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Abstract 22 

Assessing uncertainty in future climate projections requires understanding both internal climate 23 
variability and external forcing. For this reason, single-model initial condition large ensembles 24 
(SMILEs) run with Earth System Models (ESMs) have recently become popular. Here we 25 
present a new 20-member SMILE with the Energy Exascale Earth System Model version 1 26 
(E3SMv1-LE), which uses a ‘macro’ initialization strategy choosing coupled atmosphere/ocean 27 
states based on inter-basin contrasts in ocean heat content (OHC). The E3SMv1-LE simulates 28 
tropical climate variability well, albeit with a muted warming trend over the 20th century due to 29 
overly strong aerosol forcing. The E3SMv1-LE’s initial climate spread is comparable to other 30 
(larger) SMILEs, suggesting that maximizing inter-basin ocean heat contrasts may be an efficient 31 
method of generating ensemble spread. We also compare different ensemble spread across 32 
multiple SMILEs, using surface air temperature and OHC. The Community Earth system Model 33 
version 1, the only ensemble which utilizes a ‘micro’ initialization approach perturbing only 34 
atmospheric initial conditions, yields lower spread in the first ~30 years. The E3SMv1-LE 35 
exhibits a relatively large spread, with some evidence for anthropogenic forcing influencing 36 
spread in the late 20th century. However, systematic effects of differing ‘macro’ initialization 37 
strategies  are difficult to detect, possibly resulting from differing model physics or responses to 38 
external forcing. Notably, normalization appears to affect ensemble spread: the control 39 
simulations for most models have either large background trends or multi-centennial variability 40 
in OHC. This spurious disequlibrium behavior is a substantial roadblock to understanding both 41 
internal climate variability and its response to forcing. 42 
 43 

Plain Language Summary 44 

Large year-to-year variations in climate can arise due to chaos in the climate system, and as a 45 
result ‘large ensemble’ sets of climate model simulations have become a popular way to estimate 46 
the magnitude of those random variations. A new ensemble with the Energy Exascale Earth 47 
System Model version 1 is presented here, where the simulations have been started with as wide 48 
a range of amounts of heat contained in different oceans as possible. This allows a large spread 49 
across ensemble members, even with relatively few simulations. However, it is hard to say if this 50 
is the absolute ‘best’ way of creating an ensemble, since many models have unrealistic trends in 51 
ocean heat content that lead to problems with calculating the differences between ensemble 52 
spreads. 53 

1 Introduction 54 

Although current-generation climate models agree on many aspects of future climate change 55 
(Flato et al. 2014), the representation of climate variability and extreme events remains a 56 
challenge (e.g. Stevenson et al. 2021). This has implications for models’ capacity to represent 57 
many quantities with significant impacts on human and natural systems: recent examples of 58 
significant events include the 1999-present drought in the western US (Williams et al. 2020), 59 
widespread wildfires over the West Coast during summer 2020 (Migliozzi et al. 2020), and 60 
marine ecosystem impacts from the 2015-16 El Niño event (Brainard et al. 2018) and the 2014-61 
16 Northeast Pacific marine heat wave (Di Lorenzo & Mantua 2016; Capotondi et al., 2022). 62 
Much of these observed variations in marine and terrestrial climatic conditions arises from 63 
“internal climate variability” (e.g. Deser et al. 2020); that is, variability arising from stochastic 64 
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variations in climate in the absence of any external influence, including random variations in 65 
daily weather and large-scale, slowly evolving climate modes both within the atmosphere (e.g. 66 
the Pacific-North American pattern and North American Oscillation) and involving atmosphere-67 
ocean coupled dynamics (e.g. the El Niño/Southern Oscillation, or ENSO).  68 
 69 
Understanding the magnitude of both forced trends and internal variability is crucial for 70 
accurately quantifying the risks of climate-driven extremes (Deser et al. 2020, Huang and 71 
Stevenson, 2021, Xu et al. 2022). The two are additionally likely not independent: as 72 
anthropogenic climate impacts progress during the 21st century, modulations in background 73 
conditions are expected to modify both the processes operating during natural low-frequency 74 
climate variability (see examples in the Pacific by Joh and Di Lorenzo, 2017; Liguori and Di 75 
Lorenzo, 2018; Joh et al., 2021) and the associated impacts (Fasullo et al. 2018). This has 76 
motivated the rise in popularity of ‘large ensembles’ in recent years: sets of multiple (typically 77 
20 or more) simulations with a given climate model, varying only the initial conditions. An 78 
increasing number of modeling centers have chosen to run large ensembles (Kay et al. 2015, 79 
Otto-Bliesner et al. 2016, Rodgers et al. 2015, Maher et al. 2019, among others); 80 
intercomparisons of these so-called Single Model Initial-Condition Large Ensembles (SMILEs) 81 
might greatly enhance the accuracy of climate-driven risk quantification as well as advancing 82 
understanding of physical drivers of inter-model changes (Deser et al. 2020, Mankin et al. 2020). 83 
 84 
Strategies for SMILE creation vary but generally fall into one of two categories: “micro” 85 
initialization, where each ensemble member starts with the same initial state apart from a small 86 
(typically roundoff-order) perturbation made to one model component (typically the 87 
atmosphere); and “macro” initialization, where each ensemble member is initialized with an 88 
entirely different atmosphere-land-ocean state (typically derived from the model’s pre-industrial 89 
control simulation). The Community Earth System Model Version 1 (CESM1) Large Ensemble 90 
used micro initialization for most of its members (Kay et al. 2015), although a few were later run 91 
using varying ocean initial conditions (Kim et al. 2018). Most ensembles now rely on macro 92 
initialization, typically involving a quasi-random selection of initial states from an unforced 93 
control run of the corresponding model (e.g. Golaz et al. 2019, Maher et al. 2019). How a 94 
model’s initialization strategy connects to the resulting spread across its ensemble members 95 
(analogous to internal variability), however, has not been well studied to date. Likewise, the 96 
possible role of temporally varying external influences from anthropogenic forcing on ensemble 97 
spread remains poorly understood. Here we present initial results from a new SMILE using the 98 
Energy Exascale Earth System Model version 1 (E3SMv1), and contrast with existing SMILE 99 
results to begin examining these questions. 100 

