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ABSTRACT8

Future climate projections are often based on analysis of multi-model ensembles of simula-9

tions from global climate models. Current methods for synthesising data from multi-model10

ensembles are largely heuristic in nature. This paper introduces a nested family of three11

simple statistical frameworks for analysing climate projections from multi-model ensembles.12

This family includes frameworks that yield the “one model, one vote” and “one run, one13

vote” weighting approaches often used in climate projection. In addition, it is shown that14

an intermediate framework exists which is optimal when there is good agreement between15

models on the climate response. The “one model, one vote” approach is not optimal when16

there is good agreement on the climate response. The “one run, one vote” approach is only17

valid when there is also good agreement between models on the historical climate.18

Significance tests are derived to choose the most appropriate framework for specific multi-19

model ensemble data. The assumptions underlying each framework are explicit and can be20

checked using simple tests and graphical techniques. The frameworks can be used to test for21

significant evidence of non-zero climate response and to construct confidence intervals for22

the size of the response.23

The methodology is illustrated using data for the North Atlantic storm track from the24

CMIP5 multi-model ensembles. Good agreement is found on the future change in frequency25

of cyclones over most of the region, but not on the historical frequency. Significant decreases26

in cyclone frequency are found on the flanks of the main North Atlantic storm track and in27

the Mediterranean basin.28
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1. Introduction29

Future climate projections are usually derived using simulations from Global Climate30

Models (GCMs). The previous phase of the World Climate Research Programme (WCRP)31

Coupled Model Intercomparison Project (CMIP3) included 24 models from 17 groups in 1232

countries (Meehl et al. 2007). The latest CMIP5 multi-model ensemble (MME) (Taylor et al.33

2012) is not yet fully populated but promises to include an even greater number of more34

recent models. These MMEs represent a rich source of data for climate scientists. However,35

in a recent review Knutti et al. (2010b) concluded that “quantitative methods to extract the36

relevant information and to synthesise it are urgently needed”.37

MMEs are useful for exploring different sources of uncertainty in climate projections.38

An MME will usually include projections of multiple future emissions scenarios. Ideally39

several runs of each scenario should be available from each model. The different models,40

scenarios and runs explore the three primary sources of uncertainty in climate projections.41

The different runs sample the internal variability of the climate by perturbing the initial42

conditions. The different scenarios represent our uncertainty about changes in radiative43

forcing due to future emissions. These depend on complex socio-economic factors that are44

difficult to predict. Any projection is therefore conditional on the emissions scenario being45

modelled. Model uncertainty arises from the fact that not all relevant processes are well46

represented by climate models.47

The projections presented in the IPCC Fourth Assessment Report (Solomon et al. 2007)48

were largely based on equally weighted multi-model means of the projections from the models49

in the CMIP3 MME. The equally weighted multi-model mean treats all models as equally50

credible i.e. “one model, one vote” (Knutti et al. 2010a). When multiple runs are avail-51

able from a model these are first averaged together before averaging over all models. This52

approach reduces the ensemble of projections to a single point estimate.53

The equally weighted multi-model mean is a heuristic point estimate that has a number54

of shortcomings. The assumptions underlying the estimate are not explicit and therefore55
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cannot be checked. If the assumptions cannot be checked then there is no guarantee that56

the estimate is meaningful. The equally weighted multi-model mean is also not resistant to57

outliers. Runs which are outlying compared to the rest of the MME may strongly influence58

the estimate. Furthermore, no attempt is made to quantify the uncertainty in the estimate.59

All of these shortcomings may be overcome by specifying our assumptions about the structure60

of the uncertainty in the MME using a statistical framework. Once the assumptions are61

specified explicitly they can be checked. If the structure of the uncertainty is specified then62

it can be estimated and confidence intervals can be constructed. Also, once the structure of63

the uncertainty is specified, outlying runs can be systematically identified.64

One alternative to the “one model, one vote” approach is to treat each run equally rather65

than each model i.e. “one run, one vote”. If the models all perform similarly this estimate66

may appear sensible. If not, there is a risk that a poorly performing model is given too much67

weight due to having more runs available. Although both approaches have been utilised68

in climate science, no clear statement has been made of the assumptions underlying each69

approach or when one approach might be more appropriate than the other.70

Alternative approaches have been proposed which assign greater weight to models per-71

ceived as performing well according to some metric (see Knutti et al. (2010b); Collins et al.72

(2012) and references therein). Many of these approaches are heuristic in nature while some73

derive their weights from hierarchical Bayesian frameworks. As yet, there exists little agree-74

ment on the best performance metrics to use in these frameworks or even structure of the75

frameworks themselves (Stephenson et al. 2012). Hierarchical Bayesian frameworks are also76

extremely complex and require specialist knowledge to implement and interpret.77

In this study, analysis of variance (ANOVA) frameworks are used to make explicit the78

assumptions underlying the “one model, one vote” and “one run, one vote” approaches to79

estimating the expected climate response in a MME. ANOVA frameworks have been used80

in climate science for a variety of purposes (Zwiers 1987, 1996; Räisänen 2001). Simple81

ANOVA frameworks have already been applied to analysis of MMEs of regional climate82
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models (RCMs) (Ferro 2004; Hingray et al. 2007). Further studies of MMEs of RCMs have83

used the ANOVA methodology as the basis for more complex frameworks (Sain et al. 2011;84

Kang and Cressie 2012).85

Recently, Yip et al. (2011) used a simple two-way ANOVA framework to partition the86

uncertainty in the CMIP3 MME. Structural differences result in models simulating different87

climate responses to the same emissions scenarios. Using the ANOVA framework Yip et al.88

(2011) were able to quantify this “interaction” between models and emission scenarios. This89

study shows how ANOVA frameworks can also be used to estimate the size of the individual90

effects relating to the various factors included in the framework e.g. the difference between91

the climates simulated in historical and future scenarios.92

Section 2 of this paper describes the ANOVA frameworks and their underlying assump-93

tions, methods to verify those assumptions and a formal statistical approach to choosing94

which set of assumptions are most appropriate to describe the uncertainty in a particular95

MME. In Section 3, the ANOVA approach is applied to the CMIP5 MME to analyse the96

future climate response of the North Atlantic storm track.97

2. Statistical Frameworks98

This section begins with the general form of a multi-model mean estimate of the climate99

response in an MME. A family of ANOVA frameworks are then outlined, including cases100

equivalent to the “one model, one vote” and “one run, one vote” multi-model means. The101

rest of the section is devoted to statistical inference within these frameworks. This includes102

verifying the underlying assumptions, choosing the most appropriate framework and the103

construction of significance tests and confidence intervals.104
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a. The multi-model mean response105

Let ymsr represent a climate statistic (e.g. a 30 year mean) from run r of scenario s

simulated by climate model m. For simplicity we consider an MME containing only one

historical scenario H and one future scenario F . The climate response of model m is usually

estimated by the difference between its mean climate in the future and historical scenarios

ymF. − ymH. (1)

where yms. is the mean climate simulated by model m in scenario s

yms. =
1

Rms

Rms
∑

r=1

ymsr

and Rms is the number of runs from model m under scenario s. A general multi-model mean

estimate of the climate response is given by

1

W.F

M
∑

m=1

WmF ymF. −
1

W.H

M
∑

m=1

WmHymH. (2)

where

W.H =

M
∑

m=1

WmH and W.F =

M
∑

m=1

WmF

and M is the number of models. The WmH and WmF are model specific weights on the

historical and future scenarios respectively. The most commonly used estimate is the equally

weighted multi-model mean, i.e. the “one model, one vote” approach, where

WmH = WmF = 1 for all models m = 1, 2, . . . ,M (3)

alternatively the “one run, one vote” approach has weights

WmH = RmH and WmF = RmF (4)

b. A two-way ANOVA framework with interactions106

In the Appendix it is shown that the “one model, one vote” estimate of the climate

response from Eqn. 3 is equivalent to the maximum-likelihood (ML) estimate β̂F of the ex-
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pected climate response βF from the following two-way ANOVA framework with interactions

ymsr = µ+ αm + βs + γms + ǫmsr

ǫmsr
iid∼ N

(

0, σ2
)

