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Abstract 9 

 Better constraining the continental climate response to anthropogenic forcing is 10 

essential to improve climate projections. In this study, pattern scaling is used to extract, from 11 

observations, the patterned response of sea surface temperature (SST) and sea-ice 12 

concentration (SICE) to anthropogenically dominated long-term global warming. The SST 13 

response pattern includes a warming of the tropical Indian Ocean, the high northern latitudes, 14 

and the western boundary currents. The SICE pattern shows seasonal variations of the main 15 

locations of sea ice loss. These SST/SICE response patterns are used to drive an ensemble of 16 

the atmospheric general circulation model NCAR/CAM5 (National Center for Atmospheric 17 

Research Community Atmosphere Model 5) over the period 1980-2010, along with a 18 

standard "AMIP" ensemble using observed SST/SICE. The simulations enable attribution of 19 

a variety of observed trends of continental climate to global warming. On the one hand, the 20 

warming trends observed in all seasons across the entire Northern Hemisphere extratropics 21 

result from global warming, as well as the snow loss observed over the northern mid-latitudes 22 

and northwestern Eurasia. On the other hand, 1980-2010 precipitation trends observed in 23 

winter over North America and in summer over Africa result from the recent decreasing 24 

phase of the Pacific Decadal Oscillation and the recent increasing phase of the Atlantic 25 
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Multidecadal Oscillation, respectively, which are not part of the global warming signal. The 26 

method holds promise for near-term decadal climate prediction, but as currently framed 27 

cannot distinguish regional signals associated with oceanic internal variability from aerosol 28 

forcing and other sources of short-term forcing. 29 

 30 

1. Introduction 31 

 It is known that imposing observed sea surface temperature (SST) and sea-ice 32 

concentration (SICE) in an atmospheric general circulation model (AGCM) –– the so-called 33 

"AMIP" methodology –– determines much of that model's circulation and land surface 34 

temperature variability, even in the absence of additional radiative forcing (e.g. Gates 1992; 35 

Lau 1997; Hoerling et al. 2008; Deser and Phillips 2009; Compo and Sardeshmukh 2009; 36 

Bichet et al. 2011). For example, coupled ocean-atmosphere general circulation models 37 

(AOGCM) have difficulty reproducing observed multidecadal continental climate trends in 38 

part because they have difficulty capturing observed SST trends on these timescales (e.g. 39 

Shin and Sardeshmukh 2011). The strong control of continental climate by variations in SST 40 

operates via atmospheric advection (e.g. Compo and Sadershmuck, 2009) and via driving of 41 

atmospheric teleconnections. Precipitation variations in North America have been linked to 42 

multidecadal variability in SSTs associated with the Atlantic Multidecadal Oscillation 43 

(AMO) and the Pacific Decadal Oscillation (PDO; e.g. McCabe et al. 2004; Schubert et al. 44 

2004; Seager et al. 2005; Wang et al. 2009; Dai 2013). In addition, much of the Sahel drying 45 

observed in the second half of the twentieth century results from variations in the North 46 

Atlantic and Indian Ocean SSTs (e.g., Giannini et al. 2003; Hoerling et al. 2006; Zhang and 47 

Delworth, 2006; Ting et al. 2009). In the tropics, El Niño–Southern Oscillation (ENSO) is 48 

also known to cause tropical droughts and floods on interannual timescales, and SST 49 

variations in other tropical basins have previously been linked to dramatic climate variations 50 
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in various regions including Europe (e.g. Fletcher and Kushner 2013; Bichet et al. 2014). 51 

More recently, interest has grown in the role of sea ice variations and trends in controlling 52 

lower latitude climate (e.g Screen and Simmonds 2010; Deser et al. 2015). 53 

 Ocean surface variability (including variations in sea ice) arises from a variety of 54 

sources including 55 

1. Internal climate variability; 56 

2. Variability on the global scale driven by long-term radiative forcing from well mixed 57 

greenhouse gases and from the global-mean impact of natural and anthropogenic 58 

forcing. As described below, we will assume that long-term radiative forcing is 59 

dominated by the effect of global warming (GW) from greenhouse gases; 60 

3. Regional variability driven by short-term forcings such as aerosols and ozone 61 

depleting substances; and 62 

4. Coupled and nonlinear variability such as feedback driven amplification, non-additive 63 

responses to the different sources of variability listed above, and driving originating 64 

from land-atmosphere-ocean coupling. 65 

 While most of these effects are challenging to predict, model, and estimate 66 

empirically, previous literature suggests that the GW signal is relatively strong and can 67 

potentially be estimated from observations and climate simulations (e.g. Santer et al. 1990; 68 

Hoerling et al. 2011; Mohino et al. 2011; Tebaldi and Arblaster 2013). In this study, we 69 

estimate the patterned GW component of ocean surface variability (including sea ice 70 

variability) from observations, using a simple statistical method based on pattern scaling 71 

(Santer et al. 1990; Tebaldi and Arblaster 2013). By construction, the resulting pattern 72 

represents a multidecadal variation coherent with the low frequency component of global 73 

mean SSTs. We then use this GW pattern to drive an AGCM and analyse its continental 74 

climate response, as a complement to the classical AMIP approach.  75 
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This approach was originally proposed as a method of decadal prediction of the 76 

forced continental response to climate change. Hoerling et al. (2011) used this method to 77 

predict the forced component of the decadal mean (2011-2020) changes in temperature and 78 

precipitation over North America. Bichet et al. (2015) evaluated several aspects of the 79 

method1, using a perfect model testing framework that is described below, and showed that 80 

the estimation method captures a significant fraction of the forced SST trend pattern. The 81 

current study aims to improve on the method of Bichet et al. (2015) and apply this approach 82 

by using it to survey regional aspects of climatic trends over the past three decades. We 83 

illustrate the potential of the method for quantitative attribution of regional climate trends to 84 

forced SST trends, which sets the stage for using the method to carry out decadal prediction 85 

on regional scales. 86 

 After describing the observational datasets (Section 2a) and the AMIP and other 87 

simulations used (Section 2b), we update the method of Hoerling et al. (2011) and Bichet et 88 

al. (2015) to derive a time-varying estimate of the sea surface temperatures (SST) and sea ice 89 

concentration (SICE) response to GW (Section 2c). While in Bichet et al. this estimate was 90 

purely observationally based, here we bring in some information from climate models on the 91 

time dependence of GW. We then compare the SST/SICE pattern associated with GW (called 92 

