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Abstract 28 

 The objective of this paper is to review statistical methods, dynamics, modeling efforts, 29 

and trends related to temperature extremes, with a focus upon extreme events of short duration 30 

that affect parts of North America. These events are associated with large scale meteorological 31 

patterns (LSMPs).  The statistics, dynamics, and modeling sections of this paper are written to 32 

be autonomous and so can be read separately. 33 

 Methods to define extreme events statistics and to identify and connect LSMPs to 34 

extreme temperature events are presented. Recent advances in statistical techniques connect 35 

LSMPs to extreme temperatures through appropriately defined covariates that supplement more 36 

straightforward analyses.  37 

 Various LSMPs, ranging from synoptic to planetary scale structures, are associated with 38 

extreme temperature events. Current knowledge about the synoptics and the dynamical 39 

mechanisms leading to the associated LSMPs is incomplete. Systematic studies of: the physics 40 

of LSMP life cycles, comprehensive model assessment of LSMP-extreme temperature event 41 

linkages, and LSMP properties are needed. 42 

 Generally, climate models capture observed properties of heat waves and cold air 43 

outbreaks with some fidelity. However they overestimate warm wave frequency and 44 

underestimate cold air outbreak frequency, and underestimate the collective influence of low-45 

frequency modes on temperature extremes.  Modeling studies have identified the impact of 46 

large-scale circulation anomalies and land-atmosphere interactions on changes in extreme 47 

temperatures. However, few studies have examined changes in LSMPs to more specifically 48 

understand the role of LSMPs on past and future extreme temperature changes. Even though 49 

LSMPs are resolvable by global and regional climate models, they are not necessarily well 50 

simulated.  51 
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 The paper concludes with unresolved issues and research questions. 52 
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Keywords large scale meteorological patterns for temperature extremes; heat waves; hot 54 

spells; cold air outbreaks; cold spells; statistics of temperature extremes; dynamics of heat 55 

waves; dynamics of cold air outbreaks; dynamical modeling of temperature extremes; statistical 56 

modeling of extremes, trends in temperature extremes 57 
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1 Introduction to temperature extremes  59 

 60 

Temperature extremes have large societal and economic consequences.  While many heat 61 

waves are short-lived, longer events can have a large economic cost. Cold air outbreaks 62 

(CAOs) tend to be short-lived but carry large economic losses. Timing of the CAOs can be more 63 

important than the minimum temperatures of the freeze; during 4-10 April 2007 low 64 

temperatures across the South caused $2B in agricultural losses since many crops were in 65 

bloom or had frost sensitive buds or nascent fruit (Gu et al. 2008). The event also exemplifies 66 

how monthly means can be misleading: April 2007 average temperatures were near normal. In 67 

short, both hot spells (HSs) and CAOs have great societal importance and they are short-term 68 

events that do not necessarily appear in monthly mean data. 69 

 This report focuses on short-term (five-day or less) extreme temperature events 70 

occurring in some part of North America. Temperature extremes considered in this paper 71 

include both short-term hottest days (warm season) and CAOs (winter and spring) as these 72 

have the greatest impacts. Such events, both observed and simulated, have received 73 

considerable attention (including research papers, e.g. Meehl and Tebaldi 2004; and active 74 

websites: http://www.esrl.noaa.gov/psd/ipcc/extremes/ , http://www.ncdc.noaa.gov/extremes/cei/ 75 

, and  http://gmao.gsfc.nasa.gov/research/subseasonal/atlas/Extremes.html). However, the 76 

emphasis here is on the less well understood context for the extreme events. Our primary 77 

context is the large-scale meteorological patterns (LSMPs) that accompany these extreme 78 

events.  79 

 Temperature extreme events are usually linked to large displacements of air masses 80 

that create a large amplitude wave pattern (here called an LSMP). LSMPs have a spatial scale 81 

bigger than mesoscale systems but smaller than the near-global scale of some modes of 82 
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climate variability. The LSMP often has some portion that is superficially similar to a blocking 83 

ridge, so a blocking index can be an LSMP indicator (Sillmann et al. 2011). Extreme events 84 

have also been linked to circulation indices like the North Atlantic Oscillation (NAO) (Downton 85 

and Miller 1993; Cellitti et al. 2006; Brown et al. 2008; Kenyon and Hegerl 2008; Guirguis et al. 86 

2011) the Madden-Julian Oscillation (MJO) (Moon et al. 2011) and El Niño / Southern 87 

Oscillation (ENSO) (Downton and Miller 1993; Higgins et al. 2002; Carrera et al. 2004; Meehl et 88 

al. 2007; Goto-Maeda et al. 2008; Kenyon and Hegerl 2008; Alexander et al. 2009; Lim and 89 

Schubert 2011). However, LSMPs are likely distinct from climate modes for several reasons. 90 

First, named climate modes such as the NAO are common modes of variability, whereas the 91 

LSMP is presumably as rare as the associated extreme event. Second, climate modes occur on 92 

a longer time scale than the LSMPs for the short-term events focused upon in this article. 93 

However, it is possible that an extreme event might occur when a climate mode has transient 94 

extreme magnitude or is amplified in association with another low frequency phenomenon. 95 

Third, tested LSMP patterns are not that similar to climate modes. In correlating eight NOAA 96 

teleconnection patterns (http://www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml) and 97 

California LSMPs and in assessing the PNA contribution to last winter’s extreme cold in eastern 98 

North America (neither shown here), we do not find notable contribution from such modes. 99 

Several studies identified the LSMPs associated with specific extreme hot events (Grotjahn and 100 

Faure 2008; Loikith and Broccoli 2012) and CAO events (Konrad 1996; Carrera et al. 2004; 101 

Grotjahn and Faure 2008; Loikith and Broccoli 2012). Parts of these LSMPs tend to 102 

be uniquely associated with the corresponding extreme weather and those parts have 103 

some predictability (Grotjahn 2011).  104 

 The LSMPs for extreme events are not fully understood for different parts of North 105 

America. Also, local processes: topography, soil moisture, etc. play key roles but there is a 106 

knowledge gap in how well climate models simulate the LSMPs as well as these local 107 
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processes and how the local and global modes interact with LSMPs. Bridging these knowledge 108 

gaps will reduce the uncertainty of future projections and drive model improvements. 109 

 Now is an opportune time to summarize critical issues and key gaps in understanding 110 

temperature extremes variability and trends because: 1) it is not known if current climate models 111 

used for future projections are producing extremes via the correct dynamical mechanisms, 112 

which directly impacts confidence in projections, and 2) knowledge of the LSMPs can improve 113 

downscaling (statistical or dynamical) by focusing attention on large scale patterns that are 114 

fundamental to the occurrence of the extreme event. Conversely, global models that do not 115 

reproduce the magnitude or duration of extreme temperature events accurately may still capture 116 

the correct LSMPs and facilitate downscaling. Finally, there is now sufficient preliminary work 117 

and growing interest to make a summary valuable. 118 

 From the LSMP context, the objectives of this review are surveys of: relevant statistical 119 

tools for extreme value analysis (section 2), synoptic and dynamical interactions between 120 

LSMPs and other scales from local to global (section 3), model simulation issues (section 4), 121 

trends in these temperature extremes (section 5), and various open questions (summary 122 

section). Different readers may be interested in different surveys. Accordingly, the sections are 123 

autonomous allowing a reader to skip to a particular section(s) of interest. 124 

 125 

2 Extreme statistics and associated large scale meteorological patterns (LSMPs) 126 

 127 

2.1 Definitions of extreme events 128 

 129 
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The Expert Team on Climate Change Detection and Indices (ETCCDI) under the auspices of 130 

the World Meteorological Organization’s CLIVAR program provide a useful, but somewhat 131 

incomplete starting point to explore the relationship between extreme temperatures and LSMPs. 132 

The ETCCDI indices as well as software to calculate them are available at 133 

http://etccdi.pacificclimate.org and are described in Alexander et al. (2006). The ETCCDI 134 

temperature indices are summarized in Table 1 and are designed for detecting and attributing 135 

human effects on extreme weather and do not necessarily represent particularly rare events. 136 

However, extreme value statistical methodologies can be applied to quantify the behavior of the 137 

tails of the distribution of certain ETCCDI indices and reveal insight into truly rare events (Brown 138 

et al. 2008; Peterson et al. 2013). Another common statistical measure is the return value (or 139 

level). Under a changing climate, the return value can be interpreted as an extreme quantile of 140 

the temperature distribution that varies over time (e.g., the twenty-year return value may be 141 

interpreted as that value that has a 5% chance of being exceeded in a particular year). Trends 142 

in these measures of extreme temperature are detectible at the global scale (Brown et al. 2008) 143 

and have been attributed to human emissions of greenhouse gases (Christidis et al. 2005). At 144 

local scales, increases and decreases are observed reflecting the significant amount of natural 145 

variability in extreme temperatures.  146 

 Figure 1 shows observed trends over North America from 1950-2007 in twenty-year 147 

return values of the hottest/coldest days and hottest/coldest nights. The temperature of very 148 

cold nights (figure 1d) exhibits pronounced warming over the entire continent as does the 149 

temperature of very cold days (figure 1b). The pattern of changes in the temperature of very hot 150 

days (figure 1a) and very hot nights (figure 1c) follows that of average temperature change with 151 

strong cooling in the southeastern United States. This “warming hole” has been linked to sea 152 

surface temperature patterns in the equatorial Pacific (Meehl et al. 2007) and changes in 153 

anthropogenic aerosols in the eastern U.S. (Leibensperger et al. 2012). Changes are more 154 
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pronounced at the higher latitudes, except in Quebec and Newfoundland. This analysis extends 155 

the work of Peterson et al. (2013) and uses annual anomalies to define the extreme indices. 156 

Although illustrative of the statistical techniques, analyses of annualized measures of extreme 157 

temperature cannot identify associated LSMPs that develop and dissipate on a much shorter 158 

time scale. Furthermore, events of high and low impact are better separated in seasonal 159 

analyses.  160 

 161 

2.2 Application of extreme value statistical techniques 162 

 163 

The observed changes in figure 1 are calculated using a time-dependent point process 164 

approach to fit “peaks over threshold” statistical models (Coles 2001). In this case, the 165 

extension of stationary extreme value methods to a time-dependent formalism used time as a 166 

“covariate” quantity to the ETCCDI indices (Kharin et al. 2013). A principal advantage of a fully 167 

time dependent formalism over a quasi-stationary approximation (Wehner 2004) is that the 168 

amount of data used to calculate extreme value parameters is substantially increased, resulting 169 

in higher quality fitted distributions and hence more accurate estimates of long period return 170 

values. Calculations involving climate model output gain additional statistical accuracy by using 171 

multiple realizations from ensembles of simulations, provided they are independent and 172 

identically distributed. 173 

 The “block maxima” and “peaks over threshold” methods to fit the tails of the 174 

distributions of random variables are asymptotic formalisms (Coles 2001). In this terminology, 175 

“block maxima” refers to use of only the maximum value during each “block” of time, usually a 176 

single season or year. The resulting Generalized Extreme Value (GEV) or Poisson and 177 

Generalized Pareto Distributions (GPD) are both three parameter functions and can be 178 
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transformed between each other. Hence provided that the data used to fit a distribution are in 179 

the “asymptotic regime”, i.e. far out in the tail of the distribution, the two methods are equivalent.  180 

Uncertainty in the estimate of long period temperature return values resulting from limited 181 

sample size can be appreciable and may be as large as that from unforced internal variability 182 

(Wehner 2010). However, variations in these estimates from multi-model datasets such as 183 

CMIP3/5 are generally significantly larger.  184 

 Confidence in the estimates of the statistical properties of the tail of the parent 185 

distribution of a random variable can be ascertained by exploring the sensitivity to the sample 186 

size used to fit the extreme value distribution. For block maxima methods, the length of the 187 

block is a season (or effectively so for temperature if the block length is a year). Lengthening the 188 

block makes the sample size smaller; shortening it makes the sample size larger since only one 189 

extreme value is drawn from each block. Such sensitivities are somewhat more straightforward 190 

to explore with peaks over threshold (POT) methods. Typical thresholds may be chosen 191 

between 80% and 99% depending on the size of the parent distribution that the extreme values 192 

are drawn from. However, standard POT methods may not discriminate between extreme 193 

values that occur at successive dates when the individual extreme values may not be truly 194 

independent. In these cases, declustering techniques (Coles 2001) are applied to avoid biased 195 

(low) estimates of the uncertainty. The trends in extreme temperature shown in figure 1 are 196 

calculated using such a declustering technique and a POT formalism with time as a linear 197 

covariate. An alternative approach retains possibly dependent consecutive extremes, adjusting 198 

the estimates of uncertainty through either resampling or more advanced techniques for 199 

quantifying extremal dependence (e.g., Fawcett and Walshaw 2012). Furthermore, LSMPs 200 

responsible for extreme events can be formed using only the dates of the onset of the event. 201 

(e.g. Grotjahn and Faure 2008; Bumbaco et al. 2013) reducing the risk of autocorrelated 202 

extremes. In the cited studies, a 5 day gap was typically required between events. Low 203 
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frequency factors (or climate modes), such as ENSO, are best treated using the previously 204 

mentioned covariate techniques.  205 

 Some of the advantages and challenges of applying statistical methods based on 206 

extreme value theory to analyze non-stationary climate extremes have been pointed out 207 

previously (e.g., Katz 2010), but are still not necessarily well appreciated by the climate science 208 

community. Conventional approaches tend to be either: (i) less informative (e.g., analyzing only 209 

the frequency of exceeding a high threshold, not the excess over the threshold and not 210 

measuring the intensity of the event); or (ii) less realistic (e.g., based on assumed distributions 211 

such as the normal that may fit the overall data well, but not necessarily the tails). When relating 212 

extremes to LSMPs, standard regression approaches would not quantify the uncertainty in the 213 

relationship as realistically as using extremal distributions with covariates. Challenges in 214 

extreme value methods include specifying the dependence on LSMPs of the parameters of the 215 

extremal distributions in a manner consistent with our dynamical understanding. Moreover, heat 216 

waves and CAOs are relatively complex forms of extreme events, some of whose 217 

characteristics can be challenging to incorporate into the framework of extreme value statistics 218 

(Furrer et al. 2010). Finally, another advantage of the POT approach over the block maxima 219 

approach is being able to incorporate daily indices of LSMPs as covariates (not just monthly or 220 

seasonally aggregated indices). 221 

 222 

2.3 Identification of LSMPs related to extreme temperatures 223 

 224 

Several methods have been used to identify LSMPs that occur in association with extreme 225 

temperature events. These methods and their properties are summarized in Table 2. The text 226 

summarizes each method, its advantages and its disadvantages. 227 
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 228 

2.3.1 Composites 229 

Composite methods define the LSMP using a target ensemble average. The values at a grid 230 

point for a field on specified ‘target’ dates are averaged together. These dates might be when a 231 

temperature event begins (onset dates) defined as when some parameter(s) first meet some 232 

threshold and duration criteria. Table 3 illustrates various threshold and duration criteria that 233 

have been used to identify short-term extremely hot events. The different definitions yield 234 

somewhat different dates and results. A definition using a physiological hazard (Robinson 2001) 235 

might not be satisfied at night in the coastal and some inland regions of the West, even though 236 

the daytime temperature threshold is well exceeded. Lower thresholds (90th percentile) generate 237 

more events thus increasing the sample size that can improve the statistical fit, though the 238 

behavior of the highest 1% may not be well fit. Similarly, the number of stations (or the size of 239 

the area over which those stations occur) impacts which dates are identified, even for regions 240 

that would seem to be meteorologically consistent; for example, which stations and how many 241 

are included from the Central Valley of California changes which dates exceed a threshold. 242 

