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Abstract    Using predictions for the sea surface temperature anomaly (SSTA) generated by an intermediate coupled model (ICM)
ensemble prediction system (EPS), we first explore the “spring predictability barrier” (SPB) problem for the 2015/16 strong El
Niño event from the perspective of error growth. By analyzing the growth tendency of the prediction errors for ensemble forecast
members, we conclude that the prediction errors for the 2015/16 El Niño event tended to show a distinct season-dependent
evolution, with prominent growth in spring and/or the beginning of the summer. This finding indicates that the predictions for
the 2015/16 El Niño occurred a significant SPB phenomenon. We show that the SPB occurred in the 2015/16 El Niño predictions
did not arise because of the uncertainties in the initial conditions but because of model errors. As such, the mean of ensemble
forecast members filtered the effect of model errors and weakened the effect of the SPB, ultimately reducing the prediction errors
for the 2015/16 El Niño event. By investigating the model errors represented by the tendency errors for the SSTA component,
we demonstrate the prominent features of the tendency errors that often cause an SPB for the 2015/16 El Niño event and explain
why the 2015/16 El Niño was under-predicted by the ICM EPS. Moreover, we reveal the typical feature of the tendency errors
that cause not only a significant SPB but also an aggressively large prediction error. The feature is that the tendency errors
present a zonal dipolar pattern with the west poles of positive anomalies in the equatorial western Pacific and the east poles of
negative anomalies in the equatorial eastern Pacific. This tendency error bears great similarities with that of the most sensitive
nonlinear forcing singular vector (NFSV)-tendency errors reported by Duan et al. and demonstrates the existence of an NFSV
tendency error in realistic predictions. For other strong El Niño events, such as those that occurred in 1982/83 and 1997/98, we
obtain the tendency errors of the NFSV structure, which cause a significant SPB and yield a much larger prediction error. These
results suggest that the forecast skill of the ICM EPS for strong El Niño events could be greatly enhanced by using the NFSV-like
tendency error to correct the model.
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1.    Introduction
The El Niño-Southern Oscillation (ENSO) is the dominant in-
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ter-annual mode in the tropics and involves a strong inter-an-
nual variation in sea surface temperature (SST) over the equa-
torial central-eastern Pacific. As a prominent climate phe-
nomenon in the tropical coupled ocean-atmosphere system,
ENSO has a strong effect on the global climate, the ecology
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of the tropical Pacific and the economics of many countries
across the globe. Hence, successful ENSO forecasts are es-
sential for offering decision makers an opportunity to take
into account anticipated climate anomalies (Ropelewski and
Halpert, 1987; Trenberth et al., 1998). While ENSO the-
ories and predictions have been greatly improved over re-
cent decades, realistic ENSO predictions are still plagued by
considerable uncertainties (Jin et al., 2008). In particular,
the model prediction skill shows a sharp drop during boreal
spring, regardless of the month during which the prediction
begins. This phenomenon is called the “spring predictability
barrier” (SPB), first suggested by Webster and Yang (1992).
The SPB is still a controversial problem in ENSO pre-

dictability studies. The SPB exists not only in ocean-atmos-
phere coupled dynamical models but also in statistical models
(Kirtman et al., 2002). Statistically, the SPB manifests as
a pronounced drop in the anomaly correction coefficient
(ACC) between predicted and observed results across boreal
spring (Webster and Yang, 1992; Latif et al., 1994; Webster,
1995; Lau and Yang, 1996; Torrence and Webster, 1998; Mc
Phaden, 2003; Luo et al., 2008). From the perspective of
error growth, the SPB refers to the phenomenon in which
ENSO predictions often have a large prediction error; in
particular, a prominent error growth usually occurs during
spring and/or the beginning of summer when the predictions
are made before and throughout the spring (Mu et al., 2007a,
2007b; Duan et al., 2009; Yu et al., 2009; Duan and Wei,
2012; Duan and Hu, 2015).
Various hypotheses have been formulated to explain the

SPB. Some studies have emphasized the role of the clima-
tological annual cycle and demonstrated that the weakest
ocean-atmosphere coupling during boreal spring and a phase
locking of the ENSO to the annual cycle induce the SPB
for ENSO events (Zebiak and Cane, 1987; Webster, 1995;
Balmaseda et al., 1994; Torrence and Webster, 1998). Xue
et al. (1997a, 1997b) indicated that the occurrence of the
SPB may arise from ENSO events themselves, showing
that the SST anomalies (SSTA) for ENSO events in boreal
spring are relatively small, making them difficult to detect
and forecast in the presence of atmospheric and oceanic
noise. Levine and McPhaden (2015) further emphasized the
role of ENSO events and believed that the SPB is derived
from the annual cycle of the ENSO growth rate. Ren et al.
(2016) investigated the persistent barrier for ENSO events,
which actually indicated the possible effect of ENSO events
themselves on SPB. Clearly, these studies tend to suggest that
the SPB is an inherent characteristic of ENSO predictions.
Others, however, have emphasized the role of initial errors in
the SPB. Chen et al. (1995, 2004) suggested that improving
model initialization could greatly enhance the prediction
skill of ENSO across spring. Mu et al. (2007a, 2007b)
demonstrated that a particular initial error pattern, together
with the effects of the climatological annual cycle and the El

Niño event itself, causes a significant SPB. Furthermore, Mu
et al. (2007b) showed that the initial errors with the structure
of a conditional nonlinear optimal perturbation (CNOP; Mu
et al., 2003) cause the most significant SPB, where the CNOP
is the initial perturbation that satisfies a certain physical con-
straint and causes the largest perturbation growth at a certain
prediction time. More recently, Yu et al. (2009) used the
Zebiak-Cane model (Zebiak and Cane, 1987) and identified
two types of CNOP-type initial errors associated with SPB:
one possessing an SSTA pattern with negative anomalies
in the equatorial central-western Pacific and with positive
anomalies in the equatorial eastern Pacific and another with
patterns nearly opposite to those of the former type (also see
Duan et al., 2009). Duan andWei (2012) and Yu et al. (2012)
further found that CNOP-like initial errors also exist in the
initial analysis fields of realistic ENSO predictions and pro-
duce much larger prediction errors. Therefore, if CNOP-type
errors were filtered out from realistic ENSO predictions, the
ENSO forecast skill would be greatly improved.
Model errors are another source of prediction errors. An

increasing number of studies have indicated that model
errors also affect the ability to predict ENSO (Wu et al.,
1993; Hao and Ghil, 1994; Blanke et al., 1997; Flugel and
Chang, 1998; Liu, 2002; Zhang et al., 2003; Zavala-Garay
et al., 2004; Williams, 2005). With respect to the SPB,
Yu et al. (2012) showed that model parametric errors do
not cause a significant SPB for El Niño events. However,
Duan and Zhao (2015) argued that model errors induce SPB
for El Niño events when considering the combined effects
of different types of model errors (also see Duan et al.,
2016). Zheng and Zhu (2010) also suggested that reasonable
consideration of model errors could alleviate the SPB effect
on prediction uncertainties. These findings indicate that in
addition to model parametric errors, uncertainties in other
physical processes that can cause an SPB exist. In fact,
Lopez and Kirtman (2014) found that including west wind
bursting events (WWBs) in a prediction system significantly
increases ENSO prediction skill compared with a prediction
system that lacks WWBs; in the authors’ case, an SPB was
caused by the lack of WWB representation in the forecast
system. Larson and Kirtman (2016) also demonstrated that
persistent stochastic zonal wind stress perturbations near
the equatorial dateline activate the coupled instability and
suggested that stochastic wind stress perturbations are an
important contributor to the SPB. Clearly, these studies have
emphasized the role of model errors in yielding an SPB in El
Niño events. Of course, whether the model errors produce a
significant SPB in realistic predictions remains unknown.
As is well known, a strong El Niño event occurred in 2015.

