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1. Introduction 
The primary goal of predicting El Niño is to better anticipate the relative likelihood of 

regional climate anomalies. Much progress has been made in the last several decades to 
better understand El Niño and its global consequences (McPhaden et al. 1998, Trenberth 
et al. 1998). This knowledge has motivated more complex and sophisticated prediction 
models, but it’ s not clear whether these advances have translated into increased 
prediction skill of El Niño.  

By the standard verification measures of NINO indices, complex dynamical models 
do not outperform simpler statistical models. Comparison of skill and event evolution 
suggests that dynamical and statistical models are approximately equivalent (Barnston et 
al. 1999, Kirtman et al. 2000). Ultimately what is communicated by these verification 
measures is whether or not a forecast system can indicate an imminent El Niño or La 
Niña event. However, the impact of a particular El Niño on the seasonal climate depends 
on more than the value of a static box average.  

Knowledge of the event’s evolution, in terms of timing, amplitude and structure are 
important characteristics of the event. Studies are beginning to show that the atmosphere 
may be sensitive to the relative placement of warm SST anomalies in the equatorial 
Pacific (e.g. Barsulgi and Sardeshmukh, 2002); however, the limited observational record 
and relative infrequency of El Niño events makes such distinctions difficult to verify in 
nature. Still, an event focused in the central Pacific will carry a different precipitation 
forecast for certain parts of the world than one focused farther in the eastern Pacific.  

The ability to predict seasonal climate anomalies increases significantly during El 
Niño and La Niña events (Shukla 2000; Goddard and Dilley 2005); skill over land 
(world-wide) increases linearly with the strength of the event. The opportunity of 
obtaining better climate forecast information during El Niño events is to some degree 
conditional upon the accuracy of information about the particular El Niño event. 
Therefore, the more reliably ENSO prediction systems can capture the characteristics of 
amplitude, timing and structure of El Niño events, the more reliably the associated 
regional climate anomalies can be forecast. 

 
2. Pattern Correlation – Predicting El Niño Structure 
It is not obvious whether it is dynamical or statistical models that should exhibit more 

accurate patterns of SST anomalies in the equatorial Pacific during El Niño events. 
Statistical models are designed to represent the observed patterns of variability, but 
statistical models can only predict characteristics that are consistent with previously 
sampled events, and to some degree, each El Niño event is unique. Dynamical models 
(i.e. coupled ocean-atmosphere general circulation models, or CGCMs) are free to evolve 
according to the equations of motion and the currently observed state of the ocean; 
however, the majority of CGCMs still have substantial errors or biases in the spatial 
signature of ENSO. El Niño events are often centered too far west, which means that the 



associated convective anomalies are also too far west.  Thus for both statistical and 
dynamical models, one could expect that the spatial structure of El Niño in the prediction 
models may be somewhat constant – that the prediction models cannot discern between 
eastern Pacific focused events and central Pacific focused events, for example. Figures 1 
& 2, comparing two statistical ENSO prediction methods and one CGCM, suggest that 
this is not necessarily the case. The pattern correlation over the eastern equatorial Pacific 
(180-90W; 5S-5N), which largely indicates whether the prediction can distinguish 
between central Pacific and eastern Pacific events, shows instances where the CGCM 
captured the peak SST anomalies in the eastern Pacific (1997) and the central Pacific 
(1994) very well, and instances where the CGCM did not do as well. Similar cases can be 
found for both of the statistical models. 
 

Incremental progress is being made. For example, improved parameterization of 
convective momentum transfer (GFDL, 2005) improves the longitudinal placement of the 
westerly wind anomalies associated with El Niño, which improves both the spatial 
structure of their CGCM’s SST variability and the timescale (Wittenberg 2004, personal 
communication). Still, a diffuse equatorial thermocline in the eastern Pacific is a chronic 
problem that has not yet been overcome.  
 

3.  Improved use of the information 
a) Multi-model predictions 

Predictions benefit from multi-model combination when a group of models shows 
similar skill levels and each contains errors or biases that are somewhat unique to the 
model or technique. Such a situation applies to ENSO prediction as well as climate 
prediction. A combination of ENSO predictions yields a better forecast than any 
individual model, even using equal weights for each model, as is appropriate when the 
hindcast record is limited as it often is for CGCMs (Kirtman et al. 2000). Maps of 
anomaly correlation indicate that unweighted averaging of five CGCMs (Fig 3b) 
improves over the skill from a single CGCM (Fig 3a) especially in the eastern equatorial 
Pacific, in the vicinity of the NINO3 and NINO3.4 regions.  

