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Abstract
Several mechanisms originating in the Northern (NH) and Southern Hemisphere (SH) are argued to have the ability to
stochastically force ENSO events. In this study, the impact of these extratropical mechanisms on ENSO diversity and predictability are evaluated using linear regression methodologies from information theory and machine learning applied to
observational data. Overfitting is often an issue when investigating different extratropical mechanisms, as they are highly
correlated in both space and time. The statistical methods in this study are specifically designed to address this issue. Results
show that at 1-year lead-times, the extratropics are related to development of Central Pacific (CP), but not Eastern Pacific (EP)
ENSO events. In boreal winter, the SH extratropics contribute to the predictability of CP ENSO, much further in advance
than previous studies have indicated. The dominant NH predictor of CP ENSO from one winter to the next is identified as
a sea surface temperature dipole in the Western North Pacific. Finally, separation of CP ENSO into its extratropical and
tropical related components demonstrates that CP ENSO events with strong forcing from the extratropics start one season
earlier than events primarily forced from the Tropics and thus have the potential for longer lead predictability, up to 1-year
in advance of a CP ENSO event.
Keywords ENSO · Predictability · Extratropics

1 Introduction

Electronic supplementary material The online version of this
article (https://doi.org/10.1007/s00382-020-05232-3) contains
supplementary material, which is available to authorized users.
* Kathy Pegion
kpegion@gmu.edu
1

Department of Atmospheric, Oceanic, and Earth Sciences,
George Mason University, 4400 University Dr, Fairfax,
VA 22030, USA

2

Center for Ocean‑Land‑Atmosphere Studies, George Mason
University, Fairfax, VA, USA

3

Present Address: Naval Research Laboratory,
Washington, DC, USA

4

Department of Marine, Earth, and Atmospheric Sciences,
North Carolina State University, Raleigh, NC, USA

5

School of Meteorology, University of Oklahoma, Norman,
OK, USA

6

Rosenstiel School for Marine and Atmospheric Sciences,
University of Miami, Miami, FL, USA

The ability to predict the evolution of the El Nino-Southern Oscillation (ENSO) and associated global impacts is
important for “water supplies, energy production, transportation, agriculture, forestry, and fisheries” (National
Research Council 2010). Though considered an interannual phenomenon in the climate system, theories for ENSO
rely on higher frequency stochastic forcing, typically in the
form of westerly wind events (WWEs), to explain its existence and/or irregularity (e.g., Thompson and Battisti 2000,
2001; McPhaden and Yu 1999; Philander and Fedorov 2003;
McPhaden 1999). Variability involving intraseasonal wind
events associated with tropical cyclones, the Madden-Julian
Oscillation, and other high frequency variability have been
identified as sources of these WWEs, including from the
extratropics (Hartten 2007; Seiki and Takayabu 2007; Yu
and Rienecker 1998; Vimont et al. 2003, 2009; Wang et al.
2012; Chang et al. 2007; Yu and Paek 2015; Larson and
Kirtman 2013).
Although ENSO is generally well predicted on average up
to 6-month lead times (e.g. Xue et al. 2013; Jin and Kinter
2009; Kirtman et al. 2014; Barnston et al. 2019; Barnston
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Fig. 1  Schematic of extratropical ENSO precursor patterns and
domains. Each box shows the pattern of the corresponding variable(s)
for a different extratropical ENSO precursor. Shading is SST anomalies, green contours are SLP anomalies, blue contours are 𝜏x anomalies, and gray arrow are wind anomalies. Details of longitudeslatitudes for domains, variables used, and method for calculating

the precursors are listed in Table 1. NPO North Pacific Oscillation,
NPMM North Pacific Meridional Mode, WNP Western North Pacific,
SPO South Pacific Oscillation, SPMM South Pacific Meridional
Mode, VM victoria mode, TWC trade wind charging, SPQ South
Pacific Quadrupole

et al. 2012), prediction skill suffers from a spring predictability barrier (Torrence and Webster 1998; Mcphaden 2003).
Additionally, there is significant case-to-case variability
between individual ENSO events (Trenberth and Stepaniak
2001), which leads to variations in the global teleconnection
patterns and societal impacts (Larkin 2005; Yu et al. 2012).
This variability also challenges our prediction capabilities
(Su et al. 2014; Min et al. 2015). The case-to-case variability
of ENSO manifests itself in terms of differences in amplitude, evolution, and spatial pattern of anomalous sea surface
temperature (SST) in the tropical Pacific from event to event.
Most notably, it is evident in the location of maximum SST
anomalies in the eastern Pacific (EP) versus central Pacific
(CP) (e.g., Capotondi et al. 2015; Larkin 2005; Ashok et al.
2007; Kug et al. 2009; Kao and Yu 2009). Evidence shows
that whether the forcing originates from the tropics versus
the extratropics may dictate the type of event that forms
(e.g., Vimont et al. 2014; Yu et al. 2010; Yu and Paek 2015;
Yu and Kim 2011; Zhang et al. 2014a, b; Min et al. 2017;
You and Furtado 2018).
Several extratropical precursors have been identified as
potential mechanisms to generate WWEs and stochastically

