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Abstract

Previous studies indicate an asymmetry in the amplitude and persistence of El Niño (EN)
and La Niña (LN) events. We show that this observed EN-LN asymmetry can be captured with a linear
model driven by correlated additive and multiplicative (CAM) noise, without resorting to a deterministic
nonlinear model. The model is derived from 1-month lag statistics taken from monthly sea surface
temperature (SST) data sets spanning the twentieth century, in an extension of an empirical-dynamical
technique called Linear Inverse Modeling. Our results suggest that noise amplitudes tend to be stronger for
EN compared to LN events, which is sufficient to generate asymmetry in amplitude and also produces
more persistent LN events on average. These results establish a null hypothesis for EN-LN asymmetry
and suggest that strong EN events may not be more predictable that what can be accounted for by a
multivariate linear system driven by CAM noise.

1. Introduction
It is often noted that the El Niño Southern Oscillation (ENSO) phenomenon in the observed record is asymmetric between its positive (El Niño [EN]) and negative (La Niña [LN]) states. Extreme EN events tend to be
more intense than extreme LN events (Burgers & Stephenson, 1999), and LN events tend to be more persistent (DiNezio & Deser, 2014; Hu et al., 2014; Ohba et al., 2010; Ohba & Watanabe, 2012; Okumura & Deser,
2010). ENSO asymmetry has been considered to represent nonlinearity within the Tropical Pacific system,
with slow, deterministic nonlinear feedbacks between sea surface temperatures (SSTs), thermocline, and
winds operating differently for EN than LN (e.g., An & Jin, 2004; DiNezio & Deser, 2014; Dong, 2005; Im
et al., 2015; Jin et al., 2003; Kang & Kug, 2002; Liang et al., 2012; Meinen & McPhaden, 2000; Su et al., 2010).
Implicit in this view is that the time scale of these nonlinear feedbacks is comparable to the typical SST decay
time scale, and hence, a correct identification of the balance between these processes may lead to potential
increases in predictability estimates, particularly of extremes.
Certainly, the primitive equations governing the evolution of the Tropical Pacific upper ocean conditions
are nonlinear. Characterizing the nature of the nonlinear processes in terms of their dominant time scales,
however, may yield improved understanding of the key contributors to ENSO variability and predictability. Nonlinear processes decorrelating with a time scale comparable to that of linear decay contribute to the
deterministic part of the system. This includes the class of ENSO chaotic models (Chekroun et al., 2014; Jin
et al., 1994; Tziperman et al., 1994). On the other hand, temporally coarse graining the primitive equations
(focusing on monthly SST anomalies, e.g.) tends to average out the details of those nonlinear processes
decorrelating rapidly relative to linear dynamics (Hasselmann, 1976; Penland, 1996). In this case, a stochastic approximation of these processes as white noise, which may include a multiplicative (state-dependent)
component, is appropriate (Sardeshmukh & Penland, 2015; Sardeshmukh et al., 2003; Majda et al., 2008).
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Several previous studies have demonstrated that multiplicative noise may be used to model fast atmospheric processes key to ENSO development (e.g., Blanke et al., 1997; Bianucci et al., 2018; Christensen
et al., 2017; Kleeman & Moore, 1997; Jin et al., 2007), including surface flux dependence on rapid wind variability (Sardeshmukh & Penland, 2015; Sura et al., 2006; Sura & Newman, 2008; Williams, 2012), westerly
