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Climate forecasts are not crucially sensitive to the initial 
conditions. They are a mixed initial-boundary condition (forcing) 

problem in a chaotic system.



§ ENSO variability
§ Other tropical ocean SSTs

§ Local land surface conditions

§ Stratospheric variability

§ Sea-ice anomalies

§ Mid-latitude ocean temperatures

§ Volcanic eruptions

Sources of seasonal predictability



El Niño Southern Oscillation – a source of predictability on seasonal timescales



“ideal” situation “real” situation

Climatology

Forecast anomalies

Observed anomaly

Seasonal forecasting



Seasonal forecasts of the weather and climate over the Euro-Atlantic region 
are difficult due to

§ low signal-to-noise ratios in predictability of extratropical atmosphere

§ teleconnections from tropical forcings are weaker, and perhaps more manifold, than for other 
areas in the world

§ sample sizes are intrinsically small (mainly limited by number of observed seasons, usually O(30))

Estimates of seasonal predictability, skill and reliability suffer from 
rather large uncertainties

Seasonal forecasting



Anscombe’s quartet

Illustration of correlation pitfalls after Anscombe (1973):

§ Four pairs of x-y variables with all y variables having the same mean (=7.5) and variance (=4.1)

§ Sample size is 11 for each and the correlation between x and y is 0.82 in all four samples

§ However, the distributions of variables are very different

Normally distributed,
“well behaved”

Not normally distributed,
non-linear relationship

Perfect linear relationship
except for one outlier

No relationship
with one outlier

Anscombe (Amer. Statist. 1973)

Sample uncertainty and correlation skill



Hindcast skill of the NAO, AO and PNA in DJF
Nov start dates 1981-2016, 51 ensemble members

ensemble
size 

uncertainty

sample
years

uncertainty

Two types of sampling uncertainty 

Sample uncertainty and correlation skill

Courtesy Tim Stockdale



C3S multi-model hindcast period

Sample uncertainty and correlation skill



1. How robust are seasonal skill estimates if tested during independent 

past hindcast periods? 

2. Can seasonal forecast models successfully predict the interannual 
variability in earlier decades of the 20th Century? 

3. How confident are we to predict the future in seasonal forecasting? 

4. Is there scope for predictions beyond one year?

Outline



Seasonal forecasts of the winter NAO 
with the UK Met Office model

April 2014

Unprecedented NAO forecast skill?

Scaife et al. (GRL 2014)

r=0.62

1993 to 2012



Müller et al. (Clim. Dyn. 2005)ensemble is about 4% higher than the average of the
individual models. However, the skills are not signifi-
cant. Within the PMA, the skills of the individual
models are in the range of 5 to 8%, and the average is
about 6%.

For the period 1987–2001, the results are different.
The correlation coefficient between the DEMETER
individual model ensemble median NAO index and the
observations amounts to 0.67 (p-value of 0.01). The
correlation coefficients and significances of all individ-
ual models are displayed in Table 4. Three single
models (SCWF, LODY and CRFC) show a significant
correlation at the 95% confidence level. The probabi-
listic skills for the individual models, the model average
and the multi-model are shown in Fig. 5b. The values
range from !3 to 21% for CNRM and LODY,
respectively. Only the models of SMPI, SCWF, LODY
and SCNR show significant values. The average of all
models amounts to about 10%. However, the skill of
the multi-model distribution is higher than the mean of
the models and amounts to about 17%. The potential
predictability for the single-model forecasts are shown
in Fig. 5b (white bars). It can be seen that the skills are
generally decreased but remain statistically significant
for all the models except UKMO and SCNR. The
average skill for the models’ PMA amounts to a value
of 7%.

3.3 Skill versus amplitude

As suggested by several authors, the skills of seasonal to
inter-annual predictions of climate patterns are a func-
tion of the signal-to-noise ratio (Shukla et al. 2000;
Kumar et al. 2001). For instance, in the dynamical
seasonal prediction project (DSP), it has been shown
that the skills of the extra-tropical Pacific North
America pattern can be associated with the intensity of
El Niño events. Strong events are usually forecasted with
high skill.

