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ABSTRACT: Observational analyses suggest that a significant fraction of the tropical Pacific decadal variability (TPDV)

(;60%–70%) is energized by the combined action of extratropical precursors of El Niño–Southern Oscillation (ENSO)

originating from the North and South Pacific. Specifically, the growth and decay of the basin-scale TPDV pattern (time

scale5;1.5–2 years) is linked to the following sequence: ENSOprecursors (extratropics, growth phase)/ENSO (tropics,

peak phase) / ENSO successors (extratropics, decay phase) resulting from ENSO teleconnections. This sequence of

teleconnections is an important physical basis for Pacific climate predictability. Here we examine the TPDV and its con-

nection to extratropical dynamics in 20 models from phase 5 of the Coupled Model Intercomparison Project (CMIP). We

find that most models (;80%) can simulate the observed spatial pattern (R . 0.6) and frequency characteristics of the

TPDV. In 12 models, more than 65% of the basinwide Pacific decadal variability (PDV) originates from TPDV, which is

comparable with observations (;70%). However, despite reproducing the basic spatial and temporal statistics, models

underestimate the influence of the North and South Pacific ENSO precursors to the TPDV, and most of the models’ TPDV

originates in the tropics. Only 35%–40%of themodels reproduce the observed extratropical ENSOprecursor patterns (R.
0.5). Models with a better representation of the ENSO precursors show 1) better basin-scale signatures of TPDV and 2)

stronger ENSO teleconnections from/to the tropics that are consistent with observations. These results suggest that better

representation of ENSO precursor dynamics in CMIP may lead to improved Pacific decadal variability dynamics and

predictability.
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1. Introduction

Pacific decadal variability (PDV), here defined as variability

on time scales longer that 6–8 years, has long been recognized

for its strong impacts on global climate as well as regional

weather and marine ecosystems, particularly over North

America and Asia (Roemmich and McGowan 1995; Mantua

et al. 1997; Martinez et al. 2009; Alexander et al. 2010; Deser

et al. 2010; Liu 2012; Di Lorenzo et al. 2013; Chen andWallace

2015; Liu and Di Lorenzo 2018). Recent studies indicate that

PDV had a significant contribution to the observed warming

hiatus during the last decade (Meehl et al. 2013; Kosaka and

Xie 2013; Watanabe et al. 2014; England et al. 2014). PDV has

been described in terms of several climate modes, like the in-

terdecadal Pacific oscillation (IPO; Trenberth and Hurrell

1994; Power et al. 1999), the Pacific decadal oscillation (PDO;

Mantua et al. 1997), the North Pacific Gyre Oscillation

(NPGO; Di Lorenzo et al. 2008), and the South Pacific decadal

oscillation (SPDO; Garreaud and Battisti 1999; Mo 2000; Hsu

and Chen 2011). These climate modes tend to share a similar

pattern to El Niño–Southern Oscillation (ENSO) (Zhang et al.

1997) on decadal time scales, which indicates that tropical

dynamics (e.g., ENSO) play a significant role in the PDV

(Linsley et al. 2000). Tropical Pacific decadal variability

(TPDV), defined as the dominant mode of low-frequency

(time scales . 8 years) sea surface temperature (SST) anom-

alies (SSTa) in the tropical Pacific (58S–58N), has an important

impact on the PDV explaining about ;65% of the basin-scale

variance (Zhao and Di Lorenzo 2020). TPDV and PDV are

highly correlated with each other through tropical dynamics

and ENSO teleconnections; however, there are important

differences between the TPDV and PDV mode. The PDV

mode contains important elements that are independent of the

tropics, which include the decadal variability of the Kuroshio–

Oyashio Extension (KOE) region in the North Pacific, the low-

frequency variability of the circumpolar current in the South

Pacific, and other sources (Zhao and Di Lorenzo 2020). There

is a substantial body of literature that focuses on the physical

mechanism of the PDV and the connection/distinction be-

tween TPDV and the other Pacific climate modes (Bratcher

and Giese 2002; Liu et al. 2002; Karspeck et al. 2004; Okumura

2013; Newman et al. 2016).

The connection between PDV and TPDV is mediated

through ENSO. It is well understood that ENSO tele-

connections from the tropics to the extratropics project the

tropical variance into the North and South Pacific regions

(Alexander 1992; Alexander et al. 2002; Liu et al. 2002;

Newman et al. 2003; Vimont 2005; Di Lorenzo et al. 2010;

Deser et al. 2012; Liguori and Di Lorenzo 2019; Chung et al.

2019). Changes of ENSO dynamics can drive the low-

frequency modulations of the Pacific mean state (Yeh and

Kirtman 2005); in turn, the Pacific mean state also plays an

important role in the flavors of ENSO (Choi et al. 2011).
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However, an increasing body of literature suggests that ex-

tratropical ‘‘ENSO precursors’’ also play an important role in

energizing ENSO and TPDV (Penland and Sardeshmukh

1995; Moore and Kleeman 1996; McPhaden and Yu 1999;

Fedorov 2002; Rodríguez-Fonseca et al. 2009; Kucharski et al.

2016; Liu and Di Lorenzo 2018; Liguori and Di Lorenzo 2019;

Chung et al. 2019; Zhao and Di Lorenzo 2020). The extra-

tropical ENSO precursor dynamics are initiated by perturba-

tions in the off-equatorial trade winds during boreal winter,

which in turn trigger several ocean–atmosphere mechanisms

that favor the development of ENSO conditions in the summer

and fall. These mechanisms include the seasonal footprinting

mechanism (SFM) (Vimont et al. 2001, 2003), the trade wind

charging (TWC) mechanism (Anderson 2003; Anderson et al.

2013), meridional modes (Chiang and Vimont 2004), and ex-

citation of off-equatorial Rossby waves (Knutson and Manabe

1998). Extratropical precursors in boreal winter from both the

North and South Pacific independently trigger the ENSO

feedbacks in the tropics with a lead time of about 6–12 months

and ENSO teleconnections to the extratropics in the following

winter (Ding et al. 2015, 2017; Zhao and Di Lorenzo 2020).

This progression of climate events (ENSO precursors /

ENSO / ENSO successors) provides a mechanism for inte-

grating the extratropical stochastic atmospheric seasonal var-

iability into tropical and basin-scale low-frequency variance

(Di Lorenzo et al. 2015; Zhao and Di Lorenzo 2020): we refer

to this as the ‘‘TPDV hypothesis.’’ This mechanism can also be

described in terms of a simple autoregressive process of order 1

where the memory associated with the tropical–extratropical

progression acts as a reddening (e.g., a low-frequency filter) of

the seasonal stochastic forcing (e.g., white noise). Through this

coupling between tropics and extratropics, the North and

South Pacific ENSO precursor dynamics are estimated to

control a large fraction of the TPDV (;65%) and its phase in

the observational record (Zhao and Di Lorenzo 2020).

Furthermore, there is growing evidence suggesting that this

coupling between extratropics and tropics may be responsible

for prolonged sea surface temperature anomalies in the North

Pacific (Di Lorenzo and Mantua 2016) and their predictability

(Capotondi et al. 2019).

The observation of the Pacific extends at most to the early

twentieth century and contains substantial uncertainties

(Deser et al. 2010). The long-term simulations from Earth

system models (ESMs), such as the simulations from the

Coupled Model Intercomparison Project (CMIP), thus be-

come powerful tools to understand the PDV and TPDV.

Although thesemodels can capture the basic spatial patterns of

the dominant modes of Pacific decadal variability, their power

spectra and statistics of teleconnections show distinct discrep-

ancies (e.g., Furtado et al. 2011;Kwon et al. 2012; Park et al.

2013; Yim et al. 2014; Nidheesh et al. 2017; Yi et al. 2018). The

CMIP3 generation of climate models cannot accurately cap-

ture decadal SST and sea level pressure (SLP) modes in the

North Pacific or ENSO teleconnections from the tropics to

extratropics (Furtado et al. 2011). Recently, there has been

reported improvement of model performance in CMIP5

models with regard to dynamic fields such as wind stress (Lee

et al. 2013), SSH (Landerer et al. 2014), SST, and sea level (Lyu

et al. 2016), as well as several climate models like ENSO (Kim

and Yu 2012), the North Pacific Oscillation (NPO) (Rogers

1981), and the Pacific–North American teleconnection (PNA)

(Chen et al. 2018). In fact, an increasing number of studies on

decadal predictions have been conducted using CMIP-type

models (Newman 2007; Meehl et al. 2014). To better identify

the mechanistic basis for decadal predictability in the

Pacific, it is important to diagnose the mechanisms of PDV

and TPDV in climate models and compare them with those

inferred from observations (Liu and Di Lorenzo 2018).

Given the observational evidence that extratropical ENSO

precursors play an integral role in TPDV (Di Lorenzo et al.