2 E3SMv1 Model 101 

In this study, we used the E3SMv1, the first version of the U.S. Department of Energy’s flagship 102 
Earth system model (Golaz et al., 2019). Designed to make climate projections on scales relevant 103 
for energy applications, the E3SM has a higher resolution than many other models of its class, 104 
and a sophisticated representation of aerosol physical (MAM4 aerosols) and microphysical 105 
properties (CLUBB with MG2; Wang et al. 2020). The ‘standard resolution’ E3SM version 1 106 
(Golaz et al. 2019) used in the present study has a 1° resolution for the atmosphere and land, an 107 
0.5° resolution river model, and a variable-resolution ocean/sea ice model ranging from 60 km 108 
(midlatitudes) to 30km (equator/poles). Portions of the model are descended from the 109 
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Community Earth System Model (CESM1), most notably the atmospheric component, which 110 
was branched from the Community Atmosphere Model version 5.3 (CAM5.3) but extensively 111 
modified thereafter. Changes from CAM include substantially finer vertical resolution and much 112 
more detailed aerosol microphysical schemes, which lead to large differences in cloud/aerosol 113 
interactions in both stratiform and shallow cumulus regimes (Rasch et al. 2019). The ocean, sea 114 
ice, and river components of E3SM are all new models, while the land component is based on 115 
the Community Land Model version 4.5 (CLM4.5) but with more complex hydrology and soil 116 
biogeochemistry parameterizations. A full description of E3SMv1 model physics is available in 117 
Golaz et al. 2019 and references therein describing the component models. 118 
 119 
The overall performance of E3SMv1 has likewise been previously assessed (Golaz et al. 2019). 120 
This model reproduces historical climate features well, with mean-state biases comparable to 121 
other models of its class (e.g. equatorial Pacific cold biases, overly strong trade winds). The 122 
Atlantic Meridional Overturning Circulation is somewhat too weak in this model, as compared 123 
with other Coupled Model Intercomparison Project phase 6 (CMIP6) simulations. Additionally, 124 
E3SM has a known bias toward overly cold global mean temperatures early in the 20th century, 125 
with overly strong warming in the late 20th/early 21st (Golaz et al. 2019). This is thought to 126 
result from a tendency for strong aerosol-driven radiative forcing.  127 
 128 
The E3SMv1 Large Ensemble (E3SMv1-LE) follows a configuration that is similar to the 129 
historical E3SMv1 simulations run for CMIP6, apart from a few additional updates. These 130 
experiments are consistent with the CMIP6 Diagnosis, Evaluation, and Characterization of 131 
Klima (DECK) historical specifications for time-varying greenhouse gas concentrations, 132 
anthropogenic and volcanic aerosol emissions, and land use/land cover changes. The time period 133 
for all simulations is 1850-2015, consistent with simulations submitted as the DECK for CMIP6. 134 
E3SMv1-LE experiments differ from the CMIP6 E3SMv1 simulations only in the choice of 135 
timestep and the corresponding representation of horizontal mixing and the coefficients on 136 
momentum transport in the ocean. Additionally, many of the simulations also include code in the 137 
ocean component of the model allowing aggregation of terms in the ocean heat budget, such that 138 
regional closure of the budget is possible.  139 

3 E3SMv1-LE Configuration: Inter-Basin Macro Initialization 140 

A total of 20 simulations were run for the E3SMv1-LE. All simulations were branched off the 141 
1850 pre-industrial control, providing an equilibrated set of initial states. We employed an 142 
initialization strategy based on upper-ocean heat content (OHC) to choose the appropriate initial 143 
state for each ensemble member, which is hereafter referred to as an “inter-basin” macro 144 
initialization due to its reliance on the relationship between ocean basin states. This approach 145 
bears some similarity to the strategy used by the HadGEM3-GC3.1 and UKESM1 ensembles run 146 
for CMIP6 (Sellar et al. 2022), but focuses on OHC rather than sea surface temperature. To 147 
maximize the intra-ensemble spread, we conducted a multi-basin analysis of OHC to identify 148 
those atmosphere/ocean states most distinct from one another, which were then selected as initial 149 
states. OHC integrated over the top 300 meters (OHC300) was used to take advantage of the 150 
longer memory of OHC relative to SST while remaining focused on the upper portion of the 151 
ocean. 152 
 153 
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Figure 1a and 1b show the correlation maps between 8-year lowpass OHC300 at each gridpoint 154 
and the leading principal component (PC) of 8-year lowpass OHC300, where the PCs have been 155 
determined separately for the Pacific Ocean (PCP hereafter) and the Atlantic Ocean PC1 (PCA 156 
hereafter), from the 500-year E3SMv1 PI control run. The patterns of PCP and PCA are spatially 157 
distinct, with PCP showing a larger loading in the Pacific and PCA a larger loading in the 158 
Atlantic, as expected. The independence of these modes is tested using the lead-lag correlation 159 
between PCA and PCP for lags of +/- 10 years, which shows insignificant correlations with 160 
maximum values of roughly 0.2 (not pictured). We note that the low correlation between Atlantic 161 
and Pacific OHC variability presents some contrast with previous work suggesting dynamical 162 
linkages between these basins (Dong 2006, Zhang & Delworth 2007, McGregor et al. 2014, 163 
Zanchettin et al. 2016). While it is most likely the case that there are indeed physical 164 
relationships between low-frequency variation in the Atlantic and the Pacific operative in 165 
E3SMv1, our results suggest that the amount of variance in upper-ocean heat content explained 166 
by inter-basin influences is relatively low on centennial timescales. Thus, the assumption of 167 
independence for PCA and PCP seems to be a reasonable one. 168 
 169 
The PCP-PCA phase space was used to select specific restart years from the PI control (Figure 170 
1c). 20 points were chosen along the PI control’s trajectory in phase space to be evenly 171 
distributed within the rectangle bounded by the 5th and 95th percentiles of PCA (x-axis) and 172 
PCP (y-axis). Additionally, the restart years were limited since restart files were saved only 173 
every 5 years in the PI control run. Therefore, the phase space points corresponding to the restart 174 
file closest to the desired sample points were chosen as the initial conditions (Figure 1c). 175 

 176 
FIGURE 1: Analysis underlying the E3SMv1-LE initialization method. Correlation maps between 8-year 177 
lowpass OHC300 and (a) the leading PC of 8-year lowpass OHC300 in the Pacific basin (1st PCP), (b) the 178 

leading PC of 8-year lowpass OHC300 in the Atlantic basin (1st PCA) for the 500-year E3SMv1 PI control. 179 
(c) Phase diagram of 1st PCA and 1st PCP. The blue dots show the positions within phase space as a function 180 

of time. The red stars show the locations of initial conditions used for ensemble generation in phase space. 181 

 182 

4 E3SMv1-LE Performance 183 

We first investigate the regional structure of surface temperature trends, as well as major modes 184 
of Pacific climate variability, as an assessment of overall model performance (other aspects of 185 
E3SMv1 performance have been presented by Golaz et al. 2019). The global surface temperature 186 
time series is shown in Figure 2a, referenced to the 1880-1909 time period and including 187 
comparison estimates from several observational datasets. E3SMv1 shows a relatively flat 188 
temperature trend between roughly 1850-1970, consistent with previous analyses and most likely 189 
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due to the overly strong influence of anthropogenic aerosol forcing (Golaz et al. 2019, Zhang et 190 
al. 2021). After the 1970s, the global surface temperature recovers rapidly, and the warming 191 
trend from the mid-1970s to 2015 is even more rapid than in observations (Figure 2a). 192 
 193 
There appears to be substantial regional variation in the time series behavior of surface 194 
temperature. Figures 2b-d show that North America, the North Pacific, and the North Atlantic 195 
have distinctly different surface temperature evolutions. While in all three cases, the overall 196 
temperature trend is insignificant through the mid-20th century, the degree of cooling from the 197 
1960s-1980s is much more pronounced over the North Pacific (Figure 2c). The mechanisms for 198 
these differences are not investigated in detail here but may relate to spatially distinct patterns of 199 
aerosol advection, for instance from East Asian sources over the North Pacific (Smith et al. 2016, 200 
Golaz et al. 2019). 201 
 202 

