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1. Introduction 
 
This note has the main objective to synthesize what is currently known about the mechanisms 
involved in the predictability on seasonal to decadal timescales, mainly over the North Atlantic 
European sector. We first present some observational evidence of predictability over the North 
Atlantic and Europe. We then describe what is known about the influence of the different slow 
components of the climate system onto the North Atlantic European climate. We also comment 
on recent new results suggesting that anthropogenic forcing may play a role on seasonal to 
decadal prediction. This note attempts to briefly summarize a series of recent review and working 
papers (available upon request to the interested reader) which are listed at the end of the report. 
 

2. The predictability time scales 
 

a. The seasonal scale 
 
The atmosphere and the ocean are subject to many dynamical instabilities, which limit the time 
during which their behaviour can be deterministically forecasted. For longer time-ranges, i.e. 
longer than 10 to 20 days, the atmosphere can at best be predicted on a statistical basis. This 
mainly depends upon its external forcing, coming either from the ocean or the land-surface. 
Climate being defined at the mean over many different atmospheric states, it can then be 
predicted up to a few months in advance, which is a typical time scale for the so-called "slow 
components" of the climate system. The forecast can sometimes be extended to longer time 
scales, particularly true when the coupled ocean-atmosphere system is subject to relatively high 
frequency climate variability (here high frequency corresponds to the small-end-side of climate 
variability time scales, but is still larger than the periods of internal atmospheric instabilities).  
 
Seasonal climate forecasting relies very often upon Monte-Carlo-type simulations, where the 
ensemble of realisations is made out of integrations with slightly different initial conditions for 
either the atmosphere and/or the ocean. Such operational forecasting is performed in a number of 
centres, among which two of the best known are ECMWF in Europe and IRI in United States. 
Both centres are able to provide up to six months in advance reasonably skilful forecasts for the 
appearance, maintenance, and decay of the ENSO phenomenon. El Niño, or the warm phase of 
ENSO in the tropical Pacific induces many climatic disturbances in other "teleconnected" regions 
of the globe. These disturbances can be also forecasted due to the relatively-large amplitude of El 
Niño-related disturbances. Forecasting for higher latitudes, and especially northern Atlantic and 
Europe, appears however less skilful.  
Land properties such as soil moisture and snow depth also show significant persistence at the 
monthly to seasonal timescale. Although it is less justifiable to consider these properties as pure 
boundary conditions for the atmosphere, they are in closer proximity (than SST) to the land 
weather variables we wish to predict. Land properties may, therefore, represent another potential 
source of seasonal predictability in addition to the oceanic component. Figure 1 and Table I show 
the effect of perturbing initial soil moisture conditions for summer 2003 seasonal forecasts 
started on 1 June 2003. Drier conditions lead to warmer surface air temperatures, presumably by 
increasing surface sensible heat fluxes at the expense of surface latent heat fluxes (evaporation). 



The initial soil moisture anomalies gradually decay over the course of the season but still lead to 
statistically significant temperature anomalies in July and August. The ECMWF operational 
analysis had a European average soil moisture content of about 75% on 1 June 2003. However, 
there is some doubt about the accuracy of this initialization. Table I suggests that a value of 25% 
would have increased the ensemble 2m temperature forecast for August (see Fig. 1) by around 
2oC. If the soil moisture content had been initialized at 50%, this would still have led to a higher 
temperature forecast and thus have had a beneficial impact on the seasonal forecast (Ferranti et 
Viterbo 2006). 
 
Increasing the skill of seasonal climate forecasting is intimately related to two different factors: 
the first one is the possibility of accurately predicting the slowly evolving boundary conditions 
(for instance, oceanic thermal structure and currents, soil moisture and snow depth). The second 
one relies on our ability to understand and correctly simulate both the transient and equilibrium 
atmospheric response to these anomalous boundary forcings. The latter can also be viewed as a 
signal to noise ratio problem where one has to precisely quantify the signal properties due the 
boundary conditions versus those of the noise (the intrinsic natural variability). 
For monthly and seasonal forecasts, although strictly interactive, sea-surface temperature and soil 
moisture for example may provide a boundary forcing that allows for some atmospheric 
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Figure 1: European 850hPa temperatures (T850) 
averaged over 40-50oN, 0-20oE based on five 9-member ensembles of ECMWF 
atmospheric model simulations started from 1 June 2003. Each ensemble is 
initiated with different soil moisture conditions (as indicated). Results from 
Laura Ferranti. 



predictability. Skill improvement can only be achieved by developing more elaborated 
assimilation techniques of observational data into global oceanic and land surface models, both 
from in-situ and space-borne sensors. Another very important aspect is to pursue the 
improvement of the coupled ocean-atmosphere-land models used in seasonal prediction, with a 
focus onto the air-sea feedbacks involving SST and heat fluxes, the interaction between the 
diurnal cycle and the oceanic mixed layer evolution as well as on the coupling between the land 
surface and the atmospheric boundary layer. All these processes play an important role on the 
ocean and land surface memory represented by the persistence of tropical and extratropical SST 
and soil moisture (and other land surface properties) anomalies. 
 

 Jun Jul Aug 

Z500 (m) +16 +2.5  

T850 (K) +3.4 +3.5 +2.0 

Z1000 (m) -6 -23 -17 

T2m (K) +4.0 +3.5 +2.0 

Table I. Monthly-mean European sensitivity (averaged over the box 10oW-30oE, 37oN–60oN) to a change in initial soil 
moisture content. Results are the difference between the means of two 9-member ensembles of atmospheric model simulations 
with 25% and 75% initial soil moisture content, respectively. Simulations were started on 1 June 2003. The model is the European 
Centre for Medium-range weather forecast model, cycle 26R3. Results from Laura Ferranti. 

 
These seasonal forecasts may have important social and economic value for a variety of sectors: 
energy, health, agriculture and tourism. As an application of seasonal climate forecast, electricity 
production is an example demonstrating the high economic added-value obtained from 
forecasting colder winter episodes with enough lead time. Seasonal climate forecasting should 
improve the management of power plants network, by making it possible to choose the most 
optimal economic equilibrium between various plants (nuclear, fuel, hydroelectric).   
 

b. The interannual and (multi-)decadal scale 
 
In sharp contrast to seasonal forecasting, interannual to (multi-)decadal climate predictions are at 
an initial stage. Nonetheless, there are many things that can be learned from the seasonal 
forecasting experience. Paramount among these is the recognition that better understanding of the 
physical mechanisms involved and better monitoring systems are needed for advances to be 
made. In terms of understanding the physical processes involved in decadal variability, we suffer 
much more significantly from a lack of adequate data (in terms of space-time coverage), and we 
shall have to wait much longer to get it. Thus, in decadal variability studies there has been a 
heavy reliance on models. But models do not always agree with each other or with observations, 
and thus while models have been helpful in identifying possible mechanisms, the true 
mechanisms for decadal variability are still not known. However in this respect, observations can 
play a crucial role: they can be used to reduce model uncertainties, through improvements in 
model physics, especially those aspects believed important to decadal and multi-decadal 
timescales, and on which models disagree. Many observational and modelling studies describe 
pronounced decadal and multidecadal variability in the Atlantic Ocean. However, it still needs to 
be quantified to which extent the variations in the ocean drive low-frequency variations in the 
atmosphere and over land. In particular, although a clear impact of the Tropics on the 



Midlatitudes has been demonstrated, it is still unclear if and how the extra-tropical atmosphere 
responds to midlatitudinal sea surface temperature anomalies.  
 

3. Observational evidence of predictability over Europe  
 

a. The seasonal scale 
 
Firstly, we consider ocean temperatures as possible quasi-boundary conditions that may lead to 
climate predictability. A natural starting point in the search for evidence of an oceanic influence 
on climate variability is to consider correlations (or covariances) between oceanic and 
atmospheric fields. Simultaneous correlations, however, tend to be dominated, particularly in the 
extratropics, by the ocean's response to atmospheric variability. Hence it is necessary to consider 
lead/lag correlations, in which the ocean fields lead the atmosphere fields.  
 