SGW) with recent observed variability (SObs; Section 2d) over the 1980-2010 period. Focusing 93 

on regions and seasons where the AMIP simulations forced with SObs reproduce reliably the 94 

observed trends, we then use the ensemble forced with SGW to attribute various aspects of the 95 

observed trends to GW as opposed to other drivers such as internal climate variability. We 96 

first focus on the thermal response of the Northern Hemisphere in all seasons (Section 3a), 97 

                                                           
1 Bichet et al.’s (2015) terminology was different from that used here, although the 
methodology is very similar. In particular, what we here call the GW component of the 
climate response was called the "anthropogenically forced" component in Bichet et al. We 
made this change to more clearly distinguish the GW response from the response to short-
term forcings from anthropogenic aerosols and other sources.   
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before investigating the hydroclimate response in the three following examples: winter snow 98 

cover at high northern latitudes (Section 3b), winter precipitation in North America (Section 99 

3c), and summer precipitation in Africa (Section 3d). We conclude with a brief discussion of 100 

extensions of the method (Section 4). 101 

2. Method and Dataset 102 

a. Observational datasets 103 

 Monthly global SST and SICE are derived from the National Centre for Atmospheric 104 

Research (NCAR) observational product (Hurrell et al. 2008, hereafter "Hurrell"), which is a 105 

merged product based on Version 1 of the Hadley Centre SST and SICE dataset (HadISST1) 106 

and Version 2 of the National Oceanic and Atmospheric Administration (NOAA) weekly 107 

optimal interpolation. It covers the time period from 1870-2012 on a one-degree grid. It is the 108 

standard driving dataset used in the NCAR AGCM simulations, and its SST 20th century 109 

trend map agrees well with the 20th century trend map that is obtained with all the 110 

observational SST datasets tested in Solomon and Newman (2012) after statistical correction 111 

accounting for sampling of ENSO variability.  112 

 Land surface temperature is from Version 4 of the Climatic Research Unit of the 113 

University of East Anglia (CRU) monthly, 1850-Present, global land surface temperature 114 

anomalies product (Jones et al. 2012, hereafter “CRUTEM4”). Precipitation is from Version 115 

3.21 of the CRU monthly, 1901-2012 gridded precipitation product (Harris et al. 2014, 116 

hereafter “CRU TS3.21”), which has global coverage excluding Antarctica. Due to relatively 117 

large uncertainties in observation-based estimates of gridded Northern Hemisphere snow 118 

water equivalent (SWE), we examine two such data sets, each covering the 1981-2010 period 119 

at daily frequency. The first is the National Aeronautics and Space Administration (NASA) 120 

MERRA reanalysis (Rienecker et al. 2011).  The second is the GlobSnow product (Takala et 121 

al 2009; http://www.globsnow.info/), which is based on combined information from satellite 122 

http://www.globsnow.info/
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passive-microwave observations and local weather station data. Note that GlobSnow does not 123 

report values in regions of complex topography (i.e. alpine regions).  MERRA SWE has been 124 

shown to correlate well with other reanalysis-based SWE products, and GlobSnow serves as a 125 

more empirically based product which still has reasonable agreement with other analyses 126 

(Mudryk et al. 2015). We derive snow cover fraction (SCF) for each data set from the daily 127 

values of SWE, setting SCF to 1 when daily SWE is higher than 4 mm and to 0 otherwise. 128 

The monthly SCF calculated in this manner represents the fraction of the month when each 129 

grid cell is snow-covered. 130 

b. Models and experiments 131 

 As in Bichet et al. (2015), we evaluate the pattern-scaling method used to derive SGW 132 

in a perfect model framework based on the NCAR Community Earth System Model 133 

(CESM1, Version 1.1.1alpha01g) large initial condition ensemble (Kay et al. 2015). CESM1 134 

includes the Community Atmosphere Model 5 (CAM5, nominally one-degree finite volume 135 

grid, tag f09), the Community Land Model 4 (CLM4), the Community Ice Code 4, and the 136 

Parallel Ocean Program 2 (CICE4 and POP2, nominally one-degree Greenland dipole grid, 137 

tag g16). Thirty-five realizations are evaluated covering the time period 1920-2012. Each 138 

realization is forced with identical time-dependent prescriptions for well-mixed greenhouse 139 

gases, ozone, aerosols, volcanic emissions and solar variability consistent with the Coupled 140 

Model Intercomparison Project Phase 5 (CMIP5) protocol (Taylor et al. 2012). These 141 

prescriptions are the standard data sets provided by NCAR. They represent estimates of 142 

historical values up until 2005 and follow the 8.5Wm-2 Representative Concentration 143 

Pathway from 2006 to 2012. Thirty members were initially produced at NCAR; since the 144 

publication of Bichet et al. (2015), five more members were produced at the University of 145 

Toronto using Compute Canada's SciNet facility. 146 
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 The AGCM that we use contains the same atmosphere/land components as the 147 

coupled model described above but at coarser resolution (CAM5/CLM4 Version 1.0.4, 148 

nominally 2 degree grid, tag f19). The same radiative forcing is prescribed in the AGCM as 149 

in the coupled model. SST and SICE are prescribed in two different ways as described in 150 

Section 2d; we perform two 10-member ensembles (one with each scenario described in 151 

Section 2d) covering the time period 1980-2010 and forced with identical atmospheric 152 

radiative forcings as the CESM1 integrations. All AGCM realizations are derived from a 153 

January 1975 climate state taken from a 'parent run' starting in 1970.  154 

 We derive the GW temporal signal g(t), described in the next subsection, from 1900-155 

2040 CMIP5 SSTs (26 models, one historical realization per model, see Table 1) driven with 156 

the same radiative forcing prescription as the CESM1 historical integrations (Taylor et al. 157 

