable EN–LN
asymmetry in amplitude (Fig. 8e), duration (Fig. 8f), and
transition (Fig. 8g). Both El Niño and La Niña prefer
winter peaking (Fig. 8h). There is no EP/CP preference
for peaking location (Fig. 8i). Both El Niño and La Niña
favor west propagating (Fig. 8j). The distribution of El
Niño and La Niña are almost identical. Overall, ENSO
behaviors in the linear system lack of the EN–LN
asymmetries, which indicates that the nonlinearity is
necessary to create the EN–LN asymmetry.
Using the linear EMR as a reference, we then discuss
the ENSO behaviors in the nonlinear EMR. It reproduces the curved 2dPDF in PC1 and PC2. An EN–
LN asymmetry appears in amplitude and duration, although it is still not notable for transition. As to the peak
season, El Niño and La Niña start to show a small discrepancy (Fig. 8k). As to the peak location, El Niño
prefers the eastern Pacific and La Niña prefers the
central Pacific (Fig. 8l), and this asymmetry agrees with
the observation. As to the zonal propagation, El Niños
start to shift a bit toward favoring eastward while La
Niñas shifting toward favoring westward (Fig. 8m).
Then we discuss the ENSO behaviors in the strong
nonlinear GFDL CM2.1. It reproduces the 2dPDF
with a larger curvature. It shows a larger EN–LN
asymmetry in amplitude, duration, and transition. As to
the peak season, El Niño and La Niña show a larger
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difference (Fig. 8n). Distribution of El Niño shifts toward favoring summer peaking. As to the peak location,
El Niño prefers the eastern Pacific and La Niña prefers
the central Pacific (Fig. 8o). As to the zonal propagation,
La Niñas still favor westward propagation while El
Niños favor eastward propagation.
We previously discussed that GFDL CM2.1 shows a
better performance for La Niña compared to El Niño.
Here the comparison between linear and nonlinear
system also suggests that, when the system become more
nonlinear, La Niñas better preserve its usual characteristics, whereas El Niños are very sensitive so the characteristics may change quickly and exhibit a larger
diversity.
Model nonlinearity is influenced by many different
physical processes. DiNezio and Deser (2014) addressed
the nonlinear controls on the persistence of La Niña
using a 1300-yr simulation of the CCSM4 model. The
authors fit a nonlinear delayed oscillation model that
illustrates that the nonlinearity in the delayed thermocline feedback plays a role for the persistence of La
Niña. Takahashi and Dewitte (2016) have shown that
moderate and strong nonlinear ENSO regimes exist.
They found that extreme El Niño events simulated by
GFDL CM2.1 have consistent temporal evolutions as
the observed strong El Niños. So a GFDL CM2.1 simulation is analyzed to reconstruct a robust evolution
profile for SST, wind stress, and the thermocline tilting.
The authors also showed that the existence of these regimes is very likely due to the nonlinearity in the
Bjerknes feedback.
In summary, comparison of EMR-L, EMR, and
GFDL CM2.1 shows that a nonlinear model is necessary
to reproduce the comprehensive ENSO behaviors including the EN–LN asymmetry. For a given nonlinear
model, it is also important that this model has a proper
extent of model nonlinearity that resembles the reality.
The results also show that the nonlinearity mainly influences the ENSO behavior by controlling the extent of
the EN–LN asymmetry. El Niños are more sensitive to
the system nonlinearity and exhibit a larger diversity
than the La Niñas.

d. Overview of ENSO behavior variations
GFDL CM2.1 may provide a reasonable estimate for
variation of EP/CP ENSO flavors, but may not be suitable for the zonal propagation and the EN–LN transition. EMR is overall better for nine aspects. Note that
EMR’s nonlinearity may be also slightly larger than
OBS, which might be further adjusted in the future
study. Before a better model becomes available, the
current EMR model is still useful to provide a relatively
realistic estimate for ENSO behaviors.
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FIG. 8. ENSO behaviors in OBS, a linear EMR (EMR-L), a nonlinear EMR and GFDL CM2.1. (a)–(d) Decimal logarithm of the
bivariate probability density function (2dPDF) in PC1–PC2 space. For all other panels the distribution is calculated in 100-yr overlapping
epochs 10 years apart. (e)–(g) Iamp , Idur , and Itra , for observation (magenta), EMR-L (solid black curve), EMR (dash-dotted curve),and
GFDL CM2.1 (dashed curve). Also shown are (h),(k),(n) Isea , (i),(l),(o) Icp/ep , and (j),(m),(p) Ie/w , with El Niño in red and La Niña in blue.