2015), Zhao and Di Lorenzo (2020) also explored the ability

of climate models to capture the TPDV dynamics. They

found the TPDV and PREC spatial patterns of climate

models show important discrepancies from observations,

and the fraction of TPDV explained by the extratropical

precursors is much smaller compared to the observations. In

this work, we expand previous findings by diagnosing and

comparing the mechanisms that energize the TPDV and

PDV across CMIP5 with the specific focus on the role of

tropical/extratropical teleconnections patterns on both de-

cadal and interannual time scales. We find that models

with a better simulation of extratropical ENSO precursors

also show a better TPDV pattern and stronger ENSO tele-

connection. This work provides a comprehensive frame-

work to evaluate the ability of models to reproduce realistic

Pacific climate dynamics and builds the basis for decadal

predictability in the Pacific.

The paper is organized as follows. The data and approaches

to diagnose the TPDV are explained in section 2. Section 3

shows the spatiotemporal features of PDV and TPDV in

CMIP5 models. The interaction between the extratropics and

tropics outlined in the TPDV hypothesis is examined for each

model in section 4. We then discuss the mechanism of tropical

Pacific decadal variability in section 5 and conclude with a

discussion and summary in section 6.

2. Datasets and methods

a. Observational data and model outputs

The observational data that we use include monthly SLP

from the National Centers for Environmental Prediction

(NCEP) Reanalysis (Kalnay et al. 1996) and SST from the

National Oceanic and Atmospheric Administration (NOAA)

Extended Reconstruction SST dataset (ERSST) version 3

(Smith and Reynolds 2004). The monthly SLP and SST are at

2.58 3 2.58 and 28 3 28 horizontal grids, respectively. We focus

on the Pacific basin (i.e., 1008E–608W, 758S–608N) and analyze

the observational data from 1950 to 2016.

The TPDV is also examined based on the historical simu-

lation (r1i1p1) of 20 climate models from CMIP5 archives

(Taylor et al. 2012) (Table 1). Our analyses are based on out-

puts of monthly mean SST and SLP covering from 1861 to

2004, interpolated onto the same horizontal grids (18 3 18 for
the ocean and 2.58 3 28 for the atmosphere). Here we use the

entire available period of the simulations, which end in 2004,

to maximize the confidence level of the decadal analysis.
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Throughout the analyses, anomalies are derived by removing

the climatological monthly means and a long-term linear trend.

b. Statistical methods

1) TPDV AND PDV INDICES

To investigate the features and relationships of various cli-

mate modes, we extract several indices and patterns from the

climate variability in the Pacific region. TPDV and PDV pat-

terns are defined as the leading empirical orthogonal functions

(EOFs) of 8-yr low-pass SSTa determined over the tropical

Pacific (58S–58N) and the entire Pacific basin (708S–658N),

respectively (Table 2). The positive TPDV/PDV phases are

ENSO-like warm patterns. The TPDV index and PDV index

are defined as the corresponding first principal component

(PC) time series of the tropical Pacific and the entire basin low-

frequency SSTa (Table 2).

2) ENSO (NDJ) INDEX

The November–January (NDJ) ENSO index is defined as

the first PC of NDJ SSTa in the tropical Pacific (58S–58N)

(Table 2), which explains 85% of the total variance in the ob-

servations and is associated with the season of maximum

ENSO anomalies.

TABLE 1. List of models analyzed in the present study from the CMIP5 database. According to the spatial correlation coefficients

between the simulated TPDV patterns and the observed TPDV pattern, these models are classified into Class I (the top 10 models) and

Class II (the others). Each model’s institute, country, name, and class are given in this table.

Institute and country Model name Class

Canadian Centre for Climate Modeling

and Analysis (CCCma), Canada

CanESM2 II

National Center for Atmospheric

Research (NCAR), United States

CCSM4 I

National Science Foundation,

Department of Energy, National

Center for Atmospheric Research

(NSF–DOE–NCAR), United States

CESM1-CAM5 I

Centre National de Recherches

Météorologiques–Centre Européen de

Recherche et de FormationAvancée en
Calcul Scientifique (CNRM-CERFACS),

France

CNRM-CM5.2 II

CSIRO in collaboration with the

Queensland Climate Change Centre of

Excellence (CSIRO-QCCCE),

Australia

CSIRO-Mk3.6.0 I

NOAA Geophysical Fluid Dynamics

Laboratory (GFDL), United States

GFDL-ESM2M II

NASA Goddard Institute for Space

Studies (GISS), United States

GISS-E2-R II

GISS-E2-H II

Met Office Hadley Centre (additional

HadGEM2-ES realizations contributed

by Instituto Nacional de Pesquisas

Espaciais), United Kingdom

HadCM3 II

HadGEM2-AO I

HadGEM2-CC I

HadGEM2-ES I

Institute for Numerical Mathematics

(INM), Russia

INM-CM4 II

Institute Pierre-Simon Laplace (IPSL),

France

IPSL-CM5A-LR II

IPSL-CM5A-MR II

Atmosphere and Ocean Research

Institute (AORI; The University of

Tokyo), National Institute for

Environmental Studies (NIES), and

Japan Agency for Marine-Earth

Science and Technology

(JAMESTEC), Japan

MIROC5 I

Max Planck Institute for Meteorology

(MPI-M), Germany

MPI-ESM-LR I

Meteorological Research Institute

(MRI), Japan

MRI-CGCM3 II

Norwegian Climate Centre (NCC),

Norway

NorESM1-M I

NorESM1-ME I
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3) EXTRATROPICAL ENSO PRECURSORS AND

SUCCESSORS

We separate the extratropical variabilities into ENSO pre-

cursors (e.g., meridional modes) and successors (e.g., ENSO-

induced teleconnections) following the same approach as in

Zhao and Di Lorenzo (2020) (see Table 2). Specifically, the

precursor (teleconnection) patterns are identified using lead

(lag) correlation map between the NDJ ENSO index and the

preceding (following) January–March (JFM) sea level pressure

anomaly (SLPa) and/or SSTa. By projecting the SLPa and SSTa

precursor patterns onto the JFM anomalies, we obtain the

northern (N) and southern (S) precursor indices: NSLPpre,

NSSTpre, SSLPpre, and SSSTpre. The geographic regions used to

compute the projections in the North and South Pacific are 158–
628N, 1808–1308W for NSLPpre; 728–258S, 1708E–808W for

SSLPpre; 108–558N, 1608E–1008W for NSSTpre; and 608–158S,
1808–758W for SSSTpre. Similarly, the teleconnection indices

(NSLPtele, NSSTtele, SSLPtele, and SSSTtele) can be calculated by

projecting the teleconnection patterns onto the JFM anomalies.

The domains for calculating the projections are 158–648N,

1208E–1008W for NSLPtele; 758–158S, 1358E–708W for SSLPtele;

108–608N, 1208E–1008W for NSSTtele; and 608–158S, 1808–758W
for SSSTtele. A linear combination of the precursor indices in

both hemispheres is used to reconstruct ENSO (Table 2):

ENSOreSLP5 a3NSLPpre1 b3 SSLPpre or ENSOreSST5 a3
NSSTpre 1 b 3 SSSTpre, where a 1 b 5 1. The index is re-

constructed with the parameter a varying from 0 to 1 with 0.1

intervals and the a and b that maximize the correlation between

ENSOre and ENSO are selected. To be clear, the patterns and

indices used in this work are summarized in Table 2.

To extract a measure of the ENSO precursors’ contribution

to tropical low-frequency variability we use the same approach

and parameters as in Zhao and Di Lorenzo (2020). We applied

an autoregressive model of order 1 (AR-1) forced with

ENSOreSST to obtain the low-frequency PREC index associ-

ated with the reddening of the ENSO precursor dynamics:

dPREC(t)

dt
5ENSO

reSST
(t)2

PREC(t)

t
.

In this equation, the time step t is 1 year and parameter

t represents the memory of the coupled system, which is the

decay time scale associated with the process ENSO precursors

(JFM) / ENSO (OND) / ENSO successors (JFM 1 1).

Here t 5 1.2 years (Zhao and Di Lorenzo 2020). The corre-

lation between PREC and TPDV indices is not very sensitive

to t in the climate models (see Fig. S1 in the online supple-

mental material). When t 5 1.2 years, the correlation coeffi-

cient is close to themedian in eachmodel. This approachworks

well in the observations because the North and South Pacific

ENSO precursors are independent of ENSO and the tropics,

therefore allowing us to quantify the TPDV that originates in

the extratropics. However, in the CMIP5 archive we find that

not all models exhibit precursors that are independent (see

discussion in section 5), especially when the models tend to

exhibit a more periodic behavior in ENSO. For those models,

we cannot isolate with confidence the low-frequency variance

that is truly originating in the extratropics (e.g., the periodic

behavior makes it difficult to isolate cause and effect).

Nevertheless, we perform this standard approach to all models

and discuss the results and limitations in sections 4 and 5.

