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Abstract
The “spring predictability barrier” (SPB) is a well-known characteristic of ENSO prediction, which has been widely studied
for El Niño events. However, due to the nonlinearity of the coupled ocean–atmosphere system and the asymmetries between
El Niño and La Niña, it is worthy to investigate the SPB for La Niña events and reveal their differences with El Niño. This
study investigates the season-dependent predictability of sea surface temperature (SST) for La Niña events by exploring
initial error growth in a perfect model scenario within the Community Earth System Model. The results show that for the
prediction through the spring season, the prediction errors caused by initial errors have a season-dependent evolution and
induce an SPB for La Niña events. Two types of initial errors that often yield the SPB phenomenon are identified: the first
are type-1 initial errors showing positive SST errors in the central-eastern equatorial Pacific accompanied by a large positive
error in the upper layers of the eastern equatorial Pacific. The second are type-2 errors presenting an SST pattern with positive errors in the southeastern equatorial Pacific and a west–east dipole pattern in the subsurface ocean. The type-1 errors
exhibit an evolving mode similar to the growth phase of an El Niño-like event, while the type-2 initially experience a La
Niña-like decay and then a transition to the growth phase of an El Niño-like event. Both types of initial errors cause positive prediction errors for Niño3 SST and under-predict the corresponding La Niña events. The resultant prediction errors of
type-1 errors are owing to the growth of the initial errors in the upper layers of the eastern equatorial Pacific. For the type-2
errors, the prediction errors originate from the initial errors in the subsurface layers of the western equatorial Pacific. These
two regions may represent the sensitive areas of targeted observation for La Niña prediction. In addition, the type-2 errors
in the equatorial regions are enlarged by the recharge process from 10°N in the central Pacific during the eastward propagation. Therefore, the off-equatorial regions around 10°N in the central Pacific may represent another sensitive area of La Niña
prediction. Additional observations may be prioritized in these identified sensitive areas to better predict La Niña events.
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The “spring predictability barrier” (SPB) is a well-known
characteristic and still one remaining challenge for ENSO
predictions. Commonly seen in both statistical and state-ofthe-art coupled models, the SPB refers to the strong seasonal
dependence of ENSO predictability; that is, predictions initiated prior to the boreal spring always meet a steep decline
in skill (Webster and Yang 1992; Latif et al. 1994; Yu and
Kao 2007). Consequently, there are still considerable uncertainties in ENSO predictions and especially the operational
seasonal forecasts generally cannot extend beyond 1-year
lead time (Kirtman et al. 2002; Jin et al. 2008; Luo et al.
2005; Tippett et al. 2012; Barnston et al. 2012; Xue et al.
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2013, 2017), in spite of the remarkable progress made over
the past decades.
Various hypotheses have been suggested to explain the
occurrence of the SPB phenomenon. One perspective is that
the SPB results from the annual cycle of the background
state within the tropical coupled system (Zebiak and Cane
1987; Webster 1995; Levine and McPhaden 2015; Larson
and Kirtman 2015). For example, Webster (1995) stated that
the coupled system is frailest during the boreal spring, therefore is susceptible to random error growth and perturbations
from external forcing such as monsoon. Some other studies
argue the phase locking of ENSO as the cause of the SPB,
because the lowest signal-to-noise ratio during the spring
disrupts the ENSO persistence in this season (Xue et al.
1994; Balmaseda et al. 1995; Torrence and Webster 1998;
Fan et al. 2000). Also, Clarke and Van Gorder (1999) and
Yu (2005) emphasized that the biennial variability of ENSO
is responsible for the phase locking and thus significantly
enhances the barrier. Recently, Lopez and Kirtman (2014)
and Larson and Kirtman (2016) have emphasized the role
of stochastic forcing (e.g. WWB) in the occurrence of SPB.
In addition, a number of studies focus on the role of initial
errors in the SPB. Chen et al. (1995, 2004) suggested that
the breakdown of ENSO prediction skill in the spring arises
from the growth of initial errors and thus improving initialization could eliminate the SPB. McPhaden (2003) demonstrated that additional predictive skill across the boreal
spring for ENSO can be obtained by incorporating additional
information from the Pacific subsurface temperature in initial conditions. Recently, Lee et al. (2017) indicated that the
ocean initial errors at the thermocline in the western tropical
Pacific grow rapidly and propagate to the east, resulting in
the degradation of the ENSO prediction. By studying the
initial error growth, Moore and Kleeman (1996) investigated the SPB phenomenon within a simple intermediate
model using the linear singular vector (SV) method. The SV
method extracts the leading SV as the fastest growing initial
perturbation by using a tangent linear operator of nonlinear
models, which, however, is difficult to obtain for general circulation models (GCMs). Kug et al. (2010) therefore developed an empirical singular vector (ESV) approach to obtain
an approximation to the leading SV. The ESV is calculated
by an empirical tangent linear operator, which is estimated
empirically from historical data in a reduced space through
an empirical orthogonal function (EOF) analysis. The ESV
has been successfully applied to an intermediate coupled
model and the Seoul National University (SNU) coupled
GCM for ENSO studies (Kug et al. 2010, 2011; Ham and
Rienecker 2012) and obtained useful results.
Both SV and ESV are in the framework of linear approximation to the nonlinear models, incapable of depicting
fully the effects of nonlinearities. Mu et al. (2003) proposed a novel approach of conditional nonlinear optimal
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perturbation (CNOP), which involves nonlinearity and can
describe the nonlinear evolution of initial perturbations. By
using the CNOP method, Mu et al. (2007a, b) emphasized
the importance of the optimally-growing initial error pattern in producing the SPB. They showed that the CNOPtype initial errors, compared with the leading SV-type initial errors, are more likely to cause a significant SPB for
El Niño. They also illustrated that there exists some initial
errors that cannot induce the SPB. Within the Zebiak-Cane
model, Duan et al. (2009) recognized two types of CNOPtype initial errors, which show a zonal dipolar pattern for the
sea surface temperature anomaly (SSTA) and a basin wide
deepening or shoaling along the equator for the thermocline
depth anomaly [also see Yu et al. (2009)]. Duan and Wei
(2012) illustrated that such similar errors also exist in realistic hindcast predictions for El Niño. Using the Community
Earth System Model (CESM), Duan and Hu (2016) further
revealed the three-dimensional structure of sea temperature
initial errors related to the SPB for El Niño prediction by
an ensemble approach based on the CNOP idea. And these
initial errors can also be observed in other coupled GCMs
(Zhang et al. 2015).
From the above review, it can be seen that the SPB phenomenon of El Niño events has been extensively studied
in previous work. However, there have been few efforts to
discuss the predictability and the SPB phenomenon associated with La Niña events. Due to the complicated nonlinear
processes in both the atmosphere and ocean, La Niña is not a
simple mirror image of El Niño. In fact, several asymmetric
aspects between El Niño and La Niña have been reported
in the literature. Observations show that the amplitude of
SSTA in the eastern equatorial Pacific during the mature
phase of El Niño is typically larger than that during La Niña
episodes (An and Jin 2004; Su et al. 2010; Im et al. 2015).
This amplitude asymmetry, underestimated by most models
from phase 5 of the Coupled Model Intercomparison Project
(CMIP5), has also been noted in the subsurface fields of
the tropical Pacific (Zhang et al. 2009a, b; Zhang and Sun
2014). In addition to the amplitude asymmetry, the duration
and transition periods associated with El Niño and La Niña
also are not symmetric. Typically, El Niño tends to decay
rapidly by next spring or summer after the mature phase
and is usually followed by a La Niña, but La Niña normally
persists into the following year and intensifies in the subsequent winter, namely followed by another La Niña instead
of an El Niño (Ohba and Ueda 2009; Okumura and Deser
2010; Hu et al. 2014, 2016). Okumura et al. (2011) suggested that these asymmetric transitions can be attributed to
the asymmetric evolution of surface wind anomalies over the
far western Pacific resulting from the nonlinear response of
atmospheric deep convection to the SSTA during the mature
phase of El Niño and La Niña. Zhang et al. (2009a, b) and
McPhaden and Zhang (2009) also showed the asymmetry in
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the meridional extension of SSTA in the eastern equatorial
Pacific and in the zonal propagation characteristics of El
Niño and La Niña. Accordingly, El Niño and La Niña can
bring different global impacts due to asymmetric teleconnection patterns (Hoerling et al. 1997; Zhang et al. 2014).
In view of the asymmetric characteristics between El
Niño and La Niña, it can be referred that the predictability and the SPB phenomenon of La Niña events may bear
distinctively different features compared to El Niño events.
Therefore, it is necessary to explore the SPB phenomenon
associated with La Niña and compare with El Niño to reveal
their differences, thereby providing guidance for improving
both El Niño and La Niña predictions. Actually, most of
current models tend to exhibit a faster decline across the
boreal spring in the forecasting skill for La Niña than El
Niño (Jin et al. 2008; Lopez and Kirtman 2014). Duan and
Wei (2012) showed that the SPB is most prominent for El
Niño predictions whereas it is less prominent for La Niña
predictions in realistic hindcast experiments. Nevertheless, it
should be noted that their results are affected by both initial
errors and model errors. As stated earlier, for El Niño events,
Mu et al. (2007a, b) pointed out that initial errors with particular spatial characteristics are more likely to lead to the
occurrence of SPB. As such, several questions arise: (1)
Whether initial errors can induce an SPB for La Niña predictions? (2) Whether the SPB of La Niña relates to the spatial
patterns of initial errors or not? If so, what are the spatial
characteristics of these errors? (3) What are the dynamical
mechanisms responsible for error development? To address
these questions, in this study we will conduct perfect model
predictability experiments to explore the season-dependent
predictability of La Niña events from the perspective of initial error growth.
The rest of the paper is organized as follows. Section 2
describes the model, dataset and experimental strategy. In
Sect. 3, the season-dependent evolution of prediction errors
and the initial errors that often yield the SPB for La Niña
predictions, and then the mechanisms responsible for the
occurrence of the SPB are reported. Section 4 discusses the
implications of the results. Finally, the main results are summarized and discussed in Sect. 5.