Also, different definitions target different purposes: Grotjahn and Faure were interested in the 243 

LSMPs at the onset of the hottest events while Meehl and Tebaldi were interested in finding the 244 

longest duration events of some importance. The number of dates averaged equals the number 245 

of ensemble members. 246 

 Compositing has several advantages. One can track LSMP formation by compositing 247 

fields with respect to the onset time of each event. Meteorologically relevant full fields (or 248 

anomalies) are obtained and composite analyses are constructed to obtain information on the 249 

synoptic and dynamical time evolution. The method is non-parametric in that it does not make 250 

any assumption about the pattern or the event statistics. Unlike some other methods, criteria 251 
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can be applied (typically a minimum waiting period between events) to ensure events are 252 

independent. Significance can be assessed using a bootstrap resampling procedure where the 253 

target ensemble value at a grid point is compared to the distribution of values at that grid point 254 

found from a large number of ‘random ensembles’ (each of which uses the same number but 255 

randomly-chosen dates). Values above (or below) a threshold of the random ensemble 256 

distribution imply significantly high (low) values at that grid point. For example, a target 257 

ensemble value equal or higher than the top 10 of 1000 random ensemble values at that point is 258 

significant at approximately the 99% level. Figure 2 shows the LSMPs for California Central 259 

Valley cold air outbreaks and heat waves obtained by this method, including bootstrap 260 

resampling significance. 261 

 Compositing has some disadvantages that can be addressed. The identification of the 262 

extreme event dates must be done separately and before the compositing. The composite 263 

produces one target ensemble average (for a specific field and level) for each set of target 264 

dates. If more than one LSMP can produce the extreme event, then that must be identified 265 

either with one or more additional criteria when choosing dates or identified by examining 266 

(perhaps qualitatively) the maps for each individual member of the target ensemble. A 267 

procedure like adding the number of positive and subtracting the number of negative anomaly 268 

values at a grid point in the target ensemble members (called the ‘sign count’ in Grotjahn 2011) 269 

can assist with identifying multiple patterns. (If the sign count equals the number of ensemble 270 

members, then all members have the same sign of the anomaly field at that location.) Lee and 271 

Grotjahn (2015) apply a cluster analysis to distinctly different parts of LSMPs prior to California 272 

heat waves and identify two ways the onset LSMPs form. 273 

 274 

2.3.2 Regression 275 
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 276 

Regression estimates one quantity (the predictand) using a function of one or more other 277 

quantities (the predictors). The method is often parametric in assuming a specific function 278 

relates a predictor to the predictand (but nonparametric methods exist, too).  An example 279 

predictor might be daily minimum surface temperature and the predictand might be 700 hPa 280 

level meridional wind. At each grid point the value of the predictand can be estimated using a 281 

polynomial function of the predictor, where the coefficients of that polynomial are calculated to 282 

minimize a squared difference between actual predictand values and polynomial values at that 283 

grid point. In general, the coefficients differ from grid point to grid point. To find the LSMP in this 284 

example of extreme cold events, the polynomial can be used to construct the predictand at each 285 

grid point using a predictor value such as two standard deviations below normal. 286 

 The pattern obtained by regression can provide physical insights by directly linking the 287 

patterns in the predictand to extremes in the predictor. For example, lower tropospheric (700 288 

hPa) winds prior to a California CAO flow from northern Alaska and northern western Canada to 289 

reach California without crossing over the Pacific Ocean. Regression can be used to examine 290 

patterns leading up to (or after) event onset dates by offsetting in time the predictor values from 291 

the predictand values when calculating the regression coefficients. The LSMP is again the 292 

resultant predictand when the predictor is at some specified value (e.g. predictor equals two 293 

standard deviations below normal). Significance can be estimated by rejecting a null hypothesis 294 

(e.g. that the regression coefficient is zero at the 1% level using a student’s t test).  295 

 One disadvantage of regression is that the assumption of a specific polynomial to 296 

represent how the predictand varies relative to the predictor. The fit of the regression line 297 

(polynomial) to extreme values may be notably altered by the order of the polynomial assumed. 298 

Regression, like composites, only finds one pattern. Regression does not incorporate event 299 

13 

 



duration criteria (such as: the event must last at least 3 days). Regression treats all dates as 300 

independent, which they are not likely to be; however this can be somewhat mitigated by sub-301 

sampling the data (e.g. only use every fifth day). Subsampling might be combined with low pass 302 

filtering to aggregate the mixture of onset and during-event dates. Another disadvantage is that 303 

a portion of the pattern may be highly significant but only have small correlation to the predictor.  304 

 305 

2.3.3. Empirical Orthogonal Functions 306 

 307 

Empirical Orthogonal Functions (EOFs) or Principal Components (PCs) can be used to identify 308 

LSMPs for extreme events. EOFs are the eigenfunctions of a matrix formed from the covariance 309 

between grid points on maps. EOFs from all maps in a time record will be ordered based on the 310 

eigenfunctions responsible for the largest amount of variance between time samples. Such 311 

eigenfunctions are the most common modes of variability and so not likely to be LSMPs of 312 

extreme events that are rare (except as mentioned in the introduction). However, EOFs can be 313 

formed only from maps selected in reference to an extreme event, such as maps only on the 314 

target dates of events onset. (EOFs of common low frequency modes may influence short-term 315 

extreme events focused on in this paper, as discussed in section 3.1.) Weighting can be used 316 

for a variable grid spacing (such as occurs when using equal intervals of longitude across a 317 

range of latitudes). 318 

 An advantage of EOFs/PCs is the method finds multiple patterns, each of which is 319 

orthogonal (not a subset) of another pattern. The method can calculate the fraction of variability 320 

that is due to each EOF/PC. This approach is most often used with filtered data to find low 321 

frequency structures. This method is suitable for finding patterns leading up to and after the 322 

event by shifting the dates chosen by the event criteria (and only using those dates). In a study 323 
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of California Central Valley hot spells, Grotjahn (2011) found the leading EOF based on dates 324 

satisfying the criteria in Table 3 to be very similar to the corresponding ensemble mean 325 

composite. 326 

 A disadvantage is that the patterns found may depend on the domain chosen, though 327 

EOF ‘rotation’ may help. Also, each EOF may explain only a small fraction of the variance and 328 

no single EOF might be an LSMP thereby limiting physical insight. Different leading EOFs/PCs 329 

might have structures influenced by the required orthogonality and possibly not a pattern that 330 

occurs during an event. While the amount of variance associated with a given EOF is used to 331 

indicate the importance of the EOF, there is no inherent statistical significance test. Hence it can 332 

be unclear what portions of the EOF are significantly associated with the extreme event and 333 

what parts are not (and happen to reflect limited variation in the finite sample). 334 

 335 

2.3.4. Clustering Analysis 336 

 337 

Clustering analysis is terminology indicating a widely used partitioning procedure that identifies 338 

separate groups of objects having common structural elements. Clustering analysis has been 339 

used to classify distinct sets of LSMPs associated with extreme events (Park et al. 2011; 340 

Stephanon et al. 2012). When we have 100 historical hot spell events over a given region, not 341 

all extreme events may have the same LSMP on or prior to their onset. Some events may have 342 

a wave-like height field, others may have a dipole pattern, and still others may have a third 343 

pattern. Although detailed grouping procedures vary for every clustering technique, the basic 344 

concept is to minimize the overall distance between patterns among events in resultant groups. 345 

For example, the k-means clustering technique applies an iterative algorithm in which events 346 

are moved from one group to another until there is no additional improvement in minimizing the 347 
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squared Euclidean point-to-centroid distance in a group (Spath 1985; Seber 2008), where each 348 

centroid is the mean of the patterns in its cluster.  349 

 Output of clustering analysis is just the average field of events in each cluster, similar to 350 

the output from composite analysis. Unlike composite analysis in which members of clusters are 351 

pre-identified, the essential point of clustering analysis is to objectively classify events based on 352 

spatial pattern similarity. By applying cluster analysis to group similar onset patterns, one can 353 

isolate distinct dynamical origins of different extreme temperature events. Another advantage is 354 

that resultant clusters are based on physical maps without assumptions of orthogonality and 355 

symmetry such as in the mode separation by EOF/REOF. The robustness of a hot spell 356 

classification can be tested by a Monte Carlo test as follows. First one calculates a stability 357 

score that is the ratio of the number of verification period heat waves that are correctly attributed 358 

over the total number heat waves in the cluster. Second one estimates the probability density 359 

function (PDeF) of the null hypothesis that cluster assignment is purely random. Significance of 360 

each cluster can be estimated by rejecting a null hypothesis (e.g. stability score is located within 361 

highest 99% of PDeF).  362 

 A disadvantage of clustering analysis is that one pre-specifies the number of clusters 363 

(e.g. k in k-means clustering). Determining the number k is subjective if one does not have 364 

sufficient prior knowledge of related physical patterns.  There are several statistics to check the 365 

optimal number of k such as ‘distance of dissimilarity’ (Stephanon et al. 2012). Another 366 

disadvantage is the ambiguity of cluster assignment for certain events. Another disadvantage is 367 

the patterns of such events cannot be assigned clearly to one group over another group. Part of 368 

a pattern may resemble Cluster #1, while another part may be more similar to Cluster #2.  To 369 

avoid ascribing some marginal events to specific clusters, probabilistic clustering methods (e.g. 370 

Smyth 1998) are developed, which suggests the possibility (e.g. percentage) that an event 371 

could be assigned to each cluster rather than assigning it only to one cluster. If one increases 372 
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the cluster number, one can expect to decrease such ambiguity in classification. However, the 373 

point of clustering analysis is to give a physical insight with minimal groups and not to interpret 374 

every single episode.  375 

 376 

2.3.5. Self-Organizing Maps 377 

 378 

Self-Organizing Maps (SOMs; Kohonen 1995) are two-dimensional arrays of maps that display 379 

characteristic behavior patterns of a field (e.g., Cavazos 2000; Hewitson and Crane 2006; 380 

Gutowski et al. 2004; Cassano et al. 2007).  The SOM array is a discretization of the continuous 381 

pattern space occupied by the field examined. Thus, in contrast to clustering analysis, SOMs do 382 

not assume a clumping together of patterns, though such behavior can emerge if present in the 383 

input data. Figure 3 gives an example of a SOM array of synoptic weather patterns in sea level 384 

pressure over a region centered on Alaska.  Individual maps in the array represent nodes in a 385 

projection of this continuous space onto a two-dimensional surface, with the size of the array 386 

determined by the degree of spatial discretization of the SOM space one “feels” is needed for 387 

the analysis at hand.  The two dimensions show the two primary pattern transitions for the field 388 

examined.   Although one could, in principle, use more than two dimensions, typical practice in 389 

climatological work has used only two.   390 

 The input maps themselves determine the degree and types of pattern transitions, hence 391 

the “self-organizing” nature of the resulting array. The SOM node array is trained on a sequence 392 

of input maps through an artificial neural net technique. The SOM array does not necessarily 393 

favor the largest scales in the input data, but rather the scales most relevant to the field for the 394 

domain and resolution examined. Consequently, SOMs can extract nonlinear pattern changes in 395 

fields, such as shifts in strong gradients. In addition, the pattern at each node is essentially a 396 
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composite of input maps with similar spatial distribution for the field examined, so that patterns 397 

in the SOM array show archetypal patterns of the field examined and directly lend themselves to 398 

physical interpretation. Typically, the SOM array displays features having the highest temporal 399 

variance in the input data.  From this perspective, the SOM array is roughly akin to a 400 

transformation of a rotated EOF from spectral space back to physical space. 401 

 An advantage of SOMs is that one can identify the nodes where extreme events occur 402 

frequently and thus the physical behavior yielding extremes.  For example, extreme events may 403 

tend to cluster in a small portion of SOM space, thereby allowing identification of LSMPs 404 

yielding extreme events.  A further advantage is that if more than one group emerges in the 405 

SOM-space frequency distribution, then the grouping provides a SOM-determined segregation 406 

of different types of extreme events.  One can then focus analysis and composites of additional 407 

fields (e.g., precipitation, winds, temperature) on only events of the same type.   For example, 408 

Cassano et al. (2006) used SOMs of sea-level pressure patterns over Alaska to determine 409 

which synoptic weather patterns were responsible for extreme wind and temperature events at 410 

Barrow, Alaska.  They then found robust links between these large-scale synoptic weather 411 

patterns and local weather features (precipitation, winds, and temperature). One can construct 412 

estimates of the significance of differences in frequency distributions in SOM space through 413 

bootstrapping procedures to estimate the likelihood that frequency distributions are not simply 414 

the result of random, finite sampling of the pattern space.   Thus one can compare frequency 415 

distributions between a present and projected climate to assess potential climate changes in 416 

LSMPs, or between observational and model climates to assess similarity of observed and 417 

simulated LSMPs yielding extremes.   418 

 A disadvantage of SOMs is that the array size is pre-determined by the user, and there 419 

is no clear, objective guideline for selecting array size.  There are, however, some factors that 420 

can affect the array-size choice.  The issue of significance limits the degree of discretization 421 
18 

 



(number of nodes) one applies to the SOM space. Fine discretization will allow apparent 422 

detection of small differences in how different data sets occupy pattern space, but fine 423 

discretization will also render very noisy frequency distribution functions of the fields in SOM 424 

space, thus undermining detection of any significant differences.   Coarse discretization limits 425 

the ability of the SOM procedure to resolve features producing the extreme events, so a further 426 

disadvantage is that an insufficient array size may obscure grouping that may be present in the 427 

data.  The training method also requires specification of parameters that govern the training 428 

process.  A well-trained SOM is insensitive to these choices, but care is needed to ensure such 429 

a result. In addition, like some of the other methods described here, the extreme events are 430 

defined separately from the SOM analysis. 431 

 432 

2.3.6. Machine learning and other advanced techniques 433 

 434 

Looking to the future, we note that substantial progress has been made in the field of machine 435 

learning for extracting patterns from Big Data. Commercial organizations such as Google and 436 

Facebook rely on sophisticated, scalable analytics techniques for mining web-scale datasets. 437 

Both supervised and unsupervised machine learning tools could play an important role in 438 

extracting spatio-temporal patterns from climate datasets. The technique Deep Belief Networks 439 

(Salakhutdinov and Hinton 2012) has been applied with tremendous success to classifying 440 

objects in digital images (Krizhevsky et al. 2012) and speech recognition (Hinton et al. 2012). 441 

These methods have substantially outperformed existing techniques in the field with the same 442 

underlying learning algorithm. While these techniques have not yet been adapted for a 443 

multivariate spatio-temporal dataset (such as in climate), research efforts are currently 444 
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underway to evaluate the performance of such methods in extracting patterns as well as 445 

anomalies from datasets. It is too early to discern pros and cons fully for such methods. 446 