(5)

with the usual constraints that
∑M

m=1 αm = 0, βH = 0, γmH = 0 for all models and107

∑M
m=1 γmF = 0. The effect µ is the expected climate in the historical scenario and βF108

is the expected climate response between scenarios F and H . The effect αm is the difference109

of climate of model m from the expected climate under the historical scenario. The interac-110

tion terms γmF represent the difference between the climate response simulated by model m111

and the expected climate response βF .112

The µ, αm, βs and γms effects are all assumed to be fixed. We do not consider how the113

effects might vary if we were to use a different set of climate models. The random component114

ǫmsr represents the internal variability of ymsr and is assumed to be normally distributed.115

The central limit theorem implies that any long term mean will be approximately normally116

distributed (if the climate response trend is small).117

There are a total of 2M parameters to be estimated in the two-way ANOVA framework of118

Eqn. 5. One parameter must be estimated for the expected historical climate µ and one for119

the expected climate response βF . The αm and γmF effects are constrained to be centered on120

µ and βF respectively. Therefore only M − 1 of each need to be estimated. If only two runs121

of each scenario are available from each model then there are N =
∑

m (RmH +RmF ) = 4M122

runs in total. If 2M degrees of freedom are used up estimating the mean effects, only 2M123

remain to estimate the size of the internal variability σ2. In a small MME, there is a risk of124

over fitting and the precision of the estimates may be low.125

If only one run of each scenario is available from each model then N = 2M and the126

framework has as many parameters as runs. In that case all the degrees of freedom are used127

up estimating the mean effects and the internal variability represented by the random term128

ǫmsr cannot be estimated. If the internal variability cannot be estimated then the framework129

assumptions cannot be tested and the significance tests and confidence intervals outlined130
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later in this section cannot be used.131

c. An simpler additive ANOVA framework132

The interaction effects in Eqn. 5 allow for the possibility that each model responds

differently to the future scenario. If the models all respond similarly then these parameters

are unnecessary. Estimating a systematic component where none exists introduces bias,

which leads to decreased precision in the estimates. A more parsimonious additive framework

may be more appropriate

ymsr = µ+ αm + βs + ǫmsr

ǫmsr
iid∼ N

(

0, σ2
)

(6)

with the usual constraints that
∑M

m=1 αm = 0 and βH = 0. The effects are interpreted as in133

the two-way framework of Eqn .5. However the maximum likelihood estimates of the effects134

are not the same.135

In the Appendix it is shown that the maximum likelihood estimate β̂F of the expected

climate response from the additive framework is a weighted average of the model mean

responses with weights

WmH = WmF =
RmHRmF

RmH +RmF
(7)

The weights depend on the number of runs available from each model but are not equivalent136

to the “one run, one vote” estimate. Knutti et al. (2010a) advise against “inappropriately”137

weighting models based on the number of runs they contribute to the MME. This additive138

framework assumes that all models simulate the same climate response with the same internal139

variability. Therefore if that assumption is believable then we should give increased weight140

to models that have more runs. Note however that the weights depend on the combined141

number of historical and future runs. To achieve a high weighting it is necessary to have142

many runs from both scenarios.143

This additive framework has only M +1 parameters to be estimated. Without the inter-144
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action effects there are M −1 less parameters to be estimated. An additional M −1 degrees145

of freedom are then available to estimate the uncertainty. Therefore the precision of the146

parameter estimates should increase compared to the two-way framework with interactions.147

However if the models do not all respond similarly then a systematic component is missing148

from the framework. The precision of the estimates will decrease dramatically if the missing149

effects are large. The simple additive framework must therefore only be used when there is150

good agreement between models on the climate response.151

d. A simple one-way ANOVA framework152

The αm effects allow for the possibility that each model simulates a different historical

mean climate. In the unlikely event that all models are believed to simulate similar historical

climates then a one-way ANOVA framework is be more appropriate

ymsr = µ+ βs + ǫmsr

ǫmsr
iid∼ N

(

0, σ2
)

(8)

with the usual constraint that βH = 0. The effects are interpreted as in the more complex153

frameworks, however the maximum likelihood estimates of the effects are not the same.154

In the Appendix it is shown that the maximum likelihood estimate β̂F of the expected155

climate response from this one-way framework is equivalent to the ”one run, one vote”156

estimate of Eqn. 4. If the assumptions of the on-way framework are believable then each run157

is weighted equally.158

This simple framework has only two parameters to be estimated. With more degrees of159

freedom available to estimate the internal variability the precision of the estimates should160

increase again. However a similar caveat applies as in the additive framework. If the models161

do not simulate similar historical climates and climate responses the precision of the estimates162

may decrease dramatically. This simple framework must therefore only by used if both these163

assumptions are satisfied.164
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e. Is an ANOVA framework appropriate?165

The traditional estimation procedure for ANOVA frameworks involves only simple linear166

combinations of the group means of the various factors included in the framework i.e. the167

model-scenario means yms.. This simplicity comes at the cost of requiring a balanced design168

i.e. the same number of runs of each model for each scenario. So in an MME, it might be169

necessary to exclude additional runs from some models, or to exclude models which do not170

have sufficient runs. This can be avoided by fitting the ANOVA framework using normal171

linear regression methods.172

There are three main assumptions about the random component in these frameworks:173

• The residuals ǫmsr are mutually independent174

• The residuals ǫmsr are normally distributed175

• The residuals ǫmsr have constant variance176

These assumptions must be carefully checked before confidence can be placed in the estimates177

from the frameworks. If these they are satisfied then the ANOVA framework provides a178

compact statistical description of the MME. If required, the ANOVA framework could be179

used to generate a new ensemble of runs which should be statistically indistinguishable from180

repeating the original ensemble of runs for the same scenarios with the same models i.e. the181

ANOVA framework is an emulator for the entire MME.182

The assumption of independence is difficult to verify so consideration must be given183

a priori to whether this assumption is justified. The distributional assumptions may be184

verified by analysis of the fitted residuals emsr = ymsr − ŷmsr. The fitted values ŷmsr from185

each framework are defined in the Appendix. If the data are normally distributed then a186

plot of the ordered standardised residuals against the theoretical quantiles of the normal187

distribution should lie close to a straight line through the origin with unit gradient. If188

the data have constant variance then plotting the standardised residuals against the fitted189
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values ŷmsr should show random scatter about zero. Any systematic component visible in190

the scatter may indicate non-constant variance or a systematic difference between the ymsr191

that is not captured by the framework.192

f. Identifying outlying runs193

The ǫmsr are assumed to be normally distributed. Therefore fitted residuals emsr should194

also be normally distributed. Any runs having standardised fitted residuals lying in the far195

tails of the standard normal distribution are considered outlying. If viewed as a significance196

test we might consider labelling any run with a standardised residual in the most extreme197

10% of the normal distribution (|Z| > 1.64) as outlying. However the residuals are assumed198

to be independent so we would expect 10% of all residuals to lie in this region. A stricter199