4) SIGNIFICANCE TESTING

For all the calculations of correlation coefficients or re-

gression coefficients in this paper, the significance is assessed

TABLE 2. Definitions of patterns and indices used in this work.

Pattern Definition Index Definition

PDV Leading EOF of 8-yr low-pass SSTa in the

Pacific basin (708S–658N)

PDV Corresponding leading PC

TPDV Leading EOF of 8-yr low-pass SSTa in the

tropical Pacific (58S–58N)

TPDV Corresponding leading PC

ENSO Correlation map between ENSO index

and NDJ SSTa

ENSO Leading PC of NDJ SSTa in the tropical

Pacific (58S–58N)

ENSO precursors Lead correlation map between ENSO

index and the preceding

NSLPpre, NSSTpre Project the SLPa/SSTa precursor patterns

onto the JFM anomalies in the

North Pacific

SSLPpre, SSSTpre Project the SLPa/SSTa precursor patterns

onto the JFM anomalies in the

South Pacific

JFM SLPa and/or SSTa ENSOreSLP ENSOreSLP5 a3NSLPpre1 b3 SSLPpre

ENSOreSST ENSOreSST5 a3NSSTpre1 b3 SSSTpre,

ENSO successors Lag correlation map between ENSO

index and the following

NSLPtele, NSSTtele Project the SLPa/SSTa successor patterns

onto the JFM anomalies in the

North Pacific

JFM SLPa and/or SSTa SSLPtele, SSSTtele Project the SLPa/SSTa successor patterns

onto the JFM anomalies in the

South Pacific

PREC Correlation map between PREC index

and 8-yr low pass SSTa

PREC dPREC(t)/dt5 ENSOreSST(t)2 PREC(t)/t
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by a two-sided Student’s t test (F test) using the effective

temporal degrees of freedom by considering serial autocorre-

lation (Bretherton et al. 1999). When calculating the multi-

model ensemble mean (MEM) statistics, we use the arithmetic

mean of the statistics analyzed in each individual model. For

example, we calculate the ensemblemean of TPDV patterns as

follows: 1) we obtain the TPDV pattern using the correlation

map between the TPDV index and 8-yr low-pass SSTa field in

each model; 2) we flip the sign if necessary to keep the positive

correlation in the eastern Pacific so that the pattern always

represents the positive TPDV phase; and 3) the individual

TPDV patterns are averaged collectively as the MEM.

Similarly, the MEM of the power spectrum is defined as

the average of the individual normalized power spectra in

each model.

3. Spatiotemporal features of PDV and TPDV in CMIP5
models

To assess the CMIP5 models’ fidelity in simulating patterns

of PDV and TPDV (1008E–608W, 758S–608N), we plot Taylor

diagrams (Taylor 2001) to evaluate the similarity between each

modeled pattern and referenced pattern in terms of their

spatial correlation coefficient (SCC), standard deviation

(STD), and root-mean-square deviation (RMSD) (Fig. 1). The

reference points in Fig. 1 shown as black stars signify the ob-

servational patterns based on NOAAERSST v3. In the Taylor

diagrams, points that lie near the reference point indicate the

corresponding models agree well with the observation. As

shown in Fig. 1, the large scatter of points reveals that there are

significant differences in representations of PDV (TPDV)

spatial variability among CMIP5 models. All of the 20 CMIP5

models underestimate the variance of PDV and TPDV, al-

though the magnitudes of the underestimation vary. For ex-

ample, 14 (10) models show STDs of PDV (TPDV) higher than

70% of the corresponding STDs in the observation. The SCCs

of the PDV pattern vary greatly from 0.1 (CNRM-CM5.2) to

0.81 (CESM1-CAM5), but there are 12 models (60%) showing

SCCs greater than 0.6. Similarly, the majority of models (75%)

show comparatively high SCCs (.0.6) of the TPDV pattern.

The range of RMSDs of the PDV is from 0.34 (CESM1-

CAM5) to 0.62 (GISS-E2-H), while that of the TPDV is from

0.26 (CESM1-CAM5) to 0.53 (GISS-E2-R). With the highest

spatial correlations and the lowest RMSDs, CESM1-CAM5

reproduces PDV/TPDV patterns most similar to observations

among the 20 models.

FIG. 1. Taylor diagrams for (a) PDV patterns and (b) TPDV patterns simulated in CMIP5 models. PDV/TPDV

patterns are computed using correlations of the 8-yr low-pass SSTa with the PDV/TPDV indices. The black stars on

the x axis signify the observational patterns based on NOAAERSST v3 (Smith and Reynolds 2004). Green dashed

circles centered at the reference points represent the root-mean-square deviation (RMSD), and gray circles cen-

tered at the origins show the normalized standard deviation (STD). Spatial correlations are shown as cosine of the

angles from the x axis. MEMs and Class I (II) models are shown as stars and green diamonds (red triangles),

respectively, in the figures.
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To further investigate the decadal variability of the tropical

Pacific, we classify these CMIP5 models into two classes in

terms of the evaluations of similarity between simulated TPDV

patterns with the observational patterns (Fig. 1b). The top 50%

models (10 models) that show higher SCCs between simulated

TPDV patterns and the observational TPDV (the mean cor-

relation is 0.76) are selected as Class I. Specifically, they show

SCCs of the TPDV pattern higher than 0.68 and RMSDs lower

than 0.37. CCSM4, CESM1, MIROC5, HadGEM2-ES/AO/

CC, NorESM1-M/ME, MPI-ESM-LR, and CSIRO-Mk3.6.0

belong to Class I and are shown as green diamonds in Fig. 1.

Class II includes the other 10 models that lie comparatively

farther from the reference point (the mean TPDV spatial

correlation is 0.52), with SCCs, 0.68 (shown as red triangles in

Fig. 1). We find that models in Class I overall show better

ability to simulate the PDV pattern compared with the models

in Class II (Fig. 1a). The spatial correlations of the ensemble

mean PDV (TPDV) patterns of all 20 models, 10 Class I

models, and 10 Class II models are 0.69, 0.78, and 0.50 (0.75,

0.82, and 0.61) respectively, which are higher than the mean of

each cluster. The MEMs also underestimate the spatial vari-

ances of PDV and TPDV: the STDs of the PDV (TPDV)

pattern are about 45%–65% (60%–70%) of the reference data.

From Fig. 1, the TPDV pattern is better described than the

PDV pattern in CMIP5 models (smaller distances between the

models and observations in Fig. 1b vs Fig. 1a). Considering that

it is more difficult for models to capture decadal variance than

the interannual variance, the simulations of PDV and TPDV

patterns in CMIP5 models are defective, compared with the

simulation of ENSO (for more details see section 4).

To compare the temporal variability of PDV and TPDV

between observations andmodels, we apply spectral analysis to

the time series of the corresponding indices. For each indi-

vidual spectrum, spectral power is normalized to represent the

percentage of total variance explained at the certain frequency.

Frequencies with significant power are determined if the peak

exceeds the 95% confidence level with respect to a red noise

null hypothesis. Note that models in Class I (II) are highlighted

with green (red) fonts in Fig. 2. For the PDV, the observational

power spectrum shows significant peaks on decadal time scales

(10–30 years) and the ensemble mean power spectrum closely

resembles the observation (Fig. 2a). More specifically, al-

though with varying amplitudes, in most models (18 out of 20)

the spectrum maximizes on the observed decadal time scales

(10–30 years) (Fig. 2a). Several models (GISS-E2-R, GISS-E2-

H, GFDL-ESM2M, CNRM-CM5.2, and CCSM4) show rela-

tivelymore power at longer time scales (.15 years), whilemost

of the other models show more power at shorter (,10 years)

time scales (Fig. 2c). The spectral powers of the TPDV in the

observation and most model simulations are not significant at

FIG. 2. Power spectra of (a) PDV and (b) TPDV indices of the observation,MEMs and the individual simulations

as functions of period (years). Differences of power spectra of (c) PDV and (d) TPDV indices between the ob-

servation and the individual simulations and MEMs as functions of period (years). Different color represents the

percentage of total variance explained at the specific frequency. Only significant power values (confidence level$

95%) are shaded. Models in Class I (II) are highlighted with green (red) fonts in the y axis.
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FIG. 3. (left) The shadings show the explained variances of the (a) PDV index, (b) TPDV index, and (c) PREC index to the 8-yr low pass

SSTa in theOBS, and the differences of explained decadal variances between (d) the TPDV index and PREC index and (e) the PDV index

and TPDV index in theOBS. The contours in (a)–(c) show the corresponding correlationmaps. Contours start from60.3, and the interval

is 0.2. The red contours show positive values, and the blue contours show negative values. (center)As at left, but for Class IMEMpatterns.