 447 

2.4 Including large scale patterns in extreme statistics 448 

 449 

Application of covariates in extreme value methods (termed “conditional extreme value 450 

analysis”) is relatively new to the climate science community, although it has been available to 451 

the larger statistics community for some time (Coles 2001). The basic idea of conditional 452 

extreme value analysis is to allow the extremal distribution to be dynamic; that is, shifting 453 

depending on the observed value of an index of a climate mode or LSMP (the index would be 454 

an example of a “covariate”). The book by Coles includes an example in which annual maximum 455 

sea level is related to a climate mode, the Southern Oscillation. In their study of changes in 456 

extreme daily temperatures, Brown et al. (2008) used the NAO as a covariate in addition to a 457 

trend component.  458 

 Such techniques have proven useful in connecting extreme temperatures to LSMPs. 459 

Sillmann  and Croci-Maspoli (2009) and Sillmann et al. (2011) used a blocking index as a 460 

covariate for extremely cold European winter temperatures and found that extreme value 461 

distributions (based on block minima) were better fit and long period return values were 462 

somewhat colder. Furthermore, they concluded that projected future extremely cold events in 463 

Europe were less influenced by atmospheric blocking because of projected shifts in North 464 

Atlantic blocking patterns. Photiadou et al. (2014) used a similar technique (but based on the 465 

POT approach rather than block maxima) to connect blocking and other indices to European 466 

high temperature events finding that while El Nino / Southern Oscillation (ENSO) does not exert 467 

much influence on extremely high temperature magnitudes or duration, the North Atlantic 468 
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Oscillation (NAO) and atmospheric blocking do. However to date, such covariate techniques 469 

relating atmospheric blocking to extreme temperatures have not been applied to North America. 470 

Many physically based covariate quantities potentially offer insight into the mechanisms behind 471 

extreme temperature events and the response to changes in the average climate. Good North 472 

American candidates for covariates include indices measuring modes of natural variability such 473 

as those describing the ENSO, the Pacific Decadal Oscillation (PDO), the NAO, the North 474 

Atlantic Subtropical High (NASH), and various blocking indices. 475 

 The ETCCDI indices were designed for climate change detection and attribution 476 

purposes rather than for exploring the mechanisms causing extreme events. They are not ideal 477 

for connecting extreme temperature events to LSMPs and they are not descriptive of particularly 478 

rare events. However, ETCCDI indices are designed to be robust over the observational record 479 

and have been calculated and described for CMIP5 models by Sillmann et al. (2013a) (see 480 

Table 1).   ETCCDI indices are intended to be applied globally and be meaningful in areas of 481 

sparse observations. The relatively dense network of North American observations since the 482 

beginning of the 20th century permits the construction of more specialized LSMP extreme 483 

indices linked to specific extreme events. Grotjahn (2011) defines an index that is an 484 

unnormalized projection of key parts of a target ensemble LSMP onto a daily map of the 485 

corresponding variable. (He combined such projections onto 850 hPa temperature and 700 hPa 486 

meridional wind to form his ‘circulation index’.) His target ensemble members are from dates 487 

satisfying criteria listed in Table 3. The key parts of the fields used are those where all the 488 

extreme events in the training period were consistent, at least in having the same anomaly sign. 489 

Grotjahn (2011) found that extreme values of such an index (based on upper air data) occurred 490 

on many of the same dates as extreme values of surface stations in the California Central 491 

Valley (CCV). Statistically significant relationships exist between extreme values of this 492 

circulation index and both the rate of CCV daily maximum temperature exceeding a high 493 
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threshold and the distribution of the excess over the threshold (Katz and Grotjahn 2014). 494 

Grotjahn (2013) used such an index to show that a particular climate model was notably under-495 

predicting the occurrence frequency (by half) of CCV hot spells. Grotjahn (2014) used such an 496 

index to show how that same model compared with a 55 year historical record and what the 497 

model implied for CCV hot spells during the last half of the 21st century under two 498 

representative concentration pathways (RCPs) of greenhouse gases. 499 

 500 

3.  Large Scale Meteorological Patterns related to Extreme Temperature Events 501 

 502 

Intraseasonal extreme temperature events (ETEs) are almost always associated with regional 503 

air mass excursions induced by circulation anomalies that are part of large-scale meteorological 504 

patterns (LSMPs).   LSMPs can include synoptic features (e.g., midlatitude cyclones; Konrad 505 

1996) that enhance the ETE and often with scales similar to a teleconnection pattern (though 506 

the nodes may not align and ETE onset, itself, may impact the teleconnection pattern, Cellitti et 507 

al. 2006). In some cases, the LSMP is interpreted as a juxtaposition of teleconnection patterns 508 

that leads to ETE events (Lim and Kim 2013).  Heuristically, the role of LSMPs in producing 509 

ETEs could be considered the result of either (1) a direct contribution to the large-scale 510 

circulation that facilitates the air mass excursion or (2) the indirect modulation of sub-scale 511 

variability, such as regional modulation of storm track behavior by blocking patterns.  Besides 512 

such dynamically driven impacts, there exist possible local impacts related to the interaction of 513 

the LSMP with local topography or coastline features, leading to possible local symmetries in 514 

the response pattern (e.g., Loikith and Broccoli 2012).  Current knowledge of the remote forcing, 515 

dynamics and local forcing of LSMPs associated with ETEs is summarized next. 516 

 517 
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3.1    Remote forcing of LSMPs and ETEs 518 

 519 

3.1.1 Connection to low frequency modes of climate variability. 520 

 521 

Numerous observational studies have ascertained that ETE behavior is modulated by recurring 522 

large scale teleconnection patterns, particularly during winter.  On intraseasonal time scales 523 

there is a substantial modulation of North American ETEs during winter by the Pacific-North 524 

American (PNA) pattern, North Atlantic (or Arctic) Oscillation (NAO or AO) and blocking patterns 525 

(Walsh et al. 2001, Cellitti et al. 2006, Guirguis et al. 2011). On interannual and longer time 526 

scales additional climate modes such as El Nino-Southern Oscillation (ENSO) and the Pacific 527 

Decadal Oscillation (PDO) are also implicated (Westby et al. 2013). General relationships that 528 

have emerged from these statistical analyses are illustrated in Fig. 4: The positive (negative) 529 

phase of the NAO favors the occurrence of warm (cold) events over the eastern (southeastern) 530 

United States.  The positive (negative) phase of the PNA tends to favor cold events over the 531 

southeastern (northwestern) US.  These connections to climate modes are neither unique nor 532 

independent. For example, the regional influence of the PNA pattern on ETEs largely mirrors 533 

that of both the PDO and ENSO (Fig. 4) since the midlatitude atmospheric signatures of both 534 

ENSO and the PDO project on the PNA pattern. Also, the prevalence of atmospheric blocking 535 

patterns is intrinsically linked to particular climate mode phases (Renwick and Wallace 1996).   536 

 There have been pronounced episodes of climate modes influencing ETEs during recent 537 

winters. Cold extremes over Europe and the southeastern United States during recent winters 538 

(2009-10 and 2010-11) were primarily accounted for by the anomalous blocking associated with 539 

persistent episodes of large amplitude negative phase of the NAO (Guirguis et al. 2011). There 540 

is also evidence of an important role for stationary Rossby wave patterns in contributing to North 541 
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American temperature extremes during summer (Schubert et al 2011; Wu et al. 2012). These 542 

wave patterns appear to arise from internal forcing associated with intraseasonal transient 543 

eddies (Schubert et al. 2011). 544 

 As discussed above, two more commonly recognized remote influences upon North 545 

American ETEs are associated with ENSO and the PDO (e.g., Westby et al. 2013), both 546 

involving local sea surface temperature anomalies and atmosphere-ocean coupling. These 547 

generally operate in conjunction with PNA-like teleconnection patterns that extend from the 548 

coupling region downstream into North America. Similar to the effect of climate modes, the 549 

impact of remote forcing upon warm season ETEs is partly limited by the relative inactivity and 550 

spatial extent of climate modes, which serve as horizontal pathways for Rossby wave energy 551 

between the remote forcing region and the local surface response (Schubert et al. 2011). 552 

 553 

3.1.2 Connection to sea ice and snow cover 554 

 555 

The atmospheric response to the Arctic sea ice reduction is thought to be Arctic warming and 556 

destabilization of the lower troposphere, increased cloudiness, and weakening of the poleward 557 

thickness gradient and polar jet stream (Francis et al. 2009; Outten and Esau 2012). As the 558 

Arctic warms faster than lower latitudes (so-called Arctic Amplification), the meridional 559 

temperature gradient at higher latitudes is likely to weaken altering the polar jet stream 560 

according to thermal wind balance.  Changes in the high latitude jet stream in turn have the 561 

potential to impact weather conditions at middle and high latitudes. For example, during winter 562 

an enhanced westerly jet over the North Atlantic can help maintain relatively mild conditions 563 

over northwest Europe via heat transport from the Atlantic.  Cohen et al. 2014 review three 564 

“pathways” by which Arctic amplification may impact extreme weather events in mid-latitudes. In 565 
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principle, Arctic amplification may lead to regional alterations in the structure of storm tracks, jet 566 

streams and planetary waves.  In recent years, considerable attention has been focused on the 567 

role of Arctic amplification-induced changes to the jet stream (Francis and Vavrus 2012, Liu et 568 

al. 2012, Barnes 2013, Screen and Simmonds 2013).  Francis and Vavrus (2012) found that a 569 

weaker zonal flow (i.e., polar jet) from weakened meridional temperature gradient slows the 570 

eastward Rossby wave progression and tends to create larger meridional excursions of height 571 

contours and associated temperature displacements resulting in a higher probability of extreme 572 

weather. In a similar vein, Liu et al. (2012) argue that the circulation change due to the decline 573 

of Arctic sea ice leads to more frequent events of atmospheric blocking that cause severe cold 574 

surges over large parts of northern continents. Francis et al. (2009), Overland and Wang (2010), 575 

Jaiser et al. (2012) and Lim et al. (2012) found that there is a delayed atmospheric response to 576 

the Arctic sea ice. Specifically, the Arctic sea ice extent in summer to fall influences the 577 

atmospheric circulation in the following winter over the northern mid- to high-latitudes, affecting 578 

the seasonal winter temperature and subseasonal warm/cold spells.  Evidence presented in 579 

more recent studies (Barnes 2013, Screen and Simmonds 2013), however, suggests that the 580 

role of the mechanism put forth by Francis and Vavrus (2012) is uncertain at best.  More 581 

generally, Cohen et al. (2014) conclude that our understanding of the mechanistic link between 582 

ongoing Arctic amplification and mid-latitude extreme weather is currently limited by 583 

shortcomings in relevant data records, physical models and dynamical understanding, itself.  As 584 

such, the likely future impact of Arctic amplification upon extreme weather is highly uncertain. 585 

 Arctic amplification is also linked to long-term variability in high latitude snow cover. An 586 

analogous linkage between autumnal variability in Eurasian snow cover and wintertime ETE 587 

events over North America has been noted (Cohen and Jones 2011).  In this case, autumnal 588 

snow cover anomalies induce a subsequent weakening of the stratospheric polar vortex during 589 

winter which, in turn, leads to a persistent negative phase episode of the tropospheric AO 590 
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favoring North American cold events (Cohen et al. 2007).  In addition, there is evidence that the 591 

changing Arctic sea ice extent may be linked to changes in the autumnal advance in Eurasian 592 

snow cover (Cohen et al. 2013).  As for Arctic amplification, however, there is considerable 593 

uncertainty regarding the statistical robustness and physical nature of the Eurasian snow cover 594 

influence upon mid-latitude extreme weather (Peings et al. 2013, Cohen et al. 2014). 595 

 596 

3.1.3 Large-scale climate "markers" for climate model assessment 597 

 598 

Representation of fundamental climate modes.  One obvious essential minimum requirement for 599 

climate models to properly represent the modulation of ETEs by climate modes is the extent to 600 

which the models are able to represent the primary climate modes, themselves. Thus, 601 

fundamental markers for model assessment are metrics that measure the representation of key 602 

extratropical climate modes including those internally forced on intraseasonal time scales (PNA, 603 

AO/NAO and atmospheric blocking) and those externally forced on longer time scales (the 604 

extratropical response to ENSO and the atmospheric part of the PDO).  Atmospheric models 605 

have had historical difficulty in representing some types of intraseasonal low frequency 606 

variability (Black and Evans 1998).  A particular problem is an under-representation of 607 

atmospheric blocking activity (Scaife et al. 2010). In a similar vein, the representation of 608 

externally forced extratropical modes connected to ENSO and PDO depends on how well the 609 

coupled climate models simulate the associated oceanic phenomenological behavior. 610 

 The Coupled Model Intercomparison Project (CMIP) provides an ideal resource for 611 

assessing the ability of modern coupled climate models to represent the behavior of climate 612 

modes. A recent analysis of CMIP5 models indicates that while most models studied perform 613 

well in representing the basic aspects of the PNA pattern, a small subset of models have 614 
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difficulty qualitatively replicating the NAO pattern (Lee and Black 2013; Table 4). Otherwise 615 

differences among model patterns consist of horizontal shifts or amplitude variations in the 616 

circulation anomaly pattern features. CMIP5 models generally underestimate the regional 617 

frequency of winter blocking events while summertime blocking events occurring over the high 618 

latitude oceanic basins are typically overestimated (Masato et al. 2013). Conversely, Westby et 619 

al (2013) found serious deficiencies in the representation of the PDO by CMIP5 models with 620 

direct impacts upon the modulation of anomalous temperature regimes. 621 

 Regional flow parameters impacting remote dynamical communication. The pathway 622 

between anomalous remote forcing and the regional circulation response involves several 623 

distinct factors.  For example, in the case of the extratropical response to tropical heating 624 

anomalies, tropical divergent outflow interacts with subtropical vorticity gradients to produce a 625 

Rossby wave train that extends into the extratropics (Sardeshmukh and Hoskins 1988). The 626 

forced Rossby wave train can then dynamically interact with the background extratropical mean 627 

flow (such as barotropic deformation in the jet exit region) and the midlatitude storm tracks 628 

leading to a “net” large scale circulation pattern extending from the tropics into the midlatitude 629 

region of interest (e.g., Franzke et al 2011). The ability of coupled climate models to accurately 630 

represent such pathways is dependent upon a concomitant representation of several regional 631 

atmospheric phenomena and circulation structures including: 632 

1) The tropical large-scale circulation response to tropical diabatic heating 633 

2) Upper tropospheric meridional vorticity gradients in the subtropics 634 

3) Barotropic deformation structures in the jet exit regions 635 

4) The structure and intraseasonal variability of the Atlantic and Pacific storm tracks 636 
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The authors recommend that model validation activities concentrate upon the above features in 637 

order to uncover likely sources for existing model deficiencies in leading teleconnection 638 

patterns. 639 

 640 

3.2:    Dynamics of LSMPs  641 

 642 

3.2.1 Diagnostic tools to study dynamics of LSMP onset/decay 643 

 644 

The onset and decay of LSMP structures linked to ETEs generally occur on relatively short time 645 

scales. As such, the range of dynamical forcing mechanisms that can directly account for LSMP 646 

time evolution is limited to internal atmospheric processes (given the relatively long time scales 647 

associated with boundary forcing). The atmospheric processes affecting LSMP evolution can be 648 

local or remote.  For example, local synoptic-scale cyclogenesis can usher in a regional Arctic 649 

air outbreak while a transient episode of the PNA teleconnection pattern can provide a remote 650 

downstream influence on North American extremes.  In some cases it is an optimal juxtaposition 651 

of local and remote influences operating on multiple time scales that is required to produce an 652 

extreme event (e.g., Dole et al. 2014) 653 

 Most ETE events are associated with lateral air mass excursions, which are induced by 654 

large-scale circulation anomalies in the lower troposphere forming the LSMP (e.g., Loikith and 655 

