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Abstract Climate models depict large diversity in the strength of the El Niño/Southern Oscillation (ENSO)
(ENSO amplitude). Here we investigate ENSO-amplitude diversity in the Coupled Model Intercomparison
Project Phase 5 (CMIP5) by means of the linear recharge oscillator model, which reduces ENSO dynamics to a
two-dimensional problem in terms of eastern equatorial Paciﬁc sea surface temperature anomalies (T)
and equatorial Paciﬁc upper ocean heat content anomalies (h). We ﬁnd that a large contribution to
ENSO-amplitude diversity originates from stochastic forcing. Further, signiﬁcant interactions exist between
the stochastic forcing and the growth rates of T and h with competing effects on ENSO amplitude. The
joint consideration of stochastic forcing and growth rates explains more than 80% of the ENSO-amplitude
variance within CMIP5. Our results can readily explain the lack of correlation between the Bjerknes Stability
index, a measure of the growth rate of T, and ENSO amplitude in a multimodel ensemble.

1. Introduction
The El Niño/Southern Oscillation (ENSO) is the dominant mode of interannual climate variability in the tropics. ENSO is characterized by sea surface temperature (SST) anomalies of a few centigrade primarily in the
eastern and central equatorial Paciﬁc, which drive global teleconnections (e.g., Brönnimann et al., 2004).
Large diversity among coupled general circulation models (CGCMs) in ENSO statistics such as ENSO amplitude exists (Bellenger et al., 2014; Latif et al., 2001). Understanding the different ENSO dynamics among
CGCMs is fundamental for making robust statements about the level of related seasonal climate predictability
and uncertainty in long-term ENSO projections.
Over the past years, considerable progress has been made in understanding ENSO diversity in CGCMs by
applying conceptual models that condense the dynamics of ENSO into a simple theoretical framework.
One example is the Bjerknes Stability (BJ) index (Jin et al., 2006), which approximates the growth rate of
SST anomalies (T) in the eastern equatorial Paciﬁc by the recharge oscillator framework (Jin, 1997) and allows
examination of the positive and negative feedbacks relevant to ENSO. The BJ index has been used to study
ENSO-amplitude diversity among CGCMs (Ferrett & Collins, 2016; Kim et al., 2014; Kim & Jin, 2011). A recent
study by An et al. (2017) showed that the diversity in the thermocline feedback is highly correlated to ENSOamplitude diversity. The BJ index has also been used to study potential ENSO changes in a warmer climate
(Ferrett & Collins, 2016; Kim & Jin, 2011). In theory, a larger BJ index is associated with larger ENSO amplitude.
Kim et al. (2014) have shown that the BJ index is correlated to ENSO amplitude in models from the Coupled
Model Intercomparison Project Phase 3 (CMIP3). However, this correlation breaks down in models participating in CMIP5 (due to a few outliers). One possible explanation is that nonlinear dynamics are not represented
by the BJ index (Graham et al., 2014). Further, the potential inﬂuence from atmospheric noise has been discussed in this context (Ferrett & Collins, 2016).
Another powerful tool for investigating ENSO diversity among models is the simplest version of the recharge
oscillator model of Burgers et al. (2005) (ReOsc model hereafter). The growth mechanism in this model is due
to a positive coupled feedback (Bjerknes, 1969), whereas the oscillatory component is driven by the rechargedischarge of equatorial ocean heat content (Cane & Zebiak, 1985; Wyrtki, 1975, 1986). This dynamical framework can be described by a damped harmonic oscillator (Burgers et al., 2005) with SST and thermocline depth
playing the roles of momentum and position, respectively. The oscillatory nature of ENSO allows the ReOsc
model to capture important characteristics of ENSO dynamics. Many studies have used the ReOsc model
to analyze ENSO dynamics in various approaches (Burgers et al., 2005; Frauen & Dommenget, 2010; Jansen
et al., 2009; Jin et al., 2007; Levine & McPhaden, 2015; Vijayeta & Dommenget, 2017; Yu et al., 2016). In contrast
to the one-dimensional framework underlying the BJ index, the ReOsc model is based on two coupled

1

Geophysical Research Letters

10.1002/2017GL076849

equations in which six parameters, including stochastic noise forcing (hereafter stochastic forcing), control
ENSO amplitude.
In this paper, the ReOsc model is used to investigate ENSO-amplitude diversity in CMIP5 models. We investigate the relative importance of the ReOsc model parameters for ENSO amplitude with a special focus on
the role of stochastic forcing for ENSO-amplitude diversity among CMIP5 models.