Contours start from 60.1, and the interval is 0.2. (right) As at left, but for Class II MEM patterns. Contours start from 60.1, and the

interval is 0.2.
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the 95% confidence level in the 20–30-yr period. The obser-

vation exhibits significant peaks for the TPDV index in the

period range of 7–20 years and its maximum power in the 10–

15-yr band with decreasing power toward higher frequencies

(Fig. 2b). By contrast, the MEM has a generally lower and

more uniform power spectrum in the period range of 7–20

years, as a result of averaging across models with drastically

different power spectra. TPDV indices of most models (17 out

of 20) show noticeable peaks at decadal time scales, especially

inMRI-CGCM3,MPI-ESM-LR, andHadGEM2-ES (Fig. 2b).

Compared with the observations, most models show less vari-

ance in the period range of 7–15 years andmore variance at the

other time scales (15–20 and ,7 years) (Fig. 2d). Because of

the limitation of the length of observational data (67 years), the

differences at time scales of 15–20 years are not significant. In

the following analysis, the TPDV is shown to be more con-

trolled by the extratropics in the observations, whereas in the

models a larger fraction of TPDV is driven locally in the tropics

(e.g., ENSO) (see Fig. 3). This may explain why models have

stronger variance at time scale, 7 years. Comparing the Class

I and Class II MEM spectra of TPDV and PDV, better spatial

patterns do not always associate with better spectral behaviors.

Overall, the temporal statistics suggest that most models can

reasonably capture the decadal variability of PDV and TPDV.

PDV and TPDV indices in most Class II models tend to have

comparatively more power in longer time scales (20–30 years).

We now examine spatial patterns of TPDV, PDV, and

PREC (e.g., the decadal variability associated with extratropical

FIG. 4. (left) Autocorrelations of NDJENSO index of (a) observation (black line), Class I ensemblemean (green

line), and Class II ensemble mean (red line); (b) Class I models; and (c) Class II models. The NDJ ENSO index is

defined as the first PC of NDJ SSTa in the tropical Pacific (58S–58N). (right) Standard deviations of the monthly

ENSO index defined as the first PC of monthly SSTa in the tropical Pacific (58S–58N) in different months.

(d) Observational seasonality of ENSO (black line), Class I MEM ENSO seasonality (green line), and Class II

MEM ENSO seasonality (red line); (e) ENSO seasonality of Class I models; and (f) ENSO seasonality of Class II

models.
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ENSO precursors [see section 2b and Zhao and Di Lorenzo

(2020)] in observations and Class I and II models. Figure 3

shows maps of low-frequency 8-yr low-pass SSTa variance

explained by each index (R2) (the shading of each subplot in

the first three rows shows the explained variance of TPDV,

PDV, and PREC and the contour shows the corresponding

correlation map). In the observation, PDV, TPDV, and PREC

display similar ENSO-like patterns and explain a large fraction

of the decadal variance of SSTa (40%–80%) (Figs. 3a–c). The

residual explained variance of TPDV removing the influence

of PREC (Fig. 3d) shows that TPDVand PRECexplain similar

fractions of low-frequency SSTa variance in most regions,

which suggests that the low-frequency variability of the ENSO

precursors is amajor contributor to the basin-scale TPDV. The

relatively larger differences in the tropics and Southern Ocean

(Fig. 3d) indicate that the independent portion of TPDV from

PREC shows more influence in these regions. Differences

between the explained variance of PDV and TPDV (Fig. 3e)

show that in the observation, two regions are highlighted to be

independent of the tropics: the Kuroshio–Oyashio Extension

(KOE) region in the North Pacific and the circumpolar current

in the South Pacific (Zhao and Di Lorenzo 2020). Note that

differences in the explained variance may also be linked to

different representations of the zonal SST gradient across the

tropical Pacific, which may impact the phase change of PDV

and TPDV (Choi et al. 2013).

The PDV, TPDV, and PREC show ENSO-like patterns in

the observation (Figs. 3a–c), but the Class I/II ensemble mean

patterns (Figs. 3f–h,k–m) exhibit different amplitude (note

that we omit 60.1 lines of the contour in Figs. 3a–c) and differ

from their referenced counterparts (Figs. 3a–c) in certain re-

gions, especially in the extratropics. For example, areas of

negative correlations in the extratropics and the western

tropics get shrunk in the ensemble means (Figs. 3f–h,k–m),

especially in Class II MEM (Figs. 3k–m). The simulated PDV

and TPDV can explain a large portion of the decadal variance

in the tropical Pacific region (Figs. 3f,g,k,l), which generally

resembles the observation (Figs. 3a,b). However, in the ex-

tratropics the simulated indices, especially TPDV of the Class

II MEM (Fig. 3l), play less important roles in explaining the

low-frequency SSTa compared to observations (Figs. 3a,b).

The ensemble mean PREC indices for Class I and II show

quite a small influence on the decadal variance, of which Class I

MEM (Fig. 3h) exhibits a comparatively similar pattern to the

reference, whereas PREC of Class II MEM (Fig. 3m) lacks the

dipole structure in southern extratropics and shows nearly no

impact on the South Pacific. An interesting fact is that PDV,

TPDV, and PREC in models of Class I have a better ability to

capture the decadal variability in the extratropics, especially in

South Pacific. In models, PREC explains a smaller portion of

the TPDV. The residual TPDV explained variances are larger

in the models (Figs. 3i,n) compared with the observation

(Fig. 3d), suggesting that more fraction of TPDV is driven lo-

cally in the tropics. The MEM difference maps of the influence

between PDV and TPDV (Figs. 3j,o) show that TPDV in

models explains more PDV basinwide than observations and

controls almost all the decadal variability in the South Pacific.

In the North Pacific, the MEMs tend to show the residual re-

vealing PDO-type variability while the KOE stands out in the

observation.

In summary, Fig. 3 suggests that in models, extratropical

ENSO precursor dynamics seem to play a less important role

than local tropical dynamics in the decadal variability of the

Pacific compared with the observations. [This can be also

supported by Fig. 15a, which shows the correlation coefficients

between the PDV and PREC indices (blue bars) and between

the TPDV and PREC indices (green bars).] The correlations

are much smaller in the models than the observation, which

means the decadal extratropical precursor dynamics overall

play a less dominant role in CMIP5 models. Models in Class I,

which can simulate better TPDV and PDV patterns, seem to

exhibit a relatively stronger connection between tropics and

extratropics (e.g., the TPDV pattern has stronger projections

in the higher latitudes; Fig. 3g). However, it is worth noting that

the MEM is an arithmetic average of patterns but individually

each model can show quite different PDV and TPDV patterns

(Figs. S2 and S3). In fact, by exploring the individual patterns

of TPDV and PDV in each model, we find that each model

captures selected aspect of the PDV and TPDV dynamics,

which in the average translate into a better PDV and TPDV

representation. This is also evident from the Taylor diagram of

Fig. 1 where the MEM of Class I and II is better than any

individual model.

4. The interaction between tropics and extratropics

In this section, we examine how ENSO precursor dy-

namics are simulated and to what degree the interaction

between tropics and extratropics is captured in the CMIP5

climate models.

In the observations, the teleconnections between tropics

and extratropics follow a clear seasonal locking with ENSO

[e.g., ENSO precursors (JFM) / ENSO (NDJ) / ENSO

teleconnections (the following JFM)]. We therefore explore

the seasonality of ENSO. First, we inspect the autocorrelation

function of the NDJ ENSO index to evaluate the tendency of

models to have periodicity in ENSO. No strong autocorrela-

tion is found in the MEMs, which is similar to the observation

TABLE 3. Correlation coefficients between the simulated ENSO

seasonality of eachmodel and the observedENSO seasonality. The

mean correlation coefficients of Class I and Class II models are

also shown.

Class I Correlation Class II Correlation

CCSM4 0.84 CanESM2 0.66

CESM1 0.89 CNRM-CM5.2 0.89

CSIRO-Mk3.6.0 0.14 GFDL-ESM2M 20.16

HadGEM2-AO 0.28 GISS-E2-R 0.85

HadGEM2-CC 0.17 GISS-E2-H 0.90

HadGEM2-ES 0.29 HadCM3 0.92

MIROC5 0.78 INMCM4 0.22

MPI-ESM-LR 0.45 IPSL-CM5A-LR 20.66

NorESM1-M 0.72 IPSL-CM5A-MR 20.74

NorESM1-ME 0.65 MRI-CGCM3 0.05

Mean 0.52 Mean 0.29
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(Fig. 4a). However, in some individual models, ENSO shows

high autocorrelation (with a correlation coefficient of about20.5)

at a 2-yr (like CCSM4, CESM1, MIROC5, and GFDL) or 1-

yr (GISS-E2-H) lead/lag (Figs. 4b,c). Thus in these models,

ENSO is more periodic, which makes it more difficult to

separate the independent component of ENSO precursors in

the extratropics (see also section 2). Then we quantify the

seasonality of ENSO through the standard deviations of the

ENSO index in different months as indicated in Figs. 4d–f

(Bellenger et al. 2014; Ham and Kug 2014). We find that the

ENSO monthly standard deviations and the amplitudes of

the seasonal variations (seasonality) of the ENSO index are

overall smaller in the MEMs compared with the observation.