the Parallel Ocean Program version 2 (POP2), the horizontal
resolution of which is approximately 1° in the longitude and
variable in the latitude direction with finer resolution, about
0.27°, near the equator. The ocean has 60 vertical levels with
layer spacing monotonically increasing from 10 to 250 m
with depth. A detailed description of the CESM coupling
infrastructure maybe found in Hurrell et al. (2013) and Kay
et al. (2015).
Most of current models are limited to reproduce realistic
La Niña events, especially the phase locking feature of La
Niña events that is closely related to the SPB as reviewed in
the introduction, and the CESM is no exception. Duan and
Hu (2016) noted that the 150-year control simulation of the
CESM cannot well model the phase-locked La Niña events.
Nevertheless, they revealed the optimal precursory disturbances of La Niña events by using the same model (Hu and
Duan 2016). The La Niña events triggered by these optimal
precursory disturbances generally attain their peak values
at the end of the year, bearing a good feature of phase-locking. Therefore, in this study, we will explore the seasondependent predictability of La Niña events on the basis of
their work. Specifically, from the La Niña events developed
from optimal precursory disturbances, six La Niña events
are randomly selected as the “true state” to be predicted for
this study. Figure 1 shows the time-dependent Niño3 indices
for the six La Niña events, which present the phase-locking
characteristic consistent with that in observations.
The Extended Reconstructed Sea Surface Temperature
analysis version 3 (ERSST V3) (Smith et al. 2008) is used to
verify the simulated La Niña events. The observed climatology is averaged over the 1971 and 2010 year. Comparatively,
a composite analysis for the observed La Niña events and the
six selected La Niña events is shown in Fig. 2.