Hence, it is attractive to consider the skills of single
NAO events with respect to their amplitude. Figure 6
shows the RPSSD for the multi-model DEMETER
ensemble, the multi-model and the seasonal forecast
system 2 as a function of the observed NAO amplitude
for the FA15. There is a large variability in the results
for the single winter seasons and the models. For
example, the SMPI model performs best with a maxi-
mum skill for the 1997/98 winter, while the CNRM
model shows a minimum in 1989/90. Some single winter
seasons, such as the strong 1988/89 NAO, show positive
skill throughout all the models. Others, such as 1987/88
or 1997/98, have at least a strong positive tendency.

Table 4 Same as Table 3 but for all DEMETER models and the multi-model ensemble (DEM) for lead time of 1 month. Shown are the
results for the period 1987–2001 and 1959–2001

DEM CNRM SMPI UKMO SCWF SCNR LODY CRFC

1987–2001
NAO 0.67(0.01) 0.10 (0.71) 0.10 (0.74) 0.01 (0.9) 0.56 (0.3) 0.13 (0.6) 0.61(0.02) 0.64(0.02)
NAO-impact 0.37 (0.19) 0.01 (0.98) 0.05 (0.86) 0.14 (0.69) 0.49 (0.07) 0.06 (0.84) 0.40 (0.15) 0.24 (0.4)
1959–2001
NAO 0.01 (0.9) 0.19 (0.24) !0.29 (0.11) 0.05 (0.9)
NAO-impact 0.17 (0.25) 0.31 (0.06) !0.08 (0.61) 0.14 (0.35)
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Fig. 5 The RPSSD of the NAO index of the DEMETER models
for lead time of 1 month for the periods a 1959–2001 and b 1987–
2001. The skills for the multi-model ensemble (DEM), the model
average (AVE) and the individual models are shown. Grey bars
denote the RPSSD for the forecast approach while the white bars
denote the perfect model approach. The horizontal lines denote the
95% significance levels. Three equiprobable classes were used
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Seasonal forecast skill of the winter NAO – how unprecedented is the skill really?



Shi et al. (GRL 2015)

Geophysical Research Letters 10.1002/2014GL062829

Table 1. NAO Correlations Between Model Ensemble Mean and Observations Based on Z500
(MSLP) for Different Hindcast Periodsa

E_ECMF E_UKMO E_KIEL E_INGV E_MEFR

1960–1979 −0.16 (−0.35) 0.03 (0.17) 0.12 (0.60) 0.03 (−0.39) 0.07 (0.19)

1980–2001 0.20 (0.35) 0.02 (−0.08) −0.07 (0.11) 0.22 (0.30) 0.35 (0.33)

1960–2001 0.07 (0.08) −0.02 (0.00) −0.08 (0.26) 0.10 (−0.02) 0.21 (0.26)

D_MEFR D_ECMF D_UKMO

1960–1979 0.26 (0.35) −0.42 (0.10) −0.05 (−0.47)

1980–2001 0.59 (0.32) 0.45 (−0.05) 0.21 (0.02)

1960–2001 0.38 (0.20) −0.12 (−0.06) −0.15 (−0.27)

aThe first part shows results from the ENSEMBLES models. The second part shows results
from the DEMETER models. Correlations where a t test suggests significance at the 95% level
are marked in bold.

on the full hindcast period 1960–2001. Combinations of hindcast years were generated by randomly and
independently sampling from the very large number of all possible combinations of 5, 10, 15… 40 years
out of the total 42 year period. For example, there exist 861 possible combinations of randomly sampled
40 years. For shorter subperiods there exist more conceivable combinations with a maximum of more than
500 billion possible combinations for 20 year periods. In order to have a comparable sample size for all
considered subperiods, our results are based on 20,000 draws from the combinations, with repetition.

We have tested the sensitivity and robustness of our results for longer hindcast periods using two
approaches: The first approach involved modifications of the random draws of hindcast years by allowing
resampling of years in each draw (with replacement). The second approach is based on the finding that
the maxima of the RPC distributions for shorter hindcast periods up to 20 years can be approximated
very well by an exponential decay function, dependent on hindcast length. These exponential fits in turn
provide an alternative tool to extrapolate the RPC maxima for hindcast periods longer than 20 years.
While both approaches were found to result in some minor differences as to the exact shape of the RPC
distributions for long hindcast periods (not shown), the uncertainty ranges from our resampling
methodology as outlined above are consistent with these estimates.