Broccoli 2012). The anomalous circulation serves as a “dynamical trigger” for ETE events.  The 656 

delineation of LSMP dynamics is treated as a two-stage process:  First it is of interest to assess 657 

whether the main energy source(s) are local or remote. Once the energy source location is 658 

determined, the second stage is to assess the specific physical mechanism providing the 659 

proximate energy source in this location.  An effective means for assessing the source location 660 
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regions for large-scale atmospheric waves is the application of wave activity flux analyses 661 

(Plumb 1985, Takaya and Nakamura 2001). The wave activity flux is parallel to Rossby wave 662 

group velocity and traces out a three-dimensional pathway between a wave source region (of 663 

flux divergence) and a wave sink region (of flux convergence). 664 

 Possible primary physical mechanisms providing wave activity sources in this context 665 

include large-scale barotropic growth, baroclinic growth/instability and nonlinear forcing by 666 

synoptic-scale eddies (Evans and Black 2003).  These mechanisms may be augmented via 667 

secondary feedbacks related to internal diabatic processes or interactions of the LSMP with the 668 

local topography or land surface. Past studies have introduced comprehensive dynamical 669 

frameworks for studying the dynamical mechanisms leading to the growth and decay of large-670 

scale circulation anomalies (e.g., Feldstein 2002, 2003).  These are based upon a local analysis 671 

of tendencies in either the geopotential (Evans and Black 2003) or streamfunction (Feldstein 672 

2002) fields.  In these studies local tendencies are decomposed into separate forcing terms that 673 

can be related to distinct physical processes. The two-stage process outlined above is a 674 

generally useful means for the dynamical diagnosis of LSMP life cycles in both observations 675 

and climate model simulations. 676 

 677 

3.2.2 North American Arctic air mass formation 678 

 679 

Both dynamics and thermodynamics have roles in the formation of extreme cold-air masses.  680 

Wexler (1936, 1937) postulated that the cold air was formed at the surface by radiative cooling 681 

from a snow-covered ground under clear, windless conditions, creating an intense temperature 682 

inversion restricted to a very shallow layer at the surface. Finding that the Wexler model could 683 

not adequately explain the depth of the cold layer observed in soundings, Gotaas and Benson 684 
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(1965) showed that the existence of suspended ice crystals were crucial to upper-level cooling.  685 

Curry (1983) later modeled the effect with the introduction of condensate, particularly ice-686 

crystals, in the layer. In an experiment without moisture, the inversion that formed after 2 weeks 687 

of radiative cooling was less than 1000 meters deep. Only with the addition of ice crystals did 688 

the inversion rise above 900 hPa. More recently, Emanuel (2009) found that the rates and depth 689 

of cooling in his model were sensitive to the amount of water vapor and clouds present. 690 

     Turner and Gyakum (2011), in their composite study of 93 Arctic air mass formations in 691 

Northwest Canada, found that the cold air mass lifecycle is a multi-stage set of processes. 692 

During the first stage, snow falls into a layer of unsaturated air in the lee of the Rockies, causing 693 

moisture increases in the sub-cloud layer. Simultaneously, the mid-troposphere is cooled by 694 

cloud-top radiation. On the second day, snowfall abates, the air column dries and clear-sky 695 

surface radiational cooling prevails, augmented by the high emissivity of fresh snow cover. The 696 

surface temperature falls very rapidly, as quickly as 18ºC day-1. On the third day, after near-697 

surface temperatures fall below their frost point, ice crystals and, nearer the surface, ice fog 698 

form. At the end of formation, there is cold-air damming (Forbes et al. 1987; Fritsch et al. 1992), 699 

with a cold pool and anticyclone in the lee of the Rockies, lower pressure in the Gulf of Alaska 700 

and an intense baroclinic zone oriented northwest to southeast along the mountains.  701 

     Figure 5 (Turner et al. 2013), illustrating the LSMPs of a representative case of arctic air 702 

mass formation in January-February 1979, shows surface ridging building southeastward along 703 

the eastern slopes of the Rockies.  The authors argue that diabatic cooling is needed to explain 704 

the cooling observed.  This cooling may consist of a combination of sublimational cooling from 705 

precipitation falling into a dry layer, and/or radiational cooling from suspended ice crystals. 706 

 707 

3.2.3 CONUS wintertime cold air outbreaks 708 
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 709 

Cold air outbreaks over North America typically consist of a two-stage process: The first stage is 710 

the formation of an Arctic air mass surface anticyclone at higher latitudes over Canada. This is 711 

followed by the rapid horizontal transport of the air mass to lower latitudes.  The latter stage is 712 

enabled by the lower-tropospheric circulation anomaly embedded within LSMPs. North 713 

American cold air outbreaks are typically associated with a 500 hPa geopotential height 714 

anomaly pattern consisting of a broad region of negative anomalies over the CAO region, itself, 715 

along with a positive anomaly feature located to the northwest.  This is illustrated in figure 6 716 

(panels Jan Tx5 and Jan Tn5), which displays horizontally phase-shifted composites of the 717 

tropospheric circulation anomalies associated with local temperature extremes over North 718 

America (noting that the so-called “grand composite” patterns encompass a circular domain with 719 

a radius of 4500 km).    This 500 hPa dipole structure is linked to a positive sea level pressure 720 

anomaly feature that extends between the upper level features along with a considerably 721 

weaker negative SLP anomaly located to the southeast. Thus, the CAO events are linked to a 722 

near-surface northerly flow embedded within a northwestward tilting anticyclonic circulation 723 

anomaly. Loikith and Broccoli observe that although these circulation anomaly patterns 724 

resemble large-scale teleconnection patterns, the inherent spatial length scale is closer to 725 

synoptic scale.  This illustrates the importance of local synoptic features in the life cycles of ETE 726 

events.  On the other hand, recent papers by Westby et al (2013) and Loikith and Broccoli 727 

(2014) demonstrate an additional statistically significant modulation of ETEs by larger-scale 728 

teleconnection patterns.  729 

 West coast events (e.g., CA Central Valley events). Compared with cold air outbreaks 730 

affecting the eastern and central parts of the US, less has been written about outbreaks 731 

affecting the western US. Extreme cold over California is related to a large scale pattern that 732 

brings cold air from the Arctic and northern Canada without crossing the Pacific, and hence over 733 
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the Rocky Mountains (Grotjahn and Faure 2008). As discussed in Grotjahn and Faure, the large 734 

scale pattern is similar to outbreaks affecting the areas east of the Rockies however with a 735 

primary difference being a small but statistically significant ridge over the southeastern US. (See 736 

figure 2a,b.) This ridge precedes the CAO by several days, including the large ridge that 737 

develops subsequently over Alaska. A cold air mass between these ridges is directed further 738 

westward (a more northerly or northeasterly flow of the cold air) than for eastern CAOs. The 739 

distortion of the flow by that southeastern ridge enables the cold air mass to cross the Rockies. 740 

Loikith and Broccoli (2012) capture a portion of this pattern in geopotential heights at 500 hPa 741 

using their ‘grand composite’ technique. More local to the area of the extreme, colder 742 

temperatures are associated with an adjacent surface high (e.g. the conceptual model of Colle 743 

and Mass 1995). Favre and Gershunov (2006) pursue this link to anticyclones affecting western 744 

North America; and develop indices based on frequency and central pressure of transient 745 

cyclones and anticyclones in the eastern North Pacific. Their ‘CA’ index is the difference, 746 

cyclone minus anticyclone, in strength and frequency. Negative CA values are correlated with 747 

the coldest 10% of winter minimum temperatures.  748 

 Eastern US events (i.e., east of Rockies). Several statistical and synoptic studies either 749 

directly or indirectly relate to the topic of US CAOs occurring east of the Rockies (e.g., Konrad 750 

and Colucci 1989, Colle and Mass 1995, Konrad 1996, Walsh et al 2001, Cellitti et al 2006, 751 

Portis et al 2006).  Common precursors to eastern CAO events include anomalously high 752 

surface air pressure over western Canada (linked to a polar air mass), occurrences of the 753 

negative (positive) phase of the NAO (PNA) teleconnection pattern and/or an anomalously weak 754 

stratospheric polar vortex.  CAO onset is characterized by the south/southeastward advection of 755 

the polar air mass in association with one or more of the following synoptic LSMP features:  756 

southward extension or propagation of the surface high pressure from Canada, surface 757 
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cyclogenesis over the eastern US, anomalously low 500 hPa geopotential heights over the 758 

Great Lake region and the southeastward movement of an upper level shortwave from Canada.   759 

 Distinguishing between east coast (EC) and Midwest (MW; just east of the Rockies) 760 

CAO events, EC events result from the geostrophic cold advection enhanced by southeastward 761 

propagation of the surface high pressure system (with winds often amplified by surface 762 

cyclogenesis further east) leading to detachment of the polar air mass from its source (Konrad 763 

and Colucci 1989, Walsh et al 2001).  MW events are linked to the southeastward meridional 764 

extension of surface high pressure from Canada leading to unusually lengthy cold air transport 765 

(Walsh et al 2001). For MW events occurring just east of the Rockies, the cold advection is 766 

related to low-level northerly ageostrophic flow within a region of cold-air damming against the 767 

topography (Colle and Mass 1995). In all cases, the salient LSMP features are synoptic-scale in 768 

nature and, thus, governed by generally well-understood dynamical physical principles 769 

considered to be well-represented by weather and climate models.  The CAO process, itself, is 770 

largely due to radiative cooling (during polar air mass formation and early stages of CAO onset) 771 

and southward air mass transport (by the horizontal wind) partly offset by adiabatic warming 772 

induced by large-scale subsidence (Konrad and Colucci 1989, Walsh et al. 2001, Portis et al. 773 

2006). Although the proximate physics associated with the CAO process itself is reasonably well 774 

characterized, our knowledge of the physics of the LSMP patterns is implicit and depends on 775 

subjective associations (between advective circulation features and synoptic LSMPs) that have 776 

been made in earlier studies.  As such, there is an existing need to (a) more objectively link 777 

critical advective CAO circulation features to dynamical entities (e.g., potential vorticity) and (b) 778 

subsequently assess the physical origin of these dynamical entities. 779 

 780 
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3.2.4 Summer heat wave events 781 

 782 

Hot spells over North America have an intense upper level ridge as one expects hydrostatically. 783 

This ridge is seen in figures 2 and 6. There can also be a shallow layer of relatively lower 784 

pressure, sometimes called a ‘thermal low’. Hot spells occur from a combination of factors: a hot 785 

air mass displaced from its normal location (displaced from the southwestern desert), strong 786 

subsidence (causing adiabatic warming), and solar heating. Solar heating is more effective 787 

when surface latent heat fluxes are constrained (by drought, for example). The first two factors 788 

are enhanced and help define the LSMP for a hot spell; there may be an upstream trough (e.g. 789 

figures 2 and 6) that enhances southwesterly advection of warmer air. Other factors influence 790 

how the LSMP develops. What follows are details for different regions of North America. 791 

 West coast events. Heat waves affecting the west coast are linked to an upper air LSMP 792 

that has a local ridge. For California Central Valley heat waves, that ridge is typically aligned 793 

with the west coast and the LSMP also has upstream features: a trough south of the Gulf of 794 

Alaska and a ridge further west, south of the Aleutians (Grotjahn and Faure 2008). See figure 795 

2d. The local ridge is easily understood as resulting from high thickness due to the anomalous 796 

high temperatures through the depth of the troposphere generally centered along the west coast 797 

of the US. (Plots can be found here: 798 

http://grotjahn.ucdavis.edu/EWEs/heat_wave/heat_wave.htm ) Grotjahn and Faure also show 799 

that a statistically significant ridge in the northwest Pacific develops prior to the significant 800 

intensification of that west coast ridge. These features are essentially equivalent-barotropic 801 

through the depth of the troposphere. While Grotjahn and Faure found variation amongst the 802 

events, the ensemble average consists of a significant temperature anomaly that in the lower 803 

troposphere (850 and 700 hPa) is located just off the Oregon and northern California coast and 804 

elongated meridionally. The narrow zonal with longer meridional scale is consistent with 805 
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Bachmann (2008). Bachmann showed that extreme surface temperature dates in Sacramento 806 

were more frequently matched by corresponding extreme dates at places far to the north (e.g. 807 

Seattle) than with places across the Sierra Nevada or Cascade ranges to the east (e.g. much 808 

closer Reno). Grotjahn (2011) shows that the temperature anomaly leads to a thermal low being 809 

at the coast that sets up a low level pressure gradient that opposes penetration by a cooling sea 810 

breeze. The lower and mid-tropospheric flow has anomalous significant easterlies that are also 811 

downslope over some regions, most notably the Sierra Nevada mountains. Finally, there is 812 

notable sinking that lowers the climatological subsidence inversion and hence sunlight rapidly 813 

heats up the shallow layer beneath. (These factors are seen in figure 7).  814 

 Gershunov et al. (2009, hereafter GCI) make the novel distinction of considering 815 

separately heat waves that have high daytime maximum and events with high nighttime 816 

minimums. In so doing they uncover an LSMP with unusually high values of precipitable water 817 

(PW) over their region of interest occurring during their ‘nighttime’ heat waves (but not their 818 

‘daytime’ events). GCI emphasize a trend of increasing occurrence of ‘nighttime’ events. 819 

Gershunov and Guirguis (2012) also find that trend in all their sub-regions of California and also 820 

show another trend: increasing longitudinal extent of Central Valley heat waves. GCI show 821 

maps of anomalous geopotential heights which also show the west coast ridge (height anomaly 822 

centered over Washington State) with upstream (and downstream) troughs, consistent with 823 

Grotjahn and Faure. GCI show the LSMP for SLP (high over the Great Plains and low off the 824 

west coast) and remark that both daytime and nighttime events have a corresponding general 825 

southeasterly flow of air out of the desert southwest. This flow occurs throughout the lower 826 

troposphere with associated high frequency (<7 day period) heat fluxes that are prominent just 827 

off the coast (Grotjahn 2014); and consistent with setting up the offshore pressure gradient (to 828 

oppose a cooling sea breeze).  829 
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 For heat waves affecting the western areas of Washington and Oregon, Bumbaco et al. 830 