The event caused natural disasters in China, such as frequent,
extreme torrential rain in the middle and lower reaches of
the Yangtze River Basin in the summer of 2015 (Zhai et al.,
2016). Many models have made forecasts of the 2015/16 El
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Niño event and obtained relatively satisfactory skill scores.
For example, the ENSO prediction system developed at the
Beijing Climate Center (BCC) achieved a high skill score for
its 2015/16 El Niño predictions (Ren et al., 2017). The in-
termediate coupled model ensemble prediction system (ICM
EPS; Zheng et al., 2006, 2007), developed by the Institute
of Atmospheric Physics, Chinese Academy of Sciences, suc-
cessfully predicted the onset of the 2015/16 El Niño event and
demonstrated high forecast skill (Zheng et al., 2016). Nev-
ertheless, notable prediction uncertainties still exist, particu-
larly for long lead times. We therefore ask: Is a significant
SPB generated by the ICM EPS for 2015/16 El Niño predic-
tions? If so, is it initial errors or model errors that play a more
important role in causing the SPB phenomenon? What fea-
tures of the initial errors and the model errors are associated
with the SPB? To address these questions, we use the output
of the ICM EPS to explore the SPB for the 2015/16 El Niño
event and compare it with that obtained for other strong El
Niño events such as the 1982/83 and 1997/98 El Niño events
to investigate the characteristics of initial errors and/or model
errors associated with the SPB from the perspective of error
growth.
The remainder of the present paper is organized as follows.

In the next section, we introduce the ICM EPS. In section 3,
we describe the data used in this study and the forecast skill
of the ICM EPS with respect to the 2015/16 El Niño event.
The SPB for the 2015/16 El Niño forecasting generated by the
ICM EPS is discussed in section 4, and the main source of the
prediction errors associated with the SPB for the 2015/16 El
Niño is revealed in section 5. In section 6, we illustrate the
prominent characteristic of the model tendency error associ-
ated with the SPB for the 2015/16 El Niño event. In section
7, we demonstrate the tendency errors for the 1982/83 and
1997/98 El Niño predictions and provide useful suggestions.
Finally, a summary and discussion are presented in section 8.

2.    ICM EPS

The ICM EPS has three main components: an intermediate
coupled model (ICM), an air-sea coupled data assimilation
system, and a first-order linearMarkov stochastic model. The
ICM is an anomalymodel developed byKeenlyside andKlee-
man (2002) and Zhang et al. (2005). The model consists of
a dynamical ocean model, an SST anomaly model that em-
pirically parameterizes the temperature of subsurface water
entrained into the mixed layer (Te) based on sea level anom-
alies, and a statistical wind stress (τ) model. Specifically,
the τ model is constructed from a singular value decompo-
sition (SVD) of the covariance matrix calculated from time
series of monthly mean SST and τ fields (see Syu et al., 1995;
Chang et al., 2001); an inverse modeling method is adopted
to estimate Te anomalies using an SST anomaly equation, ob-
served SST variability, and simulated mean and anomaly cur-

rents from the ocean model component. For further details,
the readers are referred to the work of Zhang et al. (2005).
The dynamical component of the ICM has been described
by Keenlyside and Kleeman (2002), and thus the details are
omitted here. The air-sea coupled data assimilation system
(Zheng and Zhu, 2010, 2015) uses an ensemble Kalman fil-
ter (EnKF) approach to minimize the errors in both the at-
mospheric and oceanic initial conditions, where atmospheric
wind stress, SST, and altimetry data are assimilated into the
coupled model once per month through a coupled data assim-
ilation approach (Zheng and Zhu, 2010). A first-order linear
Markov stochastic model (Zheng et al., 2009a; Zheng and
Zhu, 2016; also see the Appendix) is embedded within the
ICM to perturb the modeled SST anomaly field randomly by
adding error terms to the right-hand sides of the model equa-
tions. This stochastic model is designed to reduce model er-
rors induced by the absence of westerly wind burst, Madden
Julian Oscillation, etc. in the ICM (Zheng et al., 2006, 2009a,
2009b; Feng et al., 2015; Zheng and Zhu, 2016).
The performance of the ICM EPS has been documented by

Zheng and Zhu (2016), whose 20-year retrospective forecast
comparison showed that the EPS can achieve good forecast
skill with a prediction lead time of up to one year; indeed, this
forecast skill tends to be comparable with that of internation-
ally popular coupled GCMs. Therefore, it is acceptable to use
the predictions of this model to analyze the SPB for strong
El Niño events, such as the 2015/16, 1997/98, and 1982/83
events.

3.    Data and forecast skill of the ICM EPS with
respect to the 2015/16 El Niño

3.1    The predicted and observed SSTA

The ENSO predictions used in this study are the monthly
SSTAs for the 2015/16 El Niño event, which were generated
by the ICM EPS. The ENSO predictions used consist of a
leading 12-month ensemble forecast with 100 members for
the 2015/16 El Niño, which was initialized from the 1st day
of each month during the period from December 2013 to July
2015. The 100 members are obtained as follows. By inte-
grating the ICM for five years by nudging the observed SST,
physical variables with relatively dynamically balanced val-
ues are obtained. Using these values as initial values, we in-
tegrate the ICM coupled with the above-mentioned stochastic
model 100 times and obtain 100 physical states with differ-
ent values because of the stochasticity of the model. Using
these 100 physical states, we apply the EnKF to assimilate
the observations once per month to the initial field of the ICM
coupled with the stochastic model and obtain 100 initial anal-
ysis fields for predictions. Thus, for each initial month, there
is an ensemble forecast with 100 members, and for all initial
months, a total of 2200 single forecasts (i.e., the sum of the
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numbers of the ensemble forecast members at different initial
months) are obtained. The meridional resolution of the ICM
EPS outputs is 0.5º, covering 10ºS to 10ºN, and is gradually
decreased to 3º from 10ºS to 31º S and from 10ºN to 31ºN;
moreover, the zonal resolution is 2º, covering 124ºE to 30ºE.
In the present study, we focus on the predictions for the trop-
ical Pacific (31ºS–31º N, 124ºE–78ºW).
The available SST observations correspond to Extended