2012). This represents a departure from Bichet et al. (2015), in which, following the method 158 

of Hoerling et al. (2011), we derived the GW temporal signal g(t) from 1900-2008 observed 159 

SSTs. As compared to Bichet et al. (2015), this choice leads to a less linear evolution of g(t) 160 

in the historical period (compare solid and dashed red curves in Figure 1) due to the 161 

accelerated increase of CMIP5 SSTs between 2012 and 2040. The advantage of this approach 162 

is that it allows us to consistently extend the framework to support work in progress on 163 

decadal prediction of the forced component of climate variability. As in Bichet et al. (2015), 164 

the spatial pattern of the GW is still derived from observations. 165 

c. Generating SGW: Method updates from Bichet et al. (2015) 166 

 The time-varying estimate of the sea surface temperatures (SST) and sea ice 167 

concentration (SICE) response to GW that is used to force the model is called SGW. It is 168 

developed using the Bichet et al. (2015) pattern scaling method, which is updated here with 169 

slightly different notation and terminology (see Footnote 1). As in Bichet et al. (2015), we 170 

generate SGW  using the classical pattern scaling method (e.g. Santer et al. 1990; Tebaldi and 171 
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Arblaster 2013), that consists of multiplying a time-invariant spatial pattern by a temporal 172 

pattern. Here, the temporal pattern g(t) is understood to represent the timing of GW. It is 173 

derived over the time period 1900-2040 from the CMIP5 multi model mean global mean, 174 

annual mean SSTs, smoothed using a cubic spline function (see Bichet et al. 2015 and solid 175 

curves in Figure 1). The time-invariant spatial pattern h(x) represents the spatial pattern of the 176 

SST/SICE response to GW. It is obtained by linearly regressing Hurrell SST/SICE on g(t) 177 

separately for each calendar month, over the time period 1900-2012. The full, time varying 178 

SGW data is obtained for the time period 1900-2040, by multiplying g(t) with h(x) (i.e. 179 

forming the product g(t)h(x)) before adding the climatological mean Hurrell SST/SICE. In 180 

this study, we only use SGW over the period 1980-2010 and in future work we will consider 181 

the time period up to 2040. As illustrated in Figure 1, the temporal pattern g(t) consists of a 182 

slowly varying rate of anthropogenic greenhouse warming, modulated by effects such as 183 

aerosol forcing and internal variability. The method assumes that the pattern of the SST/SICE 184 

response to GW is time invariant and linearly coherent with g(t). Hence, SGW represents 185 

neither the response to regional-scale short-term forcings, nor the anthropogenic impact on 186 

oceanic internal variability. 187 

 By testing the method with the CESM1 large initial condition ensemble, Bichet et al. 188 

(2015) estimate that about 56% of the spatial variability of the h(x) pattern in SST can be 189 

captured by this approach, with the remainder attributed to other sources of SST/SICE 190 

variability along the lines described in the Introduction. In this Section, we test the four 191 

following method updates to improve this estimate. Using the same CESM1 evaluation 192 

framework as in Bichet et al.,  we 1) lengthen the period of estimation of g(t) from 1900-2008 193 

of Bichet et al. (2015) to 1900-2012; 2) better account for seasonality by obtaining separate 194 

patterns of h(x) for each calendar month (instead of directly computing h(x) from annual 195 

mean SSTs as in Bichet et al.); 3) avoid setting non-statistically significant values of h(x) in 196 
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SGW to zero to generate more physically representative patterns (unlike in Bichet et al.); 4) 197 

simplify the method by not applying the temporal filtering of data prior to regression (high-198 

pass filtering in Bichet et al.). 199 

 As in Bichet et al. (2015), we evaluate the impact of these changes by applying the 200 

method to the CESM1 large initial condition ensemble described in Section 2b. We treat the 201 

large ensemble as representative of observed variability and test whether a forced pattern h(x) 202 

can be captured from our statistical approach. Figure 2a shows the spatial correlation between 203 

global SSTs h(x) computed from each of the 30 members of the CESM1 large ensemble, and 204 

global SSTs h(x) computed from the ensemble mean, excluding each time the ensemble 205 

member being tested. The averaged correlation in Figure 2a1 is about 0.75, indicating that in 206 

the CESM1 large ensemble, over 1920-2005, on average 56% of the spatial variance of the 207 

computed h(x) is coherent with the spatial variance of the ensemble mean h(x). We interpret 208 

this as meaning a single (pseudo)observation captures about half of the model’s forced long-209 

term signal. The averaged correlation increases to 0.80 (64%) when the time period is 210 

increased (Figure 2a2), and further to 0.85 (72%) when non-significant values are not set to 0 211 

(Figure 2a3). Not applying the time filtering of Bichet et al. 2015 has little effect (Figure 212 

2a4), and the annual mean results are also not sensitive to first breaking down the h(x) 213 

estimate into monthly means (Figure 2a5). Therefore, we conclude that the three changes 214 

improve the original method by removing more of the non-GW signal from h(x), improving 215 

its overall spatial distribution, and accounting for seasonal changes. As an additional check, 216 

the previous tests used the original 30 members of the large ensemble from Bichet et al. 217 

(2015). Using 35 instead of 30 members also has very little effect on the tests (Figure 2a6). 218 

As shown in Figure 2b, the centered root mean square error of h(x) decreases by a total of 219 

about 0.2 with the method updates discussed above.  220 
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Similarly, Figure 3a shows a seasonal breakdown of the spatial correlation between northern 221 

hemisphere SICE h(x) computed from each of the 35 members of the CESM1 large 222 

ensemble, and northern hemisphere SICE h(x) computed from the ensemble mean, excluding 223 

each time the ensemble member being tested. According to Figure 3a (1-4), the averaged 224 

correlation is about 0.85 for the January-February-March mean (JFM), 0.83 for the April-225 

May-June mean (AMJ), 0.93 for the July-August-September mean (JAS), and 0.96 for the 226 

