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ABSTRACT

While state-of-the-art models of the Earth’s climate system have improved tremendously
over the last twenty years, nontrivial structural flaws still hinder their ability to forecast the
decadal dynamics of the Earth system realistically. Contrasting the skill of these models not
only with each other but also with empirical models can reveal the space and time scales
on which simulation models exploit their physical basis effectively and quantify their ability
to add information to operational forecasts. The skill of decadal probabilistic hindcasts for
annual global-mean and regional-mean temperatures from the EU ENSEMBLES project is
contrasted with several empirical models. Both the ENSEMBLES models and a “Dynamic

)

Climatology” empirical model show probabilistic skill above that of a static climatology for

global-mean temperature. The Dynamic Climatology model, however, often outperforms the
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ENSEMBLES models. The fact that empirical models display skill similar to that of today’s
state-of-the-art simulation models suggests that empirical forecasts can improve decadal
forecasts for climate services, just as in weather, medium range, and seasonal forecasting. It
is suggested that the direct comparison of simulation models with empirical models becomes
a regular component of large model forecast evaluations. Doing so would clarify the extent
to which state-of-the-art simulation models provide information beyond that available from
simpler empirical models and clarify current limitations in using simulation forecasting for
decision-support. Ultimately the skill of simulation models based on physical principles is
expected to surpass that of empirical models in a changing climate; their direct comparison
provides information on progress toward that goal which is not available in model-model

intercomparisons.

1. Introduction

L are often

State-of-the-art dynamical simulation models of the Earth’s climate system
used to make probabilistic predictions about the future climate and related phenomena with
the aim of providing useful information for decision support (Anderson et al. 1999; UK-
MetOffice 2011; Weigela and Bowlerb.2009; Alessandri et al. 2011; Hagedorn et al. 2005;
Hagedorn and Smith 2009; Meehl et al. 2009; Doblas-Reyes et al. 2010, 2011; TPCC 2007;
Reifen and Toumi 2009). Evaluating the performance of such predictions from a model,

or set of models, is crucial not only in terms of making scientific progress, but also in

determining how much information may be available to decision-makers via climate services.

!Models that use physical principles to simulate the Earth’s climate are often called general circula-
tion models (GCMs), coupled atmosphere-ocean global climate models (AOGCMs) or Earth system models
(ESMs). Such models are referred to as simulation models throughout this paper. The key distinction is
their explicit use of physical principles to simulate the system of interest. Simulation models are to be
contrasted with models based almost solely on observations, which are hereafter referred to as ‘empirical

models’ following (van den Dool 2007)
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It is desirable to establish a robust and transparent approach to forecast evaluation, for the
purpose of examining the extent to which today’s best available models are adequate over
the spatial and temporal scales of interest for the task at hand. A useful reality check is
provided by comparing the simulation models not only with other simulation models, but
also with empirical models which do not include direct physical simulation.

Decadal prediction brings several challenges for the design of ensemble experiments and
their evaluation (Meehl et al. 2009; van Oldenborgh et al. 2012; Doblas-Reyes et al. 2010;
Fildes and Kourentzes 2011; Doblas-Reyes et al. 2011); the analysis of decadal prediction
systems will form a significant focus of the IPCC’s fifth assessment report (AR5). Decadal
forecasts are of particular interest both for information on the impacts over the next ten
years, as well as from the perspective of climate model evaluation. Hindcast experiments
over an archive of historical observations allow approaches from empirical forecasting to be
used for model evaluation. Such approaches can aid in the evaluation of forecasts from
simulation models (Fildes and Kourentzes 2011; van Oldenborgh et al. 2012) and potentially
increase the practical value of such forecasts through blending forecasts from simulation
models with forecasts from empirical models that do not include direct physical simulation
(Brocker and Smith 2008).

This paper contrasts the performance of decadal probability forecasts from simulation
models with that of empirical models constructed from the record of available observations.
Empirical models are unlikely to yield realistic forecasts for the future once climate change
moves the Earth system away from the conditions observed in the past. A simulation model,
which aims to capture the relevant physical processes and feedbacks, is expected to be at
least competitive with the empirical model. If this is not the case in the recent past, then
it is reasonable to demand evidence that those particular simulation models are likely to be
more informative than empirical models in forecasting the near future.

A set of decadal simulations from the ENSEMBLES experiment (Hewitt and Griggs 2004;

Doblas-Reyes et al. 2010), a precursor to the Coupled Model Intercomparison Project Phase
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5 (CMIP5) decadal simulations (Taylor et al. 2009) is considered. The ENSEMBLES proba-
bility hindcasts are contrasted with forecasts from empirical models of the static climatology,
persistence and a “Dynamic Climatology” model developed for evaluating other dynamical
systems (Smith 1997; Binter 2011). Ensemble members are transformed into probabilistic
forecasts via kernel dressing (Brocker and Smith 2008) and their quality quantified accord-
ing to several proper scoring rules (Brocker and Smith 2006). The ENSEMBLES models do
not demonstrate significantly greater skill than that of an empirical Dynamic Climatology
model either for global mean temperature or for the land-based Giorgi region® temperatures
(Giorgi 2002).

It is suggested that the direct comparison of simulation models with empirical models
become a regular component of large model forecast evaluations. The methodology is easily
adapted to other climate forecasting experiments and can provide a useful guide to decision-
makers about whether state-of-the-art forecasts from simulation models provide additional
information to that available from easily constructed empirical models.

An overview of the ENSEMBLES models used for decadal probabilistic forecasting is
discussed in section 2. The appropriate choice of empirical model for probabilistic decadal
predictions forms the basis of section 3, while section 4 contains details of the evaluation
framework and the transformation of ensembles into probabilistic forecast distributions. The
performance of the ENSEMBLES decadal hindcast simulations is presented in section 5
and compared to that of the empirical models. Section 6 then provides a summary of
conclusions and a discussion of their implications. The Supplementary Material includes
graphics for models not shown in the main text, comparisons with alternative empirical
models, results for regional forecasts and the application of alternative (proper) skill scores.

The basic conclusion is relatively robust: the empirical Dynamic Climatology (DC) model

2Giorgi regions are a set of land-based regions, defined in terms of simple rectangular areas and chosen
based on a qualitative understanding of current climate zones and on judgements about the performance of

climate models within these zones.



87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

104

106

107

108

109

110

often outperforms the simulation models in terms of probability forecasting of temperature.

2. Decadal prediction systems

Given the timescales required to obtain fresh out-of-sample observations for the evalua-
tion of decadal forecast systems, forecast evaluation is typically performed in-sample using
hindcasts. Hindcasts (or retrospective forecasts) are predictions made as if they had been
launched on dates in the past, and allow some comparison of model simulations with ob-
servations. Of course, simulation models have been designed after the study of this same
historical data, so their ability to reproduce historical observations carries significantly less
weight than success out-of-sample. Failure in-sample, however, can be instructive.

In a changing climate, even out-of-sample skill is no guarantee of future performance,
due to the nonlinear nature of the response to external forcing (Smith 2002; Reifen and
Toumi 2009; IPCC 2007). Nevertheless, the fact that only simulation models based on
the appropriate physical principles are expected to be able to generalize to new physical
conditions provides no evidence that today’s state-of-the-art simulation models can do so.
Contrasting probability forecasts from simulation models with those from empirical models
is one guide to gauging the additional information derived from the physical basis of the
simulation model-based forecasts. In practice, the most skillful probability forecast is often
based on combining the information from both simulation models and empirical models
(van den Dool 2007; Hoeting et al. 1999; Unger et al. 2009; Brocker and Smith 2008; UK-
MetOffice 2011).