force ENSO events up to 1-year in advance (e.g., Chang
et al. 2007; Vimont et al. 2001, 2003; Alexander et al. 2010;
Anderson et al. 2013b; Wang et al. 2012; Bond 2003; Ding
et al. 2015b; Pegion and Selman 2017; Ding et al. 2015a).
Figure 1 presents a diagram of the observed spatial patterns
of each of these precursors. As highlighted in Pegion and
Selman (2017) and evident in Figs. 1 and 2, these precursors overlap in physical space and are highly correlated in
space and time.
In the Northern Hemisphere (NH), the North Pacific
Oscillation (NPO) (Rogers 1981; Linkin and Nigam 2008)
can impact the Tropics and force ENSO events (Vimont
et al. 2003, 2009; Chang et al. 2007; Anderson 2007). The
Seasonal Footprinting Mechanism (SFM) (e.g., Vimont
et al. 2001, 2003) and the North Pacific Meridional Mode
(NPMM) (e.g., Chiang and Vimont 2004; Di Lorenzo et al.
2015) link the NPO to the tropical Pacific through anomalous winds and/or SST on its subtropical southern lobe via
a positive feedback between wind-induced evaporation and
underlying anomalous SSTs (Zhang et al. 2009; Vimont
2010; Vimont et al. 2009; Wu et al. 2009) (Xie and Philander 1994). The Victoria Mode (VM) (Bond 2003; Ding et al.
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Fig. 2  Simultaneous DJF correlation between each predictor and all
other predictors as well as EP and CP ENSO indices with the linear
relationship between the predictor and CP and EP ENSO indices
removed via linear regression

2015b) and trade wind charging (TWC) (Anderson et al.
2013a) detail a more specific role for the ocean in linking the
extratropical and tropical Pacific through evolution of subsurface temperature anomalies and an additional “charging”
of the warm water volume, respectively. This charging is
thought to occur as a stochastic forcing originating from the
extratropics and is distinct from the traditional recharge-discharge (Wyrtki 1975; Jin 1997), which is tropically forced.
Additionally, an east–west SST dipole in the western North
Pacific (WNP) is thought to directly induce westerly wind
events in the tropical western Pacific that can produce Kelvin
waves leading to ENSO events (Wang et al. 2012, 2013).
Pegion and Selman (2018) reviewed this collection of NH
precursors in reanalysis datasets and found that the precursors are highly correlated and part of the large-scale pattern
of extratropical Pacific variability related to the development
of ENSO events. In the spring, this pattern is consistent with
what has been identified as the “optimal forcing pattern” for
ENSO (Penland and Sardeshmukh 1995; Alexander et al.
2008). Indeed, several studies have indicated that CP ENSO
events are preferentially excited by the NPO/SFM/NPMM
mechanisms (e.g., Vimont et al. 2014; Yu et al. 2010; Yu
and Paek 2015; Yu and Kim 2011), though other studies
suggest no such preference (e.g., Di Lorenzo et al. 2015;
Ding et al. 2017).
Extratropical precursors to ENSO events also exist in
the Southern Hemisphere (SH), though these features have
only recently become prominent in the climate literature.
The South Pacific Oscillation (SPO; e.g., You and Furtado
2017) and South Pacific Meridional Mode (SPMM; e.g.,
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Zhang et al. 2014a, b) are thought to impact the tropics
through similar mechanisms as their NH counterparts, but
with differences in timing due to seasons. The SPO consists
of a north–south dipole in sea level pressure with the equatorward lobe centered around 35◦ S, 130◦ W and largest
variability during austral winter (i.e., June–August; JJA),
consistent with the SH storm track variability. In fact, You
and Furtado (2017) define a SPO index based on JJA seasonal means of SLP anomalies. The SPMM is characterized
by warm SST anomalies and wind anomalies corresponding to forcing from a SPO-like feature in the South Pacific
extratropics that extends from the subtropical western coast
of South America towards the eastern equatorial Pacific
(Zhang et al. 2014a, b; Min et al. 2017; You and Furtado
2018). Consistent with the NPMM, these winds and SST
anomalies in the subtropics are able to impact tropical SSTs
from March to May through the following winter. Due to
the location of SPMM and wind anomalies, the impact is
primarily in the eastern tropical Pacific (Min et al. 2017;
You and Furtado 2018). There is also evidence that the SPO/
SPMM can constructively or destructively interfere with
ENSO variability, producing thermodynamically-driven
amplitude uncertainty for El Nino events and perhaps also
the type or flavor of the ENSO event (Larson et al. 2018;
You and Furtado 2018). Additionally, a quadrupole SSTA
pattern in the extratropical South Pacific, which was labeled
the South Pacific quadrupole (SPQ), has been suggested to
affect the development of ENSO (Ding et al. 2015a; Qin
et al. 2017). The SPQ is a basin-scale SST mode defined in
the South Pacific which has large-amplitude SSTAs over the
Southeast Pacific as well as over the Southwest Pacific and
high-latitude South Pacific. It can be thought of as the SH
equivalent to the VM. The SPQ in boreal spring and summer
is more closely linked than the SPMM to ENSO (Ding et al.
2015a). Unlike the other SH precursors, the SPQ impact on
ENSO is primarily during boreal winter due to the seasonal
evolution of mixed layer depth in the SH (Ding et al. 2015a).
Ding et al. (2015a) also show that SPQ is more related to EP
than CP ENSO. To-date, the potential for all of these mechanisms in the Southern Hemisphere extratropics to impact
ENSO at longer lead times (i.e. up to 1 year in advance) has
not been thoroughly investigated.
Aside from their use for building a dynamical framework
for understanding ENSO variability, these extratropical precursors, both in the North and South Pacific, naturally lend
themselves for ENSO predictability (i.e., amplitude, occurrence, and structure of tropical Pacific SST anomalies). Ding
et al. (2017) used pressure variations in the central North
and South Pacific to improve seasonal forecasts of the Nino
3.4 index. You and Furtado (2018) examined lagged statistics of tropical Pacific atmospheric and oceanic conditions when the NPMM and SPMM were in and out of phase.
Ding et al. (2015a) predicted the Nino3.4 index using SPQ
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and VM using a regression model to compare the roles of
these two NH and SH predictors. Pegion and Selman (2017)
investigated the contribution of the NH precursors to ENSO
diversity and predictability using linear regression between
indices representing the precursors and indices of CP and
EP ENSO in reanalysis datasets. They found a stronger
relationship between the NH extratropical precursors and
CP ENSO than EP ENSO. Additionally, they found that CP
events forced from the NH extratropics evolve more slowly
over the course of 1-year than events forced from the Tropics, indicating the potential for longer lead predictability for
CP ENSO events. However, none of these previous studies
examined the predictability or prediction of ENSO using the
full collection of NH and SH precursors.
Extratropical precursors are generally connected to persistent seasonal midlatitude atmospheric variability. For
this reason, we hypothesize that there is more potential for
long lead predictability for ENSO events that are forced by
variability that originated in the extratropics as compared to
events forced locally in the tropics via subseasonal atmospheric variability (e.g., WWEs). The goal of this paper is to
test this hypothesis by providing a comprehensive analysis
of the NH and SH extratropical precursor mechanisms and
their relationship to ENSO.