3. Results

The NAO correlation coefficients between the ensemble mean and the verification data for three different
hindcast periods are given in Table 1 for the DEMETER and ENSEMBLES individual models for both the
Z500-based and MSLP-based definitions of the NAO index. Consistent with the results of Müller et al. [2005]
it shows that there are differences in the level of predictive skill between the two shorter subperiods. This
itself is indicative that a 20 year period may be insufficient for a robust estimation of overall predictive skill.
The correlation between the modeled NAO indices and observations tends to be higher for the late period
1980–2001 than for the early period 1960–1979. Some of the individual models show significant correlations
for the 20 year subperiods (0.59 for D_MEFR, 0.45 for D_ECMF, and 0.60 for E_KIEL). These levels of skill are
comparable with the values reported in Scaife et al. [2014]. However, when we look at the entire 42 year
hindcast period 1960–2001, the correlations are considerably lower.

From the above described sampling algorithm, distributions of RPC values for the NAO index (Z500 and
MSLP) have been derived. Figure 1 shows these distributions for the Z500-based index as box-and-whisker
plots from the three DEMETER models D_MEFR, D_UKMO, and D_ECMF together with the two more recent
versions of the ECMWF seasonal forecast model: the version used in ENSEMBLES (identical to ECMWF’s
System 3) and the currently operational System 4 (for which only 30 years of hindcast data exist, see also
Stockdale et al. [2015]). For each ensemble the RPC distributions for different lengths of hindcast data
between 5 and 40 years (25 years in the case of System 4) are displayed. As the length of the hindcast
period increases, the RPC values for all models decrease and the spread narrows. For the 5 year period,
the RPC range includes both large negative and large positive values. For the 20 year period, in particular,
the upper range of the RPC still clearly exceeds values of 1. Qualitatively very similar behavior was found for
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1. ECMWF’s atmospheric model with prescribed SSTs and sea-ice (ASF-20C)

Initial conditions from ERA-20C: 
the ECMWF atmospheric reanalysis of the 20th Century

Weisheimer et al. (QJRMS 2017); O’Reilly et al. (GRL 2017); 
Weisheimer et al. (QJRMS 2019)

2. ECMWF’s fully coupled atmosphere-ocean-sea-ice model (CSF-20C)

Initial conditions from CERA-20C: the first ECMWF coupled ensemble reanalysis of the 20th Century

§ IFS model cycle 41R1 (in-between S4 and SEAS5), TL255L91 (ca. 60km) ) + NEMO ORCA1L42 (1º) +LIM2
§ Ensemble with 51 perturbed members
§ 4-month forecast initialised on 1st of Feb/May/Aug/Nov each year (focus here: Nov à DJF)

October 29, 2014

Climate reanalyses at ECMWF spanning 1900-2010
Æ reconstruct the past weather (synoptic situation)
Æ reconstruct climate (low-frequency variability)

ERA-20C: the ECMWF atmospheric reanalysis of the 20th century

Atmosphere Land Wave
ORA-20C: the ECMWF ocean reanalysis of the 20th century

Ocean Sea ice

Atmosphere Land Wave Ocean Sea ice

CERA-20C: the first ECMWF coupled ensemble reanalysis of the 20th centuryOctober 29, 2014

Climate reanalyses at ECMWF spanning 1900-2010
Æ reconstruct the past weather (synoptic situation)
Æ reconstruct climate (low-frequency variability)

ERA-20C: the ECMWF atmospheric reanalysis of the 20th century

Atmosphere Land Wave
ORA-20C: the ECMWF ocean reanalysis of the 20th century

Ocean Sea ice

Atmosphere Land Wave Ocean Sea ice

CERA-20C: the first ECMWF coupled ensemble reanalysis of the 20th century

Retrospective seasonal forecast over the period 1901-2010

Weisheimer et al. (BAMS 2020)
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Global-mean 2m temperature in DJF in CERA- 20C (black) and in the seasonal hindcasts. a) Atmosphere-only seasonal 
forecasts (ASF-20C) in red and b) coupled seasonal forecasts (CSF-20C) in blue. Ensemble means are plotted with thick 

lines and the ensemble spread around the mean is given by the shaded band. 
Weisheimer et al. (BAMS 2020)

Retrospective seasonal forecast over the period 1901-2010



a) 1981-2009 low-res SEAS5 b) 1981-2009 SEAS5

c) 1981-2009 CSF-20C d) 1901-2009 CSF-20C

-1 -0.9 -0.8 -0.7 -0.6 -0.4 -0.2 0.2 0.4 0.6 0.7 0.8 0.9 1

Anomaly correlation skill of SST in DJF for forecasts initialised in November. During the common hindcast period 
1981-2009 for a) low-resolution SEAS5; b) SEAS5 and c) CSF-20C. For the full hindcast period 1901-2009 of CSF-

20C in d). The verification data used are ERA-20C. 