Decadal predictions aim to accurately represent both the intrinsic variability and forced
response to changes in the Earth system (Meehl et al. 2009). Decadal simulation models
now assimilate observations of the current state of the Earth system as initial conditions

in the model (Pierce et al. 2004; Troccoli and Palmer 2007)3. At present it is not clear

3In reality, of course, no such distinct entities exist given the nonlinearity of the Earth System. The
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whether initialising the model with observations at each forecast launch improves the skill of
decadal forecasts (Pohlmann et al. 2009; Hawkins et al. 2011; Smith et al. 2007; Keenlyide
et al. 2008; Smith et al. 2010; van Oldenborgh et al. 2012; Kim et al. 2012). At a more
basic level, the ability to provide useful decadal predictions using simulation models is yet
to be firmly established. Probabilistic hindcasts, based on simulations from Stream 2 of
the ENSEMBLES project (further details of which can be found in (Doblas-Reyes et al.
2010) and in the Appendix), do not demonstrate significantly more skill than that of simple
empirical models.

Figure 1 illustrates the 2-year running mean of simulated global mean temperature from
the four simulation models in the multi-model ensemble experiment of the ENSEMBLES
project over the full set of decadal hindcasts. Observations from the HadCRUT3 dataset
and ERA40 reanalysis are shown for comparison. HadCRUT3 is used as the outcome archive
for both the model evaluation and construction of the empirical model. Using ERA40 for
the verification instead of HadCRUT3 does not change the conclusions about the model skill
significantly (results not presented here). Global mean temperature is chosen for the analysis
as simulation models are expected to perform better over larger spatial scales (IPCC 2007).
Even at the global scale the raw simulation output is seen to differ from the observations both
in terms of absolute values, as well as in dynamics. Three of the four models display a sub-
stantial model drift away from the observed global mean temperature, the ECHAMS model
is the exception. The fact that some of the models exhibit a substantial drift, but not oth-
ers, reflects the fact that different models employ different initialisation schemes (Keenlyide
et al. 2005). ECHAMS both assimilates anomalies and forecasts anomalies. Assimilating
anomalies is intended to reduce model drift* (Pierce et al. 2004); the remaining models are

initialised from observed conditions.

nature of “intrinsic variability” is inextricably linked to the state of the Earth System; there is no separation

into a natural component and a forced component.

4For point forecasts, forecasting anomalies allows an immediate apparent bias reduction at short lead

times on the order of the model’s systematic error.
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A standard practice for dealing with model drift is to apply an empirical (linear) “bias
correction” to the simulation runs (Stockdale 1997; Jolliffe and Stephenson 2003). Such a
procedure both assumes that the bias of a given model at a given lead time does not change
in the future, and is expected to break the connection between the underlying physical
processes in the model and its forecast. Bias correction is often applied using the (sample)
mean forecast error at each forecast lead time. The mean forecast error is shown as a function
of lead time for global mean temperature in figure 2 for each of the ENSEMBLES models.
Here, lead time 1 indicates the average of the first 12 months of each simulation, initialised
in November of the launch year.

The focus in this paper is on probability forecasts, specifically on contrasting the skill
of simulation model probability forecasts with empirical model probability forecasts. On
weather forecast timescales and in the medium range, simulation model based probability
forecasts clearly have more skill than empirical model probability forecasts based on cli-
matology (Hagedorn and Smith 2009). The question is whether, in the context of decadal
probability forecasting, simulation models produce decadal probability predictions that are
more skillful than simple empirical models. Answering this question requires defining an

appropriate empirical model.

3. Empirical models for decadal prediction

Empirical models are common in forecast evaluation (Barnston et al. 1994; Colman and
Davey 2003; van Oldenborgh et al. 2005, 2012; Lee et al. 2006; van den Dool 2007; Laepple
et al. 2008; Krueger and von Storch 2011; Wilks 2011). They are used to quantify the
information a simulation model adds beyond the naive baseline the empirical models define.
They have also been used to estimate forecast uncertainty (Smith 1992), both as benchmarks
for simulation forecasts, and as a source of information to be combined with simulation model

forecasts (van den Dool 2007; Unger et al. 2009; Smith 1997; UK-MetOffice 2011; Hagedorn
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and Smith 2009).

Empirical models based on historical observations cannot be expected to capture previ-
ously unobserved dynamics. Two empirical models typically used in forecast evaluation are
the climatological distribution and the persistence model. In the analysis below, a static
climatology defines a probabilistic distribution generated through the kernel dressing and
cross-validation procedures applied to the observational record (Brocker and Smith 2008;
Hoeting et al. 1999), as outlined in section 4. Persistence forecasts are defined according
to a similar procedure, based on the last observation, persisted as a single ensemble mem-
ber for each launch. These models are not expected to prove ideal in a changing climate,
nevertheless information regarding the ability (or inability) of a simulation model to outper-
form these simple empirical models is of value. Alternative empirical models for probability
forecasts, more appropriate for a changing climate, define a Dynamic Climatology based on
ensemble random analogue prediction (eRAP) (Smith 1997; Paparella et al. 1997). Empir-
ical forecasts are also used as benchmarks for evaluating point forecasts of decadal climate
predictions (Fildes and Kourentzes 2011; van Oldenborgh et al. 2012; Doblas-Reyes et al.
2010).

Analogue forecasting uses the current state (perhaps with other recent states (Smith
1997)) to define analogues within the observational record (van den Dool 1994; Lorenz 1963;
van den Dool 2007). A distribution based on images of each analogue state (the observation
immediately following the analogue state) then defines the ensemble forecast. Analogues may
be defined in a variety of ways, including near neighbours either in observation space or in a
delay reconstruction (Smith 1994, 1997). The ensemble members may be formed using the
complete set of available analogue states (Dynamic Climatology (Smith 1997; Binter 2011)),
or by selecting from the nearest neighbours at random, with the probability of selecting a
particular neighbour related to the distance (in the state space) between the prediction point
and the neighbour (the random analogue prediction method (Paparella et al. 1997)).

The dynamic climatologies constructed below provide [-step ahead forecast distributions



187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

based on the current state and differences defined in the observational record. There are two
approaches to forming such a Dynamic Climatology: (i) direct and (ii) iterated (Smith 1992).
The direct Dynamic Climatology (DC) approach used below considers the [-step differences in
the observational record (for example a 1-step difference might be the temperature difference
between the current state and its immediately preceding state). A distribution is formed for
each value of [ from the corresponding differences using all the observations after some start
date, thus the size of the ensemble decreases linearly with lead time due to the finite size of
the archive. For a forecast of a scalar quantity, such as the global mean temperature below,

the DC ensemble at lead time [ launched at time ¢ consists of the set of N; values:

ei:St +l Ai, 1= 1,...,Nl, (1)

where S, is the initial condition at time ¢ and 'A;,i = 1,..., N; is the set of [** differences in
the observational record. Figure 3 illustrates the DC model for global mean temperature,
launched at five-year intervals, asin the ENSEMBLES hindcasts. A true out-of-sample
forecast up to the year 2015, initialised to the observed global mean temperature in 2004,
is also included. Fach lead time 1 forecast is based on an ensemble of 48 members. In
real-time forecasting' Ny = N — [, while for cross-validation purposes the ensembles in figure
3 use N —1—1, omitting the A; corresponding to the year being forecast. Thus at lead time
9 each forecast is based on an ensemble of 40 members. The DC approach is shown below

to outperfom the ENSEMBLES models when forecasting global mean temperature.

