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Abstract: Pan-continental droughts in North America, or droughts that 27 

simultaneously affect a large percentage of the geographically and climatically 28 

distinct regions of the continent, present significant on-the-ground management 29 

challenges and, as such, are an important target for scientific research. The 30 

methodology of paleoclimate-model data comparisons is used herein to provide a 31 

more comprehensive understanding of pan-continental drought dynamics. Models 32 

are found to simulate pan-continental drought with the frequency and spatial 33 

patterns exhibited by the paleoclimate record. They do not, however, agree on the 34 

modes of atmosphere-ocean variability that produce pan-continental droughts 35 

because simulated El Niño-Southern Oscillation (ENSO), Pacific Decadal Oscillation 36 

(PDO) and Atlantic Multidecadal Oscillation (AMO) dynamics, and their 37 

teleconnections to North America, are different between models and observations. 38 

Despite these dynamical differences, models are able to reproduce large-magnitude 39 

centennial-scale variability in the frequency of pan-continental drought 40 

occurrence—an important feature of the paleoclimate record. These changes do not 41 

appear to be tied to exogenous forcings, suggesting that simulated internal 42 

hydroclimate variability on these timescales is large in magnitude. Results both 43 

clarify understanding of the dynamics that produce real-world pan-continental 44 

droughts, while assessing the ability of models to accurately characterize future 45 

drought risks. 46 

 47 

 48 

 49 
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1. Introduction 50 

North America spans three countries, nearly 10 million square miles and 51 

multiple geographical regions with distinct climates, seasonalities, and connections 52 

to the wider atmosphere-land-ocean system. While each of the distinct geographic 53 

and climatic regions in North America (e.g. the Southwest—32°–40°N, 125°–54 

105°W—versus the Central Plains—34°–46°N, 102°–92°W) experience recurrent 55 

drought (e.g. Cook et al. 2007; McCabe et al. 2004; Nigam et al. 2011; Schubert et al. 56 

2004a,b; Seager et al. 2005; Seager and Hoerling 2014), drought simultaneously 57 

affecting multiple regions (hereinafter pan-continental drought) has also been 58 

shown to be a consistent, albeit infrequent occurrence over the last millennium 59 

(Cook et al. 2014a). The most recent pan-continental drought event occurred in 60 

2012 (Hoerling et al. 2014) with 62% of the contiguous United States being 61 

classified as moderately or extremely dry (NCDC 2013a). Events such as these pose 62 

significant management challenges because of the simultaneous drought impacts 63 

across regions with distinct water resource constraints (e.g., irrigation from rivers 64 

versus groundwater), ecosystems (e.g., forests and grasslands), and crops. 65 

Understanding the dynamics that drive pan-continental drought is therefore critical, 66 

but there are two fundamental reasons why a comprehensive characterization of 67 

pan-continental droughts, and their causes, proves challenging: 1) Regional 68 

hydroclimate is characterized by distinct atmosphere-ocean dynamics—for instance 69 

Southwestern hydroclimate is controlled primarily by winter precipitation 70 

variability coupled to the tropical Pacific (e.g. Herweijer et al. 2006; Seager et al. 71 

2008; Schubert et al. 2009), while the Great Plains has predominantly summer 72 
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hydroclimate variability that is driven by the tropical and subtropical Atlantic (e.g 73 

Sutton and Hodson 2005; Kushnir et al. 2010) in addition to the tropical Pacific 74 

(Seager et al. 2005); 2) The relative rarity of pan-continental drought and the short 75 

(~150 year) observational record means that there are few events by which to 76 

diagnose how relatively distinct regional hydroclimate dynamics can combine to 77 

produce pan-continental drought. The limitations of the short observational record 78 

were partially addressed by Cook et al. (2014a) who employ a tree-ring based 79 

reconstruction of North American hydroclimate over the last millennium (the North 80 

American Drought Atlas or NADA—Cook et al. 2007) to better characterize the 81 

statistics of pan-continental drought occurrence. The paleoclimate record, however, 82 

does not provide a complete picture of the atmosphere-ocean state during pan-83 

continental droughts. Extending the analyses of Cook et al. (2014a) to the model 84 

space using the methodology of paleoclimate-model data comparisons (e.g. 85 

Anchukaitis et al. 2012; Ault et al. 2013, 2014; Coats et al. 2013a, 2014; Fernádez-86 

Donado et al. 2012; Phipps et al. 2013; Schmidt et al. 2013) can provide additional 87 

characterizations of past pan-continental droughts (albeit with the caveat of model 88 

bias) and potentially help clarify our understanding of the dynamics that produce 89 

these features. Additionally, the frequency of pan-continental drought occurrence is 90 

likely to increase in the future as much of North America is expected to dry over the 91 

coming century (e.g. Seager et al. 2013; Cook et al. 2014b; Maloney et al. 2014). 92 

Because atmosphere-ocean general circulation models (AOGCMs) are used to make 93 

these future hydroclimate projections, determining if AOCCMs are capable of 94 

reproducing the statistics of past pan-contintental drought occurrence, and as a 95 
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consequence of the correct dynamical drivers, is necessary to assess whether state-96 

of-the-art AOGCMs can accurately constrain future drought risks. 97 

 We build off the proxy analyses of Cook et al. (2014a) by employing coupled 98 

model simulations to further assess the dynamics of pan-continental drought in 99 

North America. We use the same gridded tree-ring based reconstruction of 100 

hydroclimate variability (Cook et al. 2007) over North America from 1000-2005 C.E. 101 

used by Cook et al. (2014a) and compare it to pan-continental drought statistics and 102 

dynamics in forced transient simulations of the last millennium (850-1850 C.E.) and 103 

the historical interval (1850-2005 C.E.), and in 500-year control simulations from 104 

the same models—all from the Coupled and Paleo Model Intercomparison Projects 105 

Phases 5 and 3 (CMIP5/PMIP3—Taylor et al. 2012; Schmidt et al. 2011). Four 106 

fundamental questions are addressed:  107 

1) Do models simulate the major modes of atmosphere-ocean variability that 108 

impact North American hydroclimate (Section 3a)?  109 

2) Are models able to reproduce the statistics of pan-continental drought 110 

occurrence (Section 3b)?  111 

3) Do the models have centennial-scale variability in the occurrence of pan-112 

continental droughts, and if so, is this driven by forced or internal variability 113 

(Section 3c)?  114 

4) What are the simulated atmosphere-ocean dynamics that drive pan-115 

continental droughts (Section 3d)? 116 

2. Data and Methods 117 

a. Model and Paleoclimate Inputs 118 
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All employed model output is from the CMIP5/PMIP3 archive (Table 1). We 119 

use six Last Millennium (LM) simulations spanning the period 850-1850 C.E. that 120 

are forced with reconstructed time varying exogenous forcings (Schmidt et al. 121 

2011). These simulations have been appended to CMIP5 historical runs that span 122 

the period 1850-2005 C.E. to produce a model record from 850-2005 C.E. Although 123 

these simulations are not continuous, both of the paired simulations (historical and 124 

LM) have been generated using the same model configurations and resolutions. 125 

Consequently, if the simulations have no drift, the discontinuity at 1850 should fall 126 

within the range of simulated climate variability. A large temperature drift in the 127 

MIROC LM simulation (Sueyoshi et al. 2012) likely violates this assumption, while a 128 

drift in the early centuries of the GISS LM simulation (Bothe et al. 2013) is likely to 129 

have less of an impact. While model drift undoubtedly impacts the hydroclimate 130 

variables assessed in this study, the effects are presumed to be moderate given the 131 

absence of drift in precipitation (Sen Gupta et al. 2013). 500-year control 132 

simulations with constant preindustrial forcings (also from CMIP5) were 133 

additionally analyzed to aid in the interpretation of the LM model results. All model 134 

output has been regridded to a common 2.5°x2.5° latitude-longitude grid to allow 135 

for homogenous comparisons (this represents a coarsening of the model resolution 136 

for 4 out of 6 models). 137 

For each model simulation we calculate the Palmer Drought Severity Index 138 

(PDSI—Palmer 1965). PDSI is an offline estimate of soil moisture balance, and has 139 

been established as a robust estimator of soil moisture variability that compares 140 

well with other soil moisture metrics (e.g. the Standardized Precipitation 141 
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Evapotranspiration Index—SPEI; Vicente Serrano et al. 2010; Cook et al. 2014b) and 142 

inherent model soil moisture (Cook et al. 2014b; Smerdon et al. 2014). PDSI is 143 

calculated from supply via precipitation and losses due to evapotranspiration (ET). 144 