 203 
Figure 2: Area-weighted, spatially averaged time series of annual mean surface air 204 
temperature anomalies (with respect to 1880-1909) from the E3SMv1-LE (20 members) and 205 
observations. a) Global average; b) North America (regionally masked over the continental 206 
surface); c) North Pacific (0-58N, 128-270E); d) North Atlantic (0-68N, 277-357E).  207 
 208 
E3SMv1 also appears able to well capture the overall structure of Pacific climate variability. In 209 
addition to having an ENSO amplitude comparable to observations (Golaz et al. 2019), the 210 
behavior of ‘precursor’ and ‘teleconnection’ patterns are also investigated (Figure 3). This analysis 211 
follows the approach of Zhao et al. (2021), who examined Pacific decadal variability across the 212 
CMIP5 model suite. Here, the ENSO precursor is found as the regression of the NDJ PC1 of Pacific 213 
SST over 5S-5N (hereafter the “NDJ ENSO index”) onto gridpoint SST from the previous JFM 214 
period (Figure 3a,d); the ENSO pattern is the regression onto NDJ SST (Figure 3b,e); and the 215 
ENSO teleconnection pattern is the regression onto SST from the following JFM (Figure 3c,f). 216 
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The spatial structures of both the precursor and teleconnection patterns are similar between E3SM 217 
and observations, albeit with a tendency for E3SM to underestimate the strength of the midlatitude 218 
expression of both (Figure 3d,f). This is consistent with the overall behavior of CMIP-class models 219 
(Zhao et al. 2021).  220 
 221 

 222 

 223 
Figure 3: ENSO precursor, ENSO and ENSO teleconnection patterns. Left column: 224 
Shading: Observational oceanic ENSO precursor, ENSO and ENSO successor patterns 225 
(NOAA ERSST v3). Patterns are obtained by correlating the NDJ ENSO index with (a) SSTa 226 
in JFM, (b) SSTa in OND, and (c) SSTa in the following JFM. Contour: Observational 227 
atmospheric ENSO precursor, ENSO and ENSO successor patterns (NCEP SLP). Patterns 228 
are obtained by correlating NDJ ENSO index with (a) SLPa in JFM, (b) SLPa in OND, and 229 
(c) SLPa in the following JFM. The NDJ ENSO index is defined as the 1st principal 230 
component (PC) of the SST anomalies in November–December-January (NDJ) in the 231 
tropical Pacific (5˚S-5˚N). Right column: same with the left column but for MEM patterns.  232 

 233 

5 Ensemble Spread Evolution Across SMILEs 234 

A key goal of a large ensemble is to capture projected changes in the model’s underlying internal 235 
variability, which requires both a sufficient sample size and sufficient ensemble spread. Here, 236 
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taking advantage of the recent proliferation of SMILEs, we consider the behaviors of ensemble 237 
spread calculated using several representative metrics: 238 

● Surface air temperature 239 
● OHC in the upper ocean (0-400m) 240 

 241 
These metrics provide contrasting information: OHC retains memory on decadal to multidecadal 242 
timescales, so its ensemble spread provides in some sense a ‘robust’ estimate of memory 243 
communicated by initial condition spread, whereas surface air temperature has a shorter 244 
decorrelation timescale but is more directly related to societal impacts of climate variability. 245 
 246 
The Multi-Model Large Ensemble Archive (MMLEA; Deser et al. 2020) was used as the 247 
primary data source for this analysis. All CMIP6-era large ensembles with available OHC output 248 
were included, and the CESM1 and GFDL CM3 large ensemble from the CMIP5 model 249 
generation were also included to provide comparison points with micro-initialized ensembles 250 
(Table 1). The ensemble initialization strategies for the macro ensembles differ somewhat, 251 
although all except E3SMv1 generally apply some form of semi-regular restart spacing 252 
stemming from the PI control run. Details from the relevant description papers for the ensembles 253 
used are summarized as follows: 254 

● CSIRO Mk3.6: restart years chosen at random intervals between 10 and 17 years in length 255 
(Jeffrey et al. 2013) 256 

● IPSL-CM6A-LR: sampled “every 20 or 40 years” from the pre-industrial control 257 
beginning 20 years after the start of the simulation (Boucher et al. 2020) 258 

● CNRM-CM6-1: restarts spaced roughly 10-40 years apart over the first 400 years of the 259 
equilibrated PI control run, method of choosing restart years not specified (Voldoire et al. 260 
2019 Figure 3) 261 

● EC-Earth3: restarts from PI control every 20 years (Döscher et al. 2021) 262 
● GFDL CM3: restarts from five of the GFDL CM3 CMIP5 historical simulations, but 263 

initialized at four different starting years (five members each starting in 1907, 1908, 264 
1909, and 1910), with micro-perturbations applied for each given starting year. Model 265 
years prior to 1920 were discarded as spinup (Sun et al. 2018; Sun, pers. comm.) 266 

 267 
Although the E3SMv1-LE is smaller than these other CMIP6-era ensembles (see Table 1), the 268 
choice to deliberately maximize the distance between initial states has the potential to make up 269 
for this smaller size by introducing spread within the ensemble more efficiently (e.g. Hawkins et 270 
al., 2016). 271 
 272 
 273 
 274 
 275 
 276 
 277 
 278 
 279 
 280 
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 281 
 282 
 283 
 284 
 285 
 286 

Model name Initialization 
method 

Ensemble 
size 

Start 
date 

E3SMv1 Macro-inter 
basin 

20 1850 

CESM1 Micro 40 1920 

CSIRO Mk3.6 Macro 30 1850 

IPSL-CM6A-LR Macro 32 1850 

CNRM-CM6-1 Macro 30 1850 

EC-Earth3 Macro 19 1850 

GFDL CM3 Macro/micro 20 1920 

Table 1: Large ensembles used in this analysis. Ensemble sizes indicate the number of 287 
members used for the present calculations; in most cases this is identical to that provided in 288 
the description paper, but in some cases online data availability increased following 289 
publication (e.g. for EC-Earth3) 290 
 291 
5.1 Surface Air Temperature 292 
We first consider how the ensemble spread in surface air temperature, hereafter 𝜎	"#$%&'(, 293 
evolves over the course of each model’s historical simulation. This quantity is calculated for 294 
each model by computing the standard deviation across all ensemble members as a function of 295 
time, for the surface air temperature averaged over different regions of interest: 296 

(1) 𝑇𝑆(𝑛, 𝑡) 	= 	 )
*
)
+
∑ ∑ 𝑇𝑆(𝑛, 𝑥, 𝑦, 𝑡)+

,-)
*
.-) 	 ;  297 

 298 

(2) 𝑇𝑆(𝑡) 	= 	 )
/
∑ 𝑇𝑆(𝑛, 𝑡)/
%-) 	 ;  299 

 300 

(3)  𝜎(𝑡)"# 	= 	.
)