Weisheimer et al. (BAMS 2020)

SST forecast skill in different systems and periods
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ENSO during the 20th Century

a) Time series of the NINO3.4 SST index anomaly 
in the central tropical Pacific during DJF in the 
CERA-20C reanalysis. Two examples of strong 
El Niño events near the beginning (1902/03) 
and the end (1982/83) of the 20th Century are 
depicted by the red stars. 

b) The spatial structure of SST anomalies during 
the 1902/03 El Niño event in the CERA-20C 
reanalysis. The strong and large-scale warming 
of the central and eastern tropical Pacific is 
clearly visible. Cold anomalies develop in the 
western parts of the tropical Pacific. 

c) As in b) but for the 1982/83 event
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a) Time series of the NINO3.4 SST index anomaly in 
DJF in the CERA-20C reanalysis (black) and 
ensemble mean of the CSF-20C hindcasts (blue). 

b) The spatial structure of SST anomalies during the 
1902/03 El Niño event in the CSF-20C hindcasts. 
There is a very good agreement with the strong 
and large-scale warming of the central and 
eastern tropical Pacific in CERA-20C. The cold 
anomalies in the western parts of the tropical 
Pacific are also visible. 

c) As in b) for the for 1982/83 event

Weisheimer et al. (BAMS 2020)

ENSO in CSF-20C
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a) NINO3.4 mean absolute SST

b) NINO3.4 anomaly correlation

Drift (upper part) and anomaly correlation skill (lower part) of predictions of the NINO3.4 SST index for different start dates 
throughout the calendar year during the hindcast period 1981-2009. CSF-20C data are shown in solid colored lines, SEAS5 in 

dashed lines and the lower-resolution SEAS5 in dotted lines (only available for May and November start dates). Different colors
indicate different start dates of the hindcasts. The gray curve in the upper part shows the climatological mean evolution of the 

SSTs in ERA-20C over this period. 
Weisheimer et al. (BAMS 2020)

ENSO forecasts: drift and skill
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a) NINO3.4 mean absolute SST

b) NINO3.4 anomaly correlation
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Decadal variability of ENSO forecast skill in DJF from 
forecasts initialised in November. 
• 30-year moving window correlation coefficients of 

the hindcast ensemble mean with CERA-20C
• gray shaded bands indicate the 5- 95% confidence 

intervals
• correlations for each 30-year window are plotted at 

the central year

a) SOI index for atmosphere-only seasonal forecasts 
(ASF-20C) in red. 

b) b) SOI index for coupled seasonal forecasts (CSF-
20C) in blue. 

c) c) NINO3.4 index for CSF-20C in blue. 

Weisheimer et al. (BAMS 2020)

ENSO forecast skill during the 20th Century



Ø ECMWF’s operational seasonal forecast system SEAS5 has high ENSO skill

Ø Can we predict ENSO beyond the first year? 
Ø Has the model climate reached an equilibrium after 2 

years?
Ø Multi-decadal modulation of ENSO predictability?

à 24-month long hindcasts with ECMWF’s SEAS5 system (in lower resolution) 
for the period 1901-2010 (SEAS5-20C)

NINO3.4
correlation skill

Stockdale et al. (ECMWF Newsletter, 2018); Johnson et al. (GMD, 2019)

SEAS5-20C: Biennial reforecasts of the 20th Century 

§ IFS model cycle 43R1, Tco199L91 (ca. 50km) ) + NEMO ORCA1L42 (1º) + LIM2

§ Ensemble with 10 perturbed members

§ 24-month forecasts initialised on 1st of Nov and 1st of May each year

§ Initial conditions from CERA-20C

§ Sensitivity experiments to test impact of ocean data assimilation and wind forcing in ICs



SEAS5-20C SEAS5 low-resERA-20C

SEAS5-20C: NINO3.4 model drift 1981-2008



SEAS5-20C SEAS5 low-resERA-20C
SEAS5 

SEAS5-20C: NINO3.4 model drift 1981-2008



ERA-20C CERA-20C CERA-20C

30-year moving averages of NINO3.4 SST mean state across the 20th Century (plotted at centre of averaging window)
as a function of time of year (3-month means). Time moves upwards. The difference between the middle and right
figure is only the time axis (middle: starting in November; right: starting in May). Units: degree Celsius.