Reconstructed Sea Surface (ERSSTv4; Smith et al., 2008)
dates. The observations comprise a global monthly sea
surface temperature dataset derived from the international
Comprehensive Ocean-Atmosphere Dateset (ICOADS). The
monthly analysis begins in January 1854, continuing to the
present, and includes anomalies computed with respect to a
1971–2000 monthly climatology. The horizontal resolution
is 2º ×2º, and the domain covers 89.0ºS to 89.0º N and 1.0º
W to 359.5ºE.
The common spatial resolution and time span between the

predictions and observations is highly convenient; therefore,
we uniformly interpolate the horizontal resolution of both the
predictions and observations as 1º×2º and take the time span
to range from December 2013 to June 2016. To address the
SPB for the 2015/16 El Niño event, we follow methods out-
lined in previous studies (Mu et al., 2007a, 2007b; Duan et al.,

2009) to select the El Niño predictions with four start months
in different seasons. Specifically, we select the start months
2014 (07) (i.e., July in year 2014), 2014 (10), 2015 (01) (i.e.,
January in year 2015), and 2015 (04), which fall during sum-
mer, autumn, winter, spring, respectively. Clearly, the lead-
ing 12-month forecasts with these selected start months pass
through the spring of the growth phase of the 2015/16 El Niño
event. We use Year (0) to denote the year when the El Niño
event occurs, i.e., the year 2015, and Year (–1) and Year (1)
to signify the years 2014 and 2016, respectively.

3.2    The forecast skill of the ICM EPS with respect to the
2015/16 El Niño event

To examine the prediction capability of the ICM EPS, in Fig-
ure 1 we present the predicted Niño-3.4 index for the 2015/16
El Niño events with different lead times, and in Figure 2 we
present the correlations of the Niño-3.4 index between the
mean of ensemble forecast members (hereafter as “ensem-
ble-mean forecast”) and the observations, where the anom-
alies, either in the model or in the observations, are calcu-
lated based on the climatological annual cycle generated by
the SST over the period 1971–2000. The results  show  that
the ICM EPS successfully  predicts  the  occurrence  of  the

Figure 1            Monthly Niño-3.4 index for the 2015/16 El Niño derived from observations and predictions generated by the ensemble mean of the ICM EPS. The
predictions involve an initial analysis, with leading 3-month, 6-month, 9-month and 12-month forecasts.
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Figure 2            The prediction skill of the ensemble-mean forecasts shown in
Figure 1. The skill is measured by the correlations between the predicted
Niño-3.4 indices and the observed ones.

2015/16 El Niño. However, the correlations between the en-
semble-mean forecasts and the observations decline with an
increase in the lead time. Furthermore, the predicted peak
time of the El Niño is 2−3 months later than the observed one,
and the intensities are much weaker despite being compara-
ble with the observations, particularly for relatively long lead
times. Therefore, are these prediction uncertainties for the
2015/16 El Niño with long lead times caused by an SPB?

4.    The SPB phenomenon for the 2015/16 El
Niño event generated by the ICM EPS

Zheng and Zhu (2010) used the results of the ICM EPS to
investigate the ENSO forecast skill by statistical analysis and
observed the SPB phenomenon in a probabilistic sense. In
this paper, we focus on the 2015/16 El Niño event to explore
the SPB from the perspective of error growth and reveal the
spatial characteristic of initial errors and/or model errors that
cause a significant SPB.
The prediction errors are herein defined by the differences

between the predictions and observations at prediction time
t (i.e., lead time of predictions). Specifically, the prediction
error E(t) is expressed as follows:

E t T t T t T t T t( ) ( ) ( ) ( ) ( ) ,
i j,

i j i j
p o

2 ,
p

,
o 2

= = (1)

where Tp denotes the predicted SSTA, To represents the ob-
served SSTA, and (i, j) are the grid points in the Niño-3.4 re-
gion; the norm 2is used to measure the magnitude of predic-
tion errors. The growth of the prediction errors is estimated
by the growth tendency k of the prediction errors, which can
be roughly evaluated by
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where E(t1) and E(t1) represent the prediction errors at future
times t1 and t2, with t2>t1, respectively; the future times t1 and
t2 can occur at the beginning and end of a single month. A

positive (negative) k value corresponds to an increase (de-
crease) in error, and the greater the absolute value of k is, the
faster the increase (decrease) in error becomes.
To address the SPB for the 2015/16 El Niño events, we

evaluate the prediction error of the SSTA for the 2015/16
El Niño and estimate its seasonal growth tendency, where
the seasonal growth tendency is obtained by taking the sum
of monthly growth tendencies k in one season but normal-
ized by a factor of 3 (i.e., three months in one season). In
Figure 3, we plot the mean of the seasonal growth tendency
of the prediction errors for ensemble forecast members with
start months 2014 (07), 2014 (10), 2015 (01) and 2015 (04).
The prediction errors are time-dependent and are evaluated
by eq. (1), with time t spanning from the starting month to
the ending month of the predictions. The figure shows that
the prediction errors tend to experience their largest growth
rate in spring and/or summer (MJJ and/or JJA) and exhibit a
significant season-dependent evolution, generating a signifi-
cant SPB. We also plot the seasonal growth tendency of the
prediction errors of the ensemble-mean forecast for SSTA in
Figure 3. The figure shows that the results are similar. Fur-
thermore, it is observed that for both the prediction errors of
the ensemble-mean forecast and the mean of the prediction
errors of the ensemble forecast members, much larger pre-
diction errors occur with the 12-month lead time for the start
month October than for the other start months (see Figure 4).
To explore the reason for this discrepancy, in Figure 5 we plot
the prediction errors for the 12-month leading predictions at
each month. Mu et al. (2007a) demonstrated that the predic-
tion errors for El Niño events often evolve in a manner sim-
ilar to El Niño events themselves. That is, the prediction er-
rors of the SSTA component for El Niño grow rapidly during
spring and/or summer, peak in winter, and then decay. Figure
5 shows that the prediction errors for the 12-month leading
predictions made in 2014 (07), 2015 (01), and 2015 (07) peak
in winter but decay in the subsequent season, ultimately caus-
ing the prediction errors at the end of the 12-month lead time
to be much smaller. However, the 12-month leading predic-
tions made in 2015 (10) are practically initialized in winter in
2015 and do not persist to the next winter, which indicates that
the corresponding prediction errors grow almost continuously
throughout the entire forecast period and then become larger
than those of the predictions made for other start months. In
any case, Figures 3 and 4 show that the seasonal growth ten-
dencies of the ensemble-mean prediction errors often tend to
have smaller values than the mean of the seasonal growth ten-
dencies of ensemble forecast members’ prediction errors; fur-
thermore, the former prediction errors at the prediction time
(i.e., the end of the 12-month lead time) are much smaller.
These results indicate that the SPB effect and the resulting
prediction errors can be effectively reduced by an ensem-
ble-mean forecast. As  previously described, there  were 100
ensemble forecast members at  each  start  month,  each  of