October-November-December mean (OND), with a larger range of correlation coefficients 227 

for JFM and AMJ than for JAS and OND. This indicates that in the CESM1 large ensemble, 228 

over 1920-2012, on average 72, 69, 87, and 92% of the spatial variance of the computed h(x) 229 

is coherent with the spatial variance of the ensemble mean h(x), for JFM, AMJ, JAS, and 230 

OND, respectively. According to Figure 3b (1-4), the centered root mean square error of h(x) 231 

is about 0.8 for JFM and AMJ and 0.45 for JAS and OND. Therefore, we conclude that for 232 

SICE, the method removes more of the non-GW signal from h(x) and produces a more 233 

consistent spatial distribution of h(x) in Summer and Fall than in Winter and Spring, which is 234 

expected due to the large internal variability of SICE during Winter.  235 

d. SST and SICE forcing datasets for AGCM simulations 236 

 In Section 3, we will compare an ensemble of CAM5 AGCM simulations forced with 237 

observed SST/SICE (referred to as "AMIP") to an ensemble forced with SGW (referred to as 238 

"GW") derived from pattern scaling in SST and SICE. We first compare the AMIP and GW 239 

SST/SICE driving fields to each other by calculating simple linear trend maps. Figure 4 240 

shows the annual-mean SST linear trends (°C per decade over 1980-2010) taken from SObs 241 

(Figure 4a, showing trends for the Hurrell SST used for the AMIP ensemble), SGW (Figure 4b, 242 

used for the GW ensemble; this map represents h(x) times the linear trend in g(t) over the 243 

1980-2010 period), and the trend in SObs minus the trend in SGW (Figure 4c). There are few 244 

appreciable changes in the pattern across the season in SST trends. Similarly, Figure 5 shows 245 
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a seasonal breakdown of the SICE trends (% per decade over 1980-2010) for the SICE used 246 

in the AMIP and GW ensembles. While Figures 4a and 5a illustrate recent observed 247 

variability in SST and SICE, Figures 4b and 5b represent the regional structure of the pattern 248 

of warming and sea ice loss associated, according to this estimation method, with long-term 249 

global warming. Observed AMIP SSTs (Figure 4a) show a warming trend over the high 250 

northern latitudes (+0.6 °C per decade on average in the Greenland Sea and the North Sea), 251 

the western Pacific Ocean (+0.3 °C per decade on average) and the tropical Indian Ocean 252 

(+0.2 °C per decade on average), and a cooling trend over the eastern Pacific Ocean and the 253 

Southern Ocean (-0.2 °C per decade on average). In the Atlantic and Pacific Oceans, the 254 

observed trends show a pattern that resembles the negative phase of the PDO and the positive 255 

phase of the AMO respectively. In agreement with Bichet et al. (2015) and previous studies 256 

(e.g. Lu et al. 2008; Ting et al. 2009; Xie et al. 2010; Mohino et al. 2011; Wu et al. 2012), our 257 

estimated SST response to global warming (Figure 4b) shows an average warming of +0.2 °C 258 

per decade in the tropical Indian Ocean, the South Atlantic and southern Indian Ocean (60W-259 

120E; 60S-45S), the northern North Pacific Ocean, the Arctic and subarctic oceans and the 260 

northern and southern mid-latitudinal coasts (including the western boundary currents). The 261 

map displays no evident pattern related to known modes of oceanic internal variability (in 262 

these regions, SST trends from SGW are smaller in magnitude than 0.1 °C per decade). 263 

Globally, the observed trends (+0.98 °C per decade) are somewhat warmer than the GW 264 

trends (+0.85 °C per decade) by about +0.15 °C per decade, and show a larger inter-265 

hemispheric difference (+0.62 °C per decade over the Northern Hemisphere and -0.42 °C per 266 

decade over the Southern Hemisphere). These differences (Figure 4c) illustrate the role of 267 

oceanic internal variability and/or that part of the anthropogenic response that does not scale 268 

simply with anthropogenic global warming, in modulating the SST response to global 269 

warming between 1980 and 2010. In particular, the dominant signal is warming of the 270 
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Northern Hemisphere (mostly due to North Atlantic and North Pacific warming) and an 271 

overall cooling of the Southern Hemisphere (mostly due to Southern Ocean cooling). 272 

 Regarding sea ice, the Hurrell dataset shows for 1980-2010 a summer and autumn 273 

sea-ice loss over the Beaufort Sea, Chukchi Sea, Leptev Sea, and Baffin Bay, and a winter 274 

and spring sea-ice loss over the Okhotsk Sea, Labrador Sea, and Leptev Sea (Figure 5a). In 275 

agreement with previous studies (e.g. Park et al. 2015), our estimated SICE response to 276 

global warming (Figure 5b) shows a similar pattern to the observations in summer, but not in 277 

autumn (no sea-ice loss over the Chukchi Sea and Beaufort Sea), nor in winter and spring 278 

(sea-ice growth over the Okhotsk Sea). We conclude that most of the summer and autumn 279 

sea-ice loss observed at high northern latitudes is coherent with the long term GW signal, but 280 

that the autumn (winter and spring) sea-ice loss observed over the Chukchi Sea and Beaufort 281 

Sea (Okhotsk Sea) is not coherent with the long-term GW signal, that is, it does not satisfy 282 

simple pattern scaling. This is that part of the recent rapid sea ice decline that reflects both 283 

anthropogenic short-term forcing, internal variability, and nonlinearities. Note also that the 284 

winter and spring sea-ice growth detected in the GW signal over the Okhotsk Sea appears to 285 

be related to a spurious artefact in the Hurrell sea-ice dataset, that we are currently 286 

investigating. It is not consistent with the spatial and seasonally averaged SSTs in the region, 287 

and likely does not represent a true global warming signal. Changes to estimates of sea ice 288 

over the pre- and post-satellite period will change the appearance of these patterns. It is 289 

unlikely that this issue will significantly affect the particular regional hydroclimate trends 290 

discussed here. 291 

In the AMIP approach (as well as in two-tier dynamical seasonal forecasting), an 292 

ensemble of simulations forced with observed sea surface temperature and sea ice should 293 

satisfactorily capture continental climate signals if 1) these signals are controlled by signals 294 

in SSTs and/or sea ice, 2) the model is able to capture the physical processes involved, 3) the 295 
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signals are statistically robust, and 4) the observed SST, sea ice, and continental data is 296 

accurate and representative. Acknowledging this, we focus on regions and seasons where the 297 