(2013, hereafter BDB) show an upper level (500 hPa) ridge over the west coast and trough 831 

upstream over the Gulf of Alaska. That trough and ridge pattern is generally similar to the 832 

pattern for California heat waves, including the tropospheric height anomaly centered at the 833 

coast (Grotjahn 2011). Using a regression approach Lau and Nath (2012) find a ridge and 834 

trough further upstream (over the western North Pacific) that are stronger several days prior to 835 

the event onset; both the location and timing of the ridge and trough are similar to those shown 836 

in Grotjahn and Faure. Similar to Grotjahn (2011, 2013, 2014), BDB find the lower tropospheric 837 

temperature anomaly (850 hPa) to be centered at the west coast of North America. Hence, BDB 838 

find negative values of sea level pressure anomaly centered offshore that sets up an offshore 839 

low level pressure gradient and offshore (northeasterly) flow (again similar to California heat 840 

waves). Consistent with the heat fluxes shown in Grotjahn (2014), the near-coast thermal trough 841 

appears to migrate from the southwestern deserts across the length of California to finally reach 842 

western Oregon and Washington (Brewer et al. 2012). 843 

 Midwest events. Heat waves affecting the Midwest have anticyclonic flow at mid-levels, 844 

either as a closed anticyclone or as a strong ridge (Klein 1952, Karl and Quayle 1981, Namias 845 

1982, Chang and Wallace 1987, Lyon and Dole 1995, Kunkel et al. 1996, Livezey and Tinker 846 

1996, Palecki et al. 2001, Meehl and Tibaldi 2004, Lau and Nath 2012, Loikith and Broccoli 847 

2012, and Teng et al. 2013), with associated clear skies allowing maximum solar heating of the 848 

surface as well as adiabatic warming from subsidence. 849 

 For at least some events, the continental anticyclonic flow at mid-levels is part of a larger 850 

pattern of anomalies with remote centers over the Pacific and Atlantic (Namias 1982, Chang 851 

and Wallace 1987, Livezey and Tinker 1996, Lau and Nath 2012, Lokith and Broccoli 2012, 852 

Teng et al. 2013), with some suggestion that the anomalies are generated in the Pacific 853 

(Namias 1982, Lyon and Dole 1995, Livezey and Tinker 1996, Teng et al. 2013), with possible 854 
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predictability (Teng et al. 2013).  Teng et al. (2013) have noted the similarity of the circulation 855 

pattern to a Rossby wave number 5 wave train in the jet stream waveguide.  The commonality 856 

of the wave train pattern structure and evolution among these studies is difficult to assess, 857 

though. 858 

 Studies of the surface flow have been less common, but negative SLP anomalies have 859 

been noted (Chang and Wallace 1987, Lau and Nath 2012, Loikith and Broccoli 2012), and Lau 860 

and Nath (2012) have shown anomalous southerly (or southwesterly) flow at the surface, 861 

consistent with strong horizontal warm advection. The regional-scale flow also interacts with 862 

local mechanisms, particularly the Urban Heat Island (UHI) effect (Kunkel et al. 1996, Palecki et 863 

al. 2001).  Another common element identified in several studies is the presence of drought 864 

(Chang and Wallace 1987, Karl and Quayle 1981, Namias 1982, Lyon and Dole 1995) as well 865 

as simultaneous precipitation deficits (Lau and Nath 2012).   866 

 Eastern events. While the large-scale meteorological patterns associated with heat 867 

waves in the eastern US have not yet seen much study, they have been examined for the 868 

Northeast and Central US Gulf Coast in Lau and Nath (2012) and for piedmont North Carolina 869 

by Chen and Konrad (2006).  For both the Northeast and Gulf Coast, Lau and Nath found a mid-870 

level ridge centered over the region as part of a wave train and precipitation deficits, broadly 871 

similar to the results for the Midwestern regions.  For piedmont North Carolina, Chen and 872 

Konrad showed that, at upper levels, a strong ridge over or just upstream of the region was a 873 

common feature along with, at lower levels, adiabatic warming associated with descent from the 874 

Blue Ridge Mountains into the piedmont region.  875 

 876 

4. Modeling of temperature extremes and associated circulations 877 

 878 
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Temperature extremes have some predictability at weather and climate time scales that can be 879 

exploited by models for short term predictions and long term projections. At weather time scales 880 

the predictability of North American extreme temperature events (ETEs) is largely dependent 881 

upon the nature of the LSMPs that help organize their occurrence.   The greatest predictability is 882 

expected to occur during the boreal cool season when ETEs are, at least in part, influenced by 883 

low frequency modes (PNA, NAO and blocking events) (Westby et al. 2013) with intrinsic time 884 

scales of several days to weeks (Feldstein 2000).  Loikith and Broccoli (2012) illustrated that the 885 

local LSMPs linked to ETEs generally exhibit synoptic spatial scales rather than planetary 886 

scales, though a wave train can be long (e.g. Grotjahn and Faure, 2008; figure 2).  Given the 887 

essential role of synoptic-scale disturbances such as east coast cyclones and southward 888 

moving polar anticyclones over the Midwest (Konrad and Colucci 1989, Walsh et al. 2001) in 889 

ETEs, pointwise predictability of ETEs is ultimately limited by our ability to forecast the details of 890 

synoptic-scale phenomena several days in advance (Hohenegger and Schär 2007).  891 

 Hence a significant challenge for models to predict temperature extremes is their ability 892 

to predict or simulate synoptic scale phenomena, low frequency modes that provide a large-893 

scale meteorological context, and small scale atmospheric processes and land surface 894 

processes that influence the surface heat fluxes. Both dynamical and statistical models have 895 

been developed and used to simulate and project changes in temperature extremes. This 896 

section briefly summarizes the methods and skills of the models, while analysis of observed 897 

trends and projections of future trends are summarized in Section 5. 898 

 899 

4.1 Global and regional climate model skill in simulating temperature extremes  900 

 901 
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Both global and regional climate models have been used to elucidate processes contributing to 902 

ETEs and evaluate model skills. The ability of global models to reproduce the observed 903 

temperature extreme statistics has been assessed by Sillmann et al. (2013a,b), Westby et al. 904 

(2013) and Wuebbles et al. (2014) using CMIP5 multi-model ensembles. Figure 8 shows a 905 

performance portrait of the normalized root mean square errors over the North American land 906 

area from the 28 available CMIP5 “historical” models for eight temperature based ETCCDI 907 

indices over 1979-2005 compared to the ERA Interim reanalysis (Dee et al. 2011). As in 908 

Gleckler et al. (2008), to plot errors from multiple variables on the same scale, they are 909 

normalized by the median error of the CMIP5 models using the formula 910 

     .                                                (1) 911 

Here, Emedian is the median root mean square error (RMSE) of the CMIP5 models, Ej is the 912 

RMSE of the jth model and  is that model’s “relative RMSE” and is plotted for seasonal 913 

means of the indices. In this analysis, the model median RMSE in equation 1 is calculated for 914 

each variable over all seasons and then applied to normalize each season in order to assess 915 

the relative seasonal performance. Blue colors represent errors lower than the median error, 916 

while red colors represent errors larger than the median error. Seasons are denoted by triangles 917 

within each square. The different models are arranged in order of increasing average relative 918 

error with the models with the lowest average relative error on the left. The average relative 919 

error is positive for all 8 indices as Figure 8 has more deep red than deep blue colors even 920 

though the number of positive and negative relative errors is equal. Spring has significantly 921 

lower relative error (3.8%) averaged across all models and variables, compared to winter 922 

(5.0%), summer (5.2%) and fall (5.8%). 923 
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 To get a sense of model errors relative to the observational uncertainty, the 3 rightmost 924 

columns of figure 8, show the error of three other reanalyses considered in Sillmann et al. 925 

(2013a) relative to the model median RMSE. The two best models (leftmost in figure 8) are 926 

competitive with these other reanalyses but most models’ RMSE relative to ERA Interim are 927 

significantly larger than the disagreement among reanalyses for many fields. Reanalysis 928 

disagreements in the cold night metrics (tnn, tn10p) and a cold day metric (tx10p) are notable 929 

and a larger number of models perform better in these fields relative to this crude measure of 930 

observational uncertainty.  931 

 Sillmann et al. (2013a) found that the spread amongst CMIP5 temperature extreme 932 

indices tends to be smaller than that of the CMIP3 models (earlier version of the CMIP5), 933 

indicating reduced uncertainty. They identified an increase in the monthly maximum daily 934 

maximum temperature and a decrease in the monthly minimum daily minimum temperature by 935 

the CMIP5 models over the high northern latitudes, compared to CMIP3. Analysis of twenty year 936 

return values in the CMIP3 models by Zwiers et al. (2011) found that models tend to warm the 937 

minimum temperature less than observed and that they warm the maximum temperature more 938 

than observed over the latter half of the 20th century. 939 

 Westby et al. (2013) analyzed reanalysis data and CMIP5 historical simulations to study 940 

the statistics and low frequency mode modulation of wintertime CAOs and warm waves (WWs) 941 

occurring over the continental United States during 1949-2011.  The observational results 942 

indicate (a) a lack of significant long-term trends in ETE frequency and (b) a seasonal 943 

modulation of CAOs (WWs) by the NAO and PNA (NAO, PNA, ENSO and PDO) patterns (figure 944 

4).  Similar behavior is found in the CMIP5 models, showing CAOs are mainly modulated by 945 

NAO in the southeastern US and by PNA in the northwestern US, while WW frequency is 946 

modulated by NAO over the eastern US and by a combination of PNA, PDO and ENSO over the 947 

southern US. The study also found modest influence of ENSO on WWs over the southern US, 948 
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in good agreement with Lim and Schubert (2011). Comparison of WWs and CAOs between the 949 

CMIP5 models and observation indicated that the models tend to overestimate WW frequency, 950 

but underestimate CAOs frequency.  951 

 Overall, CMIP5 models properly represent many of the significant associations between 952 

ETEs and low frequency modes, particularly the modulation by the NAO and PNA patterns.  953 

Similar to Lee and Black (2013) who noted model deficiencies in representing low-frequency 954 

variability, Westby et al. (2013) found that the CMIP5 models underestimated the collective 955 

influence of low-frequency modes on temperature extremes (e.g., figure 9). One notable model 956 

failure is the virtual absence of a seasonal modulation of ETEs by the PDO because models do 957 

not adequately represent the nature and physics of the PDO.  On the other hand, CMIP5 958 

models do a considerably better job in representing the general behavior of the NAO and PNA 959 

patterns (Lee and Black 2013).  Westby et al. conclude that predictions of future ETE behavior 960 

are ultimately limited by the ability of state-of-the-art coupled climate models to properly 961 

represent the (evolving) behavior of prominent low frequency climate modes. Nonetheless, 962 

consistent with observations, little evidence of significant trends (in either WW or CAO 963 

frequency) is found in the model simulations over the continental U.S. from 1949 - 2011.  964 

 Heat waves are associated with anomalous large-scale circulation patterns well resolved 965 

by GCMs. Grotjahn (2013, 2014) describe how the LSMPs for California hot spells simulated by 966 

a CMIP5 climate model compare with the observed LSMPs; while the model generates a similar 967 

large scale pattern and included the needed large scale sinking, the model is unable to simulate 968 

sea breezes so the effect of LSMP blocking of sea breezes during extreme heat episodes is 969 

likely not captured by the global model. In general, heat wave intensity and duration can vary at 970 

local to regional scales because surface temperature is influenced by processes such as land 971 

surface fluxes, turbulence and winds, and clouds and radiation.  For example, land-atmosphere 972 

interactions were found to play an important role in European summer heat waves of the past 973 
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decades (Fischer et al. 2007). Using a regional model, Jaeger and Seneviratne (2011) and 974 

Lorenz et al. (2010) highlighted the key role of soil moisture memory on heat wave intensity and 975 

persistence, respectively. Using observations and a CMIP3 model, Gershunov and Douville 976 

(2008) showed a strong negative relationship between preceding winter and spring precipitation 977 

and summertime heat in the central, Midwestern, and eastern US.  In regions with limited soil 978 

moisture, surface temperature can respond more strongly to the large-scale circulation anomaly 979 

that leads to clear sky and strong surface solar heating because surface cooling from 980 

evapotranspiration is limited. As soil moisture is influenced by antecedent precipitation and 981 

surface properties such as land cover, topography, and soil characteristics that vary at local to 982 

regional scales, heat wave intensity and duration can vary similarly, within the context of large-983 

scale influence by a circulation anomaly. Thus the ability of climate models to simulate and 984 

predict heat waves is also dependent on physics parameterizations and grid resolution. 985 

 Lau and Nath (2012) analyzed GCM simulations performed at 200km and 50km grid 986 

resolutions and found considerable resemblance between the temperature anomaly patterns 987 

from the coarse and fine resolution simulations, except for some local details generated by the 988 

higher resolution model.  Both models were able to capture realistic heat wave intensity, 989 

duration, and frequency in various key regions of North America and the synoptic features 990 

accompanying the warm episodes as revealed in the North American Regional Reanalysis. 991 

Kunkel et al. (2010) compared regional climate simulations performed at 30km resolution over 992 

North America driven by two GCM historical simulations with the respective GCM simulations 993 

and observations. Although the two GCM simulations have opposite temperature biases, 994 

downscaling by the RCM provided improved simulations of heat waves in both cases, with the 995 

overall averaged biases reduced by a factor of two compared to the GCMs. Gao et al. (2012) 996 

compared a regional simulation at 4km grid resolution over the eastern U.S. driven by a GCM 997 

with observations and the GCM simulation. They found statistically significant improvements in 998 
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heat wave intensity and duration in the regional simulation compared to the global simulation in 999 

14 out of 16 states in the eastern U.S. and attributed the improvements to high-resolution 1000 

topography and land use information that impact local surface temperature.  1001 

 In summary, global climate models have demonstrated useful skill in simulating heat 1002 

waves and cold air outbreaks over North America and their linkages to low frequency variability 1003 

such as NAO, PNA, and ENSO. However, models generally underestimate the combined 1004 

influence of low frequency modes on temperature extremes, with PDO and its modulations on 1005 

temperature extremes being most notably deficient. Although heat waves and their LSMP are 1006 

well resolved by global models, some studies have demonstrated improved skill in simulating 1007 

heat waves using regional models that may better capture regional processes such as land-1008 

atmosphere interactions influenced by surface heterogeneity. 1009 

 1010 

4.2 Statistical modeling of temperature extremes 1011 

 1012 

Most statistical methods for downscaling of temperature can be thought of as extensions of the 1013 

model output statistics and related approaches to statistical weather forecasting (e.g., Wilks 1014 

2006). The most popular method is multiple regression analysis (e.g., Easterling 1999) but it 1015 

cannot be expected to represent extremes well, as only the conditional mean of temperature 1016 

given the values of the predictor variables (such as indices of LSMPs) is statistically modeled. In 1017 

particular, the error term in the regression equation is usually assumed normally distributed, 1018 

which is not necessarily realistic for temperature extremes. 1019 

 Recently, bias correction techniques involving quantile mapping (Thrasher et al. 2012), 1020 

or quantile matching (Ho et al. 2012), have become a popular way to adjust the entire 1021 

probability distribution of temperature. Because of the mismatch in spatial (and sometimes 1022 
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temporal) scales involved in downscaling, the downscaled temperatures typically do not 1023 

possess high enough variance. This issue is crucial for extremes, with it being preferable to 1024 

increase the variance through randomization rather than direct “inflation” (Maraun 2013; von 1025 

Storch 1999). Ideally, quantile mapping for the extreme tails of the temperature distribution 1026 

should use statistical methods based on extreme value theory (e.g., Coles 2001). Kallache et al. 1027 