4. Probability forecasts from ensembles

No forecast is complete without an estimate of forecast skill (Tenneckes et al. 1987).
Probability forecasts allow a complete description of the skill from an ensemble prediction

system; they may be formed in several ways. The IPCC AR4 (IPCC 2007), for example,
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defines a likely range subjectively, applying the ‘sixty-forty’ rule® to the mean of the CMIP3
model global mean temperatures in 2100. Insofar as the forecast-outcome archive is larger
for decadal timescales, objective statistical approaches are more easily deployed.

Decadal probability forecasts are formed by transforming the ensemble into a probability
distribution function via kernel dressing (Brocker and Smith 2008). A number of methods
for this transformation exist and a selection will impact the skill of the forecast. The kernel

dressed forecast based on an ensemble with N members is (Brocker and Smith 2008):

Pl 2.0) = o ¢ (L), ®)

i=1

where ¢ is the i" ensemble member, p is the offset of the kernel mean (this offset may have
a different value than the traditional “bias” term®) and o is the kernel width. In this paper,

the kernel, K, is taken to be a Gaussian function,

K(e) = (1%) P <—;52>. (3)

The kernel parameters are fitted by minimising a chosen skill score (Jolliffe and Stephenson

2003) while avoiding information contamination”.

The forecasts below are evaluated using the Ignorance score (Good 1952), defined as

S(p(y).Y) = —loga(p(Y)), (4)
°In chapter 10.5.4.6 of the AR4 (IPCC 2007) the “likely” range of global temperatures in 2100 are

provided for each of several scenarios. Each range falls “within 40 to +60% of the multi-model AOGCM
mean warming simulated for each scenario.” (pg 810). Similar results are shown in figure 5 of the Summary

for Policy Makers.
6Kernel dressing and blending aim to provide good probability forecasts; this goal need not coincide with

minimizing the point forecast error of the ensemble mean.

“Information contamination occurs when critical information is used in a hindcast which would not have
been available for a forecast actually made on the same launch date. While such contamination can never be
eliminated completely if the historical data is known, principled use of cross-validation can reduce its likely

impact.

10
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where p(Y') is the probability assigned to the verification, Y. By convention the smaller the
score the more skillful the forecast (Jolliffe and Stephenson 2003).

To contrast the skill of probability forecasts from two forecast systems it is useful to
consider the relative Ignorance. The mean relative Ignorance of model 1 relative to model 2

is defined as

Sret(P1(y), p2(y),Y) = F Z ~log: szlgj:ﬂ

= S(p1(y) Y) = S(pa(y), Y). (5)

If p, is taken as a reference forecast, then S, defines ‘zero skill’ in the sense that p, will
have S, = 0.

Appropriate reference forecasts will depend on the task at hand: they may include a
static climatological distribution, a dynamic climatology, another simulation model or em-
pirical model. The relative Ignorance quantifies (in terms of bits) the additional information
provided by forecasts from one model, above that of the reference. A relative Ignorance
score of S,.i(p1(y),p2(y),Y) = =1 means that the model forecast places, on average, twice
(that is 2!) the probability mass on the verification than the reference forecast. Similarly, a
score of
Sret(p1(y), p2(y),Y) = —1/2 means ~41% (that is 2'/2) more probability mass on average.
In section 5, the static climatology, a persistence forecast and the DC model are chosen
as references to measure performance against the ENSEMBLES simulation models. The
parameters used to construct each empirical model forecast are each estimated under true-
cross-validation: the forecast target decade is omitted from consideration.

The ENSEMBLES forecast-outcome archive contains at most nine forecast-outcome
pairs. That is, there are only nine forecast launch dates, each with a maximum lead time of
ten years. Outside of true out-of-sample evaluation it is difficult not to overfit the forecast

and dressing parameters used to generate probability forecasts; the details of cross-validation

11
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can have a large impact. Extending the typical leave-some-out fitting protocol (Hastie et al.
2001; Brocker and Smith 2008) to include the kernel dressing procedure reduces the sample
size of the forecast-outcome archive from eight to seven pairs. This ‘true leave-some-out’
procedure (Smith et al. 2013) will necessarily increase the sampling uncertainty, reflected
through bootstrap resampling. In the case of the ENSEMBLES forecasts, adopting a true
leave-some-out procedure reduces the apparent significance of the results; failing to introduce
such a procedure, however, risks both information contamination and the suggestion that
there is more skill than is to be expected in the simulation models. The most appropriate

path cannot be determined with confidence until additional data becomes available.

5. Results

The skill of each of the four ENSEMBLES decadal prediction models has been evaluated
relative to Dynamic Climatology (DC). The HadGem?2 forecast distributions are shown as fan
charts in figure 4 as an example. These forecast distributions tend to capture the observed
global mean temperature, although the verification falls outside the 5-95! percentile of
the distribution more often than the expected 10% of the time. The distributions from the
other ENSEMBLES simulation models (illustrated in the supplementary material) produce
similar results.

A set of forecast distributions for the DC model is shown in figure 5. This model was
launched every year between 1960 and 2000, although only every fifth launch is illustrated, in
keeping with the ENSEMBLES forecast launch dates. The increased number of launches for
the DC model, each with a larger ensemble, allows more accurate statistics on its performance
over the same range of the available observational data. Forecasts from the DC model show
a similar distribution across each forecast launch, unlike those of the ENSEMBLES models.
The verification also falls outside the 5*-95" percentile of the DC distributions on several

occasions, similar to the distributions produced for the simulation models.

12
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Figure 6 shows the performance of all four ENSEMBLES simulation models and the
DC empirical model in terms of Ignorance as a function of lead time. To test whether one
model is systematically better than another requires considering the relative performance
directly. The Ignorance of each model is computed relative to the static climatology shown
in figure 7. True leave-some-out cross-validation is applied throughout. When the relative
Ignorance is less than zero the model has skill relative to the static climatology. If the
bootstrap resampling intervals of a model overlap zero, the model may be less skillful than
the static climatology. In fact none of the simulation models consistently outperform the
DC empirical model, which has among the lowest Ignorance scores. Figure 6 shows that the
DC model significantly outperforms the static climatology across all lead times, on average
placing approximately twice the probability mass on the verification (S, ~ —1.0). The DC
model using only launch dates every fifth year (to'introduce a sampling uncertainty compa-
rable to those of the ENSEMBLES model forecasts) shows a similar result but with slightly
larger bootstrap resampling intervals as expected. For each of the ENSEMBLES models
variations in skill between forecasts (for a given lead time) prevent the establishment of sig-
nificant skill relative to the static climatology, despite the fact that both the IFS/HOPE and
ARPEGE4/OPA models consistently produce relative Ignorance scores below zero at most
lead times. The HadGem2 and ARPEGE4/OPA models, however, indicate that significant
skill relative to static climatology can be established for early lead times. It is no surprise
that the DC model performs better than the static climatology, since an increase in skill is
almost certain to come from initialising each forecast to the observed temperature value at
the forecast launch.