wind bursts (WWBs; Levine & Jin, 2017; Thual et al., 2016), and variability associated with the convective
envelope of the Madden Julian Oscillation (Kapur & Zhang, 2012; Perez et al., 2005). Also, these fast processes may act differently during EN and LN events (Capotondi et al., 2018; Kug et al., 2008); that is, the
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noise is also asymmetric. For example, ocean-atmosphere surface fluxes tend to be enhanced for unstable
conditions (e.g., Sura et al., 2006), which are more likely to occur over warm SST anomalies. Additionally,
WWBs (which often occur in association with Madden Julian Oscillation events; see Puy et al., 2016) are
known to occur more frequently during EN events, and their interaction with SST anomalies acts as a short
time scale positive feedback increasing the probability of large positive ENSO events (Eisenman et al., 2005;
Gebbie et al., 2007; Lengaigne et al., 2004; Lopez et al., 2013; Vecchi & Harrison, 2000), consequently skewing
ENSO statistics (Jin et al., 2007; Levine et al., 2016).
For a system whose deterministic dynamics are effectively linear, state-dependent asymmetric noise can
nevertheless drive non-Gaussian statistics (Sardeshmukh & Sura, 2009, hereafter SS09) and, importantly, a
corresponding asymmetry in the duration of positively and negatively signed events (Sardeshmukh et al.,
2015; hereafter SCP15). This leads us to ask whether observed EN-LN asymmetry (e.g., An & Jin, 2004;
Burgers & Stephenson, 1999) can likewise be understood in the context of a linear dynamical system forced
with linearly state-dependent white noise. Past analyses have used a Linear Inverse Model (LIM; Penland
& Sardeshmukh, 1995, hereafter PS95), to empirically extract a linear dynamical system forced with
state-independent (i.e., additive) white noise from the covariance statistics of Tropical Pacific anomalies.
Such a LIM can still explain ENSO irregularity (PS95), the (nonnormal) cycle of ENSO decay and growth
(PS95, Vimont et al., 2014), the spectral characteristics of the main ENSO indices (Ault et al., 2013; Newman
et al., 2009) and has also been shown to have forecast skill comparable to that of fully coupled, nonlinear
General Circulation Models (Newman & Sardeshmukh, 2017), suggesting that it provides a good approximation to the Tropical Pacific deterministic dynamics at time scales relevant for ENSO (PS95; see also Penland,
2010). Moreover, inverse models augmented with deterministic nonlinearity do not seem to improve forecast skill over their linear counterparts (Chen et al., 2016; Kondrashov et al., 2005), which suggests that
nonlinear processes contribute mostly to the unpredictable part of the system. However, a LIM forced by
additive white noise captures neither the observed state dependence of noise processes nor the observed
EN-LN asymmetry in event amplitude and duration. This has been a significant limitation of past LIM
studies of ENSO, due to a lack of estimation methods for determining noise state dependence in the multivariate case. In this paper we use the parameters estimation method described in Martinez-Villalobos et
al., 2018 (2018; hereafter M18; see also Martinez-Villalobos, 2016) to formulate a LIM, constructed from
centennial-length records of observed SST anomalies, that now includes correlated additive-multiplicative
(CAM) noise (SS09), which is an empirical estimate of the net effect of all noise processes with asymmetric
dependence upon ENSO states. This new tropical Pacific “CAM-LIM” is then used to show that observed
EN-LN asymmetry in both amplitude and duration can be consistent with predictably linear dynamics.