(2011) proposed such a method, in which the quantile mapping involves fitting the Generalized 1028 

Pareto distribution (GPD) to the upper (or lower) tail of the distribution. Although their application 1029 

was to precipitation extremes, the technique should apply equally well to temperature extremes.  1030 

 The statistical methods for relating extreme temperatures to LSMPs and climate modes, 1031 

described earlier in Section 2, could also be applied in the context of statistical downscaling. In 1032 

this approach, the extremal distribution (GEV or GPD) is conditioned on indices of LSMPs or 1033 

climate modes, as well as possibly on other covariates in the context of statistical downscaling.  1034 

Brown et al. (2008) relate daily maximum and minimum temperatures to the NAO index; 1035 

Sillmann et al. (2011) relate European CAOs to a blocking index; Katz and Grotjahn (2014) 1036 

relate California hot spells to an associated LSMP index. The chief limitation is that, given the 1037 

effective reduction in data when only considering extremes, not as many predictors necessarily 1038 

could be included as in more conventional statistical downscaling. 1039 

 1040 

5. Observed and projected trends of temperature extremes 1041 

 1042 

5.1 Observed trends and variability 1043 

 1044 
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Traditional methods in climate research for detecting trends in temperature extremes tend to 1045 

focus on the relative frequency of exceeding a high threshold or of falling below a low threshold, 1046 

as well as indices derived from such rates (Karl et al. 1996, Gleason et al. 2008). Such 1047 

approaches generally fail to give a complete picture of trends in temperature extremes as they 1048 

neglect the intensity of the event. It should be noted that other forms of indices are also 1049 

commonly used to monitor changes in temperature extremes (Zhang et al. 2011). 1050 

 Extreme value statistics (Coles 2001) formally account for both the rate of exceeding a high 1051 

threshold and in the excess over a high threshold so they can be applied to detect trends in 1052 

each of these two components (Katz 2010).A fundamental result in extreme value theory is that 1053 

block maxima (e.g., highest daily maximum temperature each summer), suitably normalized, 1054 

have an approximate generalized extreme value (GEV) distribution. In practice, it is more 1055 

efficient and can be more informative to fit the GEV indirectly using the peaks over threshold 1056 

(POT) approach, which involves a Poisson distribution to approximate the rate of exceeding a 1057 

high threshold; and a generalized Pareto (GP) distribution to approximate the excess over the 1058 

high threshold. Possible trends in extremes can be introduced into these extreme value 1059 

distributions with time as a covariate. That is, the location, scale, and shape parameters of the 1060 

GEV (or, equivalently, the rate parameter of the Poisson distribution and the scale and shape 1061 

parameters of the GP distribution) can shift with time (Coles 2001). See Brown et al. (2008) for 1062 

examples of the application of the POT approach to trend analysis of temperature extremes. 1063 

 Peterson et al. (2013) applied the POT approach with a threshold corresponding to the 99th 1064 

percentile for the upper tail (or 1st percentile for the lower tail) specific to each grid point in the 1065 

U.S. To avoid temporal dependence of extremes, only the single highest (or lowest) daily 1066 

temperature within a run of consecutive days exceeding the threshold was retained (termed 1067 

“runs declustering”). Using the equivalent parameterization in terms of the GEV distribution, a 1068 

linear trend in the location parameter of the GEV was fitted by the technique of maximum 1069 
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likelihood (Coles 2001), assuming that the scale and shape parameters were constant over 1070 

time. To adjust for seasonality, the analysis was performed in terms of daily anomalies. 1071 

 Figure 1 shows the estimated change in 20-yr return levels between 1950 and 2012, along 1072 

with an indication of statistical significance. The broadest region of warming occurs for the cold 1073 

tail of minimum temperature (panel d). Cooling occurs in the upper tail of both daily maximum 1074 

(panel a) and minimum (panel c) temperature in the southeastern US. Although these results 1075 

are not explicitly in terms of heat waves or cold air outbreaks, they do reflect changes in 1076 

extremes that are often part of such multi-day events (Furrer et al. 2010). 1077 

 Atmospheric reanalyses have provided a significant source of data for weather and 1078 

climate research because they assimilate multitudes of available observing systems and provide 1079 

continuous fields for regions or variables with sparse or no direct observations.  1080 

 Utilizing reanalyses in the calculation of extreme indices should be approached with a 1081 

strong validation strategy (as discussed in Zhang et al. 2011). In the case of temperature, 1082 

processes near the surface can influence the distribution of temperature. However, Simmons et 1083 

al. (2010) show that ERA Interim reanalysis surface temperature reproduces that of HadCRUTv 1084 

very closely, owing to the correction of soil water by the analysis of near-surface atmospheric 1085 

water and temperature.  Further, Bosilovich (2013) shows that even without surface analysis, 1086 

reanalyses can provide robust interannual variability of seasonal surface temperature at 1087 

regional scales.  Furthermore, reanalysis temperature, augmented with observations, can 1088 

provide a substantially improved representation of the diurnal cycle of temperature (maximum 1089 

and minimum) consistently over the global land mass (Wang and Zeng 2013). 1090 

 Two reanalyses, the Modern-Era Retrospective-analysis for Research and Applications 1091 

(MERRA) (Rienecker et al. 2011) and the Climate Forecast System Reanalysis (CFSR) (Saha 1092 

et al. 2010) have stored data at hourly intervals that allow evaluation of the diurnal cycle, 1093 
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especially maximum and minimum temperatures that are important to extreme temperature 1094 

events. Figure 10 shows the U.S. summertime 2011 Warm Spell Duration Index (WSDI, e.g. 1095 

Alexander et al. 2006) computed from the occurrences of daily mean temperature exceeding the 1096 

90th percentile for 6 days or longer from MERRA. This diagnostic relies on continuous data to 1097 

derive the seasonal index, but also identify the spatial extent. Figure 11 shows the US trends in 1098 

WSDI from MERRA.  Positive trends are apparent in many areas of the US with some regions 1099 

having statistical significance (above 90% confidence).  1100 

 Walsh et al. (2001) used global reanalysis data to study cold air outbreaks and identified 1101 

Midwest, Gulf Coast, and East Coast as regions influenced by CAOs. They did not identify any 1102 

apparent trend in CAOs in North America between 1948 and1999, although analysis from a 1103 

single station suggests that extreme outbreaks may have been more frequent in the late 1800s 1104 

and early 1900s. Extending the study to include the recent decade from the global reanalysis 1105 

data may provide further confidence in potential trends in CAOs in North America. 1106 

 The Twentieth Century Reanalysis (Campo et al. 2006; 2011) provides objectively 1107 

analyzed four-dimensional data on a 2o global grid. With assimilation of synoptic surface 1108 

pressure available since the late 19th century, this dataset covers the period from 1871 – 2012 1109 

and offers a unique opportunity for analysis of long-term trend in temperature extremes and the 1110 

associated LSMP. Campo et al. (2011) showed encouraging comparison of this surface-based 1111 

reanalysis product with other reanalyses that make use of upper-air and satellite data. Future 1112 

work utilizing this dataset could potentially further advance understanding of variability and 1113 

trends in LSMPs that influence temperature extremes. 1114 

 1115 

5.2 Projected trends 1116 

 1117 

47 

 



The CMIP3 and CMIP5 multimodel ensembles have been used to investigate projected 1118 

changes of temperature extremes for the next couple of decades (e.g., mid-21st century) (e.g., 1119 

Tebaldi et al. 2006; Orlowsky and Seneviratne 2012; Sillmann et al. 2013b; Wuebbles et al. 1120 

2014). Climate change simulations in the CMIP5 multimodel ensembles showed greater 1121 

changes in ETCCDI based on daily minimum temperatures than in ETCCDI based on daily 1122 

maximum temperatures. Also, the strong emission scenario such as Representative 1123 

Concentration Pathways (RCPs) 8.5 (Moss et al. 2010; van Vuuren et al. 2011) produced more 1124 

definitive changes in temperature extreme statistics than weaker emission scenarios (e.g., RCP 1125 

2.6 and 4.5). Furthermore, the changes in ETCCDI under RCP8.5 tend to be greater than 1126 

changes under any of the scenarios in the Special Report on Emission Scenarios (SRES) 1127 

(Nakicenovic et al. 2000) used in CMIP3. The spatial distributions of Sillmann et al. (2013b) 1128 

showed that the northern high latitude regions have the strongest increase in the minimum daily 1129 

minimum temperature, while changes in the maximum daily maximum temperatures tend to be 1130 

evenly distributed globally. The study also noted that the percentile indices such as warm and 1131 

cold nights, exhibit the highest increases in the tropical regions. This is a result of differences in 1132 

interannual temperature variability between the two regions, which is relatively large in mid- to 1133 

high latitudes but small in the low-latitudes.  1134 

 Figure 12 shows the projected ensemble mean increase in two of the ETCCDI indices 1135 

assessed in figure 8 at the end of this century (2080-2100) from the reference period of 1985-1136 

2005 under the RCP8.5 forcing scenario of the 5th Assessment Report of the Intergovernmental 1137 

Panel on Climate Change (IPCC AR5). Twenty-six models are included in this multi-model 1138 

average. Models marked with an “*” in figure 8 are not included in this projection due to a lack of 1139 

future simulations. The two indices, cold nights (Tnn) and hot days (Txx), are chosen to illustrate 1140 

the seasonal differences of changes at the extremes of both ends of the distribution of daily 1141 

surface air temperatures. The upper left panel shows that the wintertime increase in cold nights 1142 
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has large changes northward of the middle of the U.S. largely corresponding to present day 1143 

winter snow covered areas. Kodra et al. (2011) studied cold extremes in the 21st century using 1144 

nine GCMs and found that despite future warming, extreme cold events, both in terms of 1145 

intensity and duration, can persist in the future. Cool nights in the summer, shown in the upper 1146 

right panel, do not exhibit such a monotonic poleward behavior. Rather, the continental interior 1147 

warms more than the edges for this measure of extreme temperature. Wintertime increases in 1148 

warm days, shown in the lower left panel, are projected to be significantly less than wintertime 1149 

cold nights; although some of the poleward gradient property is present. Summertime increases 1150 

in hot days are projected slightly warmer than but generally similar to summertime increases in 1151 

cool nights. One noticeable difference is that future extreme temperatures in the Mexican 1152 

interior warm more in the summer than in the winter. 1153 

 Seasonality in the projected changes of these two indices is a reflection of the complex 1154 

mechanisms affecting changes in extreme and mean temperatures in North America. Changes 1155 

in snow cover certainly affect the future winter mean and extreme temperatures. Likewise, 1156 

decreases in soil moisture affect the future summer mean and extreme temperatures. The 1157 

additional possibility of biases and changes in LSMPs affecting extreme temperatures must be 1158 

considered in light of these and other mechanisms. For example, van Oldenborgh et al. (2009) 1159 

found that changes in the large-scale circulation, including a shift towards a more westerly 1160 

circulation and the North Atlantic current need to be better simulated especially in winter and 1161 

spring for more realistic simulations of warming over Western Europe in recent decades. 1162 

Gershunov and Guirguis (2012) noted that three out of four GCMs analyzed did not adequately 1163 

capture the synoptic causes of California heat waves. When sub-regional heat waves are 1164 

defined relative to the changing local climate (a ‘non-stationary’ perspective), coastal heat 1165 

waves have greater impact than those inland even though the summertime average warming is 1166 

stronger inland. Sillmann and Croci-Maspoli (2009) found that European blocking events 1167 
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influence particularly the winter cold extremes in Europe. For future projection, decrease in 1168 

blocking frequency with increase in maximum blocking duration was simulated under the A1B 1169 

scenario. Also, the blocking pattern shifts northeastward, affecting a larger part of Europe by 1170 

giving rise to anomalously cold winter months.  1171 

 To partly address the question of whether changes in heat waves in the future are 1172 

associated with a shift in the daily maximum temperature or changes in LSMP, Lau and Nath 1173 

(2012) noted that the probability distribution functions (PDFs) for the current and future climate 1174 

over most regions that experience heat waves in the U.S. have similar shape but were shifted 1175 

by the mean warming in the daily maximum temperature, and the magnitude of skewness of the 1176 

PDFs exhibited only minor changes from the current to future climate.  Further statistical 1177 

manipulations of the model outputs suggest that the increase in heat wave intensity and 1178 

frequency in the future is primarily associated with a shift in the daily maximum surface 1179 

temperature, which suggests that changes in the characteristics of LSMPs associated with heat 1180 

waves may be minor. Grotjahn (2014) shows trends in an LSMP index for California hot spells in 1181 

reanalysis and both historical and future simulations by a climate model. Future changes in heat 1182 

waves may also be modulated by changes in land-atmosphere interactions. For example, global 1183 

warming may shift the climate regime northward and establish new transitional zones with 1184 

strong land-atmosphere coupling strength (Seneviratne et al. 2006) and drying over the 1185 

subtropics and mid-latitudes during summer in the future may increase land-atmosphere 1186 

feedbacks in general (Dirmeyer et al. 2012) and result in amplified heat wave response to global 1187 

warming.  1188 

 Regional climate models have also been used to investigate temperature extreme 1189 

changes in the future. Kunkel et al. (2010) showed that the regional model has superior skill in 1190 

simulating heat waves compared to the global models, but it largely inherited the climate 1191 

sensitivity from the GCMs. They found considerable regional variations in future heat wave 1192 
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characteristics depending on the emission scenarios and GCMs used. Using a suite of regional 1193 

climate simulations driven by 5 ensemble members of a GCM, Diffenbaugh and Ashfaq (2010) 1194 

found that hot extremes are intensified over much of the U.S. associated with a summer 1195 

anticyclonic circulation anomaly in the future, which reduces precipitation and soil moisture, and 1196 

amplifies severe hot and dry conditions. The regional simulations showed a summer 1197 

anticyclonic anomaly that is more widespread than in the GCM. 1198 

 Overall, some robust changes in temperature extremes have emerged from analysis of 1199 

the CMIP3 and CMIP5 multimodel ensembles as well as targeted global and regional climate 1200 

modeling efforts. Model projections generally indicate increased frequency, intensity, and 1201 

duration of heat waves, and despite global warming, cold extremes may persist in some regions 1202 

due to changes in blocking events (Vavrus et al. 2006; Gao et al. 2015). More detailed analyses 1203 

using multimodel ensembles may provide further insights on the mechanisms of heat wave 1204 

changes associated with land-atmosphere coupling and potential changes in LSMPs affecting 1205 

both heat waves and cold air outbreaks. Additionally, well-designed climate modeling 1206 

experiments combined with observational analyses that target specific mechanisms and 1207 

hypotheses may help isolate different factors and provide constraints for more robust 1208 

projections of temperature extreme changes.  1209 

 1210 

6 Summary 1211 

 1212 

This review paper summarizes our current knowledge of, and context for developing new 1213 

understandings about, extreme hot and cold temperature events affecting regions of North 1214 

America. The topic of extremes encompasses many scientific issues and a breadth of time and 1215 

space scales. Understanding extreme events ranges from how events are defined and 1216 
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measured, to how extreme events are studied statistically, theoretically, and with models. To 1217 

reduce the breadth of scales, the paper focuses upon the large scale meteorological patterns 1218 