1% criteria (|Z| > 2.58) is therefore more appropriate.200

Outliers can be easily identified from the plot of standardised residuals against observed201

values ymsr. They may also be visible in the quantile-quantile plot used in the check for202

normality. This procedure provides an objective approach to identifying potentially prob-203

lematic climate model runs. However, outlying runs arise for a variety of reasons. They204

may represent unlikely but still plausible climates and contribute valuable information to205

the MME. Therefore, outlying runs should not simply be dismissed from the ensemble unless206

an explanation can be found for the unusual behaviour.207

Outlying runs may have a large influence on the parameter estimates. A quick check of208

the influence of any outliers is to temporarily remove them, refit the framework and check209

the parameter estimates. If the estimates of the main effects µ and βF do not change then210

the influence of the outliers is small. In this case the outlying runs do not effect the analysis211

and can remain in the ensemble. If removing the outliers strongly effects the estimates of212

the main effects µ and βF it is essential to determine whether the outlying runs represent213

plausible climates or poor simulations.214

Outlying runs may also affect the check for normality. A large number of outliers are a215
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strong indication that the framework assumptions are not appropriate. If there are only one216

or two outliers then they may simply be results which unlikely given the total number of runs.217

This can quickly be checked by temporarily remove the outliers, refitting the framework and218

rechecking the normality. If the normality is satisfactory after removing the outliers then the219

analysis can proceed with the outlying runs included. If the normality is still not satisfied,220

possibly after removing further outliers, an ANOVA framework may not be appropriate.221

g. Which framework is most appropriate?222

In Section c it is noted that the additive framework is only appropriate if all models223

simulate the same climate response. Similarly in Section d it is noted that the additive224

framework is only appropriate if the models also simulate the same historical climate. These225

are conditions on model agreement. This is often quantified by the number of models having226

the same sign of response or discrepancy. That does not take into account the internal227

variability. If the expected effect size is small compared to the internal variability then228

models may appear to disagree when they are actually behaving similarly.229

The additive framework is a special case of the two-way framework with interactions

where γmF = 0 for all models m. In the Appendix a significance test is derived to test for

the presence of model-dependent responses i.e. to test null hypothesis H0 : γmF = 0 for all m

against the alternative Ha : γmF 6= 0 for some m. The test statistic is the ratio of variances

Fγ =
N − 2M

M − 1
f 2
γ where f 2

γ =
R2

γ − R2
α

1−R2
γ

(9)

The statistics R2
γ and R2

α are the coefficients of determination for the two-way and addi-230

tive frameworks respectively. The coefficient of determination R2 is the proportion of total231

variability explained by a normal linear regression framework. The quantity f 2
γ therefore232

represents the ratio of the variance explained by model-dependent climate responses to that233

explained by internal variability. If the p-value of the test is small (p < a) we conclude234

that there is significant evidence of model-dependent climate response at the a% level and235
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the two-way framework is most appropriate. Otherwise the additive framework is more236

appropriate.237

Similarly, the one-way framework is a special case of the additive framework of where

αm = 0 for all models m. In the Appendix, a significance test is derived to test for the

presence of model specific discrepancies i.e. to test null hypothesis H0 : αm = 0 for all m

against the alternative Ha : αm 6= 0 for any m. The test statistic is the ratio of variances

Fα =
N − (M + 1)

M − 1
f 2
α where f 2

α =
R2

α − R2
β

1−R2
α

(10)

R2
β is the coefficient of determination under the one-way model of Eqn. 8. The quantity238

f 2
α represents the ratio of the variance explained by model-specific discrepancies to that239

explained by internal variability. If the p-value of the test is small (p < a) we conclude that240

there is significant evidence of model-specific discrepancy at the a% level and the additive241

framework is most appropriate. Otherwise the one-way framework is more appropriate.242

h. Strength of evidence of climate change243

When the expected climate response βF is small it is difficult to distinguish it from the

internal variability. In the Appendix, a significance test is derived to test for the presence

of a climate response signal i.e. to test the null hypothesis βF = 0 against the alternative

βF 6= 0. The test statistic is:

Tβ =
|β̂F |

√

V ar
(

β̂F

)

(11)

If the p-value of the test is small (p < a) then we conclude that there is significant evidence244

of a non-zero climate response at the a% level of significance. If the p-value is not small245

then we conclude that there is no significant evidence of a climate response.246

The standardized effect size dβ = |β̂F |/s where s is the estimate of σ is a practical way of247

quantifying the size of the climate response. It is easily understood on the scale of the internal248

variability using the quantiles of the standard normal distribution i.e. dβ ≃ 2 implies the249
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projected future climate is more extreme than 95% of plausible historical climates. The IPCC250

Fourth Assessment Report (Meehl and Coauthors 2007) highlights climate responses greater251

than one standard deviation in magnitude i.e. dβ > 1. The value of dβ considered large for252

practical purposes may vary depending on the impact of a particular response. However, the253

scale is useful and dβ > 1 represents a natural threshold for less impact focussed studies.254

i. Testing of individual climate models255

Similar tests to that given for non-zero expected climate response in the previous section

can be made for non-zero model-dependant climate response (γmF 6= 0) and non-zero model-

specific discrepancy (αm 6= 0) in individual models. Under the null hypotheses of no model-

specific discrepancy (H0 : αm = 0) and no model-dependant climate response (H0 : γmF = 0)

the test statistics are:

Tα =
|α̂m|

√

V ar (α̂m)
and Tγ =

|γ̂mF |
√

V ar (γ̂mF )
(12)

If the p-value of one of these tests is small (p < a) we conclude that there is significant256

evidence at the a% level of model-specific discrepancy or model specific climate response257

respectively. This means that particular model does not agree with the expected historical258

climate or expected climate response in the MME. Removing models which do not agree259

with the expected climate or climate response may lead to a more homogeneous MME. This260

may come at the expense of not sampling unlikely yet still plausible climates.261

j. Is the ensemble large enough?262

The weak law of large numbers states that the sample mean converges towards the263

expected value as the sample size increases. Thus for models or MMEs with a large number264

of runs we can be confident that the estimates from the ANOVA frameworks approach their265

expected values. However, large numbers of runs are rarely available.266

The power of a hypothesis test is the probability that the null hypothesis is rejected given267
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that it is not true i.e. the probability that we conclude βF 6= 0 given that the expected value268

βF = β 6= 0. The power depends on the size of the test (the level of significance a at which269

the null hypothesis is rejected), the amount of data (i.e. the number of runs), the size of270

the expected effect and the size of the internal variability. However the internal variability271

is unknown and must also be estimated.272

For all of frameworks we have discussed the parameter estimates are weighted linear273

combinations of the ymsr. Therefore the variances of the parameter estimates are proportional274

to the size σ2 of the internal variability ǫmsr. By specifying the standardized effect size dβ275

we avoid having to specify the internal variability directly. Figure 1(a) illustrates the power276

of a test of size 10% to detect climate responses of various sizes dβ in MMEs of different277

sizes.278

A similar analysis can be performed for the tests for model-dependent climate response279

and model-specific discrepancy. In this case the expected effect size is specified in terms of280

f 2
γ or f 2

α. Figures 1(b) and 1(c) illustrate the power of tests of size 10% to detect overall281

model-dependent climate response or model-specific discrepancy effects of various sizes in282

MMEs of different sizes.283

k. Framework selection strategy284

The frameworks discussed in the previous sections form a hierarchy. The one-way frame-285

work is a special case of the additive framework which is itself a special case of the two-way286

framework with interactions. A simple approach to selecting the most appropriate frame-287

work would be to calculate and compare the estimates of the expected climate response288

βF from all three frameworks. The estimates may be obtained by simply calculating the289

weighted mean response in Eqn. 2 using the weights in Eqns. 3, 7 and 4. If all three esti-290

mates are similar then the one-way framework is probably sufficient to describe the MME.291