2 Data
Observed, monthly SST from the NOAA Extended Reconstructed Sea Surface Temperature Version 3b (ERSSTv3b;
Smith et al. 2008) and sea level pressure (SLP), near surface (lowest pressure level 993 hPa) winds (WND) and
zonal wind stress ( 𝜏x ) from the NCEP/NCAR Reanalysis
(NCEPR1; Kalnay et al. 1996) are used in this study and
were obtained from NOAA/OAR/ESRL PSD, Boulder,
Colorado, USA.1 Sea surface height (SSH) are from the
Simple Ocean Data Reanalysis v2.1.6 (Carton and Giese
2008) downloaded from the International Research Institute
for Climate and Society Data Library.2 The ERSSTv3b SST
data have spatial resolution of 2◦ × 2◦. The NCEPR1 SLP
and near surface winds have spatial resolution of 2.5◦ × 2.5◦.
The NCEPR1 zonal wind stress data are on a Gaussian grid
with T62 resolution. The SODA data have a spatial resolution of 0.5◦ × 0.5◦. The years 1948-2015 are used for this
evaluation. Anomalies are calculated by subtracting the
average over all years for each month separately and data
are de-trended by removing a linear least squares fit in time.

1
2

https://www.esrl.noaa.gov/psd/.
https://iridl.ldeo.columbia.edu/.
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3 Methodology
3.1 ENSO definitions
The CP and EP ENSO indices used follow Takahashi and
Montecinos (2011) and Vimont et al. (2014). They are calculated by applying EOF analysis to SST anomalies in the
tropical Pacific from 30◦ S to 30◦ N and 120◦ E–70◦ W and
are defined as follows:

CP =

PC1 + PC2
√
2

(1)

EP =

PC1 − PC2
√
2

(2)

where CP (EP) is the index representing central (eastern)
Pacific ENSO evolution in time (Ashok et al. 2007; Kug
et al. 2010; Larkin 2005; Kao and Yu 2009). PC1 and PC2
are the standardized principal component timeseries associated with the first and second leading patterns of tropical
Pacific SST anomalies. These indices together can describe
the full continuum of ENSO events (Takahashi and Montecinos 2011). The corresponding spatial structures of CP and
EP ENSO are shown by regression of SST anomalies onto
the EP and CP timeseries (Fig. 3, shading).

3.2 Extratropical precursors
Various definitions have been used in the literature to identify the different extratropical precursors. We use definitions
based on EOFs and maximum covariance analysis (MCA)
consistent with other studies (see Table 1). Using these
methodologies, a spatial pattern and time series or index of
each precursor can be identified.
3.2.1 Independence from ENSO
Prior to calculating the extratropical precursor patterns and
indices, we first consider the relationship of SLP, SST, and
near surface winds with the EP and CP ENSO indices. In
some previous studies, a contemporaneous (i.e. lag-0) ENSO
index is removed prior to calculating the precursors (e.g.,
Chiang and Vimont 2004). However, this has not previously
been done with the extratropical precursors for both CP and
EP ENSO, thus we argue that previous studies potentially
conflate predictability of ENSO related to the extratropical
precursors with predictability of the ENSO cycle itself.
The simultaneous regressions of CP and EP ENSO indices with the SST, SLP, and wind fields in DJF are shown in
Fig. 3. EP and CP ENSO clearly are associated with extratropical footprints reminiscent of the precursor patterns (e.g.

The impact of the extratropics on ENSO diversity and predictability	
Fig. 3  Simultaneous regressions
of SST (shading, ◦ C 𝜎 −1), SLP
(contours, hPa 𝜎 −1), and near
surface wind (green arrows,
ms–1 𝜎 −1) anomalies with normalized a EP and b CP ENSO
indices. Solid (dashed) contours
are negative (positive) SLP
anomalies. Contour interval is
0.2 hPa 𝜎 −1. The zero contour is
suppressed
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a

b

Fig. 3b). For example, warm SST anomalies in the NH and
SH subtropics, consistent with the NPMM and SPMM are
related to CP ENSO and a SLP dipole in the SH is consistent with the SPO (e.g. Fig. 3b). Because we want to use
the extratropical precursors as potential predictors of CP
and EP ENSO indices, the full global regression patterns
between these fields and CP and EP indices as a function
of month are regressed out of the anomalies of each field
prior to computing the extratropical precursor indices. The
definitions for the extratropical precursors used in this study
after regressing out the contemporaneous CP and EP ENSO
indices are shown in Table 1 and their spatial patterns are