We now summarize the natural variation of ENSO
behavior given by EMR. Under the white noise forcing
without a trend, epochs with ENSO peaking in summer
and epochs favoring eastward propagating La Niñas are
still not likely, but the following scenarios may occur
with a certain likelihood: epochs with El Niño preferring
central Pacific (9%), epochs with La Niña favoring
eastern Pacific (3%), epochs preferring eastward propagating El Niños (26%), epochs with La Niña having
larger amplitude than El Niño (18%), epochs with more
persist El Niño than La Niña (39%), and epochs with a
quicker transition from La Niña to El Niño (45%).

Under stochastic noise, epochs with characteristics different from the past 100-yr OBS could occur. One needs
to be cautious when attributing the unusual ENSO
variations for a certain period as a response to the
changing external forcing.

e. Uncertainty in estimates of the true distribution
We have calculated a distribution of indices from
overlapping 100-yr epochs of a long (4000 yr) model
simulation. Note that model-reconstructed distribution
is not constrained to be centered at the OBS samples.
Usually such a match is built in by resampling the data or
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sampling from an assumed distribution (e.g., Gaussian)
with specified sample mean and standard deviation.
Both the GCM and EMR distributions are based on 391
samples while the OBS distribution is based on only five
samples. The OBS sample distribution, as an approximation to the unknown true distribution, is used as the
metric to examine the modeled distributions. Given
only a few available OBS samples, its distribution may
not reflect the statistics of the true distribution
(Wittenberg 2009). The shortness of the OBS record
also makes it difficult to establish that a model distribution is significantly different from OBS.
We apply the Kolmogorov–Smirnov (KS) test to estimate whether or not two distributions are alike. KS tests
show that among the nine aspects in Fig. 7, the EMR and
GCM distributions are significantly different for eight of
them with p , 1023 , while for I-dur p 5 0. 02. The GCM
distributions of Icp/ep2LN , Iamp , Idur , and Iseason2LN are not
significantly different from OBS distribution while the
GCM distributions of Iseason2EN , Icp/ep2EN , Ie/w2EN , Ie/w2LN ,
and Itra differ from OBS at greater than the 1% level
(p , 0.01). With the same significance level, EMR distribution differs from the OBS distributions for Iseason2EN ,
Iseason2LN , Ie/w2EN , and Ie/w2LN .
Besides the uncertainty coming from the shortage of
data to fit and constrain robust model coefficients for the
data-driven models, another aspect of uncertainty
comes from the model construction itself. We showed in
Chen et al. (2016) that there are many different ways to
formulate an EMR or other low-order models. It is
difficult to construct one particular model that captures
every conceivable feature. Although the current version
of EMR including nonlinearity, memory effect, and
seasonality is the overall best choice in the study, it fails
to match OBS’s distribution closely for a few aspects.
We use EMR as an example to illustrate both using a
data-driven model and a GCM to estimate the natural
variation of the ENSO characteristics. Both models are
flawed and the bias correction is a potential topic for
future study.