/	$	)
∑ /𝑇𝑆(𝑛, 𝑡) − 𝑇𝑆(𝑡)1

0
/
%-) 				   301 

 302 
Equation (1) quantifies the region average TS at each timestep for each ensemble member; 303 
Equation (2) calculates the ensemble mean TS at each timestep given equation (1); Equation (3) 304 
is for the standard deviation of TS at each timestep for the ensemble spread. The output of 305 
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Equation (1) and (2) is depicted in Figure 2. To compare across models that have inherently 306 
different levels of internal variability, we normalize the measure of ensemble spread in (3) by 307 
dividing it by the standard deviation of the regionally averaged surface air temperature time 308 
series derived from the corresponding pre-industrial simulation (referred to as 𝜎"#$12): 309 
 310 

(4) 𝜎(𝑡)	"#$%&'( = 3(5)!"
3($)!"&'(

	 311 

 312 
The results of equation (4) are shown in Figure 4. In all of the above equations, t is the monthly 313 
timestep, n refers to an individual ensemble member, N refers to the number of ensemble 314 
members, (x,y) spatial coordinates, and (X,Y) the total number of grid points in the x and y 315 
dimensions.  316 
 317 
The resulting time series of normalized surface air temperature ensemble spread is shown in 318 
Figure 4. The largest differences between ensembles are seen at the very beginning of the 319 
simulation period (year ~0-10), where the micro-initialized CESM1 ensemble begins with a 320 
much smaller ensemble spread than any of the others. This behavior lasts only for the first few 321 
years, however, beyond which CESM1 reaches a roughly stable equilibrium spread on a similar 322 
order of magnitude as the other, macro-initialized ensembles. 323 
 324 
The relative magnitudes of ensemble spread in surface air temperature appear to be highly 325 
regionally variable. Over the global tropics/mid-latitudes (Figure 4a), the E3SMv1-LE exhibits 326 
one of the largest values of spread consistently throughout the simulation period. However, in 327 
other regions such as the North Atlantic (Figure 4d) and North Pacific (Figure 4c), E3SMv1-LE 328 
falls roughly in the middle of the distribution of SMILEs. This suggests that the method of macro 329 
initialization employed in a given ensemble may not be predictive of the overall level of intra-330 
ensemble spread, since there are no obvious systematic differences between particular macro-331 
initialized ensembles which hold across all regions examined in Figure 4. There may be a role 332 
for the properties of internal modes of climate variability in setting these behaviors, however. For 333 
example, the ensemble ordering appears quite different in the North Atlantic/Pacific relative to 334 
the two tropical regions; in particular, EC-Earth3 exhibits starkly larger spread in the North 335 
Atlantic than any other ensemble, and in the North Pacific both EC-Earth3 and CSIRO Mk3.6 336 
show stronger spread than other models. A complete attribution of these behaviors is beyond the 337 
scope of this study, but the large spread in EC-Earth3 in Figure 4c,d is likely a result of the 338 
strong AMO/AMOC variability documented in this model (Meccia et al. 2022), and similar 339 
effects from North Pacific internal variability may be at play in Figure 4c. 340 
 341 
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 342 

 343 
Figure 4: Time series of ensemble spread (standard deviation across all members as a 344 
function of time) for surface air temperature, averaged over a) the entire globe excluding 345 
the polar regions; b) the tropics; c) the North Pacific; and d) the North Atlantic. Values 346 
have been normalized by the temporal standard deviation of the model’s pre-industrial 347 
control simulation, and are therefore unitless. 348 
 349 
Although the relative ordering of ensemble spread time series changes from region to region, it is 350 
also interesting that the regional spreads within a given ensemble tend to converge to fairly 351 
constant values. This convergence happens within a few years for both micro and macro 352 
ensembles, and the exact value appears to be a unique feature of each ensemble. The CESM1 and 353 
GFDL-CM3 are among the ensembles with the lowest spread for all regions except the tropical 354 
Pacific, which could reflect a tendency for persistent low spread in ensembles which are fully or 355 
partially initialized using micro perturbations. Given the large number of physical differences 356 
among the models used to generate SMILEs, it is not possible to definitively attribute these 357 
lower spreads to the initialization strategy. However, it does appear that employing a macro 358 
initialization approach provides a greater chance of generating large ensemble spread, 359 
particularly within the first few years to decades of the simulation period. 360 
 361 
We next examine lower-frequency variations in surface air temperature ensemble spread, which 362 
might conceivably be more strongly affected by ocean state given that high-frequency internal 363 
atmospheric variability is heavily influenced by synoptic influences and other sources of random 364 
noise. To that end, we apply a 6-year lowpass filter (Zhang et al. 1997) to the surface air 365 
temperature time series and calculate ensemble spread as a function of time (Figure 5). The 366 
tendency for ensemble spread time series to remain roughly constant in most cases is apparent in 367 
the lowpass-filtered calculations, although the ordering of time series differs between Figures 5 368 
and 4. Notable differences between the raw and lowpass-filtered spread include the larger 369 
separation of the GFDL-CM3 ensemble from the other SMILEs; GFDL-CM3 exhibits smaller 370 
lowpass-filtered spread than any other ensemble, across all regions considered in Figure 5. Also 371 
of interest is the fact that CESM1 no longer lies below other SMILEs, even in the first few years 372 
of the simulation period; this likely results from a combination of window effects from the 373 
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bandpass filter masking the initialization ‘shock’ at the beginning of the ensemble, and the large 374 
effect of ENSO on interannual climate variability in this model (e.g. Midhun et al. 2020). 375 
 376 
 377 

 378 
Figure 5: Same as Figure 4, but using 6-year lowpass-filtered values for historical surface 379 
air temperature. A lowpass filter is applied to the model’s PI control simulation prior to 380 
normalization as well. 381 
 382 
Considering the E3SMv1-LE in the context of other macro-initialized SMILEs, the effect of the 383 
inter-basin initialization strategy is once again unclear from Figure 5. E3SMv1 does appear to 384 
have a fairly large lowpass-filtered spread compared with other models, throughout the 385 
simulation period, but is generally not the largest of the SMILEs with the possible exception of 386 
some excursions in the North Atlantic (Figure 5d). As the relative ordering of macro ensembles 387 
again does not exhibit systematic relationships with initialization method, we conclude that 388 
initialization plays only a limited role in setting the degree of spread. 389 
 390 
5.2 Ocean Heat Content 391 
 392 
Any potential influence of initialization strategy is expected to be largest for quantities with 393 
slower timescales of variability. We therefore next examine the ensemble spread in upper ocean 394 
heat content across SMILE output. The depth range, 0-400m, is chosen since the timescale of 395 
equilibration is on the order of several decades, providing sufficient ‘memory’ to indicate 396 
disequilibrium due to ocean spinup; results are qualitatively similar if other upper ocean depth 397 
ranges are used (see Supplementary Figures 1 and 2). Calculation of OHC is performed 398 
according to: 399 
 400 