In this case, ET is calculated by means of scaling potential evapotranspiration (PET), 145 

estimated from surface net radiation (RNET), by a fixed beta function meant to 146 

represent vegetative controls on transpiration. There are multiple ways to compute 147 

PET with the ideal method being Penman-Monteith (PM), which includes the effect 148 

of the vapor pressure deficit along with the impact of RNET (a more detailed 149 

treatment of PM PDSI can be found in Sheffield et al. 2012; Cook et al. 2014; 150 

Smerdon et al. 2014). The necessary model fields to compute PM PET were only 151 

available for three out of the six analyzed LM simulations and as a consequence 152 

RNET instead has been used to calculate PET by assuming that RNET is exactly 153 

balanced by latent heat through ET (with sensible heat flux equal to zero). 154 

Importantly, PDSI calculated with PET estimated from RNET compares well with PM 155 

PDSI on both interannual and decadal timescales (Coats et al. 2014).  156 

For the analyses herein, model PDSI is derived on an even 2.5°x2.5° latitude-157 

longitude grid. At each grid point PDSI was calculated and then standardized against 158 

an instrumental normalization period (1931-1990 C.E.) for the forced simulations, 159 

and the full 500-year period for the control simulations.  The instrumental 160 

normalization period is the same time interval used by the National Oceanographic 161 

and Atmospheric Administration for normalization of their PDSI calculations, which 162 

were subsequently used as the target PDSI for the paleoclimate reconstructions 163 

described below. Soil moisture capacity was specified as 25.4 mm and 127 mm in 164 
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the top and bottom layers of the PDSI calculation, respectively. The PDSI was 165 

averaged over June-July-August (JJA) to produce a single average for each year; 166 

hereinafter any mention of PDSI will be with regard to the JJA average values. PDSI 167 

with an absolute value greater than ten was removed by replacement with the 168 

average PDSI of the 8 neighboring grid points at that time step as a means of 169 

removing unrealistically anomalous PDSI values. This method for removing data 170 

errors is consistent with that used by van der Schrier et al. (2011) in the calculation 171 

of their observed PDSI dataset. For a more detailed analysis of the PDSI data used 172 

herein see Coats et al. (2014). Additionally, for a full treatment of the impact of 173 

inherent model resolution on the simulation of hydroclimate over the study region 174 

see Sheffield et al. (2013) and Langford et al. (2014), and for a discussion of how 175 

these resolution biases may impact the PDSI data described above, and used herein, 176 

see Coats et al. (2014). 177 

Reconstructed PDSI data are from an updated version of the tree-ring 178 

derived North American Drought Atlas (NADA) version 2a, with improved spatial 179 

coverage and resolution, the full details of which can be found in Cook et al. (2014a). 180 

The data are reconstructed on a 0.5°x0.5° latitude-longitude grid of JJA average PDSI 181 

values for the United States, as well as parts of Canada and Northern Mexico.  182 

Observed monthly PDSI data are from a global dataset for the period 1870-183 

2012 C.E. (Dai et al. 2004). This data was derived on an even 2.5°x2.5° latitude-184 

longitude grid using observed precipitation and temperature data as inputs. For the 185 

analyses herein the JJA monthly PDSI values have been averaged to create a single 186 

PDSI anomaly for each year. Additionally, only the period after 1950 will be 187 
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employed herein, as this is the period over which the full North American PDSI grid 188 

is available. 189 

JJA PDSI reflects hydroclimate conditions for the past 12-18 months because 190 

of persistence built into the PDSI calculation, and as a consequence, will integrate 191 

both the winter and summer hydroclimate state in any given year. Nevertheless, 192 

tree-ring reconstructed PDSI has been shown to predominately reflect winter 193 

season precipitation variability over the western United States, and both winter and 194 

summer precipitation variability over the central and eastern United States (St. 195 

George et al. 2011), a characteristic that may be shared by the models. Given 196 

uncertainty with respect to the seasonal hydroclimate influences on PDSI, no 197 

attempt is made herein to analyze the seasonality of pan-continental drought 198 

dynamics. 199 

b. Climate Indices 200 

All climate indices are calculated using either the inherent surface 201 

temperature output from the control simulations or observations from the National 202 

Oceanic and Atmospheric Administration (NOAA) extended reconstructed sea 203 

surface temperature (SST) dataset (Smith and Reynolds 2003). The Niño3.4 index 204 

was calculated by averaging December-January-February (DJF) SST over the region 205 

170°W-120°W, 5°S-5°N. The Pacific Decadal Oscillation (PDO) was evaluated by 206 

calculating the EOFs of SST over the extra-tropical Pacific basin (60°W-75°E, 20°N-207 

90°N), and subsequently using the DJF average of the principle component 208 

timeseries corresponding to the EOF that best matches the first EOF of the observed 209 

record (which is defined as the observed PDO following Mantua et al. 1997) when 210 
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comparing the EOF patterns over the full (Northern and Southern Hemisphere) 211 

Pacific basin. This was the first EOF for all models except BCC, in which the second 212 

EOF was more representative of the observed PDO pattern. In all cases the model 213 

patterns exhibit hemispheric symmetry and a tropical expression, as is 214 

characteristic of the observed PDO. The Atlantic Multidecadal Oscillation (AMO) was 215 

calculated by averaging JJA Atlantic SSTs over the region 80°W-0°E, 0°N-60°N and 216 

then subtracting the global JJA SST average between 60°S-60°N (following Enfield et 217 

al. 2001). All correlations between simulated PDSI and climate indices will be 218 

calculated using the JJA grid point PDSI and either the preceding DJF average ENSO 219 

or PDO indices or the contemporaneous JJA average AMO index. 220 

c. Analysis 221 

Following Cook et al. (2014a) the regional boundaries used in this paper are 222 

the Southwest (SW): 32°N–40°N, 125°W–105°W; Central Plains (CP): 34°N –46°N, 223 

102°W–92°W; Northwest (NW): 42°N–50°N, 125°W–110°W; and Southeast (SE): 224 

30°N–39°N, 92°W–75°W (see regions in Figure 1). Similar to results shown for the 225 

NADA in Cook et al. (2014a), the designated regions in the models do not have 226 

climate variability that is completely independent. Nevertheless, correlation maps 227 

between the four regional-average time series and grid-point PDSI indicate that 228 

hydroclimate within each region is homogenous, and that variability between 229 

individual regions is largely independent (not shown). 230 

Again following Cook et al. (2014a), droughts are characterized to have 231 

occurred in the regional-mean time series when PDSI falls to a value of -0.5 or lower 232 

in any individual year. Pan-continental droughts are then defined as occurring when 233 
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any three [SW, CP, and SE (herafter, SW+CP+SE); SW, CP, and NW (hereafter, 234 

SW+CP+NW); SW, NW, and SE (hereafter, SW+NW+SE); or CP, NW, and SE 235 

(hereafter, CP+NW+SE)] or all four [SW, CP, NW, and SE (hereafter, 236 

SW+CP+NW+SE)] of the regional mean timeseries simultaneously have PDSI values 237 

of -0.5 or lower in the same year. By this definition, the four-region droughts will 238 

overlap with, and also be counted as, three-region droughts. For some of the 239 

analyses noted in the results section the three- and four-region droughts were 240 

treated as distinct events. 241 

To determine the significance of the pan-continental drought teleconnections 242 

(Niño3.4, PDO, and AMO), climate index composites are computed for all years that 243 

exhibit pan-continental drought. A 5000-member ensemble resampling of the 244 

climate indices is then performed to generate 90th percentile confidence limits. For 245 

example, for the full CCSM control simulation there are 83 years that qualify as 246 

SW+CP+SE droughts. An average of the Niño3.4 values for these 83 years gives a 247 

composite Niño3.4 anomaly associated with these events. We then draw 83 random 248 

years from the Niño3.4 time series and average them, repeating this process 5000 249 

times. If the original composited Niño3.4 anomaly exceeds the 90th percentile 250 

thresholds of the ensemble resampling, the association between pan-continental 251 

drought and the dynamic teleconnection is characterized as significant. 252 

3. Results and Discussion 253 

a. Model Dynamics  254 

To diagnose the dynamical drivers of pan-continental drought, the Niño3.4, 255 

PDO and AMO indices are used to assess the relationships between pan-continental 256 



 12 

drought and the major modes of atmosphere-ocean variability that impact North 257 

American hydroclimate. In this section, we investigate the model expression of the 258 

ENSO, PDO and AMO to determine if the simulated modes of variability are a 259 

reasonable representation of real-world dynamics. For ENSO, negative values of the 260 