Figure 8 shows the performance of each of the models relative to forecasts of persistence.
Once again the DC model consistently shows relative Ignorance scores below zero across
most lead times, while the ARPEGE4/OPA model scores below zero for early lead times (up
to a lead time of five years), suggesting that forecasts from these models are more skillful

than a persistence forecast over this range. In both cases the resampling bars cross the zero

13
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relative skill axis, clouding the significance of the result.

The skill of the ENSEMBLES simulation model forecasts is illustrated relative to the DC
model in figure 9. None of the models in the ENSEMBLES multi-model ensemble demon-
strates significant skill above the DC model at any lead time for global mean temperature.
In fact all four simulation models show systematically less skill than the DC model. Similar
results are found at smaller spatial scales (specifically the Giorgi regions (Giorgi 2002)),
where the DC empirical model tends to outperform each of the ENSEMBLES simulation
models (see the supplementary material).

The ECHAMbS model generally has the least skill out of the ENSEMBLES models, par-
ticularly for global mean temperature, with DC outperforming this model by several bits
at lead times of up to ten years, although the bootstrap resampling intervals often overlap
the zero line and also overlap with the intervals from the other simulation models in figure
9. At global mean temperature scales the ARPEGE4/OPA model tends to perform better
than the other ENSEMBLES models, perhaps surprisingly, since the raw simulation hind-
casts from ARPEGE4/OPA contain a particularly large (but consistent) model drift relative
to the other simulation models. Models requiring empirical drift corrections are less likely
to produce realistic forecasts in a changing climate than they are in the current climate.
Over the smaller spatial scales considered (the Giorgi regions) the ARPEGE4/OPA model
no longer outperforms the other simulation models; no one ENSEMBLES model emerges as
significantly better than any other (see Supplementary Material).

The poor performance of the ECHAMS5 simulation model might at first appear as a
surprise, since the ensemble members from this model appear to be relatively close to the
target values in figure 1. Note, however, that ECHAMS5 initialises (and thus forecasts)
model anomalies, not physical temperatures; the model forecasts then yield forecast model
anomalies. In this case then, the systematic error of the model is partially accounted for
when the model forecast anomalies are translated back into physical temperatures. The offset

applied within the kernel dressing procedure levels the playing field by accounting for the
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systematic errors in the other simulation models; the figures indicate that while ECHAMS5
may suffer less model drift due to this process (Keenlyide et al. 2005) it does not produce
more skillful probability forecasts than the other ENSEMBLES simulation models.

The ENSEMBLES experimental design also contains a perturbed physics ensemble from
the UK Met Office Decadal Prediction System (DePreSys) (Doblas-Reyes et al. 2010), in
which nine perturbed physics ensemble members are considered over the same set of hindcast
launch dates. The DePreSys simulations contain only one initial condition ensemble member
for each model version. In this case, the offset and kernel parameters must be determined
for each model version separately and the lack of any information on sensitivity to initial
conditions limits the practical evaluation of the perturbed physics ensemble. The DePreSys
hindcasts are therefore not considered for analysis here.

While hindcast experiments can never provide true “out of sample” evaluation of a fore-
casting system, it is possible to deny empirical models access to data observed after each
launch date. In addition to the denial of what were effectively future observations, it is also
necessary to illustrate that the skill of these Prelaunch empirical models® does not depend
sensitively on parameter tuning, as it is implausible that such tuning could have been done
in real-time. The results reported below are robust to variations in the free parameters in
the Prelaunch DC model (see Supplementary Material).

Two Prelaunch empirical models were considered. The first is simply a direct climatology
model where the observation archive is restricted to values prior to each launch date. The
results are similar, in fact sometimes slightly better than, the standard DC model. Figure 10
shows the skill of the Prelaunch DC model with a kernel width of (¢ = 0.08 and o = 0.02)

relative to the standard DC model, constructed under cross-validation; performance is robust

8 Arguably our “Prelaunch” model could be called a “simulated real-time” model. we resist this inasmuch
as the “future” was known when the experiment was designed, even though only the prelaunch observations
were used in constructing the model. “Prelauch” should be read to imply only that the data used was
restricted to that dated before the forecast launch date, it does not imply that (the impact of) all information

gleaned since that date was somehow forgotten.
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to decreasing this width by more than an order of magnitude. A Prelaunch Trend model was
also constructed to determine if the observed skill was due to a linear trend. The Prelaunch
Trend model simply extends the linear fit to the observations from a fixed start-date (say,
1950) to the launch date, and then uses the standard deviation of the residuals as the kernel
width. The Prelaunch DC is more skillful than the Prelaunch Trend model, as shown in figure
10. This result is robust to changing the start-date back towards 1900 (see Supplementary
Material). It is important to stress that this trend model is not being advocated as a
candidate empirical model, but only to address the specific question of whether the skill of
the DC model comes only from the observed trend in global mean temperature. Much more
effective methods for estimating statistical time-series models are available in this context
(see for example (Fildes and Kourentzes 2011)).

The results presented highlight several features for the experimental design of ensemble
prediction systems and the impact that design has for the evaluation of probabilistic fore-
casts. In hindcast experiment design, the number and type of ensemble members considered
not only impact on the resolution of the prediction system, but also on the quality of the
evaluation methodology: in the kernel dressing approach this impacts the accuracy of the
estimated kernel offset and spread parameters, as well as the cross-validation procedure.
Sample size plays a major role and has.consequences for the design of experiments and their
evaluation. In particular the number of available forecasts and ensemble members can heav-
ily influence the significance of the results, especially when the forecast-outcome archive is
small. Large initial condition ensembles more clearly distinguish systematic model drift at
a particular initial state from sensitivity to small changes in that initial state. Singleton
ensembles, as in DePreSys, do not allow such a separation. With only a relatively short
forecast-outcome archive and a small number of ensemble members per hindcast launch, the
evaluation of the probabilistic forecasts suffers from large sampling uncertainties. While it
may not be possible to extend the duration of the observations, increasing the ensemble size

can resolve some of the ambiguities involved in the cross-validation stage. In the case of
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DePreSys, it is suggested that future perturbed physics hindcast designs would benefit from
including initial condition perturbations, as well as different model versions. Further im-
provements, in terms of increasing the statistical significance of the probabilistic evaluation,
may be made by extending the size of the forecast-outcome archive further into the past, or
where this is not possible, including intermediate launch dates to increase the sample size

for the purpose of fitting the kernel dressing parameters.

6. Conclusions

The quality of decadal probability forecasts from the ENSEMBLES simulation models
has been compared with that of reference forecasts from several empirical models. In general,
the Stream 2 ENSEMBLES simulation models demonstrate less skill than the empirical DC
model across the range of lead times from one to ten years. The result holds for a variety of
proper scoring rules including Ignorance (Good 1952), the Proper Linear Score (PL) (Jolliffe
and Stephenson 2003) and the continuous ranked probability score (CRPS) (Brocker and
Smith 2006). A similar result holds on smaller spatial scales for the Giorgi Regions (see
Supplementary Material).  These new results for probability forecasts are consistent with
evaluations of root-mean-square errors of decadal simulation models with other reference
point forecasts (Fildes and Kourentzes 2011; van Oldenborgh et al. 2012; Weisheimer et al.
2009). The DC probability forecasts often place up to 4 bits more information (or 2* times
more probability mass) on the observed outcome than the ENSEMBLES simulation models.