Qi Q Q, et al.   Sci China Earth Sci    5



Figure 3            The mean of the seasonal error growth tendencies of the ensemble forecast members (red) and the seasonal error growth tendencies of the ensemble-
mean forecast (blue), with the start months (a) 2014 (07), (b) 2014 (10), (c) 2015 (01), and (d) 2015 (04).

which was obtained by integrating the ICM coupled with the
stochasticmodel with 100 initial analysis fields. It is clear that
the prediction results for the 2015/16 El Niño events could
be contaminated by both initial errors and model errors. Al-
though the ICM was embedded with a stochastic model to
reduce the effect of model errors, the randomness of the sto-
chastic model may have induced new model errors. Further-
more, it is still likely to have other sources of model errors.
These remaining model errors may be different among en-
semble forecast members because of the randomness of the
stochastic model. Therefore, we ask: Is it the initial or re-
maining model errors that are reduced to weaken the SPB ef-
fect in the 2015/16 El Niño predictions generated by the ICM
EPS? This question is addressed in the next section.

5.    Do initial or model errors determine the oc-
currence of the SPB for the 2015/16 El Niño
event?

For the four start months adopted in the predictions (see sec-
tion 4), there were a total of 400 predictions for the 2015/16 El
Niño event. We now examine the contributions of these pre-
dictions to the SPB behavior. As defined in the introduction,
the SPB refers to the phenomenon inwhich ENSOpredictions
have a large prediction error and prominent error growth dur-
ing spring and/or the beginning of summer when the predic-
tions are made before and throughout spring. By examining
the prediction errors and the relevant seasonal growth ten-
dency, we find that some predictions present significant error
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Figure 4            The mean of the prediction errors of the monthly Niño-3.4 SSTA
for ensemble forecast members (red) and the prediction error of the monthly
Niño-3.4 SSTA for ensemble-mean forecast (blue). The prediction errors
are measured by the norm defined by eq. (1), where time t is the end of the
12-month lead time.

growth in spring and/or summer and make a significant con-
tribution to a prominent SPB, whereas other predictions have
negligible contributions because of either small error growth
during the MJJ and JJA seasons or small prediction errors at
the end of the 12-month lead time or both. Specifically, we
show that 139 predictions make a significant contribution to
the SPB and 261 predictions make a negligible contribution
to the SPB (see Figure 6). For convenience, we refer to the
former predictions as “SPB-related members” and the latter
predictions as “non-SPB-related members”.
As mentioned in the introduction, Mu et al. (2007a, 2007b)

showed that the initial errors of a particular structure are more
likely to cause SPB. In particular, Yu et al. (2009) andDuan et
al. (2009) identified two types of initial tropical Pacific SSTA
errors that cause a significant SPB for El Niño events. Thus,
does the SSTA component of the initial analysis errors for
the above-mentioned 139 SPB-related members also occur in
different categories? To address this question, we perform a
cluster analysis of these initial analysis errors, where the sim-
ilarity coefficient is used to measure the similarities among
initial error members. The similarity coefficient can  be  ex-

Figure 5            The mean of the prediction errors of the monthly Niño-3.4 SSTA for ensemble forecast members (red) and the prediction error of the monthly
Niño-3.4 SSTA for ensemble-mean forecast (blue). The prediction errors are measured by the norm defined by eq. (1), where time t spans from the starting
month to the ending month of the predictions.
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Figure 6            The evolution of the prediction errors (blue curves) for ensemble forecast members for the 2015/16 El Niño event, where the prediction errors
are calculated by eq. (1), where time t spans from the start month to the end of the 12-month lead time. The left column shows the prediction errors of the
SPB-related members, with start months (a1) 2014(07), (a2) 2014 (10), (a3) 2015 (01), and (a4) 2015 (04). The right column shows those associated with the
non-SPB-related members, with the same start months indicated in the left column (i.e., b1–b4). The prediction errors associated with the SPB tend to present
significant growth in spring and/or summer, which is indicated by the steep slopes (marked by the short, thick line) of the curves. The red curves represent the
means of the prediction errors of the ensemble forecast members.
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pressed as follows (Buizza, 1994; Kim et al., 2004):

s
e e
e e

,
,1 2

1 2

=
< >

(3)

where ei represents the ith initial error field, e e,i j< > is
the inner conduct of the initial errors ei and ej, and
e e e i, , 1, 2.i i i=< > = By calculating s of the initial
SSTA errors over the region (10.5ºS–10.5ºN, 150ºE–90ºW),
we classify the initial SSTA error for the 139 SPB-related
members into four groups, with the group members’ similar-
ity coefficient being greater than 0.9 (Table 1). By observing
these initial errors, it is surprising to find that these four
groups of initial errors correspond precisely to the start
months 2014 (07), 2014 (10), 2015 (01) and 2015 (04).
We denote these groups of initial errors as “SPB_group-1”,
“SPB_group-2”, “SPB_group-3”, and “SPB_group-4”, re-
spectively. For convenience, we denote these groups of
initial errors as “SPB-related initial SSTA errors”.
For the 261 non-SPB-related members, we denote their

initial SSTA errors as “non-SPB-related initial SSTA
errors”. We also use the cluster analysis approach to
evaluate the similarity coefficients of the SSTA compo-
nents and classify the non-SPB-related initial errors into
four groups, with the group members’ similarity coeffi-
cients greater than 0.9 (Table 2). These four groups of
initial errors also correspond precisely to the four start
months 2014(07), 2014(10), 2015(01) and 2015(04) and
are denoted “non-SPB_group-1”, “non-SPB_group-2”,
“non-SPB_group-3”, and “non-SPB_group-4”, respectively.
When calculating the similarity coefficients of the SSTA
components between the SPB-related initial errors and
non-SPB-related initial errors at each start month, we find
that they are also greater than 0.9. That is, the SSTA compo-