Niño3.4 index, or La Niña conditions, have been associated with drought in the SW, 261 

southern CP, and the SE. The PDO may not be fully separable from ENSO—the two 262 

modes of variability are negatively correlated (Newman et al. 2003) and therefore 263 

have similar spatial expressions. Nevertheless, the PDO has been shown to have 264 

important hydroclimate impacts over North America (e.g., McCabe and Dettinger 265 

2002; McCabe et al. 2004, 2008). A positive AMO, with warm Atlantic SSTs is 266 

associated with drying in the CP and SE (Kushnir et al. 2010; McCabe et al. 2004, 267 

2008; Nigam et al. 2011), and unlike the ENSO and PDO has considerable 268 

persistence up to multi-decadal timescales. 269 

 Figure 1 shows the teleconnection patterns calculated as the correlation 270 

between the Niño3.4, PDO and AMO indices and PDSI over North America. These 271 

patterns have been calculated for both the NADA and an observed PDSI dataset (DAI 272 

et al. 2004) during the overlapping period with the observed SST data set (1854-273 

2005 C.E. and 1950-2005 C.E., respectively), and for a sliding 152-year window (the 274 

length of the observed/reconstruction overlap) across the full control model 275 

simulations. The model pattern in Figure 1 plots the 152-year period in which the 276 

simulated teleconnection pattern best represents the pattern between the observed 277 

SST dataset and the reconstruction (hereafter observation-to-reconstruction), as 278 

determined by the maximum centered pattern correlation statistic (hereinafter 279 
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CPCS—Santer et al. 1995) between the two fields. The CPCS is a quantitative 280 

measure of the similarity of the simulated and observation-to-reconstruction 281 

teleconnection patterns, with the range in the CPCS for all of the 152-year periods in 282 

the models being a measure of the stationarity of that simulated teleconnection (the 283 

middle panel of Figure 1). Additionally, the bottom panel of Figure 1 shows the 284 

strength of the ENSO, PDO and AMO teleconnections. To do so, the sum of the 285 

squared teleconnection correlation coefficients was calculated for each of the model 286 

segments and the range in these values was then plotted as a boxplot. For 287 

comparison, the sum of squared teleconnection correlation coefficients was also 288 

calculated for the full observation-to-reconstruction and observational records. This 289 

analysis was limited to the grid-points common to each dataset over the plotted 290 

North American domain in the top panels of Figure 1. 291 

The reconstruction-to-observation ENSO and AMO dynamics are largely 292 

characteristic of those in the observed PDSI dataset with CPCS values between the 293 

patterns of 0.75 and 0.50 and nearly equal strengths. The PDO teleconnection, 294 

however, is significantly weaker in the reconstruction, despite having a similar 295 

spatial pattern (CPCS of 0.52). While this may suggest a deficiency in the 296 

reconstruction, it is more likely indicative of an inconsistent impact of the PDO over 297 

the much longer reconstructed record (152 versus 56 years for the observed PDSI).  298 

The models are able to simulate 152-year periods that have a realistic ENSO 299 

teleconnection pattern to North America (with the exception of BCC), however the 300 

strength of this teleconnection varies greatly with CCSM having far too strong of a 301 

teleconnection and BCC and GISS having an ENSO teleconnection that is too weak. 302 
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The stationarity of this teleconnection, likewise, varies significantly between the 303 

models; the CCSM ENSO teleconnection, for instance, is highly stationary while the 304 

ENSO teleconnections in BCC and MIROC are highly non-stationary. The AMO and 305 

PDO teleconnections in the models are much less realistic, with none of the models 306 

simulating a 152-year period with a CPCS value over 0.6 and the teleconnection 307 

strength being weaker than the observations for each model and both modes.  These 308 

teleconnections are also non-stationary, with the largest CPCS range occurring in 309 

MIROC for the PDO and BCC for the AMO, but with a CPCS range of at least 0.4 for all 310 

of the models.  311 

 Figures 2-4 show the SST spatial pattern and autocorrelation of the ENSO, 312 

PDO and AMO for the full model simulations and observations. To assess the model 313 

skill in reproducing the observed ENSO, PDO and AMO spatial patterns, Figure 5 314 

shows the range in the CPCS between simulated spatial patterns calculated for a 315 

sliding 152-year window (length of the observed SST dataset) across the full control 316 

model simulations and the observed spatial patterns. Finally, Figure 6 shows the 317 

variance of, or variance explained, by these dynamic modes. As suggested by the 318 

teleconnections, models are generally successful at simulating a reasonable ENSO 319 

spatial pattern (with the highest pattern correlation values of the three modes—320 

Figure 5), although the SST anomalies extend too far West in all of the models 321 

(Figure 2). Additionally, the simulated ENSO autocorrelation structures are largely 322 

characteristic of the observations, with oscillatory behavior that varies between 323 

negative and positive. This oscillation looks to be most realistic in CCSM, IPSL and 324 

MPI, with a cycle of variability that is too short and regular in BCC and GISS. The 325 
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magnitude of ENSO variability is not consistent across the models, with CCSM 326 

having too much variance, while GISS, IPSL and MIROC have too little, as compared 327 

to the observations (Figure 6). Interestingly, the simulated PDO and AMO behavior 328 

is largely consistent between the models with a highly non-stationary, but at times 329 

realistic PDO pattern (every model simulates a PDO pattern CPCS of at least 0.6), 330 

and a more stationary, but generally unrealistic, AMO pattern (Figure 5). In both 331 

cases, however, the PDO and AMO patterns in the models are less characteristic of 332 

the observed patterns than for ENSO. Additionally, the BCC and GISS models fail at 333 

simulating the magnitude of the observed tropical expression of the PDO, with all of 334 

the models overestimating the high latitude North Pacific expression of the PDO 335 

relative to the expression in the tropics. This is critical because the PDO forcing of 336 

hydroclimate variability has been shown to originate in the tropical Pacific (Seager 337 

2014).  338 

The persistence characteristics of the PDO and AMO are plotted for both the 339 

forced and control simulations in the right hand panels of Figures 3 and 4, 340 

respectively. While the models have a reasonable PDO autocorrelation structure 341 

(with the exception of BCC and the forced GISS and IPSL simulations—each having 342 

too much persistence), with the exception of CCSM and GISS they struggle at 343 

simulating the AMO with enough persistence (this is consistent with the behavior of 344 

the CMIP3 model ensemble (Ting et al. 2011)). This lack of persistence suggests that 345 

models will have difficulty in simulating the observed drought recurrence interval 346 

(or alternatively drought persistence) in the CP and SE regions, which are tightly 347 

coupled to the AMO in the real world (Kushnir et al. 2010; McCabe et al. 2004, 2008; 348 
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Nigam et al. 2011; and Ting et al. 2011). Finally, the magnitude of the PDO and AMO 349 

will partially determine the impact of these modes of variability, relative to the 350 

impact of ENSO and purely atmospheric variability, on North American 351 

hydroclimate. There is a large inter-model spread in the variance or variance 352 

explained by both modes, with CCSM and MIROC having too much and BCC, GISS, 353 

IPSL and MPI having too little PDO variability compared to observations, and BCC, 354 

CCSM, GISS and MPI having less AMO variability than observed (Figure 6). 355 

 In aggregate, the models exhibit different teleconnections between the 356 

oceanic boundary conditions and North America, with no individual model matching 357 

the observed atmosphere-ocean dynamics particularly well. Together, this suggests 358 

that models are not likely to agree on the modes of atmosphere-ocean variability 359 

that are associated with pan-continental drought. Additionally, the models have a 360 

stronger and more realistic ENSO and associated teleconnections, as compared to 361 

the PDO and AMO and are therefore expected to be more successful at simulating 362 

the pan-continental drought dynamics associated with this mode of variability. 363 