CAM5 AMIP ensemble is at least qualitatively consistent with 90% significant observed 298 

trends over the period 1980-2010, and where a simple measure of response signal strength 299 

within the ensemble is satisfied (Section 3). While we will find several cases where these 300 

criteria appear to be satisfied, we acknowledge counterexamples in our survey: for example, 301 

our simulations do not reproduce recent statistically significant summer drying observed in 302 

California and European precipitation trends (not shown). While we cannot evaluate the 303 

various reasons why such mismatches occur within the scope of the paper, the intention here 304 

is to demonstrate the potential utility of our method of comparing the AMIP and GW signals, 305 

in anticipation of ongoing improvements in models and in observational data, and improved 306 

understanding of the control of climatic signals by SSTs and sea ice. 307 

 308 

3. Results 309 

 In the focus regions and seasons where AMIP results are consistent with statistically 310 

significant observed trends, we compare the AMIP and GW ensemble means, attributing their 311 

similarities to the pattern-scaled global warming response and their differences to the other 312 

sources of variability that need to be evaluated on a case-by-case basis. 313 

a. Northern Hemisphere surface temperature response 314 

 Figure 6 shows the linear trends in January-February-March (Figure 6a) and July-315 

August-September (Figure 6b) surface temperature (1980-2010) over the Northern 316 

Hemisphere (30-90N) for observations, for the AMIP ensemble mean, for the GW ensemble 317 

mean, and for AMIP minus GW. The gray shading highlights areas where the statistical 318 

significance of the trends, computed using the student t-test, is below 90%. To illustrate the 319 

consistency of trends across each ensemble, the AMIP and GW ensemble means shown in the 320 
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Figures 6 to 10 are reproduced in the Appendix, but with gray shading to highlight areas 321 

where the respective ensemble signal-to-noise, defined as the ensemble mean across each 322 

realisation's trend divided by the ensemble standard deviation across each realisation's trend, 323 

is less than one. According to Figure 6, observed surface temperatures warm on average by 324 

+0.5 °C per decade over the entire Northern Hemisphere in both seasons. This is the case in 325 

all seasons (not shown). The warming reaches up to +1.4 °C per decade over Eurasia (Figure 326 

6a) in winter. Most of the observed trends are reproduced in the AMIP and the GW ensemble 327 

means. According to AMIP minus GW panels in the right-hand column, the AMIP ensemble 328 

mean generally shows trends similar to the GW ensemble mean except in northwestern North 329 

America where it is colder by up to 2°C per decade, which is consistent with the idea of a 330 

slowdown in this warming over the recent period (e.g. Dai et al. 2015). Finally, Figure 6d 331 

shows that the GW ensemble mean only partially reproduces the warming simulated in 332 

autumn over the Chukchi Sea and the Beaufort Sea (AMIP trends are warmer than the 333 

observations by about 0.6 °C, not shown). 334 

 We conclude that most of the continental warming observed over the past 30 years in 335 

the Northern Hemisphere results from global warming, which in this framework is interpreted 336 

as forced by the continental response to greenhouse-gas driven oceanic warming. In winter, 337 

we find that winter cooling simulated in AMIP and to some extent observed over 338 

northwestern North America cannot be attributed to pattern-scaled global warming; Figure 4 339 

suggests, in agreement with previous studies (e.g. Mudryk et al. 2013), that the SST internal 340 

variability, in particular the decreasing phase of the PDO, plays a major role.  341 

b. Hydrological response 342 

1) Winter snow at high northern latitudes 343 

 Figure 7 shows the trends in winter snow water equivalent (SWE) over the high 344 

northern latitudes as observed in GlobSnow (Figure 7a) and MERRA (Figure 7b), and as 345 
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simulated in the AMIP (Figure 7c) and the GW (Figure 7d) ensemble means. Figure 7e shows 346 

AMIP minus GW. According to Figure 7a-b, both observations show SWE loss over 347 

northwestern Eurasia. However, while GlobSnow shows an increasing SWE trend over the 348 

eastern mid-latitudes of North America and eastern Eurasia, MERRA shows a decreasing 349 

SWE trend in these regions. The AMIP ensemble mean (Figure 7c) agrees qualitatively with 350 

both observations over northwestern Eurasia, but only with GlobSnow over the eastern mid-351 

latitudes of North America. According to Figure 7d and 7e, only the SWE loss observed over 352 

northwestern Eurasia is attributable to GW. On the other hand, the SWE increase observed 353 

over the eastern mid-latitudes of North America in GlobSnow may stem from oceanic 354 

internal variability and/or anthropogenic forcing not related to global warming. This 355 

increasing SWE trend, seen only in the GlobSnow product, may also point to an error in the 356 

MERRA observational product or an issue with how SWE in this region is represented in the 357 

models. 358 

 Figure 8 is identical to Figure 7 for snow cover fraction (SCF). According to Figure 359 

8a-b, both observations show a SCF decrease of up to -10 % per decade along the Eurasian 360 

mid-latitudes, and a SCF increase along the western coast of North America. However, 361 

GlobSnow shows a SCF increase over central  North America that is not seen in MERRA, 362 

and MERRA shows a snow cover loss over North American mid-latitudes that is not seen in 363 

GlobSnow. The AMIP ensemble mean (Figure 8c) agrees qualitatively with both 364 

observations in northwestern Eurasia and to some extent over the Eurasian mid-latitudes and 365 

the western coast of North America, but only with MERRA over the  North American mid-366 

latitudes. An examination of Figure 8d and Figure 8e indicates that most of the snow cover 367 

loss observed over the mid-latitudes (on in MERRA in case of North America) are 368 

attributable to GW, but not the SCF increase observed along the western coast of North 369 

America. We conclude that the winter SCF reduction observed over the past 30 years along 370 