shown in Fig. 1. As expected, the simultaneous correlation
in DJF between the precursors and EP and CP ENSO indices are nearly zero (Fig. 2). The precursor indices are however, highly correlated with each other. For example, the
NH precursors of NPMMSST, NPMMWND, NPOSLP, VMSST,
WNPSST, and W
 NPWND are positively correlated with each
other. Likewise, the SH precursors of S
 POSLP, SPMMSST,
SPMMWMD, and S
 PQSST are positively correlated with each
other. However, the SH and NH precursors are not highly
correlated with each other, indicating that the two hemispheres could provide independent information in predicting
ENSO.
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d
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Fig. 4  Seasonal lagged regressions of anomalous (contours) SLP
(hPa 𝜎 −1), (shaded) SST ( ◦ C 𝜎 −1), and (vectors) near surface zonal
and meridional winds (ms–1 𝜎 −1) with normalized DJF index of the
Northern Hemisphere precursors, a NPMMWND, b NPMMSST, c
WNPWND, d WNPSST, e NPO, f VM, and g TWC. Panels labelled

DJF are the simultaneous regressions with precursor index. Panels
labelled DJF1 lag the index by four seasons. For clarity, winds are
shown from 20◦ S to 20◦ N for DJF only and for magnitudes of 0.2
ms–1 std–1 or greater. SLP is only shown for DJF

We evaluate the evolution of the precursors in DecemberFebruary (DJF) to the following year (DJF1) using seasonal
lagged regressions of SLP, SST, and winds with the precursor indices in DJF, shown for the NH precursors in Fig. 4 and
the SH precursors in Fig. 5. For each of the NH precursors,
the SLP anomalies are shown for DJF, when the NPO SLP
has its maximum amplitude (Figure S1). The SLP dipole
associated with the NPO is evident in DJF for all NH precursors (Fig. 5). Corresponding anomalous winds are present on the southern lobe of the NPO and SST anomalies
extend from the northeast to southwest across the subtropics
and into the tropical eastern Pacific. This pattern continues into the boreal spring and by boreal summer warm SST
anomalies are present along the central or eastern equatorial
Pacific, consistent with the development of El Nino (not
shown). By the following winter (DJF1), El Nino conditions in which the warm SST anomalies are detached from
the coast of South America are evident, associated with
all of the NH precursors. WNPSST leads to ENSO with the

strongest amplitude SST anomalies (Fig. 4e). In the SH, the
SLP anomaly dipole associated with the SPO is maximum
in boreal summer (Figure S1), therefore SLP is shown for
our season of interest, DJF, and the season of maximum variance, JJA. The characteristic pattern of the SPO is evident
in DJF and JJA along with corresponding anomalous winds
(Fig. 5). Warm SST anomalies are present in DJF south of
the EQ in the eastern Pacific, while cold SST anomalies
occur at the EQ. By JJA, the development of El Nino is evident with warm anomalies in the eastern equatorial Pacific.
All of the SH precursors have also developed to El Nino by
the following winter (DJF1).
The different precursors have their maximum variability during different seasons (Figure S1). The NPOSLP,
SPQSST, SPMMSST, and S
 PMMWND have their maximum
variability in DJF, while the N
 PMMSST, WNPSST, and TWC
𝜏x have maximum variability in MAM. SPOSLP, VMSST
and SPMMWND have maximum variability in JJA, while
WNPWND has similar variance through all seasons. Note
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a

b

Fig. 5  Seasonal lagged regressions of anomalous (contours) SLP
(hPa 𝜎 −1), (shaded) SST ( ◦ C 𝜎 −1), and (vectors) near surface zonal
and meridional winds (ms–1 𝜎 −1) with normalized DJF index of the
Southern Hemisphere precursors, a SPO, b SPMMWND, c SPMMSST,
and d SPQ. Panels labelled DJF are simultaneous regressions with

that the maximum variability for the V
 MSST calculated here
differs from Ding et al. (2015b) because we average over
3 month seasons rather than individual months. Regardless
of the season of maximum variability, the characteristic patterns of all are evident in boreal winter prior to ENSO (DJF)
and they evolve to El Nino from these DJF patterns as shown
in Figs. 4 and 5.

3.3 Linear regression model
In the previous section, we demonstrated a relationship
between extratropical precursors and ENSO. However, there
is no guarantee that these precursors are also reliable predictors of ENSO. For example, Larson and Kirtman (2014)
demonstrate that the NPMM is a very reliable precursor to
ENSO, but is not a good predictor, due a large number of
false alarms. For this reason, similar to Pegion and Selman
(2017) we create and apply a statistical model to test these
precursors as predictors at 1 year lead-times. Pegion and
Selman (2017) investigated the contribution of the NH
extratropical precursors to ENSO variability using linear
regression between the precursors as predictors and the CP
and EP ENSO indices as predictands in reanalysis datasets,
defined as:
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c

d

precursor index while JJA lags the index by two seasons and DJF1
lags the index by four seasons. For clarity, winds are shown from 20◦
S to 20◦ N for DJF and JJA and for magnitudes of 0.2 ms–1 std–1 or
greater and SLP is shown for DJF and JJA

h𝜃 (x) = 𝜃1 x1 + 𝜃2 x2 + 𝜃3 x3 + ⋯ + 𝜃n xn ,

(3)

where the predictors (x) are the extratropical precursors, and
𝜃 corresponds to the coefficients associated with each predictor. All of the extatropical predictors are standardized to
mean of zero and normalized by their standard deviation to
have unit variance prior to use as predictors in the regression model.
3.3.1 Addressing overfitting
Since the precursors are not independent (e.g. Fig. 2), overfitting is a concern (Pegion and Selman 2017). We test two
different methods to reduce overfitting, one from information
theory and one from machine learning.
First, following Pegion and Selman (2017), we consider
all possible models ( N = 2n − 1) made from the combinations of the n predictors in DJF for the following DJF, where
n will be specified later, depending on the predictors used.
We select the best fit regression model using the Akaike
Information Criteria (AIC), commonly used in information
theory, which measures the information loss and penalizes
the addition of predictors (Akaike 1973; Hastie et al. 2001).
The AIC is given by:
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(4)