Nevertheless, the simulated dynamical relationships are largely non-stationary, and 364 

the observed dynamics have been inferred from the short 152-year instrumental 365 

interval. The observed dynamics, thus, may themselves be time variable or 366 

inadequately characterized (particularly given the large persistence and 367 

consequently the small number of degrees of freedom for the PDO and AMO). It is 368 

therefore difficult to attribute differences between the models and observations as 369 

solely associated with the model characteristics, as opposed to some combination of 370 
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model misrepresentations and poorly characterized observational teleconnections 371 

due to undersampling of low-frequency modes and non-stationarity. 372 

b. Pan-Continental Drought Occurrence 373 

 Figure 7 shows the drought recurrence interval for the individual geographic 374 

regions in both forced and control simulations from the models (dark and light bars, 375 

respectively) and the NADA. Models, in general, are able to simulate the correct 376 

recurrence interval for drought in each of the regions. The model ensemble, 377 

however, slightly overestimates the occurrence of SW and NW drought, and 378 

underestimates the occurrence of drought in the CP and SE.  This model behavior 379 

may be suggestive of more realistic, and in some cases overactive, ENSO variability 380 

and teleconnections (e.g. CCSM) relative to other modes of coupled atmosphere-381 

ocean variability, because ENSO driven hydroclimate variability tends to load 382 

heavily on the western United States and thus predominantly affects the SW and NW 383 

regions. 384 

 The model ensemble is also largely successful at simulating the pan-385 

continental drought recurrence intervals characterized by the NADA (again for both 386 

forced and control simulations—Figure 8). Taken individually, however, the models 387 

appear split into two categories, with CCSM, IPSL, and MPI slightly underestimating 388 

the recurrence interval of pan-continental drought of all types and GISS and MIROC 389 

overestimating the recurrence interval of these droughts by a much larger margin 390 

(BCC has realistic recurrence intervals for three of the five pan-continental drought 391 

types). Nevertheless, the spread of the model ensemble encompasses the pan-392 

continental drought recurrence interval of the NADA for each drought type. 393 
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Furthermore, each model is individually successful at capturing the relative 394 

occurrence of the different types of pan-continental drought, for instance the 395 

SW+CP+SE combination being the most common and the SW+CP+NW+SE 396 

combination being the least common. 397 

 The recurrence intervals for the droughts in the individual regions and for 398 

pan-continental droughts are not consistently different for the forced and control 399 

simulations (Figures 7 and 8). This suggests that the simulated pan-continental 400 

drought dynamics are not dependent on the exogenous forcing and, as such, 401 

provides confidence in the use of control simulations to assess simulated 402 

atmosphere-ocean variability and its connection to pan-continental drought 403 

(Sections 3a and 3d). These findings are consistent with previous work that has 404 

specifically focused on the dynamics of persistent droughts in the Southwest (Coats 405 

et al. 2013; 2014). 406 

 The composite PDSI pattern of each pan-continental drought type for the 407 

control model simulations and reconstruction are plotted in Figure 9. The bottom 408 

panel of Figure 9 shows the CPCS calculated between the composite PDSI pattern 409 

from the NADA and each individual pattern of that pan-continental drought type. 410 

The range in CPCS is thus a measure of the consistency of individual drought 411 

patterns (small range being more consistent), with the average magnitude of the 412 

CPCS values for each model being indicative of how well the model composite 413 

matches the NADA composite. These values have been calculated separately for the 414 

three- and four-region droughts (unlike in previous analyses). The composite model 415 

patterns compare well with the NADA composite for all but the SW+NW+SE 416 
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droughts, which are the least common of the pan-continental drought types. The 417 

CPCS range in the models and the NADA are likewise consistent for all but the 418 

SW+NW+SE combination. Nevertheless, it is important to note that for all drought 419 

types there is a large CPCS range in both the models and the NADA. This indicates 420 

that individual pan-continental droughts can have different spatial patterns. Pan-421 

continental droughts driven by a consistent dynamical driver might be expected to 422 

have a consistent pattern. If this is the case, the large CPCS range may then suggest 423 

that multiple dynamical drivers are capable of producing each type of pan-424 

continental drought. Equally likely, however, is that pan continental droughts are 425 

influenced not just by SST variations but also by internal atmospheric variability 426 

that can create different spatial patterns, as was argued for the 2012 drought by 427 

Hoerling et al. (2014). A third possibility is that a large CPCS range would also be 428 

expected if pan-continental droughts were driven by consistent dynamical drivers 429 

but with teleconnection dynamics that are variable through time. The question of 430 

pan-continental drought dynamical drivers will be addressed in Section 3d. 431 

c. Centennial Variability in Pan-Continental Drought Occurrence 432 

 Perhaps the starkest characteristic of the NADA drought record is the 433 

centennial-scale variability in the number of pan-continental droughts, punctuated 434 

by an increased rate of occurrence in the MCA relative to the LIA (Cook et al. 2014a).  435 

The relative timing of hydroclimate change in the models—if such changes are 436 

present in the CMIP5 models—and the NADA is of particular interest because 437 

exogenous forcing may, or may not, have played a role in driving the MCA-to-LIA 438 

transition (e.g. Mann et al. 2009; González-Ruoco et al. 2011; Goosse et al. 2012). If, 439 
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in fact, radiative forcing produced this transition it would be relevant to our 440 

understanding of current and future radiatively forced climate change. Because the 441 

models are driven with similar forcing series (see Schmidt et al. [2011]), a strong 442 

role for exogenous forcing in driving periods with increased pan-continental 443 

drought frequency should lead to these periods being contemporaneous in time 444 

across the model simulations. The role of radiative forcing in driving variability of 445 

pan-continental drought frequency on centennial timescales can therefore be tested 446 

to potentially better understand the origin of this variability in the NADA. It must be 447 

noted, however, that the CMIP5 models have different climate sensitivities, and in 448 

particular, different parameterizations of land surface and aerosol processes that 449 

may drive compensating feedbacks and mask the model response to external 450 

forcing. If these differences are large it would impact our ability to test the 451 

hypothesized role of forcing as posed above, a possibility that is outside the scope of 452 

this paper.  453 

The number of pan-continental droughts for each century relative to the 454 

mean number of droughts per century between 1000-2000 C.E. is plotted for the 455 

forced model simulations and the reconstruction in Figure 10. For the NADA, the 456 

increase in the number of pan-continental droughts, relative to mean conditions, 457 

during the 12th century averages to 60%, with a maximum increase of 75% for the 458 

SW+CP+NW drought type and a minimum of 40% for the SW+NW+SE type. This 459 

period of increased drought frequency does not appear to be captured by the 460 

models, nor do the individual models agree on the timing of hydroclimate change, 461 

suggesting that these changes are not tied in any coherent way to the exogenous 462 



 21 

forcing. A possible exception is the CCSM model, which exhibits increased aridity 463 

during the 11th-12th centuries (particularly manifest in the number of SW+CP+SE 464 

drought occurrences, although the number of droughts in both centuries is within 465 

the range from the CCSM control simulation)—changes that are contemporaneous 466 

with those in the NADA.  The models do, however, appear to simulate a large range 467 

in the number of pan-continental droughts. To test if this range is of the magnitude 468 

observed in the NADA, the number of each pan-continental drought type was 469 

calculated for a sliding 100-year window across the forced model simulations and 470 

NADA record and the range is plotted in Figure 11. Each model is individually 471 

capable of simulating centennial-scale variability in the frequency of pan-472 

continental drought occurrence that is characteristic of the NADA. The fact that 473 

models simulate large differences in the number of pan-continental drought 474 

features for different 100-year periods, and that these changes are not tied in any 475 

coherent way to the exogenous forcing, is suggestive of a large amount of internal 476 

variability on centennial timescales. This model behavior is consistent with previous 477 

work that has focused on dynamics of persistent drought in the Southwest 478 

specifically (Coats et al. 2013; 2014). Additionally, if the model dynamics are in fact 479 

representative of the real atmosphere-ocean system then this result indicates that 480 

the observed preponderance of pan-continental droughts in the Medieval period 481 

could have arisen from internal variability, as opposed to changes in radiative 482 

forcing. 483 

d. Simulated Pan-Continental Drought Dynamics 484 
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 Figure 12 shows the composite of the Niño3.4, PDO and AMO indices during 485 

each type of pan-continental drought for the model control simulations and for the 486 

overlapping period between the NADA and the observed SST data set (1854-2005 487 

C.E.), with this analysis completed separately for the three- and four-region 488 

droughts. Significance at the 90% level using the bootstrapping test described in 489 

Section 2c is indicated with an asterisk. Importantly, the models do not agree with 490 

each other or the observations on the dynamics that drive the different types of pan-491 

continental drought, despite the fact that they produce patterns and recurrence 492 

intervals that are consistent with the NADA (Figure 8-10). The one exception 493 

appears to be the importance of ENSO to the SW+CP+SE, SW+CP+NW, SW+NW+SE 494 

and SW+CP+NW+SE pan-continental drought types, which is exhibited to varying 495 

degrees by all of the models and for the observation-to-reconstruction. Additionally, 496 

with the exception of CCSM and MPI, the models and the observations individually 497 

have pan-continental drought types with no significant connection to the major 498 

modes of atmosphere-ocean variability. Together these results imply what was 499 

suggested by the large CPCS range in the bottom panel of Figure 9 and by the 500 

characteristic model behavior outlined in Section 3a, namely that multiple 501 

dynamical drivers are capable of producing each type of pan-continental drought.  502 