In the context of climate services, the comparable skill of simulation models and empirical
models suggests that the empirical models will be of value for blending with simulation
model ensembles; this is already done in ensemble forecasts for the medium range and on
seasonal lead times. It also calls into question the extent to which current simulation models
successfully capture the physics required for realistic simulation of the Earth System, and

can thereby be expected to provide robust, reliable predictions (and, of course, to outperform
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empirical models) on longer time scales.

The evaluation and comparison of decadal forecasts will always be hindered by the rela-
tively small samples involved when contrasted with the case of weather forecasts; the decadal
forecast-outcome archive currently considered is only half a century in duration. Advances
both in modelling and in observation, as well as changes in the Earth’s climate, are likely to
mean the relevant forecast-outcome archive will remain small. One improvement that could
be made to clarify the skill of the simulation models is to improve the experimental design
of hindcasts, in particular to increase the ensemble size used. For the ENSEMBLES models,
each simulation ensemble consisted of only three members launched at five year intervals.
Larger ensembles and more frequent forecast launch dates can ease the evaluation of skill
without waiting for the forecast-outcome archive to grow larger?.

The analysis of hindcasts can never be interpreted as an “out of sample” evaluation. The
mathematical structure of simulation models, as well as parameterizations and parameter
values, have been developed with knowledge of the historical data. Empirical models with a
simple mathematical structure suffer less from this effect. Prelaunch empirical models based
on the DC structure and using only observations before the forecast launch date also out-
perform the ENSEMBLES simulation models. This result is robust over a range of ensemble
interpretation parameters (that is, variations in the kernel width used). Both Prelaunch
Trend models and persistence models are less skillful than the DC models considered.

The comparison of near-term climate probability forecasts from Earth Simulation Models
with those from Dynamic Climatology empirical models provides a useful benchmark as the
simulation models improve in the future. The blending (Brocker and Smith 2008) of simu-

lation models and empirical models is likely to provide more skillful probability forecasts in

9As noted by a reviewer, it is possible that a DC model effectively captures all the available forecast
information given the uncertainty in the observations. This suggestion would be supported if the ENSEM-
BLES models were shown to be able to shadow (Smith 1997) over decades and, even with improved data
assimilation and using large ensembles, did not outperform empirical models; on the other hand it could be

easily falsified by a single simulation model which convincingly outperformed the empirical models.
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Climate Services, both for policy and adaptation decisions. In addition, clear communica-
tion of the (limited) expectations for skillful decadal forecasts can avoid casting doubt on
well-founded physical understanding of the radiative response to increasing carbon dioxide
concentration in the Earth’s atmosphere. Finally, these comparisons cast a sharp light on
distinguishing whether current limitations in estimating the skill of a model arise from ex-
ternal factors like the size of the forecast-outcome archive, or from the experimental design.
Such insights are a valuable product of ENSEMBLES and will contribute to the experimental

design of future ensemble decadal prediction systems.
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Appendix: The Stream 2 ENSEMBLES decadal hind-
cast experiments

The set of decadal hindcast experiments from Stream 2 of the ENSEMBLES project

simulations (Doblas-Reyes et al. 2010) have a similar experimental design to the seasonal
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hindcast experiments discussed in (Weisheimer et al. 2009). The decadal hindcasts consist
of a set of initial condition ensembles, containing three ensemble members, initialised at
launch, from four forecast systems - ARPEGE4/OPA (CERFACS), IFS/HOPE (ECMWF),
HadGem2 (UKMO) and ECHAM5 (IFM-GEOMAR) - to produce a multi-model ensem-
ble. A perturbed physics ensemble containing nine ensemble members from the DePreSys
forecast system (based on the HadCM3 climate model) for both initialised and unassim-
ilated simulations also forms part of the ENSEMBLES project. The hindcasts span the
period 1960-2005, with simulations from each model launched at 5-year intervals, starting in
November of the launch year and run over 10-year integrations. ‘A full initialisation strategy
was employed for the atmosphere and ocean using realistic estimates of their observed states
(except for ECHAMS5, which employed an anomaly initialisation scheme), with all the main
radiative forcings prescribed and perturbations of the wind stress and SST fields made to

sample initial condition uncertainty of the multi-model ensemble.
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List of Figures

1

Global mean temperature (2 year running mean) for the four forecast systems
- HadGem2 (UKMO), IFS/HOPE (ECMWF), ARPEGE4/OPA (CERFACS)
and ECHAM5 (IFM-GEOMAR) - that form Stream 2 of the ENSEMBLES
decadal hindcast simulations (Doblas-Reyes et al. 2010). HadCRUT3 obser-
vations and ERA40 reanalysis are also shown for comparison. Note that the
scale on the vertical axis for the ARPEGE4/OPA model is different to the
other three panels, reflecting the larger bias in this model.

Mean forecast error as a function of lead time across the set of decadal hind-
casts for each of the ENSEMBLES simulation models as labelled. Note that
the scale on the vertical axis for the ARPEGE4/OPA model is different to
the other three panels, reflecting the larger bias in this model.

Dynamic climatology (DC) over the period of the ENSEMBLES hindcasts
(figure 1). HadCRUT3 (from which the DC model is constructed) is shown
for comparison.

Forecast distributions for HadGem2 (UKMO) for the 5-95 percentile. The
HadCRUTS3 observed temperatures are shown in blue. The forecasts are ten
years long and lauched every five years, and so the fan charts would overlap;
to avoid this they are presented on two panels. The top (bottom) panel
illustrates forecasts launched in ten year intervals from 1960 (1965).

Forecast distribution for every fifth launch from the Dynamic Climatology
(DC) model for the 5-95" percentile. The HadCRUT3 observed temperatures
are shown in blue. The forecasts are ten years long and lauched every five
years, and so the fan charts would overlap; to avoid this they are presented
on two panels. The top (bottom) panel illustrates forecasts launched in ten

year intervals from 1960 (1965).
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10

Ignorance as a function of lead time for each of the four ENSEMBLES hindcast
simulation models and the DC model relative to the static climatology. The
bootstrap resampling intervals are illustrated at the 10-90** percent level. The
DC model is shown to be significantly more skillful than static climatology
at all lead times, whereas the ARPEGE4/OPA and IFS/HOPE models are
significantly more skillful than static climatology at early lead times.
Probability density for the static climatology used in the paper with obser-
vations over the period 1960-2010 (from HadCRUT3) illustrated as points on
the x-axis for reference.

Ignorance of the ENSEMBLES models and DC relative to persistence fore-
casts as a function of lead time. The DC model has negative relative Ignorance
scores up to 6 years ahead, indicating it is significantly more skillful than per-
sistence forecasts at early lead times. The ENSEMBLES models tend to have
positive scores, particularly at longer lead times, with bootstrap resampling
intervals that overlap with the zero skill line. The bootstrap resampling in-
tervals are illustrated at the 10-90t" percent level.

Ignorance of the ENSEMBLES models relative to DC as a function of lead
time. The bootstrap resampling intervals are illustrated at the 10-90" percent
level. Note that the simulation models tend to have positive scores (less skill)
than the DC model at every lead time.