5. ENSO behavior change in the twenty-first
century
In this section, we analyze whether the ENSO behaviors may exhibit notable changes from the twentieth
to the twenty-first century using CMIP5 projections
under the RCP8.5 scenario. Besides the aforementioned
ENSO behaviors, we also estimate the annual mean
SST, annual cycle, standard deviation, and skewness of
SSTA in Niño-3.4 region.
When we analyze the CMIP5 models, we notice that
the PC-based definition for ENSO diversity works well
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for the models with correct representations of EOF1 and
EOF2, but this definition may not be optimal for the
models with poor performance on ENSO diversity. So
we will use a similar but Niño-based definition for
CMIP5 model evaluation. Normalized Niño-3.4 replaces
normalized PC1. Normalized Niño-4 minus normalized
Niño-3 replaces normalized PC2. All are normalized to
have standard deviation equal to one.
We will first evaluate whether 37 CMIP5 models could
reproduce realistic statistics (as compared with the observation in the twentieth century). The results from
each model are sorted in an ascending order for individual aspects of ENSO behavior. Table 1 gives the
model rank for each aspect. A multimodel mean
(MMM) for 37 models is calculated to represent an
overall performance of CMIP5 models. After that we
compare the number of models projecting an increase
or a decrease to assess whether the projected changes for
the twenty-first century are supported with sufficient
model agreement.
We next identify if an apparent change is a significant
response to the changing external forcing. For each individual model, the change from the twentieth to the
twenty-first century is viewed as a significant change if
satisfying one of the following: 1) I21C . I20C (increase)
and I21C . 97.5th percentile of PI run or 2) I21C , I20C
(decrease) and I21C , 2.5th percentile of PI run, where
I20C (I21C ) is the given index calculated for the twentieth
(twenty-first) century.
Note that there is a large spread of the natural variation given by each model’s PI runs, so an additional estimate of the natural variation is provided as reference
using the aforementioned 4000-yr stochastic-forced
EMR simulation fit from OBS.

a. SST climatology and anomaly
We first investigate whether these CMIP5 models
reproduce a realistic tropical Pacific climatology. The
time series of Niño-3.4 SST from 1900 to 2100 are shown
in Fig. 9a. Niño-3.4 SST averaged in the twentieth century (20C) and twenty-first century (21C) are shown in
Fig. 9b. The averaged Niño-3.4 SST in sliding 100-yr
epochs for the preindustrial control run (PI) is also
provided as reference. There is a considerable spread
compared to observations in 20C runs, and the MMM of
37 models slightly underestimates the 20C mean SST.
All 37 models project a warming future for the RCP8.5
scenario with an ;28C temperature increase. The
changes are significant in all models.
The Niño-3.4 SST anomalies in 20C and 21C are obtained by linearly detrending and removing monthly
climatology in each 100-yr segment (Fig. 9c) and the
standard deviation (s.d.) of Niño-3.4 is shown in Fig. 9d.
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FIG. 9. Niño-3.4 SST climatology and anomaly in the twentieth century (20C, historical run, 1900–99) and the
twenty-first century (21C, RCP8.5 scenario, 2000–99) in 37 CMIP5 models that participated in IPCC AR5. (a) The
20-yr running average Niño-3.4 SST with OBS in black and CMIP5 models in gray. (b) The mean SST in the 20C and
21C for each CMIP5 model. The models are sorted according to the 100-yr averaged Niño-3.4 SST in the 20C runs.
The black vertical line marks the 20C OBS value. The multimodel mean (MMM) is shown at the top, with 20C in
orange and 21C in blue. Preindustrial control simulations of each model are divided into 100-yr sliding epochs to
calculate the 100-yr averaged SST and the 2.5th–97.5th percentile of the distribution are shown as gray horizontal
lines. The number of models with decreased (,) / increased (.) change is indicated in (b) and (d). The number in
the brackets is the count for significant changes out of the range given by the control run. (c) Niño-3.4 SST anomaly
time series from 1900 to 2099. (d) The standard deviation of SSTA in preindustrial, 20C, and 21C runs. In addition
here the 21C results with an increased change are shown filled and those with decreased values are unfilled.
Meanwhile, the 2.5th, 50th, 97.5th percentile range estimated from the distribution in the EMR simulation is shown
in brown vertical bars at the bottom.