Among the models, the amplitude of ENSO seasonality of

Class I MEM (green line in Fig. 4d) is almost equal to Class II

MEM (red line in Fig. 4d). Even though the MEMs show

peak of variation in winter, which is consistent with obser-

vation, some models show maximum variance in other sea-

sons. For example, in most Class I models, ENSO reaches its

maximum in winter or spring except in NorESM1-M/ME,

which have stronger variability in autumn, and MPI-ESM-

LR/CSIRO, which have smaller variability of ENSO season-

ality. Some models, including both Class I models (CESM1/

CCSM4/MIROC5) and Class II models (CNRM/HadCM3/

GISS-E2-H/GISS-E2-R), show ENSO seasonal locking sim-

ilar to the observations, with correlation coefficients be-

tween the simulated ENSO seasonality and the observation

higher than 0.75 (Table 3). The mean correlation coeffi-

cient of Class I models (0.52) is higher than that of Class II

models (0.29).

FIG. 5. Cross correlations betweenNDJENSO index andENSOreSST index of (a) observation (black line), Class I

MEM (green line), and Class II MEM (red line); (b) individual models of Class I; and (c) individual models of Class II.

Also shown are cross correlations between the NDJ ENSO index and ENSOreSLP index of (d) observation (black

line), Class I MEM (green line) and Class II MEM (red line); (e) individual models of Class I; and (f) individual

models of Class II.
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To identify the ENSO variability related to precursor dy-

namics, we reconstruct the ENSO index with SST and SLP

precursor indices using a linear model: ENSOreSST 5 a 3
NSSTpre 1 b3 SSSTpre and ENSOreSLP 5 a3NSLPpre 1 b3
SSLPpre, where a 1 b 5 1 (see section 2). In the observation,

the correlation coefficient between ENSOre and ENSO is

maximum when a5 0.5 and b5 0.5. In most models (19 out of

20 models), the values of a and b are also close. This indicates

that the precursor dynamics in the South Pacific are also im-

portant to ENSO. Based on the cross-correlation analysis be-

tween the ENSO index and ENSOre index, we can estimate

how much ENSO variability (NDJ) is associated with ENSO

precursor dynamics (JFM in the same year) (Fig. 5). In both the

observation and MEMs, ENSOre exhibits the highest correla-

tion with ENSO when precursors (JFM) lead ENSO (same

year NDJ) by 10 months (blue circles in Figs. 5a,d). The SLP

precursor dynamics contribute about 36% to the variance of

ENSO (R ; 0.6) when precursors lead 10 months in the ob-

servation and Class I MEM (Fig. 5d, black and green lines),

whereas for Class IIMEM, themaximum correlation is only 0.3

(Fig. 5d, red line). This suggests that the SLP precursor dy-

namics are very important in producing a better simulation of

TPDV in CMIP5 models. We also find peaks in the cross-

correlations at lag 0 (e.g., ENSO leads precursors by 2 months)

in some models (Figs. 5b,c,e,f). To quantify how many models

suffer from having precursor indices that share lag-0 correla-

tion with ENSO, we have further examined Fig. 5. We find that

five models in Class I (CSIRO, HadGEM2-AO, HadGEM2-

CC, HadGEM2-ES, and MPI-ESM-LR) (Fig. 5b) and four

models in Class II (CanESM2, CNRM, and GISS-E2-H/R)

(Fig. 5c) exhibit lag-0 correlations between precursors and

ENSO that are larger or equal to lag-1 (e.g., precursor lead

ENSO 10 months). To further understand the reasons behind

the lag-0 correlation between the precursor patterns and

ENSO, we examine the relation (e.g., correlation) between

precursors (JFM) and ENSO teleconnection (JFM 1 1) pat-

terns in the models. The geographic region for SST spatial

correlation is 108–558N, 1608E–1008W and 608–158S, 1808–
758W, and for SLP spatial correlation is 158–628N, 1808–
1308W and 728–258S, 1708E–808W, which are the same as the

regions that we used to obtain the precursor indices. We find

that when this correlation is high in a given model, that lag-0

correlation between the precursor (JFM) and ENSO (OND) is

also very high (Fig. 6). The implication is that in thesemodels it

is either difficult to cleanly separate the precursors and tele-

connection patterns in the analysis because they have a non-

orthogonal spatial footprint or it may indicate that the

precursor and teleconnection pattern is driven by the tropics

through the development of ENSO. Despite the fact that

we cannot clearly identify the existence of an extratropical

precursor dynamics in these models, the key result is still im-

portant as it indicates a divergence of the model ENSO phe-

nomenology from observations. [We also plotted the analyses

of Figs. 3, 8, and 10 by excluding the nine models that

have precursors with lag-0 correlation with ENSO in the sup-

plemental information (Figs. S6–S8) and found the same en-

semble mean patterns of decadal variability (Fig. S6) and

interannual variability (Fig. S7). In Fig. S8, the correlation

between spatial correlations of PDV and spatial correlations of

South Pacific oceanic precursor changes from 0.58 to 0.36, but

other correlations do not change significantly and in some cases

are higher compared with Fig. 10.]

Taylor diagrams are used to assess the fidelity of CMIP5

models to simulate the spatial pattern of ENSO precursor and

ENSO (1008E–608W, 758S–608N) (Fig. 7). Model ensemble

means can capture the overall spatial patterns of ENSO, with

the SCCs of SSTa (SLPa) patterns reaching 0.85 (0.92), but

they underestimate the standard deviations of ENSO patterns

FIG. 6. (a) Scatters of the spatial correlation coefficients between extratropical SST precursor pattern and ex-

tratropical SST teleconnection pattern against the lag-0 correlation coefficients between SSTpre and ENSO indices.

(b) Scatters of the spatial correlation coefficients between extratropical SLP precursor pattern and extratropical

SLP teleconnection pattern against the lag-0 correlation coefficients between SLPpre and ENSO indices. Different

points represent different CMIP5 models. Also indicated are the correlation coefficients between the correlations,

which pass the 99% confidence level.
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(stars in Figs. 7c,d). There is tendency for models that ex-

hibit ENSO amplitudes that are stronger and close to ob-

served values to better capture the TPDV characteristics.

However, this link is not statistically significant. All of 20

CMIP5 models can reproduce the basic ENSO patterns,

with SCCs. 0.63 (0.74) for SST (SLP) output (Figs. 7c,d). In

14 out of 20 models, STDs of the ENSO SLPa pattern stay

within 1% 6 20% of the observational value (Fig. 7d). For

the SST field, CESM1-CAM5, CCSM4,MIROC5, andGFDL-

ESM2M show nearly the same STDs with the reference, with

the others underestimating the observed spatial variability

(Fig. 7c). The RMSD values range from 0.22 to 0.33 in SST and

from 0.17 to 0.31 in SLP. ENSO patterns of most models in

Class I (green diamonds) show better agreement with the ob-

servation, with SCCs larger than 0.8 (exceptMPI-ESM-LR and

HadGEM2-AO).

Unlike the similarities between observed and modeled

ENSO patterns, the simulations of the North and South Pacific

ENSO precursor patterns in CMIP5 models are more scat-

tered, with SCCs ranging from 0.05 (CanESM2) to 0.73

(MIROC5) in the SST field and from 0.10 (GISS-E2-H) to 0.66

(MPI-ESM-LR) in SLP field (Figs. 7a,b). Only seven models

can capture the basic ENSO precursor patterns (including

both the south and north expressions) with spatial correlation

coefficients higher than 0.5 in both SLP and SST fields. As for

the spatial variance, 9 (8) out of 20 models show STDs of the

SSTa (SLPa) pattern within the range of 1%6 20% compared

with the observational data. Although the bias of the ENSO

precursor simulation among CMIP5 models is large, the en-

semblemeans of all the 20models and 10 Class Imodels exhibit

the overall spatial patterns (Fig. 8d), with SCCs around 0.75 for

both SSTa and SLPa patterns (Figs. 7a,b). The Class II MEM

displays comparatively lower SCCs (0.51/0.46) but is still

higher than the individual models. The differences between

precursor patterns of Class I MEM and Class II MEM are

mainly distributed in the southern extratropics (Figs. 8d,g).