2 Model, dataset and experiments
The model adopted in this study is the Community Earth
System Model (CESM) from the National Center for Atmospheric Research (NCAR). The model is comprised of an
ocean, atmosphere, land, sea-ice and ice sheet models, all
connected through a flux coupler. For this work, the atmosphere component, the Community Atmosphere Model version 4 (CAM4), has horizontal resolution 0.9° × 1.25° on
the regular longitude–latitude grid. The ocean component is

Fig. 1  Niño3 indices of the six “true state” La Niña events, denoted
by LNi (i = 1…6). The green dished line represents the composite
of the six La Niña events. The black point denotes the start month
of October (− 1) in the year preceding the La Niña year. The star
denotes the start month January (0) of the La Niña year
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Fig. 2  Time and longitude evolutions of SST anomalies (°C) averaged between 5°S–5°N for composite of a observed and b modeled
La Niña years. The observed La Niña years are 1973/74, 1975/76,

1988/89, 1999/2000, 2007/08 and 2010/11. The composites range
from October of the year before the La Niña to December of the La
Niña peaking year

The predictions for the “true state” La Niña events are
made by integrating the model for 12 months with perturbed initial fields from the start months of October (− 1)
and January (0), where “− 1” denotes the year preceding
the La Niña year and “0” denotes the La Niña year. For
each La Niña event, the initial errors are superimposed
on the sea temperature initial fields in the tropical Pacific
Ocean (20.19°S–20.05°N, 130.44°E–84.49°W) extending from the surface to 165 m depth in order to include
subsurface temperature information. The initial errors are
generated by taking the differences between the sea temperature of La Niña events at the starting month and the
temperatures in each month of the 3 years preceding the La
Niña year. For each La Niña event, there obtain 36 initial
errors at each starting month. Thus, there are a total of
432 predictions for the six La Niña events corresponding
to 432 initial errors.
The prediction errors are characterized by the difference
between the “true state” La Niña and its predictions, which are
caused only by initial errors in the perfect model predictability

experiments. The magnitude of prediction errors for Niño3
SST of La Niña events is measured by
�
∑
2
p
t
i,j [Ti,j (t) − Ti,j (t)]
�
p
t �
(1)
�
T (t) = �T (t) − T (t)� =
N
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where T p (t) and T t (t) represent the “predicted” and “true”
SST, (i, j) are the grid points in the Niño3 region and N is
the total grid number in the Niño3 region.
Specifically, to investigate the season-dependent predictability of SST, a year is divided into four seasons: January to
March (JFM), April to June (AMJ), and so forth. Then, the
growth tendency 𝜅 of prediction errors can be evaluated by