AIC = 2K − 2 ln L,

where ln L is the maximum log-likelihood and K is the number of predictors. The first term penalizes adding additional
parameters to reduce the risk of overfitting. The model with
the lowest AIC score is selected as the best model.
Second, we use linear regression with regularization, specifically Least Absolution Shrinkage and Selection Operator
(LASSO) regularization, a commonly used methodology in
machine learning (Hastie et al. 2001), which minimizes a
cost function given by:
[m
]
n
∑
1 ∑
| |
2
(h𝜃 (xi ) − yi )) + 𝜆
J(𝜃) =
| 𝜃j | ,
(5)
| |
2m
i=1

j=1

where m = 67 predicted winter seasons for the years 19492015 (note that we use winter 1948/49 to predict winter
1949/50 as our first prediction), y is the observed value of
the CP or EP index, and h𝜃 (x), n, x, and 𝜃 have the same
definitions as Eq. 3. Linear regression minimizes the average of the least squares fit of the training data (x) to the predictand (y) to obtain the coefficients or weights (𝜃 ) associated with each predictor (first term of Eq. 5). With LASSO,
a regularization term is added to the cost function which
reduces the weights and the potential to overfit the training
data (second term of Eq. 5). The parameter 𝜆 determines
how strongly the regularization is applied. Larger values of
𝜆 more strongly apply regularization, while smaller values
lead to a model which is closer to standard linear regression. LASSO regularization will set coefficients to zero for
predictors which have very small weights, thus eliminating
less important predictors. To fit the model and determine
the parameter 𝜆, we perform a leave 5 years out cross-validation using scikit-learn MultiLASSOCV (Pedregosa et al.
2011). We also tested the impact of changing the number
of years to leave out for the cross-validation ranging from
1 to 10 years. Although there are small changes in the coefficients of selected predictors, the variance explained and
selected predictors are robust for various sizes of the crossvalidation window. The best regression model is identified
as the one that has the minimum mean squared error on the
leave five out cross-validated datasets.

4 Results
4.1 NH extratropical precursors as ENSO predictors
The linear regression methodology described above is
applied to the reanalysis datasets for the n = 7 NH extratropical precursors as predictors in the regression model
in DJF and MAM. The variance of the CP and EP ENSO
indices explained using the NH predictors is shown for both

13

model selection methods in Fig. 6. The best model selected
by both methods using DJF predictors explains less that 10%
of the variance of the EP index, indicating these are not
good predictors of EP ENSO. Using NH MAM predictors
also explains only a small amount of EP ENSO variance.
The AIC and LASSO models explain similar amounts of
variance of the CP ENSO index using DJF predictors (20%)
(Fig. 6).
The selected coefficients of the best fit models using
DJF predictors for the CP ENSO index are shown in Fig. 7.
For AIC, the best fit model selects only a single predictor,
WNPSST (Fig. 7a), while LASSO selects a combination of
WNPSST and VMSST. Pegion and Selman (2017) also used
AIC to select a best fit regression model to predict CP ENSO
at 9-month and 1-year lead times using NH precursors as
predictors, but without regressing out ENSO indices. Their
model explained 36% of the variance and contained four
predictors, including W
 NPSST. Both methods select W
 NPSST
as the predictor with the largest weight, consistent with its
relationship with the strongest amplitude SST anomalies
(Fig. 4d), emphasizing the importance of this NH extratropical pattern.

4.2 SH extratropical precursors as ENSO predictors
The four SH precursors in DJF can explain about 20% of
the variance of CP ENSO and very little of the EP ENSO
variance (Fig. 6a, b). In MAM, the SH precursors explain
more variance than the NH precursors for both CP and EP
ENSO (Fig. 6c, d). This is consistent with previous studies
that indicate an impact of the SH extratropics on EP ENSO
during austral autumn and winter. Both AIC and LASSO
select SPOSLP and SPQSST as the dominant DJF precursors
from the SH (Fig. 7).

4.3 Combination of NH and SH extratropical
precursors as ENSO predictors
Next, we consider the combination of the NH and SH precursors in boreal winter as predictors for CP and EP ENSO
the following winter. The best fit model that includes the
n = 11 NH and SH extratropical precursors as predictors
further confirms that neither the NH nor the SH extratropics are good predictors for EP ENSO at 1-year lead times.
This result indicates that although SH precursors in MAM
do contribute to EP El Nino (e.g. Fig. 6d) (You and Furtado 2017; Zhang et al. 2014a, b), their DJF values do not
contribute to extending EP El Nino prediction beyond the
spring predictability barrier. Inclusion of both NH and SH
precursors as predictors results in models that can explain
more variance than either the NH or SH predictors alone
(Fig. 6). WNPSST and SPQSST are selected as the dominant
DJF predictors for predicting CP ENSO using both methods

The impact of the extratropics on ENSO diversity and predictability	
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a

c

b

d

Fig. 6  Variance explained (%) by selected regression models using
an Akaike Information Criteria (AIC) information theory technique
(blue) and Least Absolution Shrinkage and Selection Operator
(LASSO) machine learning technique (red) for a CP and b EP ENSO
indices predicted from DJF predictors and c CP and d EP ENSO pre-

dicted from MAM predictors. Different sets of predictors are indicated on the x-axis for Southern Hemisphere (SH), Northern Hemisphere (NH), and Northern Hemisphere and Southern Hemisphere
(NH+SH)

(Fig. 7c, f). Since the DJF predictors for CP ENSO show the
strongest relationship, we focus on prediction of CP ENSO
from DJF predictors in the remainder of the paper.