There have been many studies using various statistical methods which have studied these 
relationships for the North Atlantic European sector. Among many others, Czaja and Frankignoul 
(2002) performed a lagged maximum covariance analysis (MCA) between Atlantic ocean sea 
surface temperatures (SST; 20oS-70oN) and Atlantic sector 500 hPa geopotential height (Z500).  
Their results indicate a significant influence of Atlantic Ocean conditions on the circulation of the 
atmosphere over the North Atlantic region in early winter (Nov-Dec-Jan). Figure 2, taken from 
their study, shows the leading MCA mode between summertime SST and early winter Z500. The 
SST pattern has a horseshoe shape, while the Z500 field shows a dipole structure that is similar to 
the pattern of the North Atlantic Oscillation (NAO). The sign of the association is that positive 
SST anomalies in the low latitude North Atlantic are associated with a negative NAO index 
(according to the usual NAO sign convention).  The time series is dominated by multi-annual 
variability (but note that the lowest frequencies were removed from the analysis). Relying on a 
similar analysis, Drévillon et al. (2001) have shown the role of the transient eddies and their 
interaction with stationary waves as a potential positive feedback acting to strengthen and 
maintain the initial anomaly induced by the SST forcing. 
The absence in Fig. 2(bottom) of significant correlations with SST variations outside the Atlantic 
basin is consistent with the suggestion that this mode is evidence of an Atlantic Ocean influence 
on climate.  It is difficult to be certain, from an observational analysis, which SSTs are the most 
important for this apparent forcing but Czaja and Frankignoul (2002) suggested a major role for 
the midlatitude SST anomalies. Other modeling studies have suggested the influence of the 
tropical Atlantic as well (Drévillon et al. 2002). In addition it should be noted that, because of the 
4 month lag employed, we cannot infer that the atmosphere responds to the SST pattern indicated 
in Fig. 2; rather, it must respond to whatever ocean conditions develop from this pattern in the 
subsequent autumn and early winter.  We may anticipate a significant degree of persistence in the 
pattern but the evolution will also be influenced by, for example, advection in the ocean and air-
sea fluxes. 



Figure 2: Observationally-based maximal covariance analysis (MCA) results. (top) Normalised sea-
surface temperature (SST) timeseries from the first MCA mode of Jun-Sep SST and Nov-Jan 500 hPa 
geopotential height (Z500) in the midlatitude box [100oW-20oE, 20oN-70oN]. Each year consists of 
three vertical bars (Jul-Aug-Sep). (bottom) Correlation maps between the above timeseries and Z500 
(thick black contours, CI=0.1) and SST (shaded, with white contours for positive values and black 
contours for negative values, only correlations with amplitude ≥0.2 are indicated, CI=0.1). From 
Czaja and Frankignoul (2002). 
 

 
Rodwell and Folland (2002) performed a similar analysis to Czaja and Frankignoul (2002), and 
again found a significant association between the wintertime North Atlantic Oscillation and 
preceding anomalous conditions in the Atlantic Ocean.  They used monthly SST data rather than 
3 month means and found that a pattern of SST in the preceding May provides the best predictor 
of the subsequent wintertime (DJF) NAO, yielding a statistically significant correlation skill of 



0.45.  They suggested that the insulation (after May) of upper ocean temperature anomalies 
below a shallow summer layer and the subsequent mixing back to the surface in the following 
autumn and winter may provide memory for the forecast (see below the re-emergence study). 
Non linear techniques such as cluster analysis have also been used to study the teleconnection 
between the tropical Atlantic and the mid-to-high latitudes. Cassou et al. (2004) have shown that 
the horseshoe pattern originates from the tropical North Atlantic with the Caribbean basin acting 
as a Rossby wave source region. They have also suggested different summer SST patterns for the 
two winter NAO phases. 



(a) MAM (b) JJA 

(c) SON (d) DJF 

Figure 3: Observationally-based local seasonal persistence forecasts (anomaly correlation skill) for 2m temperatures. 
(a) March - May (MAM) from January anomalies. (b) June - August (JJA) from April anomalies. (c) September - 
November (SON) from July anomalies. (d) December - February (DJF) from October anomalies. Data comes from 
ERA40 1959-2001. 

SSTs from other regions (e.g. the Indian Ocean, Hoerling et al., 2001, the South Atlantic, 
Robertson et al., 2000) could also have an influence on North Atlantic (and possibly European) 
climate and this may imply predictability at seasonal or longer timescales. Cassou and Terray 
(2002) have shown that the connection between ENSO events and the North Atlantic is not 
symmetric with a strongest connection in case of La Niña events. The connection isn’t the NAO 
in this case but rather the East Atlantic pattern. Many other studies have reported significant 
impacts of ENSO upon various climate variables (including precipitation) for various seasons. 
For 2m temperatures, Fig. 3 shows that local persistence can provide some limited seasonal 
predictability for Europe. This may come from the persistence of local boundary conditions such 
as soil moisture (for example in summer in the more arid regions of Europe associated with a 
change in the Bowen ratio, Fig. 3b), snow-cover (for example in spring associated with albedo 



and latent heat effects, Fig. 3a) and coastal SST (the Baltic seems particularly influential in 
spring). For winter, atmospheric internal variability is strong and this reduces the skill of 
persistence forecasts, Fig. 3d. However, for winter, there is some observational evidence (e.g. 
Baldwin et al, 2003) that stratospheric annular mode anomalies lead the surface “Artic 
Oscillation” by a couple of weeks. How this apparent predictability translates into European-scale 
predictability is still unclear. Experiments with current coupled models used in seasonal 
forecasting having an enhanced vertical atmospheric resolution (90 levels) are underway to tackle 
this question (Déqué, personal communication). 
 

b. The decadal scale 
 
Given the short period over which we have coherent and homogeneous observed datasets, the 
previous statistical approach can’t directly be used for the decadal scale. However, it is still 
possible to describe low frequency climate variability in both the atmosphere and ocean and 
explore the physical links between the two (again, the idea is to show that the ocean may 
influence the atmosphere on long time scales due to the persistence of SST patterns associated to 
specific low frequency oceanic modes).  Kushnir (1994), following Bjerknes (1964), investigated 
the timescale dependence of the relationships between the atmosphere and Atlantic Ocean. He 
suggested that interdecadal timescale changes in SST associated with, for example, the 
Thermohaline circulation and the Gulf-stream/gyre circulation (Greatbatch et al., 1991) may have 
been responsible for the strong rise around 1970 in 15-year mean MSLP over the area 20°-40°W, 
40°-50°N. A large number of observational studies exist concerning the decadal to multidecadal 
variability in the Atlantic sector. Bjerknes 1964, for instance, concluded from his analysis of the 
observations that the atmosphere drives the ocean at interannual timescales, while at the decadal 
to multidecadal timescales it is the ocean dynamics that matters. Many subsequent observational 
and modelling studies agree basically with this view (e.g. Delworth et al. 1993, Latif 1998 and 
references therein), so that the predictability potential in the Atlantic sector is probably largest at 
the decadal to multidecadal timescales (see also figures 5 and 6). 
The most prominent atmospheric phenomenon over the North Atlantic is the North Atlantic 
Oscillation (NAO, Hurrell 1995). The NAO index exhibits rather strong interannual variability, 
but also some considerable decadal to multidecadal variability (Fig. 4 shows a low-pass filtered 
version). The variations in the NAO have been clearly linked to surface temperature and 
precipitation variations over Europe and North America. In particular, the anomalously mild 
winters over Northern and Central Europe during the last few decades have been attributed to a 
persistence of positive phases of the NAO. It has been shown that decadal to multidecadal 
variations coherent with those in the NAO can also be observed in the ocean (Curry et al. 1998), 
which implies the existence of some kind of air-sea interactions. We briefly discuss below what 
is known about the nature of these interactions. 
We turn now to the Atlantic ocean and in particular to the Atlantic Multidecadal Oscillation 
(AMO). Folland et al. 1986 describe multidecadal variations in the Atlantic sea surface 
temperature (SST) and subsequent modelling studies [e.g. Delworth et al, 1993; Delworth and 
Mann, 2000; Knight et al, 2005] have isolated a plausible mechanism related to the intrinsic 
multidecadal variability of the North Atlantic thermohaline circulation (“THC”). The AMO, 
represented by an interhemispheric dipole pattern, is associated to low frequency fluctuations of 
Southeast US and West African (Sahelian) rainfall. Deser and Blackmon (1993) investigated the 
variability of the surface climate over the North Atlantic and described two modes that are 
relevant here: A quasi-decadal mode and a multidecadal mode. The latter is very similar to the 



AMO and was also found in global-scale temperature pattern analysis (Mann et al. 1998, Latif et 
al. 2004, Sutton and Hudson 2005). This dipolar pattern is associated with a clear multidecadal 
timescale and is probably connected to the meridional overturning circulation in the Atlantic 
(AMOC) as shown by Latif et al. 2004 analyzing a coupled model simulation. Latif et al. 2005 
show that the variations in the AMOC, as expressed by a dipolar SSTA index, are driven by the 
low-frequency variations in the NAO and lag them by about a decade (Fig. 4). Other studies point 
out the possibly important role of changes in the density of the overflows which could induce a 
significant slackening of the MOC in response to global warming. The changes in the NAO drive 
changes in the Labrador Sea convection, as expressed by the depth of the Labrador Sea Water 
(LSW) (Fig. 4), and these drive in turn the changes in the AMOC. This statistical relationship 
between NAO, LSW, AMOC and SST is important in the light of decadal AMOC/SST 
predictability in the Atlantic, as the state of the multidecadal mode in the Atlantic may be 
predictable from the history of the NAO. Although, it is relatively well accepted that the 
atmospheric response to the ocean variability is strongest on decadal to multi-decadal timescales, 
it is still an open question to what extent the NAO induced multidecadal changes in the AMOC 
and what is the nature of the oceanic feedback, if any. 