 The left hand panel of Figure 13 shows the observed Niño3.4, PDO and AMO 503 

indices with the timing of each pan-continental drought occurrence marked with a 504 

grey bar. While the ENSO behavior appears to be consistent throughout the 505 

instrumental interval, the variability in the early part of the PDO and AMO records is 506 

subdued. This behavior may explain the weaker PDO and AMO teleconnections in 507 
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the reconstructed PDSI, relative to observations (bottom panel of Figure 1), as the 508 

reconstruction spans the length of the 152-year instrumental SST record. The 509 

observed PDSI, by contrast, is analyzed only over the 1950-2005 period for which 510 

both modes exhibit consistently large variability.  511 

The right hand panel of Figure 13 and Figure 14 analyze the associations 512 

between pan-continental droughts and the dynamical drivers using the observation-513 

to-reconstruction and the models respectively, but allowing for a more robust 514 

statistical assessment of the possibility that it is a combination of dynamical modes 515 

that produces pan-continental drought features. To do so, all pan-continental 516 

drought types are treated as the same, and considered as a Bernoulli process (with 1 517 

for drought years and 0 for non-drought years), with the drought frequency then 518 

defined as the number of pan-continental drought occurrences over the number of 519 

analyzed years (152 for the observations/reconstruction and 500 years for the 520 

model control simulations). Within a Bayesian framework, the posterior 521 

distribution of the drought frequency can be calculated for subsets of the data that 522 

have different phases of the dynamic modes (e.g. a negative or La Niña-like state in 523 

the Niño3.4 index) or some combination of phases of the dynamic modes (e.g. a 524 

negative Niño3.4 index, positive AMO, and negative PDO). If, following Kam et al. 525 

(2014), we assume that the prior distribution is a uniform beta distribution or 526 

uninformative, then the posterior distribution is easily derived with the alpha and 527 

beta parameters being equal to the number of drought occurrences plus one and the 528 

number of years minus the number of drought occurrences plus one, respectively. 529 

The observation-to-reconstruction posterior distributions in the right hand panel of 530 
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Figure 13 indicate that the frequency of pan-continental drought occurrence is 531 

greatest when there are simultaneously negative Niño3.4 and PDO indices and a 532 

positive AMO index (with pan-continental drought occurring nearly 40% of the time 533 

when these conditions are met). Interestingly, for the observation-to-reconstruction 534 

the individual impact of the three modes of variability on the frequency of pan-535 

continental drought is roughly equal. The models, by contrast, tend to overestimate 536 

the impact of ENSO on pan-continental drought occurrence (with the main 537 

exception being BCC—Figure 14). This result is likely indicative of the more 538 

realistic, and in some cases overactive, ENSO variability and teleconnections (e.g. 539 

CCSM) relative to other modes of coupled atmosphere ocean variability. 540 

The model split between slightly underestimating the recurrence interval of 541 

pan-continental drought of all types (CCSM, IPSL and MPI) and moderately 542 

overestimating the recurrence interval of these droughts (BCC, GISS and MIROC) in 543 

Figure 8 can also be explained by the results in Figures 13 and 14. CCSM, IPSL and 544 

MPI all overestimate the impact of ENSO on the frequency of pan-continental 545 

drought occurrence and, as a consequence, produce more of these features than is 546 

realistic (Figure 14). In CCSM this behavior appears to result from ENSO variability 547 

that is too strong (Figure 1 and Figure 2), while in IPSL and MPI the ENSO variability 548 

is more realistic (though slighty too strong) but the hydroclimate response to ENSO 549 

is too homogenous over the North American continent (Figure 1). BCC, despite 550 

underestimating the impact of ENSO on pan-continental drought occurrence, is able 551 

to largely reproduce the impact of the AMO, while slightly overestimating the PDO 552 

impact (Figure 1), and has a posterior distribution of ocean forced pan-continental 553 
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drought occurrence that is similar to the observations/reconstruction (Figure 14). 554 

The same is true of GISS, which exhibits the most realistic impact (as compared to 555 

the observations) of the three modes of atmosphere-ocean variability (and the 556 

oceanic boundary conditions in general—Figure 14) on pan-continental drought 557 

occurrence (although it slightly underestimates the AMO impact relative to the 558 

PDO). The fact that GISS, and to a lesser degree BCC, underestimate the overall 559 

occurrence of pan-continental drought (e.g. Figure 8), therefore, appears to be 560 

related to the frequency with which the simulated ocean produces a simultaneously 561 

positive AMO, negative PDO and negative ENSO. MIROC also underestimates the 562 

frequency of pan-continental drought occurrence, and while it simulates a 563 

reasonable impact of a negative Niño3.4 index on the frequency of pan-continental 564 

drought occurrence, the PDO and AMO impacts are too weak (Figure 14).  565 

 It must be noted that between the short instrumental record, which limits 566 

our knowledge of real-world pan-continental drought dynamics, and the general 567 

lack of consistency in the significance of connections between the dynamical modes 568 

and pan-continental drought events in both the models and the NADA, it is difficult 569 

to make conclusions about the veracity of the simulated dynamics. Nevertheless, 570 

attempting to understand the simulated pan-continental drought dynamics in the 571 

context of the characteristic model behavior outlined in Section 3a may help 572 

determine if models will be able to properly constrain the risk of future drought 573 

over North America. In particular, the behavior of CCSM and BCC are an interesting 574 

juxtaposition of pan-continental drought dynamics. CCSM has significant 575 

connections between four of the pan-continental drought types and the tropical 576 
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Pacific (Figure 12), and in general greatly overestimates the impact of ENSO on pan-577 

continental drought occurrence (Figure 14). BCC, on the other hand, has no 578 

significant connections between pan-continental drought and the tropical Pacific 579 

(Figure 12), and generally underestimates the impact of ENSO on pan-continental 580 

drought occurrence (Figure 14). This behavior can perhaps be understood in terms 581 

of the model dynamics outlined in Section 3a. While BCC has a somewhat realistic 582 

ENSO spatial pattern (Figure 5), and variability that is moderate (but too regular—583 

e.g the large negative lag-1 autocorrelation value—Figure 2), the ENSO 584 

teleconnection to North America is the least realistic, weakest and most non-585 

stationary of the models analyzed herein (Figure 1). By contrast, the PDO and AMO 586 

teleconnections are more realistic, stronger (Figure 1) and consequently more 587 

strongly connected to pan-continental drought (Figure 14). CCSM, on the other 588 

hand, has a very realistic and stationary ENSO teleconnection (Figure 1), along with 589 

ENSO variability and spatial patterns that are too strong (Figure 5 and Figure 6). As 590 

a consequence, nearly all of the pan-continental drought types exhibit a connection 591 

to the tropical Pacific.  Interestingly, the PDO and AMO in CCSM are less realistic and 592 

exhibit relatively large and small variability (Figure 5 and Figure 6), respectively, 593 

yet both have a significant connection to three of the pan-continental drought types 594 

(Figure 12).  595 

The behavior of the other models is less clear but will be considered 596 

separately for models with weak ENSO (GISS and MIROC) and strong ENSO (IPSL 597 

and MPI) connections to pan-continental drought in Figure 14. For weak ENSO, GISS, 598 

while only exhibiting a significant connection between ENSO and two of the pan-599 
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continental drought types (Figure 12), largely captures the oceanic impact on the 600 

frequency of pan-continental drought occurrence (Figure 14). This is surprising 601 

given that the GISS model underestimates the overall frequency of pan-continental 602 

drought occurrence and has generally weak ocean variability (e.g. Coats et al. 2014). 603 

MIROC also has a weak connection between the tropical Pacific and pan-continental 604 

droughts (with just the connection between SW+CP+SE and ENSO being significant 605 

at the 90% level—Figure 12), and this is likely related to the highly non-stationary 606 

and unrealistic ENSO teleconnection within the model (Figure 1).  607 

MPI, like CCSM, has a strong connection between ENSO and pan-continental 608 

droughts with all of the drought types exhibiting significance (Figure 12). While the 609 

ENSO teleconnection in MPI is less realistic than in CCSM (Figure 1), the model also 610 

exhibits relatively large magnitude tropical Pacific variability (Figure 6). IPSL, like 611 