The natural variation range is provided by PI control
runs of each model and the 4000-yr stochastic-forced
EMR simulation fit from OBS. The MMM for 20C
overestimates the ENSO amplitude. There is large
spread ranging from half the amplitude of OBS to nearly
twice, consistent with the findings in Bellenger et al.
(2014). For the 21C, the MMM of 37 models projects an

increase in Niño-3.4 s.d.; 20 (17) models show a decrease
(an increase), among which 6 (13) models are significant.

b. SST annual cycle and seasonality
The annual cycle of 20C Niño-3.4 SST of all CMIP5
models are presented in Fig. 10a. The structure of the
annual cycle is measured using an index Iseacli defined as
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FIG. 10. Annual cycle and ENSO seasonality change from the twentieth century (20C) to twenty-first century
(21C) in 37 CMIP5 models. (a) The 20C seasonal cycle of Niño-3.4 SST, with OBS in black and CMIP5 models in
gray. The horizontal axis shows the calendar month. (b) The Niño-3.4 SST difference between the March–August
(summer half year) average and the September–February (winter half year) average. The models are sorted according to the 20C value of this difference. (c),(e) 20C occurrence probability of El Niño PEN and La Niña P LN ,
respectively. (d) Seasonality index of El Niño (Iseason2EN ) defined using summer half year averaged PEN divided by
winter half year averaged PEN ; thus, Iseason2EN , 1 indicates that El Niño in a given 100-yr epoch prefers winter
phase locking. (f) Iseason2LN , defined the same way, but for La Niña event.
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the averaged SST during winter half year (September–
February) minus that during summer half year (March–
August). Most models produce a reasonable annual
cycle but some models show a semiannual cycle. MMM
for 20C indicates a weaker annual cycle than observation. For 21C, MMM does not project an apparent
change. It is found that 18 (19) models project a decrease
(an increase), among which 15 (10) models are
significant.
The seasonal phase locking for El Niño and La Niña is
shown using occurrence probability for each calendar
month (Figs. 10c,e). Most models produce a winter
phase locking as in 20C OBS, consistent with Taschetto
et al. (2014). But some models show no preferred peak
season or peak in summer. Previous studies (e.g.,
Guilyardi et al. 2003; Ham and Kug 2014) suggested that
the biased models in seasonality tend to also have biases
in climatology and oceanic mean state. The seasonal
locking for El Niño and La Niña measured by Isea is
shown in Figs. 10d and 10f. Although there is large
spread among models, MMM for 20C appears to overall
match the observation. For 21C, MMM does not project
much change for El Niño and only a slight change for La
Niña. For El Niños, 21 (16) models project a decrease
(an increase), among which 6 (5) models are significant.
For La Ninas, 22 (15) models project a decrease (increase), among which 15 (2) models are significant.

c. ENSO diversity in peak location
For the 20C simulation, 37 models show a large spread
for the ratio between CP and EP ENSO Icp/ep (Figs. 11a,c).
More than half of the models resemble the observation
that El Niños favor the eastern Pacific although MMM
slightly overestimates the value of Icp/ep . More than half of
the models resemble the observation in favoring La Niñas
peaking at the central Pacific, although MMM slightly
underestimates the value of Icp/ep .
For the 21C projection, 20 (17) models project a decrease (an increase) for El Niños, among which 1 model
is (2 models are) significant. For La Ninas, 15 (22)
models project a decrease (an increase), among which 4
(5) models are significant. MMM results show no notable change. Yeh et al. (2009) analyzed 12 CMIP3 models
in which an increased frequency of CPEN compared to
EPEN is suggested to be related to the flattening of the
thermocline in the equatorial Pacific. Kim and Yu
(2012) analyzed 16 CMIP5 models under the RCP4.5
scenario that suggest an increased ratio of CP to EP El
Niño. Taschetto et al. (2014) used 27 CMIP5 models
under the RCP8.5 scenario that suggest no notable enhancement of the ratio of CP to EP ENSO. Here we
analyzed 37 CMIP5 models in RCP8.5 scenario and
measure the projected change from 20C to 21C using the
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probability shift of relative occurrence (Icp/ep ). The discrepancy among above studies suggests that the projections heavily depend on the selected models and the
uncertainty is large given the varying performance of
these models for the historical period.

d. ENSO diversity in propagation direction
For the 20C simulation, more than half of the models
favor westward propagating El Niños as the observation
although MMM overestimates the value of Ie/w
(Fig. 11b). Almost all models favor westward propagating La Niñas and MMM overall matches with the
observations (Fig. 11d). For El Niños, 13 (24) models
project a decrease (an increase), among which 2 (14)
models are significant. For La Ninas, 12 (25) models
project a decrease (an increase), among which 6 (15)
models are significant. As suggested by Santoso et al.
(2013), the projected weakening of the westward mean
equatorial currents may explain the projected shift toward more eastward propagating El Niños and La Niñas
in a warmer world.