CPFIT from the observed CP index (y). Seasonal lagged
regressions with C
 PFIT demonstrate the evolution following the NH and SH extratropical precursors in DJF to the
following DJF1 (Fig. 8a), while regressions with C
 PRES
demonstrate the evolution not linearly associated with these
extratropical precursors and presumably associated with primarily tropical dynamics not considered in these regression
models (Fig. 8b).
The seasonal lagged regressions are shown in Fig. 8.
As expected, both CPFIT and CPRES evolve to CP ENSO
by the following winter (DJF1). In the previous winter
(DJF), CPFIT shows a clearly defined SLP dipole of both
the NPO and SPO (Fig. 8a). Additionally, the cold SSTs
of the WNP, warm SSTs associated with the SPMM and
SST quadrupole of the SPQ are also present. The fact
that some extratropical predictors not selected in the best
fit models are evident in the seasonal lagged regressions
further highlights the fact that the predictors are not independent. In other words, the regression model with the

4.4 One‑year evolution to CP ENSO from the best
predictors
To better understand the large scale evolution of the selected
models to CP ENSO, we use the selected regression models
identified from the n = 11 NH and SH extratropical precursors in DJF as predictors to decompose the 1-year seasonal
evolution of the CP ENSO index into the part associated
with the extratropical precursors and the part not associated with them, following Pegion and Selman (2017). We
calculate the CP index fit by the selected models ( CPFIT) and
the corresponding residual (CPRES) for the models selected
using LASSO. Since AIC selects the same predictors as
LASSO, it produces a very similar picture, thus it is not
shown. The residual (CPRES) is calculated by subtracting
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a

d

b

e

f

Fig. 7  Coefficients of each predictor for selected regression models predicting the CP ENSO index using a–c AIC and d–f LASSO with DJF
predictors
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a

Fig. 8  Seasonal lagged regressions of anomalous (contours) SLP
(hPa 𝜎 −1), (shaded) SST ( ◦ C 𝜎 −1), and (vectors) near surface zonal
and meridional winds (ms–1 𝜎 −1) with normalized DJF index of CP
ENSO constructed from a the selected LASSO regression model
using NH+SH predictors ( CPFIT) and b the residual from the LASSO

4479

b

regression model using NH+SH predictors 
(CPRES). Top panels
(DJF) are simultaneous regressions, while MAM, JJA, SON, and
DJF1 lag the index. For clarity, winds are shown from 20◦ S to 20◦
N for DJF, MAM, and JJA and for magnitudes of 0.2 m
 s–1 std–1 or
greater and SLP is shown for DJF, MAM, and JJA
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Table 1  Summary of precursors definitions, including variables used
to determine each precursors, EOF or MCA pattern used to identify
the precursor, % variance (for EOF-based precursors) or covariance
Precursor

Vars

Domain

NPO

slp

20◦ N–85◦ N;120◦ E–120◦ W

WNP
SPO

SPMM
VM

sst, winds
slp

sst, winds
sst

TWC

𝜏x

SPQ

sst

10 S–30 N;90 E–170 W
◦

◦

◦

◦

(for MCA-based precursors) explained for patterns, and reference for
methods used to identify each precursor

Method

%(Co-)Var

References

EOF2

17

Vimont et al. (2001, 2003)

MCA1

a

18

Wang et al. (2012)

45◦ S–10◦ S; 160◦ W–70◦ W

EOF1

51

You and Furtado (2017)

20.5◦ N–65.5◦ N;124.5◦ E–100.5◦ W

EOF2

13

Bond (2003), Ding et al. (2015b)

65 S–20 S;150 E–75 W

EOF2

13

Ding et al. (2015a), Qin et al. (2017)

35◦ S–10◦ S; 180◦ W–70◦ W
15◦ S–15◦ N;160◦ E–80◦ W
◦

◦

◦

◦

MCA1

EOF2

22

12

You and Furtado (2017), Zhang et al. (2014a, b)

Anderson (2007)

a

Traditionally MCA2 is used to define these precursors with MCA1 corresponding to ENSO. Since the EP and CP ENSO indices are regressed
out prior to identifying the precursors, the precursor pattern is defined here using MCA1