CCSM and MPI, overestimates the impact of ENSO on pan-continental drought 612 

occurrence (Figure 14); it also exhibits a moderate connection between the 613 

individual pan-continental drought types and ENSO, with the SW+CP+SE and 614 

SW+CP+NW+SE being significant at the 90% level (Figure 12). The ENSO 615 

teleconnection in IPSL is likewise moderately realistic, as well as highly stationary 616 

and driven by moderate variability in the tropical Pacific (Figure 1 and Figure 6). 617 

4. Conclusions 618 

Simulated ENSO, PDO and AMO dynamics and their teleconnections to North 619 

America, differ between models and in their comparisons to observations. As a 620 

consequence, models do not agree on the modes of atmosphere-ocean variability 621 

that are associated with pan-continental droughts. The models do, however, 622 
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simulate pan-continental droughts with the frequency and spatial patterns exhibited 623 

by the NADA. Additionally, the models display centennial-scale variability in the 624 

occurrence of pan-continental droughts that is similar to the magnitude observed in 625 

the NADA. These changes do not appear to be tied to the exogenous forcing, 626 

suggesting that simulated internal hydroclimate variability on these timescales is 627 

large in magnitude.  628 

These results have implications for efforts to project future hydroclimate 629 

over North America and to understand past hydroclimate change. Firstly, if 630 

centennial-scale internal variability is large in magnitude, the MCA-to-LIA transition 631 

and other periods of past hydroclimate change may have resulted from internal 632 

variability of the atmosphere-ocean system. If true, this would suggest that the 633 

projection of certain characteristics of future hydroclimate are potentially 634 

complicated in terms of the impact of trace gas concentrations. Nevertheless, 635 

internal variability, if manifest in changes to the oceanic boundary conditions that in 636 

turn drive hydroclimate change, may be predictable if interannual-to-multidecadal 637 

modes of Pacific and Atlantic Ocean variability can be predicted. While operational 638 

prediction of the tropical Pacific, for instance, has yet to exceed the seasonal 639 

timescale (e.g. Barnston et al. 2012; Zhu et al. 2012), the slowly varying nature of 640 

the PDO and AMO suggests that it is a potential target for predictability on decadal 641 

timescales (e.g. Smith et al. 2012). In the context of the results presented herein, 642 

PDO and AMO predictability would help constrain risk assessments of future pan-643 

continental drought occurrence, given that a negative PDO and a positive AMO are 644 

associated with an increased frequency of pan-continental drought occurrence 645 
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(Figure 13). In particular, decadal AMO and PDO predictability along with seasonal 646 

ENSO prediction has the potential to provide robust annual projections of the risk of 647 

pan-continental drought occurrence. 648 

Secondly, models reproduce the statistics of pan-continental drought 649 

occurrence, but they do not agree on the dynamics that drive these features. The 650 

ENSO (e.g. Clement et al. 1996) and AMO (e.g. Ting et al. 2009) both potentially 651 

respond to radiative forcing. If these responses are large in magnitude, the 652 

simulated hydroclimate change over North America will be different for each model. 653 

In CCSM, for instance, a large forced response in the tropical Pacific would be 654 

expected to drive large hydroclimate impacts over North America. The same change 655 

in BCC, however, would yield smaller impacts. It is difficult to determine which of 656 

these model responses is realistic, and by consequence, which model projection 657 

should be considered the most accurate, because even in models that are successful 658 

at simulating the observed atmosphere-ocean dynamics the dynamical relationships 659 

are often non-stationary and their connection to radiative forcings are not well 660 

constrained. This issue is compounded by the fact that the observed dynamics 661 

themselves have been inferred from a 152-year instrumental interval that cannot 662 

provide a full assessment of the stationarity of real world dynamics. Understanding 663 

whether teleconnection non-stationarity is physically reasonable, and whether the 664 

instrumental interval is sufficient to characterize the full range of real world 665 

atmosphere ocean dynamics, is thus essential for constraining the risk of 666 

hydroclimate change in North America. This will require, at a minimum, longer 667 

records of proxy estimated SSTs (e.g. Emile-Geay et al. 2013 for the tropical Pacific) 668 
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and other regional records of hydroclimate variability over the last millennium (e.g. 669 

Cook et al. 2010—for monsoon Asia). 670 

A characterization of the full range of real world atmosphere-ocean 671 

dynamics, and their connections to pan-continental droughts, will help determine 672 

which models exhibit realistic dynamics and thus can be interpreted as projecting 673 

the future hydroclimate of North America with some accuracy. We have 674 

demonstrated that models simulate pan-continental droughts that are characteristic 675 

of a paleoclimate estimate (in spatial character and frequency of occurrence), but 676 

driven by different atmosphere-ocean dynamics, and that these models simulate a 677 

large degree of variability in the occurrence of pan-continental droughts on 678 

centennial timescales. These results, and further efforts to characterize relevant 679 

model dynamics, will help clarify the interpretation of future hydroclimate 680 

projections by providing, in particular, an understanding of the reasons for the 681 

differences between model projections of hydroclimate responses to increased 682 

greenhouse gas forcing. This understanding, in turn, will help determine what 683 

information from the future projections is useful for planning adaptation and 684 

management strategies for the impacts of climate change.  685 
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Modeling Center Institute ID Model Name 
Beijing Climate Center, China 
Meteorological Administration 

BCC BCC-CSM1.1 

National Center for Atmospheric 
Research 

NCAR CCSM4 

NASA Goddard Institute for Space 
Studies 

NASA GISS GISS-E2-R 

Institute Pierre-Simon Laplace IPSL IPSL-CM5A-LR 
Japan Agency for Marine-Earth 
Science and Technology, Atmosphere 
and Ocean Research Institute (The 
University of Tokyo), and National 
Institute for Environmental Studies 

MIROC MIROC-ESM 

Max-Planck-Intitut für Meteorologie 
(Max Planck Institute for 
Meteorology) 

MPI-M MPI-ESM-LR, MPI-
ESM-P 

 

Table 1: Model information for the analyzed CMIP5 simulations. 
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Figure Captions: 

Figure 1: Correlations between gridpoint PDSI from the NADA or models and the DJF 

Niño3.4 index (top panels), the DJF Pacific Decadal Oscillation index (PDO-middle panel), 

and the JJA Atlantic Multidecadal Oscillation index (AMO-bottom panel). For the PDO and 

AMO, correlations are based on filtered (10-year LOWESS) PDSI and climate indices. The 

observed-reconstruction correlations (RECON) are from the overlapping period (1854-

2005) between the NADA and the observed SST dataset [Smith and Reynolds, 2003] and 

the observed correlations (OBS) are from the 1950-2005 period in an observed PDSI 

dataset [Dai, 2004] and the same SST dataset. For the models, the teleconnection pattern 

was calculated for a sliding 152-year window (the length of the observed record). The 

plotted pattern is the 152-year segment with the teleconnection pattern that best matches 

the observed-reconstruction pattern as determined by the CPCS between the two fields. 

The middle panel shows the range in CPCS between the model pattern for each 152-year 

segment and the observed-reconstruction pattern.  The bottom panel shows the range in 

the sum of squared correlation coefficients over North America for the model segments 

with the value from the observations and observation-to-reconstruction plotted as dashed 

grey and black lines, respectively. 

Figure 2: (left panels) Correlation between the DJF Niño3.4 index and the DJF SST field for 

each model and the observed SST dataset. The autocorrelation of the Niño3.4 index for 1-6 

year lags is plotted in the right panels with the red line indicating significance at the 95% 

level (two times the large-lag standard error). The plotted domain is 0°W-0°E, 40°S-40°N. 
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Figure 3: (left panels) The PDO pattern for each model and the observed SST dataset, 

calculated as the correlation between the DJF PDO index and the DJF SST field. The 

autocorrelation of the PDO index for 1-6 year lags is plotted in the right panels with the red 

line indicating significance at the 95% level (two times the large-lag standard error). These 

values are plotted for both the control (black) and forced (blue) simulations from each 

model. The plotted domain is 0°W-0°E, 20°S-70°N.  

Figure 4: (left panels) Correlation between the JJA AMO index and the JJA SST field for each 

model and the observed SST dataset. The autocorrelation of the AMO index for 1-6 year 

lags is plotted in the right panels with the red line indicating significance at the 95% level 

(two times the large-lag standard error). These values are plotted for both the control 

(black) and forced (blue) simulations from each model. The plotted domain is 180°W-

180°E, 20°S-70°N. 

Figure 5: (top panel) The range in the CPCS between the simulated ENSO, PDO and AMO 

spatial patterns calculated for a sliding 125-year window (length of the observed SST 

dataset) across the full model simulations and the observed spatial patterns. The observed 

target patterns are plotted in the bottom panel. The plotted domain is 0°W-0°E, 30°S-80°N. 