(5) 𝑂𝐻𝐶(𝑧) 	= 	 𝑐1𝜌 ∫ 𝑇(𝑧)7
8 𝑑𝑧  401 

where T is the ocean potential temperature and z the depth below the ocean surface. 	𝑐1 and 𝜌 are 402 
the heat capacity and density of seawater, respectively. 403 
 404 
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The pattern of OHC over the 1958-2005 period (Figure 6) reveals that all models contain 405 
regionally varying biases compared to observations. Models tend to simulate colder-than-406 
observed conditions in the tropics and to exhibit warm biases in the subtropics and high latitudes, 407 
particularly in the Southern Hemisphere. E3SMv1 shares these tendencies, but has a larger cold 408 
bias in the tropical Pacific than most other models; the warm bias in the high-latitude Southern 409 
Hemisphere is also relatively large, although comparable to the IPSL-CM6A-LR and EC-Earth 410 
3.  411 
 412 
 413 

 414 
 415 

Figure 6: 0-400m OHC difference (panels A to G) from the ORAS5 (panel H) reanalysis (Zuo et al. 2019) for 416 
each of the large ensembles (averaged over all members) (mean value during the 1958-2005 period). Unit for 417 
ocean heat content is ℃*m. All data is regridded to a resolution of 1 degree.  418 
 419 
To examine the spatial patterns of initial ensemble spread at the start of each simulation, we 420 
compute the spatiotemporally varying ensemble mean  (Figure 7) as: 421 
 422 
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(6) 𝑂𝐻𝐶(𝑥, 𝑦, 𝑡) 	= 	 )
/
∑/%-) 	𝑂𝐻𝐶(𝑛, 𝑥, 𝑦, 𝑡) ;  423 

 424 
To isolate the time behavior of ensemble spread, an approach analogous to that applied for surface 425 
temperature is used, where the spatial averages are first computed over a region of interest for each 426 
ensemble member: 427 
 428 
 429 

(7) 𝑂𝐻𝐶(𝑛, 𝑡) 	= 	 )
*
)
+
∑*.-) ∑+,-) 	𝑂𝐻𝐶(𝑛, 𝑥, 𝑦, 𝑡) ;  430 

 431 

(8) 𝑂𝐻𝐶(𝑡) 	= 	 )
/
∑/%-) 	𝑂𝐻𝐶(𝑛, 𝑡) ;  432 

 433 
These may then be used to calculate the standard deviation of OHC across the ensemble (i.e. the 434 
ensemble spread) either as a function of both space and time: 435 

(9)  𝜎(𝑥, 𝑦, 𝑡)9:; 	= 	:
)

/	$	)
∑ ;𝑂𝐻𝐶(𝑛, 𝑥, 𝑦, 𝑡) − 𝑂𝐻𝐶(𝑥, 𝑦, 𝑡)<

0/
%-)    436 

   437 
 438 
or as a regionally-averaged (area-weighted) time series: 439 

 440 

(10)   𝜎(𝑡)9:; 	= 	:
)

/	$	)
∑ ;𝑂𝐻𝐶(𝑛, 𝑡) − 𝑂𝐻𝐶(𝑡)<

0/
%-)  441 

 442 
 443 
As for surface air temperature, to ensure that differences in the magnitude of internal variability 444 
across ensembles do not bias the results, the ensemble spread is finally normalized by the standard 445 
deviation of the regionally averaged OHC in the PI control run from each model. The resulting 446 
metric can be expressed as: 447 
 448 

(11) 𝜎(𝑡)	9:;$%&'( = 3(5))*+
3($))*+&'(

	 449 

 450 
Using the above calculations, we examine 𝜎	9:;  during the first month of the simulations, as a 451 
measure of spread in the initial conditions (Figure 7). The ensembles show large initial OHC 452 
spreads, with one exception: the initial spread of the CESM1 ensemble is nearly zero, as is 453 
expected since this micro ensemble was constructed solely by varying atmospheric initial 454 
conditions. We also note that GFDL CM3 is not included since its various members began at 455 
different times (see above). Interestingly, the high-latitude North Atlantic appears as a region of 456 
strong intra-ensemble spread in several models, particularly the IPSL-CM6A-LR, CNRM-CM6-457 
1, and EC-Earth 3. This likely relates to the magnitude of AMOC variability in these ensembles, 458 
with a potential role for interaction with sea ice. The Kuroshio-Oyashio Extension (KOE) region 459 
also appears as a region with large initial spread, although with smaller magnitude than in the 460 
North Atlantic, except for the E3SMv1 where spread appears large and comparable to EC-461 
Earth3. 462 
 463 
 464 
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 465 
Figure 7: 𝝈	𝑶𝑯𝑪 in initial month of simulation (unit: ℃*m), using OHC averaged within the top 400m for all 466 
ensembles in Table 1. The ensemble starting year, CMIP version, initialization  method, and number of 467 
ensemble members are denoted in the figure labels. Numbers in each panel indicate the area-average of the 468 
heat content  over different regions: black denotes the region [-60S, 60N] [0, 360]; blue is for the region [0, 60N] 469 
[120, 270]; brown for the [0, 60N] [280, 360].  470 
 471 
To examine ensemble spread throughout the simulation period, we next plot 𝜎	9:;$%&'( as a 472 
function of time. This is first evaluated over the global oceans (Figure 8a), where the regions 473 
poleward of 60 degrees have been excluded to prevent complications due to sea ice interactions. 474 
As noted above, CESM1 begins with the smallest initial spread; interestingly, throughout the 475 
simulation period this spread remains lower than any of the macro ensembles, suggesting that the 476 
initial low spread has temporal persistence beyond the first few years. This result is consistent with 477 
previous analyses of CESM ensembles suggesting a significant contribution of ocean initial state 478 
to ensemble spread (Kim et al. 2018). The GFDL-CM3 and IPSL-CM6A-LR have slightly larger 479 
ensemble spread, although less than other models; the other macro ensembles show relatively 480 
stable degrees of spread, but at different overall levels. The E3SMv1-LE appears on the larger end 481 
of the spread estimates, and especially in the latter half of the simulation period is the ensemble 482 
with the largest degree of spread in normalized OHC over 60S-60N.  483 
 484 
 485 
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 486 
Figure 8: 𝝈	𝑶𝑯𝑪0𝒏𝒐𝒓𝒎calculated using 0-400m OHC ensemble spread normalized to the temporal standard 487 
deviation of the model’s PI control. a) Global, excluding high latitudes; b) Tropics; c) North Pacific; d) North 488 
Atlantic. 489 
 490 
 491 
The regional dependence of the OHC ensemble spread is shown in the remaining panels of Figure 492 
8. In the tropical oceans (Figure 8b) the ensemble spread is generally comparable to or slightly 493 
larger overall than the global mean values for most models (see Figure 8a). The causes for this are 494 
as yet unclear, but may relate to coupled modes of tropical climate variability such as ENSO or 495 
the Pacific Decadal Oscillation. The tropics also appear to be the region in which micro 496 
initialization’s effects manifest more strongly, as evidenced by the systematic lower ensemble 497 
spread present in CESM1 and GFDL-CM3 in Figure 8a,b. However, in general it is difficult to 498 
identify systematic patterns in ensemble spread as a function of ensemble initialization strategy, 499 
as the various macro ensembles’ ordering  shifts from region to region. That said, the fact that the 500 
E3SMv1-LE approaches the same magnitude of spread as other SMILEs despite its overall smaller 501 
size again points to the utility of an inter-basin initialization approach in efficiently generating 502 
spread. 503 
 504 
The results of Figure 7 are suggestive of a possible role for external forcing in altering the temporal 505 
evolution of ensemble spread. All ensembles exhibit values of spread which are generally below 506 
1, suggesting that ensemble spread is somewhat smaller than the degree of variability generated 507 
by coupled dynamics in the corresponding pre-industrial control simulation. However, in some 508 
cases, the magnitude of spread changes with time. This is particularly apparent in the North Pacific 509 
and North Atlantic in E3SMv1-LE (Figure 8c,d), where near year 140 (corresponding to simulated 510 
calendar year 1990) there is an abrupt increase in the average ensemble spread. This increase is so 511 
large that by the end of the simulation period, E3SMv1-LE is the model with the largest spread in 512 
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both regions. The onset of this increase in spread coincides temporally with the start of rapid 513 
warming in E3SMv1 (Figure 2c,d), which has a large signature in the North Pacific and North 514 
Atlantic (Figure 2c,d), and suggests that greenhouse warming-driven changes in variability in these 515 
basins may be responsible. Interestingly, the post-1970s warming trend does not appear to be 516 
accompanied by a rise in the ensemble spread in surface temperature (Figure 4); external forcing, 517 
if responsible, appears to be more strongly expressed in ensemble spread as a change in the 518 
accumulation of OHC. 519 
 520 
 521 
5.3 Pre-Industrial Control Normalization 522 
 523 
The use of the pre-industrial control simulations for normalization of ensemble OHC raises the 524 
question of how OHC behaves within those control simulations themselves - a question which has 525 
as yet received relatively little attention. The time series of OHC is therefore shown in Figure 9 526 
for each of the PI control simulations. Several of these simulations appear to be out of equilibrium 527 
through the early portions of the run (CNRM-CM6-1, E3SMv1) or through the entire run (IPSL-528 
CM6A-LR, GFDL-CM3). In some cases, the later portions of the control simulation do appear to 529 
reach a relatively stable equilibrium; this is the case for E3SMv1, CNRM-CM6-1, and CSIRO-530 
Mk3.6.  531 
 532 
Interestingly, centennial-scale oscillations are present in several of the PI control simulations, and 533 
it is unclear whether these are true features of the underlying model or are an artifact of numerical 534 
drift. Some contribution from coupled internal variability is likely at play, as mentioned above; 535 
centennial-scale oscillations in OHC as a result of AMO and/or AMOC variability have been 536 
identified in previous work as well (Meccia et al. 2022). Attempts at normalization using either 537 
‘stable’ subsets of the PI control simulation or using highpass filtering to remove spurious trends 538 
reorder the ensemble spread (not pictured); we therefore conclude that a more rigorous 539 
examination of numerical drift is required to fully characterize the effects of ocean initial 540 
conditions on resulting spread across coupled ensembles. Additionally, given the magnitude of 541 
centennial variability in some models (e.g. EC-Earth3, GFDL-CM3), investigations of the possible 542 
contribution of such low-frequency variability to model behavior over the historical period are 543 
likely necessary. 544 
 545 
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 546 
Figure 9: Time series of 0-400m OHC averaged over 60S-60N, 0-360E, for the pre-industrial control 547 
simulations used to initialize each ensemble. Units are 1010J, and the (arbitrarily defined) time coordinate for 548 
each simulation is used on the x-axis. The difference between the max and min values on the y-axis are 549 
identical across simulations (0.1x1010J) to facilitate visual intercomparison. 550 
 551 