 
Figure 4: Time series of the winter (DJFM)NAO index (shaded curve), a measure of the strength of the westerlies and heat 
fluxes over the North Atlantic and the Atlantic dipole SST anomaly index (°C, black curve), a measure of the strength of 
the AMOC. The NAO index is smoothed with an 11-year running mean, the dipole index unsmoothed (thin line) and 
smoothed with a 11-year running mean filter (thick line). Multidecadal changes of the MOC as indicated by the dipole 
index lag those of the NAO by about a decade, supporting the notion that a significant fraction of the low-frequency 
variability of the AMOC is driven by that of the NAO. The top figure shows annual data of LSW thickness (m), a measure 
of convection in the Labrador Sea, at ocean weather ship Bravo, defined between isopycnals �1.5 = 34.72-34.62 following 
(Curry et al. 1998).From Latif et al. (2006). 
 
 
The SSTA signature of the multi-decadal mode is distinct from the well-known North Atlantic 
SSTA tripole pattern (Visbeck et al. 1998) which is the leading mode on interannual to decadal 
timescales. The SSTA tripole can be basically understood as the ocean’s mixed layer response to 
anomalous heat flux forcing associated to the NAO. As shown by Mann et al. 1998, the 



multidecadal mode existed throughout the last few centuries, so that it can be regarded as a stable 
mode of the Atlantic climate system.  

Observational studies, such as those highlighted above, are clearly essential if we are to 
validate our climate models and bench-mark the skill of their forecasts. On the other-hand, the 
shortness of the observational record and the inability to perform sensitivity studies means that 
model-based studies are also required to investigate the mechanisms through which the 
predictability arises. In the next two sections we quantify model-based predictability (in the 
boundary-value-forced AGCM context) and discuss mechanisms and model validation. 

4. Sources of potential predictability from forced AGCMs integrations 

a. SST forcing 

An assumption that has been traditionally made within seasonal-to-interannual predictability 
studies is that the SSTs can be considered as true boundary conditions (so that time variations of 
SSTs are independent of the atmosphere that we wish to predict). This assumption has been 
convenient because it has allowed the exploration of the climate system with atmospheric general 
circulation models (AGCMs) that have been more widely available and cheaper to run than 
coupled ocean-atmosphere models. Although two-way ocean-atmosphere coupling in the real 
world at the intraseasonal timescale (e.g. Barsugli and Battisti 1998, Bretherton and Battisti 
2000) strictly invalidates the assumption that the SSTs are true boundary conditions, the 
assumption remains a useful one because, for example, it provides a first estimate of "potential 
predictability" (an upper-bound of predictability at least in the conceptual perfect model 
framework, see below).  

For a given AGCM, an ensemble of simulations can be made which differ in their initial 
conditions but which are all forced with the same time-varying SST boundary conditions. 
“Potential predictability” is defined as the fraction of atmospheric variance that is explained by 
SST forcing (i.e. common to all ensemble members). It can be estimated using the analysis of 
variance (ANOVA) technique (see, e.g., Rowell and Zwiers, 1999). The word "potential" refers 
to the assumption that the model is "perfect enough" to make the estimate an achievable upper 
bound for predictability if we could predict the SSTs perfectly. Comparison of the potential 
predictability estimated using different models can be a useful indicator for the sensitivity of true 
predictability to the representation of different physical processes. However, it must be noted that 
one can never be sure that the model is “perfect enough” and thus, the derived upper bound of 
predictability does not strictly apply to the true predictability (that of the real system). In 
principle, it would be better to do the reverse operation: instead of assuming that the model is 
perfect (which will never be true), it would be conceptually more satisfying to degrade the 
observations so they become as good as the models (this is indeed a vague statement and more 
work is needed to elaborate on this idea). 

Figure 5 shows potential predictability of seasonal (all four seasons) mean sea-level pressure 
estimated with the ARPEGE AGCM at T63 resolution and 31 vertical levels, using an ensemble 
of 19 simulations forced by observed SSTs over the period 1950-1999. The general picture, 
which is a well-known result (see, e.g., Kushnir et al. 2002), is that there is relatively high 
potential predictability in the tropics and subtropics but that this drops-off rapidly as we move to 



mid-latitudes. Larger values are also depicted over the tropical oceans, in particular over the 
Pacific due to the ENSO phenomenon. There appears to be very little potential predictability, 
based on SST forcing alone, for the North Atlantic Europe sector. There, the summer appears to 
be the season with the strongest potential predictability. From the PREDICATE project (where 
the ensembles were of small size), we noted that there can be large differences between different 
models, even in the tropics, but it was unclear whether this represents true model differences or 
simply sampling uncertainties. Larger ensembles with the other models are required to attribute 
these differences. 

There are somewhat more optimistic sets of results than those shown in Fig. 5 (left column). 
For the midlatitude regions, the summer (here defined as July - September) tends to be more 
potentially predictable than winter, partly because JJA has weaker internal variability.  In 
addition, the ANOVA technique can be extended in the frequency domain (Rowell and Zwiers 
1999) and results suggest that the percentage of total variability that is forced by SSTs tends to 
increase as longer timescales are considered. Figure 5 (right column) gives potential 
predictability for fluctuations in MSLP that are longer than about 8 years. The increased potential 
predictability for longer timescale fluctuations is presumably a reflection of the fact that internal 
variability in the atmosphere has a white spectrum whereas SST variability displays a redder 
spectrum. The Caribbean basin is the main center of decadal variability of the SST forcing and 
related convection activity. It could influence the North Atlantic region through Rossby wave 
teleconnections (Hoskins and Sardeshmukh, 1987, Terray and Cassou 2002). In addition, the so-
called tropical Atlantic interhemispheric mode has more power at decadal timescales. The 
ARPEGE AGCM appeared in the PREDICATE project to show the highest estimates of 
extratropical potential predictability. However, statistical significance is even harder to achieve at 
these longer timescales and apparent model differences may also be due to sampling 
uncertainties. 



 

Figure 5: MSLP potential predictability for the four seasons. Left column: all frequencies are considered (AF). Right column: 
for fluctuations with periods greater than 8 years (LF). White areas show non significant values with a F-test at the 99% 
confidence level. From Caminade(2006). 

Autumn values are generally close to summer ones in the tropical-subtropical band while 
becoming very weak and barely significant at higher latitudes. Potential predictability minima are 
obtained for the spring season for all models. 

Figure 6 shows that precipitation displays very weak potential predictability, in particular 
over the continents and even at low frequencies, except within the tropical band and to a much 
lower extent, over the Mediterranean and surrounding land areas.  

It is important here to recall here that potential predictability, based on the ANOVA 
methodology, is a simple and rough estimate for predictability and should be viewed with 



caution. Many hypotheses are necessary to perform and legitimize the variance decomposition. 
For instance, the interaction between internal and forced variability is generally neglected (Peng 
and Robinson 2001). In addition, the source of the predictability (i.e. which ocean basin is most 
important for the forcing) and its fluctuations with time are not indicated. This requires dedicated 
sensitivity experiments and raises questions about the linearity of the influence of the various 
oceanic basins. Above all, the model is assumed to be perfect; an imperfect model could over-
estimate or under-estimate the potential predictability depending on how well it represents key 
physical processes. 

 

Figure 6: precipitation potential predictability for the four seasons. Left column: all frequencies are considered (AF). Right 
column: for fluctuations with periods greater than 8 years (LF). White areas show non significant values with a F-test at 
the 99% confidence level. From Caminade(2006). 



Instead of estimating potential predictability, we can assess how well present (imperfect) 
AGCMs can “predict” the observed atmosphere. Within the AGCM framework, we continue to 
assume that the SSTs are perfectly predictable boundary conditions and so we define the 
“potential predictive skill” to be the correlation between the ensemble mean response and the 
observations. 

Figure 7 shows the DJF potential predictive skill for MSLP from the ARPEGE AGCM. 
While the potential predictive skill results tend to confirm the higher levels of potential 
predictability for the tropics, there is very little statistically significant predictive skill in the 
extratropics, in particular over western Europe. This could indicate that each model’s ensemble 
members agree with each other too well in the extratropics (thus inflating the potential 
predictability) or that the model fails to capture an important physical process (thus deflating the 
potential predictive skill). Although the role of tropical SST in forcing the atmosphere is thought 
to be better understood than that of extratropical SST, the differences found in the PREDICATE 
project between different models suggests that further work is still required, even for the tropics. 