If the additive and two-way frameworks appear similar to each other but different to the292

one-way framework, then the additive framework is probably more appropriate. If all three293
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frameworks give different estimates then either the two-way framework with interactions is294

required or an ANOVA framework is not appropriate.295

A more rigorous approach would make use of the significance tests and assumption check-296

ing procedures outlined above:297

1. Fit the two-way framework with interactions.298

2. Check the framework assumptions and identify any outlying runs:299

(a) If the assumptions appear satisfied and there are no outlying runs then go to the300

next step.301

(b) If there are outlying runs, investigate possible causes before removing completely,302

or consider removing temporarily and re-checking the assumption of normality.303

(c) If the assumptions do not appear satisfied and there are no outlying runs then304

consider an alternative statistical framework or revert to the previous framework.305

3. Perform the significance test for model-dependent climate response. If the null hy-306

pothesis of no model-dependent response is rejected then stop, the two-way framework307

is the most appropriate.308

4. Fit the additive framework.309

5. Check the framework assumptions and identify any outlying runs as in Step 2.310

6. Perform the significance test for model-specific discrepancy. If the null hypothesis of311

no model-specific discrepancy is rejected then stop, the additive framework is the most312

appropriate.313

7. Fit the one-way framework.314

8. Check the framework assumptions and identify any outlying runs as in Step 2.315

15



Once the most appropriate framework has been selected the test for non-zero climate response316

can be performed to identify whether or not there is significant evidence of a climate response317

in the MME. The values of dβ and f 2
γ or f 2

α may be examined in order to assess the size of318

the response and level of agreement between models.319

Using the significance tests the framework selection procedure may be easily automated320

for multiple grid points. Some manual intervention is required in checking the framework321

assumptions. The check for normality may be automated using the Anderson-Darling test.322

The Anderson-Darling test has greater power to detect a range of departures from normality323

than the more general Kolmogorov-Smirnoff test (Stephens 1974). The checks for constant324

variance and for independence should be performed at a random selection of grid points at325

each stage. When removing outliers, care must be taken to ensure that at least one run326

remains available under each scenario from each climate model.327

3. Example: Storm tracks in CMIP5328

a. Data329

The frameworks outlined in the previous section are used to estimate changes in the330

track density of extra-tropical cyclones from an ensemble of climate models participating in331

the WCRP CMIP Phase 5 (Taylor et al. 2012). For a more complete discussion of climate332

change in the North Atlantic storm track in the CMIP5 MME see Zappa et al. (2012a). Six333

hourly output suitable for storm track analysis is available from 19 models from 12 centers.334

Projections are compared from two 30 year periods. The recent climate is represented by335

the mean of a 30 year period from the historical experiment between December 1975 and336

January 2005. The future climate is analysed conditional on the RCP4.5 midrange mitigation337

emissions scenario (Moss et al. 2010). The mean of a 30 year period between December 2070338

and January 2100 is analysed. At least one realisation is available from each model for339

each scenario. The total number of realisations available for each model- scenario pair is340
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summarised in Table 2.341

The analysis methodology is similar to that used in several previous studies of extra-342

tropical cyclones (Bengtsson et al. 2006, 2009; Catto et al. 2011; McDonald 2011). Cyclones343

are identified as maxima in the 850 hPa relative vorticity field and tracked through their life344

cycle using the method developed by Hodges (1994, 1995, 1999). Prior to tracking the large345

scale background is removed (Hoskins and Hodges 2002; Anderson et al. 2003). The output346

of the models is also interpolated to a common resolution of T42. This simplifies comparison347

between models and reduces the noise in the vorticity field. After tracking, storms that348

last less than two days or travel less than 1000km are excluded. Spatial statistics are then349

computed from the tracks using the spherical kernel approach of Hodges (1996).350

This study focuses on the track density statistics. This is the mean number of cyclones351

passing a particular point each month. The spherical kernel approach utilises a variable352

bandwidth so the statistics are rescaled to be representative of a region of 5 degrees in width353

centred on a particular grid point. This study focuses on the December-January-February354

(DJF) winter period in the North Atlantic. The study region is defined as 80E to 40W and355

30N to 90N. This window covers the North Atlantic storm track and its exit region over356

Europe.357

b. Results358

1) The simple approach to framework selection359

The simple approach to framework selection is illustrated in Fig. 2. The CMIP5 models360

appear to simulate the DJF storm track reasonably well but with some departures. The361

main north-east track is too weak while the more zonal track towards northern Europe362

is too strong. Comparing the climate response estimates from the three frameworks in363

Figs. 2(a), (b) and (c) suggests the additive framework may be suitable to describe the364

CMIP5 MME. The response estimates from the two-way and additive frameworks appear365
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similar. The response estimate from the one-way framework fails to capture the increase366

in track density over the UK and Denmark indicated by the other two frameworks. This367

suggests the presence of large discrepancies between the historical climates simulated by the368

CMIP5 models.369

2) A single grid point370

To better understand the differences between the climate response estimates, a single371

grid point in central France (46.5◦N 1.25◦E) is considered in detail. Fig. 3 confirms that372

there are large differences between the historical climates simulated by the CMIP5 models.373

By comparison, the usual unweighted multi-model mean estimate of the climate response374

indicated by the horizontal dashed lines is small. Where multiple runs are available the375

spread appears comparable between models and scenarios. This suggests the assumption of376

constant variance is justified for cyclone track density in the CMIP5 MME. An exception377

is the MIROC-ESM model which appears to take an unusually large spread of values in378

the historical scenario at this grid point. Most models appear to show a small decrease in379

track density in the RCP4.5 scenario compared to the historical scenario. However, there is380

some variation in the size of the decrease. The two-way framework with interactions may381

be required to explain this variation if it is greater than might be expected due to internal382

variability.383

The differences between the structures of the three ANOVA frameworks are also visible in384

Fig. 3. In the two-way framework the maximum-likelihood estimate of the mean climate in385

each model and each scenario is the unweighted mean of the runs from that model and that386

scenario (Fig. 3(a)). Different climate responses are estimated for each model. The additive387

framework constrains the estimates so that all models have the same climate response. While388

no longer centered on the model-scenario means these estimates appear reasonable for most389

models (Fig. 3(b)). As expected, the uncertainty indicated by the error bars is reduced390

compared to the two-way framework. In most cases the error bars include the majority of391
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runs from each model and scenario. This gives confidence that the estimates are reasonable.392

The one-way framework constrains the estimates so that all models simulate the same393

same historical climate and climate response (Fig. 3(c)). Note that these do not coincide394

with the usual unweighted multi-model mean estimates. The error bars indicate that the395

uncertainty is greater in the one-way framework than the additive framework. This is not396

surprising given the large differences between the historical climate simulated by the CMIP5397

models. These are not captured at all by the one-way framework and are therefore absorbed398

into the estimate of the internal variability.399

No systematic patterns are visible in the plot of standardised residuals against the fitted400

values from the two-way framework in Fig. 4(a). This suggests the assumption of constant401

variance is justified. Two outlying runs are indicated from the MIROC-ESM model. The402

same runs are indicated in the quantile-quantile plot in Fig. 4(b). The majority of the runs lie403

close to the expected straight line, although some skewness is visible. This is likely to be due404

to the influence of the two outliers. After removing the two runs of MIROC-ESM no further405

outliers are identified and the skew in the quantile-quantile plot is reduced (not shown). The406

p-value of the Anderson-Darling test for normality is 0.19 so there is no significant evidence407

to reject the null hypothesis of normality. Investigating the reasons behind the two outlying408

runs of MIROC-ESM is beyond the scope of this example. Removing the two outliers has409

very little effect on the estimates of the main effects µ and β. We therefore proceed with the410

two outlying runs included in the ensemble but reassured that the framework assumptions411

are basically justified at this grid point.412

The variance ratio f 2
γ is calculated as 0.33, i.e. differences in the climate response be-413

tween models are responsible for variability equivalent to 33% of that explained by internal414

variability. The p-value of the significance test for model-dependent climate response based415

on f 2
γ is 0.758. There is no evidence to reject the null hypothesis of no model-dependent416

climate response at the 10% level. Therefore the additive framework may be adequate to417

describe the variability in the MME.418
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Checking the framework assumptions under the additive framework reveals no problems.419