Note that all the ensemble means underestimate the spatial

variance of ENSO precursor patterns, especially the MEM of

Class II. Most models in Class I can reproduce a relatively

better SLPa precursor pattern (Fig. 8d, blue contours); how-

ever, for the simulation of SSTa patterns, somemodels in Class

I performwell (e.g.,MIROC5 andCESM1-CAM5)while some

do not (e.g., HadGEM2-ES/CC). This finding is likely related

to the fact that the atmospheric precursor is always associated

with the weakening of the off-equatorial winds that can initiate

different types of oceanic precursor dynamics (e.g., SFM,

TWC, and Rossby waves) in different models, which may be

caused by differences in air–sea coupling strength and convective

FIG. 7. Taylor diagrams for (a) ENSO SSTa precursor patterns, (b) ENSO SLPa precursor patterns, (c) ENSO SSTa patterns, and

(d) ENSO SLPa patterns simulated in CMIP5 models. The black stars on the x axis signify the observational patterns. MEMs and Class I

(II) models are shown as stars and green diamonds (red triangles), respectively, in the Taylor diagrams.
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excitation across models. We also separate the SSTa precur-

sor pattern into the North Pacific (NP) part and the South

Pacific (SP) part and compare their Taylor diagrams (Fig. 9).

In these CMIP5 models, the NP SSTa precursor pattern is

better simulated compared with the SP pattern. Specifically,

60% of themodels (12 out of 20) can capture the NP precursor

pattern (SCCs . 0.6) (Fig. 9a), whereas for the SP precursor

only three models show SCC larger than 0.6 and Class II

models usually come with weaker southern SSTa precursor

dynamics (Fig. 9b).

The comparison between the observational and MEM

patterns of ENSO precursor, ENSO, and ENSO successor

(Fig. 8) shows clear differences between models. The NP

SSTa precursor pattern in the observation (Fig. 8a) is char-

acterized by the typical footprinting pattern, which is well

reproduced by all the ensemble means (Figs. 8d,g). The SP

SSTa precursor of Class I MEM (Fig. 8d) displays a similar

pattern to the quadruple structure of the observation, which

Class II MEM does not capture (Fig. 8g). In the observation,

the atmospheric precursor pattern (contours in Fig. 8a)

shows a dipole structure in both the northern and southern

extratropics, which is well presented in Class I MEM but not

in Class II MEM (Figs. 8d,g). The basic observational ENSO

and ENSO successor patterns (Figs. 8b,c) reemerge in the

MEMs (Figs. 8e,f,h,i), but with weaker signals in the extra-

tropical Pacific, especially in Class II MEM. In models, both

the teleconnections from tropics to extratropics and the

connections from extratropics to tropics are weaker com-

pared to observations. Models that better capture the ENSO

precursors (e.g., connections from extratropics to tropics)

also have better teleconnections from tropics to extratropics

(Fig. 8f vs Fig. 8i). To sum up, the connection between tropics

and extratropics is weaker in models compared with the ob-

servation, and Class I models are revealed to have stronger

connections than Class II models.

The Taylor diagrams (Fig. 7) and spatial patterns (Fig. 8) of

ENSO precursors analyzed above reveal that models in Class I,

which can simulate better TPDV and PDV patterns, can also

reproduce better SLPa and the South Pacific SSTa precursor

patterns. As is shown in Figs. 10a and 10c, the SCCs of the SLPa

precursor pattern (including both the south and north ex-

pressions) are highly correlated with the SCCs of the PDV

FIG. 8. ENSO precursor, ENSO, and ENSO teleconnection patterns. (left) The shadings show correlation maps between the observed

NDJ ENSO index and NOAA SSTa in (a) JFM, (b) NDJ, and (c) the following JFM; the contours show correlation maps between the

observed NDJ ENSO index and NCEP SLPa in (a) JFM, (b) NDJ and (c) the following JFM. The red contours show positive values, and

the blue contours show negative values. Contours start from60.1, and the interval is 0.2. (center) As at left, but for Class I MEM. (right)

As at left, but for Class II MEM.
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(R 5 0.62)/TPDV (R 5 0.62) pattern in CMIP5 models. A

similar relationship also exists between the SCCs of the SP

SSTa precursor pattern and SCCs of the PDV (R 5 0.58)/

TPDV (R 5 0.53) pattern (Figs. 10b,d). Altogether these

findings suggest that a good representation of SLPa precursor

patterns is important to reproduce the observed PDV and

TPDV patterns in CMIP5 models. For SSTa precursor pat-

terns, models in general show better representation the North

Pacific precursors. Improvement in South Pacific skill is more

important to simulate the decadal variability of the Pacific.

FIG. 10. (a) Scatters of the TPDV spatial correlation coefficients (SCCs) against the SCCs of ENSO atmospheric

precursor patterns. (b) Scatters of TPDV SCCs against the SCCs of South Pacific oceanic precursor patterns.

(c) Scatters of PDV SCCs against the SCCs of ENSO atmospheric precursor patterns. (d) Scatters of PDV SCCs

against the SCCs of South Pacific oceanic precursor patterns. Class I (II) models are shown as green (red) points.

Also indicated are the correlation coefficients between the SCCs. The correlation coefficients in (a), (c), and

(d) pass the 99% confidence level. The correlation coefficient in (b) passes the 95% confidence level.

FIG. 9. Taylor diagrams for (a) North Pacific oceanic precursor patterns and (b) South Pacific oceanic precursor patterns simulated in 20

CMIP5 models. The black stars on the x axis signify the observational patterns based on NOAA ERSST v3 (Smith and Reynolds 2004).

Green dashed circles centered at the reference points represent the root-mean-square deviation (RMSD), and gray circles centered at the

origins show the normalized standard deviation (STD). Spatial correlations are shown as cosine of the angles from the x axis. Class I (II)

models are shown as green diamonds (red triangles) in the Taylor diagrams.
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Then we inspect ENSO precursor and teleconnection pat-

terns of each individual model in CMIP5, as shown in Figs. 11

and 12, to investigate the individual differences. Not all models

of Class I can capture the overall SSTa precursor pattern

(shadings in Fig. 11). For example, the simulated locations of

the horseshoe-shaped structure in the North Pacific oceanic

precursor of NorESM1-M/ME models are more westward

compared with the referenced counterparts. However, almost

all Class I models exhibit relatively better representations of

the SLPa precursor and the southern SSTa precursor dynam-

ics, which further prove that they are important for simula-

tions of PDV and TPDV in CMIP5 models. Furthermore,

most models in Class II show reasonable northern oceanic

precursor patterns (SCCs . 0.6; Fig. 9a), but they do not

have the same level of skill to reproduce the atmospheric

precursor (Fig. 7b) and the southern oceanic precursor patterns

(Fig. 9b). Note that SSTa precursor patterns of many Class I

models (HadGEM2-AO/CC/ES, MIROC5, CSIRO-Mk3.6.0,

andMPI-ESM-LR) exhibit relatively more signal in the tropics

and resembles the ENSO pattern (Fig. 11), which indicates that

in these models, the dynamics of the tropics play an important

role in energizing ENSO. These discrepancies in the spatial

structure of precursor dynamics across the basin lead to an

ensemble model mean that is similar to the observation but

with an overall weaker decadal variance. This reflects the fact

that models emphasize different aspects of the precursor dy-

namics even though the ensemble mean is similar to observa-

tions. The basinwide ENSO teleconnection pattern is generally

reproduced by the selectedmodels (Fig. 12), with some notable

differences among the models. The simulations of ENSO

teleconnection capture the strong positive correlation in the

tropical Pacific but apparently underestimate the variability in

the northern and southern extratropics (Fig. 12). Combining

Figs. 11 and 12, we find that ENSO precursor and ENSO

teleconnection patterns of Class I models show stronger signals

in the extratropics compared with the patterns of Class II

models, which implies that in CMIP5 models, the interannual

connections between tropics and extratropics are crucial also

for better representing the decadal variability in the Pacific.

5. The mechanism of tropical Pacific decadal variability

The connection and exchange dynamics between extra-

tropics and tropics are important mechanisms of the multiyear

climate memory of the ocean–atmosphere system, which leads

to the ENSO-like TPDV (Di Lorenzo et al. 2015). In obser-

vations (ERSST v3), the North Pacific and South Pacific pre-

cursors influence ENSO independently and their expression is

FIG. 11. ENSO precursor patterns of the OBS, ensemble means of all 20 simulations/Class I simulations/Class II simulations and

individual simulations. Shadings show the oceanic precursor patterns and contours show the atmospheric precursor patterns. The red

contours show positive values, and the blue contours show negative values. Contours start from60.1, and the interval is 0.2. Figures in the

green (red) box exhibit precursors of Class I (II) models.
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also independent of ENSO (Ding et al. 2015, 2017). ENSO

plays a vital role in harmonizing the two hemispheres by exciting

teleconnections into the extratropics through the atmospheric

bridge. Thus after ENSO, the oceanic and atmospheric imprints

of the ENSO teleconnections (e.g., successors) in the North and

South Pacific are correlated with each other (Zhao and Di

Lorenzo 2020).

To determine how northern and southern extratropical dy-

namics influence ENSO in the CMIP5 models, we compare the

Class I MEM patterns of ENSO progression in different sea-

sons developing from the North Pacific precursor (Figs. 13a–d)

and the South Pacific precursor (Figs. 13e–h). Patterns of

ENSO originating from the northern precursor display a

southward movement of SLPa in the North Pacific (contours

in Figs. 13a–c), which changes the wind stress, and then inject

the SST anomalies into the tropical Pacific (shadings in Figs.