 

Figure 7: correlation between the ARPEGE 19-member ensemble mean SLP and NCEP reanalysis over the 1950-1999 
period. Upper row: all frequencies. Bottom row: the data are low-pass filtered to keep only fluctuations with periods 
greater than 8 years. The right column shows a zoom over Europe. From Caminade (2006) 

It is possible that more potential predictive skill may be achieved for particular modes of 
variability. Several studies, starting with Rodwell et al (1999) (see also Mehta et al, 2000 and 
Doblas-Reyes et al, 2003) have shown some potential predictive skill in reproducing the 
historical record of variability in the winter NAO (an interannual correlation of 0.41 was 
achieved with 6 ensemble members over the period 1947-1997). The exact signification of these 
correlation values must be viewed with great caution (see Mehta et al, 2000 and Figure 8). Even 
with 6 members, there is a large scatter in the correlation for both tropical and extratropical 
indexes. Note also that the interannual NAO index variations due to the AGCM noise (black dots, 



Fig.8) show a mean value close to the correlation between the 19-member ensemble average and 
the observations (0.35) as well as a large spread. It suggests that detecting the SST signal (which 
explains about 10% of variance in Nature’s one realization) may be difficult with this model. 

 

 

Figure 8: correlation coefficients between the observed Sahel rainfall (upper panel) and NAO (lower panel) indices and 
the simulated ones averaged from various combinations of the 19 ARPEGE AGCM integrations. The red and blue vertical 
lines indicate the range of correlation coefficients estimated using unfiltered and filtered data, respectively. The solid lines 
denote the average correlation coefficients. The black dots denote correlation coefficients between each simulated Sahel 
rainfall and NAO indices and the average of the remaining 18 simulated indices. From Caminade(2006). 

 

These studies suggest a significant oceanic influence on modes of variability of North 
Atlantic climate, but there is some debate about which regions of the ocean are most important. 
For the NAO mode, Rodwell et al (1999) emphasized the role of SST anomalies in the Atlantic 
basin, whereas Hoerling et al (2001) suggested that the rising trend in the NAO index that was 
observed in the later part of the twentieth century was primarily a response to SST changes in the 



Figure 9: Atmospheric model forecast correlation skill for European 500 hPa geopotential height anomalies 
1979-1993, first averaged over the box  [12.5oW-42.5oE, 35oN–75oN] and over the forecast months 2-4 from 
(open bars) the individual models used in the EC-funded PROVOST project forced with observed SST and (filled 
bars) the mean of all models. The seasons shown are April - June (AMJ), July - September (JAS), October - 
December (OND) and January - March (JFM). Verification data comes from ERA40. 

tropical Pacific and Indian Oceans, with little role for the Atlantic. Cassou and Terray (2001) 
found relationships between modes of atmospheric variability in the North Atlantic region and 
both ENSO and Atlantic SST although it was unclear whether these represented independent 
forcing mechanisms. Terray and Cassou (2002) also suggested that extratropical North Atlantic 
SST anomalies may be the signature of the atmospheric response to tropical Atlantic SST forcing. 
Further investigation is required to resolve these differences over which SSTs are important. 

The EC-funded PROVOST (see also section 6) program considered a SST-forced multi-
model approach to potential predictive skill. Figure 9 (open bars) shows potential seasonal 
predictive skill of area-averaged European Z500 from four atmospheric models. There does appear 
to be some skill in all seasons but this is rather weak (and somewhat mixed in autumn). Notice 
that the best individual model changes from season to season. Figure 9, filled bars shows the 
potential predictive skill of the multi-model mean. Interestingly, the multi-model mean shows a 
similar level of potential predictive skill to that of the best individual model for each season. It 
has been demonstrated that this is not simply due to the multi-model having a larger ensemble 
size (Doblas-Reyes et al. 2000). 

Clearly potential predictability and predictive skill measures need to be completed with a 
more mechanistic approach (sensitivity experiments to a given SST pattern for instance). A short 
synthesis of the current knowledge about such mechanisms is given in the next section. Firstly, 
however, the effects of other potential “boundary forcings” are considered. 

b. Land surface “forcing” 

Land properties such as soil moisture and snow depth also show significant persistence at the 
monthly to seasonal timescale. Although it is less justifiable to consider these properties as pure 
boundary conditions for the atmosphere, they are in closer proximity (than SST) to the land 
weather variables we wish to predict. Land properties may, therefore, represent another potential 



source of seasonal predictability. Soil moisture (SM) may increase the forecast skill and thus be 
relevant for seasonal prediction particularly in regions and seasons where and when the 
atmospheric response to SST forcing is weak (Koster et al., 2000; Douville and Chauvin, 2000). 
The evaluation of the SM based predictability has been set back partly because of the lack of 
reliable global reanalysis or observations and partly because of the implementation of the land 
surface models. The SM contribution to the predictability problem is conditioned by two 
questions: how predictable are the SM anomalies themselves? How strong is the atmospheric 
response to SM forcing?  

SM memory is controlled by the seasonality of the atmospheric state, the dependence of 
evaporation on SM, the variation of runoff with SM and by the coupling between SM and the 
atmosphere (Koster and Suarez, 2001). Wu and Dickinson (2004) have quantified the timescales 
over which these factors act. SM memory is short within the Tropics and increase with latitude 
(Manabe and Delworth, 1990). It increases with depth and vary with season but it is relatively 
longer in arid regions. Furthermore SM memory can be much longer in dry conditions than in wet 
cases in warm climates (Wu and Dickinson, 2004). Previous studies have shown that SM 
persistence could be translated to atmospheric persistence in a small number of regions 
(Schlosser and Milly, 2002). Atmospheric variability in transition zones between dry and humid 
areas is particularly affected by land surface forcings (Koster et al. 2000 and 2002). On the other 
hand, SM predictability was found to be high in the arid/semiarid regions and smaller over rainy 
temperate zones and tropical monsoon regions in the Kanamitsu et al. (2003) experiments.  

Two types of numerical experiments have been conducted to assess the SM influence on 
climate variability focusing either on the initial or boundary conditions problem. In the context of 
dynamical seasonal prediction, many studies have been devoted to the impacts of SM 
initialization on forecast skill. Koster et al. (2004) have shown a small increase of the skill in the 
Great Plains in summer. Fennessy and Shukla (1999) concluded that the influence of realistic 
initial SM was mainly local and dependent on several factors including the area extent and 
magnitude of the initial SM anomaly, its persistence but also the mean climate of the region. 
While they demonstrated the incompatibility between observed SM and modeled SM, Zhang and 
Frederiksen (2003) have indicated that realistic relative SM anomalies may contain useful 
informations for improving the simulated climate mostly locally. Delworth and Manabe (1988 
and 1989) showed that interactive soil moisture may substantially increase the variability of near-
surface temperature and relative humidity, especially in summer at midlatitudes (see also Koster 
et al. 2000). Moreover, they found that soil moisture anomalies could persist over monthly to 
seasonal time scales, suggesting the relevance of initial soil moisture conditions for seasonal 
climate simulations. Douville (2004) has also suggested that the atmospheric variability is 
sensitive to the SM feedbacks while atmospheric potential predictability is mostly sensitive to the 
initial SM.  

In most studies, realistic initialization of SM has led to mixed results concerning the skill of 
precipitation or temperature forecast as in Douville and Chauvin (2000), Koster and Suarez 
(2002) or Dirmeyer (2003). The design of the experiment itself can affect the atmospheric 
response to land surface forcing (Douville, 2003, 2004). A small number of potential 
predictability studies based on different experimental design and SM data have led to contrasted 
results. Yang et al. (2004) designed an ensemble of AGCM forced simulations using observed 
SST and "reanalyzed" SM over the period 1979-2000. Focusing their analysis on the US region 



and the summer period, they found small (negligible) near surface temperature (precipitation) 
predictability.  

Global estimations of soil moisture can now be derived from operational land surface data 
assimilation systems (Houser et al. 2004) or by driving land-surface models (LSMs) with 
analyses of precipitation and solar radiation. This latter technique has been used in the Global 
Soil Wetness Project (GSWP) to provide global soil moisture datasets (IGPO, 1998). Using high-
resolution SM climatologies for the contrasted years 1987 and 1988 derived from the first GSWP, 
Dirmeyer (2000) and Douville and Chauvin (2000) have shown the relevance of realistic SM for 
simulating seasonal precipitation. The use of “realistic” SM also enhanced hindcast scores and 
potential predictability over semi-arid regions in the GCM experiments designed by Kanae et al. 
(2006). In a perfect model framework (GLACE project), Koster and the GLACE team (2004) 
pointed out such semi-arid regions as climate “hot spots” where the land-atmosphere coupling is 
particularly strong. Dirmeyer (2005) assessed the predictability gained by different combinations 
of flux replacements and initial conditions. While land initial conditions helped to create realistic 
climate anomalies in some regions, the flux replacements were necessary to maintain the 
simulated SM in realistic regimes.  