The boxes over which the CPCS values were calculated for each region are designated by 

the black dashed lines. 

Figure 6: The variance of the Niño3.4 index (left panel), percent variance explained in 

Pacific SSTs by the PDO mode of variability (middle panel), and variance of the 10-year low 

pass filtered AMO index (right panel). These were computed for each full control run and 

for the observed dataset over the period 1854-2005 C.E. 
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Figure 7: Drought recurrence intervals for each region. Reconstruction results are shown in 

black. Model results are shown in color, where the lighter shaded bars of the paired colors 

represent the recurrence value for a control simulation from each model, while the darker 

shaded bars are from the associated forced simulation.  

Figure 8: Drought recurrence intervals for each type of pan-continental drought. 

Reconstruction results are shown in black. Model results are shown in color, where the 

lighter shaded bars of the paired colors represent the recurrence value for a control 

simulation from each model, while the darker shaded bars are from the associated forced 

simulation. To maintain consistency with Cook et al. [2014], drought years were allowed to 

overlap between the three- and four-region droughts. 

 Figure 9: (top five rows) PDSI composite or average over all pan-continental drought years 

(PDS ≤ -0.5) of each type. The bottom panel is the range in CPCS for individual droughts 

with the NADA composite pattern. Boxplot color indicates the associated control model 

simulation or reconstruction. Unlike in previous figures, drought years were not allowed to 

overlap between the three- and four-region droughts. 

Figure 10: Number of pan-continental drought years (PDS ≤ -0.5) in each century relative 

to the mean number of droughts per century between 1000-2000 C.E., calculated for all 

possible types of pan-continental drought. To maintain consistency with Cook et al. [2014], 

drought years were allowed to overlap between the three- and four-region drought 

categories. Bar color indicates the associated forced model simulation or reconstruction.  

Figure 11: Ranges in the number of drought years (PDS ≤ -0.5) for each pan-continental 

drought type. This was calculated for a sliding 100-year window across the model record 
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or reconstruction. Box plot color indcates the associated forced model simulation or 

reconstruction. 

Figure 12: Mean values of climate indices during pan-continental drought years (PDS ≤ -

0.5) for the full control simulations and the overlapping period between the observed SST 

dataset and the NADA (1854-2005 C.E.). The top panel is the Niño3.4 index, the middle 

panel is the PDO index, and the bottom panel is the AMO index. Significance at the 90% 

level is indicated by an asterisk and was calculated using the resampling test described in 

Section 2c. Unlike in previous figures, drought years were not allowed to overlap between 

the three- and four-region droughts. 

Figure 13: The observed DJF Niño3.4, DJF PDO and JJA AMO indices for the period 1854-

2005 C.E. are plotted as solid black lines in the left panels. For the PDO and AMO the filled 

regions (red for positive, blue for negative) are the smoothed time-series using a ten-year 

LOWESS spline, while for the Niño3.4 index the filled regions are the unfiltered interannual 

data. The timing of each pan-continental drought occurrence is indicated with a grey bar 

(all five types of pan-continental drought are considered together).  The right panel plots 

the posterior distribution of the frequency of pan-continental drought occurrence (all types 

considered together) for the full data (black) and for the subset of data with a positive AMO 

(red), negative PDO (blue), or negative Niño3.4 (green) index and years with combinations 

of two or all three of these conditions. The distributions for combinations of two conditions 

are dashed using the two respective colors while the distribution for the combination of all 

three conditions is plotted in purple. The distributions were computed using a Bayesian 
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framework with an uninformative prior and pan-continental drought occurrence treated as 

a Bernoulli process. 

Figure 14: The posterior distributions for each model of the frequency of pan-continental 

drought occurrence (all types considered together) for the full data (black) and for the 

subset of data with a positive AMO (red), negative PDO (blue), or negative Niño3.4 (green) 

index and years with combinations of two or all three of these conditions. The distributions 

for combinations of two conditions are dashed using the two respective colors while the 

distribution for the combination of all three conditions is plotted in purple. The 

distributions were computed using a Bayesian framework with an uninformative prior and 