16 
 

the Eurasian and North American mid-latitudes results from global warming, but that the SCF 371 

increase observed along the western coast of North America results from remaining sources 372 

of ocean surface variability. Taken together, Figures 4 and 8 are consistent with previous 373 

studies (e.g. Mudryk et al. 2013), that SST internal variability, in particular the decreasing 374 

phase of the PDO, plays a major role in increasing the observed SCF over the western coast 375 

of North America. Our results also highlight large differences in estimated trends from 376 

differing observational snow products. 377 

2) Winter precipitation in North America 378 

 Figure 9 shows the trends in winter precipitation over North America (mm 379 

accumulated over the season per decade) as observed in CRU (Figure 9a) and as simulated in 380 

the AMIP (Figure 9b) and the GW (Figure 9c) ensemble means. Figure 9d shows AMIP 381 

minus GW. According to Figure 9a, observations show a precipitation decrease over the 382 

southern coast of Alaska, the southeastern coast of North America, western  North America 383 

and Mexico (up to -50 mm per decade in California and Florida), and a precipitation increase 384 

along the Appalachian Mountains and parts of British Columbia. According to Figures 9b and 385 

9c, most of the observed trends are reproduced in the AMIP ensemble mean but not in the 386 

GW ensemble mean. In agreement with previous studies (e.g. Hoerling et al. 2008; Deser et 387 

al. 2014), our estimated North American winter precipitation response to pattern scaled 388 

global warming (Figure 9c) shows a precipitation decrease over western Canada and an 389 

increase over Alaska. According to Figure 9d, the precipitation pattern anomaly (AMIP 390 

minus GW) is very similar to the AMIP pattern (Figure 9b). 391 

 We conclude that over the past 30 years, almost none of the winter precipitation 392 

trends observed over North America can be attributed to pattern-scaled GW. Figure 4 393 

suggests, in agreement with previous studies (e.g. McCabe et al. 2004), that the decreasing 394 

phase of the PDO, which could be internally generated or externally (Smith et al. 2016), plays 395 
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a major role in driving the North American winter precipitation trends, thereby "hiding" the 396 

global warming signal. In addition, note that the increasing precipitation trend over the 397 

eastern mid-latitudes of North America observed in CRU and simulated in the AMIP 398 

ensemble and in AMIP minus GW, is consistent with snow cover trends discussed in Section 399 

3a, and might be related to North Atlantic variability (Mudryk et al. 2013). 400 

3)  Summer precipitation in Africa 401 

 As a final illustration of the potential value of this approach, Figure 10 shows the 402 

summer precipitation trends over Africa in the same format as Figure 9. According to Figure 403 

10a, observations show a precipitation increase on average of +40 mm per decade over the 404 

Sahel. According to Figures 10b, most of this pattern is reproduced in the AMIP ensemble 405 

mean, albeit slightly shifted northward. In agreement with previous studies (Bader and Latif 406 

2003; Hoerling et al. 2006), our estimated African summer precipitation response to global 407 

warming (Figure 10c) shows a precipitation increase on average of +20 mm per decade over 408 

central and eastern Sahel (within 15-20N) and a precipitation decrease on average of -20 mm 409 

per decade over western Sahel and the Gulf of Guinea. According to Figure 10d, the 410 

precipitation pattern difference is mostly positive (on average +20 m per decade) over the 411 

western Sahel and the Gulf of Guinea, consistent with GW driving reduced precipitation or 412 

relatively weak increases in precipitation compared to recent observed trends.  413 

 We argue here based on previous studies (e.g. Hoerling et al. 2006; Zhang and 414 

Delworth 2006; Ting et al. 2009 and 2011), that SST variability associated with the 415 

increasing phase of the AMO, which could be internally generated or externally forced, is 416 

playing a major role in driving the African summer precipitation trends. The increasing phase 417 

of the AMO is associated with an SST increase to the north of the equator relative to the 418 

south, a northward shifted ITCZ and a summertime precipitation increase over the Sahel (e.g. 419 

Zhang and Delworth 2006; Ting et al. 2009; Caminade and Terray 2010; Ting et al. 2011). 420 
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These same SST trend signatures are apparent in Figure 4a which shows a strong warming 421 

over the North Atlantic (on average +0.3 °C per decade) that contrasts with a slight cooling 422 

(on average -0.1 °C per decade) over the South Atlantic. The expected summer precipitation 423 

increase over the Sahel associated with these SST trends can be deduced in the observations 424 

shown in Figure 10a and is directly simulated by our model as shown in Figure 10b. The 425 

observed trends contrast with the previous 30 years (1950-1980), when the strong summer 426 

drying observed over the Sahel (not shown) was associated with a strong cooling over the 427 

North Atlantic relative to the South Atlantic and the decreasing AMO (e.g. Hoerling et al. 428 

2006; Zhang and Delworth, 2006; Ting et al. 2009 and 2011). 429 

 Although our estimate of the summer precipitation response to global warming agrees 430 

with some previously published work (Bader and Latif 2003; Hoerling et al. 2006), it 431 

contrasts with others (e.g. Held et al. 2005; Biasutti and Giannini 2006; Caminade and Terray 432 

2010; Mohino et al. 2011). These latter studies predict a precipitation decrease over the Sahel 433 

and increase over the Gulf of Guinea, which they associate to a global warming pattern of 434 

SSTs. According to previous studies (e.g. Bader and Latif 2003; Hoerling et al. 2006, Mohino 435 

et al. 2011), our estimate corresponds to a precipitation pattern usually associated with a 436 

warming in the Indian Ocean: The Indian Ocean warming increases subsidence over the 437 

western part of West Africa thereby increasing precipitation over eastern Africa and 438 

decreasing it over western Africa. 439 

The disagreement between our estimate of African summer precipitation response to 440 

global warming and other estimates may result from model differences. For example, our 441 

model may respond too strongly to Indian Ocean warming. Alternatively, this disagreement 442 

may result from differences between our observationally based estimate of the SST response 443 

to global warming and those derived from coupled ocean-atmosphere GCMs. For example, 444 

our GW estimate shows less warming in the tropical Pacific and tropical Atlantic (Figure 4) 445 
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as compared to the estimate in Figures 2a and 2e from Mohino et al. (2011). A more 446 

complete decomposition of the response to regional SST changes is required to better explain 447 

these differences in the estimated GW signal. 448 

4. Discussion 449 

 Our study uses a simple statistical method to estimate the global warming pattern of 450 

observed SST and SICE; this method has been updated for this study relative to Bichet et al. 451 