e. ENSO asymmetry in amplitude, duration, and
transition
The skewness of Niño-3.4 SST anomaly (Fig. 12a)
coarsely measures the El Niño–La Niña asymmetry in
amplitude, so it is discussed here together along with
Iamp . For 20C, more than half of the 37 models show a
positive sign of skewness in agreement with OBS, although MMM underestimates the value of skewness.
For 21C, MMM shows a slight decrease of skewness;
24 (13) models project a decrease (an increase), among
which 8 (2) models are significant.
The amplitude asymmetry Iamp (Fig. 12b) shows that
more than half the models agree with OBS in 20C with
larger amplitude in El Niño than in La Niña, although
MMM underestimates the asymmetry. For 21C, MMM
projects a decrease in the asymmetry; 21 (16) models
project a decrease (an increase), among which 7 (3)
models are significant. The duration asymmetry Idur
(Fig. 11c) shows that only half the models agree with 20C
OBS in showing a more persistent La Niña. MMM also
underestimates the asymmetry. For 21C, MMM does
not show much change; 16 (21) models project a decrease (an increase), among which 5 (2) models are
significant. As to the transition Itra , most models show
much larger transition asymmetry than OBS in 20C and
MMM also overestimates the asymmetry. For 21C,
MMM does not show much change; 19 (18) models
project a decrease (an increase), among which 3 (5)
models are significant. For all three aspects of EN–LN
asymmetry, the projected changes are largely within the
natural variation range based upon the control run.
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FIG. 11. ENSO peaking location and propagation direction in the twentieth century (20C) and twenty-first
century (21C) in 37 CMIP5 models. (a) The location diversity index Icp/ep for EN, defined as PCPEN divided by PEPEN .
(c) Icp/ep for LN. Icp/ep . 1 indicates El Niños or La Niñas preferentially peak in CP. (b) The propagation diversity
index Ie/w for EN. (d) Ie/w for La Niña. Ie/w . 0 indicates El Niños or La Niñas prefer eastward propagation.

Previous studies (e.g., Zhang and Sun 2014; Cai et al.
2015a) pointed out that most CMIP5 models underestimate the ENSO asymmetry. Here the results in
our diagnostics show that, among these three aspects,
the EN–LN asymmetry in amplitude and duration are
underestimated by most models, and the EN–LN
asymmetry in transition is usually overestimated.

6. Discussion
a. Which aspect may show a robust change in 21C?
Now we would like to summarize, among all the
ENSO behaviors we have analyzed in this study, which
aspects may show a robust change in 21C. Increasing
SST climatology, as the result of changing external
forcing, is consistently predicted by all models. Other

than that, changes in many SSTA aspects are not that
robust, and the differences between 20C and 21C are
largely within the range of the natural variation.
We first estimate which aspects are most responsive to
the trend forcing, in which case the changes could be
readily detected from the natural variation in the model
projection. For each aspect, we count the number of
models (denoted as Nc ) out of 37 models showing a
significant change (no matter positive or negative
changes). The results are as follows: SST climatology
(Nc 5 37), annual cyle Iseacli (Nc 5 25), standard deviation of Niño-3.4 (Nc 5 19), diversity in zonal propagation for El Niño Ie/w2EN (Nc 5 16) and La Niña Ie/w2LN
(Nc 5 21), seasonality of El Niño Isea2EN (Nc 5 11) and
La Niña Isea2LN (Nc 5 12), the EN–LN asymmetry in
Iamp (Nc 5 10), Idur (Nc 5 7), Itra (Nc 5 8), and diversity in
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FIG. 12. EN–LN asymmetry in the twentieth century (20C) and twenty-first century (21C) in 37 CMIP5 models.
(a) The skewness of Niño-3.4 SSTA. (b) The amplitude asymmetry index (Iamp ) defined as EN amplitude divided by
LN amplitude. Iamp . 1 indicates El Niños have larger amplitude than La Niñas in a given 100-yr epoch. (c) The
duration asymmetry index (Idur ). Idur , 1 indicates La Niñas are more persistent than El Niños. (d) The transition
asymmetry index (Itra ). Itra . 0 indicates El Niños are quickly followed by La Niñas but not vice versa.