nents for the SPB- and non-SPB-related initial errors at each
start month bear great similarities (Table 3). It is inferred
that the SPB for the 2015/16 El Niño that arises in the ICM
EPS is not caused by the initial SSTA errors over the trop-
ical Pacific. Is the SPB caused by the initial SSTA errors
that occur in other oceanic regions or the initial errors aris-
ing from other physical variables? Zheng (2007) showed that
if the ICM is not coupled with a first-order linear Markov sto-
chastic model, the ensemble forecast members generated by
the ICM and EnKF possess a small spread; however, the en-
semble-mean forecast significantly deviates from the obser-
vations. Clearly, the deviation of the ensemble mean from the
observation is mainly caused by model uncertainties. In the
present study, we show that the initial tropical Pacific SSTA
errors among the ensemble forecast members at each start
month bear great similarities. From the small spread of the
ensemble forecast members shown by Zheng (2007), it is in-
ferred that, despite large errors in the SSTA component over
other oceanic regions or in other physical variables, the pre-
dictions made by the ICM are less sensitive to these errors,
which indicates that the ICM dynamics are much stable and
contribute to the similarities among the initial analysis fields.
In addition, the EnKF itself tends to reduce the background
error covariance at the assimilation time and the initial analy-
sis error covariance, thereby contributing to the similarities of
the initial analysis fields (Evensen, 2003; Hamill et al., 2001).
Therefore, although the ICM was coupled with the stochas-
tic model, the EnKF itself, together with the stability of the
model dynamics, tends to make the initial analysis fields bear
similarities among themselves at the assimilation time.  As
 a r esult,  the  reduction  of  the  SPB of the ensemble-mean
forecast possibly benefits from the decrease in the model er-
rors.

Table 1        Similarity coefficients among four groups of SPB-related initial errorsa)

SPB_group-1 SPB_group-2 SPB_group-3 SPB_group-4

SPB_group-1 0.9474 0.5494 0.5004 0.5826

SPB_group-2 0.5494 0.9440 0.2350 0.4707

SPB_group-3 0.5004 0.2350 0.9252 0.3593

SPB_group-4 0.5826 0.4707 0.3593 0.9522

a) The values represent the averages of the correlations between all possible pairs within each group (bold) and from different groups (thin).

Table 2        Similarity coefficients among four groups of non-SPB-related initial errorsa)

non_SPB_group-1 non_SPB_group-2 non_SPB_group-3 non_SPB_group-4

non-SPB_group-1 0.9475 0.554 0.4996 0.565

non-SPB_group-2 0.554 0.9434 0.244 0.467

non-SPB_group-3 0.4996 0.244 0.9171 0.369

non-SPB_group-4 0.565 0.467 0.369 0.9430

a) The values are as defined in Table 1 but for non-SPB-related members.
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Table 3        Similarity coefficients between SPB- and non-SPB-related initial
errors

Similarity coefficients

SPB_group-1 and non-SPB_group-1 0.9469

SPB_group-2 and non-SPB_group-2 0.9433

SPB_group-3 and non-SPB_group-3 0.9190

SPB_group-4 and non-SPB_group-4 0.9429

6.    Which features of the model tendency er-
ror induce a significant SPB for the 2015/16 El
Niño?

As demonstrated in section 5, the SPB of the 2015/16 El Niño
event generated by the ICM EPS is mainly induced by the
model error of the ICM. Then, which features of the model
errors of the ICM induce a significant SPB? As is known,
model errors may arise from uncertainties in physical param-
eterization processes or from the absence of physical pro-
cesses such as westerly wind bursts or the Madden-Julian Os-
cillation. Therefore, the prediction errors caused by different
types of model errors are mixed, and we cannot separate them
precisely. With the Zebiak-Cane model (Zebiak and Cane,
1987), Duan et al. (2016) used the constant tendency errors
to describe the combined effect of different types of model
errors and adopted the nonlinear forcing singular vector ap-
proach (NFSV; Duan and Zhou, 2013) to identify the disturb-
ing constant tendency errors that have the greatest effect on
prediction uncertainties for El Niño events. Ultimately, the
authors revealed two types of NFSV tendency errors: one
type occurs during predictions through the growth phase of
El Niño events and tends to present an SSTA pattern with
positive anomalies in the equatorial central-western Pacific
and negative anomalies in the equatorial eastern Pacific; the
other type arises in predictions bestriding the decaying phase
of El Niño events and has patterns nearly opposite to those of
the former type. The model errors described by the two types
of NFSV tendency errors illustrate the spatial structure of op-
timal model tendency errors, which may represent a type of
model system error or the mean of different types of model
errors during the forecast period. In the ICM EPS, although
a stochastic model is embedded to reduce the model errors
arising from the absence of westerly wind bursts, the Mad-
den-Julian Oscillation, etc., uncertainties still exist in the en-
semble-mean forecast for the 2015/16 events and even the
SPB phenomenon (see previous sections), which indicates
that model errors persist (including the random errors in the
stochastic model). As previously mentioned, because of the
interaction of themodel errors from different sources, we can-
not separate them precisely. Thus, in this section, we use the
NFSV approach to extract the model errors represented by the
tendency errors.
If we denote a state vector as U, the governing equations

for U can be written as

xU
t F U t

U U
in

( ( , )),

,
[0, ]

t 0 0

=

=
×

=

(4)

where U0(x, t)is the initial state x t( , ) [0, ]× ; is a
domain in Rn; t=0 is the initial time; t = , with < + ,
is the future time of the evolution of the state variables; and F
is a nonlinear operator. We assume that the dynamical system
equation and the initial state are known exactly. For the future
time t0 n< and the corresponding state Un, eq. (4) can
be discretized as follows:

U U t F U t+ ( ; ) .
i

n

0

1

n i0=
=

(5)

If one considers the effect of initial error on prediction re-
sults, eq. (5) can be written as follows:

U u U u t F U u t( ; ),
i

n

0

1

n n i i0 0+ = + + +
=

(6)

where u 0 is the initial error and u n is the evolution of the ini-
tial error, i.e., the prediction error caused by the initial error.
Moreover, if one only considers the effect of the model ten-
dency error on the prediction results, then eq. (5) becomes

U u U nf t t F U u t

u

( ; ),   

0,
i

n

0

1

n n i i0

0

+ = + + +

=
= (7)

where f is the model tendency error. Comparing eq. (6) with
eq. (7) clearly shows that the model tendency error can be
equivalent to the initial error superimposed at each time step
of the model integral when we assume that the model ten-
dency error is constant. In fact, the model tendency error is
time-dependent, but assuming a constant error may explain
a type of time-independent model system error or the mean
of time-dependent tendency errors. In any case, because one
time step of the model integral is sufficiently short, the corre-
sponding tendency error can be assumed to be constant. We
use the tendency errors during each time step of the model
integral to derive the constant tendency error for a forecast
period. For one time step of the model integral, we write eq.
(7) as follows:

U U F U t t
U u U u F U u t
U u U f t F U t

( ; ) , 
( ) ,

( ) .