Ignorance of the Prelaunch DC and Prelaunch Trend models relative to the
standard DC model as a function of lead time. The HadGem2 model from
ENSEMBLES is also shown. It is shown that the Prelaunch DC model is
not significantly less skillful than the standard DC model and is robust to
variations in parameter tuning. The Prelaunch linear trend model is, however,
generally shown to be less skillful than the standard DC model. The bootstrap

resampling intervals are illustrated at the 10-90*" percent level.
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F1a. 1. Global mean temperature (2 year running mean) for the four forecast systems -
HadGem2 (UKMO), IFS/HOPE (ECMWF), ARPEGE4/OPA (CERFACS) and ECHAM5
(IFM-GEOMAR) - that form Stream 2 of the ENSEMBLES decadal hindcast simulations
(Doblas-Reyes et al. 2010). HadCRUT3 observations and ERA40 reanalysis are also shown
for comparison. Note that the scale on the vertical axis for the ARPEGE4/OPA model is
different to the other three panels, reflecting the larger bias in this model.
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F1Gg. 2. Mean forecast error.as a function of lead time across the set of decadal hindcasts
for each of the ENSEMBLES simulation models as labelled. Note that the scale on the
vertical axis for the ARPEGE4/OPA model is different to the other three panels, reflecting
the larger bias in this model.
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CRUT3 observed temperatures are shown in blue. The forecasts are ten years long and
lauched every five years, and so the fan chatts would overlap; to avoid this they are pre-

sented on two panels. The top (bottom) panel illustrates forecasts launched in ten year
intervals from 1960 (1965).
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The forecasts are ten years long and lauche(is%very five years, and so the fan charts would
overlap; to avoid this they are presented on two panels. The top (bottom) panel illustrates
forecasts launched in ten year intervals from 1960 (1965).
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Fi1a. 9. Ignorance of the ENSEMBLES models relative to DC as a function of lead time.
The bootstrap resampling intervals are illustrated at the 10-90"* percent level. Note that
the simulation models tend to have positive scores (less skill) than the DC model at every
lead time.
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F1c. 10. Ignorance of the Prelaunch DC and Prelaunch Trend models relative to the standard
DC model as a function of lead time. The HadGem2 model from ENSEMBLES is also shown.
It is shown that the Prelaunch DC model is not significantly less skillful than the standard
DC model and is robust to variations in parameter tuning. The Prelaunch linear trend model
is, however, generally shown to be less skillful than the standard DC model. The bootstrap
resampling intervals are illustrated at the 10-90*" percent level.
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Material
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1. Introduction

The following material is a supplement to ‘An evaluation of decadal probability forecasts
from state-of-the-art climate models’, in which the perfomance of simulation models from
Stream 2 of the ENSEMBLES decadal hindcasts (Doblas-Reyes et al. 2010) are contrasted
with the empirical dynamic climatology (DC) model over global and Giorgi region scales.
Further details about transforming ensemble simulations into probabilistic distributions are
presented below in Section 2. In Section 3 it is shown that the DC empirical model outper-
forms the ENSEMBLES simulation models by several bits at most lead times and for every
region studied. In Section 4 the robustness of the results in the main manuscript are evalu-

ated by using alternative proper scoring rules, namely the proper linear (PL) and continuous
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ranked probability scores (CRPS). It is shown that the results are robust to the scoring rule
chosen. Finally, in Section 5 the performance of alternative empirical models are considered,
namely a ‘Prelaunch linear trend” approach and ‘Prelaunch DC model’. Tt is shown that the
Prelaunch DC model performs to a similar quality as the standard DC approach employed
in the main manuscript, and is robust to the kernel parameters and anchor year chosen
to fit the model. Further details about generating the probabilistic DC forecasts and the

robustness of the results to the model parameter choices are also provided in Section 5.

2. Probabilistic forecast distributions for the ENSEM-

BLES simulation models

Figures 1, 2 and 3 illustrate the probabilistic forecast distributions for the ENSEMBLES
simulation models, generated by kernel dressing the ensemble members as described in the
main manuscript and below under cross-validation (the forecast distributions for HadGem2
are illustrated in figure 3 in the main manuscript).

Information contamination is a significant concern in the evaluation of decadal forecasts.
Given that the total duration of hindcast experiments is typically fifty years, there are
very few independent decadal periods in the forecast-outcome archive. Cross-validation ap-
proaches attempt to maximise the size of the forecast-outcome archive (to increase statistical
significance) while avoiding the use of information from a given forecast target period being
used in the evaluation of that forecast. It is crucial to also avoid information contamination

by inadvertently using information from the target decade when interpreting the ensemble
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into a forecast distribution (Brocker and Smith 2008). This cannot be done rigorously in
the case of simulation models, as the structure and parameters of the models themselves
have evolved in light of the observations of the last fifty years. The true-leave-one-out cross-
validation procedure described in the main maunuscript avoids any explict use of data from
within the target forecast period, even as its implicit use cannot be avoided. In practice this
is achieved by leaving out the target decade, then using a standard leave-one-out procedure
to fit the kernel parameters for each forecast in turn.

Figure 4 shows an example of the kernel parameters used for the HadGem2 model, fitted
using the true-leave-one-out protocol. The top two panels of figure 4 illustrate the mean
Ignorance score as a function of kernel width over the full set of hindcast simulations (i.e.
with no cross-validation) for lead time one and lead time six. The vertical bars indicate
the values of the kernel width parameter that were used for each forecast using the true-
leave-one-out approach. In both cases the fact that fewer than nine vertical bars are visible
indicates that several of the forecasts were generated using the same kernel width values.
Note that at lead time six for HadGem2 the kernel width values used are much smaller than
for lead time one (and for all other lead times). In this particular case the model is rewarded
for a forecast distribution that has kernel widths much smaller than the standard deviation
of the ensemble spread.

The bottom panels of figure 4 show the mean Ignorance as a function of kernel offset
over the full set of hindcast simulations. Once again the vertical bars indicate the values of
offset that were used for the individual forecasts, based on minimising Ignorance through the
true-leave-one out protocol. Once again, at lead time six the fitting protocol favours a kernel

offset under true-leave-one-out cross-validation that falls outside the minimum Ignorance
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value without cross-validation. The result for lead time one is typical of the kernel offset

values attained for the other lead times.

3. Regional analysis

Figures 5 to 25 show Ignorance as a function of lead time for each of the ENSEMBLES
models relative to the DC empirical model for surface air temperature over each of the
land-based Giorgi regions (Giorgi 2002). At Giorgi region scales the decadal probability
forecasts from the ENSEMBLES models perform to a similar quality as for the global mean
temperature in some cases, or significantly worse in others. In some regions and at some
lead times DC outperforms the ENSEMBLES models by more than 4 bits; DC placing over
16 (2*) times more probability mass on the verification than the simulation model. In these
figures no simulation model demonstrates skill significantly above the DC model for any
lead time or any region; positive values of the relative Ignorance performance measure are

reported in all of the cases below.

4. Robustness to the peformance measure

While Ignorance is effectively the only proper local score for the evaluation of probability
forecasts (Good 1952), there are a variety of other proper scores that are commonly used
in forecast evaluation (Jolliffe and Stephenson 2003). Figures 26 and 27 demonstrate that
the results presented in the main text for global mean surface temperature are robust when
considered under two alternative scores, the Proper Linear score (PL) and the Continuous

4
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Ranked Probability Score (CRPS) (Jolliffe and Stephenson 2003). In each of these cases,
the lower the score the better the forecast. In each case all the models are ranked similarly
by the different scores, with DC demonstrating lower scores compared to the ENSEMBLES

models.

