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Abstract 9 

Uncertainties in the numerical realization of the physical climate system in 10 

coarse-resolution climate models in the coupled model intercomparison project 11 

3 (CMIP3) cause large spread in the global mean and regional response 12 

amplitude to a given anthropogenic forcing scenario and they cause the climate 13 

models to have mean state climates different from the observed and different to 14 

each other.  15 

In a series of sensitivity simulations with an atmospheric general circulation 16 

model coupled to a slab ocean the role of differences in the control mean sea 17 

surface temperature (SST) in simulating the global mean and regional response 18 

amplitude is explored. The model simulations are forced into the control mean 19 

state SST of 24 CMIP3 climate models and 2xCO2-forcing experiments are started 20 

from the different control states. The differences in the SST mean state cause 21 

large differences in other climate variables but do not reproduce most of the 22 

large spread in the mean state climate over land and ice covered regions found in 23 

the CMIP3 model simulations. 24 

The spread in the mean SST climatology leads to a spread in the global mean and 25 

regional response amplitude of about 10%, which is about half as much as the 26 

spread in the response of the CMIP3 climate models and is therefore of 27 

considerable size. Since the SST climatology biases are only a small part of the 28 

models mean state climate biases it is likely that the climate model’s mean state 29 

climate biases are accounting for a large part of the model’s climate sensitivity 30 

spread. 31 

32 
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1. Introduction 33 

The Intergovernmental Panel on Climate Change (IPCC) predictions of the future 34 

anthropogenic climate change are essentially based on coarse resolution coupled 35 

general circulation models (CGCMs) from the coupled model intercomparison 36 

project phase 3 (CMIP3). These simulations predict, depending on the scenario, a 37 

substantial global warming with a well defined spatial pattern (e.g. land-sea 38 

contrast or polar amplification). While this spatial pattern is well defined for 39 

each individual model, the spread from model to model is very large. This is in 40 

large part caused by errors in the model formulations [Meehl et al., 2007: 41 

Stainforth et al., 2005, Cess et al., 1990, Bony et al., 2006 or Murphy et al., 2004].  42 

The model errors are primarily caused by the uncertainties in the numerical 43 

realization of physical processes in coarse-resolution CGCMs. These errors not 44 

only cause spread in climate sensitivity, but also cause significant spread in the 45 

control mean state climate of these models [Reichler and Kim, 2008]. In a non-46 

linear system, such as the climate system, the sensitivity to external forcing may 47 

depend on the mean state of the system. In particular, many important climate 48 

feedbacks (e.g. water vapor, cloud cover or snow/ice cover) are directly or 49 

indirectly controlled by the surface temperature.  50 

Many studies addressed the role that model mean sate biases play in simulating 51 

realistic climate variability or change. The dynamics of the El Nino Southern 52 

Oscillation in climate models, for instance, are related to the mean state of the 53 

tropical Pacific [Guilyardi, 2006]. Rainfall characteristics in climate models are 54 

improved by improved ocean states [Fujii et al., 2009] or atmospheric ‘blocking’ 55 

events in the Northern Hemisphere are related to climate model mean state 56 
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biases [Scaife et al., 2010]. These internal climate feedbacks are often central for 57 

the climate sensitivity as well. 58 

Ashfaq et al. [2011] did a statistical analysis of the relationship between SST 59 

biases and climate sensitivity of different climate variables and found that SST 60 

biases have substantial impact. Further Senior and Mitchell [2000] and Boer and 61 

Yu [2003] analyzed the non-linearity in the climate sensitivity in long 62 

integrations. They both find that the global sensitivity changes by about 10-20% 63 

due to changes in the local feedbacks caused by changes in the mean state. 64 

However, the two different models analyzed showed opposing tendencies. 65 

Statistical analysis of the relationship between climate sensitivity and model 66 

mean state biases could not point towards a simple strong relationship between 67 

the mean state of a climate model and its climate sensitivity. Some studies, 68 

however, find that the mean state errors does give some constraint on the 69 

climate sensitivity  [e. g.  Whetton et al., 2007, Sanderson et al., 2008, Knutti et al., 70 

2010 or Collins et al., 2010].  71 

The results presented in this study aim to explore the role that model mean state 72 

biases may play in model climate sensitivity spread. Recent studies that address 73 

the causes in model climate sensitivity spread mostly focus on the process 74 

uncertainties in the models [Murphy et al., 2004, Stainforth et al., 2005 or Knutti 75 

and Hegerl, 2008 for an overview]. Although, some of these studies also discuss a 76 

possible influence of the climate mean state biases on the spread in the climate 77 

sensitivity, it has to be pointed out that none of these studies really focus on the 78 

subject of the mean state climate biases causing climate sensitivity spread in 79 

detail. Indeed the model set-ups used in these studies are designed to address 80 
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model process uncertainties, but does not allow a detailed study of the mean 81 

state climate biases influence on the climate sensitivity spread.  82 

In the study presented here an atmospheric general circulation model (AGCM) 83 

coupled to a slab ocean model is forced into 25 different SST control 84 

climatologies. Starting from these 25 different control climates 2xCO2 response 85 

experiments are conducted to explore the role that the different SST control 86 

climatologies may play in the global and regional climate sensitivity. The model 87 

simulations designed for this study are similar to the concept of Murphy et al. 88 

[2004]. They used a series of atmospheric GCM simulations with perturbed 89 

physics coupled to a slab ocean model to study the roles of process uncertainties 90 

in climate sensitivity spread. They used the flux corrections of the slab ocean 91 

model, FQ, to control the SST climatology in all the different AGCM simulation to 92 

be the same as observed. Here we analyze a set of experiments with a single 93 

atmospheric GCM coupled to a slab ocean model forced into different mean SST 94 

climatologies by state independent flux corrections FQ, but keeping the AGCM 95 

physics the same in all simulations to study the effect of different climate mean 96 

states on the climate sensitivity.  97 

The present work is organized as follow: The model simulations that are 98 

developed, conducted and analyzed in this article are described in the next 99 

section. The analysis sections will start with some discussion on the CMIP3 100 

models mean state climate spread and the climate sensitivity uncertainty on the 101 

global and the regional scale in section 3. These findings will be used as the 102 

motivation for the main analysis section 4, in which the results of a set of climate 103 

change simulations with models that are forced into slightly different mean state 104 

control climates are presented. Finally, the analysis sections will be concluded 105 
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with a discussion of the climate sensitivity spread in flux corrected CMIP3 model 106 

simulations. The work will be concluded with a summary and discussions 107 

section. 108 

2. Model Simulations and Methods 109 

A list of all simulations discussed in this study is given in Table 1. The CGCM 110 

simulations analyzed in this study are taken from the CMIP3 database [Meehl et 111 

al., 2007]. All models in the database that have a 20th century control and an A1B 112 