𝜅=

𝜕T � (t) T � (t2 ) − T � (t1 )
≈
𝜕t
t2 − t1

(2)

where T � (t2 ) and T � (t1 ) denote the prediction errors at the end
of a season t2 and at the start time of the season t1 respectively. Therefore, a positive (negative) value of 𝜅 corresponds

Season-dependent predictability and error growth dynamics for La Niña predictions	

to an increase (decrease) of errors, and the larger the absolute value of 𝜅 , the faster the increase (decrease) of errors.
In addition, to investigate the uncertainties caused by the
initial errors of La Niña prediction, the prediction errors
for Niño3 index, denoted as “L-Niño3”, are determined by
p

L-Nĩno3 = avg[Ti,j (t)] − avg[Ti,jt (t)]

(3)

where T p (t), T t (t) and (i, j) are same as in Eq. (1). That is,
L-Niño3 represents the difference between the Niño3 indices
of the “true state” La Niña events and those of predicted
ones. A positive (negative) value of L-Niño3 shows a positive (negative) prediction error in Niño3 SST and indicates
an under-prediction (over-prediction) of the La Niña event.

3 Results
In this section we present the results of the analysis of the
season-dependent evolution of Niño3 SST prediction errors,
and identify the dominant spatial characteristics of initial
errors that often induce an SPB for La Niña events. Then,
the physical mechanism for the error growth associated with
the SPB of La Niña is explored by tracing the evolution of
these initial errors.

3.1 Spatial patterns of SPB‑related initial errors
for La Niña events
According to the Sect. 2, the prediction errors of the Niño3
SST for each La Niña event and corresponding error growth
tendency are calculated by using Eqs. (1) and (2). As stated
earlier, there are 432 predictions for the start months October (− 1) and January (0) of the six La Niña events. The
occurrence of an SPB means that there is a large prediction error and it grows fastest in spring (Mu et al. 2007a,
b; Duan et al. 2009). Based on this, from the 432 predictions, it is found that there are 60 predictions for the start
month October (− 1) and 51 for January (0) that yield the
SPB phenomenon of La Niña (Table 1). Figure 3 shows the
evolution of the prediction errors of Niño3 SST and the
ensemble mean of their seasonal growth tendency 𝜅 corresponding to these predictions. It can be seen that for both
start months of October (− 1) and January (0), the prediction
Table 1  The numbers of initial
errors that induce the SPB
phenomenon for La Niña events

October (− 1)
January (0)
Total

errors exhibit largest growth tendency in the AMJ season,
showing a season-dependent evolution, and induce an SPB
phenomenon. In addition, in Fig. 3 the L-Niño3 indicate that
the SPB-related initial errors tend to yield a large positive
error of Niño3 SST and usually cause the La Niña events to
be under-predicted.
As discussed above, one hundred and eleven initial errors
are identified to present significant growth in spring and
cause large prediction errors of La Niña events and hence
signified as the SPB-related initial errors for La Niña predictions. To explore the dominant spatial patterns of these
initial errors, we performed Combined Empirical Orthogonal Function (CEOF) analysis of these initial errors and
obtained the leading CEOF mode (i.e., CEOF1, responsible for 32.5% of the total variance) and its time series (i.e.,
PC1). The PC1 presents positive and negative values, which
indicate that the dominant mode of SPB-related initial errors
exhibits either a CEOF1 pattern or its opposite pattern. To
classify the SPB-related initial errors, we went back to the
original one hundred and eleven SPB-related initial errors
and, according to the positive and negative values of PC1,
divided them into two groups. Then the composite patterns
of the two groups of initial errors are referred to as type-1
and type-2 SPB-related initial errors, respectively. Figure 4
shows the composite spatial patterns of the SST and subsurface temperature components of the two types of initial
errors. For the type-1 initial errors, they present positive
SST errors in the central-eastern equatorial Pacific and a
large positive subsurface temperature error in the upper layers of the eastern equatorial Pacific. For the type-2 errors,
the sea temperature shows positive errors in the surface layer
of the southeastern equatorial Pacific and a west–east dipole
pattern in the subsurface layer along the equator. Speciaifically, the type-2 initial errors show positive errors of the
SST component in the eastern equatorial Pacific and negative errors of the subsurface sea temperature in the eastern
Pacific accompanied by positive subsurface sea temperature
errors in the lower layers of the western equatorial Pacific.
The prediction errors induced by the type-1 and type-2 initial errors are shown in Fig. 5. It shows that both types of
initial errors, in spite of their different spatial patterns, cause
La Niña events to be under-predicted (Fig. 4). Nevertheless, the prediction errors caused by type-2 initial errors are
somewhat larger than those caused by type-1 initial errors.