selected predictors contains information regarding the
mechanisms present in many predictors. By MAM, warm
SSTs have appeared in the eastern equatorial Pacific and
the warm SSTs further develop through the rest of the
year in the C
 P FIT evolution and shift westward into the
Central Pacific, becoming detached from the coast of
South America (Fig. 8a). This evolution of CP ENSO is
different than typically described. The evolution of C
 PRES
is very different than CPFIT and dominated by a NPMM
mechanism in spring as well as processes local to the
Tropics (Fig. 8b). Anomalous SLP is present in the subtropical Pacific in DJF which leads to warm SST anomalies in the central equatorial Pacific consistent with the
NPMM. A weak NPO-like SLP dipole, but with different
spatial orientation than in C
 PFIT, develops in MAM associated with NPMM-like SSTs extending from the coast
of Baja to the subtropical central Pacific, reminding us
that part of the NPMM is not linearly separable from CP
ENSO. The evolution for CPFIT is consistent with the typical evolution of CP ENSO described in previous studies
(Vimont et al. 2014; Yu et al. 2010; Yu and Paek 2015;
Yu and Kim 2011; Kug et al. 2009; Kao and Yu 2009). By
JJA, a narrow band of warm SST anomalies develop in the
central equatorial Pacific and grow through the rest of the
year. CP ENSO events forced from the extratropics (i.e.
related to CPFIT) show strong indication of ENSO development in spring, while those not forced from the extratropics (i.e. CPRES) do not show signs of ENSO development until summer. This indicates the potential for longer
lead predictability associated with the extratropical forcing of CP ENSO. The results here also reinforce that the
SH precursors in boreal winter play an important role
in the extratropical forcing of CP ENSO the following
winter with the strong S
 PO SLP, S PMM SST, and S
 PQ SST
patterns apparent in DJF for CPFIT (Fig. 8a).
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5 Conclusions and discussion
We investigate the impact of a collection of mechanisms in
the NH and SH extratropical Pacific that have been previously identified as having the ability to stochastically force
ENSO events up to 1-year in advance. In other words, these
extratropical patterns of variability can impact wind stress
and subsurface temperature anomalies in the Tropics, acting
as a kick to push the tropical Pacific into a particular ENSO
state. In this study, these mechanisms and their impact on
ENSO predictability and diversity are explored in observations using information theory and machine learning methodologies. Consistency between methodologies provides
evidence of robustness for the following conclusions.
We find that these extratropical mechanisms in boreal
winter have only a weak connection to EP ENSO, explaining less than 10% of its variance from one winter to the
next, but do impact CP ENSO, explaining about 35% of
its variance from one winter to the next. These results
are consistent with other studies that have demonstrated
a stronger impact from the NH extratropics for CP ENSO
than EP ENSO (Vimont et al. 2014; Yu et al. 2010; Yu and
Paek 2015; Yu and Kim 2011; Pegion and Selman 2017).
However, it is important to note that the majority of the
variability of the CP ENSO index (65%) is not associated
with these extratropical mechanisms, as least not in a manner independent of the ENSO cycle itself since our analysis removed the linear relationship with both the CP and
EP ENSO indices. Therefore, our results do not contradict
the current theories regarding the impact of the NPMM,
NPO and SFM mechanisms for CP ENSO, but provide
information about a set of patterns related to extratropical variability in DJF that can potentially best predict the
evolution of CP ENSO from one winter to the next.
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Our results also show that SH precursors in boreal winter are linked to CP ENSO variability the following winter.
Previous studies have highlighted the role of the SPO and
SPMM in boreal spring and summer on EP ENSO (You and
Furtado 2017; Zhang et al. 2014a, b), which our results also
support (Fig. 6). We find that these mechanisms can also
impact ENSO at longer lead times than previously identified
and are not confined to EP ENSO events. While in boreal
spring, their impact is on EP ENSO; in boreal winter, their
impact is preferential to CP ENSO events.
The specific selected predictors are also important given
the many different extratropical mechanisms that have been
hypothesized as potential precursors to ENSO. Recent studies have emphasized the NPO/NPMM/SFM as a dominant
mechanism for CP ENSO events (Vimont et al. 2014; Yu
et al. 2010; Yu and Paek 2015; Yu and Kim 2011). However,
we find that while these mechanisms are evident, they are
difficult to separate from the CP ENSO cycle itself and that
the dominant independent extratropical mechanisms impacting CP ENSO at 1-year lead times are encapsulated in the
WNPSST in the NH and SPQSST in the SH. This result differs
from previous studies because we have explicitly removed
the simultaneous linear relationship between the extratropical predictors and both CP and EP predictands.
It naturally follows to question why and how these specific predictors are related to CP ENSO development. How
does WNPSST impact CP ENSO? It is first important to
remember that WNPSST in DJF is simultaneously correlated with other NH predictors. Specifically, it is correlated
with NPMMSST, NPMMWND, and V
 MSST at greater than 0.5
(Fig. 2). This means that the information and mechanisms
associated with WNPSST includes these other mechanisms,
at least in part. Thus our results do not necessarily contradict
previous studies that highlight the role of other extratropical
mechanisms on CP ENSO, but instead provide a more holistic view of how the extratropics can impact ENSO diversity and predictability. Previous studies have attributed the
impact of the WNPSST on ENSO to its ability to directly
induce Kelvin waves in the western equatorial Pacific (Wang
et al. 2012, 2013), but this is not well understood or established. If this is the case, then explanation for the W
 NPSST
impact on ENSO is more consistent with the development of
EP ENSO via a delayed oscillator (Suarez and Schopf 1988)
and recharge-discharge oscillator (Jin 1997) mechanism than
CP ENSO, which is dominated by zonal advective feedbacks
with warm SST anomalies developing in place in the Central
Equatorial Pacific (Kug et al. 2009). Looking more closely at
the evolution of the ENSO events forced from the extratropics (Fig. 8a) provides a few insights. In DJF, westerly winds
are evident along the Equator in the western Pacific, which
could provide direct forcing of Kelvin waves as suggested
by Wang et al. (2012, 2013). It is likely that WNPSST is a
better predictor than W
 NPWND simply because the SST will