The variance ratio f 2
α is calculated as 46.6, i.e. differences between the historical climates420

simulated by the models explain 47 times more variation in the CMIP5 MME than the421

internal variability. This result is highly significant. The null hypothesis of no model-specific422

discrepancies is rejected entirely. At this grid point, the additive framework provides the423

most parsimonious description of the MME.424

3) The North Atlantic storm track425

Figure 2 suggests that while the CMIP5 models simulate different historical climates,426

they agree reasonably well on the future climate response. Before the hypothesis of no427

model-dependent response can be tested the framework assumptions must be checked under428

the two-way framework.429

Examining plots of standardised residuals against fitted values at a random selection of430

grid points reveals no evidence of non-constant variance between models or scenarios. One431

of the two runs of the MIROC-ESM model identified as outlying over central France is also432

identified as an outlier at many other grid points. The Anderson-Darling test (Fig. 5) also433

suggests that the assumption of normality is not well justified over parts of western and434

northern Europe. To investigate these artefacts further the standardised residuals of each435

run were mapped individually (N = 78 plots, not shown). The second run of the historical436

scenario from MIROC-ESM is identified as outlying at the 1% level at 25.6% of grid points,437

spread widely over the study region. No other run is identified at more than 6.4% of grid438

points.439

After removing the second historical run of the MIROC-ESM no single run is identified440

as outlying at the 1% level at more than 4.4% of grid points. The Anderson-Darling test441

(not shown) indicates only a few scattered points where the assumption of normality may442

not be justified. Investigating the reasons for apparently outlying run of MIROC-ESM is443

beyond scope of this study. Removing the two outliers has very little effect on the estimates444
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of the main effects µ and β. We therefore proceed with the two outlying runs included in445

the ensemble but reassured that the framework assumptions are basically justified across the446

study region.447

The variance ratio f 2
γ and p-values of the significance test for model-dependent climate448

response are shown in Figs. 6(a) and (b). The uncertainty due to model-dependent climate449

response is less than that due to internal variability over most of the study region. However,450

areas of significant non-zero model dependence at the 10% level are detected, most notably451

over the sub-tropical Atlantic ocean.452

In order to determine which models are not in agreement with the rest of the CMIP5 MME453

the outcomes of the significance tests on the individual γmF effects (Eqn. 12) are mapped in454

Fig. 7. No one model or group of models appears responsible for all of the interaction in the455

climate response. Different groups of models deviate from the rest of the MME in different456

regions. In the sub-tropical Atlantic ocean CSIRO-Mk3.6.0, FGOALS-g2, MIROC-ESM and457

MIROC-ESM-CHEM all deviate strongly from the ensemble mean response. MRI-CGCM3458

is unique in that it deviates from the ensemble mean near the Iberian peninsula but not over459

the rest of the sub-tropical Atlantic.460

Figure 7 indicates that all the regions of interaction detected in Fig. 6(b) involve more461

than one model. Comparing plots in Fig. 7 shows that models which share similar responses462

in one area will not necessarily have similar responses in another. Therefore removing any463

model from the MME entirely would remove useful information in some regions and risk464

excluding unlikely but still plausible climates in other regions.465

Although there is evidence of model-dependence in the climate response in some re-466

gions, there appears to be reasonable agreement in others. Where there is agreement on467

the response, the additive framework may provide a more parsimonious description of the468

MME. Fitting the additive framework and checking the assumptions (not shown) reveals no469

problems.470

However, examining the variance ratio f 2
α (not shown) reveals that even where the models471
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agree on the climate response, there are large discrepancies in their historical climates.472

Differences between the historical climates of the models explain at least twice the amount473

of variation explained by the internal variability, everywhere in the study region. Over central474

Europe the variance ratio rises to f 2
α ≈ 60. This agrees with Zappa et al. (2012b) who found475

that the storm tracks of several models extend too far into the European continent. Based476

on this evidence the one-way framework, where runs are weighted equally, should not be477

used to estimate the climate response anywhere in the north Atlantic storm track.478

For simplicity one might wish to use only one framework over the whole study region.479

However, comparing Fig. 8(b) with Fig. 6(b) shows that the mean climate response estimate480

from the additive framework has greater precision where there is no significant evidence of481

model-dependence. Note that the decrease in precision from using the two-way framework482

where there is no model-dependence is generally small compared to the decrease in precision483

from using the additive framework where there is model-dependence. Therefore if only484

one framework is used the two-way framework should be preferred. This agrees with the485

theoretical arguments in Section c.486

The difference between the estimates of the expected climate response βF from the two-487

way and additive frameworks is shown in Fig. 8(a). A comparison with Figs. 2(a) and (b)488

shows that the two-way framework tends to estimate a stronger climate response than the489

additive framework. Since both estimates are weighted averages, the difference must be490

due to the weights. In Tab. 2 the additive framework assigns most weight to the CSIRO-491

Mk3.6.0, EC-EARTH, IPSL-CM5A-LR and MPI-ESM-LR models. Comparing these models492

in Fig. 3(a) shows that they all have relatively weak climate responses. Since the additive493

framework up-weights these models, its climate response estimate is correspondingly lower.494

Figures 6(c) and (d) compare the standardised climate responses dβ from the two-way495

and additive frameworks. In many regions the standardized response estimated by the two-496

way framework is greater than that estimated by the additive framework. This includes497

some regions where there is no significant evidence of model-dependence in the response. In498
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this case the decrease in the estimate of the expected climate response βF from the two-way499

framework to the additive framework is greater than the increase in the precision of the500

estimate of the internal variability s.501

Both the two-way and additive frameworks estimate large (dβ > 1) climate responses502

in the sub-tropical Atlantic, the Mediterranean and parts of the main north-east branch of503

the storm track. The statistical significance of these responses is shown in Figs. 6(e) and504

(f). Both frameworks find significant evidence of non-zero climate response at the 1% level505

over the three regions already highlighted but also France, Spain, Portugal, Switzerland and506

parts of Northern Europe.507

In the CMIP5 MME there is significant evidence of a decrease in the frequency of cyclones508

on both the northern and southern flanks of the North Atlantic storm track in the RCP4.5509

scenario. A small increase in frequency is indicated in the zonal branch of the storm track510

directed towards Northern Europe. There is evidence at the 10% level but not at the 1%511

level that this increase is due to a change in radiative forcing rather than simply internal512

variability. However the evidence is not strong enough that we can be certain. The largest513

responses are seen in the Mediterranean basin. In this region a decrease in storm frequency514

of up to two storms per month is projected. This corresponds to a standardized decrease of515

up to three standard deviations, a very strong signal. This could have serious consequences516

for water supplies in Southern Europe and the Middle East.517

4. Discussion and conclusions518

This study has described a family of simple ANOVA frameworks which naturally yield519

the “one model, one vote” and “one run, one vote” estimates of future climate response520

in a MME. The assumptions of these frameworks may be checked using simple tests and521

graphical techniques. In addition to the usual point estimates confidence intervals may be522

constructed. ANOVA frameworks usually require a balanced number of runs to be available523
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for each model-scenario pair (Krzanowski 1998). This restriction is relaxed here by fitting the524

estimates using normal linear regression methods rather than traditional ANOVA techniques.525