LN1

LN2

LN3

LN4

LN5

LN6

Total

7
15
22

11
6
17

11
8
19

7
5
12

10
10
20

14
7
21

60
51
111

LNi (i = 1,… 6) denote the six La Niña events. There are 36 initial errors for each La Niña and a total of
432 errors, in which 60 induce SPB for the start month October (− 1) and 51 for January (0)
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Fig. 3  Upper panels: the evolution of prediction errors of Niño3 SST,
T � (t), caused by the SPB-related initial errors (curves) and the ensemble mean of seasonal growth rate κ (histograms). Lower panels: the

corresponding prediction errors of Niño3 index, L-Niño3 (curves)
and their ensemble mean (thick black line). The start months of the
predictions are a October (− 1) and b January (0)

Fig. 4  Spatial patterns of a SST and b equatorial (5°S–5°N) subsurface temperature components of SPB-related initial errors for La Niña
predictions. The upper panel is the type-1 initial errors, and the lower

panel is the type-2 initial errors. Dotted areas indicate that the composites of SST and subsurface temperature errors pass the 99% significance level estimated by a t test

As mentioned in the introduction, the ESV can be used to
extract an approximation of the fastest growing initial error
mode by using an empirical tangent linear model and hence
can be applied to the complex coupled GCMs (Kug et al.
2011). In the present study, we performed additional analysis
by using the ESV method and compare the related results

with those obtained in the last paragraph. From Sect. 2, it is
known that there are a total of 432 initial errors for predicting six La Niña events. To calculate the ESV, we use these
initial errors and their resulted prediction errors to estimate
the empirical tangent linear operator in a reduced space
through an EOF analysis. The EOF analysis is applied to the
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Fig. 5  Prediction errors of SST (T � (t), histogram) and Niño3 index,
(L-Niño3, curves) caused by the a type-1 and b type-2 SPB-related
initial errors

corresponding ocean heat content component of the initial
sea temperature errors and then the prediction errors of the
SST with lead time 12 months. The leading six EOF modes
of initial heat content errors and prediction errors of SST are
taken to estimate the tangent linear operator, which explain

82.7% and 75.8% of the total variance of the ocean heat content and SST errors, respectivey. Their principle components
can be respectively formulated into matrix X and Y with a
6 × 432 arrary. According to Kug et al. (2011), the empirical
(
)−1
tangent linear operator can be estimated by L = YX T XX T
and finally obtain the matrix L with a 6 × 6 arrary. By performing a singular value decomposition, the matrix L can
be written as L = USV T . The vectors V and U are then acted
on the leading six EOF modes of initial heat content errors
and related prediction errors for SST component, finally
achieving the leading six ESVs of initial heat content errors
and prediction errors of SST, respectively. After obtaining
these ESVs, the initial SST error of the ESVs can be easily
obtained through a linear regression. Furthermore, the largest singular value (i.e. the largest characteristic value of the
matrix S) is 1.34, which is larger than 1 and indicates that
the corresponding ESV including initial SST and ocean heat
content errors grows quickly and acts as an approximation of
the fastest growing mode. Figure 6 shows this leading ESV.
It is shown that both ocean heat content and SST components of the initial errors show weak warm anomalies in the
central-eastern equatorial Pacific. Such ESV mode develops
into a dipole mode of ocean heat content along the tropical Pacific and presents large positive SST anomaly in the
eastern tropical Pacific at the lead time 12 months, finally
formulating an El Niño-like event.
It has been shown that the type-1 initial errors show positive SST errors and a large positive subsurface temperature
error in the eastern equatorial Pacific (Fig. 4), and they
tend to evolve like a development of an El Niño event (see
Sect. 3.2). To compare the leading ESV and the type-1 error,
we illustrate them in Fig. 7 with the SST and ocean heat
content components and the corresponding 12-month lead
prediction errors of SST and ocean heat content. It can be

Fig. 6  First leading singular mode of initial error of a SST and b ocean heat content and final prediction error of c SST and d ocean heat content
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Fig. 7  Spatial patterns of type-1 initial errors of a SST and b ocean heat content, and 12-month lead prediction errors of c SST and d ocean heat
content

seen that the spatial structure of the leading ESV and the
type-1 error bears similarity; however, the amplitude of SST
prediction errors caused by the type-1 initial errors is larger
than that caused by the leading ESV error. In addition, the
type-1 initial errors yield somewhat smaller prediction error
than the type-2 initial errors (Fig. 5). It may therefore suggest that the leading ESV partially captures the characteristics of the relatively slowly-growing one of the two types of
initial errors obtained in the present study. So we still use the
two types of initial errors, rather than the ESV, to perform
the following analysis.