21th century simulations are taken into account for this study, see Table 2. The 113 

A1B scenario ensemble was chosen, because it has the largest number of model 114 

simulations. These simulations are refereed to as CMIP3 simulations. 115 

Further a set of 12 atmospheric GCM simulations coupled to slab ocean models 116 

from the CMIP3 database are analyzed (here refereed to as CMIP3slabs). For this 117 

ensemble, all simulations in the CMIP3 data base that have a control run and a 118 

2xCO2 scenario run with a slab ocean model are considered in this study. The 119 

length of the control and 2xCO2 scenario runs varies between the 12 simulations 120 

(see Table 1), but only the first 20yrs of the 2xCO2 scenario run for each model 121 

are considered. For each of these 12 CMIP3slabs simulations there is a simulation 122 

in the CMIP3 ensemble with the same atmosphere GCM. We will refer to these 12 123 

CMIP3 simulations as the CMIP3reduced-ensemble. 124 

In addition to the simulations of the CMIP3 database an ensemble of simulations 125 

with the ECHAM5 atmospheric GCM [Roeckner et al., 2003] in T31 (3.75ox3.75o) 126 

horizontal resolution coupled to a slab ocean model has been conducted for this 127 

study (here refereed to as SLAB simulations). The sea surface temperature  (SST) 128 

is simulated by a simple slab ocean model for open ocean conditions and by a 129 



 7 

simple thermo dynamical sea ice model for sea ice conditions. The SST for open 130 

ocean conditions in the slab ocean model is only forced by the net atmospheric 131 

heat fluxes and a state independent flux correction, FQ. The flux corrections in 132 

slab ocean models are, in general, introduce to mimic the mean effect of lateral 133 

and vertical ocean dynamics that are not simulated by a slab ocean model, but 134 

that are important for the mean SST climatology. In this study will use the fluxes 135 

FQ to force the model into different SST control climate similar to Murphy et al. 136 

[2004].  137 

The SLAB set of experiments analyzed consists of 24 simulations, each with a 138 

70yrs long control and a 50yrs long 2xCO2 simulation. Each control simulation is 139 

forced to have one of the 1950-2000 SST climatologies of the 24 CMIP3 140 

simulations in the CMIP3 database from the 20th Century scenario by the state 141 

independent flux corrections FQ to simulate similar SST bias patterns as in the 142 

CMIP3 database [Meehl et al., 2007]. The fluxes FQ needed to produce the control 143 

mean SST are computed in an iterative procedure, running the AGCM for 10yrs 144 

several times with fluxes FQ computed from the previous iteration. The control 145 

runs are started from the last iteration with the final FQ fluxes. 146 

The control simulations of these experiments have also been used to study 147 

dynamics of El Nino in slab ocean models [Dommenget, 2010]. In addition, a 25th 148 

experiment was conducted with a 250yrs long control simulation with the SST 149 

forced to be the 24 model ensemble mean SST climatology, from which 5 2xCO2 150 

simulations were started from 5 different (50yrs apart) initial conditions taken 151 

from the control run (here referred to as SLABCMIP3-mean).  152 

It needs to be noted here that in the following analysis the SLAB ensemble 2xCO2 153 

simulations are compared with the CMIP3 A1B scenario. The SLAB ensemble is 154 
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roughly an equilibrium response and the CMIP3 A1B is a transient response. 155 

Thus different scenarios are compared, assuming that the characteristics 156 

discussed are essentially the same in both scenarios. This is supported by 157 

similarity in the response patterns (pattern correlation 0.9). This approach is 158 

mainly motivated by limitations in the model database and computing resources.  159 

For all the following analysis all model simulations have been interpolated onto a 160 

common 3.75ox3.75o global grid. All uncertainties or spreads in the control 161 

climate or the response are estimated on the basis of monthly mean 162 

climatologies. Thus both the control and the responses are estimated for each 163 

model simulation and for each calendar month. The spread in all analysis is 164 

always defined by the root mean squared error (RMSE) of the monthly mean 165 

values. 166 

3. Analysis of the CMIP3-model simulations 167 

The analysis starts with a look at the CMIP3-models surface temperature, Tsurf, 168 

response and control mean spread. The results will be used as motivation for the 169 

subsequent analysis.  170 

The CMIP3-models ensemble annual mean Tsurf response in the A1B scenario 171 

(mean of the period 2070-2099 minus mean of the period 1970-1999) is the 172 

well-known pattern shown in Fig. 1a. It is marked by pronounces land-sea 173 

warming contrast, a strong polar (Artic) amplification and a global mean 174 

warming of about 2.7oK. A similar pattern can be seen in the spread, as 175 

quantified by the RMSE, of the control climatological monthly mean Tsurf of the 24 176 

CMIP3-models; see Fig. 1b.  It is also largest over land and sea ice covered 177 

regions, but also has some more pronounced spread over some high altitude 178 
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regions (e.g. Tibet plateau or Antarctica). The spread is much larger than 179 

expected from internal variability, which would be in the order of 0.1K for most 180 

of the oceans and slightly larger over land and ice regions (see next section for a 181 

more detailed discussion of significance).  182 

In the context of this study the most interesting aspect is that the Tsurf response 183 

pattern (Fig. 1a) is similar to the pattern of the mean control Tsurf spread (Fig. 184 

1b). Thus regions that have large uncertainties in the control mean climate also 185 

have a stronger response to increase CO2 forcing. It is also important to note that 186 

the mean control Tsurf spread is in most regions of similar amplitude as the 187 

annual mean Tsurf response in the A1B scenario (note that the color bars in Fig.1a 188 

and b are slightly different). Thus the control mean state climate differences 189 

from model to model are in many regions larger than the response signal. 190 

The question arises to what extent does such mean state differences matter. To 191 

get a rough zero order idea or a starting point on how important mean state 192 

climate differences may be, we can compare the regional difference in the 193 

warming response (Fig. 1a) to the regional difference in the mean state climate 194 

(not shown): The response ranges by a factor of about 7 (7oK in the arctic and 195 

1oK over some ocean regions), while the mean surface temperature, as a proxy of 196 

climate differences, varies by about 50oK (-25oC in the arctic and +25oC in the 197 

tropics). So we roughly have a 15% change in the regional response amplitude 198 

per 1oK change in local mean state climate. These numbers are comparable to  199 

those of the CMIP3 climate model mean state biases and response spread (Fig.1b 200 

and c).   201 

The pattern of the Tsurf response spread (RMSE in Fig. 1c) is also quite similar to 202 

both the response pattern itself and to the control mean Tsurf spread. The 203 
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response spread has some spatial characteristics beyond a simple scaling of the 204 

response pattern, with the strongest relative spread in the higher latitudes, the 205 

northern North Atlantic and in the Southern Ocean (Fig.1d). More important for 206 

this study is the similarity between the response spread and the control mean 207 

state spread (Fig.1b and c). The pattern correlation is 0.85. This however, does 208 

not imply any causality yet, as both are indeed caused by model errors and it is 209 

for now not clear if the mean state biases cause regional climate sensitivity 210 

uncertainty.  Indeed, it has to be noted that in most regions there is only a weak 211 