In the example of the North Atlantic storm track it was demonstrated how runs and526

models may be identified which differ from the expected behaviour in the MME. Such outliers527

should not simply be removed from the MME without further investigation. Outliers may528

arise for a variety of reasons and can be informative. These include computational or set-up529

errors in an individual run, or inadequate representation of certain physical processes in a530

particular model. Outliers may also represent unlikely but still plausible climates which531

contribute valuable information to the MME. The challenge is to determine which of these532

two cases applies. This may involve detailed process-based evaluation, comparison with533

historical observations, or other checking procedures.534

In addition to the “one model, one vote” and “one run, one vote” approaches this study535

has shown that there is an intermediate case, made explicit by the additive ANOVA frame-536

work. The additive framework provides more precise estimates of the expected climate537

response than the two-way framework with interactions when the models all simulate sim-538

ilar climate responses. The model weights in this approach depend on the number of runs539

from each model under both the historical and future scenarios. Having many runs from540

only one scenario is not sufficient to achieve a high weighting. This emphasises the need for541

modelling centers to provide multiple runs from each future scenario, not just the historical542

scenario.543

The two-way ANOVA with interactions shows that the equally weighted multi-model544

mean of the “one model, one vote” approach implicitly allows for the possibility that each cli-545

mate model may respond differently to the same radiative forcing. Even if model-dependent546

effects are not present it is an unbiased estimate of the expected climate response in a MME.547

The decrease in precision associated with estimating the additional model-dependent effects548

should also be minimal since the estimated model-dependent effects should be small. The549

equally weighted multi-model mean may therefore be regarded as a conservative estimate of550
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the expected climate response in a MME. If additional analysis is not possible, the use of the551

equally weighted multi-model mean and associated confidence intervals from the two-way552

ANOVA with interactions is advisable.553

However, the presence of the model-dependent response effects complicate the interpre-554

tation of the expected climate response. Apparent model-dependent responses may arise due555

to actual differences between climate models or due to internal variability in the climate sys-556

tem. These two situations may be distinguished using the F -tests provided by the ANOVA557

frameworks. But while climate models may share a common goal, they are only numerical558

approximations and are unlikely to ever agree completely. If the model-dependent compo-559

nents of the climate response γmF are small compared to the expected response βF then the560

differences may not be considered important. However if the model-dependent effects are of561

a similar size to the expected response then it is difficult to interpret the expected response562

as representative of all models in the MME. The variance ratio f 2
γ provides a dimensionless563

scale to quantify the level of agreement on the climate response.564

When the agreement on the climate response is poor, the challenge is to determine the565

scientific reasons for the differences between the models. Ideally these should be understood566

in terms of physical processes. In some cases the climate response simulated by a particular567

model may depend strongly on the historical climate in that model. Such emergent con-568

straints may also be used to weight models by estimating the relationship and comparing it569

to the actual climate (Bracegirdle and Stephenson (2012) and references therein).570

The ANOVA frameworks in this study only describe the uncertainty in the MME and571

do not consider the actual climate explicitly. It is assumed that the models in the MME572

are centered on some expected climate. If it is believed that the models are centered on the573

actual climate, then the projections from the MME may be interpreted as representative of574

the actual climate. However, models are only approximations and there is no guarantee that575

the MME is centered on the actual climate. In that case, an additional source of uncertainty576

exists due to the discrepancy between the expected climate of the MME and the actual577
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climate. However, this component of uncertainty is not included explicitly in the ANOVA578

frameworks. Therefore, the frameworks described here will underestimate the uncertainty579

in the actual climate response in the presence of such a discrepancy.580

Until recently it has been common to assume that the models in an MME are centered581

on the actual climate i.e. “truth centered”. However, there is an increasing body of evidence582

that common biases may exist amongst GCMs Knutti et al. (2010a). The existence of shared583

errors is quite plausible since climate models are often calibrated against the same data,584

run at similar resolutions and share similar numerical codes or entire model components585

(Stephenson et al. 2012; Collins et al. 2012).586

An alternative to the “truth centered” approach is an assumption of “exchangeability”587

between models and the actual climate. Under this assumption, models are assumed to be588

equally credible and drawn from the same space of plausible climates as the actual climate589

(Knutti et al. 2010a). However, it may be optimistic to assume direct exchangeability be-590

tween climate models and the actual climate. Rougier et al. (2012) extends the exchangeable591

approach to explicitly include the shared error and a scaling factor between models and the592

actual climate. Under this framework the climate models are assumed to be independently593

distributed about some ensemble mean which differs from the actual climate by the shared594

error.595

A number of authors have proposed unifying frameworks (Tebaldi et al. 2005; Chandler596

2011; Rougier et al. 2012) which include the actual climate explicitly. Some include a shared597

error, others do not. Tebaldi et al. (2005) assign weights to the models based on bias from the598

actual historical climate and convergence to the ensemble mean response (Giorgi and Mearns599

2002). However, in the presence of shared errors, neither of these criteria is necessarily an600

indicator of good performance. Chandler (2011) and Rougier et al. (2012) therefore treat all601

models equally. All these approaches rely on complex Bayesian hierarchical frameworks.602

Outliers and model weighting in the presence of shared discrepancies highlight the need603

for process-based comparisons of climate models. At present there is no consensus on a604
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“correct” framework for analysing MME. The ANOVA frameworks presented here are easily605

understood, implemented and interpreted but fail to capture any uncertainty due to shared606

errors between models. The complex Bayesian hierarchical frameworks developed recently607

aim to capture this additional uncertainty but require specialist knowledge and skills to608

implement. However, this should not be a barrier to adoption if this the existence of this609

additional source of uncertainty is accepted. Both approaches also fail to fully incorporate610

the expert knowledge of climate scientists to determine which models provide the best in-611

formation. Only through increased co-operation between statisticians and climate scientists612

can these issues be resolved.613
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APPENDIX624

a. Derivation of two-way framework with interactions625

The log-likelihood of the two-way framework with interactions in Equation 5 is

l
(

µ, αm, βs, γms, σ
2;y
)

= −N

2
log (2π)−N log (σ)−

1

2σ2

M
∑

m=1

∑

s∈{H,F}

Rms
∑

r=1

(ymsr − µ− αm − βs − γms)
2 (A1)

with the usual constraints
∑M

m=1 αm = 0, βH = γmH = 0 ∀ m and
∑M

m=1 γmF = 0. Maxi-

mum likelihood estimates are obtained by minimising the log-likelihood with respect to all

the parameters simultaneously. This is equivalent to solving the set of simultaneous equa-

tions arising from partial differentiation of the log-likelihood with respect to each parameter

and setting each equation equal to 0. Solving the set of simultaneous equations yields the

following estimates:

µ̂ =
1

M

M
∑

m=1

ymH. (A2a)

α̂m = ymH. − µ̂ (A2b)

β̂F =
1

M

M
∑

m=1

(ymF. − ymH.) (A2c)

γ̂mF = (ymF. − ymH.)− β̂F (A2d)

and

s2 = σ̂2 =
1

N − P

M
∑

m=1

∑

s∈{H,F}

Rms
∑

r=1

(ymsr − ŷmsr)
2 (A3)
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where P = 2M is the number of effects to be estimated and ŷmsr = µ̂+ α̂m + β̂s + γ̂ms. The

variances of the estimates are given by:

V ar (µ̂) =
σ2

M2

M
∑

m=1

1

RmH
(A4a)

V ar (α̂m) = V ar (µ̂) +
σ2

RmH

(

M − 2

M

)

(A4b)

V ar
(

β̂F

)

=
σ2

M2

M
∑

m=1

(

Rm.