3.2 Dynamical growth of SPB‑related initial errors
for La Niña events
In Sect. 3.1, it has been demonstrated that there exist two
types of initial errors that yield an SPB phenomenon for
La Niña predictions. This section investigates the growth
dynamical behaviors for these errors and reveals the physical
mechanisms of error growth. Figure 8 shows the evolution
of prediction errors of SST and surface wind stress caused
by type-1 and type-2 initial errors, which are composite difference between the predictions and the corresponding “true
state” La Niña events. By observing the evolution of the
prediction errors, we find that the positive SST errors of the
type-1 error show sustained growth over the central-eastern
equatorial Pacific during the prediction period, eventually
developing into an El Niño-like event. For the type-2 error,
there initially exists a weak negative SST error in the eastern
equatorial Pacific but disappears rapidly and transits into an
El Niño-like evolving mode. That is to say, both the type-1
and type-2 initial errors are inclined to under-predict the
magnitude of La Niña events.
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From Fig. 8a, when the type-1 initial errors disturb the
initial state of a La Niña event, a positive SST error occurs in
the central-eastern equatorial Pacific, which triggers a westerly perturbation and the Bjerknes positive feedback establishes to favor the warming in the eastern equatorial Pacific.
Meanwhile, the large but positive initial errors located in the
subsurface layer of the eastern equatorial Pacific further contribute to the surface warming by transporting warm water
upward through the mean upwelling (Fig. 9a). As a result,
the initial warming errors in the eastern equatorial Pacific
continually amplify and evolve into a mature El Niño-like
mode at the prediction time. That is, the type-1 errors exhibit
an evolving mode similar to the growth phase of an El Niñolike event.
In the case of the type-2 initial errors, the initial positive subsurface temperature anomaly induces a thermocline deepening in the western equatorial Pacific, which
propagates eastward by generating a downwelling Kelvin
wave and weakens the initial cold subsurface error in
the eastern Pacific. Afterwards, the cold error gradually
decreases and favors the surface warming in the eastern
Pacific (Fig. 9b). When the warming due to the Kelvin
wave occurs, it turns out to be that the Bjerknes feedback
is critical for the subsequent error growth, eventually
resulting in an El Niño-like event. Therefore, the type-2
errors tend to experience a process similar to a rapid decay
of La Niña prior to a transition to the growth phase of an
El Niño-like event. However, it should be noted that, in
Fig. 9b, the initial subsurface warm error in the western
Pacific becomes very weak within two months after prediction, while in the third month the positive anomalies
re-intensify near the dateline. Obviously, the amplification
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Fig. 8  Evolutions of SST (shading) and surface wind stress (vector, units: dyn/cm2) prediction errors over the tropical Pacific Ocean caused by a
type-1 and b type-2 SPB-related initial errors for La Niña events

of this warm error and its eastward propagation through
Kelvin wave are critical for the warming in the eastern
equatorial Pacific at the prediction time. It is natural to
ask that how this positive subsurface anomaly near the
dateline becomes intensified. To address this, we analyze
the evolution of the zonal wind stress and ocean heat content between the surface and the 165 m depth in Fig. 10.
It shows that there exists a center of warm water around
10°N in the central Pacific. From Fig. 8b, we know that
there is an initial SST warming in the southeastern Pacific
for the type-2 errors, which can induce a westerly anomaly
in the central-eastern Pacific and lead to a recharge process to the equatorial region, following the recharge oscillator paradigm (Jin 1997a, b). Consequently, the warm
anomaly near the dateline is intensified gradually due to
the recharge process. A comparison between type-1 and
type-2 errors indicates that both types of initial errors
develop into an El Niño-like mode and induce an underprediction of the corresponding La Niña events. However,
different from the type-1 error growth mainly confined in
the equatorial region (i.e. 5°S-5°N) during the prediction
period, the growth of the type-2 errors is also owing to the
recharge progress of the warm errors around 10°N in the
central Pacific and afterwards due to the ocean waves and
Bjerknes feedback in the equatorial regions.