The results shown in Figure 3 are based on the ARCS (Applied Research Centers) 
multi-model ensemble, which consists of five coupled models. Each CGCM uses the 
same ocean component model (MOM3, Pacanowski and Griffies 1998) and ocean state 
from an ocean data assimilation system (Derber and Rosati 1989). All of the models are 
directly coupled; no corrective terms are added to either the atmosphere or the ocean to 
keep the climate from drifting.  The five coupled models utilize one of the ECHAM4.5 
(Roeckner et al. 1996), COLA (Schneider 2002), or CCM3 (Kiehl et al. 1996) AGCMs 
coupled to two different resolutions of the MOM3 OGCM. The multi-model combination 
is made using an equal weighting for each model. Full details of this multi-model 
ensemble data can be found in Schneider et al. (2003).  
 

b) MOS Correction 
Further improvements can often be made to dynamical predictions by means of 

model output statistics (MOS). Systematic biases can be addressed effectively by such 
methods. However, it often takes careful investigation to identify the accurate 
information provided by the prediction model(s) that is physically connected to the biased 



information provided by the model(s). The CGCMs have errors and biases in their SST 
anomalies, but the biases are not systematic enough to benefit from using the CGCM-
predicted SST anomalies as the predictor (Fig 3c). On the other hand, CGCMs predict 
well the evolution of heat content anomalies. The problems in getting those heat content 
anomalies to the surface are related to model biases such as a too diffuse thermocline and 
imperfect mixing parameterizations. Thus statistically correcting SST anomalies based on 
heat content anomalies leads to dramatic increases in skill (Fig 3d). For the results 
presented, both the heat content and SST correction are done in cross-validated (leave 
one out) EOF regression space. For the predictor and predictand, 6 EOFs each are kept. 
The regression is performed between the principal components of the predictor modes 
with each of the predictand modes. 
 

4. Conclusions 
The current state-of the-art dynamical models perform on par with the best 

statistical models. The best statistical models are about as good as they will ever get. 
However, dynamical models remain far from perfect, which means that improvements 
are possible. Meaningful improvements to CGCMs will involve considerable human, 
observational, and computing resources. In the short term, better use can be made of the 
tools at hand. Multi-model ensembling and MOS techniques yield predictions that 
outperform the raw individual models, and thus probably outperform the best statistical 
tools as well. In the end, the best forecasts should draw on the best information available, 
which means including information from both statistical and dynamical predictions. 
Performance analyses of such systems are likely to reveal the next notable increase in 
ENSO prediction skill. 
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Figure Captions 
Figure 1.Pattern correlation of SSTa between ENSO prediction models and observations 
(OIv2; Reynolds et al. 2002) over the eastern equatorial Pacific (180-90W; 5S-5N). Two 
statistical models are shown: Constructed Analog (CA; van den Dool and Barnston 1995) 
and Markov (Xue et al. 2000), and one CGCM (ECHAM4.5+MOM3; DeWitt 2005). The 
time mean pattern correlation coefficient is listed in the legend for the 3-month lead 
forecasts; that value is approximately 0.3 for all 3 models at 6-month lead. Note, the area 
mean has been removed. 
 
Figure 2. Location of maximum SST anomaly along the equator for 3-month lead (solid 
symbols) and 6-month lead (open symbols) prediction of El Niño events from the same 
set of models shown in Fig. 1. All models, including the statistical ones, appear to be 
incapable of producing a peak SST anomaly in the far eastern equatorial Pacific. 
 
Figure 3. Anomaly correlation maps for 12-month lead forecasts initiated in January for 
the years 1980-1999. (a) Individual CGCM; (b) Raw (uncorrected) ensemble average of 5 
CGCMs; (c) Corrected ensemble-average CGCM SSTa using the raw SSTa for the 
predictor (as described in text); (d) Corrected ensemble-average CGCM SSTa using 
ensemble-average heat content for the predictor. 
 