(<0.3; in absolute values) linear relationship between the variations of the mean 212 

Tsurf and that of the Tsurf response (Fig.1e), consistent with previous studies. Some 213 

tendencies of a positive linear relationship (warmer mean Tsurf causes stronger 214 

Tsurf response) exist in the tropics and a more pronounce negative relationship 215 

seem to exist in higher latitudes on both hemispheres (Fig.1e). 216 

The above discussion is by no means evidence for the climate model mean state 217 

biases having a strong impact on the model climate sensitivity spread, but it is an 218 

indication that the different mean state climates may influence the regional and 219 

maybe the global climate sensitivity and it is enough motivation to address this 220 

issue in more detail. The lack of studies addressing these issues directly with 221 

well-designed model sensitivity studies motivated the model simulation 222 

designed for this study. In the following analysis it will be argued on the basis of 223 

a series of new CGCM simulations that mean state errors, similar to those of the 224 

CMIP3 simulations, are indeed large enough to lead to significant spread in the 225 

sensitivity to CO2-forcings.   226 



 11 

4. Analysis of the SLAB simulations 227 

We will now discuss the SLAB experiments in which the control mean SST is 228 

forced to be in different climatologies, see section 2 for details. For each of the 25 229 

simulations the Tsurf response is defined as the difference between the last 30 230 

years of the 50years 2xCO2 forcing simulation and the mean of the 231 

corresponding 50years control simulation.  232 

First of all it need to be noted that the SLAB simulation mimic the CMIP3-models 233 

mean SST climatologies by artificial flux corrections only over open oceans (not 234 

over sea ice). Similarity between the SLAB simulations control Tsurf climatology 235 

and those of the CMIP3-models are therefore only expected over open oceans. 236 

Fig. 2a and b illustrates how well the SLAB ensemble reproduces the CMIP3 237 

ensemble Tsurf climatologies in term of their root mean squares errors (RMSE) 238 

and anomaly correlation. We can note that the RMSE over open oceans is much 239 

smaller than the CMIP3 mean control RMSE (compare with Fig. 1b) indicating a 240 

relative good match of the SLAB to the CMIP3 simulation for those regions. This 241 

is also quantified by the very high correlation of above 0.9 for most open ocean 242 

points. However, it can also be noted that the RMSE is about as strong as the 243 

CMIP3 mean control spread (compare with Fig. 1b) over sea ice and land regions 244 

and the correlation in those regions is also mostly below 0.4, indicating very little 245 

to no agreement between the SLAB and the CMIP3 simulations. Thus the SLAB 246 

simulations can only mimic the CMIP3 mean open oceans SST, but do not 247 

simulate much of the land and sea ice mean state spread in the CMIP3 248 

simulations. For the following discussion we have to keep in mind that the CMIP3 249 

simulations mean climate spread is largest over land and ice covered regions. 250 
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Thus the SLAB simulations only mimic a small part of the total CMIP3 251 

simulations mean climate spread. 252 

The spread within the SLAB ensemble mean control Tsurf is shown in Fig. 3a. It 253 

shows the largest spread in the northern hemisphere sea ice borders. The 254 

internal spread is similar to that of the CMIP3 simulation over ocean points, but 255 

is much weaker over continental and ice covered regions.  As indicated above 256 

this reflects that the flux correction of SST only correct a small part of the CMIP3 257 

simulations mean state biases. The largest part of the spread over land and sea 258 

ice cover regions is not directly related to the SST mean states spread. Thus the 259 

pattern of mean state climate differences in the SLAB ensemble is quite different 260 

from that of the CMIP3 simulations (compare with Fig. 1b). 261 

In order to get an understanding of how significantly different to each other the 262 

mean state control climates of the SLAB simulations are, the spread within the 263 

SLAB ensemble mean control Tsurf  (Fig. 3a) is compared against values of the 99 264 

percentiles of the Students t-distribution shown in Fig. 3b. For the Students t-test 265 

the standard deviation is estimated by the standard deviation of annual mean 266 

variability of the 250yrs long SLABCMIP3-MEAN control simulation. Since we are 267 

interested in the response difference over a 30yrs period the t-values are 268 

computed for sample sizes N=15, assuming annual mean variability with a lag of 269 

2yrs is independent of the present year, which is justified by the near zero lag-2 270 

correlation. For most regions the 99% value of the Students test is less than 0.4K 271 

difference in the 30yrs mean control climate (Fig. 3b). In higher latitudes and on 272 

ice regions these values are closer to 1K due to the larger internal natural 273 

variability in those regions. If we compare Fig.3a again Fig. 3b we can see that 274 

the mean control Tsurf spread (RMSE) is much larger than the Students t-275 
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cumulative distribution 99% values for all parts of the globe, indicating that the 276 

difference in the mean climates between the SLAB ensemble members is 277 

typically much larger than expect from internal natural variability.  This can best 278 

be illustrated by plotting the ratio of the SLAB ensemble mean control Tsurf RMSE 279 

(Fig. 3a) divided by the Students t-cumulative distribution 99% values (Fig. 3b), 280 

see Fig. 4a. The spread in Tsurf is beyond the 99% t-value almost everywhere by 281 

more than a factor of three. The probability to pass the 99% t-value by that much 282 

is less than 0.000002%, indicating that the mean state Tsurf climatologies of the 283 

SLAB ensemble member are indeed quite different from each other. 284 

In the context of climate sensitivity the Tsurf climate is often not of primary 285 

importance, but the focus is more on the climate feedbacks related to 286 

atmospheric water vapor, ice-albedo and cloud cover.  It is therefore instructive 287 

to see how the climate mean state in such variables varies in the SLAB ensemble.  288 

We can therefore repeat the significance test, as done for Tsurf (Fig. 4a), for the 289 

other variables as well, see Fig. 4b-f.  First of all we can note that the spread of all 290 

climate variables analyzed are beyond the 99% t-value everywhere on the globe. 291 

The mean sea level pressure (SLP) can be considered as a zero order estimate of 292 

the large-scale atmospheric circulation. The significant spread in the SLP can 293 

therefore be interpreted as an indication of significant spread in the large-scale 294 

atmospheric circulation globally. The surface albedo, which only changes due to 295 

changes in snow or ice cover, shows significant spread indicating that the ice and 296 

snow cover have substantial mean climate spread over most of the northern 297 

hemisphere continents and in particular over sea ice regions. This suggests that 298 

ice-albedo feedbacks will have substantial spread in the SLAB ensemble. The 299 

same can be concluded from the total cloud cover, which has substantial spread 300 
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globally. Most importantly the atmospheric vertically integrated water vapor 301 