peak location for El Niño Icp/ep2EN (Nc 5 3) and La Niña
Icp/ep2LN (Nc 5 9).
Among these 12 aspects, SST climatology gives
Nc 5 37, suggesting that SST mean state quickly adjusts
to the increasing greenhouse gas emissions so that all 37
models can readily capture this change. However, diversity in peak location Icp/ep only gives Nc 5 3 for El
Niño and Nc 5 9 for La Niña. It suggests that El Niño
peaking at eastern Pacific or central Pacific often varies
even under a constant forcing. Therefore the large range
of natural variation makes it difficult to detect the forced
response.
Although the change of the annual cycle is very responsive to forcing (Nc 5 25), 37 models still do not
give a clear direction of change [18 (19) models show a

decrease (an increase), among which 15 (10) models
show a significant decrease/increase]. Therefore, it is
difficult to argue whether the annual cycle would become weaker in the twenty-first century.
The change of the standard deviation of Niño-3.4 is
also very responsive to forcing (Nc 5 19); 20 (17) models
project a decrease (an increase), among which 6 (13)
models project a significant decrease/increase. L. Chen
et al. (2015) investigated the physical mechanisms for
four individual models showing either increasing or
decreasing ENSO amplitude in the warming climate.
The authors found that models with a stronger (weaker)
equatorial thermocline response to the zonal wind
anomaly tend to project a strengthened (weakened)
ENSO amplitude.
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A shift toward eastward propagation of El Niños and
La Niñas is the responsive aspect with the most robust
change supported by MMM and nearly two-thirds of the
models. Santoso et al. (2013) have shown that the westward mean current is one main reason for ENSO’s westward propagation. Therefore a shift toward favoring the
eastward propagating El Niño may be the response to the
weakened westward mean current as projected for 21C.
By basing our metrics on SSTA we follow the practice
in the vast majority of prior ENSO literature. However,
based on observations (Karl et al. 1995), CMIP modeling results, and theory (Allen and Ingram 2002), it is
expected that with global warming the atmospheric
water vapor content will increase along with the intensifying convective events. Thus we expect that the
rainfall associated with ENSO events will increase, as
has been found by Power et al. (2013), Cai et al. (2014),
and Cai et al. (2015b).

b. Projection using a subset of models
Studies of CMIP models often identify subsets of good
models based on various metrics (e.g., Gleckler et al.
2008; Kim and Yu 2012; Bellenger et al. 2014). In this
study, we would like to estimate if a subset of good
models may give a more reliable projection for 21C
with a better model agreement. Here we identify good
models based on 13 aspects of ENSO behavior. Table 1
summarizes 37 CMIP5 model performances based on
these 13 metrics. For each aspect, 10 models with the
smallest errors in 20C are marked with an asterisk. We
then use the total number of asterisks to identify the
overall best 10 models. After that, we summarize the
model performance in 20C and the projection for 21C
using the MMM of all 37 models, the overall best 10
models (b10), and the best 10 models for individual aspect (c10) (Fig. 13). Skewness is not shown in this
summary since it is closely correlated with EN–LN
asymmetry in amplitude.
We note that the MMM using the subset of good
models is closer to the 20C observation for each aspect,
but the future projection based on these models still
lacks consensus for most aspects. It is possible that 1) the
external forcing for 21C may be implemented slightly
differently in each individual model and 2) model dynamics are slightly different in each model so that they
may drive different responses even under the same
forcing. Therefore one needs to be cautious for the future projection even using a subset of ‘‘good’’ models.