2. Data and Methods
We analyze the historical experiments from 35 CMIP5 models (Taylor et al., 2012) for the time period from
1921 to 2000 (Table S1). Output from the Simple Ocean Data Assimilation (SODA) ocean reanalysis product
version 2.0.2 (Carton & Giese, 2008) for the period 1958–2001 is used for comparison.
The ReOsc model describes the oscillatory behavior of ENSO by the interaction of eastern equatorial Paciﬁc
SST and equatorial Paciﬁc zonal-mean upper ocean heat content:
dT
¼ a11 T þ a12 h þ ξ T
dt
dh
¼ a21 T þ a22 h þ ξ h
dt

(1)
(2)

where T is the monthly eastern equatorial Paciﬁc SST anomaly; h is the monthly equatorial Paciﬁc zonal-mean
thermocline depth anomaly, which is commonly used to approximate the upper ocean heat content anomaly; a11 and a22 are the growth rate of T and h, respectively; a12 and a21 are the coupling of T to h and h to T,
respectively; and ξ T and ξ h are stochastic forcing terms of T and h, respectively. T is averaged here over the
Niño3.4-region (170°W–120°W; 5°S–5°N), and h is averaged across the equatorial Paciﬁc (130°E–80°W;
5°S–5°N). The ReOsc model parameters a11, a12, a21, and a22 are estimated via multivariate linear regression
of the T and h tendencies against T and h, respectively. The stochastic forcing terms are approximated as the
standard deviation (SD) of the residuals of the ﬁt, which also may contain dynamics that cannot purely be
considered as noise in the sense that they are independent of the large-scale coupled dynamics. We note that
the stochastic forcing could be further separated into a state-dependent and a state-independent part
(Levine et al., 2016). This, however, would be beyond the scope of this paper. Following Kim et al. (2014)
we approximate ENSO amplitude by the SD of T.
The parameter a11 is inﬂuenced by a number of atmospheric and oceanic processes (Frauen & Dommenget,
2010; Vijayeta & Dommenget, 2017; Yu et al., 2016) such as the Bjerknes feedback and atmospheric heat
ﬂuxes as well as ocean dynamics such as mixing and advection. In general, a22 is assumed to be close to zero
as changes in h are not determined by the thermocline depth itself but rather by the geostrophic response to
wind stress (Burgers et al., 2005). On the other hand, a damping of h can be achieved via wave-friction as in
the delayed action oscillator model (Suarez & Schopf, 1988). The oscillatory behavior of the ReOsc model is
determined by the coupling between T and h, whereby a12 is the local warming effect of h on T and a21 is
the inﬂuence of T on h via the atmospheric bridge. Parameter ξ T is the stochastic forcing of T primarily related
to westerly wind bursts, whereas ξ h is supposed to be largely inﬂuenced by ξ T as both terms are correlated
(see below). The stochastic forcing introduces an irregularity to the harmonic oscillation.
The ReOsc model equations can be integrated with stochastic forcing terms to generate time series of T and h
using ﬁxed values for a11, a12, a21, and a22. We use a time step of 24 hr and assumed red-noise stochastic
forcing terms ξ T and ξ h with a decorrelation time of 3 days, mimicking weather systems, which effectively
results in white noise forcing when considering monthly means. Identical stochastic forcing is used in all integrations, which allows us to discuss changes of T as functions of parameter changes without any uncertainties resulting from the noise. The integration length of all experiments is 1000 years. Prior to analysis, the
linear trend was subtracted from all data and anomalies of T and h were obtained by subtracting the climatological seasonal cycle.

3. Results
The relative importance of the growth rates, coupling, and stochastic forcing terms, as represented by the six
ReOsc model parameters, in determining ENSO amplitude is investigated in the CMIP5 model ensemble
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Figure 1. Scatter plots of El Niño/Southern Oscillation (ENSO) amplitude (K) as simulated by the Coupled Model Intercomparison Project Phase 5 (CMIP5) models
(horizontal axes) and that obtained from integrating the recharge oscillator (ReOsc) model with parameters estimated for each CMIP5 model (vertical axis) where
(a) all six ReOsc parameters are used for the integration, (b) only ξ T and ξ h are used, (c) only a11 and a22, (d) only a11, (e) only a12 and a21, and (f) only a11, a22, ξ T, and
ξ h with the other parameters set ﬁxed at the ensemble-mean values. Shown are also the CMIP5 ensemble-mean (red cross) and Simple Ocean Data Assimilation
(SODA) (black cross), the linear correlation coefﬁcient over all CMIP5 models in the upper left corner of each ﬁgure panel (values marked in green indicate statistical
signiﬁcance at the 95%) and the diagonal (black line).