ERA-20CCERA-20C

30-year moving averages of NINO3.4 SST mean state across the 20th Century as a function of time of year/lead time,
plotted at centre of averaging window. Time moves upwards on vertical axis. Nov start dates. Units: degree Celsius.

SEAS5-20C NINO3.4 SSTs: mean state (Nov start dates)
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SEAS5-20C NINO3.4 SSTs: mean state (May start dates)
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30-year moving averages of NINO3.4 SST mean state across the 20th Century as a function of time of year/lead time,
plotted at centre of averaging window. Time moves upwards on vertical axis. May start dates. Units: degree Celsius.



CERA-20C

SEAS5-20C NINO3.4 SSTs: variability (standard deviation)

SEAS5-20C amplitude ratio

Nov 
start 
dates

May 
start 
dates

30-year moving averages of NINO3.4 SST standard deviation (amplitude) across the 20th Century 
amplitude ratio = stdev(SEAS5-20C)/stdev(CERA-20C)



SEAS5-20C NINO3.4 SSTs: skill evolution

Correlation skill as a function of lead 
time for different hindcast epochs 

Correlation skill as a function of 
hindcast epoch for different lead times 



Moving 20-yr window correlation skill of predicting the eq. SOI
as a function of hindcast epoch and lead time (Nov start dates)

SEAS5-20C ENSO: skill evolution
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Figure 2. (a) Anomaly correlation coefficient (ACC) of the DJF NAO index between the ensemble mean ASF-20C and ERA-20C (black) over the period 1900–2009
computed for moving 30-year windows by 1 year. Values are plotted at the 15th year of each window. Dark grey: ACC when a linear trend in each 30-year window has
been removed before the computation. Light grey: ACC of a simple statistical forecast using persistence of the November average NAO index. The dotted horizontal
line indicates the t-test 95% significance level of the correlations and the red vertical bars show 90% confidence intervals estimated from bootstrap re-sampling (1000
times) with replacement for three representative periods. (b) 30-year running mean filtered DJF NAO index in ERA-20C (orange) and area-averaged intraseasonal
variance of 10-day mean Z500 in the Atlantic sector computed from moving 30-year windows and expressed as anomalies (green), units in m2. (c) ACC of the
DJF NAO index for years with positive (red) and negative (blue) indices in ERA-20C computed for moving 30-year windows. Vertical bars indicate the confidence
intervals. (d) ROC Skill Score (ROCSS) of the DJF NAO index being above the upper tercile (red) and below the lower tercile (blue). Dots indicate where the ROCSS
is significantly different from zero at the 95% level according to a non-parametric Mann–Whitney U-test and vertical bars indicate confidence intervals.

result in an ACC for the NAO of 0.48 indicating a rather constant
level of correlation skill regardless of whether prescribed or
interactive SSTs are used. The uncoupled re-forecasts using
ERA-Interim rather than ERA-20C for the initialisation of the
atmosphere result in a comparable level of ACC (0.40). The fact
that using ERA-20C for the initialisation of the atmosphere leads
to very similar results as using ERA-Interim for the initialisation
thus enhances the confidence in using ERA-20C for earlier
periods.

In order to diagnose the multi-decadal variability of the
NAO forecast skill throughout the century, we now analyse the
evolution of the ACC between ERA-20C and the ensemble mean
of ASF-20C during the 110-year hindcast period. To compare
with previous hindcast experiments, which have typically been

performed over periods of 20–30 years, the ACC has been
calculated between the forecast anomalies and the corresponding
verifying anomalies for a moving 30-year window. The ACC
for the NAO forecasts for each 30-year period is shown in
Figure 2(a), and exhibits marked variability on multi-decadal
time-scales across the 110-year period. While the estimated
ACCs are positive throughout the entire century, there are
coherent groups of multiple decades where our analysis suggests
that the skill over the different 30-year periods exceeds the
95% significance level of a t-test. These include the years
centred around the mid-1920s to mid-1940s and from the mid-
1970s onwards. The skill is lower, though still positive, for all
of the 30-year periods centred between the early 1950s and
mid-1970s.

c⃝ 2016 The Authors. Quarterly Journal of the Royal Meteorological Society
published by John Wiley & Sons Ltd on behalf of the Royal Meteorological Society.