13a–c) through precursor dynamics (e.g., meridional modes).

Similarly, patterns of ENSO correlated with the southern

precursor show a meridional propagation of atmospheric sig-

nals from the midlatitudes to low latitudes (contours in Figs.

13e–g) and the corresponding northward movement of SST

anomalies (shadings in Figs. 13e–g). More specifically, in JFM,

precursor patterns in the northern and southern extratropics

are different from each other (Figs. 13a,e). Then the individual

precursor energizes ENSO through different dynamics in

April–June (AMJ) (Figs. 13b,f), which makes ENSO grow and

peak in October–December (OND) (Figs. 13c,g). ENSO in

turn projects back into the North and South Pacific in the fol-

lowing JFM and leads to similar ENSO teleconnection patterns

(Figs. 13d,h). The progressions of ENSO developing from

northern and southern precursors are similar to the observa-

tion (see Fig. S5) (Zhao and Di Lorenzo 2020). Similarly, the

Class II MEM seasonal evolutions of the northern precursor

(Fig. 13, third column) and southern precursor (Fig. 13, fourth

column) are identified using the same correlation analysis. In

Class II models, the northern precursor dynamics can transfer

seasonal variance originating in the North Pacific into both

hemispheres by energizing ENSO and its teleconnections

(Figs. 13i–l), although with weaker variance compared to Class

I. However, Class II MEM South Pacific precursor cannot

develop into the typical ENSO-like interhemispheric pattern

(Figs. 13m–p), implying that models that cannot represent

TPDV and PDV well usually lack a southern precursor dy-

namics that has a Pacific-wide footprint.

We calculate the correlations between northern and south-

ern precursor indices (NSLPpre and SSLPpre, NSSTpre and

FIG. 12. ENSO teleconnection patterns of the OBS, ensemble means of all 20 simulations/Class I simulations/Class II simulations and

individual simulations. Shadings show the oceanic teleconnection patterns and contours show the atmospheric teleconnection patterns.

The red contours show positive values, and the blue contours show negative values. Contours start from 60.1, and the interval is 0.2.

Figures in the green (red) box exhibit teleconnections of Class I (II) models.
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SSSTpre; blue bars in Fig. 14), northern and southern telecon-

nection indices (NSLPtele and SSLPtele, NSSTtele and SSSTtele;

yellow bars in Fig. 14), and ENSOre index and ENSO index

(green bars in Fig. 14) in both SSTa (Fig. 14a) and SLPa

(Fig. 14b) fields to investigate the connections between dy-

namics of northern/southern extratropics and the tropics. The

definitions of these indices are introduced in section 2. In the

observations, the northern and southern precursor dynamics

are independent of each other in both ocean and atmosphere

(R , 0.1; blue bars in Fig. 14, bottom row). However, the NP

and SP successor patterns are strongly correlated because of

the ENSO teleconnection (R . 0.6; yellow bars in Fig. 14,

bottom row). We test the extent to which the NP and SP pre-

cursors in the CMIP5 models are independent (e.g., a short

blue bar indicates independence), their skill in reconstructing

ENSO (green bars), and the coherence of the interhemi-

spheric ENSO teleconnection patterns (yellow bars). Overall,

northern–southern precursor correlations of the models range

from 0.09 (0) to 0.57 (0.51) for the SSTa (SLPa) pattern and are

higher than that of the observation in 100% (80%) models

(blue bars in Fig. 14). It suggests that precursor dynamics of NP

and SP in somemodels are related to each other, likely through

dynamics in the tropics. In 19 (20) out of 20 models, oceanic

(atmospheric) teleconnections in the North Pacific and South

Pacific are less related to each other compared to the obser-

vation (yellow bars in Fig. 14), which means ENSO tele-

connections are weak in most models. The teleconnection

responses are relatively more coherent across the hemispheres

in most Class I models, with MEM correlations larger than

Class II MEM in both SST field and SLP field (Fig. 14), sug-

gesting that ENSO teleconnections are relatively stronger in

Class I models. The Class I MEM also shows higher correla-

tions between northern and southern precursor indices and

between ENSOre index and ENSO index than the Class II

MEM (Fig. 14). To some extent, ENSO reconstructions can

capture the variation of the ENSO index in most models, and

FIG. 13. Class I MEM seasonal progressions of the (first column) ENSO North Pacific precursor and (second column) ENSO South

Pacific precursor. In the first column, the shadings show correlation maps between the NH SSTa precursor index and seasonal SSTa from

(a) JFM to (d) the following JFM; the contours show the corresponding correlation maps between the NH SLPa precursor index and

seasonal SLPa. The red contours show positive values, and the blue contours show negative values. Contours start from 60.1 and the

interval is 0.2. The second column is like the first but shows correlation maps between the SH SSTa (SLPa) precursor index and seasonal

SSTa (SLPa). (third column),(fourth column) As in the first two columns, but for Class II MEM seasonal progressions of northern and

southern ENSO precursors, respectively.
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correlations between these two indices of 20 (10) models are

higher than 0.4 in the SST (SLP) field. Thus, extratropical

precursor dynamics are connected with tropical ENSO vari-

abilities, but the significance of the influence differs in models.

The interactions between the decadal variabilities of dif-

ferent regions (TPDV, PDV, and PREC) can be estimated by

calculating the correlations between the corresponding indices

(Fig. 15a). In the observations, TPDV can explain;70% of the

PDV (R5 0.83; yellow bar of the bottom row in Fig. 15a). In 12

out of 20CMIP5models (including 8 Class Imodels and 4Class

II models), TPDV can explain more than 65% of the PDV

(Fig. 15a, yellow bars), which is comparable with the obser-

vation. The observed PREC is highly correlated with PDV and

TPDV (R. 0.8; Fig. 15a, blue bar and green bar of the bottom

row). However, the decadal extratropical precursor dynamics

overall play less dominant roles in CMIP5 models, with cor-

relations between PREC and TPDV exceeding 0.7 in only four

models (CSIRO-Mk3.6.0, MPI-ESM-LR, HadCM3, IPSL-

CM5A-LR) (Fig. 15a, green bars). Class I MEM shows higher

correlation between PREC and TPDV than the Class II MEM

(Fig. 15a), indicating that PREC plays more important role in

the TPDV in Class I models. PREC is more connected to PDV

than TPDV in nine models, which indicate that in these

models, a significant portion of the PREC variability contributes

to the local decadal variance directly in the respective hemi-

sphere. To study the connections between the reddening of

the northern (southern) ENSO precursor dynamics and the

PDV/TPDV, we applied an AR-1 model forced with NSSTpre

(SSSTpre) to obtain the low-frequency northern (southern)

PREC indices [NPREC (SPREC)] and calculate the correla-

tions between them and PDV/TPDV indices. The equations of

NPREC/SPREC indices are: dNPREC(t)/dt 5 NSSTpre(t) 2
NPREC(t)/t, dSPREC(t)/dt5 SSSTpre(t)2 SPREC(t)/t, where

t 5 1.2 years. In observations, the NPREC play a more impor-

tant role in TPDV/PDV than the SPREC (Figs. 15b,c, bottom

rows). However, in the models, NP and SP precursors play an

equally important role (Figs. 15b,c). This may be ascribed to the

fact that these precursors are not as independent as in the

observations.

6. Summary and discussion

In the observations, the interaction between tropical and

extratropical dynamics integrates the extratropical seasonally

varying stochastic forcing of the ENSO precursors into Pacific

decadal-scale variance (Di Lorenzo et al. 2015; Zhao and Di

Lorenzo 2020). The combinations of extratropical precursor

indices show strong connections with ENSO (R5 0.6) and the

extratropical decadal variances can explain a large portion of

TPDV and PDV (.64%) (Zhao and Di Lorenzo 2020). Based

on the observational data from NCEP/NOAA and historical

simulations of 20 CMIP5 models, we examine the TPDV and

its decadal generation mechanisms linked to the sequence:

ENSO precursors (extratropics)/ ENSO (tropics)/ ENSO

successors (extratropics).