c. ENSO behavior biases in CMIP5 models
Compared to the 20C observation, 37-model mean
results (a37 in Fig. 13) show the CMIP5 model biases are
reflected in many aspects (e.g., underestimated mean
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SST, overly weak annual cycle, overly strong SST variability, more CPEN and EPLN, more eastward propagating EN, underestimated EN–LN asymmetry in
amplitude and duration, and excessive asymmetry in
transition).
Do the biases in ENSO behavior have some relation
with the biases in the simulated mean state of Niño-3.4?
Figure 14 displays the results for PI, 20C, and 21C. Note
that the scatterplot shows the overall spread when 37
Earth-like systems respond given the same forcing. It may
not be interpreted as a physical relation, since it does not
come from one consistent system under a series of different mean states. For example, Fig. 13b shows that,
among all 37 models, models that simulate a relatively
warmer mean state tend to also simulate a weak annual
cycle with a small summer–winter difference in SST. But
this apparent relation may not suggest that the annual
cycle will become weaker in the warming climate. The
previous section already showed that the change of the
annual cycle from 20C to 21C varies in each individual
model and the MMM shows no significant change.

7. Conclusions
We introduced a set of empirical probabilistic diagnostics for ENSO behaviors, including variations in
peak season, location, and propagation direction as well
as El Niño–La Niña asymmetries. The diagnostics applied to SST observations show that El Niños and La
Niñas are phase-locked to boreal winter. They both favor westward propagation. El Niños mainly occur at the
eastern Pacific and La Niñas prefer the central Pacific.
These results agree with current understanding and thus
provide support for the validity of our new diagnostics.
The diagnostics were applied to evaluate ENSO behaviors in two example simulations. The first is a 4000-yr
preindustrial control simulation of the GFDL CM2.1
coupled GCM. The strong nonlinearity of this model is
indicated by an exaggerated El Niño–La Niña asymmetry. Although modeled La Niñas generally behave
like the observations, El Niños behave quite differently.
El Niño’s winter phase-locking feature is largely missed
since eastern Pacific El Niños (EPENs) prefer peaking
in summer while central Pacific El Niños (CPENs)
prefer winter. Eastward propagating El Niños are
dominant. The overall statistics are largely dominated
by extreme El Niños.
The diagnostics were also applied to a 4000-yr
stochastic-forced simulation of a nonlinear empirical
model reduction (EMR) fit using SST observations. This
simulation is reasonably realistic in broad aspects of
ENSO behavior and thus may be considered as an extension to observations to help us assess the range of
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FIG. 13. Summary of ENSO behaviors in the twentieth century and the twenty-first century using all 37 CMIP5 models (a37, blue),
overall best 10 models (b10, yellow) and best 10 models for individual aspect of behavior (c10, red). The twentieth-century observation
(obs, black) results are shown as a reference. A 4000-yr stochastically forced simulation of EMR model fit from the observation provides
the natural variation range (the 2.5–97.5 percentile range is shown). In each panel, a pair of numbers indicates the degree of model
agreement. The left one is the number of models showing a decrease from the twentieth century to the twenty-first century while the right
one is the number of models showing an increase.

ENSO variation. Most epochs in a 4000-yr simulation
agree well with observations. But epochs with more CP
El Niños or epochs with more eastward El Niños do exist
when stochastic noise is the only forcing. No forcing
trend such as that due to greenhouse gases is required.
The diagnostics were then applied to assess the potential change of ENSO behaviors in a warming climate
using 37 CMIP5 models that participated in IPCC AR5.

Evaluation of model performance used twentiethcentury runs (20C, historical, 1900–99) show that each
model has pros and cons for varying aspects of ENSO
behavior.
As for the projected changes from the twentieth
century to twenty-first century (21C, RCP8.5 scenario,
2000–99), except for a consensus in tropical Pacific SST
increase due to the forcing, changes in other aspects are
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FIG. 14. ENSO behaviors biases in CMIP5 models. (a) The Niño-3.4 SST climatology in each model for the preindustrial period (PI; gray
circle), the twentieth century (20C; orange circle) to the twenty-first century (21C; (blue triangle). 20C observations are indicated with an
asterisk. (b)–(l) Each individual ENSO behavior varies at different mean states. The change from 20C MMM to 21C MMM is shown with
a black line. The 2.5th–97.5th percentiles of natural variation range by EMR are shown by dashed lines.