2. LIM Driven by CAM Noise (CAM-LIM)
To model Tropical Pacific SST anomalies, we consider two variants of multivariate Markov models. The first
one, which we refer to as the standard LIM (PS95), is given by
dx
= Mx + B𝜂,
dt

(1)

where x is the state vector of Tropical Pacific SST anomalies, M is a constant and stable matrix encoding the
deterministic dynamics, B is a constant noise amplitude matrix, and 𝜂 is a vector of centered Gaussian white
′
′
noise processes (⟨𝜂 j (t)⟩ = 0, ⟨𝜂 j (t)𝜂 k (t )⟩ = 𝛿(t − t )𝛿 jk ). This noise forcing parameterizes the unpredictable
portion of short-lived chaotic and nonlinear processes influencing SST evolution. The second Markov model,
referred to as the CAM-LIM (M18), is given by
dx
= Ax + BA 𝜂 A + BM (x)𝜂 M − D,
dt

(2)

which is a multivariate version of the CAM-noise linear model first introduced by SS09 and further evaluated by SCP15. Here A is a constant and stable matrix, BA and BM are constant and linear state-dependent
noise amplitude matrices, respectively, 𝜂 A and 𝜂 M are vectors of centered Gaussian white noise processes,
and −D eliminates the mean noise induced drift (SS09), which is zero in the standard LIM case. The term
BM (x)𝜂 M represents the state-dependent noise forcing, which includes an additive component correlated to
the multiplicative component, and BA 𝜂 A represents the remaining additive noise.
Long time series are necessary to estimate multiplicative noise from data (M18, section 4c; Sura & Barsugli,
2002). Therefore, we construct both LIMs using only SST since while several available SST reconstructions
MARTINEZ-VILLALOBOS ET AL.
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Figure 1. (a) HadISST v1.1 Tropical Pacific (1870–2016) first EOF of monthly sea surface temperature anomalies. (b)
CAM noise amplitude in units of standard deviation 𝜎 −1 (G1 + E1 PC1), with 𝜎 denoting PC1 (the Niño index) standard
deviation. The red circles show the CAM noise amplitude for −2𝜎 and +2𝜎 anomalies. (c) Niño index time series for
the six different data sets considered. (d) Niño index time series taken from a 147-year epoch from the CAM-Linear
Inverse Model integration. EOF = Empirical Orthogonal Function; CAM = correlated additive-multiplicative; PC =
principal component.

cover approximately the last 150 years, similar lengthy data sets of ocean heat content measures are unavailable. To test reconstruction uncertainty, we consider six data sets (Hirahara et al., 2014; Huang et al., 2017;
Ishii et al., 2005; Kaplan et al., 1998; Rayner et al., 2003; Smith et al., 2008; see supporting information Table
S1). From each, we construct LIMs using the first 15 principal components (PCs) of monthly SST anomalies
(accounting for 90% of the SST variance in the HadISST v1.1 data set) calculated in the region 20◦ S–20◦ N,
120◦ E–70◦ W. Anomalies are calculated by first subtracting the long-term annual mean SSTs at each grid
point, then a nonlinear trend during the period considered is removed by a fourth-order polynomial, and the
seasonal cycle is removed by subtracting the first four annual Fourier harmonics. Removing the nonlinear
trend eliminates the PC most associated with linear trends in the 1950–2010 period (L'Heureux et al., 2013),
so that the leading two Empirical Orthogonal Functions (EOFs) correspond to the familiar EOF1–EOF2 pair
from many previous studies (e.g., Ashok et al., 2007; Capotondi & Sardeshmukh, 2015; Karamperidou et al.,
2017; Takahashi et al., 2011; Thomas et al., 2018; Vimont et al., 2014).
Results from the different data sets are generally consistent, so we display results only from HadISST v1.1,
covering 1870–2016. Figure 1a shows the familiar EOF1 spatial pattern (Figure S1 shows EOF2 and EOF3
MARTINEZ-VILLALOBOS ET AL.
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spatial patterns). We call the associated standardized PC1 the Niño index (Figure 1c), since its correlation
coefficient with Niño3.4 is 0.97.
Standard LIM (1) and CAM-LIM (2) parameters are calculated following PS95 and M18, respectively, for
each individual data set. As in other methods to estimate state-dependent noise from data (cf. Levine & Jin,
2017), we first determine the predictable dynamical operator M, which in this study provides a good representation of the evolution of the system up to 15 months in advance for the HadISST v1.1 data set, although
this particular aspect is sensitive to the data set used (Text S1). The SST-only LIM implicitly assumes that
deterministic wind and thermocline anomalies may be expressed in terms of SST anomalies at monthly time
scales (Neelin, 1991; PS95). This misses some dynamics associated with recharge-discharge processes (Jin,
1997; Neelin et al., 1998) out of equilibrium with SSTs, which extends the memory of the system (Johnson
et al., 2000; Newman et al., 2011; Xue et al., 2000).
In general, BM in (2) includes local and nonlocal state-dependent noise sources as well as covariance
between different CAM noise processes (cf. Majda et al., 2008; SS09), all interactions that are unlikely to be
resolved by even the long SST time series considered here. For this reason, as well as the lack of estimation
methods for more complex CAM noise formulations, we consider a restricted “diagonal” form of BM driving
PCi as follows:
BM
= (Gi + Ei xi )𝛿i𝑗 , i = 1, 2, 3.
i𝑗
= 0, i ≥ 4.
BM
i𝑗