7 Conclusions 552 

This study presents the first large ensemble performed with the E3SMv1, using the low-553 
resolution configuration (nominal 1 degree resolution). To date, 20 simulations have been 554 
completed covering the 1850-2015 period, with extensions to 2100 underway. The E3SMv1 555 
Large Ensemble employs a macro strategy for ensemble initialization, designed to maximize the 556 
intra-ensemble spread; the dominant mode of variability in upper ocean heat content is computed 557 
for the Atlantic and Pacific Oceans in the 1850 pre-industrial control simulation, and restart 558 
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years spanning the Atlantic:Pacific phase space as regularly as possible selected for ensemble 559 
initial conditions. This strategy allows the initial states to attain a wider degree of spread for a 560 
relatively small ensemble size, compared to the commonly employed approach of randomly or 561 
regularly choosing start years from the relevant control simulation.  562 
 563 
The overall performance of the E3SMv1-LE relative to observations is similar to the E3SMv1 564 
CMIP6 contribution, although the two model configurations differ slightly in timestep and 565 
representation of ocean mixing. As for the E3SM CMIP6 simulations (Golaz et al. 2019), the 566 
trend in global surface temperature in E3SMv1 is weaker than observed, with the time series 567 
remaining nearly flat until the late 1970s, after which warming proceeds more rapidly than in 568 
observations. This is most likely related to the known strong sensitivity of E3SMv1 climate to 569 
anthropogenic aerosol emissions, and the spatial structure of temperature behavior confirms: 570 
strong cooling is seen in the mid-20th century in the North Pacific, consistent with the regional 571 
distribution of aerosols over that period. 572 
 573 
Ensemble spread behavior in E3SMv1-LE is contrasted with other CMIP5 and CMIP6-era large 574 
ensembles, taken from the Multi-Model Large Ensemble Archive. When surface temperature is 575 
considered, the majority of models exhibit a spread much less than their corresponding PI control 576 
runs, particularly in the tropics, suggesting that they are all undersampled to at least some extent. 577 
Over the first few simulation years, the micro-initialized CESM1 ensemble shows by far the 578 
smallest spread, but this effect generally disappears later in the simulation period. Additionally, 579 
CESM1 exhibits comparable spread to other macro-initialized ensembles when low-frequency 580 
surface temperature variability is considered. Overall, it is difficult to identify clear signatures of 581 
a specific macro initialization strategy, as the relative magnitudes of ensemble spread vary from 582 
region to region. However, the E3SMv1-LE generally shows spread comparable to (and 583 
regionally sometimes larger than) many other macro ensembles with considerably more 584 
ensemble members, suggesting that choosing ‘maximally independent’ ocean initial states may 585 
lead to more efficient strategies for generating large spread, even in cases where computational 586 
resource limits dictate that the ensemble size must remain smaller than is otherwise desirable. 587 
 588 
Ensemble spread in upper-ocean heat content shows behaviors broadly similar to surface air 589 
temperature across SMILE simulations. The difference between micro and macro initialization 590 
approaches is more obvious, with CESM1 and the hybrid micro-macro GFDL-CM3 ensemble 591 
showing lower spread in globally averaged OHC. However, regional differences in ensemble 592 
spread ordering are substantial, especially between macro ensembles, and obscure the potential 593 
influence of ensemble initialization strategy. The substantial differences in model physics are an 594 
additional complicating factor, which could not be mitigated given the relatively limited 595 
availability of SMILE data. There also appears to be a possible role for external forcing in 596 
altering ensemble spread: in E3SMv1-LE, ensemble spread in the North Atlantic and Pacific is 597 
amplified after the 1980s, which may be an effect of the rapid onset of warming in this model 598 
due to greenhouse gas increases and reductions in anthropogenic aerosol emissions. Influences of 599 
external forcing on internal modes of variability such as the AMO and AMOC, some of which 600 
have previously been identified in coupled model simulations (Ottera et al. 2010, Menary & 601 
Scaife 2014), may also be playing a role. 602 
 603 
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This work may serve as a starting point for further investigation of the optimal strategies for 604 
construction of large ensembles that have a representative spread across their members. Through 605 
the selection of more independent initial ocean states, it may be possible to construct effective 606 
ensembles using relatively fewer members. However, the limited number of models used here 607 
and the lack of capacity to make ‘clean’ comparisons between micro and macro initializations 608 
indicates that further work is needed to definitively identify best practices for ensemble creation. 609 
This work also demonstrates that conclusive evidence on the generation of ensemble spread will 610 
also requite a more thorough understanding of spurious model drift and multi-centennial 611 
variability, as both of these significantly alter the apparent relative degree of spread across 612 
ensemble members in SMILEs. 613 