all model dependent. Except for the warming climatology, many 21C changes are within the bounds of the
natural variation range produced by the preindustrial
control runs (PI) control run. Overall the multimodel
mean (MMM) suggests that changes in many ENSO
statistics measured in SSTA may not be significant (e.g.,
diversity peaking in eastern Pacific–central Pacific and
El Niño–La Niña asymmetries). Although a few models

do show significant changes, the degree of model
agreement on the projected change is low for all aspects.
A shift favoring eastward propagating El Niño and La
Niña shows slightly more robustness.
Projections for the future based on CMIP models often involve considerable uncertainty (Vecchi and
Wittenberg 2010). Changes in ENSO are difficult to
detect given large natural variability present in each

798

JOURNAL OF CLIMATE

model (e.g., Wittenberg 2009) as well as the lack of
model agreement (e.g., Guilyardi 2006; Collins et al.
2010; Stevenson 2012; Taschetto et al. 2014). In this
study, various model biases for 20C ENSO behaviors
leave little to confidently predict the future of ENSO.
Whether the projected changes could actually take place
in the future remains largely uncertain. The ENSO behavior diagnostics introduced in this study and datadriven models (e.g., EMR) fit from the observation may
be useful along with the development of CMIP models.
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APPENDIX
EMR Methodology
Empirical model reduction (EMR) is an empirical
modeling framework, allowing nonlinearity, seasonality,
and memory effects (Kravtsov et al. 2005; Kondrashov
et al. 2005, 2015). The operational version of EMR (labeled UCLA-TCD) participates in the International
Research Institute for Climate and Society’s (IRI’s)
ENSO prediction plume, and it is very competitive
among both dynamical and statistical models (Barnston
et al. 2012; http://iri.columbia.edu/our-expertise/climate/
forecasts/enso/current/).
The setting of EMR used in this study is as follows.
The state vector x 5 fxi g is the leading three normalized
PCs of detrended tropical Pacific SSTA. Quadratic
nonlinearity is included in the main level:
dxi 5 (xT Ai x 1 b1i x 1 c1i )dt 1 dri1 ;

i 5 1, . . . , 3. (A1)
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The model coefficients in matrices Ai , the vectors bi of
matrix B, the components ci of vector c, and the components ri of the residual r are determined by multiple
polynomial regression.
Seasonality is included by adding additional coefficients into the main level of the model:
B 5 Bn 1 Bs sin(2pt/T) 1 Bc cos(2pt/T) ,

(A2)

c 5 cn 1 cs sin(2pt/T) 1 cc cos(2pt/T) ,

(A3)

where the matrix Bn and vector cn are the original annually averaged (nonseasonal) terms as in Eq. (A1),
matrices Bs and Bc add an multiplicative seasonality, and
vectors cs and cc add an additive seasonality. The period
T 5 12 months to account for an annual cycle of seasonality. All these coefficients are determined simultaneously with the other coefficients in the main level.
The ENSO memory effect is embedded in a two-timelevel model construction. An additional level is added
by fitting the temporal increment of the residual at the
main level dr1 using a linear function of an extended
state vector [x, r1 ]:
dri1 5 b2i [x, r1 ]dt 1 dri2 ;

i 5 1, . . . , 3,

(A4)

where b2i and ri2 for the second level (i.e., one time step
back) are determined after the main level. Results from
Kondrashov et al. (2005) and Chen et al. (2016) indicate
that two time levels are sufficient to embed a memory
effect for ENSO simulation. A stochastic simulation is
forced using a spatially coherent multivariate white
noise given by the residual covariance matrix estimated
along with the model fitting. See more details in
Kondrashov et al. (2005).
In this study, EMR uses the same setting as the model
2L1S1NL in Chen et al. (2016), which is a nonlinear
model with two time levels and an annual seasonality.
To investigate the dependence of ENSO behaviors on
the system nonlinearity, we also construct a linear model
denoted EMR-L for a comparison. It uses the same
setting as the model 2L1S in Chen et al. (2016), which
has two time levels and an annual seasonality. The only
difference between EMR and EMR-L is with or without
nonlinearity.
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