(LSMPs) that accompany extreme temperature events (ETEs) of short duration. However, even 1219 

with this narrower focus, one easily sees that much further progress is needed to understand 1220 

the properties of extreme temperature events and their supporting LSMP processes. Thus, the 1221 

primary goal of this report is to provide guidance to researchers interested in studying extreme 1222 

temperature events, especially in relation to their associated LSMPs. As such, a variety of 1223 

techniques are described for identifying the LSMPs, including the relative merits of each 1224 

approach. A variety of analysis tools are identified which highlight the linkage of LSMPs to both 1225 

remote low frequency phenomena and local factors. Also highlighted is the information gleaned 1226 

from multiple climate models including simulation issues and projected trends.  1227 

 Section 2 presents methods of defining extreme temperature events statistics using both 1228 

simple indices and extreme value statistical techniques. Also surveyed are methods used to 1229 

identify and connect LSMPs to extreme temperatures. Recent advances in statistical 1230 

techniques, involving conditional extreme value analysis, offer an opportunity to connect LSMPs 1231 

to extreme temperatures through appropriately defined covariates (i.e., indices of LSMPs) that 1232 

supplement more straightforward analyses. 1233 

 Section 3 surveys our current knowledge of LSMPs related to ETEs.  Although 1234 

phenomena ranging from synoptic-scale waves to planetary-scale climate modes are implicated 1235 

as contributors to ETEs, existing information on (a) the physical nature of these contributions 1236 

and (b) the dynamical mechanisms responsible for the implicated LSMPs is uneven and 1237 

incomplete.  A diagnostic formalism is put forth for systematically isolating the underlying 1238 

physics of LSMP life cycles with an ancillary goal of identifying essential large-scale circulation 1239 

“markers” for climate model validation purposes. 1240 
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 Section 4 summarizes the approaches used to model extreme temperatures, including 1241 

dynamical methods using global and regional climate models and statistical models. Although 1242 

climate models generally capture heat waves and cold air outbreaks with some fidelity 1243 

compared with observations, they overestimate warm wave frequency and underestimate CAO 1244 

frequency. Furthermore, while CMIP5 models properly represent many of the significant 1245 

associations between ETEs and low frequency modes, they underestimate the collective 1246 

influence of low-frequency modes on temperature extremes, particularly related to the Pacific 1247 

Decadal Oscillation. Statistical methods used to relate LSMPs with extremes are limited mainly 1248 

by small sample sizes of extreme events, so that only a small number of predictors can be 1249 

included to ensure robust statistical relationships. 1250 

 Section 5 surveys observed and projected trends in extreme temperatures. The studies 1251 

that form the basis of the IPCC AR5 reports and the 3rd US National Climate Assessment do not 1252 

consider the role of LSMPs in the magnitude and trends of extreme temperatures. However, a 1253 

survey of the limited literature exploring these roles in North America and Europe suggests that 1254 

future assessments, particularly at the regional scale, must include the connection between 1255 

LSMPs and extreme temperature events. 1256 

 In preparing this report it became apparent that much work remains to understand better 1257 

past and future occurrences of ETEs and their underlying physical causes. Below are key 1258 

questions relating to LSMPs that may guide future research. 1259 

 Data and Statistical Methods: Can statistical significance tests be developed for all 1260 

LSMP detection methods? What are the effects of spatial resolution and gridding of station data 1261 

on extreme value temperature analysis? How shall multivariate extreme statistical tools be 1262 

optimally employed?  What extreme values are most useful to various application sectors? Can 1263 
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the uncertainty be quantified in statistical quantities for given lengths of the observational or 1264 

model data? 1265 

 Synoptic Behavior and Physical Mechanisms:  What physical/dynamical mechanisms 1266 

form and maintain these rare LSMPs? Is more than one type of LSMP pattern responsible for a 1267 

given regional ETE? Do specific LSMPs arise by different processes? (e.g. Lee and Grotjahn, 1268 

2015) Can one quantify the extent to which low frequency phenomena such as blocking, MJO 1269 

and ENSO contribute to each ETE? (e.g. Dole et al. 2014)  Can one quantify the relative 1270 

contributions of local factors such as topography, land surface states, and land use / land cover 1271 

in ETE duration and severity? How do LSMPs vary with season and regional location? How 1272 

sensitive is LSMP characterization to how the associated ETE is defined?  1273 

 Model Behavior and Trends: How well do global and regional climate models simulate 1274 

the synoptic-dynamic behavior of relevant LSMPs and their variability and trends compared to 1275 

observations/reanalyses?  Can deficiencies in model dynamics or physical parameterizations be 1276 

linked to model deficiencies in LSMP properties? How well must LSMP properties be simulated 1277 

by global climate models to provide sufficiently accurate lateral boundary conditions for regional 1278 

climate models to accurately simulate the associated ETE? Can metrics be designed to discern 1279 

and understand differences in model skill in simulating an ETE and the associated LSMP? 1280 

 Future Properties: What are the relative roles of dynamical and thermodynamical 1281 

changes to future changes in LSMPs associated with ETEs? Considering current limitations of 1282 

climate models, how can one optimally assess the uncertainty in model projections of future 1283 

changes in relevant LSMPs and their ETEs? Beyond ensemble modeling, what type of 1284 

coordinated experiments can be performed to systematically evaluate models and infer the 1285 

sources of model differences in LSMPs and ETEs? How can such model evaluations improve 1286 

our interpretation of model projections of future changes in extremes and LSMPs?  1287 
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 While many gaps exist, investigators now have a large variety of tools and a useful 1288 

LSMP framework by which to pursue better understanding of both historical and future extreme 1289 

temperature events. 1290 
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Figure Captions 1751 

 1752 

Fig. 1 Change over 1950-2007 in estimated 20-year annual return values (oC) for a) hot tail of 1753 

daily maximum temperature (TXx), b) cold tail of daily maximum temperature, (TXn) c) hot tail of 1754 

daily minimum temperature, (TNx) and d) cold tail of daily minimum temperature (TNn). Results 1755 

are based on fitting extreme value statistical models with a linear trend in the location parameter 1756 

to exceedances of a location-specific threshold (greater than the 99th percentile for upper tail 1757 

and less than the 1th percentile for lower tail). As this analysis was based on anomalies with 1758 

respect to average values for that time of year, hot minimum temperature values, for example, 1759 

are just as likely to occur in winter as in summer. The circles indicate the z-score for the 1760 

estimated change (estimate divided by its standard error), with absolute z-scores exceeding 1, 1761 

2, and 3 indicated by open circles of increasing size. Higher z-score indicates greater statistical 1762 

significance. 1763 

 1764 

Fig. 2 Example large scale meteorological patterns (LSMPs) obtained as target ensemble mean 1765 

composites for two types of California Central valley extreme events. Cold air outbreaks in 1766 

winter (DJF) at (a) 72 hours prior and (b) at onset of the events are shown in the 500 hPa 1767 

geopotential height field.  Heat waves during summer (JJAS) (c) 36 hours prior and (d) at the 1768 

onset are shown in the 700 hPa geopotential height field. Shading indicates significance at the 1769 

highest or lowest 5% level, with the innermost shading significant at the 1.5% level. Further 1770 

discussion is in Grotjahn and Faure (2008). 1771 

 1772 

Fig. 3 Self-organizing map of synoptic weather patterns in a region focused on Alaska. The 1773 

SOM array maps give the departure (in hPa) of sea level pressure (SLP) from the domain 1774 
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averaged sea level pressure. The SOM used daily December-January-February (DJF) SLP for 1775 

1997-2007 from ERA-Interim reanalyses and output from a regional climate model. Locations 1776 

with elevation exceeding 500 m are not included in the maps to avoid using SLP in regions 1777 

strongly influenced by methods used to extrapolate SLP from surface pressure. 1778 

 1779 

Fig. 4  Correlation between the local seasonal impact of cold days (left column) and warm days 1780 

(right column) and the seasonal mean NAO (first row), PNA (second row), PDO (third row) and 1781 

Niño 3.4 Indices (fourth row) during winter, 1950-2011. The black contours encompass regions 1782 

having correlations statistical significant at the 95% confidence level (Figure from Westby et al. 1783 

2013). 1784 

 1785 

Fig. 5  (adapted from Turner et al. 2013): Sea level pressure (contours, every 4 hPa), 700-hPa 1786 

winds (barbs, m s-1), and 1000–500-hPa thicknesses (shaded, every 6 dam) at 1200 UTC daily 1787 

during the formation period.  1788 

 1789 

Fig. 6 Grand composites of anomalies associated with temperature regimes over North 1790 

America: SLP anomalies (hPa) are shaded and Z500 height anomalies are contoured every 20 1791 

m; red (blue) contours are positive (negative) Z500 anomalies. Grand composites are shown for 1792 

(top) January and (bottom) July extreme (from left to right) cold maximum (Tx5), warm 1793 

maximum (Tx95), cold minimum (Tn5), and warm minimum (Tn95) temperatures. The Grand 1794 

composite combines information from extreme temperature events occurring at multiple 1795 

disparate geographical locations over North America. The anomaly fields are displayed for a 1796 

circular domain with a radius of 4500 km.  From Loikith and Broccoli (2012; see text for further 1797 

details). 1798 
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 1799 

Fig. 7 Composite synoptic weather patterns at the onset of the 14 Sacramento California 1800 

summer (JJAS) heat waves studied by Grotjahn and Faure (2008). a) Temperature at 850 hPa 1801 

with a 2 K interval. b) 700 hPa level pressure velocity with 2 Pa/s interval and where positive 1802 

values mean sinking motion. c) Sea level pressure with 2 hPa interval, d) Surface wind vectors 1803 

with shading applicable to the zonal component. Areas with yellow (lighter inside dark)) shading 1804 

are positive (above normal) anomalies that are large enough to occur only 1.5% of the time by 1805 

chance in a same-sized composite; areas that are blue (darker inside light) shading are 1806 

negative anomalies occurring only 1.5% of the time. 1807 

 1808 

Fig. 8 Performance portrait of the CMIP5 models’ ability to represent the temperature based 1809 

ETCCDI indices over North American land. The colors represent normalized root mean square 1810 

errors of seasonal indices compared to the ERA Interim reanalysis. Blue colors represent errors 1811 

lower than the median error, while red colors represent errors larger than the median error. 1812 

Seasons are denoted by triangles within each square.  Models marked with “*” are not included 1813 

in the RCP8.5 projections. Root mean square errors normalized by the model median RMSE for 1814 

3 other reanalyses are shown in the rightmost columns for comparison. 1815 

 1816 

Fig. 9 The variance explained in an annual metric of the impact of wintertime Warm Waves on 1817 

the southeast United States from a multiple linear regression using the NAO and PNA indices 1818 

as predictors. Results are displayed for individual CMIP5 model simulations (blue bars) while 1819 

the light and dark gray lines denote variance values for observations and the model mean, 1820 

respectively (From Westby et al. 2013). 1821 

 1822 
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Fig. 10 Warm Spell Duration Index from MERRA for 2011 summer over the United States. 1823 

WSDI is computed from the 90th percentile of daily mean temperatures for the summer season. 1824 

 1825 

Fig. 11 Trend in WSDI as determined from MERRA for US Summertime temperatures. Dashed 1826 

and solid black contours indicate statistical significance (at 90% and 95% confidence 1827 

respectively). 1828 

 1829 

Fig. 12 Projected seasonal changes in North American extreme temperatures from the CMIP5 1830 

multi-model at the end of this century under the RCP8.5 forcing scenario. The reference period 1831 

is 1985-2005 while the future period is 2080-2100. Winter changes are shown on the left while 1832 

summer changes are shown on the right. The top figures represent changes in cold nights (Tnn) 1833 

while the lower figures represent changes in hot days (Txx). Units: Kelvins. 1834 
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Table 1  Some temperature related ETCCDI indices (Sillmann et al. 2013a). For a complete list 
and formal definitions, see http://etccdi.pacificclimate.org/list_27_indices.shtml 
 
ETCCDI index name Semi-formal definition Plain English 
TX90p The percentage of days when 

the high temperature is 
greater than 90% of those in 
reference period 

Hot days 

TX10p The percentage of days when 
the high temperature is less 
than 10% of those in 
reference period 

Cold days 

TN90p The percentage of days when 
the low temperature is greater 
than 90% of those in 
reference period 

Hot nights 

TN10p The percentage of days when 
the low temperature is less 
than 10% of those in 
reference period 

Cold nights 

TXx monthly or seasonal 
maximum of daily maximum 
temperature 

Hottest day 

TXn monthly or seasonal minimum 
of daily maximum temperature 

Coldest day 

TNx monthly or seasonal 
maximum of daily minimum 
temperature 

Hottest night 

TNn monthly or seasonal minimum 
of daily minimum temperature 

Coldest night 

HWDI Heat Wave Duration Index Length of a heat wave 
CWDI Cold Wave Duration Index Length of a cold spell 
FD Days below freezing Frost days 
 1839 
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Table 2 A summary of various methodologies used to identify Large Scale Meteorological 
Patterns (LSMPs) 

 

Method 

(example 
reference) 

Approach Attributes Cautions Significance 
testing 

Composites 

 

(e.g. Grotjahn 
and Faure 
2008) 

Average 
together an 
‘ensemble’ of 
maps on pre-
identified dates 
As with some 
other 
procedures 
described here, 
it is important to 
assess how 
independent the 
dates are, e.g. 
consulting the 
autocorrelation 

Ensemble average 
provides physical 
insights. Can be 
used to examine 
patterns leading 
up to and 
subsequent to the 
event onset by 
shifting dates 
used.  Non-
parametric in 
making no 
assumption about 
the pattern. The 
dates can be 
chosen to be 
independent. 

Must identify the 
event dates 
beforehand. Only 
finds one average 
unless individual 
members of 
ensemble 
examined and 
grouped when 
choosing which 
dates are in 
which average.  

Bootstrap 
resampling can 
compare 
ensemble 
average to many 
random ensemble 
averages (e.g. 
Grotjahn and 
Faure 2008).  
Need larger 
sample size or 
another method  
to assess 
consistency(e.g. 
sign counts: 
Grotjahn 2011) 

Regression 

 

(e.g. Lau and 
Nath 2012) 

Fit a regression 
line (polynomial 
in the 
predictand) to a 
time series of a 
predictor at 
each grid point.  

Pattern provides 
physical insights. 

Parametric in 
assuming a 
specific regression 
line (polynomial). 
Can be used to 
examine patterns 
leading up to dates 
chosen event if 
event lasts for one 
time sample.  

Fit of regression 
line (polynomial) 
to extreme values 
may be notably 
altered by the 
choice of the 
polynomial 
assumed. Only 
finds one pattern. 
Does not 
incorporate time 
threshold criteria 
(e.g. event must 

Significance can 
be estimated by 
rejecting a null 
hypothesis about 
the coefficients. 
based on where 
the regression 
line values are 
higher (or lower) 
than a specified 
threshold of the 
predictand values 
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last >2 days) 
Treats all dates 
as independent, 
which they might 
not be. Does not 
separate onset 
from other days 
during an event 
(e.g. mixing onset 
with dates during 
the event). 
However, low 
pass filtering 
sometimes used 
to aggregate the 
mixture of onset 
and during-event 
dates. 