(3)

This formulation captures asymmetries in noise amplitude along each PC direction. Note that if Gi ≠ 0, the
CAM noise amplitude is different for positive and negative anomalies. To reduce the number of parameters
to be determined, CAM noise is assumed to involve only the first three PCs, since these exhibit the largest
asymmetry in probability distribution and have skewness that are not accounted for by the (1) standard LIM
(Figure S2; in addition, PCs 6, 8, 13, and 15 exhibit smaller but significant deviations). Further details of
the M18 methodology are given in Text S2. Tests of the methodology self-consistency and a discussion of its
limitations are given in Text S3 (see also M18). We note that this CAM-LIM yields only modest improvements
over the standard LIM in the representation of the joint PC1-PC2 probability (not shown). Improvement of
this aspect likely needs a more complete CAM noise representation or deterministic nonlinearity (Takahashi
et al., 2018), and investigation of it is deferred for future research.
Each LIM (equations (1) and (2)) is then integrated forward 200,000 years using the Heun stochastic integration method (Ewald & Penland, 2009; Rümelin, 1982) with a time step of 3 hr; then monthly output is
sampled. Deviations from Gaussianity in observed and modeled time series, represented by a centered vari3⟩
4
and sample kurtosis K = ⟨x⟨x2 ⟩⟩2 (Joanes & Gill,
able x, are determined by the sample skewness S = ⟨x⟨x2 ⟩3∕2
1998). Skewness measures the degree of asymmetry with respect to the mean of the distribution (S = 0
for a Gaussian), and kurtosis provides information on the heaviness of the tails, with K > 3 (K = 3 for a
Gaussian) indicating a larger proportion of extreme events compared to a Gaussian of the same standard
deviation. Confidence intervals (5th–95th percentile) of CAM-LIM generated statistics are calculated by
dividing the full integration onto 1,360 nonoverlapping realizations or epochs of 147 years length (the length
of the HadISST data set).

3. Results
3.1. EN-LN Asymmetry in Amplitude
Figure 1b shows the CAM noise amplitude (G1 + E1 PC1) as a function of the Niño index PC1 (in standardized
units), calculated from the HadISST v1.1 data set. Since G1 > 0, the overall noise amplitude is stronger for
EN events compared to LN events, in agreement with other estimates (Capotondi et al., 2018; Kug et al.,
2008). For example, the CAM noise amplitude for a positive Niño index anomaly of 2 standard deviations 𝜎
is approximately twice the CAM noise amplitude for a −2𝜎 anomaly. The CAM noise amplitude has some
quantitative sensitivity to a number of data preprocessing choices (number of EOFs retained and lag used
to calculate the LIM and different detrending options) and to geographical region, but in all cases the CAM
noise amplitude is similar and yields a long-term positively skewed Niño index (see Figure S6 and Text S4).
To illustrate the effect of noise amplitude asymmetry on the resulting EN and LN amplitudes, Figure 1d
shows the Niño index time series taken from a 147-year epoch of the CAM-LIM integration, which can
MARTINEZ-VILLALOBOS ET AL.
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Figure 2. (a,b) Observed and modeled Niño index skewness (kurtosis). In each panel, the error bars (5th–95th) are
centered on the skewness (kurtosis) calculated from the full CAM-LIM integration. (c) Observed and modeled CDF of
the Niño index over its central range (−2𝜎 to 2𝜎 ). (d) Similar to (c) but showing the negative tail (−4𝜎 to −2𝜎 ). (e)
Similar to (c) but showing the positive tail (+2𝜎 to +4𝜎 ). In the last case, the exceedance (1-CDF) is shown instead. A
Gaussian CDF is also plotted for reference. The solid red line represents the estimate from the full integration and
shading the 5th–95th percentile calculated from estimations in each 147-year epoch. CAM = correlated
additive-multiplicative; LIM = Linear Inverse Model; CDF = cumulative density function.