(2015). Using a large initial condition ensemble as a testbed for the updated method, we find 452 

that the estimation method is expected to capture more than 70% of the variance of the spatial 453 

pattern of GW in observed SSTs, and between 70 and 90% in observed SICE depending on 454 

the season. Using the global warming pattern as a SST/SICE boundary condition in an 455 

AGCM simulation framework, we are able to attribute important aspects of observed 456 

continental trends to the pattern-scaled response to global warming (GW). The continental 457 

climate trends associated with the GW driving include a Northern Hemisphere warming in all 458 

seasons, winter snow loss in northwestern Eurasia, and to some extent east African 459 

precipitation. In those regions where the AMIP simulations capture observed trends, but the 460 

GW response is distinct, we gain insight into how GW might reinforce or oppose trends 461 

arising from other sources. Furthermore, our study highlights large differences across 462 

different observational snow products that require careful interpretation of regional 463 

hydroclimate trends related to snow cover. Note that despite using a very different 464 

methodology than the one used in Deser et al. (2015), both studies reach the conclusion that 465 

the internally generated component of winter SAT trends in North America is largely 466 

dynamically induced, whereas the forced component is primarily thermodynamically 467 

controlled (e.g. changes in SSTs). Whereas the approach used in Deser et al. (2015) is purely 468 

statistical and might suffer from potential biases in simulated SSTs and SICE, it presents the 469 

advantage of removing a very large sample of internal variability. On the other hand, our 470 
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approach suffers from internal variability contamination, but presents the advantage of being 471 

more dynamical oriented and uses observed patterns of SSTs. 472 

 With the two sets of prescribed SST/SICE simulations analyzed here, we are not in a 473 

position to directly diagnose continental trends not coherent with pattern-scaled GW. For 474 

example, we expect that the origin of trends in the AMO might involve a combination of 475 

short-term regional forcing from aerosol effects (e.g. Booth et al. 2012) and internal 476 

variability (e.g. Ting et al. 2009). Broadly, in this study we are not able to discriminate the 477 

many effects influencing ocean surface variability listed in the introduction apart from GW, 478 

including short-term natural and anthropogenic forcings, nonlinearities, etc. To extend the 479 

study, it is therefore necessary to design additional experiments isolating these different 480 

factors. Extensions we are currently designing include separate sea ice loss and SST warming 481 

experiments, decomposition of the SST signal into separate regions (e.g. isolate the Pacific or 482 

Atlantic Ocean), changes to radiative forcing, and repetition of these simulations with other 483 

AGCMs. 484 

 The results of this study are encouraging for its use in near-term decadal prediction. 485 

Following Hoerling et al. (2011), we extrapolate g(t) into the future by making use of the 486 

projections from the CMIP5 archive. The more realistic pattern of warming would allow us, 487 

in regions and seasons where the prescribed SST/SICE model is evaluated to be reliable, to 488 

predict the regional scale continental response to global warming. Additional experiments 489 

could be conceived to evaluate the impacts of internal variability, short-term aerosol forcing, 490 

ozone forcing, etc.. Such experiments would also give insight into the timing of the 491 

emergence of the global warming signal from internal variability. One might ask, for example 492 

when the impact of global warming dominates oceanic decadal internal variability and 493 

regional aerosol responses in African summer and North American winter precipitation 494 
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trends. Here again, model uncertainty could also be estimated by carrying out these 495 

experiments with multiple AGCMs.  496 
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Table 1. The 26 CMIP5 models used in this study, distinguishing the models including some 640 

representation of the indirect aerosol effect.  641 

 642 

Modelling Centre Model Indirect aerosol effect included: 
Using aerosol emissions instead 
of aerosol optical depth 

CSIRO-BOM ACCESS1-3 YES 
ACCESS1-0 YES 

CCCma CanESM2 YES 
CNRM-
CERFACS 

CNRM-CM5 YES 

CSIRO-QCCCE CSIRO-Mk3-6-0 YES 
NASA-GISS GISS-E2-H YES 

GISS-E2-R YES 
MOHC (additional 
realizations by 
INPE 

HadGEM2-ES YES 
HadGEM2-CC YES 

IPSL IPSL-CM5A-LR YES 
IPSL-CM5A-MR YES 
IPSL-CM5B-LR YES 

MRI MRI-CGCM3 YES 
NCC NorESM1-M YES 

NorESM1-ME YES 
INM inmcm4 YES 
MIROC MIROC5 YES 
NSF-DOE-NCAR CESM1-CAM5 YES 
 CESM1-BGC NO 
BCC bcc-csm1-1 NO 

bcc-csm1-1-m NO 
NCAR  CCSM4 NO 
MPI-M MPI-ESM-LR NO 

MPI-ESM-MR NO 
CMCC CMCC-CMS NO 
FIO FIO-ESM NO 
 643 
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Figure Caption List 644 

Figure 1. Annual-mean, global-mean SST anomalies (degrees C, black curves) and 645 

associated g(t) (red curve) taken from Hurrell over 1900-2008 (dashed curves, identical to 646 

Bichet et al. 2015), and from the CMIP5 multimodel mean over 1900-2040 (solid curve). 647 

Anomalies are with the respect to the mean of the common period (1900-2008). The vertical 648 

blue line represents the cutoff for the analysis period. 649 

Figure 2. (a) Centered spatial correlation coefficient between h(x) computed from 30 650 

members of the CESM1 large ensemble, and h(x) computed from the ensemble mean 651 

excluding the ensemble member being tested. (1) h(x) is computed for annual mean, global 652 