(Figure 1). We compare ENSO amplitude obtained from integrating the ReOsc model using the parameters
estimated separately for each CMIP5 model with that directly calculated from each model (Figure 1a). All
models are located near the diagonal with a correlation coefﬁcient of 0.96, implying that the ReOsc model
is capable to reproduce ENSO amplitude with the respective parameters from each model. We then
repeated the integrations by only using from each model the stochastic forcing terms ξ T and ξ h (Figure 1b),
the respective growth rates a11 and a22 (Figure 1c) and a11 (Figure 1d), and the coupling terms a12 and a21
(Figure 1e) while keeping the other parameters ﬁxed at the ensemble-mean value. The results suggest that
the largest inﬂuence on ENSO amplitude originates from the stochastic forcing terms of T and h with a
correlation of 0.58. The stochastic forcing term exhibits a large variability among the CMIP5 models, while it
is quite constant in time within each individual CMIP5 simulation. The model spread is roughly three times
larger than the temporal variability within each individual CMIP5 model simulation (Table S2). Second largest
inﬂuence on ENSO amplitude is due to the growth rates of T and h with a correlation of 0.45. When only
varying the growth rate of T (a11), the variation of ENSO amplitude is large but the correlation is very low
(0.18). The integrations of the ReOsc model by only using the coupling parameters from each CMIP5 model
yields very little variation in ENSO amplitude. The combined variation of the growth rates and the stochastic
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Figure 2. Scatter plot of El Niño/Southern Oscillation (ENSO) amplitude versus the (a) growth rate of T (a11), (b) coupling of T to h (a12), (c) stochastic forcing of T (ξ T),
(d) growth rate of h (a22), (e) coupling of h to T (a21), and (f) stochastic forcing of h (ξ h) in the Coupled Model Intercomparison Project Phase 5 (CMIP5) models (blue
numbers), the CMIP5 ensemble mean (red cross), and Simple Ocean Data Assimilation (SODA) (black cross with 95% conﬁdence interval). The linear correlation
coefﬁcient over all CMIP5 models is given in the upper left corner of each ﬁgure panel (statistically signiﬁcant values at the 95% level are shown in green), and a linear
regression line is added (blue line) with a 95% uncertainty range (gray shading). Also shown is ENSO amplitude obtained from integrating the recharge oscillator
(ReOsc) model as a function of a single parameter (green graph) and as a function of covarying parameters based on EOF-1 (red graph). The red circles with an
upward arrow in (b) illustrate inﬁnite growth of ENSO amplitude (see text for details). CMIP5 models 2 and 18 are highlighted in magenta for discussion (see text).

forcing terms (Figure 1f) yields a correlation of 0.91, which is very similar to the case in which all six parameters
were varied. Thus, besides the stochastic forcing, the growth rates of T and h are important factors in controlling
ENSO-amplitude diversity in CMIP5.
We next compare ENSO amplitude in the CMIP5 model ensemble and as derived from SODA (black cross)
with the parameters a11, a12, a21, a22, ξ T, and ξ h estimated separately for each model (Figure 2, blue
numbers). The uncertainty of the estimated parameters from each individual CMIP5 model (Table S3) is on
average smaller than the uncertainty estimated from SODA (black horizontal error bar), which in turn is much
smaller than the model spread in CMIP5. In CMIP5, the growth rate of T (a11) shows no signiﬁcant correlation
with ENSO amplitude (Figure 2a), which is consistent with the results from Kim et al. (2014) applying the BJ
index. Both a11 and the BJ index are estimates of the growth rate of T.
WENGEL ET AL.
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Table 1
ReOsc Parameter Cross Correlations in CMIP5
Cross correlations
a11
a11
a12
a21
a22
ξT

a12

a21

a22

ξT

ξh

0.18

0.07
0.20

0.57
0.17
0.23

0.58
0.17
0.44
0.49

0.26
0.34
0.07
0.38
0.52

10.1002/2017GL076849

The relationship between each single ReOsc parameter and ENSO
amplitude is modeled by a set of ReOsc model integrations. Each parameter is varied separately to cover the full range in CMIP5, while the
other parameters are set to the ensemble-mean values (see section 2
for details). The results (green lines in Figures 2a–2f) are quite different
from the linear relationships obtained from the CMIP5 models themselves (blue line in Figures 2a–2f), especially for the growth rates a11
(Figure 2a) and to a lesser extent a22 (Figure 2d).