Q. J. R. Meteorol. Soc. (2017)
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Figure 2. (a) Anomaly correlation coefficient (ACC) of the DJF NAO index between the ensemble mean ASF-20C and ERA-20C (black) over the period 1900–2009
computed for moving 30-year windows by 1 year. Values are plotted at the 15th year of each window. Dark grey: ACC when a linear trend in each 30-year window has
been removed before the computation. Light grey: ACC of a simple statistical forecast using persistence of the November average NAO index. The dotted horizontal
line indicates the t-test 95% significance level of the correlations and the red vertical bars show 90% confidence intervals estimated from bootstrap re-sampling (1000
times) with replacement for three representative periods. (b) 30-year running mean filtered DJF NAO index in ERA-20C (orange) and area-averaged intraseasonal
variance of 10-day mean Z500 in the Atlantic sector computed from moving 30-year windows and expressed as anomalies (green), units in m2. (c) ACC of the
DJF NAO index for years with positive (red) and negative (blue) indices in ERA-20C computed for moving 30-year windows. Vertical bars indicate the confidence
intervals. (d) ROC Skill Score (ROCSS) of the DJF NAO index being above the upper tercile (red) and below the lower tercile (blue). Dots indicate where the ROCSS
is significantly different from zero at the 95% level according to a non-parametric Mann–Whitney U-test and vertical bars indicate confidence intervals.

result in an ACC for the NAO of 0.48 indicating a rather constant
level of correlation skill regardless of whether prescribed or
interactive SSTs are used. The uncoupled re-forecasts using
ERA-Interim rather than ERA-20C for the initialisation of the
atmosphere result in a comparable level of ACC (0.40). The fact
that using ERA-20C for the initialisation of the atmosphere leads
to very similar results as using ERA-Interim for the initialisation
thus enhances the confidence in using ERA-20C for earlier
periods.

In order to diagnose the multi-decadal variability of the
NAO forecast skill throughout the century, we now analyse the
evolution of the ACC between ERA-20C and the ensemble mean
of ASF-20C during the 110-year hindcast period. To compare
with previous hindcast experiments, which have typically been

performed over periods of 20–30 years, the ACC has been
calculated between the forecast anomalies and the corresponding
verifying anomalies for a moving 30-year window. The ACC
for the NAO forecasts for each 30-year period is shown in
Figure 2(a), and exhibits marked variability on multi-decadal
time-scales across the 110-year period. While the estimated
ACCs are positive throughout the entire century, there are
coherent groups of multiple decades where our analysis suggests
that the skill over the different 30-year periods exceeds the
95% significance level of a t-test. These include the years
centred around the mid-1920s to mid-1940s and from the mid-
1970s onwards. The skill is lower, though still positive, for all
of the 30-year periods centred between the early 1950s and
mid-1970s.

c⃝ 2016 The Authors. Quarterly Journal of the Royal Meteorological Society
published by John Wiley & Sons Ltd on behalf of the Royal Meteorological Society.

Q. J. R. Meteorol. Soc. (2017)

Predictability of the NAO

(a) correlation skill of the DJF NAO index (black) computed for moving 30-year windows. Light grey: skill of a simple statistical 
forecast using persistence of the November average NAO index. (b) 30-year running mean filtered DJF NAO index in ERA-
20C (orange) and area-averaged intraseasonal variance of 10-day mean Z500 in the Atlantic sector computed from moving 
30-year windows and expressed as anomalies (green), units in m2. (c) Skill of the DJF NAO index for years with positive (red) 
and negative (blue) indices in ERA-20C (d) ROC Skill Score of the DJF NAO index being above the upper tercile (red) and 
below the lower tercile (blue). 

Weisheimer et al. (QJRMS 2017)



O’Reilly et al., (QJRMS 2020)

Predictability of the NAO: SST-forced variability
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Multidecadal variability of PNA forecast skill



uncoupled PNA corr skill
coupled PNA corr skill

observed corr PNA vs NINO3
uncoupled corr PNA vs NINO3

coupled corr PNA vs NINO3

§ Weakening of the obs. relationship between NINO3 SSTs and PNA during the mid-Century period
§ Ensemble mean model PNA response to NINO3 SSTs is very stable over time (no weakening)

à Lack of PNA skill in the mid-Century period?