4481

identify the signal in the winds that is able to impact the
SSTs, while the wind itself would be a very noisy predictor.
ENSO develops initially in the eastern Equatorial Pacific
in MAM and is tightly connected to the South American
coast from boreal spring through autumn, consistent with
EP ENSO. However, by DJF1, the maximum SST anomalies
have moved to the central Pacific and are detached from the
South American coast, consistent with a CP ENSO event.
This can be explained by the easterly wind anomalies in the
eastern Equatorial Pacific in JJA and SON that deepen the
thermocline and reduce the SST warming in the far eastern
Pacific (e.g. Figure S2). This evolution of ENSO appears to
contain elements of both EP and CP ENSO mechanisms,
consistent with the fact that classification of EP and CP
ENSO events is not always distinct (Kug et al. 2009; Yu
et al. 2012). Further studies are needed to fully understand
the physical and dynamical processes.
How does SPQSST impact CP ENSO? The SPQ is highly
correlated with the other SH predictors (e.g. Fig. 2) during
DJF. We re-iterate that the SPQSST contains the information in the other SH predictors. Previous studies have highlighted the mechanisms by which some of the SH predictors
in MAM and JJA can impact EP ENSO (You and Furtado
2017; Zhang et al. 2014a, b). Our result are consistent with
those previous studies in that we find that the SH has an
impact on EP ENSO during boreal spring (e.g. Fig. 6). However, we find that the SPQSST is the dominant DJF SH predictor for CP ENSO. Our results are consistent with Ding
et al. (2015a) who show that the SPQ has maximum impact
on ENSO during boreal winer due to the seasonal evolution
of mixed layer depth in the SH (Ding et al. 2015a). In their
description of how the S
 PQSST impacts ENSO, they explain
that anomalous southeasterlies related to the SST quadrupole strengthen the southeasterly tradewinds leading to an
increase of latent heat flux and associated cooling of the
ocean just north of Australia. This impacts the atmospheric
circulation by shifting the surface wind anomalies towards
the equator, leading to westerly wind anomalies along the
equator and a subsequent development of warm SST anomalies in the central and eastern equatorial Pacific. They argue
that the SPQSST leads to a more EP-like ENSO, but their
manifestation of that EP ENSO is similar to ours (their Figure 8 compared with our Fig. 8) in which the easternmost
SST anomalies weaken by boreal winter, thus producing
an ENSO event that would contribute to the variability of
the CP ENSO index that we are predicting. Larson et al.
(2018) (see their Figure 10) also argue that advection by the
mean ocean circulation, specifically westward advection of
anomalous temperatures by the mean zonal current, plays
an important role in how the SPMM and related SH precursor patterns influence the SST tendency over the equatorial
Pacific. The initial heat flux forcing of the SST from SPMM
occurs in the eastern Pacific (i.e. Nino3) region, but then the
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mean westward current advects the SST anomalies towards
the central Pacific.
Our results also suggest that when CP ENSO events are
forced from the extratropics, they may be more predictable
at longer lead times than those forced locally in the tropics.
This earlier initiation may also offer one explanation for how
these events can transition from maximum SST anomalies in
the eastern to central Pacific. The additional time allows the
easterly wind anomalies that develop in the eastern Pacific to
deepen the thermocline thus inducing a cooling tendency in
the eastern SST and shifting the maximum warm anomalies
to the central Pacific by DJF1 (e.g. Figs. 8 and S2).
Our results have some caveats. First, we use a linear
regression model, thus our methodology can only detect
linear relationships between the predictors and ENSO indices. The use of 67-year of observations-based data will sufficiently capture interannual variability. However, our methodology will not capture low-frequency variability such as
decadal, multi-decadal, or global warming trends. A much
larger dataset is needed to investigate longer timescale variability. The predictors are selected a priori as the extratropical
mechanisms from the Pacific, based on previous studies. It is
possible that there are other predictors or that the predictors
selected are sub-optimal. Indeed, some studies have demonstrated that atmospheric or oceanic precursors originating
from Atlantic are related to development of ENSO (Ding
et al. 2015b; Ham et al. 2013), which were not included here,
but will be explored in future work. Additionally, since we
use a statistical model with observational datasets, we provide only a preliminary look into the physical and dynamical
mechanisms associated with these extratropical mechanisms.
A closed temperature budget in coupled ocean–atmosphere
model simulations would allow for a rigorous physical and
dynamical investigation and sensitivity experiments would
potentially provide more insights into these mechanisms.
Future work will address these caveats using large ensembles
from coupled ocean–atmosphere models.
Finally, to put the potential impact of these results on
ENSO predictability into context, we quantify how important the extratropical forcing (CPFIT) is relative to the tropical forcing ( CPRES) of CP ENSO events by calculating the
ratio CPFIT to C
 PRES. We then identify the number of CP
events that are preceded by at least twice as much extratropical forcing as tropical forcing 1-year in advance. We find
that 33% of CP El Nino events (4 out of 12) and 50% of the
CP La Nina events (7 out of 14) in the 1948–2015 period
have at least twice as much extratropical forcing as tropical
forcing at 1-year lead times, indicating an important potential source of long-lead ENSO predictability. Errors in this
representation in models would add to uncertainty in ENSO
predictions and projections, while correctly capturing these
mechanisms and their relationship with ENSO has the potential to improve ENSO prediction skill at longer lead times.
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These results motivate the need for further studies to assess
how well models used for real-time predictions and climate
projections represent the SH (e.g., You and Furtado 2018)
and NH (e.g., Larson and Kirtman 2014; Pegion and Alexander 2013; Deser et al. 2012) mechanisms and their relationship with ENSO. This will be explored in future work.
Acknowledgements KP thanks T. DelSole for helpful discussions
regarding model selection methodologies. NCEP/NCAR Reanalysis
and ERSST data were provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web site at https://www.esrl.noaa.gov/
psd/. SODA data was obtained from the International Research Institute
for Climate and Society Data Library (https: //iridl. ldeo.columb ia.edu/).
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