be compared to observations (Figure 1c). The pattern of growth and decay of this index is consistent with
observations, with similar skewness and kurtosis, and larger extreme EN compared to LN events.
The extended model integration allows assessment of multidecadal-centennial changes in ENSO variability generated by (2), and its corresponding confidence intervals. For each data set, the observed positive
skewness (Figure 2a) and kurtosis (Figure 2b) of the Niño index are well within the 5th–95th percentile
of CAM-LIM realizations but not within the 5th–95th percentile of the standard LIM (Figure S2), showing that only the CAM-LIM (2) captures observed EN-LN amplitude asymmetry. The spread of skewness
values calculated from each 147-year epoch implies that different realizations have a wide variation in the
degree of ENSO asymmetry that are all consistent with the CAM-noise process (2). The spread in kurtosis
shows that while most realizations generate more extreme events compared to a Gaussian process, there are
a significant number of 147-year epochs with fewer extremes.
Figures 2c–2e compare the observed and modeled Niño index cumulative density function. (Similar plots
for PC2 and PC3 indices are shown in Figures S7 and S8.) Both the standard LIM (Figure S9) and CAM-LIM
(Figure 2c) generate a cumulative density function consistent with observations within the central range of
anomaly amplitudes [−2𝜎, 2𝜎 ], although even in this range the CAM-LIM fit is visually better. At the extreme
negative (less than −2𝜎 ; Figure 2d) and positive (greater than 2𝜎 ; Figure 2e) tails, the observed amplitude
asymmetry is much better matched by the CAM-LIM: The standard LIM overestimates the probability of
strong LN events and underestimates the probability of extreme EN events (Figure S9), while the CAM-LIM
generates fewer extreme LN events and more strong EN events. For example, CAM-LIM generates a median
of 53 (27) months of extreme EN (LN) events (Niño index magnitude > 2𝜎 ), which compares well with the
observed 55 (23) months in HadISST v1.1.
3.2. EN-LN Asymmetry in Event Duration
As discussed in section 1, observed LN events are typically (but not always) more persistent than EN events
(DiNezio & Deser, 2014; Ohba & Ueda, 2009; Ohba, 2013; Okumura & Deser, 2010; Okumura et al., 2017). For
this analysis, we define EN (LN) events as those consisting of three or more consecutive months with Niño
index value > H (less than −H), where H represents some threshold amplitude. We find that observed EN-LN
duration asymmetry is sensitive to the value of H, a new result to which we will return below, so we conduct
MARTINEZ-VILLALOBOS ET AL.
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Figure 3. (a) Observed (HadISST v1.1) difference in mean LN and EN duration as a function of threshold used to
define events. The solid line shows the 50th percentile of this difference calculated by using a bootstrap with
replacement procedure (Efron & Tibshirani, 1994), under the assumption of independence of events. Confidence
intervals (25th–75th and 5th–95th) are calculated similarly. (b) Mean LN and EN duration generated by CAM-LIM as a
function of threshold used to define events. Confidence intervals and median duration difference are calculated from
1,367 epochs of 147 years contained within the full CAM-LIM integration. (c,d) Mean observed EN (LN) duration as a
function of threshold (solid) and range (5th-95th) of mean EN (LN) duration calculated by Monte-Carlo sampling of
epochs within the full CAM-LIM integration. EN = El Niño; LN = La Niña; CAM = correlated additive-multiplicative;
LIM = Linear Inverse Model.