4 Implications
We have demonstrated that there exist two types of initial
errors that show season-dependent evolutions with rapid
growth occurring in the AMJ season, which are related to the
SPB phenomenon of La Niña events. Especially, it is noticed
that the growth of the positive prediction errors of the Niño3
SST caused by the type-1 initial errors is mainly owing to
the upward transport of warm water from the subsurface
ocean in the eastern equatorial Pacific combined with Bjerknes feedback between SST and zonal wind anomalies. In
this sense, reducing the initial errors in the upper layers of
the eastern equatorial Pacific may greatly improve La Niña
predictions. In terms of the type-2 errors, the positive errors
of the Niño3 SST are mainly induced by the eastward propagation of the initial positive errors in the subsurface layers of
the western equatorial Pacific and the subsequent enlarged
errors in the eastern Pacific. As such, it suggests that La
Niña predictions may also be sensitive to the initial errors
in the subsurface layers of the western equatorial Pacific.
Therefore, the forecast skill of La Niña could be greatly
improved if we give the priority to improve the accuracy
of initial field in the areas of the upper layers of the eastern
equatorial Pacific and the lower layers of the western equatorial Pacific. In addition, during their eastward propagation,
the type-2 errors in the equatorial regions are enlarged by
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Fig. 9  Evolutions of equatorial (5°S–5°N) subsurface temperature prediction errors caused by a type-1 and b type-2 SPB-related initial errors
for La Niña events. Dotted areas indicate that the composite subsurface temperature errors pass the 95% significance level estimated by a t test

the recharge process from 10°N in the central Pacific. Therefore, the off-equatorial regions around 10°N in the central
Pacific may represent another important area of improving
initial field accuracy for La Niña prediction. The accuracy
of the initial fields can be improved by deploying targeted
observations (Mu 2013). From the above analysis, it is easily inferred that the upper layers of the eastern equatorial
Pacific, the lower layers of the western equatorial Pacific,
and the off-equatorial regions around 10°N in the central
Pacific could be candidates for the areas where the targeted
observations should be preferentially deployed.
The above areas for targeted observations are consistent
with the key regions responsible for the onset and development of La Niña events. It is well known that large-scale
interactions between the atmosphere and ocean are responsible for La Niña onset and development (Bjerknes 1969).
Following the framework of recharge-discharge theory, the
anomaly information in the subsurface layers of the western
equatorial Pacific is generated by recharge/discharge process
from the off-equatorial regions. Then these anomalies induce
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remote and local effects on SSTs in the eastern equatorial
Pacific through oceanic equatorial wave processes. In addition, surface winds response to the SSTAs in the eastern
equatorial Pacific, playing an important role in forcing the
ocean. Therefore, additional observations in the subsurface
layers of the western equatorial Pacific and the off-equatorial
regions around 10°N in the central Pacific may greatly help
capture the initial anomaly signal for La Niña onset, while
targeted observations deployed in the upper layers of the
eastern equatorial Pacific contribute to trace the subsequent
development of La Niña, thereby greatly improving La Niña
prediction.

5 Summary and discussion
By conducting perfect model predictability experiments
using the CESM model, this study explores the seasondependent evolution of initial error growth for La Niña predictions and investigates the spatial characteristics of the

Season-dependent predictability and error growth dynamics for La Niña predictions	

Fig. 10  Evolutions of a zonal wind stress (units: dyn/cm2) and b ocean heat content prediction errors for type-2 errors. Dotted areas indicate that
the composite prediction errors pass the 95% significance level estimated by a t test

initial errors that often induce an SPB for La Niña predictions. The results indicate that two types of initial errors
show season-dependent evolution, with the rapid growth
occurring during April through June irrespective of the
start month, and tend to induce the SPB phenomenon of
La Niña events. The type-1 initial errors present positive
SST errors in the central-eastern equatorial Pacific accompanied by a large positive subsurface temperature error in
the upper layers of the eastern equatorial Pacific. The type-2
errors show positive SST errors in the southeastern equatorial Pacific and a west–east dipole pattern in the subsurface
ocean. Both types of initial errors cause La Niña events to
be under-predicted, inducing large prediction uncertainties
in the Niño3 regions at the prediction time. It is found that
the type-1 errors evolve like the growth phase of an El Niñolike event, while the type-2 errors initially exhibit a rapid La
Niña-like decay and then a transition to the growth phase of
an El Niño-like event. The analysis of the developments of
these initial errors shows that the Bjerknes positive feedback
is the dominant factor favoring the rapid error growth during
the spring season of the type-1 errors. For the type-2 errors,
the equatorial ocean waves and the recharge process play
important roles in the development of prediction errors.
Especially, we noticed that the SST prediction errors
in the Niño3 region caused by the type-1 initial errors are
owing to the upward transport of warm water from the