(VIWV) shows quite substantial spread everywhere. Since the VIWV is one of the 302 

main factors in the atmospheric greenhouse effect [e.g. Schneider et al., 1999], it 303 

seems reasonable to assume that the spread in this variable would lead to a 304 

spread in the SLAB ensemble climate sensitivity. In summary the analysis of the 305 

SLAB ensemble control climate spread has illustrated that the forced differences 306 

in the SST climatology has caused significant spread in the global climate 307 

everywhere, in particular in climate variables that are likely to be relevant for 308 

the regional and global climate sensitivity. 309 

Fig. 5a shows the SLAB ensemble mean Tsurf response to 2xCO2. The response 310 

pattern in the SLAB simulations is similar to that of the CMIP3 ensemble model 311 

response to the A1B scenario (see Fig.1a), but larger in amplitude. Fig. 6 shows 312 

the difference in the mean Tsurf response to 2xCO2 forcing for each of the 25 SLAB 313 

simulations relative to the SLAB ensemble mean response. Only those regions 314 

that pass the Students t-value of 99% are shaded. Several important points can 315 

be noted here: 316 

 The SLABCMIP3-MEAN response is significantly smaller than the SLAB 317 

ensemble mean response. Indeed more than 50% of the globe has a much 318 

weaker response in SLABCMIP3-MEAN simulation. In the global mean 319 

response the SLABCMIP3-MEAN ensemble is about 9% smaller then the 320 

ensemble mean of the SLAB simulations. This is notable, because the 321 

SLABCMIP3-MEAN simulation has by construction the same mean Tsurf control 322 

climate as the SLAB ensemble. Thus it indicates a non-linearity (see also 323 

discussion of Fig. 8 further below). Assuming that the SLABCMIP3-MEAN run 324 

would represent the ‘true’ climate mean state, then the ensemble of SLAB 325 
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simulations, having in average the same mean climate as SLABCMIP3-MEAN, 326 

would still overestimate the response in the ensemble mean average. 327 

 In most of the experiments, more than 50% of the global area is 328 

significantly different from the ensemble mean response. Thus we find 329 

quite substantial regional difference in the response in most experiments. 330 

 The regional differences have complex spatial structures, with no 331 

particular pattern clearly dominating. Thus no single simulation 332 

dominates the global mean spread nor is any regional response 333 

dominated by one single simulation. In all regions several simulations are 334 

found to be significantly different from the ensemble mean.  335 

 There is, however, a tendency for the differences to be of one sign 336 

globally, indicating a strong projection onto differences in the global 337 

climate sensitivity. The global mean difference explains in average 35% of 338 

the total variance for each of the 24 models in the differences shown in 339 

Fig. 6.  340 

 Some experiments (e.g. 4, 9, 10, 11, 19 or 22) have a remarkable El Nino 341 

like signature in the response difference, which is related to unstable 342 

ocean-atmosphere interaction in ACGM coupled to slab ocean models 343 

found in several studies [Stainforth et al., 2005 or Dommenget, 2010].  344 

This type of El Nino like variability it different from the observed El Nino 345 

dynamics and involves an unstable interaction between the SST and the 346 

cloud cover. It leads to the fact the SST in the equatorial Pacific can be 347 

quite unstable in slab ocean model simulations for SST climatologies with 348 

strong equatorial cold tongues.  349 
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The regional spread in the Tsurf response can again be quantified by the RMSE of 350 

the SLAB simulations responses relative to the ensemble mean, see Fig.5b. A few 351 

points should be noted from this figure:  352 

 The spread in the response for nearly all regions is much larger than 353 

expected from internal variability, which is in the order of 0.3K to 0.8K 354 

(99% t-value for oceans and ice regions, respectively, see also Fig. 3b). 355 

 The SLAB ensemble response spread pattern (Fig.5b) is quite similar to 356 

the spread in the SLAB ensemble control Tsurf climatologies (Fig.3a) 357 

(pattern correlation of 0.74), but on the other hand the SLAB ensemble 358 

response spread pattern is different from that of the CMIP3 ensemble 359 

response spread pattern (Fig. 1c). For instance, the larger spread in the 360 

SLAB response over the equatorial Pacific and the Sahel region in North 361 

Africa (Fig. 5b) seem to match the large spread in the SLAB control 362 

climate (Fig. 3a). In turn the large spread in both the mean state climate 363 

and the response of the CMIP3 simulations over the Tibet plateau (Fig. 1b 364 

and c) is in the SLAB simulations not as pronounce. Thus in both sets of 365 

experiments (CMIP3 and SLAB runs), there is an indication of similarity 366 

between the mean state spread and the response spread. It seems that the 367 

response uncertainties to some degree follow the uncertainties in the 368 

mean state. 369 

 The Tsurf response in the North Atlantic is much less uncertain in the SLAB 370 

runs (Fig. 5c) than in the CMIP3 runs (Fig. 1d). This is most likely related 371 

to the missing ocean dynamics in the SLAB runs, that cannot simulate the 372 

slowing down of the thermohaline circulation in the northern North 373 

Atlantic as found in most CMIP3 simulations. 374 
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 The southern ocean response appears to be quite uncertain in both the 375 

CMIP3 and the SLAB ensemble, despite very different ocean dynamics in 376 

the two ensembles, indicating that ocean dynamics may not be the 377 

dominating factor contributing to the uncertainty in the CMIP3 ensemble. 378 

The uncertainties in the sea ice distribution are factors that lead to the 379 

relative large uncertainties in this region in the SLAB ensemble.  In 380 

contrast to the North Atlantic the Southern ocean does not have a strong 381 

circulation response, that influences the SST response substantially, 382 

which may explain why the over all structure of the uncertainties is the 383 

same in both ensembles.  384 

The local correlation between the SLAB variability of the Tsurf mean state and 385 

response is, as in the CMIP3 runs, mostly zero, but again negative in the higher 386 

latitudes (Fig.5d). The stronger negative correlation in the equatorial Pacific, 387 

may be related to the slab ocean El Nino dynamics [Dommenget, 2010], which as 388 

such do not exist in CGCMs (the CMIP3 runs) or are at least much less dominant. 389 