Acknowledgments 614 

We acknowledge the Multi-Model Large Ensemble Archive (MMLEA) at the National Center for 615 
Atmospheric Research for making multiple climate models’ ensemble members readily accessible. 616 
We also acknowledge the CMIP5 and CMIP6 data portal provided by ESGF enterprise system 617 
(http://esgf-node.llnl.gov). XH, EDL, MN, and SS were supported by the U.S. Department of 618 
Energy, DE-SC0019418. SS was also supported by NSF CAREER, OCE-2142953. TX was funded 619 
by the NOAA Physical Sciences Laboratory through National Research Council (NRC) Research 620 
Associateship Programs. AC was supported by the NOAA Climate Program Office CVP and 621 
MAPP programs. We thank Lantao Sun for discussion of the GFDL CM3 ensemble configuration.  622 
LVR was supported as part of the Energy Exascale Earth System Model (E3SM) project, funded 623 
by the U.S. Department of Energy, Office of Science, Office of Biological and Environmental 624 
Research. 625 
  626 

Open Research 627 

Data from the MMLEA is publicly accessible via the NCAR Climate Data Gateway 628 

(https://www.earthsystemgrid.org/dataset/ucar.cgd.ccsm4.CLIVAR_LE.html). CMIP5 and 629 

CMIP6 data, as well as the E3SMv1 Large Ensemble output, are available via the Earth System 630 

Grid  (http://esgf-node.llnl.gov). 631 

  632 

References 633 

Boucher, O., Servonnat, J., Albright, A. L., Aumont, O., Balkanski, Y., Bastrikov, V., ... & 634 
Vuichard, N. (2020). Presentation and evaluation of the IPSL‐CM6A‐LR climate model. 635 
Journal of Advances in Modeling Earth Systems, 12(7), e2019MS002010. 636 

Brainard, R. E., Oliver, T., McPhaden, M. J., Cohen, A., Venegas, R., Heenan, A., Vargas-637 
Ángel, B., Rotjan, R., Mangubhai, S., Flint, E., & Hunter, S. A. (2018). Ecological 638 
Impacts of the 2015/16 El Niño in the Central Equatorial Pacific, Bulletin of the 639 



manuscript submitted to JAMES 

 

American Meteorological Society, 99(1), S21-S26. Retrieved Jun 25, 2021, from 640 
https://journals.ametsoc.org/view/journals/bams/99/1/bams-d-17-0128.1.xml 641 

Capotondi, A., M. Newman, T. Xu, and E. Di Lorenzo. "An Optimal Precursor of Northeast 642 
Pacific Marine Heatwaves and Central Pacific El Niño Events." Geophysical Research 643 
Letters 49, no. 5 (2022): e2021GL097350. 644 

Deser, C. (2020). “Certain uncertainty: The role of internal climate variability in projections of 645 
regional climate change and risk management”. Earth's Future, 8, e2020EF001854. 646 
https://doi.org/10.1029/2020EF001854 647 

Deser, C., Lehner, F., Rodgers, K.B., Ault, T., Delworth, T.L., DiNezio, P.N., Fiore, A., 648 
Frankignoul, C., Fyfe, J.C., Horton, D.E. and Kay, J.E., 2020. Insights from Earth system 649 
model initial-condition large ensembles and future prospects. Nature Climate Change, 650 
10(4), pp.277-286. 651 

Di Lorenzo, E. and N. Mantua (2016). "Multi-year persistence of the 2014/15 North Pacific 652 
marine heatwave." Nature Climate Change 6(11): 1042-+. 653 

Dong, B., Sutton, R.T. and Scaife, A.A., 2006. Multidecadal modulation of El Niño–Southern  654 
Oscillation (ENSO) variance by Atlantic Ocean sea surface temperatures. Geophysical 655 
Research Letters, 33(8). 656 

Döscher, R., Acosta, M., Alessandri, A., Anthoni, P., Arneth, A., Arsouze, T., ... & Zhang, Q. 657 
(2021). The EC-Earth3 earth system model for the climate model intercomparison project 658 
6. Geoscientific Model Development Discussions, 1-90 659 

Flato, G., Marotzke, J., Abiodun, B., Braconnot, P., Chou, S.C., Collins, W., Cox, P., Driouech, 660 
F., Emori, S., Eyring, V. and Forest, C., 2014. Evaluation of climate models. In Climate 661 
change 2013: the physical science basis. Contribution of Working Group I to the Fifth 662 
Assessment Report of the Intergovernmental Panel on Climate Change (pp. 741-866). 663 
Cambridge University Press. 664 

Golaz, J.C., Caldwell, P.M., Van Roekel, L.P., Petersen, M.R., Tang, Q., Wolfe, J.D., Abeshu, 665 
G., Anantharaj, V., Asay‐Davis, X.S., Bader, D.C. and Baldwin, S.A., 2019. The DOE 666 
E3SM coupled model version 1: Overview and evaluation at standard resolution. Journal 667 
of Advances in Modeling Earth Systems, 11(7), 2089-2129. 668 

Hawkins, E., Smith, R. S., Gregory, J. M., & Stainforth, D. A. (2016). Irreducible uncertainty in 669 
near-term climate projections. Climate Dynamics, 46(11), 3807-3819. 670 

Jeffrey, S., Rotstayn, L., Collier, M., Dravitzki, S., Hamalainen, C., Moeseneder, C., ... & 671 
Syktus, J. (2013). Australia’s CMIP5 submission using the CSIRO-Mk3. 6 model. Aust. 672 
Meteor. Oceanogr. J, 63(1), 1-14. 673 

Joh, Y., E. Di Lorenzo, L. Siqueira and B. Kirtman (2021). "Enhanced interactions of Kuroshio 674 
Extension with tropical Pacific in a changing climate." Nature Scientific Reports 11 675 
(6247). 676 

Joh, Y. and E. Di Lorenzo (2017). "Increasing Coupling Between NPGO and PDO Leads to 677 
Prolonged Marine Heatwaves in the Northeast Pacific." Geophysical Research Letters 678 
44(22): 11663-11671. 679 