1 0 0

1 1 0 0 0 0

1 1 0 0

= +
+ = + + +
+ = + +

(8)

In realistic predictions, the prediction results are often con-
taminated by both initial errors and model errors. Thus, the
corresponding one-time-step forecast model can be written as

U v U u f t F U u t t( ; ) ,1 1 0 0 0 0+ = + + + + (9)

where u 0 is the initial error as described in eqs. (6) and (8), f
is the tendency error as described in eqs. (7) and (8), and v1 is
the prediction error caused by the initial error and tendency
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error. According to eqs. (5) and (9), the tendency error f can
be calculated as follows:

f U v U u
t F U u t

U v U u
t F U F U F U u

U v U u
t

U U
t F U u F U

v u
t F U u F U

( ; )

( ) ( ) ( )

[ ( ) ( )]

[ ( ) ( )] .

0 0

0 0 0 0

0 0 0

0 0 0

1 1 0 0

1 1 0 0

1 1 0 0 1 0

1 0

=
+

+

=
+

+ +

=
+

+

= + (10)

From eqs. (8) and (10), it is clear that the first term on the
right-hand side of eq. (10) is the growth tendency of the pre-
diction error caused by the initial error and tendency error and
the second term represents the growth tendency of the predic-
tion errors caused by the initial errors. That is, the tendency
error f can be deduced by subtracting the tendency of the pre-
diction errors caused by the initial error from those caused by
the initial error and tendency error.
We have classified ensemble forecast members for the

2015/16 El Niño event into two groups: 139 SPB-related
members and 261 non-SPB-related members (see Section
4). Moreover, the SPB of the ICM EPS with respect to the
2015/16 El Niño forecasts is mainly induced by model errors,
which can be described by the model tendency error. Now,
we use the 139 SPB-related and the 261 non-SPB-related
members to extract the tendency errors that often induce
the SPB for the 2015/16 El Niño event according to eq.
(10). Specifically, we sort the members of each group in
descending order of the magnitudes of the prediction errors.
We select the first 139 SPB-related members and the last 139
non-SPB-related members and take the difference between
the two groups of members, thus obtaining 139 time-depen-
dent time series with a lead time of 12 months. According
to eq. (10), it is easily inferred that, because the two groups
of forecast members have highly similar initial errors, the
values of the 139 time-dependent times series practically
alleviate the effect of the initial errors and thus only include
the remaining prediction errors associated with the model
errors. It is conceivable that these remaining prediction
errors characterize the prediction errors that induce the SPB
for the 2015/16 El Niño event. Therefore, we may further
extract the prominent characteristic of the tendency errors
that often induce an SPB for the 2015/16 El Niño events
based on the remaining prediction errors using eq. (10).
When the remaining time-dependent prediction errors are

related to eq. (10), it is observed that they only involve their
growth tendency (i.e., the first term of eq. (10)) because they
have filtered the effect of initial errors and excluded the sec-
ond term of eq. (10). Furthermore, the growth tendency of
the remaining prediction errors can be easily calculated be-
cause the associated prediction errors v and initial errors u0
are known. The prominent characteristic for the SPB-related
tendency error f can then be easily extracted by computing

the first term on the right-hand side of eq. (10). Indeed, we
evaluate the first term of eq. (10) for the remaining time-de-
pendent prediction errors at each month of the 12-month pre-
diction period and obtain 12 monthly tendency errors f. To
extract the constant tendency error, we take the mean of the
12 monthly tendency errors for each of the 139 time-depen-
dent remaining prediction errors and obtain 139 patterns for
the tendency errors. By applying the EOF analysis method,
we detect the first EOF mode of the 139 tendency errors (re-
sponsible for 48% of total variance; see Figure 7). The EOF1
and its PC1 indicate that most of ensemble forecast members
tend to have positive values of PC1 and thus present tendency
error patterns similar to those of the EOF1 mode. In fact,
such tendency errors indicate an SSTA cooling rate over the
tropical Pacific and illustrate the prominent characteristic of
the tendency errors that often cause an SPB for the 2015/16
strong El Niño event forecasts generated by the ICM EPS.
Such tendency errors induce anomalous easterly wind stress
over the tropical Pacific and under-predict the strength of the
El Niño event, which may explain why the 2015/16 El Niño
forecast with a 12-month lead time tended to be under-pre-
dicted (see Figure 1).
Figure 7 demonstrates that the tendency errors of the EOF1

mode often induce an SPB in 2015/16 El Niño predictions
generated by the ICM EPS and cause those forecasts to un-
der-predict the strength of the event. However, it cannot be
the tendency error that causes the most significant SPB or,
in particular, the largest prediction error for the 2015/16 El
Niño event, as indicated by the NFSV-tendency error. To
determine the spatial characteristics of the tendency errors
that cause the largest prediction error, we mainly address the
members that have large prediction errors among the 139
SPB-related forecast members. Eq. (10) shows that the pre-
diction errors v are involved in the first term of eq. (10). Fur-
thermore, the first termwas calculated for each forecast mem-
ber when we estimated the dominant mode of the SPB-related
tendency errors shown in Figure 7. For convenience, we di-
rectly use the modes indicated by the first term of eq. (10)
(i.e., the growth tendency of prediction errors caused by ini-
tial errors andmodel errors) to identify the members that have
the largest prediction errors. For the 139 SPB-related fore-
cast members, there are 139 time-dependent series of predic-
tion errors caused by initial errors and model errors. For each
of these 139 series of prediction errors, we can calculate the
growth tendency of the prediction error during each month
and yield 12 growth tendencies. By taking the mean of these
12 growth tendencies, we obtain 139 patterns for the growth
tendency for the 139 SPB-related forecast members. By per-
forming an EOF analysis of these 139 growth tendency pat-
terns, we obtain the first three EOF modes and their opposite
modes, which account for 84.9% of the total variance (see
Figure 8). We denote these six modes as EOF_1+, EOF_1–,
EOF_2+, EOF_2-, EOF_3+, EOF_3–, respectively. For the
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Figure 7            The first EOF mode and its PC1 of the 139 tendency errors. The EOF1 pattern is for the SSTA component (unit: ºC/month). Each number located
on the horizontal axis in PC1 represents one of the 139 tendency errors, which correspond to the 139 SPB-related forecast members. For example, the number
70 corresponds to the 70th forecast member.

139 SPB-related forecast members, we select the members
whose growth tendencies of the prediction errors are highly
correlated (including positively and negatively correlated)
with EOF_1+, EOF_2+, EOF_3+, respectively. If the PC
amplitudes of the forecast members are larger than the mean
value of the positive PC of all members, we believe that
these members are highly positively correlated with the
corresponding EOF pattern. Conversely, if the PC ampli-
tudes of the members are smaller than the mean value of the
negative PC of all members, these members are considered
highly negatively correlated with the negative pattern of the
corresponding EOF pattern. For the members that are highly
positively or negatively correlated with EOF_1+, EOF_2+,
and EOF_3+, we calculate the prediction errors for SSTA
over the Niño 3.4 region at the end of the 12-month lead
time; the results are illustrated in Figure 9. The figure shows
that the prediction errors of the ensemble forecast members
whose prediction error growth tendencies are of the EOF_3+
mode are the largest ones.
We also obtain the members that present the lowest predic-

tion error among the non-SPB-related forecast members. We
subtract the members with the lowest prediction error among
the non-SPB-related forecast members from those with the
largest prediction error among the SPB-related forecast mem-
bers. The remaining prediction error therefore alleviates the

effect of initial errors and mainly reflects the prediction er-
rors associated with model errors. Similarly to the calculation
described by Figure 7, we use these remaining prediction er-
rors to obtain the tendency errors that cause a significant SPB
and, in particular, the largest prediction errors for the 2015/16
El Niño. The results show that the tendency error presents
a large-scale dipolar pattern with the east dipole of negative
anomalies in the equatorial eastern Pacific and the west dipole
of positive anomalies in the equatorial western Pacific (Fig-
ure 10).