RmHRmF

)

(A4c)

V ar (γ̂mF ) = V ar
(

β̂F

)

+ σ2

(

Rm.

RmHRmF

)(

M − 2

M

) (A4d)

V ar (ŷmsr) = σ2/Rms (A4e)

where Rm. = RmH + RmF . However, σ2 is unknown so is replaced by the estimate s2 from626

Equation A3.627

b. Derivation of additive framework628

The log-likelihood of the additive framework in Equation 6 is

l
(

µ, αm, βs, σ
2;y
)

= −N

2
log (2π)−N log (σ)−

1

2σ2

M
∑

m=1

∑

s∈{H,F}

Rms
∑

r=1

(ymsr − µ− αm − βs)
2 (A5)

with the usual constraints
∑M

m=1 αm = 0 and βH = 0. Estimation proceeds as for the two-

way framework with interactions. Solving the set of simultaneous equations yields the ML

estimates:

µ̂ =
1

M

M
∑

m=1

(

ym.. −
RmF

Rm.
β̂F

)

(A6a)

α̂m =

(

ym.. −
RmF

Rm.
β̂F

)

− µ̂ (A6b)

β̂F =
1

∑M
m=1Wm

M
∑

m=1

Wm (ymF. − ymH.) (A6c)
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where:

Wm =
RmHRmF

RmH +RmF

(A7)

The variances of the estimates are given by:

V ar (µ̂) =
σ2

M2





M
∑

m=1

1

Rm.

+
1

∑M
m=1Wm

(

M
∑

m=1

RmF

Rm.

)2


 (A8a)

V ar (α̂m) =
σ2

∑M
m=1 Wm

(

RmF

Rm.

− 1

M

M
∑

m=1

RmF

Rm.

)2

+
σ2

M2

M
∑

m=1

1

Rm.
+

σ2

Rm.

(

M − 2

M

)

(A8b)

V ar
(

β̂F

)

=
σ2

∑M
m=1 Wm

(A8c)

V ar (ŷmsr) =
σ2

Rm.

+
σ2

R2
m.

∑M
m=1 Wm

(

R2
m. − R2

ms − 2Rm.Wm

)

(A8d)

but σ2 is unknown so is replaced by the estimate s2 from Equation A3 with P = M +1 and629

ŷmsr = µ̂+ α̂m + β̂s.630

c. Derivation of one-way framework631

The log-likelihood of the one-way framework in Equation 8 is

l
(

µ, αm, σ
2;y
)

= −N

2
log (2π)−N log (σ)−

1

2σ2

M
∑

m=1

∑

s∈{H,F}

Rms
∑

r=1

(ymsr − µ− βs)
2 (A9)

with the usual constraint βH = 0. Estimation proceeds as for the two-way framework with

interactions. Solving the set of simultaneous equations yields the ML estimates:

µ̂ =
1

∑M
m=1RmH

M
∑

m=1

RmHymH. (A10a)

β̂F =
1

∑M
m=1RmF

M
∑

m=1

RmF ymF. − µ̂ (A10b)
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The variances of the estimates are given by:

V ar (µ̂) =
σ2

∑M
m=1 RmH

(A11a)

V ar
(

β̂F

)

=
σ2

∑M
m=1 RmH

+
σ2

∑M
m=1RmF

(A11b)

V ar (ŷmsr) = σ2/R.s (A11c)

but σ2 is unknown so is replaced by the estimate s2 from Equation A3 with P = 2 and632

ŷmsr = µ̂+ β̂s.633

d. F-tests for model-dependent climate response and model-specific discrepancies634

The standard theory of the normal linear model (Krzanowski 1998) states that Fγ has635

a F -distribution with M − 1 and N − 2M degrees of freedom under the null hypothesis of636

no model-dependent climate response (H0 : γmF = 0 for all models). The null hypothesis637

is rejected at the a% level if Fγ > F(100−a)%,M−1,N−2M where F(100−a)%,M−1,N−2M is the638

(100− a)% quantile of the F -distribution with M − 1 and N − 2M degrees of freedom.639

Similarly, Fα has a F -distribution with M − 1 and N − (M + 1) degrees of freedom640

under the null hypothesis of no model-specific discrepancies (H0 : αm = 0 for all mod-641

els). The null hypothesis is rejected at the a% level if Fα > F(100−a)%,M−1,N−(M+1) where642

F(100−a)%,M−1,N−(M+1) is the (100− a)% quantile of the F -distribution with M − 1 and643

N − (M + 1) degrees of freedom.644

e. t-tests and confidence intervals645

The estimates of the expected climate response β̂F in Eqns. A2c, A6c and A10b are646

linear combinations of the ymsr. The ymsr are assumed to be normally distributed. Linear647

combinations of normal random variables are also normally distributed. However, σ2 is648

unknown and must be estimated by s2 in V ar
(

β̂F

)

. Therefore β̂F has a t-distribution with649

N − P degrees of freedom. Here P is the number parameters to be estimated and depends650
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on which framework is being used for estimation.651

Since β̂F is t-distributed then Tβ has a standard t-distribution with N − P degrees of652

freedom under the null hypothesis of no climate response (H0 : βF = 0). The null hypothesis653

is rejected at the a% level if Tβ > t(100−a/2)%,N−P where t(100−a/2)%,N−P is the (100− a/2)%654

quantile of the t-distribution with N − P degrees of freedom.655

A 100 (1− a)% confidence interval for the actual value of the expected climate response

βF is given by

β̂F − t(100−a/2)%,N−P

√

V ar
(

β̂F

)

≤ βF ≤

β̂F + t(100−a/2)%,N−P

√

V ar
(

β̂F

)

(A12)

The same theory applies to the estimates µ̂, α̂m, γ̂mF and ŷmsr, all of which also have656

t-distributions with N − P degrees of freedom. Therefore the significance tests on the657

individual model effects αm and γmF may be conducted as above by substituting for β̂F and658

V ar
(

β̂F

)

. The same applies to confidence intervals for the actual values of µ, αm, γmF and659

ymsr.660

f. Power analysis661

1) F -tests662

Under the alternate hypothesis Ha : γmF 6= 0 for any m, then Fγ has a non-central

F -distribution with M − 1 and N − 2M degrees of freedom and non-centrality parameter

λγ . Given the expected value of the variance ratio f 2
γ , the Uniformly Minimum Variance

Unbiased (UMVU) (Johnson et al. 1995) estimate of λγ is

λγ = f 2
γ (N − 2M − 2)− (M − 1) (A13)

The power of the F -test of size a% for model-dependent climate response is then

Pr
(

Fγ > F(100−a)%,M−1,N−2M ; λα

)

(A14)
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Similarly, under the alternate hypothesis Ha : αm 6= 0 for any m, then Fα has a non-

central F -distribution with M − 1 and N − (M + 1) degrees of freedom and non-centrality

parameter λα. Given the expected value of the variance ratio f 2
α, the Uniformly Minimum

Variance Unbiased (UMVU) estimate of λα is

λα = f 2
α (N − (M + 1)− 2)− (M − 1) (A15)

The power of the F -test of size a% for model-dependent climate response is then

Pr
(

Fα > F(100−a)%,M−1,N−(M+1) ; λα

)

(A16)

2) t-tests663

If the actual value of the expected climate response βF is β, then Tβ may be rewritten as

Tβ =
β̂F

V ar
(

β̂F

) =

√
kβ̂F

s
=

√
k β̂F−β

σ
+

√
kβ
σ

√

(N−P )s2

σ2

1
N−P

(A17)

which for β 6= 0 has the form of a non-central t-distribution with N − P degrees of freedom664

and non-centrality parameter µ =
√
kβ/σ, where k is a constant which depends only on on665

the number of models and runs. Therefore µ may written as µ =
√
kdβ where dβ is the666

actual standardised expected climate response.667

The power of the t-test of size a% for non-zero expected climate response is then

Pr
(

Tβ < t(a/2)%,N−P ;µ
)

+

Pr
(

Tβ > t(100−a/2)%,N−P ;µ
)

(A18)
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Table 1. List of CMIP5 models and institutes included in the study.