Multidecadal variability of ENSO - PNA teleconnections

O’Reilly et al. (GRL 2017)
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RPC – Ratio of Predictable Components
(the signal-to-noise “paradox”)

see Eade et al (GRL, 2014)

PC: predictable parts of the total variance

PCobs : predictable component of the observations

PCmodel: predictable component in the model

§ Perfect model ensemble: RPC==1

§ RPC > 1  à underconfidence (overdispersive); 
model underestimates real-world predictability

§ RPC < 1  à overconfidence (underdispersive); 
model predictability is larger than in real world

Signal and noise

Eade et al. (GRL 2014)

RPC of DJF MSLP in GloSea5 (9:; = :;!"#
:;$!%&'

)

The real world seems to have higher 
predictability than the model.

See also Scaife & Smith (npj Clim. Atmos. Sci. 2018), Smith et al. (Nature 2020)



Perfect model ensembles and potential skill

What is a perfect model ensemble?

§ Perfect sampling of the underlying probability distribution of the true state

§ Over a large number of forecasts, the statistical properties of the truth are 
identical to the statistical properties of a member of the ensemble

§ I.e., the truth is indistinguishable from the ensemble

à Replace observation with ensemble member

Signal and noise



Perfect model ensembles and potential skill

Properties of a perfect model ensemble

§ Time-mean ensemble spread == RMSE of ensemble mean forecast

§ r (perfect model) = corr(ens mean,ens members) à “potential skill”

§ RPC of a perfect ensemble == 1
§ Observed correlation ≤ perfect model correlation ??

Signal and noise



Perfect model ensembles and potential skill

Implications for non-perfect ensembles

§ Time-mean ensemble spread ≠ RMSE of ensemble mean forecast

ensemble spread < RMSE   à ensemble is underdispersive

ensemble spread > RMSE   à ensemble is overdispersive

§ RPC ≠ 1

RPC > 1 à underconfidence; VARsignal too small, model underestimates predic-
tability of real world, observed correlation > perfect model correlation

RPC < 1 à overconfidence;   observed correlation < perfect model correlation
model predictability is larger than in real world

Signal and noise



1981-2009

1942-1970

1912-1940

Weisheimer et al. (QJRMS, 2019)

observed predictability model predictability (perfect model)
Does the model underestimate the skill?

Multidecadal variability: Z500 skill in DJF



Weisheimer et al. (QJRMS 2019)

Signal and noise: multidecadal variability

1912-1940

1942-1970

1981-2009

1901-2009

Ratio of Predictable Components (RPC) during different hindcast epochs
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Signal and noise: NAO

1901-2010:

RPC=1.05

1901-2010:

RPC=1.19



Impact of ensemble size on hindcast skill 

Signal and noise: what is a perfect model?

# of ensemble members

R
PC

actual skill
perfect model excluding verifying member
perfect model including verifying member

Weisheimer et al. (QJRMS 2019)



Impact of ensemble size on hindcast skill 

Signal and noise: what is a perfect model?
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Weisheimer et al. (QJRMS 2019)



v New seasonal hindcast data sets from 1901 to 2010 provide a test bed for estimating seasonal 
predictability during distinct recent climate periods

v Evidence for multi-decadal variability of extratropical winter forecast skill (NAO, PNA) with 
pronounced drop of skill in mid-Century decades

v Seasonal ENSO forecast skill varies non-monotonically across the Century in coupled and 
uncoupled hindcasts with similar levels of skill at the beginning and end of 20th Century (role of 
the observing system?)

v Biennial hindcasts SEAS5-20C (1901-2010) test limits of ENSO predictability out to 24 months
o Background state changes show complex behaviour (mean, variability)
o skill drop in spring (barrier) is most sensitive to multi-decadal variability

à Short hindcast period are not sufficiently representative for longer-term behaviour (skill, 
confidence) due to decadal climate variability

Mid-Century period stands out as an important period on which to test the performance 
of future seasonal forecast systems

à Achieving good forecast skill for recent decades is not sufficient to guarantee similar 
good performance in the future

Conclusions
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