SSTs over 1920-2005 (identical to Figure 4b from Bichet et al. 2015). (2) is identical to (1) 653 

but h(x) is computed over 1920-2012. (3) is identical to (2) but non-significant h(x) are not 654 

set to 0 (No 0). (4) is identical to (3) but no filtering is applied prior to regression (No 0, no 655 

filt). (5) is identical to (4) but h(x) is obtained separately for each calendar month prior annual 656 

averaging (No 0, no filt, mon). (6) is identical to (5) but uses 35 ensemble members (0, no 657 

filt, mon, 35). (b) as (a) for centered root mean square error. 658 

Figure 3. Centered spatial correlation coefficient between h(x) computed from 35 members 659 

of the CESM1 large ensemble, and h(x) computed from the ensemble mean excluding the 660 

ensemble member being tested. h(x) is computed for seasonal mean, northern hemisphere 661 

SICE over 1920-2012, non-significant h(x) are not set to 0, no filtering is applied prior to 662 

regression, and h(x) is computed for each month prior the seasonal averaging. (1) is averaged 663 

over JFM, (2) over AMJ, (3) over JAS, and (4) over OND. (b) as (a) for centered root mean 664 

square error. 665 

Figure 4. Linear trends in annual-mean  SST (degrees C per decade) over 1980-2010 for a) 666 

Hurrell (AMIP) SST, b) GW SST, and c) AMIP minus GW. 667 
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Figure 5. Seasonal sea-ice fraction trends (% per decade) over 1980-2010 for a) Hurrell 668 

(AMIP) SICE and b) GW SICE. 669 

Figure 6. a) January-February-March and b) July-August-September  Northern Hemisphere 670 

surface temperature trends (degrees C per decade) over 1980-2010 for CRUTEM4, AMIP, 671 

GW, and AMIP minus GW. The gray shading is for regions where the statistical significance 672 

as described in the text is less than 90%. 673 

Figure 7. January-February-March SWE trends (cm per decade) over 1980-2010 for a) 674 

GlobSnow, b) MERRA, c) AMIP, d) GW, and e) AMIP minus GW. The gray shading is for 675 

regions where the statistical significance as described in the text is less than 90%. 676 

Figure 8. Same as Figure 7 for January-February-March SCF trends (% per decade). 677 

Figure 9. January-February-March land precipitation trends (mm per decade, total 678 

precipitation over the season) over 1980-2010 for a) CRU, b) AMIP, c) GW, and d) AMIP-679 

GW. The gray shading is for regions where the statistical significance as described in the text 680 

is less than 90%. 681 

Figure 10. Same as Figure 9 for July-August-September land precipitation trends (mm per 682 

decade, total precipitation over the season). 683 
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Figures 693 

 694 

 695 

Figure 1. Annual-mean, global-mean SST anomalies (degrees C, black curve) and associated 696 

g(t) (red curve) taken from Hurrell over 1900-2008 (dashed curves, identical to Bichet et al. 697 

2015), and from the CMIP5 multimodel mean over 1900-2040 (solid curves). Anomalies are 698 

with the respect to the mean of the common period (1900-2008). The vertical blue line 699 

represents the cutoff for the analysis period. 700 

 701 
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 704 
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 706 

Figure 2. (a) Centered spatial correlation coefficient between h(x) computed from 30 707 

members of the CESM1 large ensemble, and h(x) computed from the ensemble mean 708 

excluding the ensemble member being tested. (1) h(x) is computed for annual mean, global 709 

SSTs over 1920-2005 (identical to Figure 4b from Bichet et al. 2015). (2) is identical to (1) 710 

but h(x) is computed over 1920-2012. (3) is identical to (2) but non-significant h(x) are not 711 

set to 0 (No 0). (4) is identical to (3) but no filtering is applied prior to regression (No 0, no 712 

filt). (5) is identical to (4) but h(x) is obtained separately for each calendar month prior annual 713 

averaging (No 0, no filt, mon). (6) is identical to (5) but uses 35 ensemble members (0, no 714 

filt, mon, 35). (b) as (a) for centered root mean square error. 715 

 716 

 717 

 718 
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 719 

Figure 3. Centered spatial correlation coefficient between h(x) computed from 35 members 720 

of the CESM1 large ensemble, and h(x) computed from the ensemble mean excluding the 721 

ensemble member being tested. h(x) is computed for seasonal mean, northern hemisphere 722 

SICE over 1920-2012, non-significant h(x) are not set to 0, no filtering is applied prior to 723 

regression, and h(x) is computed for each month prior the seasonal averaging. (1) is averaged 724 

over JFM, (2) over AMJ, (3) over JAS, and (4) over OND. (b) as (a) for centered root mean 725 

square error. 726 
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 732 

Figure 4. Linear trends in annual-mean SST (degrees C per decade) over 1980-2010 for a) 733 

Hurrell (AMIP) SST, b) GW SST, and c) AMIP minus GW. 734 
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 746 

Figure 5. Seasonal sea-ice fraction trends (% per decade) over 1980-2010 for a) Hurrell 747 

(AMIP) SICE and b) GW SICE. 748 
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 760 

Figure 6. a) January-February-March and b) July-August-September  Northern Hemisphere 761 

surface temperature trends (degrees C per decade) over 1980-2010 for CRUTEM4, AMIP, 762 

GW, and AMIP minus GW. The gray shading is for regions where the statistical significance 763 

as described in the text is less than 90%. 764 
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 777 

 778 

 779 

Figure 7. January-February-March SWE trends (cm per decade) over 1980-2010 for a) 780 

GlobSnow, b) MERRA, c) AMIP, d) GW, and e) AMIP minus GW. The gray shading is for 781 

regions where the statistical significance as described in the text is less than 90%. 782 
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 791 

 792 

Figure 8. Same as Figure 7 for January-February-March SCF trends (% per decade). 793 
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 806 

 807 

 808 

Figure 9. January-February-March land precipitation trends (mm per decade, total 809 

precipitation over the season) over 1980-2010 for a) CRU, b) AMIP, c) GW, and d) AMIP-810 

GW. The gray shading is for regions where the statistical significance as described in the text 811 

is less than 90%. 812 
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 820 

 821 

Figure 10. Same as Figure 9 for July-August-September land precipitation trends (mm per 822 

decade, total precipitation over the season). 823 

 824 
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