our analysis for H ranging from 0 to 1.5 Niño index standard deviation 𝜎 . Note that H = 0.65𝜎 corresponds
approximately to a Niño3.4 index of 0.5 ◦ C. Due to the small number of ENSO events in the HadISST v1.1
data set (with fewer than 80 events for H = 0.65𝜎 ), statements based on the observed distribution of EN
and LN durations cannot be made with any useful level of uncertainty, so here we concentrate on the mean
duration.
Figure 3a shows the observed LN-EN asymmetry in mean event duration. Likely due to the small number of
events, this observed asymmetry, whose uncertainty is estimated here using a bootstrap with replacement
procedure (Efron & Tibshirani, 1994), cannot be ascertained with a high degree of confidence (Figure 3a),
although it has also been found in models (DiNezio & Deser, 2014). A key feature of the observed event duration asymmetry seen in Figure 3a is its dependence on threshold H: Observed LN events persist for longer
than EN events on average only if events are defined by H < 0.9𝜎 . However, when events are defined for
H > 0.9𝜎 , then EN events actually tend to last longer. Similar behavior is also seen in the model, except that
this transition occurs for H ∼ 1.2𝜎 (Figure 3b). We note in this case that due to the large number of epochs
simulated by the CAM-LIM, the duration asymmetry (and confidence interval; Figure 3b) is smoother, and
also typically less asymmetric, than that of the relatively short observational record (Figure 3a). However,
individual epochs may exhibit asymmetry in persistence as strong or stronger than in observations.
Observed event durations, as a function of threshold H, lie well within the 5th–95th percentile bounds for
both the mean EN (Figure 3c) and LN (Figure 3d) distributions generated by the full CAM-LIM integration.
MARTINEZ-VILLALOBOS ET AL.
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That is, the CAM-LIM provides a plausible explanation for the observed asymmetry in persistence, and
its dependence on the observed threshold, at this confidence level. For example, when using H = 0.4𝜎 to
define events, the observed mean EN duration of 10.4 months corresponds to the 44th percentile, and the
observed mean LN duration of 11.5 months corresponds to the 62nd percentile of their respective modeled
distributions. In this case two thirds of epochs have LN events lasting longer than EN events on average,
and 87% of epochs have a longer than 10 months mean LN duration, as opposed to 67.5% for EN.
SCP15 noted that linear dynamical systems forced by CAM noise have skewed and heavy-tailed distributions
with many distinctive features. In particular, in such a system the duration of positive and negative events
is asymmetric but varies in a way that specifically depends upon event amplitude, which they showed can
be a direct result of the interaction between linear dynamics and noise with asymmetric amplitude. For a
given amplitude, a positive anomaly is more likely than a negative anomaly to be disrupted by noise, since
on average, it experiences larger noise events (Figure 1b). If the noise acts to reduce the size of the positive
anomaly, it will then be less likely for subsequent (weaker) noise to return it to its original scale. The same
argument with reversed polarity explains the enhanced duration of LN events. That is, it is not noise that
makes LN events more likely to persist but rather the relative absence of noise. Thus, for low-threshold
exceedance, LN events are more persistent than EN events. However, the stronger noise also means the
potential for larger events, leading to the observed amplitude asymmetry (section 3.1). For larger threshold
exceedance, the noise is acting against larger tendencies due to deterministic damping. Thus, the weaker
noise forcing at negative values (LN events) is less likely to maintain such anomalies against dissipation (see
Sura et al., 2005), leading to more persistent EN events than LN events in this case.