The combined effect of all parameters ultimately determines the ENSO
amplitude in each CMIP5 model. There are signiﬁcant cross relationships between the variations of the ReOsc parameters within the
CMIP5 ensemble, as shown by their cross correlations (Table 1).
Largest anticorrelation is found between a11 and a22 (0.57) as well as between a11 and ξ T (0.58) and largest positive correlation between ξ T and ξ h (0.52). This suggests the presence of competing ENSO processes,
which previously has been discussed in terms of ENSO feedbacks (e.g., Bayr et al., 2017; Bellenger et al., 2014;
Lloyd et al., 2009). These studies addressed the compensation between the too weak positive zonal wind
feedback and the too weak negative heat ﬂux feedback observed in most climate models, which possibly
is reﬂected by the anticorrelation of a11 with a22 and ξ T. The heat ﬂux feedback is contributing to a11
(Frauen & Dommenget, 2010), and changes in h and hence in a22 are mainly governed by the geostrophic
response to wind stress (Burgers et al., 2005). Further, ξ T is driven by atmospheric noise primarily associated
with westerly wind bursts. However, a detailed analysis of the origin of these covariations is beyond the scope
of this paper.

Note. Correlation values marked in bold indicate statistical signiﬁcance at the
95% level.

To investigate the impact of the competing processes on ENSO amplitude, we extract modes of covariance
from the ReOsc model parameters (Figure 3) by performing an empirical orthogonal function (EOF) analysis,
with the six ReOsc model parameters as one dimension and the individual CMIP5 models as the other dimension. The leading mode (EOF-1) explains 42% of the parameter variability (Figure 3a). Consistent with the
most signiﬁcant cross correlations (Table 1), EOF-1 describes covariability between a11 and a22, between
a11 and ξ T with opposite signs (Figure 3b), and between ξ T and ξ h with the same sign. Explained variances
for each parameter are depicted in Figure 3c. EOF-1 explains largest variance in a11 (59%), a22 (63%), and
ξ T (77%), whereas it explains less variance in ξ h (31%) and low variance in a12 (4%) and a21 (17%). EOF-2,
on the other hand, accounts for the largest explained variance in a12 (67%), a21 (26%), and ξ h (50%) but only
less than 1% in the other parameters.
The sensitivity of ENSO amplitude to the covariability given by EOF-1 can be estimated by scaling the EOF-1
pattern (Figure 3b) over the range of a11. Using this new set of parameters, the ReOsc model is again