EOFs or PCs 

 

(Wu et al. 
2012) 

Calculate the 
eigenvectors of 
a space-
weighted 
covariance 
(between 
values at 
different grid 
points) matrix. If 
only inputting 
extreme dates, 
then it is 
important to 
assess how 
independent the 
dates are, e.g. 
consulting the 
autocorrelation 

Finds multiple 
patterns, each of 
which is 
orthogonal (not a 
subset) of another 
pattern. Can 
identify fraction of 
variability that is 
due to that 
EOF/PC. Most 
often used with 
filtered data to find 
leading low 
frequency 
structures. 

Not suitable when 
applied to all data 
as the leading 
EOFs will be 
common patterns 
not necessarily 
relevant to rare 
events. EOFs 
more useful when 
calculated only 
from data on 
event dates 
identified 
beforehand. 
Eigenvectors may 
not be sufficiently 
distinct. The 
patterns found 
may depend on 
domain chosen, 
though EOF 
‘rotation’ may 
help. Each EOF 
explains only a 

No inherent 
significance test 
since the EOFs 
(or PCs) may not 
represent an 
actual weather 
pattern. The 
amount of 
variance 
associated with a 
particular 
EOF/PC is often 
used to indicate 
the importance of 
that EOF/PC.  
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fraction of the 
variance and so 
no single EOF 
might be an 
LSMP thereby 
limiting physical 
insight. 

SOMs 

 

(e.g. Hewitson 
and Crane 
2002) 

Obtain the 
distribution of 
patterns 
covered by a 
set of input 
maps, using 
neural-net 
training  

Resultant maps 
span the pattern 
space of input 
fields, represent 
nodes of a 
continuous pattern 
distribution, and 
can be related to a 
transformation of 
rotated EOFs back 
to physical space. 

Results can be 
sensitive to the 
domain used for 
pattern analysis.  
Care needed to 
ensure 
appropriate 
resolution of 
LSMP space.  
Low resolution 
can fail to resolve 
pattern features 
important for 
extreme events/  
Overly fine 
resolution 
undermines 
significance 
testing. 

Bootstrapping 
methods can 
compare 
frequency 
distributions of 
extreme-event 
days in LSMP 
space with 
random sampling 
of all days to 
indicate 
significance of 
event clustering 
in subregions of 
the full pattern 
space. (e.g. 
Cassano et al. 
2007) 

Clustering 
analysis 

 

(e.g. 
Stephanon et 
al. 2012) 

Assigning 
events to K 
clusters so that 
it minimizes 
total sum of the 
generalized 
Euclidian 
distance 
between 
patterns in a 
cluster (Spath 
1985; Seber 
2008). If only 
inputting 
extreme dates, 
then it is 

Objectively classify 
events and find 
relating LSMPs 
that provide 
physical insight.   

No assumptions 
about the patterns 
such as 
orthogonality and 
symmetry.  

The number of 
LSMPs can be 
somewhat 
arbitrary since 
number of cluster 
is pre-specified, 
although larger 
separation of 
clusters is 
acquired a little 
from the 
‘dissimilarity 
index’. The 
cluster 
assignment can 
be vague for 

Significance of 
classification 
stability can be 
obtained from 
Monte Carlo test 
by rejecting the 
null hypothesis 
that the 
verification period 
temperature 
extreme cannot 
be classified in 
the clusters 
obtained from 
remaining 
periods. In theory, 
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important to 
assess how 
independent the 
dates are, e.g. 
consulting the 
autocorrelation 

some events. one could use 
bootstrap method 
(random 
ensembles same 
number of 
members as the 
cluster) to identify 
what parts of 
each cluster 
average are 
notable for the 
extreme event 

Machine 
Learning 
(Salakhutdinov 
and Hinton 
2012) 

Train a multi-
layer neural 
network on a 
dataset. 
Training is done 
one layer at a 
time, with 
spatio-temporal 
patches at the 
bottom layer, 
and class labels 
being assigned 
at the top layer. 

DBNs have proved 
to be powerful in 
capturing a range 
of patterns. It is 
likely that they will 
extract invariant 
patterns as well as 
anomalies. 

These techniques 
have produced 
state-of-the-art 
results in 
computer vision 
and speech 
recognition tasks. 
They have not yet 
been applied to 
climate datasets. 

Has not been 
conducted in the 
context of 
climate/LSMP 
applications. 
Classification 
performance of 
method has been 
conducted 
extensively for 
images by testing 
on held-out data. 

 1844 

1845 

85 

 



 1846 

 1847 

 1848 

Table 3 Sampling of Various Criteria Used in Heat Wave and Hottest Day Definitions 

Source Definition 

Robinson (2001) A period of at least 48 hours during which neither the overnight low nor the 
daytime heat index Hi falls below the NWS heat stress thresholds (80ºF and 
105ºF).  At stations where more than 1% of both the high and low Hi 
observations exceed these thresholds, the 1% values are used as the heat 
wave thresholds 

Hajat et al. 
(2002) 

3-day moving average temperatures > the 99th percentile of the whole record 
of temperature 

Meehl and 
Tebaldi (2004) 

The longest period of consecutive days satisfying the following 3 conditions: 

1). Daily maximum temperature > T1 for at least 3 days 

2). Average daily maximum temperature > T1 for entire period 

3). Daily maximum temperature > T2 for every day of entire period, 

where 

T1 (threshold 1) = 97.5th percentile of distribution of maximum temperatures 
in the observations and in simulated present day climate 

T2 = 81st percentile 

Beniston (2004) Maximum T exceeding the 90th quantile of summer temperature (30C) at a 
station (Basil, Switzerland). 

Lipton et al. 
(2005) 

Daily maximum high temperature remains 2 standard deviations above 
normal for at least 2 consecutive days 

Gosling et al. 
(2007) 

For 3 or more days the maximum T must be ≥ 95th percentile of the 
maximum T in the summer climatology  

Grotjahn and 
Faure (2008) 

At least 3 consecutive days during which the daily maximum temperatures 
are above 100ºF (38ºC), and with at least one above 105ºF (40.5ºC) 

Bachmann 
(2008) 

Two combinations of criteria, I and II, were tested: 

I. Must satisfy both conditions (where anomaly is relative to long term daily 
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mean): 

1). At least 3 consecutive days with daily anomaly maximum temperature ≥ 
10C  

2). At least 1 day must have maximum temperature anomaly ≥ 15C 

II. Must satisfy the 2 conditions above plus this additional condition: 

3.) The average maximum temperature for the event ≥ 100 F (38C) 

Gershunov et al. 
(2009) 

Individual stations exceeding the 99th percentile for 1, 2, or 3 dates in a row 
are aggregated, with the highest aggregation of values over the region 
including all of California and Nevada determining a ranking for an event. 
Daytime maximum and nighttime (highest) minimum treated separately.  

Lyon (2009) Daily maximum temperature must exceed the 90th percentile for at least 3 
consecutive days, where the percentile is based daily values from the 3-
month summer season. Also tested, same temperature criterion over 5 
consecutive days. 

Grotjahn (2011) Daily maximum temperature anomaly (relative to long term daily mean) 
normalized by daily long term mean standard deviation at all three CV 
stations (KRBL, KFAT, KBFL) must all exceed 1.6 Note: this defines hottest 
days, not heat waves. 

Bumbaco et al. 
(2013) 

Daily maximum temperature anomalies for stations in a region are averaged 
together. Heat wave when regional average daily anomaly exceeds 99th 
percentile for 3 or more consecutive days 
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Table 4 Correlation coefficients between the loading pattern 
of observation and that of each CMIP5 model for NAO-like 
and PNA-like modes. Right-most column includes the 
averaged coefficients of two modes. Dark (light) grey 
shadings denote high-top (low-top) models (Reproduced from 
Lee and Black 2013). 

Model NAO PNA Mean 

"GFDL-ESM2G" 0.94  0.93  0.93  

"MPI-ESM-LR" 0.83  0.92  0.88  

"HadCM3" 0.90  0.82  0.86  

"CSIRO-Mk3-6-0" 0.85  0.81  0.83  

"CCSM4" 0.71  0.91  0.81  

"CanESM2" 0.73  0.83  0.78  

"CNRM-CM5" 0.78  0.77  0.78  

"MIROC-ESM-CHEM" 0.73  0.78  0.75  

"inmcm4" 0.72  0.76  0.74  

"NorESM1-M" 0.56  0.91  0.73  

"IPSL-CM5A-MR" 0.61  0.84  0.73  

"MIROC5" 0.68  0.77  0.73  

"HadGEM2-CC" 0.74  0.70  0.72  

"MIROC-ESM" 0.72  0.70  0.71  

"IPSL-CM5A-LR" 0.48  0.88  0.68  

"MRI-CGCM3" 0.49  0.87  0.68  

  0.72  0.83  0.77  
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 1869 

Fig. 1 Change over 1950-2007 in estimated 20-year annual return values (oC) for a) hot tail of 1870 
daily maximum temperature (TXx), b) cold tail of daily maximum temperature, (TXn) c) hot tail of 1871 
daily minimum temperature, (TNx) and d) cold tail of daily minimum temperature (TNn). Results 1872 
are based on fitting extreme value statistical models with a linear trend in the location parameter 1873 
to exceedances of a location-specific threshold (greater than the 99th percentile for upper tail 1874 
and less than the 1th percentile for lower tail). As this analysis was based on anomalies with 1875 
respect to average values for that time of year, hot minimum temperature values, for example, 1876 
are just as likely to occur in winter as in summer. The circles indicate the z-score for the 1877 
estimated change (estimate divided by its standard error), with absolute z-scores exceeding 1, 1878 
2, and 3 indicated by open circles of increasing size. Higher z-score indicates greater statistical 1879 
significance. 1880 
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 1885 

 1886 

Fig. 2 Example large scale meteorological patterns (LSMPs) obtained as target ensemble mean 1887 
composites for two types of California Central valley extreme events. Cold air outbreaks in 1888 
winter (DJF) at (a) 72 hours prior and (b) at onset of the events are shown in the 500 hPa 1889 
geopotential height field.  Heat waves during summer (JJAS) (c) 36 hours prior and (d) at the 1890 
onset are shown in the 700 hPa geopotential height field. Shading indicates significance at the 1891 
highest or lowest 5% level, with the innermost shading significant at the 1.5% level. Further 1892 
discussion is in Grotjahn and Faure (2008). 1893 
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 1899 

Fig. 3 Self-organizing map of synoptic weather patterns in a region focused on Alaska. The 1900 
SOM array maps give the departure (in hPa) of sea level pressure (SLP) from the domain 1901 
averaged sea level pressure. The SOM used daily December-January-February (DJF) SLP for 1902 
1997-2007 from ERA-Interim reanalyses and output from a regional climate model. Locations 1903 
with elevation exceeding 500 m are not included in the maps to avoid using SLP in regions 1904 
strongly influenced by methods used to extrapolate SLP from surface pressure. 1905 
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 1909 

 1910 

Fig. 4  Correlation between the local seasonal impact of cold days (left column) and warm days 1911 
(right column) and the seasonal mean NAO (first row), PNA (second row), PDO (third row) and 1912 
Niño 3.4 Indices (fourth row) during winter, 1950-2011. The black contours encompass regions 1913 
having correlations statistical significant at the 95% confidence level (Figure from Westby et al. 1914 
2013). 1915 

1916 

92 

 



 1917 

 1918 

 1919 

 1920 

Fig. 5  (adapted from Turner et al. 2013): Sea level pressure (contours, every 4 hPa), 700-hPa 1921 
winds (barbs, m s-1), and 1000–500-hPa thicknesses (shaded, every 6 dam) at 1200 UTC daily 1922 
during the formation period. 1923 
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 1926 

 1927 

Fig. 6 Grand composites of anomalies associated with temperature regimes over North 1928 
America: SLP anomalies (hPa) are shaded and Z500 height anomalies are contoured every 20 1929 
m; red (blue) contours are positive (negative) Z500 anomalies. Grand composites are shown for 1930 
(top) January and (bottom) July extreme (from left to right) cold maximum (Tx5), warm 1931 
maximum (Tx95), cold minimum (Tn5), and warm minimum (Tn95) temperatures. The Grand 1932 
composite combines information from extreme temperature events occurring at multiple 1933 
disparate geographical locations over North America. The anomaly fields are displayed for a 1934 
circular domain with a radius of 4500 km.  From Loikith and Broccoli (2012; see text for further 1935 
details). 1936 
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 1940 

 1941 

 1942 

Fig. 7 Composite synoptic weather patterns at the onset of the 14 Sacramento California 1943 
summer (JJAS) heat waves studied by Grotjahn and Faure (2008). a) Temperature at 850 hPa 1944 
with a 2 K interval. b) 700 hPa level pressure velocity with 2 Pa/s interval and where positive 1945 
values mean sinking motion. c) Sea level pressure with 2 hPa interval, d) Surface wind vectors 1946 
with shading applicable to the zonal component. Areas with yellow (lighter inside dark)) shading 1947 
are positive (above normal) anomalies that are large enough to occur only 1.5% of the time by 1948 
chance in a same-sized composite; areas that are blue (darker inside light) shading are 1949 
negative anomalies occurring only 1.5% of the time. Figure reproduced from Grotjahn (2011; 1950 
DOI 10.1007/s00382-011-0999-z) 1951 
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 1954 

 1955 

 1956 

Fig. 8 Performance portrait of the CMIP5 models’ ability to represent the temperature based 1957 
ETCCDI indices over North American land. The colors represent normalized root mean square 1958 
errors (RMSE) of seasonal indices compared to the ERA Interim reanalysis. Blue colors 1959 
represent errors lower than the median error, while red colors represent errors larger than the 1960 
median error. Seasons are denoted by triangles within each square.  Models marked with “*” are 1961 
not included in the RCP8.5 projections. Root mean square errors normalized by the model 1962 
median RMSE for 3 other reanalyses are shown in the rightmost columns for comparison. 1963 
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 1965 

 1966 

Fig. 9 The variance explained in an annual metric of the impact of wintertime Warm Waves on 1967 
the southeast United States from a multiple linear regression using the NAO and PNA indices 1968 
as predictors. Results are displayed for individual CMIP5 model simulations (blue bars) while 1969 
the light and dark gray lines denote variance values for observations and the model mean, 1970 
respectively (From Westby et al. 2013). 1971 
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Fig. 10 Warm Spell Duration Index from MERRA for 2011 summer over the United States. 1977 
WSDI is computed from the 90th percentile of daily mean temperatures for the summer season. 1978 
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Fig. 11 Trend in WSDI as determined from MERRA for US Summertime temperatures. Dashed 1984 
and solid black contours indicate statistical significance (at 90% and 95% confidence 1985 
respectively). 1986 
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 2005 

Fig. 12 Projected seasonal changes in North American extreme temperatures from the CMIP5 2006 
multi-model at the end of this century under the RCP8.5 forcing scenario. The reference period 2007 
is 1985-2005 while the future period is 2080-2100. Winter changes are shown on the left while 2008 
summer changes are shown on the right. The top figures represent changes in cold nights (Tnn) 2009 
while the lower figures represent changes in hot days (Txx). Units: Kelvins. 2010 
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