7.    The tendency errors for the 1982/83 and
1997/98 El Niño event forecasts
It is known that the years 1982/83 and 1997/98 also presented
strong El Niño events similar to the 2015/16 El Niño. Natu-
rally, we ask whether the results obtained for these events are
similar to those obtained for the 2015/16 event. To this end,
we use the hindcast results for the 1982/83 and 1997/98 El
Niño events generated by the ICM EPS (Zheng et al., 2009a)
and conduct a predictability analysis similar to that performed
for 2015/16 El Niño. As expected, the two events yield re-
sults similar to those obtained for the 2015/16 event. For sim-
plicity, we describe the results but do not provide the details.
Specifically, the ICM EPS produces an SPB for predictions
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Figure 8            The first three EOF modes and their PCs of the 139 growth tendencies of prediction errors. The EOF patterns are for the SSTA component (Unit:
ºC/month). The numbers located on the horizontal axis in PCs represent the 139 growth tendencies of prediction errors, which correspond to the 139 SPB-related
forecast members. For example, the number 70 corresponds to the 70th forecast member.

Figure 9            The prediction errors with growth tendencies of the modes
EOF_1+, EOF_1–, EOF_2+, EOF_2-, EOF_3+, and EOF_3–, which are
estimated by eq. (1), where time t is the end of the 12-month lead time.

of the 1982/83 and 1997/98 El Niño events and under-pre-
dicts their intensities; it is mainly the model errors of the ICM
that limit the forecast skill for these two events. By apply-
ing eq. (10), we extract the dominant mode of the constant
tendency errors for the two El Niño forecasts (Figure 11). It
is illustrated that the dominant tendency error mode presents
a pattern similar to that of the 2015/16 event, i.e., the pat-
tern in which the SSTA cooling rate covers the tropical Pa-

cific. As discussed in section 6, such a pattern could induce
an anomalous easterly wind and cause SSTA cooling, thus
explaining the under-prediction of the 1982/83 and 1997/98
El Niño events.
In addition, we also identify the prominent characteristic of

the tendency errors that cause a significant SPB and, in partic-
ular, the largest prediction error for the 1982/83 and 1997/98
El Niño events. Specifically, we calculate the EOF modes
of the constant tendency errors for the SPB-related forecast-
ing members and, according to these EOFmodes, classify the
SPB-related forecasting members into different groups. The
group whose members have the largest prediction errors are
then identified by comparing the prediction errors between
different groups. For non-SPB-related forecasting members,
we take the members with the lowest prediction errors and
subtract them from those with the largest prediction errors
among the SPB-related forecast members. We then compute
the growth tendency of these remaining prediction errors at
each month and take the time mean of the growth tendency
as the constant tendency error, as in eq. (10). Thus, two ten-
dency error patterns are obtained, which show the prominent
characteristics of the ICM’s tendency errors that cause a sig-
nificant SPB and the largest prediction error for the 1982/83
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Figure 10            The tendency error pattern that emphasizes the prominent characteristic of the tendency errors that yield a significant SPB and, in particular, the
largest prediction error for the 2015/16 El Niño event.

Figure 11            The first EOFmodes and the corresponding PC1s of the tendency errors that often cause an SPB for the 1982/83 El Niño event (top) and the 1997/98
El Niño event (bottom). The EOF patterns are for the SSTA component (Unit: ºC/months). The numbers located on the horizontal axis in PC1s represents the
forecast members that give rise to an SPB.

and 1997/98 El Niño events (see Figure 12). It is clear that
such tendency errors for either the 1982/83 or 1997/98 El
Niño event are very similar to that for the 2015/16 El Niño
and show a large-scale dipolar pattern with an east dipole
of negative anomalies and a west dipole of positive anoma-
lies, except that the locations of the diploes depend on the El
Niño events. These tendency errors bear great resemblance to
the nonlinear forcing singular vector (NFSV; Duan and Zhou,
2013) tendency errors of the Zebiak-Cane model (Zebiak and
Cane, 1987) reported by Duan et al. (2016). The NFSV
tendency error represents the tendency error that causes the
largest prediction error for El Niño events and demonstrates
the sensitivity of the prediction error for El Niño events to
model errors. The present results indicate that the NFSV ten-
dency error for El Niño events also exists in realistic El Niño
predictions generated by the ICM EPS and that this error cor-
responds not only to a significant SPB but also larger pre-

diction errors. As previously mentioned, the NFSV tendency
error can be understood as a type of model system error or
the mean of different types of model errors during the fore-
cast period. The NFSV-like tendency errors obtained indicate
that the mean of different types of model errors for the ICM
during the forecast period is not equal to zero. It is therefore
reasonable to suggest that if one corrects the ICM by adding
the opposite pattern of the NFSV-like tendency error to the
SSTA tendency equation of the ICM, the ENSO forecast skill
could be enhanced.

8.    Discussion and summary
In this study, we first use ICM EPS outputs to investigate the
SPB problem for the 2015/16 El Niño event. The results show
that the ensemble forecast members often present a significant
SPB for the 2015/16 El Niño predictions, as does the ensem-
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Figure 12            The tendency error pattern that emphasizes the prominent characteristic of the tendency errors that yield the largest prediction error and a significant
SPB for the (a) 1982/83 and (b) 1997/98 El Niño events

ble-mean forecast. Nevertheless, the latter shows a much
weaker SPB and smaller prediction error, implying that the
uncertainties in ensemble forecasts are clearly reduced by
taking the ensemble mean. Furthermore, because the initial
SSTA fields of the ensemble forecast members for the ICM
EPS generated by the EnKF bear very high similarities and
the ICM is not sensitive to initial perturbations, we conclude
that it is mainly the ICM’s model errors and not the initial
errors that cause a significant SPB for the 2015/16 El Niño
event. It is conceivable that the small prediction error of the
ensemble-mean forecast is due to the ensemble mean filtering
the effect of model errors. Because the ICM, as mentioned in
section 2, includes a linear and first-order Markov stochas-
tic model to correct the predicted SSTA, different ensemble
forecast members might involve different model errors be-
cause of the randomness of the Markov model. The model
errors may show different spatial structures for different en-
semble forecast members. Furthermore, some ensemble fore-
cast members present a significant SPB, while others cause
a less significant SPB or fail to show a SPB. These results
indicate that model errors with certain structures are much
more likely to cause a significant SPB than others. Following
Duan et al. (2016), the present study uses tendency errors to
describe model errors and reveal the prominent characteris-
tic of the tendency errors of the ICM (coupled with the sto-
chastic model) that cause a significant SPB and the largest
prediction error for the 2015/16 El Niño event. Specifically,
these tendency errors present a large-scale dipolar pattern of
the SSTA component, with the east dipole of negative anom-
alies in the equatorial eastern Pacific and the west dipole of
positive anomalies in the equatorial western Pacific, similar