Figure 3. Results from the empirical orthogonal function (EOF) analysis of recharge oscillator parameters in the Coupled Model Intercomparison Project Phase 5.
Shown are (a) the explained variances of the EOFs, (b) EOF-1 and EOF-2 (normalized by the standard deviation of the parameters), and (c) the explained variances
of EOF-1 and EOF-2 for each parameter.
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integrated and ENSO-amplitude dependence calculated (red line in Figures 2a–2f). The covariation among
the parameters as given by EOF-1 leads to a dramatic change of ENSO-amplitude dependence on the
ReOsc model parameters (red lines in Figures 2a–2f). For example, ENSO amplitude decreases with larger
values of a11 (red line in Figure 2a), which is the opposite relationship as if only a11 is varied (green line).
Considering the covariability among the parameters reduces the root-mean-square errors (Table S4). This
demonstrates a signiﬁcant inﬂuence of competing processes on ENSO amplitude, mainly between a11, a22,
and ξ T.
We illustrate the impact of the competing processes for speciﬁc models using the growth rate of T (a11) as a
ﬁrst guess of ENSO amplitude. For example, the Australian Community Climate and Earth System Simulator
1.3 (ACCESS1.3) model exhibits rather small ENSO amplitude compared to the other models and SODA (black
cross), although a11 is largest (magenta number 2 in Figure 2a).On the other hand, the growth rate of the
thermocline depth perturbation h (a22) is small in ACCESS1.3 (Figure 2d) as are the coupling terms
(Figures 2b and 2e). Further, there are rather small stochastic forcing terms in ACCESS1.3 (Figures 2c and
2f). Altogether, this may explain why ENSO amplitude is unexpectedly small in this model. Another
interesting example is the Geophysical Fluid Dynamics Laboratory Earth System Model 2M, which exhibits
the largest ENSO amplitude but not exceptionally large a11 (magenta number 18 in Figure 2a). In this
model, the growth rate of h (a22) is high as are the two stochastic forcing terms. It is this combination
that leads to large ENSO amplitude. Our results suggest that competing ENSO processes is a key to
explain ENSO-amplitude diversity in the CMIP5 model ensemble and that the growth rate of T (a11) alone
cannot explain the diversity.
With respect to the coupling parameter a12, the ReOsc model with the covariability of EOF-1 included
becomes unstable for certain parameter values and ENSO amplitude grows to inﬁnity, which is illustrated in
Figure 2b (red circle with upward arrow). This is because EOF-1 explains only a small fraction of the total variance in a12. Variations in this parameter are better modeled by EOF-2 (not shown), as suggested by Figure 3c.
We also repeated the analysis for those CMIP5 models that were selected by Kim et al. (2014), for a set of perturbed physics simulations with the Kiel Climate Model (Park et al., 2009; Wengel et al., 2017) and for the
CMIP3 models (Figures S1–S9 and Tables S5–S13). Qualitatively, the results from the KCM and CMIP3 ensembles are very similar to the CMIP5 results presented here. The stochastic forcing, however, explains less variance in ENSO-amplitude diversity in the former two ensembles relative to CMIP5, but the combined variation
of the stochastic forcing and the growth rate again explains the largest fraction of the spread as in CMIP5.
Further, the growth rate of T (a11) explains less variance in the parameter space in CMIP3 in comparison to
CMIP5 and yields slightly different behavior with respect to the competing processes.

4. Conclusions
We have investigated ENSO-amplitude diversity in models from the CMIP5 within the framework of the linear
ReOsc model. The model involves six parameters representing the growth rates of the eastern equatorial
Paciﬁc sea surface temperature anomaly (T) and equatorial Paciﬁc upper ocean heat content anomaly (h),
the mutual coupling and stochastic forcing of T and h. The ReOsc model has the form of a damped harmonic
oscillator with T and h playing the roles of momentum and position, respectively. Regardless of the ReOsc
models’ simplicity, it can well represent ENSO statistics in reanalysis data (SODA) and climate models.
A large fraction contributing to ENSO-amplitude diversity in the CMIP5 model ensemble is due to variations in
stochastic forcing (34%). This was shown by comparing ENSO amplitudes calculated from the CMIP5 models
themselves with those obtained from ReOsc model integrations when only taking into account the effect of
stochastic forcing. This ﬁnding relates to the limited predictability of El Niño and La Niña events due to the
chaotic nature of high-frequency variability (Eckert & Latif, 1997). Relatively large inﬂuence on ENSOamplitude diversity also originates from the growth rates of T and h (20%), whereas their coupling strength
is of minor inﬂuence. The combined effect of stochastic forcing and the growth rates explains more than 80%
of the variance in ENSO amplitude.
Further analysis revealed competing effects in the ENSO dynamics of the CMIP5 models, primarily between
the growth rates of T and h, and the stochastic forcing of T. The competing processes present an important
source for ENSO-amplitude modulations in climate models. This was shown by integrating the ReOsc model
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for a range of parameters, with and without taking into account the effects of the competing processes, and
comparing the results with those directly obtained from the CMIP5 models. The effect of changes in the
growth rate of T on ENSO amplitude is largely offset by that of the growth rate of h and by the stochastic forcing of T. The cause of these dynamic cross relations is unclear at this point but presents an interesting aspect
of ENSO dynamics and requires further investigation. The possible relation to ENSO feedback compensation
has been noted (Bayr et al., 2017; Bellenger et al., 2014; Lloyd et al., 2009).
We ﬁnd that the growth rate of T from the ReOsc model only explains a very little fraction of ENSO-amplitude
variance. Further, the growth rate does not signiﬁcantly correlate with ENSO amplitude in CMIP5. This is consistent with the ﬁnding by Kim et al. (2014), who applied the BJ index, which approximates the growth rate of
T in terms of positive and negative ENSO feedbacks. We show that the effects of stochastic forcing and competing processes are important factors contributing to ENSO-amplitude diversity. Since the BJ index does not
account for these effects, it must not necessarily correlate with ENSO amplitude.
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