4. Discussion
We apply an extension of the LIM technique, called the CAM-LIM (M18), where the stochastic forcing
includes a linearly state-dependent asymmetric component, to empirically model the dynamics of monthly
Tropical Pacific SST anomalies. State-dependent noise sources are represented by a simple CAM noise
parameterization (SS09), which can capture asymmetries in the noise response to the background SST state
(as it may be expected from WWBs interacting with ENSO, e.g., see below), that may generate skewed and
also heavy-tailed distributions (Penland & Sardeshmukh, 2012) and asymmetries in event duration (SCP15).
We find that this state-dependent noise is sufficient, without invoking deterministic nonlinearity, to generate asymmetry in amplitude between EN and LN states generally consistent with observations, in agreement
with the conceptual model of ENSO-WWBs interaction of Levine et al. (2016) and Levine and Jin (2017).
Additionally, this dynamical system also generates LN events that are on average more persistent than EN
events, in a manner consistent (at the 5th–95th percentile confidence interval) with a corresponding analysis of observed ENSO events. Consequently, this framework provides a plausible null hypothesis for EN-LN
asymmetry and implies that this asymmetry is not necessarily a salient feature of deterministic nonlinear
dynamics.
In addition to evaluating the extent to which the observed EN-LN asymmetry may be consistent with
deterministically linear dynamics, CAM-LIM (2) may also be used to assess the statistical significance of
multidecadal changes of Niño index statistics. Our CAM-LIM results show a substantial range in measures
of non-Gaussianity, when evaluated across epochs of length comparable to the HadISST data set, all consistent with the same CAM-LIM generative process (2). This has important consequences for hypothesis testing
of ENSO extremes (Newman et al., 2018; SCP15) and highlights the need for long data sets to adequately
constrain observational estimates of ENSO asymmetries, consistent with Wittenberg (2009). This also suggests that observed changes in the Niño index PDF over the recent decades are not necessarily indicative of
changes in the underlying Tropical Pacific dynamics (cf. Hu & Fedorov, 2018; Rodrigues et al., 2019), since
they could occur from sampling variability.
The short-time scale feedback between SSTs and WWBs (Eisenman et al., 2005; Gebbie et al., 2007;
Lengaigne et al., 2004; Lopez et al., 2013; Puy et al., 2016; Vecchi & Harrison, 2000) is asymmetric, since it
occurs when increases in Central/Western Tropical Pacific SSTs lead to increases in WWBs, which forces
an ocean response that further increases SSTs. A version of this feedback may be captured by CAM-LIM:
an increase of SSTs projecting onto EOF1 drives an increase in CAM noise amplitude, which for persistent noise realizations (which might represent WWBs in the model), increases the likelihood of a larger
SST increase, which then completes the loop by increasing the CAM noise amplitude. Easterly wind bursts
MARTINEZ-VILLALOBOS ET AL.
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would be disfavored by this CAM noise forcing, as they lead to a reduction of CAM noise amplitude. Note
that this feedback loop is not deterministic and, as a consequence, has a larger unpredictable component.
Previous studies have modeled WWBs based on a SST threshold for convection (e.g., Christensen et al., 2017;
Levine et al., 2016). In reality, the relation between SST and convection is indirect: Convection is triggered
by high values of column water vapor, and the probability of high water vapor occurrence increases for high
SSTs (Neelin et al., 2009). This renders the pickup of convection with SST smoother than a strict threshold.
If indeed most of the state-dependent noise in the PC1 direction results from WWBs, then the CAM noise
amplitude (Figure 1b) could be regarded as an approximation to these processes.
Whether deterministic nonlinearity or state-dependent noise is the main contributor to EN-LN asymmetry has important consequences for predictability of the strongest EN events (as well as for prospects of LN
long-term predictability, see DiNezio, Deser, Karspeck et al., 2017; DiNezio, Deser, Okumura, et al., 2017).
If this asymmetry is largely deterministic, then finding the right balance of processes in climate models
may improve estimates of predictability of the largest events, which is currently a deficiency in these models (Barnston et al., 2017; L'Heureux et al., 2017). If the deterministic dynamics are close to linear and the
asymmetry is generated due to rapidly decorrelating unresolved nonlinear processes, then the prospects
of predictability of these events is compromised; however, incorporation of state-dependent noise would
improve an ensemble (probabilistic) forecast by better characterizing the range of possible outcomes. Evidence for the role of state-dependent noise in generating the asymmetry may be found in the similar skill
that linear and nonlinear inverse models in the Niño3.4 area have (Chen et al., 2016), as well as further evidence suggesting that at seasonal time scales, the Tropical Pacific forecast skill is very close to linear, except
perhaps in the far eastern Pacific (Ding et al., 2018; Newman & Sardeshmukh, 2017). In this case, further
model development may not significantly improve the forecast skill of the largest EN events beyond what
can be explained by a linear system forced by CAM noise.
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