Further it has to be noted that the variations in the 24 CMIP3 Tsurf responses have 390 

only weak correlation to the variations in the 24 SLAB responses with the 391 

matching SST climatology, indicating that the variations in the 24 CMIP3 Tsurf 392 

responses are not reproduced by the SLAB simulations, see Fig.5e.  393 

We can now focus on the spread in the global mean Tsurf sensitivity. To illustrate 394 

the spread in the response caused by the spread in the mean SST, it is instructive 395 

to compare the spread of the global mean Tsurf response time series with those 396 

caused by internal variability only.  Therefore Fig.7a and b show the anomaly 397 

time series of global mean Tsurf of each SLAB control and 2xCO2 scenario run. In 398 

the 24 SLAB simulations the spread in the response time series is clearly 399 
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increased compared to the internal variability in the control runs (Fig.7b). In 400 

contrast the spread due to internal climate variability in the 5 2xCO2 responses 401 

of SLABCMIP3-MEAN  (Fig.7a) is much smaller and not increased compared to the 402 

control runs. Thus it is clear that the mean state spread in the control SST causes 403 

a substantial global mean Tsurf sensitivity spread. 404 

The spread in the global mean and regional response in the ensembles of the 405 

CMIP3 and SLAB simulations can be summarized by plotting the normalized 406 

regional response difference from the ensemble mean2 against the global mean 407 

response difference from the corresponding ensemble mean of each model 408 

normalized by the corresponding ensemble mean responds, see Fig. 8. The x-axis 409 

indicates by how much each model deviates from the ensemble mean response 410 

at any grid point at any calendar month in average. It thus estimates how similar 411 

the response patterns are. The values are in percentage of the ensemble mean 412 

respond. A value of 0% would indicate a response pattern identical to the 413 

ensemble mean response pattern and a value of 100%, for instance, would 414 

indicate that the response difference from the ensemble mean response pattern 415 

is on average over all locations and calendar months as big as the mean 416 

amplitude of the ensemble mean response pattern and would therefore mark a 417 

quite substantial difference in the response pattern. A few important 418 

characteristics should be pointed out here: 419 

                                                        
2 The uncertainty in the local response amplitude can be estimated by the normalized response pattern 

RMS-error of each model relative to the normalized CMIP3 ensemble mean response pattern:  

  
With the Tsurf response of climatological month, m, the individual Models, Ti(m) , and that of the 

CMIP3 ensemble mean, Tensemble(m) , and their respective global means, iT̂ (m) and ensembleT̂ (m). The 

normalized response pattern RMS-error of each model, εi, gives a measure of the relative uncertainty of 

the local response amplitudes, independent of the global mean response. 
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 The uncertainties in the global mean and regional response of the 5 420 

members SLABCMIP3-MEAN ensemble give an indication of uncertainties 421 

caused by internal natural variability.  The spread in the regional 422 

response is about 8% due to regional modes of internal variability. The 423 

spread in the global mean is only about 0.5% (the standard deviation of 424 

the points along the y-axis) and thus much smaller than regional 425 

uncertainties, because modes of natural variability are much smaller on 426 

the global mean than they are on regional scales. 427 

 The global mean and the regional response spread are much larger in the 428 

SLAB and CMIP3 model ensembles than in the SLABCMIP3-MEAN ensemble, 429 

indicating that the variations in the SST climatologies in these ensembles 430 

cause the large response spreads. 431 

 The regional response spread due to variations in the SST climatologies in 432 

the 24 SLAB is 11% to 24% relative to the ensemble mean response 433 

pattern, while the 24 CMIP3 models spread is about 22% to 43%.  Thus 434 

the regional response spread in the SLAB ensemble is almost half as big as 435 

in the CMIP3 ensemble. 436 

  The global mean response spread (standard deviation of the points) is 437 

about 10% in the SLAB ensemble and 20% in the CMIP3 ensemble. Thus 438 

the SLAB ensemble spread in the global mean is about 1/2 of the CMIP3 439 

spread. 440 

 Both, the SLAB and CMIP3 distributions of the global climate sensitivity 441 

are positively skewed  (0.9 for the SLAB and 0.8 for the CMIP3 ensemble). 442 

Considerations with simple feedback models find similar results [Roe and 443 

Baker, 2007]. This is also consistent with the previous discussion of Fig. 444 
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6a, saying that the sensitivity from the SLABCMIP3-MEAN simulations is 445 

weaker than the mean sensitivity of the SLAB ensemble.  446 

5. Flux corrected climate models 447 

The control SST mean state spread in the SLAB runs lead to a significant spread 448 

in the global and regional climate sensitivity. If we further consider that the Tsurf 449 

spread over land or ice regions or other important climate variables (e.g. mean 450 

cloud cover, sea ice distribution or mean atmospheric or oceanic circulation) are 451 

not accounted for in the SLAB experiments, then it seems likely that the overall 452 

control climate spread in the CMIP3 runs could lead to an even larger spread in 453 

the regional and global climate response of the CMIP3 scenarios.  The question 454 

arises: How does this relate to the fact, that the climate sensitivity spread in the 455 

climate models of the past decades, which did include climate models with flux 456 

corrections to control the climate mean state, was as strong as it is in today’s, 457 

uncorrected, CMIP3 climate models? Thus indicating, that mean state corrections 458 

may not improve the models at all. 459 

The flux corrections introduced in climate models in the 1980s to 1990s are in 460 

principle similar to those flux corrections used in the SLAB simulations. These 461 

were meant to reduce the errors in the SST climatologies due to the limitations of 462 

the coupled ocean-atmosphere model simulations. As in the SLAB ensemble 463 

these flux corrections could only reduce the spread in the SST over open oceans, 464 

but not over land or sea ice covered regions. 465 

To get some understanding of how much flux corrections of the SST in CMIP3 466 

models can change the mean state spread and the response uncertainty, we can 467 
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take a look at 12 flux corrected slab-ocean simulations of the CMIP3 database, 468 

CMIP3slab. Fig. 9 illustrates a few statistics that correspond to those we discussed 469 

above for the CMIP3 and SLAB ensemble. A few important points can be made 470 

from these statistics: 471 

 472 

 Flux correction of the SST does not reduce the control mean surface 473 

temperature spread over land or ice cover regions by any substantial 474 

amount (compare Fig.9a with Fig.1b). Indeed even the SST mean state is 475 

substantially different between the different models, despite the fact that  476 

all simulations include flux corrections towards the same observed mean 477 

SST. Some of these SST mean state errors are caused by tropical unstable 478 

ocean-atmosphere interactions between the SST in very strong equatorial 479 

Pacific cold tongues and the cloud cover, which is a prominent signature 480 

in some slab ocean models [Stainforth et al., 2005 and Dommenget, 2010]. 481 

Substantial impact from a corrected mean state climate onto the climate 482 

sensitivity, would most likely only be achieved if the surface temperature 483 

over land and sea ice covered regions are corrected as well, as these 484 

regions contributed to the mean state climate spread the most. This has 485 

so far never been tested. 486 

 The comparison between the response spread in the CMIP3slab runs with 487 

the reduced ensemble of CMIP3 CGCM including the same atmosphere 488 

models, CMIP3reduced-ensemble, shows that the regional relative response 489 

spread is indeed reduced to globally 28%(Fig.9c) in the CMIP3slab runs 490 

form 31%(Fig.9d) in the CMIP3reduced-ensemble runs and even more over 491 

tropical oceans (to 22% from 27%).  Although these differences are 492 
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relatively small we can try to estimate if they are consistent with what we 493 