Modelling Center (or Group) Model Name
Beijing Climate Center, China Meteorological Administration BCC-CSM1.1

Canadian Centre for Climate Modelling and Analysis CanESM2

Centre National de Recherches Meteorologiques / Centre Eu-
ropeen de Recherche et Formation Avancees en Calcul Scien-
tifique

CNRM-CM5

Commonwealth Scientific and Industrial Research Organization
in collaboration with Queensland Climate Change Centre of Ex-
cellence

CSIRO-Mk3.6.0

EC-EARTH consortium EC-EARTH

LASG, Institute of Atmospheric Physics, Chinese Academy of
Sciences and CESS, Tsinghua University

FGOALS-g2

NOAA Geophysical Fluid Dynamics Laboratory GFDL-ESM2G
GFDL-ESM2M

Met Office Hadley Centre HadGEM2-CC
HadGEM2-ES

Institute for Numerical Mathematics INM-CM4

Institut Pierre-Simon Laplace IPSL-CM5A-LR
IPSL-CM5A-MR

Atmosphere and Ocean Research Institute (The University of
Tokyo), National Institute for Environmental Studies, and Japan
Agency for Marine-Earth Science and Technology

MIROC5

Japan Agency for Marine-Earth Science and Technology, Atmo-
sphere and Ocean Research Institute (The University of Tokyo),
and National Institute for Environmental Studies

MIROC-ESM
MIROC-ESM-CHEM

Max Planck Institute for Meteorology MPI-ESM-LR

Meteorological Research Institute MRI-CGCM3

Norwegian Climate Centre NorESM1-M
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Table 2. Number of realisations available from each model for the historical and future
scenarios and the weights given by each ANOVA framework. Weights have been standardised
to sum to 100 for each framework.

Model Runs Weights
Historical RCP4.5 Two-way Additive One-way

RmH RmF WmF WmH WmF WmH WmF WmH

BCC-CSM1.1 3 1 2.63 2.63 2.25 2.25 3.85 1.28
CanESM2 5 1 2.63 2.63 2.50 2.50 6.41 1.28

CNRM-CM5 5 1 2.63 2.63 2.50 2.50 6.41 1.28
CSIRO-Mk3.6.0 4 5 2.63 2.63 6.68 6.68 5.13 6.41

EC-EARTH 3 3 2.63 2.63 4.51 4.51 3.85 3.85
FGOALS-g2 1 1 2.63 2.63 1.50 1.50 1.28 1.28

GFDL-ESM2G 1 1 2.63 2.63 1.50 1.50 1.28 1.28
GFDL-ESM2M 1 1 2.63 2.63 1.50 1.50 1.28 1.28
HadGEM2-CC 2 1 2.63 2.63 2.00 2.00 2.56 1.28
HadGEM2-ES 1 1 2.63 2.63 1.50 1.50 1.28 1.28

INM-CM4 1 1 2.63 2.63 1.50 1.50 1.28 1.28
IPSL-CM5A-LR 4 4 2.63 2.63 6.01 6.01 5.13 5.13
IPSL-CM5A-MR 1 1 2.63 2.63 1.50 1.50 1.28 1.28

MIROC5 1 1 2.63 2.63 1.50 1.50 1.28 1.28
MIROC-ESM 3 1 2.63 2.63 2.25 2.25 3.85 1.28

MIROC-ESM-CHEM 1 1 2.63 2.63 1.50 1.50 1.28 1.28
MPI-ESM-LR 3 3 2.63 2.63 4.51 4.51 3.85 3.85
MRI-CGCM3 5 1 2.63 2.63 2.50 2.50 6.41 1.28
NorESM1-M 3 1 2.63 2.63 2.25 2.25 3.85 1.28

Total 48 30 50.00 50.00 50.00 50.00 61.54 38.46
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Fig. 1. (a) Power of t-test for significant non-zero expected climate response, (b) power of
F -test for significant non-zero model-dependence in the climate response, (c) power of F -test
for significant non-zero model-specific discrepancies. Power is calculated for a hypothetical
MME which includes a total of four runs from each model, two each of one historical and
one future scenario.
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Fig. 2. (a) DJF track density in ERA-Interim, (b) historical DJF unweighted multi-model
mean track density simulated by CMIP5 models, (c) RCP4.5 DJF multi-model mean track
density simulated by CMIP5 models, (d) unweighted multi-model mean climate response
estimate from two-way framework, (e) multi-model mean climate response estimate from
the additive framework, (f) multi-model mean climate response estimate from the one-way
framework. The CMIP5 models simulate the DJF track density reasonably well. The climate
response estimates from the two-way and additive frameworks appear similar. The climate
response estimate from the one-way framework fails to capture the projected increase in
track density over the UK and Denmark.
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Fig. 3. Estimated mean climates from the three ANOVA frameworks for a grid point (46.5◦N
1.25◦E) in central France. (a) the two-way framework, (b) the additive framework, (c) the
one-way framework. Open points represent individual runs from the historical scenario
(H) on the left and the RCP4.5 scenario (F) on the right for each model. Solid points
are framework estimates of the mean climate of each model for each scenario. Error bars
represent a 90% confidence interval for the mean climate. Dashed horizontal lines indicate the
usual unweighted multi-model mean estimates of the historical (H) and future (F) climates.
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Fig. 4. (a) Plot of standardised residuals against fitted values from the two-way framework.
Each point represents one run. Dashed lines indicate the 0.5% and 99.5% quantiles of
the standard normal distribution. Realisations appear randomly scattered about zero with
the exception of two which are outlying at the 1% level, (b) Quantile-quantile plot of the
standardised residuals from the two-way framework. Each point represents one run. Most
realisations lie close the expected straight line.
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Fig. 5. p-values of the Anderson-Darling test for normality. Small p-values (p < 0.10)
indicate significant evidence of non-normality. The assumption of normality appears well
justified over most of the study region. However several coherent regions of significant non-
normality are evident.
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Fig. 6. (a) Variance ratio f 2
γ , (b) p-values of significance test for model-dependent climate

response, (c) standardized mean climate response dβ from the two-way framework, (d) stan-
dardized mean climate response dβ from the additive framework, (e) p-value of significance
test for non-zero mean climate response from the two-way framework, (f) p-value of the
significance test for non-zero mean climate response from the additive framework.
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Fig. 7. p-values of the individual t-tests on the γmF terms. Small p-values (p < 0.10)
indicate significant evidence that a particular model disagrees with the expected climate
response of the MME.
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Fig. 8. (a) Difference between expected climate response estimates β̂F from the two-way
and additive frameworks, (b) ratio of the estimated uncertainties of the expected climate
response from the additive framework and the two-way framework. The two-way framework
tends to over estimate the size of the climate response compared to the additive framework.
The uncertainty in the additive framework is lower where there is agreement between models
on the expected climate response.

51