5. Alternative empirical models

The use of hindcasts in forecast evaluation unavoidably introduces information contam-
ination, as the target of the hindcast is known when the hindcast is made. Thus it is useful
to demonstrate that the results of hindcast evaluation are robust to variations in the param-
eters and even the structure of empirical models, as doing so can identify cases where the
hindcast system may have been over-fit in-sample. For the DC empirical model presented in
this paper, all data from each target decade being forecast was withheld when constructing
that forecast to avoid information contamination. Further avoidance of such information
contamination can be achieved in the case of empirical models by using only data from a
period prior to each forecast launch date and by using a simple model structure. In this
section, two Prelaunch empirical models (defined in the main text) are illustrated below,
and their robustness to the model parameters examined.

The Prelaunch Dynamic Climatology (Prelaunch DC) model is structurally identical to
the DC model of the main manuscript, however only inputs dated before the launch date are
used either in the ensemble forecast or in its interpretation into a probability distribution,
and so on. While the kernel width used in the standard DC model is determined by cross-

validation, this need not be done for the Prelaunch DC model as only the observations
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available before the forecast launch time are used.

Examining the of the score to variations in the parameters can reveal overfitting. Figure
28 shows the skill of the Prelaunch DC for values of the kernel width ranging from 0.02 to
0.16 for forecast lead times of one to ten years. Ignorance relative to the standard DC model
is shown. The sensitivity of the Prelaunch DC model to variation in the starting date for the
forecast-outcome archive (not shown) is less than the sensitivity to the kernel width. Start
dates from 1900 to 1950 were considered; the later start dates tend to yield more skilful
models. The Prelaunch DC discussed in the main text uses a start date of 1950 and a width
of 0.08, although this value does not correspond to the lowest in-sample skill - as shown in
figure 29. Furthermore the ensemble interpretation of the simulations models reported in
this paper use data both before and after the target window, giving those simulation models
an unquantified advantage over the empirical models defined here.

Figure 29 shows the mean Ignorance score over the set of DC and Prelaunch DC hindcasts
as a function of the kernel width parameter. The panels on the left of figure 29 correspond
to lead times one (a), six (c¢) and ten (e) respectively for the standard DC model, and the
panels on the right correspond to the same lead times for the Prelaunch DC model. In
each case the vertical bars correspond to the values of kernel spread adopted for each model
in the main manuscript (note that for the standard DC model these values were attained
under true-leave-one-out cross-validation and for the Prelaunch DC model a value of 0.08
was chosen since cross-validation is not necessary in this case). The fact that there is no
significant difference in skill between the standard DC and Prelaunch DC models over a
range of kernel dressing parameters indicates that the overall conclusions drawn from the

ENSEMBLES model evaluations are not overly sensitive to the particular choice of DC or
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Prelaunch DC model parameters.

A Prelaunch trend model is also discussed in the main text. This model is fully defined
by the initial time anchor from which the trend is estimated. Figure 30 shows the skill of
this model relative to the standard DC model for several anchor times between 1900 and
1950. The results in the main text use the 1950 anchor time. It is shown that although
there is some sensitivity to the anchor time, all the Prelaunch trend models are generally
less skillful than the standard DC model.

The figures presented in this supplementary material demonstrate that the skill of the
empirical models is robust under relatively large variations in their free parameters. This
level of skill remains comparable with, and in some cases superior to; that of the simulation

models from ENSEMBLES.
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Forecast distributions for IFS/HOPE (ECMWF) for the 5-95"* percentile.
The HadCRUT3 observed temperatures are shown in blue. Each forecast is
ten years long and they are launched every five years. To avoid overlap of
the fan charts they are presented on two panels. The top (bottom) panel
illustrates forecasts launched in ten year intervals from 1960 (1965). It is
shown that the observed global mean temperature often falls outside the 5-
95th percentile of the predicted distributions.

Forecast distributions for ARPEGE/OPA (CERFACS) for the 5-95th per-
centile. The HadCRUT3 observed temperatures are shown in blue. The top
(bottom) panel illustrates forecasts launched in ten year intervals from 1960
(1965). It is shown that the observed global mean temperature often falls
outside the 5-95th percentile of the predicted distributions.

Forecast distributions for ECHAM5 (IFM-GEOMAR) for the 5-95th per-
centile. The ' HadCRUT3 observed temperatures are shown in blue. The top
(bottom) panel illustrates forecasts launched in ten year intervals from 1960
(1965). It is shown that the observed global mean temperature falls outside

the 5-95th percentile of the predicted distributions on several occasions.
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Ignorance as a function of kernel dressing parameters over the full set of
hindcast simulations (i.e. with no cross-validation) for the HadGem2 model
at lead time one (a and c¢) and lead time six (b and d). The top panels (a and
b) show the score as a function of the kernel width parameter and the bottom
panels (¢ and d) show the score as a function of the kernel offset parameter.
The vertical bars in each case illustrate the kernel parameters obtained for
each individual forecast under true-leave-one-out cross-validation. That there
are fewer than nine vertical bars indicates that the kernel parameter values
shown were obtained for several forecasts in the set. Results for lead times
two to five and seven to ten (not shown) are similar to those shown for lead
time one.

Ignorance of the ENSEMBLES simulation models relative to the DC model for
Alaska. Scores above zero indicate that the DC model outperforms the simu-
lation models, placing significantly more probability on the observed outcome
than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Amazon Basin. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Australia. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed

outcome than the ENSEMBLES models.
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Ignorance of the ENSEMBLES simulation models relative to the DC model for
Central America. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Central Asia. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Central North America. Scores above zero indicate that the DC model
outperforms the simulation models, placing significantly more probability on
the observed outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Eastern Africa. Scores above zero.indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Eastern North America. Scores above zero indicate that the DC model
outperforms the simulation models, placing significantly more probability on

the observed outcome than the ENSEMBLES models.
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Ignorance of the ENSEMBLES simulation models relative to the DC model
for East Asia. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Greenland. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Mediterranian Basin. Scores above zero indicate that the DC model out-
performs the simulation models, placing significantly more probability on the
observed outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for North Asia. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model for
Northern Europe. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed

outcome than the ENSEMBLES models.
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Ignorance of the ENSEMBLES simulation models relative to the DC model for
Southern Africa. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model for
Sahara. Scores above zero indicate that the DC model outperforms the simu-
lation models, placing significantly more probability on the observed outcome
than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for South Asia. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Southeast Asia. Scores above zero-indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Southern South America. Scores above zero indicate that the DC model
outperforms the simulation models, placing significantly more probability on

the observed outcome than the ENSEMBLES models.
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Ignorance of the ENSEMBLES simulation models relative to the DC model for
Tibet. Scores above zero indicate that the DC model outperforms the simu-
lation models, placing significantly more probability on the observed outcome
than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Western Africa. Scores above zero indicate that the DC model outperforms
the simulation models, placing significantly more probability on the observed
outcome than the ENSEMBLES models.

Ignorance of the ENSEMBLES simulation models relative to the DC model
for Western North America. Scores above zero. indicate that the DC model
outperforms the simulation models, placing significantly more probability on
the observed outcome than the ENSEMBLES models.

Proper linear score for each of the ENSEMBLES simulation models and the
DC empirical model. Lower scores indicate better foecasts. The DC model is
shown to outperform the simulations models at most lead times.

CRPS score for each of the ENSEMBLES simulation models and the DC
empirical model. Lower scores indicate better forecasts. The DC model is
shown to outperform the simulations models at most lead times.