would expect if the SST mean control climate has an influence on the 494 

response as the results with the SLAB runs suggest. We can, as a crude 495 

first order approximation, assume that the regional climate sensitivity 496 

spread globally averaged, δtotal, (31%; Fig.9d) is the sum of two 497 

independent parts: one being the spread caused by SST mean state biases, 498 

δSST, which is roughly estimated by the SLAB ensemble (16%; Fig.5c). The 499 

other, δrest, is caused by all other uncertainties (including all process 500 

uncertainties and mean state errors in all other climate fields not directly 501 

related to the SST). It is almost certain that the two parts are not 502 

independent, but as the relationship is not known and a potential 503 

relationship could either increase or decrease the spread, we have to live 504 

with the crude assumption of independence just for the sake of a first 505 

guess. The sum of independent errors (δtotal
2 = δSST

2 + δrest
2) would suggest 506 

δrest = 27%. This is comparable with the 28% found in the relative 507 

response spread in Fig.9c. Although these results are consistent with the 508 

hypothesis that the mean state spread may cause climate sensitivity 509 

spread, it need to be noted that this is not a completely consistent 510 

comparison, as the set CMIP3reduced-ensemble includes uncertainties from 511 

ocean dynamics that are not included in the CMIP3slab set and on the other 512 

hand δSST is certainly not zero in the CMIP3slab runs. 513 

In summary, current or past flux corrected climate models did not allow for 514 

much reduction in climate sensitivity uncertainty, as they only correct ice–free 515 

oceans SSTs and even that error is not reduce to zero. So conclusions drawn from 516 

these flux correct models are limited: They can neither strongly support the idea 517 
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of the mean state biases contributing significantly to the climate sensitivity 518 

uncertainty (although they are consistent with these hypothesis) nor can they 519 

reject this idea.  520 

6. Summary and Discussion 521 

In this study we addressed the question of whether the SST mean state spread, 522 

as present in the current CMIP3 simulations, could have an impact on the climate 523 

sensitivity of the models. The analysis started with some discussion of the 524 

characteristics of the regional climate sensitivity and the control mean Tsurf 525 

spread in the CMIP3 model simulations. In this analysis some remarkable 526 

similarities between the mean control climate spread pattern, the response and 527 

the pattern of the spread in the response of the models in the A1B scenario are 528 

found. 529 

The main analysis of this study focused on a set of AGCM simulations with a 530 

coupled flux corrected slab ocean model. In these SLAB experiments the model is 531 

forced into different SST mean control climatologies from which 2xCO2 response 532 

experiments are started. The SST climatologies closely match those of the 24 533 

CMIP3 model simulations of the 20th century. The main findings of these 534 

experiments can be summarized as follows: 535 

 Differences in the SST control mean climatology lead to quite significant 536 

differences in the control climate globally in many different important 537 

climate variables (e.g. vertically integrated water vapor, cloud cover or 538 

snow/ice cover) that change feedbacks in the climate system important 539 

for the response to CO2 forcing. 540 
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 The flux correction of open ocean SSTs only controls Tsurf over open 541 

oceans, but almost not at all over land or ice covered regions. 542 

Subsequently SST flux corrected models still have an almost unchanged 543 

spread in the control mean Tsurf climatologies over land and ice covered 544 

regions. 545 

 The global and regional response to 2xCO2 forcing is significantly altered 546 

by the different SST climatologies. The spread is almost half as strong as 547 

in the 24 CMIP3 A1B-scenarios. 548 

 Considering that the Tsurf spread over land or ice regions or other 549 

important climate variables (e.g. mean cloud cover, sea ice distribution or 550 

mean atmospheric or oceanic circulation) are not accounted for in the 551 

SLAB experiments, then it seems likely that the overall control climate 552 

spread in the CMIP3 runs could account for a substantial, if not the largest 553 

part, of the regional and global climate response spread of the CMIP3 554 

scenarios. 555 

The SLAB simulations suggest that differences in the SST mean state of the 556 

CMIP3 models could cause a spread in the global and regional Tsurf response of 557 

about 10%, which is comparable in strength to the climate sensitivity changes 558 

found by Senior and Mitchell [2000] and Boer and Yu [2003] in analyzing the 559 

non-linearities in the climate sensitivity caused by changes in the mean climate 560 

and associated feedback during long transient runs. However, two important 561 

differences to these two studies should be pointed out here: First the SLAB 562 

simulations only consider changes in SST, but neglected changes over land and 563 

ice regions. Thus the SLAB experiments would suggest that the spread in the 564 

response by the total climate mean state uncertainties would be significantly 565 
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larger. Second, the patterns of mean control climate differences between the 566 

models are quite different from the global warming pattern.  While Boer and Yu 567 

[2003] find that the changes in the mean climate by the global warming pattern 568 

affect the climate sensitivity, it is unclear how much the climate sensitivity would 569 

change due to other patterns. The results of the SLAB simulations have 570 

illustrated that different climate mean state biases have different effects on the 571 

climate sensitivity.  572 

The results of this study open up the question: Do climate models forced into the 573 

observed mean state climate (e.g. in Tsurf over land, oceans and sea ice covered 574 

regions), by some kind of artificial corrections, produce a more realistic and less 575 

uncertain climate sensitivity? The answer cannot be given in this study. 576 

However, significant improvement of climate models by better representation of 577 

physical processes will take many years to decades. On the other hand a coupled 578 

climate system model can be more than just the sum of its parts (e.g. cloud 579 

model, land model, ocean model, sea ice model, convections scheme, etc.). It may 580 

be possible to improve coupled climate models without improving any individual 581 

sub system of the coupled system, but by improving the strategy of coupling the 582 

subsystems together. Considering the importance of the correct mean state 583 

climate, as this present study suggest, it may be worth considering new 584 

strategies of coupling the subsystems by some kind of anomaly or mean state 585 

climate linearization strategies. Such strategies could enforce that each 586 

subsystem of the coupled climate model system sees in average realistic 587 

observed mean state conditions and would therefore potentially produce 588 

tendencies in response to CO2 forcing that are closer to how the real world would 589 

respond, than they would be if they see model biased mean state conditions. In 590 
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non-linear systems, such as our climate, the correct mean state condition is 591 

important for producing the correct tendencies to external forcings. Such an 592 

approach has so far not been tested in the context of CGCMs, but the results 593 

presented in this study suggest that it may be worthwhile to explore such 594 

methods. 595 
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Figures 682 

 683 

Figure 1: (a) CMIP3 ensemble mean response in the A1B scenario (period 2070-684 

2099 minus 1970-1999); (b) Root mean squared error (RMSE) of the 24 CMIP3 685 

simulations monthly mean Tsurf climatologies relative to the CMIP3 ensemble 686 

mean Tsurf climatology from 1970-1999. (c) RMSE of the 24 CMIP3 simulations 687 

monthly mean Tsurf response in the A1B scenario (mean 2070 to 2099 minus 688 

mean 1970-1999) relative to the CMIP3 ensemble monthly mean Tsurf response 689 

as shown in (a). (d) the relative response spread defined as: the result in (c) 690 