Recent work conducted in the framework of the ENSEMBLES project has shed new light on 
these questions (Conil et al. 2006). The strategy was designed to perform a complete analysis of 
the respective role of SST and SM in maintaining climate variability and predictability, with an 
emphasis on the role of realistic low frequency SM forcing. Three ensembles of AMIP-type 
simulations using the Arpege-Climat coupled land-atmosphere model have been performed to 
assess the relative influence of SST and soil moisture on climate variability and predictability. 
The study takes advantage of the GSWP2 land surface reanalysis covering the 1986-1995 period. 
The GSWP2 forcings have been used to derive a global soil moisture climatology that is fully 
consistent with the model used in this study. One ensemble of 10 simulations has been forced by 
climatological SST and the simulated soil moisture is relaxed toward the GSWP2 reanalysis. 
Another ensemble has been forced by observed SST and soil moisture is evolving freely. The last 
ensemble combines the observed SST forcing and the relaxation toward GSWP2.  

First, an analysis of variance has revealed the effects of the SST and soil moisture boundary 
forcings on the variability and potential predictability of near-surface temperature, precipitation 
and surface evaporation. While in the tropics SST anomalies clearly maintain a potentially 
predictable variability throughout the annual cycle, in the mid-latitudes the SST forced variability 
is only dominant in winter and soil moisture plays a leading role in summer. In a similar fashion, 
the annual cycle of the hindcast skill (evaluated as the anomalous correlation coefficient of the 
three ensemble means with respect to the "observations") indicates that the SST forcing is the 
dominant contributor over the tropical continents and in the winter mid-latitudes but that soil 
moisture is supporting a significant part of the skill in the summer mid-latitudes.  

Focusing on boreal summer, Conil et al. 2006 have then investigated different aspects of the 
soil moisture and SST contribution to climate variations in terms of spatial distribution and time-
evolution. The analysis of the three sets of experiments suggests that if the combined influence of 
the SST and soil moisture forcings is almost linear for the near surface temperature and 
precipitation, it is strongly non-linear for the free troposphere geopotential height. A particular 
attention has also been paid to two contrasted cool/wet and warm/dry years over North America 



and Europe, where soil moisture anomalies play a major role in the simulation of summer large-
scale atmospheric circulation. The composite anomalies of precipitation, near surface temperature 
and Z500 over the European sector for the two contrasted years 1992 and 1987 are shown in Fig. 
10. A large drought is installed over the northeastern Europe contrasting with wet anomalies 
around the Mediterranean region and above the British Isles. The drought is associated with a 
warm anomaly over the northern Europe while the Mediterranean region and the eastern part of 
the domain experience a slight cooling. The importance of SM in the generation of climate 
anomalies is revealed over the European region. In the FF experiment where the SM is evolving 
freely and the SST is the only forcing, the correlations between observed and simulated 
anomalies are small and insignificant (except for the 2m temperature). The atmospheric response 
to the SST forcing alone is not able to capture the spatial structure and the magnitude of the 
observed temperature and precipitation anomalies. The introduction of a realistic SM forcing is 
leading to a better representation of the temperature and precipitation patterns. The temperature 
and precipitation forced responses in the GG ensemble are very close to the ones in the EE 
ensemble. The spatial anomaly correlation coefficients (SACC) of the temperature and 
precipitation anomalies are 0.73 and 0.56, respectively, in EE while they are 0.71 and 0.62 (0.58 
and 0.04) in GG (FF). The Z500 anomalies maintained by the SST forcing have larger amplitude 
than the Z500 response to the SM. However, the spatial structure of the Z500 response to SST is 
quite unrealistic (SACC=0.18). The SM forcing is able to maintain a weaker response but with a 
realistic spatial distribution. The combination of the two forcings is non-linear and leads to a 
response shifted to the NE compared with the observations.  



 

Figure 11: Difference between the summer 1992 and 1987 anomalies of precipitation (left panels) and 2m temperature 
(middle panels) and 500hPa geopotential height (right panels). The ensemble mean anomalies in the experiments are 
shown in the 3 upper panels, EE, FF and GG from top to bottom. The GPCC (precipitation) and ERA40 (2m temperature 
and 500hPa geopotential height) reanalyses are presented in the lower panels. The spatial anomaly correlation coefficient 
between the ensemble mean and reanalysis anomalies is given in the title of each plot. Units: mm.d−1, K and m. From 
Conil et al. 2006. 

It would be extremely useful to perform similar sets of experiments with a large variety of 
atmosphere-land coupled models. It can be suggested that a realistic representation of the land-
atmosphere feedbacks is indeed necessary to produce accurate/reliable seasonal prediction, but 
will not be necessarily sufficient if soil moisture anomalies are themselves poorly predictable. 
The lack of soil moisture observations and reliable atmospheric forcings over long periods 
(decades) is so far preventing the study of the land surface influence upon decadal variability and 
predictability. The influence of other land surface parameters such as snow thickness anomalies 
will be conducted in the next phase of ENSEMBLES. 

5. Mechanisms of SST forcing 



The previous section mainly relies on the analysis of variance (ANOVA) technique to 
identify potential predictability from SST forcing. Here we go a step further to identify which 
SSTs are the most important to force a North Atlantic European atmospheric response, 
investigate the mechanisms involved in the forcing and attempt to validate models with 
observations. Many results have been obtained in studies performed within the PREDICATE 
project and interested readers are referred to the final report and related papers for the complete 
description of analysis and results. Here, we limit ourselves to a brief synthesis of the main 
results. Figure 12, taken from Sutton and Hodson (2003), shows the leading mode of SST-forced 
variability in North Atlantic wintertime MSLP. The MSLP pattern exhibits a dipole over the 
North Atlantic that has similarities to the NAO pattern. The timeseries displays interannual 
variability that appears to be superposed on a much longer timescale, multidecadal, variation. The 
SST pattern, which is obtained by regression on the timeseries, shows the highest fraction of 
variance explained in the tropical North Atlantic region, suggesting that SST in the tropical North 
Atlantic may have the dominant role in forcing this mode. 



Figure 12: The leading mode of sea-surface temperature (SST)-forced mean sea-level pressure (MSLP) 
variability in winter (December - February, DJF) over the North Atlantic region from a 6-member 
ensemble of 1871-1999 simulations of the UK Met Office’s HadAM3 atmospheric model. (a) Contours 
show mean sea level pressure in Pa. (b) The normalised time series. (c) The SST patterns derived by 
regression on the timeseries (contour interval is 0.1 K), shading shows the square-root fraction of the 
SST variance explained, multiplied by the sign of the regression coefficient. White regions are those 
where the regression coefficient is not significant at the 93% confidence level. From Sutton and Hodson 
(2003). 

 



Figure 13: As Figure 12 but for the leading mode of SST-forced variability of detrended, low-pass filtered, 
MSLP. From Sutton and Hodson (2003). 

As part of the PREDICATE project the same analysis as shown in Fig 12 was carried out on 
ensemble simulations with three other atmosphere models: ECHAM4, ARPEGE3 and ECHAM5. 
ARPEGE3 and ECHAM5 showed a similar leading mode to that of HadAM3 but, for reasons 
that are unclear, ECHAM4 displayed a dominant response to ENSO. 



When low frequencies were analyzed separately (Figure 13), Sutton and Hodson (2003) 
found a forced atmospheric pattern again very similar to the NAO. Furthermore, the significant 
SST-forcing regions extended into the extratropical North Atlantic with a pattern reminiscent of 
the Atlantic Multidecadal Oscillation. They suggested this was indicative of a link to the 
Thermohaline Circulation (Delworth and Mann, 2000). The implication is that, if it proves 
possible to predict variations in the THC, it may also be possible to predict some of the 
multidecadal variability in North Atlantic / European climate. A high frequency analysis 
emphasized a dual influence of ENSO and tropical Atlantic SST which was coherent between the 
four models used in PREDICATE. 

A critical question, of course, is what is the mechanism via which Atlantic SST anomalies 
induce the atmospheric responses shown in Fig.12 and Fig.13? The mechanism could involve the 
influence of tropical SST anomalies on local convection. Associated with the tropical 
precipitation anomalies will be anomalous diabatic heating and a Rossby wave source.  Ambrizzi 
and Hoskins (1997) showed that for a zonally extended source, such as that associated with ITCZ 
anomalies in the tropical Atlantic, theory predicts the excitation of Rossby waves that propagate 
meridionally into midlatitudes, and exhibit a zonal scale similar to that of the source.  