Kay, J.E., Deser, C., Phillips, A., Mai, A., Hannay, C., Strand, G., Arblaster, J.M., Bates, S.C., 680 
Danabasoglu, G., Edwards, J. and Holland, M., 2015. The Community Earth System 681 
Model (CESM) large ensemble project: A community resource for studying climate 682 
change in the presence of internal climate variability. Bulletin of the American 683 
Meteorological Society, 96(8), 1333-1349. 684 



manuscript submitted to JAMES 

 

Kim, W.M., Yeager, S., Chang, P. and Danabasoglu, G., 2018. Low-frequency North Atlantic 685 
climate variability in the Community Earth System Model large ensemble. Journal of 686 
Climate, 31(2), 787-813. 687 

Liguori, G. and E. Di Lorenzo (2018). "Meridional Modes and Increasing Pacific Decadal 688 
Variability Under Anthropogenic Forcing." Geophysical Research Letters 45(2): 983-991. 689 

Maher, N., Milinski, S., Suarez‐Gutierrez, L., Botzet, M., Dobrynin, M., Kornblueh, L., ... & 690 
Marotzke, J. (2019). The Max Planck Institute Grand Ensemble: enabling the exploration 691 
of climate system variability. Journal of Advances in Modeling Earth Systems, 11(7), 692 
2050-2069 693 

McGregor, S., Timmermann, A., Stuecker, M.F., England, M.H., Merrifield, M., Jin, F.F. and  694 
Chikamoto, Y., 2014. Recent Walker circulation strengthening and Pacific cooling 695 
amplified by Atlantic warming. Nature Climate Change, 4(10), pp.888-892. 696 

Meccia, V.L., Fuentes-Franco, R., Davini, P., Bellomo, K., Fabiano, F., Yang, S. and von  697 
Hardenberg, J., 2022. Internal multi-centennial variability of the Atlantic Meridional 698 
Overturning Circulation simulated by EC-Earth3. Climate Dynamics, pp.1-18. 699 

Menary, M. B., & Scaife, A. A. (2014). Naturally forced multidecadal variability of the Atlantic  700 
meridional overturning circulation. Climate dynamics, 42, 1347-1362. 701 

Migliozzi, B., S. Reinhard, N. Popovich, T. Wallace and A. McCannSept. September, 24, 2020, 702 
Record Wildfires on the West Coast Are Capping a Disastrous Decade, New York Times, 703 
https://www.nytimes.com/interactive/2020/09/24/climate/fires-worst-year-california-704 
oregon-washington.html 705 

Otterå, O. H., Bentsen, M., Drange, H., & Suo, L. (2010). External forcing as a metronome for  706 
Atlantic multidecadal variability. Nature Geoscience, 3(10), 688-694. 707 

Otto-Bliesner, B.L., Brady, E.C., Fasullo, J., Jahn, A., Landrum, L., Stevenson, S., Rosenbloom, 708 
N., Mai, A. and Strand, G., 2016. Climate variability and change since 850 CE: An 709 
ensemble approach with the Community Earth System Model. Bulletin of the American 710 
Meteorological Society, 97(5), 735-754. 711 

Rodgers, K.B., Lin, J. and Frölicher, T.L., 2015. Emergence of multiple ocean ecosystem drivers 712 
in a large ensemble suite with an Earth system model. Biogeosciences, 12(11), 3301-713 
3320. 714 

Sellar, A.A., Walton, J., Jones, C.G., Wood, R., Abraham, N.L., Andrejczuk, M., Andrews,  715 
M.B., Andrews, T., Archibald, A.T., de Mora, L. and Dyson, H., 2020. Implementation of 716 
UK Earth system models for CMIP6. Journal of Advances in Modeling Earth Systems, 717 
12(4), p.e2019MS001946. 718 

Smith, D.M., Booth, B.B., Dunstone, N.J., Eade, R., Hermanson, L., Jones, G.S., Scaife, A.A.,  719 
Sheen, K.L. and Thompson, V., 2016. Role of volcanic and anthropogenic aerosols in the 720 
recent global surface warming slowdown. Nature Climate Change, 6(10), pp.936-940. 721 

Stevenson, S., Wittenberg, A.T., Fasullo, J., Coats, S. and Otto-Bliesner, B., 2021. 722 
Understanding Diverse Model Projections of Future Extreme El Niño. Journal of Climate, 723 
34(2), 449-464. 724 

Sun, L., Alexander, M., & Deser, C. (2018). Evolution of the global coupled climate response to 725 
Arctic sea ice loss during 1990–2090 and its contribution to climate change. Journal of 726 
Climate, 31(19), 7823-7843 727 

Voldoire, A., Saint‐Martin, D., Sénési, S., Decharme, B., Alias, A., Chevallier, M., ... & 728 
Waldman, R. (2019). Evaluation of CMIP6 deck experiments with CNRM‐CM6‐1. 729 
Journal of Advances in Modeling Earth Systems, 11(7), 2177-2213 730 



manuscript submitted to JAMES 

 

Wang, H., Easter, R.C., Zhang, R., Ma, P.L., Singh, B., Zhang, K., Ganguly, D., Rasch, P.J., 731 
Burrows, S.M., Ghan, S.J. and Lou, S., 2020. Aerosols in the E3SM Version 1: New 732 
developments and their impacts on radiative forcing. Journal of Advances in Modeling 733 
Earth Systems, 12(1). 734 

Xu, T., Newman, M., Capotondi, A., Stevenson, S., Di Lorenzo, E. and Alexander, M.A., 2022.  735 
An increase in marine heatwaves without significant changes in surface ocean 736 
temperature variability. Nature Communications, 13(1), pp.1-12. 737 

Zanchettin, D., Bothe, O., Graf, H.F., Omrani, N.E., Rubino, A. and Jungclaus, J.H., 2016. A  738 
decadally delayed response of the tropical Pacific to Atlantic multidecadal variability. 739 
Geophysical Research Letters, 43(2), pp.784-792. 740 

Zhang, R. and Delworth, T.L., 2007. Impact of the Atlantic multidecadal oscillation on North  741 
Pacific climate variability. Geophysical Research Letters, 34(23). 742 

Zhang, Y., et al. (1997). "ENSO-like interdecadal variability: 1900-93." Journal of Climate  743 
10(5): 1004-1020. 744 

Zhang, K., Zhang, W., Wan, H., Rasch, P.J., Ghan, S.J., Easter, R.C., Shi, X., Wang, Y., Wang,  745 
H., Ma, P.L. and Zhang, S., 2022. Effective radiative forcing of anthropogenic aerosols in 746 
E3SM version 1: historical changes, causality, decomposition, and parameterization 747 
sensitivities. Atmospheric Chemistry and Physics, 22(13), pp.9129-9160. 748 

Zuo, H., Balmaseda, M.A., Tietsche, S., Mogensen, K. and Mayer, M., 2019. The ECMWF 749 
operational ensemble reanalysis–analysis system for ocean and sea ice: a description of 750 
the system and assessment. Ocean science, 15(3), pp.779-808. 751 

 752 
 753 
 754 