divided by the results in (a). (e) Correlation between the 24 monthly mean 691 

climatologies and the responses. Anomalies for the climatologies are defined in 692 

the same way as for (b) and for the responses they are defined in the same way 693 

as for (c). Numbers in the headings are the global mean values.  694 

 695 

Figure 2: (a) RMSE between the 24x12 monthly mean Tsurf climatologies of the 696 

SLAB and CMIP3 ensemble. (b) correlation for the same data as in (a). 697 

 698 

Figure 3: (a) Root mean squared error (RMSE) of the monthly mean Tsurf control 699 

climatologies as Fig. 1b, but for the 24 SLAB experiments over the last 50yrs of 700 

the 70yrs control run relative to the 24 SLAB ensemble mean climatology.  (b) 701 

the 99% values of the cumulative Students t-distribution, testing for a difference 702 

in the mean of a 30yrs period based on the 250yrs SLABCMIP3-MEAN control annual 703 

mean Tsurf variability assuming 15 independent values in the 30yrs period. 704 

 705 
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Figure 4: (a) The ratio of the RMSE of the control mean for Tsurf climatology (Fig. 706 

3a) divided by the 99% t-value (Fig. 3b). (b) to (f) as (a) but for (b) SLP, (c) 707 

surface albedo, (d) cloud cover, (e) vertically integrated water vapor and  (f) for 708 

precipitation. Surface albedo values are undefined (grey shading) for regions 709 

that did not had any surface albedo variability in the 250yrs SLABCMIP3-MEAN 710 

control simulation. 711 

 712 

Figure 5: (a) the 24 SLAB ensemble mean response in the 2xCO2 simulations 713 

(last 30yrs of the 50yrs 2xCO2 run minus control mean); (b) response RMSE as in 714 

Fig. 1c, but for the 24 SLAB experiments response over the last 30yrs of the 715 

50yrs 2xCO2 experiment relative to the SLAB ensemble mean response. (c) the 716 

relative response spread as in Fig. 1d, but for the SLAB experiments. (d) 717 

Correlation between the 24 monthly mean climatologies and the responses as 718 

Fig. 1e, but for the 24 SLAB experiments. (e) correlation between the 24x12 719 

monthly mean climatological responses of the SLAB and the CMIP3 ensemble 720 

(responses defined as in (a) and Fig. 1c). 721 

 722 

Figure 6: (a) SLABCMIP3-mean Tsurf response difference relative to the SLAB 723 

ensemble mean response (as shown in Fig. 5a). Panels (b)-(y) as (a) but for each 724 

of the 24 SLAB ensemble members. Shading indicates regions with the T-test 725 

value beyond the 99% confidence interval. 726 

 727 

Figure 7: (a) global mean Tsurf time series of the 5 SLABCMIP3-mean control and 728 

2xCO2 simulations relative to the control global mean. The shaded regions mark 729 

the interval of  2 standard deviations of the control (blue) and 2xCO2 (red) 730 
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ensemble. The thick solid lines mark control (blue) and 2xCO2 (red) ensemble 731 

mean. (b) as (a), but for the 24 SLAB simulations.  732 

 733 

Figure 8: Scatter plot of the CMIP3 models climate sensitivity for the A1B-734 

scenario (blue circles). The x-axis shows a measure of regional differences in the 735 

warming pattern in percentage of the corresponding ensemble mean response. It 736 

is an estimate of the mean local response amplitude deviation from the CMIP3-737 

ensemble mean response; see text for a definition. The y-axis shows the global 738 

mean Tsurf response difference in percent relative to the corresponding ensemble 739 

mean.  The corresponding scatter plot is done for the 24 SLAB simulations (red 740 

triangles) relative to the 24 SLAB ensemble mean response and for the 5 741 

SLABCMIP3-mean simulations (green crosses) relative to the 5 SLABCMIP3-mean 742 

ensemble mean response. The responses for both the CMIP3 and the SLAB 743 

ensembles are computed as in Fig. 1 and Fig. 5, respectively. 744 

 745 

Figure 9: (a) the RMSE of the 24 CMIP3slabs simulations monthly mean Tsurf 746 

control climatologies relative to the CMIP3slabs ensemble mean Tsurf climatology. 747 

(b) the RMSE of the 24 CMIP3slabs simulations monthly mean Tsurf response 748 

averaged over the year  11 to 20 relative to the CMIP3slabs ensemble mean 749 

response. (c) as (b) but divided by the CMIP3slabs ensemble mean response. (d) as 750 

in (c) but for the CMIP3reduced-ensemble. 751 

 752 

753 
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 754 

Tables 755 

 756 

Table 1: List of simulations discussed in this study. 757 

 758 

Name Number 

of runs 

Scenarios 

(number of 

years) 

Model type Comment 

CMIP3 24 20th (100yrs) 

+A1B(100yrs) 

CGCM 
 

CMIP3reduced-

ensemble 

12 20th (100yrs) 

+A1B(100yrs) 

CGCM The subset of the CMIP3 

ensemble that has the 

matching AGCM to the 

CMIP3slabs ensemble. 

CMIP3slabs 12 Control (30yrs 

to 150yrs) + 

2xCO2 (20yrs) 

AGCM-slab Length of control varies 

SLAB 24 Control 

(70yrs) + 

2xCO2 (50yrs) 

AGCM-slab Control mean Tsurf matching 

the CMIP3 ensemble. 

SLABCMIP3-mean 1 control 

5 2xCO2 

Control 

(250yrs) + 5 

times 2xCO2 

(50yrs) 

AGCM-slab Control mean Tsurf matching 

the CMIP3 ensemble mean. 