An interesting aspect of this mechanism is that it suggests that the influence on climate of 
interannual variability in the tropical Atlantic ocean may be modulated by variability on longer 
timescales. The reason is that the sensitivity of tropical convection to SST is highly nonlinear, 
hence the magnitude of the convective response will depend not simply on the magnitude of the 
SST anomaly but also on the absolute SST.  If the ``background'' SST varies on multidecadal 
timescales as a consequence of, e.g., variability in the Thermohaline Circulation, then we might 
expect that the strength of the atmospheric response to be correspondingly modulated.  This idea 
offers a possible explanation for the non-stationarity of the oceanic influence on North Atlantic / 
European climate that was found by Sutton and Hodson (2003). 

Hence there are also uncertainties in the mechanisms of the response. Rodwell et al (2004) 
conducted some highly controlled experiments, with a fixed annual cycle in SST anomalies, with 
the PREDICATE AGCMs (and also the CAM2 AGCM from NCAR) to determine more clearly 
the model differences. They found surprising agreement between the models in their global 
response to north Atlantic SST anomalies. The multi-model mean response, Fig. 14, was 
generally larger in magnitude than the intermodel differences. Much of the large-scale response 
appeared to be forced by the tropical north Atlantic SST anomalies (this is also in agreement with 
the results of Cassou and Terray 2001 and Terray and Cassou, 2002). For the response over 
Europe, SST anomalies in the Caribbean region and over the extratropical north Atlantic 
appeared to be important. Although Europe does not stand out in ANOVA results as a region that 
is generally affected by SST variability, this controlled experiment showed that there could be 
“windows of opportunity” when a strong (possibly predictable) European signal could arise for 
particular SST anomaly patterns. Rodwell et al (2004) point to two timescales for which SST 
anomalies could be important for extratropical climate variability: a 2-year timescale associated 
with responses to mixed-layer temperature anomalies (Alexander and Deser, 1995, De Coëtlogon 
and Frankignoul 2003) and a 30-year timescale associated with, for example, fluctuations in the 
thermohaline circulation. Using idealized sensitivity experiments with the NCAR AGCM 
coupled to an oceanic mixed layer model, Cassou et al. (2006) have suggested the role of the 



reemergence mechanism as the main driver for the persistence of the atmospheric signal over 
timescale of a few years (Fig. 14).  

 

 

Figure 14: Upper panel: anomalous 3 dimensional temperature pattern imposed in 
August initial oceanic conditions represented here for a section at 50W 
from 25N to 75N and from surface to 450-meter depth. Contour interval is 
0.3C. The solid green line stands for the climatological August mixed 
layer depth simulated by the hybrid model in a 150-yr control coupled 
experiment. Lower panel: NDJFM SLP response to reemerging subsurface thermal anomalies 
imposed in August initial oceanic conditions in a 60-member ensemble 
simulation. Contour intervals are 0.3 hPa. 



 

The summer initial oceanic conditions are derived from a lag-MCA analysis between the 
winter Z500 and August 3-D ocean temperature. The coupled model is then integrated for 1 year 
and the winter ensemble mean response shows a clear NAO-like pattern (Fig. 14), very similar to 
the one obtained through the MCA analysis. 

The SST anomaly patterns that Rodwell et al (2004) used came from a lagged maximal 
covariance analysis (MCA) of observed SST and Z500. The Z500 patterns that result from this 
lagged MCA (Fig. 16) are estimates of the observational atmospheric response to the SST 
anomaly patterns and can be compared with the multi-model response (Fig. 15, row 3). Pattern 
correlations between the multi-model response and the observational response (in regions where 
the multi-model response is statistically significant) are indicated in Fig. 15. For MAM and JJA 
similar extratropical Rossby-wave-like patterns, that appear to emanate from the Caribbean 
region, were seen in both multi-model and MCA results. SON also showed reasonable 
agreement, particularly in the subtropics, between multi-model and MCA. There was a complete 

Figure 15: Seasonal-mean results from the multi-model mean of six models forced with the same north Atlantic 
sea-surface temperature (SST) anomalies. The rows correspond to surface temperature (TEMP), total precipitation 
(PREC), 500 hPa geopotential height (Z500) and mean sea level pressure (MSLP), respectively. The columns refer 
to the seasons September - November (SON), December - February (DJF), March - May (MAM) and June - July 
(JJA). The SST anomalies used in the North Atlantic region can be seen in the top panels. Signals that are 
significant at the 10% level using a 2-sided t-test are filled in colour, other values are contoured (contours indicate 
values at the centre of each colour range). The quoted percentages refer to the percentage of the area shown 
(land area for TEMP) for which the anomaly is statistically significant at the 10% level (and therefore indicate the 
degree of field significance). Black contours indicate the timescale, n, (thick: 10 years, thin: 2 years) at which the 
response is an important component of total variability (the timescale at which the magnitude of the response is 
equal to the standard deviation of n-year-filtered atmospheric internal variability). The timescale is not applicable 
for TEMP over the sea. For clarity, the timescale for PREC is not plotted over the SST forcing region where it is 
nearly always less than 2 years and it is smoothed for TEMP and PREC using a triangular truncation at T31. When 
the timescale dependence of the forcing strength is considered, the thick black contour is associated with a ~30 
year timescale. From Rodwell et al. (2004). 



failure of agreement in DJF when internal variability in the observations may be a factor. 
Rodwell et al (2004) argued that, on the whole, the results tended to validate the model responses 
and also validate the application of lagged MCA to observational data. Note, however, that the 
multi-model responses are a factor of 2 or 3 weaker than the MCA response patterns. This may 
be partly associated with the optimization inherent in the MCA technique. It could also be partly 
associated with disagreement between models although all models individually show weaker 
Z500 responses than those estimated from the observations. Hence it is possible that the models 
may not respond strongly enough to the applied SST anomalies. If there is some truth in the latter 
explanation, this could imply that potential predictability is under estimated with present models. 

While the study of the atmospheric response to given SST anomalies tell us important things 
about atmospheric models, the behavior within the fully coupled system could be different. For 
example, an atmospheric model that responds too strongly to a given SST anomaly will likely 
have a strong negative heat flux feedback with SST in the coupled system. This may lead to SST 
anomalies being damped too vigorously and thus being weaker or less persistent. The end result 
may not necessarily be an over estimation of the role of SST in climate variability but rather a 
shortening of the salient timescales. Clearly there is a need to understand and validate heat flux 
feedbacks in coupled models. Firstly, however, we need to determine what the feedbacks are in 
reality. Frankignoul and Kestenare (2002) attempted to estimate the heat flux feedback from 
“observational” data using (necessarily) lagged covariances of monthly-mean SST and surface 
heat-flux data. In general they found a strong negative feedback; particularly in the mid-latitude 
winter when strong mean windspeeds enhance the influence of anomalous SST on surface 
turbulent heat flux and lead to values in excess of -40 Wm-2K-1. (This is in agreement with 
AGCM results of Peng et al, 1997 and Rodwell et al, 1999 but in disagreement with the positive 
feedbacks in the hypothesized decadal oscillation of Latif and Barnett, 1994).  However, 
Frankignoul and Kestenare (2002) find some sensitivity to the observational datasets they use. 
Radiative feedbacks were found to be generally smaller, giving less confidence in their sign, and 
often confined to the tropics. Frankignoul et al. (2004) went on to estimate heat flux feedbacks in 
several coupled models. Their results were broadly in agreement with the observational estimates 
but the negative midlatitude feedbacks were substantially underestimated in several models. For 
example, heat flux feedback estimates based on latitudinal bands over the Atlantic maximize at 
26 Wm-2K-1 at around 30oN in NCEP, 22 Wm-2K-1 at 40oN in COADS but only 15 Wm-2K-1 in 
HadCM3 and in the CERFACS model, both at 30oN. This underestimation is certainly consistent 
with the indicated reduced sensitivity to prescribed SST anomalies found in Rodwell et al (2004). 

Figure 16: The 500 hPa geopotential height (Z500) anomaly patterns that arise in the observational maximal 
covariance analysis used to produce the forcing sea-surface temperature anomalies shown in Fig. 15. The seasons 
shown are September - November (SON), December - February (DJF), March - May (MAM) and June - July (JJA). 
The pattern magnitudes can be compared to the multi-model mean response in Fig. 15 (row 3). Area-weighted 
pattern correlations with the statistically significant parts of the multi-model mean response in Fig. 15 are quoted. 
From Rodwell et al. (2004).  



Frankignoul et al., (2004) also found strong model sensitivity in the tropical radiative feedback 
component. Some of the models show strongly negative heat flux feedback in the tropical 
Atlantic while it is weakly negative in others, as in the observations. These diagnostics are 
extremely interesting even with the large uncertainties existing in current estimates of observed 
atmospheric fluxes. They should be systematically calculated for the various coupled models 
used in the seasonal prediction centers and in the stream 2 of ENSEMBLES. They could 
potentially show that the main improvement to bring in the current generation of seasonal 
prediction system lies in a better parameterization of turbulent and radiative fluxes as well as the 
oceanic mixed layer, in particular in the tropical regions. These changes can then interact with the 
persistence properties of the SST and thereby modify their potential influence on atmospheric 
variability.   