The selected CMIP5 models can reproduce the ENSO and

ENSO teleconnections patterns (referred to as ‘‘successors’’)

(SCCs . 0.6), but the simulations of ENSO precursors are

defective and inconsistent across models (Fig. 7). Nevertheless,

the reconstructed ENSO indices using NP and SP precursors

still show correlation with ENSO larger than 0.4 in most

models (Fig. 14). About 80% of the models can capture the

basic pattern of TPDV (SCCs . 0.6), but underestimate the

spatial variance (Fig. 1). In most models, both interannual and

decadal variances in the extratropics are weaker than those in

the observations, and Class I models with better TPDV rep-

resentation tend to display comparatively stronger extra-

tropical variances (Figs. 3 and 8). Deser et al. (2012) also found

that the linkage between the tropical and extratropical Pacific

for both ENSO and PDV is weaker in CCSM4 than the ob-

servation. In CMIP5 models, the interannual connections be-

tween tropics and extratropics are important for better

representing the decadal variability in the Pacific (Figs. 11 and

12). ENSO diversity is not discussed in this work, but the

ENSO teleconnections can be strongly impacted by the tropi-

cal SSTa pattern (Capotondi et al. 2015). Both eastern Pacific

ENSO (EP-ENSO) and central Pacific ENSO (CP-ENSO)

have been shown to influence the extratropical variability of

climate modes, the PDO (e.g., Yu and Kim 2011) and the

NPGO (Di Lorenzo et al. 2010) respectively. However, in the

low-frequency limit the distinction between PDO, NPGO, and

TPDV is not very marked as they track different expression of

FIG. 14. (a) Correlation coefficients between NSSTpre and

SSSTpre indices (blue bars), ENSOreSST and ENSO indices (green

bars), and NSSTtele and SSSTtele indices (yellow bars) of the OBS

and individual simulations in CMIP5. (b) Correlation coefficients

between NSLPpre and SSLPpre indices (blue bars), ENSOreSLP and

ENSO indices (green bars), and NSLPtele and SSLPtele indices

(yellow bars) of the OBS and individual simulations in CMIP5.

Models in Class I (II) are highlighted with green (red) fonts in the

y axis.
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the low-frequency basic-scale Pacific dynamics (e.g., Di

Lorenzo et al. 2015). As we discussed in the introduction,

precursor dynamics can be initiated by stochastic forcing in

both the extratropics and tropics. In this paper, we consider

only the extratropical precursor dynamics because it is difficult

to separate the precursor pattern and ENSO pattern in the

tropics. Comparing Figs. 3d, 3i, and 3n, it is likely that tropical

(extratropical) precursor dynamics in models play a more

(less) important role in TPDV than in the observations.

Phase locking of ENSO is very important for the TPDV

because the decadal hypothesis relies on the seasonality of

ENSO: ENSO precursors (JFM) / ENSO (NDJ) / ENSO

teleconnections (the following JFM). Among the CMIP5

models, some can capture the seasonal locking of ENSO

(e.g., CCSM4, CESM1-CAM5); some show ENSO reaching

its maximum in boreal spring (e.g., GFDL-ESM2M, MRI-

CGCM3) or autumn (e.g., NorESM1-M/ME); and some re-

produce the basic seasonal cycle but exhibit an abnormal peak

in spring (e.g., HadGEM2-AO/CC/ES) or summer (e.g., INM-

CM4), while some show significantly weak seasonal variation

of ENSO (e.g., IPSL-CM5A-LR/MR) (Figs. 4e,f). Although

ENSO seasonality is different among CMIP5 models, we de-

fine ENSO index as the first PC of NDJ SSTa in the tropical

Pacific and define ENSO precursor patterns in the preceding

JFM season in this paper. We also tried to define ENSO index

in its maximum season in eachmodel and find ENSO precursor

pattern in the preceding 9–10 months, but it did not lead to

distinct different results.

We find that there are certain connections between skills in

the representation of TPDV and ENSO precursor dynamics.

Models that simulate better TPDV patterns usually are asso-

ciated with better representations of the atmospheric precursor

patterns (Figs. 10a,c). For oceanic precursors, in general,

models have a better capability to reproduce the northern

precursor (Fig. 9). Thus the representation of the southern

precursor dynamics seems to be crucial for the intermodel

differences in TPDV representation (Figs. 10b,d). The Class I

MEM precursor pattern is similar to the observation, but

models emphasize different aspects of the precursor dynamics

(Fig. 11). In the observations, the NP oceanic precursor plays a

more important role in Pacific decadal variance than the SP

precursor (Figs. 15b,c, bottom row); one reason is the phase-

locking between variances of atmosphere and ocean in the

North Pacific. In the Southern Hemisphere, the wind variances

are maximum in austral winter (JJA) whereas the SST vari-

ances maximize during austral summer (NDJ), which makes

the oceanic response to the atmospheric stochastic forcing

weaker than that in the North Pacific. However, in most of the

CMIP5 models, the SP precursor seems to play an equally

important role as the NP precursor (Figs. 15b,c), which is likely

due to the larger correlation between these two precursors.

This may also link to the biases in the South Pacific convergence

FIG. 15. (a) Correlation coefficients between PDV and PREC indices (blue bars), TPDV

and PREC indices (green bars), and TPDV and PDV indices (yellow bars). (b) Correlation

coefficients between PDV and NPREC indices (blue bars) and PDV and SPREC indices

(yellow bars). (c) Correlation coefficients between TPDV and NPREC indices (blue bars)

andTPDVand SPREC indices (yellow bars).Models in Class I (II) are highlightedwith green

(red) fonts on the y axis.
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zone (SPCZ) representation/double intertropical convergence

zone (ITCZ) in CMIP5 models.

The simulation of the Pacific interdecadal–decadal vari-

ability in climate models is a key step to explore the potential

predictability for the climate. Newman (2007) used a multi-

variate empirical model—the Linear Inverse Model (LIM)

(Penland and Sardeshmukh 1995)—to investigate the pre-

dictability of the Pacific SST. The tropical–North Pacific cou-

pling can improve the longer-term predictability, which is due

to two stationary eigenmodes obtained from LIM. However,

the CMIP3 models cannot well simulated these stationary ei-

genmodes (Newman 2007). Furtado et al. (2011) found that in

CMIP3 models, the temporal and spatial statistics of PDO and

NPGO show distinct discrepancies from the observation. Most

CMIP3 models cannot accurately capture ENSO teleconnec-

tion dynamics from tropics to northern extratropics (Furtado

et al. 2011). Our analyses also show that there is a large di-

versity in the simulation of decadal variances among the

CMIP5 models, with some models showing defective capabil-

ities in reproducing the TPDV and PDV patterns, and the

ENSO teleconnections to the extratropics are weaker in

CMIP5 models. Nidheesh et al. (2017) examined the influence

of ENSO on PDO in CMIP3 and CMIP5 models. They found

that ENSO teleconnection to the North Pacific is important to

the interhemispheric pattern of the PDO. Lyu et al. (2016)

indicated that some CMIP5 models cannot capture the inter-

decadal variability patterns in the Pacific. These studies em-

phasize the importance of ENSO and ENSO teleconnections

because of the essential role of ENSO in shaping the Pacific

decadal variability (e.g., Furtado et al. 2011; Newman 2007;

Nidheesh et al. 2017). Previous studies also explored the or-

igin of tropical Pacific decadal variability by suppressing

variabilities in different regions of Pacific in climate models

(Liu et al. 2002; Liguori and Di Lorenzo 2019; Chung et al.

2019). They found that dynamics in the extratropical Pacific

play an important role in driving the tropical Pacific decadal

variability. Specifically, suppressing the North Pacific dy-

namics reduces the tropical interannual variability signifi-

cantly, while the absence of southern extratropical variability

leads to no substantial reduction in ENSO but has a signifi-

cant impact on the TPDV (Liguori and Di Lorenzo 2019;

Chung et al. 2019). In this study, we investigate the impact of

interactions between tropics and extratropics on the tropical

Pacific decadal variability in CMIP5 models, with a focus on

extratropical ENSO precursors. We find that the ENSO

precursor dynamics, especially the atmospheric precursor,

seem to be equally important for the representation of the

TPDV and PDV patterns. Thus, we suggest using models

displaying realistic ENSO precursors to perform decadal

prediction experiments.

This work organizes the behaviors of PDV/TPDV and the

ENSO-related integration mechanism in CMIP5 climate

models systematically, which can help us understand different

components of the Pacific decadal variability and build the

basis for decadal predictability in the Pacific. This study con-

sidered multiple models, but the runs are confined to historical

simulations from 1861 to 2004. We also use model data from

1950 to 2004 to calculate the spatial patterns analyzed in this

study, like ENSO, ENSO precursor, ENSO successor, TPDV,

PDV, and PREC. Table 4 shows the spatial correlation coef-

ficients between patterns calculate from these two different

time periods, which are in general high (larger than 0.6). To

maximize the confidence level of the decadal analysis, we used

the whole available period of the simulations. Longer control

simulations or ensembles of historical runs are potentially ef-

fective to distinguish the dynamic signal from the internal noise

and increase the statistical reliability. It is also critical to further

explore how these mechanisms are impacted by anthropogenic

forcing. LargeCMIP ensembles can be powerful tools to provide

insight into the roles of both anthropogenic forcing and internal

climate variability. We also propose to use empirical dynamical

models (e.g., LIM; Penland and Sardeshmukh 1995) that can

capture the key mechanisms that control PDV to evaluate the

strength of the sequence ENSO precursors/ ENSO/ ENSO

successors and to isolate the type of precursor dynamics that are

active and dominant in each model.
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