 759 

 760 
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 36 

 762 

Table 2: CMIP3 model simulations. The experiment numbers correspond to 763 

those used in the analysis of the SLAB simulations. 764 

 765 

Experiment 

number 

CMIP3-model Name 

1.  BCCR BCM 2.0 

2.  CCCMA 3.1 (T63) 

3.  CCCMA 3.1 

4.  CNRM 3 

5.  CSIRO MK3.0 

6.  CSIRO MK3.5 

7.  GFDL 2.0 

8.  GFDL 2.1 

9.  GISS AOM 

10.  GISS E-H 

11.  GISS E-R 

12.  IAP FGOALS 1.0g 

13.  INGV ECHAM4 

14.  INM 3.0 

15.  IPSL 4 

16.  MIROC 3.2 hires. 

17.  MIROC 3.2 medres. 

18.  MIUB ECHO-G 
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19.  MPI ECHAM5 

20.  MRI 2.3 2a 

21.  NCAR CCSM 3.0 

22.  NCAR PCM 1 

23.  UKMO HAD 3 

24.  UKMO HADGEM 1 

    766 



Figure 1

a) CMIP3 A1B mean response [2.7K]

b) mean Tsurf RMSE [2.0K] c) response Tsurf RMSE [0.9K]

d) relative Tsurf response RMSE [32%] e) bias vs. response

Figure 1: : (a) CMIP3 ensemble mean response in the A1B scenario (period 2070-2099
minus 1970-1999); (b) Root mean squared error (RMSE) of the 24 CMIP3 simulations
monthly mean Tsurf climatologies relative to the CMIP3 ensemble mean Tsurf climatology
from 1970-1999. (c) RMSE of the 24 CMIP3 simulations monthly mean Tsurf response
in the A1B scenario (mean 2070 to 2099 minus mean 1970-1999) relative to the CMIP3
ensemble monthly mean Tsurf response as shown in (a). (d) the relative response spread
defined as: the result in (c) divided by the results in (a). (e) Correlation between the 24
monthly mean climatologies and the responses. Anomalies for the climatologies are defined
in the same way as for (b) and for the responses they are defined in the same way as for
(c). Numbers in the headings are the global mean values.
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Figure 2

a) mean Tsurf RMSE SLAB vs. CMIP3 b) correlation Tsurf SLAB vs. CMIP3

Figure 2: (a) RMSE between the 24x12 monthly mean Tsurf climatologies of the SLAB and
CMIP3 ensemble. (b) correlation for the same data as in (a).
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Figure 3

a) SLAB mean Tsurf RMSE [1.6K] b) t-values (99%)

Figure 3: (a) Root mean squared error (RMSE) of the monthly mean Tsurf control cli-
matologies as Fig. 1b, but for the 24 SLAB experiments over the last 50yrs of the 70yrs
control run relative to the 24 SLAB ensemble mean climatology. (b) the 99% values of the
cumulative Students t-distribution, testing for a difference in the mean of a 30yrs period
based on the 250yrs SLABCMIP3−mean control annual mean Tsurf variability assuming 15
independent values in the 30yrs period.
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Figure 4

a) Tsurf b) SLP

c) surface albedo d) cloud cover

e) VIWV f) precipitation

Figure 4: (a) The ratio of the RMSE of the control mean for Tsurf climatology (Fig. 3a)
divided by the 99% t-value (Fig. 3b). (b) to (f) as (a) but for (b) SLP, (c) surface albedo,
(d) cloud cover, (e) vertically integrated water vapor and (f) for precipitation. Surface
albedo values are undefined (grey shading) for regions that did not had any surface albedo
variability in the 250yrs SLABCMIP3−mean control simulation.
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Figure 5

a) SLAB mean Tsurf response [4.3K] b) response Tsurf RMSE [0.7K]

c) relative Tsurf response RMSE [16%] d) bias vs. response

e) response SLAB vs. CMIP3

Figure 5: (a) the 24 SLAB ensemble mean response in the 2xCO2 simulations (last 30yrs of
the 50yrs 2xCO2 run minus control mean); (b) response RMSE as in Fig. 1c, but for the
24 SLAB experiments response over the last 30yrs of the 50yrs 2xCO2 experiment relative
to the SLAB ensemble mean response. (c) the relative response spread as in Fig. 1d, but
for the SLAB experiments. (d) Correlation between the 24 monthly mean climatologies
and the responses as Fig. 1e, but for the 24 SLAB experiments. (e) correlation between
the 24x12 monthly mean climatological responses of the SLAB and the CMIP3 ensemble
(responses defined as in (a) and Fig. 1c).
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Figure 6

a) SLABCMIP3−MEAN

b) SLAB exp.1 c) SLAB exp.2 d) SLAB exp.3

e) SLAB exp.4 f) SLAB exp.5 g) SLAB exp.6

h) SLAB exp.7 i) SLAB exp.8 j) SLAB exp.9

k) SLAB exp.10 l) SLAB exp.11 m) SLAB exp.12

Figure 6: (a) SLABCMIP3−mean Tsurf response difference relative to the SLAB ensemble
mean response (as shown in Fig. 5a). Panels (b)-(y) as (a) but for each of the 24 SLAB en-
semble members. Shading indicates regions with the T-test value beyond the 99% confidence
interval.
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Figure 6 continued

n) SLAB exp.13 o) SLAB exp.14 p) SLAB exp.15

q) SLAB exp.16 r) SLAB exp.17 s) SLAB exp.18

t) SLAB exp.19 u) SLAB exp.20 v) SLAB exp.21

w) SLAB exp.22 x) SLAB exp.23 y) SLAB exp.24

Figure 6: Continued.
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Figure 7

a) global mean Tsurf SLABCMIP3−MEAN b) global mean Tsurf SLAB ensemble
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Figure 7:(a) global mean Tsurf time series of the 5 SLABCMIP3−mean control and 2xCO2

simulations relative to the control global mean. The shaded regions mark the interval of
±2 standard deviations of the control (blue) and 2xCO2 (red) ensemble. The thick solid
lines mark control (blue) and 2xCO2 (red) ensemble mean. (b) as (a), but for the 24 SLAB
simulations.
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Figure 8
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Figure 8: Scatter plot of the CMIP3 models climate sensitivity for the A1B-scenario (blue
circles). The x-axis shows a measure of regional differences in the warming pattern in
percentage of the corresponding ensemble mean response. It is an estimate of the mean
local response amplitude deviation from the CMIP3-ensemble mean response; see text for a
definition. The y-axis shows the global mean Tsurf response difference in percent relative to
the corresponding ensemble mean. The corresponding scatter plot is done for the 24 SLAB
simulations (red triangles) relative to the 24 SLAB ensemble mean response and for the 5
SLABCMIP3−mean simulations (green crosses) relative to the 5 SLABCMIP3−mean ensemble
mean response. The responses for both the CMIP3 and the SLAB ensembles are computed
as in Fig. 1 and Fig. 5, respectively.
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Figure 9

a) mean Tsurf RMSE [1.7K] b) response Tsurf RMSE [0.9K]

c) CMIP3slabs relative spread [28%] d) CMIP3reduced−ensemble relative spread
[31%]

Figure 9: (a) the RMSE of the 24 CMIP3slabs simulations monthly mean Tsurf control
climatologies relative to the CMIP3slabs ensemble mean Tsurf climatology. (b) the RMSE
of the 24 CMIP3slabs simulations monthly mean Tsurf response averaged over the year 11
to 20 relative to the CMIP3slabs ensemble mean response. (c) as (b) but divided by the
CMIP3slabs ensemble mean response. (d) as in (c) but for the CMIP3reduced−ensemble.
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