While bearing in mind that the above feedback uncertainties, and other model uncertainties 
(e.g. associated with land-surface processes) will impact on our estimates of seasonal to decadal 
predictability, we now turn our attention to operational forecasting systems based on current 
coupled models. 

6. Seasonal predictability from coupled GCMs integrations 

As we have already seen, the potential predictability of seasonal means is low, especially for 
extra-tropical regions, and it is also highly model dependent. The conclusions also apply for the 
estimates of actual skill with state-of-the-art coupled models as shown in the experiments of the 
DEMETER project (Hagedorn et al., 2005). The DEMETER project (Palmer et al., 2004) 
evaluated seasonal to interannual prediction in a multi-model system. Seven coupled models were 
used to produce six-month long hindcasts, four times per year, for at least the 22-year period 
1980-2001. For three of the models, more than 40 years were simulated. Nine-member ensembles 
were produced to sample initial condition uncertainty while the multi-model approach was used 
to empirically sample model uncertainty. We won’t go into much detail about the DEMETER 
results, the interested reader is referred to the final report and the exhaustive publication list 
therein. Our main goal here is just to provide a quick view of the actual performance reached by 
the current generation of coupled models used in seasonal forecasts. We first present a 
comparison between the DEMETER and PROVOST approaches in terms of skill scores over 
Europe within a probabilistic framework. The ARPEGE (ARPEGE-OPA) model (Météo-
France/CNRM) has been used to realize the forced (coupled) simulations. In order to make the 
analysis as meaningful as possible, the initial states of the PROVOST-like integrations have been 
obtained by nudging with ERA40. The verification is performed on the winter (DJF) 850 hPa 
temperature field over the full period (40 years). The ranked probability skill score (RPSS) is 
widely used as a skill metrics of probabilistic forecasts of weather and climate. It measures the 
shape as well as the central tendency of the whole probability density function (PDF). As a skill 
score, it compares the extent to which a forecast strategy outperforms a (usually simpler) 
reference forecast strategy. The most widely used reference strategy is that of “climatology,” in 
which the climatological probabilities of the forecast variable is issued perpetually. The RPSS 
shows weak but positive values over parts of Europe (the DEMETER average is about 0.04). The 
DEMETER and PROVOST results differ over most part of Europe. Over Scandinavia, the high 
RPSSPROVOST values are due to the influence of the prescribed observed SSTs on the NAO phase. 



 

 

Figure 17: RPSS for winter T850. Upper panel: PROVOST, lower panel: DEMETER. From Déqué (personal 
communication) 
 

There is also some indication that coupled models may show a bit more predictive skill for 
the southern part of the North Atlantic region in winter than that suggested from potential skill 
estimates based on PROVOST-style simulations forced with observed SST. Similar conclusions 
have been reached with the Met Office model (Graham et al., 2005). While this result needs to be 
confirmed and understood physically, it does suggest the possibility for a little extra optimism for 
European seasonal prediction.  



(b) IFS/ORCA2  

(d) MULTI-MODEL   

(a) ARPEGE3/ORCA2  

(c) ARPEGE3/OPA8.1   

Figure 18: Coupled-model predictive skill (anomaly correlations with ERA40) of winter (December - February) 2m temperature 
anomalies based on hindcasts initiated on 1 November for the years 1980 - 2001. (a) The ARPEGE3 atmosphere model coupled 
to the ORCA2 ocean model. (b) The ECMWF IFS atmosphere model coupled to the ORCA2 ocean model. (c) The ARPEGE3 
atmosphere model coupled to the OPA8.1 ocean model. (d) The mean of all seven DEMETER coupled models. 
 

 

Figure 18a-c show, for three individual DEMETER models, the grid-point correlation skill for 
wintertime (DJF) 850 hPa temperature from hindcasts initiated on 1 November over the period 
1980-2001. While the models tend to agree on the levels of subtropical predictive skill, there is 
large uncertainty over Europe and this appears to be most sensitive to the atmospheric component 
of the coupled model. The range of correlation skill for Europe is from less than 0.2 to over 0.6. 
The significance of these differences is unclear owing to the relatively low number of years and 
the existence of spatial autocorrelation of the fields. In addition, part of the skill differences may 
be associated with relatively small spatial shifts in the predicted signals. 

In spite of the low and sparse positive scores found for each individual model, the multi-
model ensemble mean (Fig. 18d) displays a slightly more optimistic picture. Positive correlations 
are found over most of Europe and significant values appear in many areas. Figure 19 shows 
correlation skill for European average 500 hPa geopotential heights from each of the DEMETER 
models (open bars). While not particularly strong, the coupled model skill is comparable in 
magnitude to the skill obtained from the PROVOST atmospheric model simulations forced with 
observed SST (Fig. 9). The multi-model (filled bars) does as well, or better, than the best model 
in summer and winter but individual model inconsistencies in spring and autumn also affect the 
multi-model. The general improvement in skill from using the multi-model is more obvious in a 



Figure 19: Coupled-model forecast correlation skill for European 500 hPa geopotential height anomalies 1980-2001, first 
averaged over the box  [12.5oW-42.5oE, 35oN-75oN] and over the forecast months 2-4 from (open bars) the individual coupled 
models used in the EC-funded DEMETER and (filled bars) the mean of all models. The seasons shown are March - May (MAM), 
June - August (JJA), September - November (SON) and December - February (DJF). Verification data comes from ERA40. 

probabilistic setting. It is due mainly to an increase in the “reliability” of the predictions, 
associated with a cancellation of errors between models and an increase in spread that samples 
better the forecast uncertainty. Although locally a single-model may have more skill than the 
multi-model, over large areas and long periods of time the multi-model is superior to any single 
model (Hagedorn et al., 2005). 

The success of the multi-coupled-model approach in DEMETER has motivated the creation 
of an operational multi-model system at ECMWF. Multi-model initiatives similar to DEMETER 
are envisaged by the Asian Pacific Climate Network (APCN) and the International Research 
Institute (IRI). These two institutions have produced operational multi-model forecasts using the 
“2-tier” approach (i.e. predicted SST used to force atmospheric models). However, the beneficial 
impact of ocean-atmosphere coupling over the tropics (Wang et al., 2004) and the indications that 
coupling does not degrade the skill over the extra-tropics has stirred their interest to use a set of 
fully coupled models. 

We showed in Fig. 3 the correlation skill of 2m temperature persistence forecasts. In Fig. 20, 
the corresponding results from dynamical seasonal forecasts are given (the seasons shown are, 
unavoidably, not quite the same). Three DEMETER models have been run for the full set of 
years used in the observational persistence forecast (1959-2001) and these three models are used 
to create a “mini” multi-model. The results appear quite similar to the persistence forecasts with 



predictive skill for the lands surrounding the Baltic in spring and arid southern Europe in summer 
and with a lack of skill in winter. Generally, European skill is slightly higher in the dynamical 
models than for persistence. Note that the dynamical forecasts are initiated on the 1st of the month 
prior to the season being predicted (i.e. 1st November for DJF). The cleanest comparison (as 
above) is with the persistence forecast using only data up to the initiation of the dynamical 
forecast (Fig. 3a uses January anomalies to predict MAM although the conclusions are the same 
if three-month mean anomalies, i.e. NDJ, are persisted). If, instead, the persistence forecast is 
based on anomalies for the month (or three months) immediately prior to the season being 
forecast (i.e. February anomalies used to predict MAM), then persistence skill is marginally 
higher than the dynamical skill. DEMETER has confirmed that dynamical multi-model does have 
slightly higher anomaly correlation skill than a persistence forecast when forecasting mean 
European temperatures. However the advantage of dynamical ensemble prediction and the multi-
model approach is more clearly evidenced in a probabilistic framework, using for instance the 
Brier skill score for the predictions of seasonal, European-mean 2m-temperature anomalies above 
their median value for each season. While the coupled models and persistence have a negative 
Brier skill score (implying that their skill is lower than the reference climatological forecast), the 
multi-model outperforms all the predictions in the probabilistic case and gives skilful forecasts. It 
has been found that this is due to an increase in both reliability (a measure of how well the 
forecast probability matches the verification frequency) and resolution (the ability to issue 
reliable forecasts with probabilities different from the climatological frequency) of the multi-
model predictions. 



(a) MAM (b) JJA

(c) SON (d) DJF

Figure 20: Coupled model seasonal forecasts (anomaly correlation skill) for 2m temperatures based on the average of 
three DEMETER coupled models. (a) March - May (MAM) from February 1st. (b) June - August (JJA) from May 1st. (c) 
September - November (SON) from August 1st. (d) December - February (DJF) from November 1st. Verification data 
from ERA40 1959-2001.  