pan-continental drought occurrence treated as a Bernoulli process.  
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Figure	  1:	  Correlations	  between	  gridpoint	  PDSI	  from	  the	  NADA	  or	  models	  and	  the	  DJF	  
Niño3.4	  index	  (top	  panels),	  the	  DJF	  Pacific	  Decadal	  Oscillation	  index	  (PDO-‐middle	  panel),	  
and	  the	  JJA	  Atlantic	  Multidecadal	  Oscillation	  index	  (AMO-‐bottom	  panel).	  For	  the	  PDO	  and	  
AMO,	  correlations	  are	  based	  on	  filtered	  (10-‐year	  LOWESS)	  PDSI	  and	  climate	  indices.	  The	  
observed-‐reconstruction	  correlations	  (RECON)	  are	  from	  the	  overlapping	  period	  (1854-‐
2005)	  between	  the	  NADA	  and	  the	  observed	  SST	  dataset	  [Smith	  and	  Reynolds,	  2003]	  and	  
the	  observed	  correlations	  (OBS)	  are	  from	  the	  1950-‐2005	  period	  in	  an	  observed	  PDSI	  
dataset	  [Dai,	  2004]	  and	  the	  same	  SST	  dataset.	  For	  the	  models,	  the	  teleconnection	  pattern	  
was	  calculated	  for	  a	  sliding	  152-‐year	  window	  (the	  length	  of	  the	  observed	  record).	  The	  
plotted	  pattern	  is	  the	  152-‐year	  segment	  with	  the	  teleconnection	  pattern	  that	  best	  matches	  
the	  observed-‐reconstruction	  pattern	  as	  determined	  by	  the	  CPCS	  between	  the	  two	  fields.	  
The	  middle	  panel	  shows	  the	  range	  in	  CPCS	  between	  the	  model	  pattern	  for	  each	  152-‐year	  
segment	  and	  the	  observed-‐reconstruction	  pattern.	  	  The	  bottom	  panel	  shows	  the	  range	  in	  
the	  sum	  of	  squared	  correlation	  coefficients	  over	  North	  America	  for	  the	  model	  segments	  
with	  the	  value	  from	  the	  observations	  and	  observation-‐to-‐reconstruction	  plotted	  as	  dashed	  
grey	  and	  black	  lines,	  respectively.	  
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Figure	  2:	  (left	  panels)	  Correlation	  between	  the	  DJF	  Niño3.4	  index	  and	  the	  DJF	  SST	  field	  for	  
each	  model	  and	  the	  observed	  SST	  dataset.	  The	  autocorrelation	  of	  the	  Niño3.4	  index	  for	  1-‐6	  
year	  lags	  is	  plotted	  in	  the	  right	  panels	  with	  the	  red	  line	  indicating	  significance	  at	  the	  95%	  
level	  (two	  times	  the	  large-‐lag	  standard	  error).	  The	  plotted	  domain	  is	  0°W-‐0°E,	  40°S-‐40°N.	  
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Figure	  3:	  (left	  panels)	  The	  PDO	  pattern	  for	  each	  model	  and	  the	  observed	  SST	  dataset,	  
calculated	  as	  the	  correlation	  between	  the	  DJF	  PDO	  index	  and	  the	  DJF	  SST	  field.	  The	  
autocorrelation	  of	  the	  PDO	  index	  for	  1-‐6	  year	  lags	  is	  plotted	  in	  the	  right	  panels	  with	  the	  red	  
line	  indicating	  significance	  at	  the	  95%	  level	  (two	  times	  the	  large-‐lag	  standard	  error).	  These	  
values	  are	  plotted	  for	  both	  the	  control	  (black)	  and	  forced	  (blue)	  simulations	  from	  each	  
model.	  The	  plotted	  domain	  is	  0°W-‐0°E,	  20°S-‐70°N.	  
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Figure	  4:	  (left	  panels)	  Correlation	  between	  the	  JJA	  AMO	  index	  and	  the	  JJA	  SST	  field	  for	  each	  
model	  and	  the	  observed	  SST	  dataset.	  The	  autocorrelation	  of	  the	  AMO	  index	  for	  1-‐6	  year	  
lags	  is	  plotted	  in	  the	  right	  panels	  with	  the	  red	  line	  indicating	  significance	  at	  the	  95%	  level	  
(two	  times	  the	  large-‐lag	  standard	  error).	  These	  values	  are	  plotted	  for	  both	  the	  control	  
(black)	  and	  forced	  (blue)	  simulations	  from	  each	  model.	  The	  plotted	  domain	  is	  180°W-‐
180°E,	  20°S-‐70°N.	  
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Figure	  5:	  (top	  panel)	  The	  range	  in	  the	  CPCS	  between	  the	  simulated	  ENSO,	  PDO	  and	  AMO	  
spatial	  patterns	  calculated	  for	  a	  sliding	  125-‐year	  window	  (length	  of	  the	  observed	  SST	  
dataset)	  across	  the	  full	  model	  simulations	  and	  the	  observed	  spatial	  patterns.	  The	  observed	  
target	  patterns	  are	  plotted	  in	  the	  bottom	  panel.	  The	  plotted	  domain	  is	  0°W-‐0°E,	  30°S-‐80°N.	  
The	  boxes	  over	  which	  the	  CPCS	  values	  were	  calculated	  for	  each	  region	  are	  designated	  by	  
the	  black	  dashed	  lines.	  
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Figure	  6:	  The	  variance	  of	  the	  Niño3.4	  index	  (left	  panel),	  percent	  variance	  explained	  in	  
Pacific	  SSTs	  by	  the	  PDO	  mode	  of	  variability	  (middle	  panel),	  and	  variance	  of	  the	  10-‐year	  low	  
pass	  filtered	  AMO	  index	  (right	  panel).	  These	  were	  computed	  for	  each	  full	  control	  run	  and	  
for	  the	  observed	  dataset	  over	  the	  period	  1854-‐2005	  C.E.	  
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Figure	  7:	  Drought	  recurrence	  intervals	  for	  each	  region.	  Reconstruction	  results	  are	  shown	  in	  
black.	  Model	  results	  are	  shown	  in	  color,	  where	  the	  lighter	  shaded	  bars	  of	  the	  paired	  colors	  
represent	  the	  recurrence	  value	  for	  a	  control	  simulation	  from	  each	  model,	  while	  the	  darker	  
shaded	  bars	  are	  from	  the	  associated	  forced	  simulation.	  	  
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Figure	  8:	  Drought	  recurrence	  intervals	  for	  each	  type	  of	  pan-‐continental	  drought.	  
Reconstruction	  results	  are	  shown	  in	  black.	  Model	  results	  are	  shown	  in	  color,	  where	  the	  
lighter	  shaded	  bars	  of	  the	  paired	  colors	  represent	  the	  recurrence	  value	  for	  a	  control	  
simulation	  from	  each	  model,	  while	  the	  darker	  shaded	  bars	  are	  from	  the	  associated	  forced	  
simulation.	  To	  maintain	  consistency	  with	  Cook	  et	  al.	  [2014],	  drought	  years	  were	  allowed	  to	  
overlap	  between	  the	  three-‐	  and	  four-‐region	  droughts.
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Figure	  9:	  (top	  five	  rows)	  PDSI	  composite	  or	  average	  over	  all	  pan-‐continental	  drought	  years	  
(PDSI≤	  -‐0.5)	  of	  each	  type.	  The	  bottom	  panel	  is	  the	  range	  in	  CPCS	  for	  individual	  droughts	  
with	  the	  NADA	  composite	  pattern.	  Boxplot	  color	  indicates	  the	  associated	  control	  model	  
simulation	  or	  reconstruction.	  Unlike	  in	  previous	  figures,	  drought	  years	  were	  not	  allowed	  to	  
overlap	  between	  the	  three-‐	  and	  four-‐region	  droughts.	  
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Figure	  10:	  Number	  of	  pan-‐continental	  drought	  years	  (PDSI≤	  -‐0.5)	  in	  each	  century	  relative	  
to	  the	  mean	  number	  of	  droughts	  per	  century	  between	  1000-‐2000	  C.E.,	  calculated	  for	  all	  
possible	  types	  of	  pan-‐continental	  drought.	  To	  maintain	  consistency	  with	  Cook	  et	  al.	  [2014],	  
drought	  years	  were	  allowed	  to	  overlap	  between	  the	  three-‐	  and	  four-‐region	  drought	  
categories.	  Bar	  color	  indicates	  the	  associated	  forced	  model	  simulation	  or	  reconstruction.	  	  
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Figure	  11:	  Ranges	  in	  the	  number	  of	  drought	  years	  (PDSI≤	  -‐0.5)	  for	  each	  pan-‐continental	  
drought	  type.	  This	  was	  calculated	  for	  a	  sliding	  100-‐year	  window	  across	  the	  model	  record	  
or	  reconstruction.	  Box	  plot	  color	  indcates	  the	  associated	  forced	  model	  simulation	  or	  
reconstruction.	  	  
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Figure	  12:	  Mean	  values	  of	  climate	  indices	  during	  pan-‐continental	  drought	  years	  (PDSI≤	  -‐
0.5)	  for	  the	  full	  control	  simulations	  and	  the	  overlapping	  period	  between	  the	  observed	  SST	  
dataset	  and	  the	  NADA	  (1854-‐2005	  C.E.).	  The	  top	  panel	  is	  the	  Niño3.4	  index,	  the	  middle	  
panel	  is	  the	  PDO	  index,	  and	  the	  bottom	  panel	  is	  the	  AMO	  index.	  Significance	  at	  the	  90%	  
level	  is	  indicated	  by	  an	  asterisk	  and	  was	  calculated	  using	  the	  resampling	  test	  described	  in	  
Section	  2c.	  Unlike	  in	  previous	  figures,	  drought	  years	  were	  not	  allowed	  to	  overlap	  between	  
the	  three-‐	  and	  four-‐region	  droughts.	  
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Figure	  13:	  The	  observed	  DJF	  Niño3.4,	  DJF	  PDO	  and	  JJA	  AMO	  indices	  for	  the	  period	  1854-‐
2005	  C.E.	  are	  plotted	  as	  solid	  black	  lines	  in	  the	  left	  panels.	  For	  the	  PDO	  and	  AMO	  the	  filled	  
regions	  (red	  for	  positive,	  blue	  for	  negative)	  are	  the	  smoothed	  time-‐series	  using	  a	  ten-‐year	  
LOWESS	  spline,	  while	  for	  the	  Niño3.4	  index	  the	  filled	  regions	  are	  the	  unfiltered	  interannual	  
data.	  The	  timing	  of	  each	  pan-‐continental	  drought	  occurrence	  is	  indicated	  with	  a	  grey	  bar	  
(all	  five	  types	  of	  pan-‐continental	  drought	  are	  considered	  together).	  	  The	  right	  panel	  plots	  
the	  posterior	  distribution	  of	  the	  frequency	  of	  pan-‐continental	  drought	  occurrence	  (all	  types	  
considered	  together)	  for	  the	  full	  data	  (black)	  and	  for	  the	  subset	  of	  data	  with	  a	  positive	  AMO	  
(red),	  negative	  PDO	  (blue),	  or	  negative	  Niño3.4	  (green)	  index	  and	  years	  with	  combinations	  
of	  two	  or	  all	  three	  of	  these	  conditions.	  The	  distributions	  for	  combinations	  of	  two	  conditions	  
are	  dashed	  using	  the	  two	  respective	  colors	  while	  the	  distribution	  for	  the	  combination	  of	  all	  
three	  conditions	  is	  plotted	  in	  purple.	  The	  distributions	  were	  computed	  using	  a	  Bayesian	  
framework	  with	  an	  uninformative	  prior	  and	  pan-‐continental	  drought	  occurrence	  treated	  as	  
a	  Bernoulli	  process.	  
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Figure	  14:	  The	  posterior	  distributions	  for	  each	  model	  of	  the	  frequency	  of	  pan-‐continental	  
drought	  occurrence	  (all	  types	  considered	  together)	  for	  the	  full	  data	  (black)	  and	  for	  the	  
subset	  of	  data	  with	  a	  positive	  AMO	  (red),	  negative	  PDO	  (blue),	  or	  negative	  Niño3.4	  (green)	  
index	  and	  years	  with	  combinations	  of	  two	  or	  all	  three	  of	  these	  conditions.	  The	  distributions	  
for	  combinations	  of	  two	  conditions	  are	  dashed	  using	  the	  two	  respective	  colors	  while	  the	  
distribution	  for	  the	  combination	  of	  all	  three	  conditions	  is	  plotted	  in	  purple.	  The	  
distributions	  were	  computed	  using	  a	  Bayesian	  framework	  with	  an	  uninformative	  prior	  and	  
pan-‐continental	  drought	  occurrence	  treated	  as	  a	  Bernoulli	  process.	  
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