to a La Niña mature phase pattern.
For the historical 1982/83 and 1997/98 El Niño events, we

obtain similar results and show that the tendency errors that
give rise to a significant SPB and the largest prediction er-
ror are associated with a large-scale dipolar pattern of the
SSTA component, with an east dipole of negative anomalies
and a west dipole of positive anomalies, which bear resem-
blance to the pattern of the 2015 El Niño and are highly sim-
ilar to the most sensitive NFSV tendency error (of the Ze-
biak-Cane model) for El Niño predictions reported by Duan
et al. (2016). These findings imply that the NFSV tendency
error reported by Duan et al. (2016) also exists in realistic
predictions for the El Niño event. The NFSV errors represent
the most sensitive tendency errors for predictions. That is, the
NFSV tendency errors cause large prediction errors. Because
the ICM tendency errors that give rise to a significant SPB for
strong El Niño events are similar to the NFSV tendency errors
and cause the largest prediction errors, the prediction skill of
the ICM EPS for strong El Niño events could be enhanced
if one uses the opposite pattern of the SPB-related tendency
errors to constrain the SST tendency equation and reduce the
model errors.
Mu et al. (2007a, 2007b) demonstrated that the initial er-

rors can cause a significant SPB for ENSO events. Moreover,
Yu et al. (2009) and Duan et al. (2009) presented the specific
pattern of the initial errors that is most likely to cause an SPB
for El Niño events (also see Duan and Wei, 2012, Mu et al.,
2014, Duan and Hu, 2015, and Hu and Duan, 2016). In the
present study, we showed that the model errors of the ICM in-
duce an SPB for the 2015/16, 1982/83, and 1997/98 strong El
Niño events. That is, the present study illustrates an example
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of El Niño predictions in which model errors can also yield an
SPB for El Niño events furthermore, model tendency errors
of a particular pattern could be much more likely to cause a
significant SPB for the strong El Niño events than other er-
rors.
The ICM EPS adopted the EnKF to yield ensemble initial

perturbations and attempted to achieve the appropriate diver-
sity of ensemble forecast members and an acceptable forecast
skill for ENSO events. However, the different ensemble fore-
cast members, as demonstrated in the present study, possess
initial SSTA fields with great similarities and small spread.
This situation is not favorable for yielding the large but appro-
priate ensemble spread that is extremely useful for estimating
the prediction uncertainties of ensemble forecasts. However,
the ICM EPS showed a certain ensemble spread and accept-
able forecast skill for the above-mentioned strong El Niño
events. In fact, it is the linear and stochastic Markov model
embedded in the ICM that perturbs each ensemble forecast
member and thereby causes the ensemble forecast members
to possess great diversity and present a much larger spread.
If we were to adopt other approaches, such as the orthogo-
nal CNOPs proposed by Duan and Huo (2016), to yield the
ensemble forecast members, would the ICM EPS produce a
greater diversity of ensemble forecast members even if it does
not use the linear and stochastic Markov model to correct it-
self? In this case, can we draw the conclusion that the model
errors induce the SPB for the strong El Niño events predicted
by the ICM EPS? These questions are challenging but im-
portant for improving the forecast skill of the ICM EPS and
deserve to be explored further.

Appendix

To reduce the simulation deficiencies of coupled air-sea inter-
actions and subsurface thermal effects in the ICM, Zheng et
al. (2007) proposed a linear and first-order Markov stochastic
model (see eq. (A1)) for describing the model uncertainties at
different prediction times and forced the ICM (see eq. (A2))
to reduce the effect of model errors. The first-order Markov
stochastic model describes the evolution of the model errors
over time and is expressed as follows.
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(A1)

In eq. (A1),Ui,j represents the spatial pattern of the ith EOF
mode for the SSTA component of the model error Q at time
t in the jth month of the lead time and has a particular hor-
izontal distribution, where the model error Q is obtained by
estimating the root mean square errors between the determin-
istic forecast results and the observations along the lead time.

Ti j
t represents the normalized coefficient of the ith EOFmode

at time t in the jth month, where the coefficient i j, is the cor-
relation between the ith mode in the jth month and that in the
j+1th month, and wi j

t
, is a random number of the ith mode at

the time t, with a mean equal to 0 and a variance equal to 1.
i j, is the standard deviation of the model errors represented
by the ith mode in the jth month. Mis the number of EOF
modes used in the stochastic model. To achieve reasonable
model error amplitudes, the first 10 EOF modes are used in
the stochastic model. Eq. (A1) then ensures that the variance
inTi j

t is equal to 1 as long as the variance ofTi j
t

1 is equal to
1, which ultimately produces a sequence of time-correlated
pseudorandom fields with the mean equal to zero and vari-
ance equal to 1. j

t represents a residual random field for Q
at time t, where resid j, is the standard deviation of the resid-
ual field obtained by removing the first M EOF modes from
the observation-minus-forecast values, and x y( , )j

t( ) is white
noise drawn from the pseudorandom fields at time t, with the
distribution of the mean equal to 0 and the variance equal to
1.
If one step integral of the ICM numerical model can be sim-

ply denoted by f ( )t t( ) ( 1)= , then the ICM coupled to the
stochastic model can be expressed by combining eqs. (A1)
and (A2).

f t Q( ) ,t t
j
t( ) ( 1)= + (A2)

where t( )represents the model states at time t, f is the numeri-
cal model propagator, t is the time step of the model integral,
and Q j

trepresents the model errors at time t in the jth month
of the lead time.
To construct the above-mentioned stochastic model, Zheng

et al. (2016) identified the first and second EOF modes (i.e.,
U in eq. (A1)) for the SST anomaly component of the model
errors Q at lead times of 1, 4, 7, and 10 months. The model
uncertainties indicated by the first EOFmode are located over
the eastern equatorial Pacific, and as the lead time increases,
these uncertainties extend to the central equatorial Pacific, fi-
nally presenting a canonical El Niño-like evolving mode; by
contrast, themodel uncertainties indicated by the second EOF
mode are mainly concentrated in the North Pacific and the up-
turning region of South America and may reflect the model
errors arising from coupled air-sea interactions and subsur-
face thermal effects.
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