 

Figure 21 shows the potential predictive skill for four individual coupled models. Here the 
word “potential” refers to the assumption that the model is perfect and the initial conditions are 
known (almost) perfectly. The anomaly correlation is calculated, as in Collins (2002), by taking 
each ensemble member in turn, assuming it represents the truth and the other ensemble members 
are compared to it. The results are given for four different DEMETER models. The similarity 
between coupled models with the same atmospheric component suggests that differences are 
truly sensitive to the atmospheric component and not simply due to sampling uncertainties. It is 
not necessarily the case that the atmospheric model component with highest potential predictive 
skill (in this case, ARPEGE3) is the most “perfect”. The important result is that potential 
predictive skill is strongly model dependent. This means that we cannot at present give a good 
estimate of an upper-bound for attainable predictive skill. 



(b) IFS/ORCA2  

(d) IFS/HOPE  

(a) ARPEGE3/ORCA2  

(c) ARPEGE3/OPA8.1   

Figure 21: Coupled model potential predictive skill (anomaly correlations assuming a perfect model) of winter (December - February) 
2m temperature anomalies based on coupled model hindcasts for the winters 1980 - 2001 using four different coupled models as 
indicated. 

 

Finally, recent work performed within ENSEMBLES has studied the impact of varying 
anthropogenic forcing in seasonal hindcasts (Doblas-Reyes et al. 2006). A set of 44-year seasonal 
ensemble coupled model forecasts performed with annually updated greenhouse gas 
concentrations is compared to a standard seasonal ensemble forecast experiment performed with 
fixed concentrations. The former shows more realistic temperature variability and better forecast 
quality. The improvement in model variability is due to a better simulation of climate trends and 
suggests that realistic initial conditions are not enough to reproduce this long-term variability. 
The better probabilistic forecast quality is mostly due to the increased ability to reliably 
discriminate the occurrence of events and non-events. These results are relevant for the 
improvement of operational seasonal forecasts and provide new evidence of the effects of 
anthropogenic changes in atmospheric composition. Presumably, such trends may be associated 
with global or local man-made climate change, or with low-frequency natural variability. Clearly 
it is possible that enhanced decadal predictability for Europe may also be obtained from observed 
trends or the inclusion of anthropogenic forcing in climate models. 

While bearing in mind this last point, we now look at potential predictive skill from various 
coupled models used to make decadal forecasts. 

7. Interannual-to-decadal predictability from coupled GCMs integrations 



Here we consider the predictability of interannual to decadal variations in the North Atlantic 
region. On these time scales, both the initial conditions (principally the initial state of the ocean, 
although the potential influence of the land surface on these time scales has still to be 
investigated) and the boundary conditions (associated with both natural and anthropogenic 
forcing of the system) are important (Collins and Allen 2002; Collins 2002; Boer 2004). 

Collins (2002) used 12 five-member ensembles of 10-year coupled model (HadCM3) 
simulations to investigate potential predictability at interannual to decadal timescales. He did find 
some decadal predictability of surface air temperature anomalies, particularly over the north 
Atlantic. A working assumption in this study is that the model is perfect and anomaly correlations 
were made against each ensemble member in turn. Whether the model does capture well enough 
features such as the variability of the thermohaline circulation, its relationship with SST and the 
atmospheric response to SST forcing is very difficult to validate against observations. There is 
also the question of the influence of the oceanic initial state: can we trust current products derived 
from oceanic data assimilation systems? What is the best way to handle the uncertainties in the 
current ocean initial state if one wants to make decadal forecasts? How to optimally design the 
ensemble decadal prediction system? 

Sensitivity and idealized experiments performed in the PREDICATE project have started to 
tackle few of these questions. Ensemble experiments were performed with five coupled 
atmosphere–ocean models to investigate the potential for initial-value climate forecasts on 
interannual to decadal time scales. Experiments are started from similar model-generated initial 
states (figure 22), and common diagnostics of predictability are used. First, there is a wide range 
of time scales and magnitude of ocean meridional overturning circulation (MOC) variability 
among the different models. By using standard measures of forecast skill (the anomaly 
correlation coefficient –ACC- and normalized root-mean-square error -RMSE), we find that 
variations in the MOC are potentially predictable on interannual to decadal time scales. Figure 23 
shows both measures for the MOC in the ensemble experiments discussed above. For the strong 
MOC initial states, the ACC is “high” for approximately the first decade in all the model 
experiments, with high being above 0.6—a commonly used cutoff value in weather forecasting. 
The RMSE is correspondingly low. After the first decade, the ARPEGE3 model predictability 
drops off rapidly whereas for the other models the ACC drops off slowly to low values by the end 
of the 20-yr experiments. The RMSE similarly saturates in 20 yr. For the weak MOC initial 
states, error growth and loss of predictability seem to happen sooner in the ensemble 
experiments, although it is not clear whether this difference is real or an artefact of the small 
sample size. 

 This study also shows a more consistent picture of the surface temperature impact of decadal 
variations in the MOC, and suggests that variations of surface air temperatures in the North 
Atlantic Ocean are also potentially predictable on interannual to decadal time scales, albeit with 
potential skill levels that are less than those seen for MOC variations. One can conclude that the 
multimodel ensemble indicates potential predictability of interannual–decadal MOC variations 
for one–two decades into the future. It also indicates that initial states that have anomalously 
strong overturning could be more predictable than those with anomalously weak overturning 
(which has to be confirmed with many more models and ensemble members). Finally, it has to be 
noted that the simple diagnostics used in this study have also been applied to land surface 
temperature signals and do not reveal robustly predictable signals. While there is a consensus that 



decadal variability in the MOC drives some but certainly not all low-frequency SST variability, 
there are very large uncertainties as to the extent, size and nature of the atmospheric response to 
this SST variability. It is presently unknown whether this is due to deficiencies in the 
parameterizations of key processes (e.g, air-sea fluxes) and/or weak signal to noise ratio. While 
this study has focused upon the initial value problem, it will be of course essential to perform 
complementary studies combining the boundary and initial condition problems. 

This PREDICATE intercomparison represents a step forward in assessing the robustness 
of model estimates of potential skill in the extratropics and is a prerequisite for the development 
of any operational forecasting system. This initial set of diagnostics has to be refined in order to 
be applied to the ENSEMBLES stream 2 simulations. Of course, in order to transfer and 
investigate probabilistic methods commonly used in medium range and seasonal forecasting in 
the framework of interannual to decadal prediction, much larger ensembles and many more 
models are required.  

 

Figure 22: Time series of the strength of the MOC taken from the unforced control runs of five coupled atmosphere–
ocean models (black lines; names indicated on the figure) and from the perfect ensemble experiments (gray lines). 
The measure is defined as the maximum of the annual-mean meridional streamfunction in the North Atlantic region 
of the model and, in general, varies with latitude and depth, the exception being the ECHAM5/MPI-OM1 model, 
where the MOC strength is measured at the constant latitude of 30°N, the latitude of its time-averaged maximum. 
MOC variations arise purely because of the internal dynamics of the coupled system, and model years are arbitrary.  
From Collins et al. 2006. 
 
Until the end of this century, climate models predict that anthropogenic climate change will 
become more and more important. How precisely the regional climates will evolve, however, is 



highly uncertain. The strong internal decadal to multidecadal variability in the Atlantic is likely to 
strongly interact with the anthropogenic climate signal during the next few decades there. 
Likewise the regional climate of the European-Atlantic sector during the twentieth century was, 
in contrast to global climate, dominated by the internal variability, partly due to the compensating 
influence of greenhouse gases and sulphate aerosols on the regional anthropogenic radiative 
forcing (the regional effects being due to the local nature of the aerosol forcing). Projections of 
the strength of this warming depend on the selected scenario and the selected climate model. The 
warming may well override the amplitude of the internal decadal to multidecadal variability on 
the global scale. Regionally, however, changes in the ocean thermohaline circulation may provide 
important feedbacks. There exists, however, a large uncertainty concerning the response of the 
Atlantic MOC to global warming. Most models predict some weakening of the MOC and a 
corresponding reduced northward heat transport in the North Atlantic, but the spread is very 
large. There are also many questions related to the ability of current climate models to adequately 
represent the physical processes responsible for THC fluctuations. This adds up to the already 
large uncertainty range.



 

 
Figure 23: Measures of the potential predictability of variations in the strength of the MOC from four of 
the five coupled models (see legend). (left) The ACC (unity for perfect potential predictability; zero for no 
potential predictability) for (top) strong and (bottom) weak MOC initial conditions. (right) The normalized 
rmse (zero for perfect potential predictability; unity for no potential predictability) in the same order. Also 
shown in the figures are the multimodel average ACC and rmse (thick black line) and the multimodel 
average ACC for a simple damped persistence (thick gray line). From Collins et al. (2006) 
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