Ignorance of the Prelaunch DC empirical model with kernel widths as la-
belled relative to the cross-validation DC model. Increasing the kernel width
parameter from 0.02 to 0.16 results in a loss of skill of approximately half
a bit, although for the kernel width value used in this paper (0.08) there is

shown to be no significant loss of skill relative to the standard DC model.
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Ignorance as a function of the kernel width parameter over the full set of
hindcast simulations (i.e. with no cross-validation) for the DC (left panels)
and Prelaunch DC (right panels) models at lead time one (a and b), six
(c and d) and ten (e and f). The vertical bars in each case illustrate the
kernel width parameters employed in the main manuscript. In the DC model
parameters were attained through true-leave-one-out cross-validation. In the
Prelaunch DC model a kernel spread value of 0.08 was chosen for comparison
with DC and to test the robustness of the results to choices in the parameters
for ensemble interpretation (although this value does not correspond to the
lowest value of in-sample skill).

Ignorance of the Prelaunch trend empirical model for different anchor times
relative to the cross-validation DC model.. Scores above zero indicate that
DC outperforms the Prelaunch Trend model by up to half a bit at early lead
times, and up to two bits (DC placing up to 4 times more probability on the
observed outeome than the Prelaunch Trend model) up to ten years ahead,

depending on the anchor year for the trend model.
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F1G. 1. Forecast distributions for IFS/HOPE (ECMWF) for the 5-95" percentile. The
HadCRUTS3 observed temperatures are shown in blue. Each forecast is ten years long and
they are launched every five years. To avoid overlap of the fan charts they are presented on
two panels. The top (bottom) panel illustrates forecasts launched in ten year intervals from
1960 (1965). It is shown that the observed global mean temperature often falls outside the
5-95th percentile of the predicted distributions.
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Fi1a. 2. Forecast distributions for ARPEGE/OPA (CERFACS) for the 5-95th percentile.
The HadCRUT3 observed temperatures are shown in blue. The top (bottom) panel il-
lustrates forecasts launched in ten year intervals from 1960 (1965). It is shown that the
observed global mean temperature often falls outside the 5-95th percentile of the predicted
distributions.
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F1G. 3. Forecast distributions for ECHAMS5 (IEM-GEOMAR) for the 5-95th percentile. The
HadCRUTS3 observed temperatures are shown in blue. The top (bottom) panel illustrates
forecasts launched in ten year intervals from 1960 (1965). It is shown that the observed
global mean temperature falls outside the 5-95th percentile of the predicted distributions on
several occasions.
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Fi1G. 4. Ignorance as a function of kernel dressing parameters over the full set of hindcast
simulations (i.e. with no cross-validation) for the HadGem2 model at lead time one (a and
c¢) and lead time six (b and d). The top panels (a and b) show the score as a function of
the kernel width parameter and the bottom panels (¢ and d) show the score as a function of
the kernel offset parameter. The vertical bars in each case illustrate the kernel parameters
obtained for each individual forecast under true-leave-one-out cross-validation. That there
are fewer than nine vertical bars indicates that the kernel parameter values shown were
obtained for several forecasts in the set. Results for lead times two to five and seven to ten
(not shown) are similar to those shown for lead time one.
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Fi1c. 5. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Alaska. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fi1g. 6. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Amazon Basin. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fig. 7. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Australia. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fiag. 8. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Central America. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fi1c. 9. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Central Asia. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fi1ac. 10. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Central North America. Scores above zero indicate that the DC model outperforms the

simulation models, placing significantly more probability on the observed outcome than the
ENSEMBLES models.
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Fi1g. 11. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Eastern Africa. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fi1ac. 12. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Eastern North America. Scores above zero indicate that the DC model outperforms the

simulation models, placing significantly more probability on the observed outcome than the
ENSEMBLES models.
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Fi1ac. 13. Ignorance of the ENSEMBLES simulation models relative to the DC model for
East Asia. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fi1Gc. 14. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Greenland. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fi1ac. 15. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Mediterranian Basin. Scores above zero indicate that the DC model outperforms the sim-

ulation models, placing significantly more probability on the observed outcome than the
ENSEMBLES models.
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Fi1Gg. 16. Ignorance of the ENSEMBLES simulation models relative to the DC model for
North Asia. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fi1ac. 17. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Northern Europe. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fia. 18. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Southern Africa. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fi1c. 19. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Sahara. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.

34



5r | | | |
3) } } }
Q 4 f- I 5 N N VO Y O
2 | | |
© 3 e e e AN e
b3 I
= ' A | } ) ‘
5 2 TR . S | G . G -
[ ! o "
k= ¥ <; : ¥
P B e 1 R B N 77 G .
= 1 ;
(] : :
S o0F .
o : : ‘
1T southAsia e
2 ; ; ; ; ;

0 2 4 6 8 10
Lead time (years)

HadGem2 ——ARPEGE4/OPA ——
IFS/HOPE —— ECHAMS5

Fiac. 20. Ignorance of the ENSEMBLES simulation models relative to the DC model for
South Asia. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fiag. 21. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Southeast Asia. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fiag. 22. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Southern South America. Scores above zero indicate that the DC model outperforms the

simulation models, placing significantly more probability on the observed outcome than the
ENSEMBLES models.
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Fiac. 23. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Tibet. Scores above zero indicate that the DC model outperforms the simulation mod-
els, placing significantly more probability on the observed outcome than the ENSEMBLES
models.
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Fi1a. 24. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Western Africa. Scores above zero indicate that the DC model outperforms the simulation

models, placing significantly more probability on the observed outcome than the ENSEM-
BLES models.
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Fiac. 25. Ignorance of the ENSEMBLES simulation models relative to the DC model for
Western North America. Scores above zero indicate that the DC model outperforms the

simulation models, placing significantly more probability on the observed outcome than the
ENSEMBLES models.
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Fi1G. 26. Proper linear score for each of the ENSEMBLES simulation models and the DC em-
pirical model. Lower scores indicate better foecasts. The DC model is shown to outperform
the simulations models at most lead times.
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Fia. 27. CRPS score for each of the ENSEMBLES simulation models and the DC empirical
model. Lower scores indicate better forecasts. The DC model is shown to outperform the
simulations models at most lead times.
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Fia. 28. Ignorance of the Prelaunch DC empirical model with kernel widths as labelled
relative to the cross-validation DC model. Increasing the kernel width parameter from 0.02
to 0.16 results in a loss of skill of approximately half a bit, although for the kernel width
value used in this paper (0.08) there is shown to be no significant loss of skill relative to the
standard DC model.
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FiG. 29. Ignorance as a function of the kernel width parameter over the full set of hindcast
simulations (i.e. with no cross-validation) for the DC (left panels) and Prelaunch DC (right
panels) models at lead time one (a and b), six (c and d) and ten (e and f). The vertical bars
in each case illustrate the kernel width parameters employed in the main manuscript. In
the DC model parameters were attained through true-leave-one-out cross-validation. In the
Prelaunch DC model a kernel spread value of 0.08 was chosen for comparison with DC and
to test the robustness of the results to choices in the parameters for ensemble interpretation
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(although this value does not correspond to the lowest value of in-sample skill).
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Fi1G. 30. Ignorance of the Prelaunch trend empirical model for different anchor times relative
to the cross-validation DC model. Scores above zero indicate that DC outperforms the
Prelaunch Trend model by up to half a bit at early lead times, and up to two bits (DC
placing up to 4 times more probability on the observed outcome than the Prelaunch Trend
model) up to ten years ahead, depending on the anchor year for the trend model.
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