subsurface ocean and its subsequent growth in the surface
over the equatorial eastern Pacific. As for the type-2 errors,
the growth of positive errors of the Niño3 SST originates
from the initial positive errors in the subsurface layers of
the western equatorial Pacific and the subsequent enlarged
errors recharged from 10°N in the central Pacific. Therefore, the upper layers of the eastern equatorial Pacific, the
lower layers of the western equatorial Pacific and the offequatorial regions around 10°N in the central Pacific can be
the candidates for the areas of targeted observations for La
Niña predictions. If we can improve the observation network
in these areas by deploying targeted observations, La Niña
forecasting skill may be greatly improved.
Duan and Hu (2016) have demonstrated that two types
of SPB-related initial errors also exist for El Niño events
(See Fig. 6 in Duan and Hu 2016) within the CESM model.
Therefore, the SPB phenomenon for both El Niño and La
Niña events can be caused only by the growth of initial
errors, and the SPB-related initial errors possess particular
spatial patterns. As mentioned in the introduction, El Niño
and La Niña display prominent asymmetric features in many
aspects due to the complicated nonlinear processes in both
the atmosphere and ocean. We compare our results and those
of Duan and Hu (2016) and find that the SPB phenomenon
of El Niño and La Niña events also exhibit somewhat asymmetric features. Firstly, although the largest error growth
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tendency for El Niño and La Niña both occur in the AMJ/
JAS season, the growth rates in the AMJ for La Niña are
not as significantly faster than other seasons as those for El
Niño. Secondly, the prediction errors for La Niña are smaller
than those of El Niño. Taking the prediction error of Niño3
index as an example, it is found that on average the absolute
value of those for El Niño events is usually larger than 2 °C
while that for La Niña is smaller than 2 °C. That is to say,
the initial errors often yield a larger prediction uncertainty
for El Niño than La Niña. Therefore, compared with El Niño
events, the predictions for La Niña events show a less prominent season-dependent evolution of prediction errors and a
smaller prediction error at the prediction time, and hence a
less significant SPB phenomenon. In fact, initially, the SPB
is demonstrated basing on the Niño3 time series of all years,
not separating El Niño, La Niña and neutral years (Webster
and Yang 1992; Torrence and Webster 1998). This means
that there may exist the SPB for both El Niño and La Niña
predictions, but with different strength. El Niño and La Niña
can be dynamically explained in the same framework, for
example, recharge-discharge mechanism and delayed oscillator. However, there still exist asymmetries for the development of El Niño and La Niña, one of which is the amplitude
asymmetry (An and Jin 2004; Su et al. 2010; Im et al. 2015).
That is, the amplitude of SSTA in the eastern equatorial
Pacific during El Niño is typically larger than that during
La Niña episodes. In this sense, it may also indicate that the
SPB of El Niño and La Niña bear different strength. Therefore, our work is somewhat consistent with these statements.
In addition, we also compare the spatial patterns of the
two types of SPB-related initial errors for El Niño and La
Niña events. The type-1 initial errors of La Niña are almost
opposite to those of El Niño. For the type-2 errors, the error
growth for El Niño predictions is confined in the equatorial
regions while the La Niña predictions are also affected by
the errors in the 10°N in the central Pacific. In this sense,
additional observations in the equatorial regions (i.e. the
upper layers of the eastern equatorial Pacific and the lower
layers of the western equatorial Pacific) may greatly improve
El Niño predictions, but the observations in the off-equatorial regions around 10°N in the central Pacific may be also
necessary to improve La Niña predictions.
We demonstrate two types of SPB-related initial errors for
La Niña events, which yield large prediction uncertainties
and often cause an SPB of La Niña, and further identified
potential areas of targeted observation from these errors.
Here, the SPB-related initial errors were not obtained by
optimization algorithm due to the complexity of the CESM
model and related areas for targeted observations could not
represent the most sensitive area for targeted observations
associated with La Niña predictions. Since the two types of
SPB-related initial errors were extracted from one hundred
and eleven initial errors that yield SPB for La Niña, we can
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say the above SPB-related initial errors are often to cause
SPB for La Niña prediction. Nevertheless, additional experiments should be conducted to examine the validity of the
above potential areas for targeted observations with regard to
improving the forecast skill of La Niña events. One can also
directly use the approach of conditional nonlinear optimal
perturbation (CNOP, Mu et al. 2003) to identify the most
sensitive initial errors and related most sensitive areas for
targeted observations for ENSO predictions. And a comparison between the most sensitive initial errors obtained
by CNOP and the above SPB-related initial errors can be
performed in future studies. It is expected that the comparison can demonstrate the usefulness of the areas for targeted
observations revealed here in improving La Niña prediction
skill. In addition, we suggested that the predictions for La
Niña events bear a less significant SPB than El Niño, which
indicates that the forecasting skill for El Niño may exhibit
a faster decline across the boreal spring. However, it should
be noted that we did not consider the effect of model errors.
Actually, most of current models show a better performance
in reproducing El Niño than La Niña events. This may be a
reason why most of current models tend to show a higher
forecasting skill for El Niño than La Niña in realistic/operational predictions (Jin et al. 2008). Nevertheless, how the
model error affects the SPB and whether the characteristics
of the initial errors that cause an SPB for La Niña events
identified in this study would hold. These questions should
be explored in-depth and the theoretical results should also
be examined in future studies by conducting realistic hindcast experiments.
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