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Abstract 11 

An assessment of future change in synoptic conditions over the Arabian Peninsula throughout 12 

the 21st century was performed using 20 climate models from the Coupled Model 13 

Intercomparison Project Phase 5 (CMIP5) database. We employed the mean sea level pressure 14 

(SLP) data from model output together with NCEP/NCAR reanalysis data and compared the 15 

relevant circulation types produced by the Lamb classification scheme for the base period 1975-16 

2000. Overall, model results illustrated good agreement with the reanalysis, albeit with a 17 

tendency to underestimate cyclonic (C) and southeasterly (SE) patterns and to overestimate 18 

anticyclones and directional flows. We also investigated future projections for each circulation-19 

type during the rainy season (December-May) using three Representative Concentration 20 

Pathways (RCPs), comprising RCP2.6, RCP4.5 and RCP8.5. Overall, two scenarios (RCP4.5 21 

and RCP 8.5) revealed a statistically significant increase in weather types favoring above 22 

normal rainfall in the region (e.g., C and E-types). In contrast, weather types associated with 23 

lower amounts of rainfall (e.g., anticyclones) are projected to decrease in winter, but increase in 24 

spring. For all scenarios, there was consistent agreement on the sign of change (i.e., 25 

positive/negative) for the most frequent patterns (e.g., C, SE, E and A-types), whereas the sign 26 

was uncertain for less recurrent types (e.g., N, NW, SE and W). The projected changes in 27 

weather type frequencies in the region can be viewed not only as indicators of change in rainfall 28 

response, but may also be used to inform impact studies pertinent to water resource planning 29 

and management, extreme weather analysis and agricultural production. 30 

 31 

Key words: Circulation types; Lamb classification; climate models; CMIP5; rainfall; Arabian 32 

Peninsula. 33 

 34 

1. Introduction 35 
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Weather types act as an indirect mechanism for understanding the impacts of atmospheric 36 

circulation on surface climate, especially during extreme weather events (Papadopoulos et al., 37 

2014). Characterization of weather types can advance our understanding of the complex and 38 

large-scale processes that contribute to the weather and climate, not just by providing 39 

information that describes and analyzes a wide array of climatologically distinct situations, but 40 

also by identifying the location and intensity of particular patterns that govern large-scale 41 

synoptic conditions (e.g., cyclones, blockings and zonal advection) (Demuzere et al., 2009; 42 

Ramos et al., 2014).  43 

 44 

Changes in the rate of occurrence of circulation types are often described as a key driver of 45 

changes in climatic variables, such as precipitation (e.g., Hope et al., 2006) and temperature 46 

(e.g., Cahynova and Huth, 2009). For this reason, numerous studies have already linked near 47 

surface meteorological variables to weather types on different spatial scales, including the local, 48 

regional and continental (e.g., Vicente-Serrano and López-Moreno, 2006; Lorenzo et al., 2008, 49 

2011; Hanggi et al., 2011; El Kenawy et al., 2014). For example, Hanggi et al. (2011) assessed 50 

the association between changes in weather types and precipitation trends in the boundary 51 

region of the Swiss Alps. More recently, El Kenawy et al. (2014) characterized the relationship 52 

between weather types and extreme rainfall events over Saudi Arabia for the period 1965-2005, 53 

suggesting a generally positive trend in the frequency of weather types associated with dry 54 

conditions (e.g., anticyclones and easterly flow) and a general negative trend in patterns 55 

favoring above-normal rainfall, such as cyclones.  56 

 57 

Numerous methods have already been developed to classify weather types, including pure 58 

statistical (e.g., principal components analysis (Esteban et al., 2005), canonical correlation 59 

analysis (Xoplakiet et al., 2003) and cluster analysis (Littmann, 2000)), to more dynamic-based 60 

methods (e.g., Hess and Brezowsky, 1977). A comprehensive review of different classification 61 

methods is given by Huth et al. (2008). Amongst these methods, the automated Lamb 62 

classification has been widely used to summarize the state of the climate in a many research 63 

efforts (e.g., Trigo and DaCamara, 2000; Vicente-Serrano and López-Moreno, 2006; Lorenzo et 64 

al., 2011; Ramos et al., 2011; El Kenawy et al., 2014). The preference for this scheme is 65 

generally linked to its robust performance in regions with varied climates, as well as its 66 

computational simplicity and limited demands for meteorological data. In addition, this scheme 67 

tends to produce more or less physically distinct groups of meteorological situations, in which 68 
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variability within each group is minimized, while variability between groups is maximized 69 

(Perez et al., 2014). 70 

 71 

With recent developments in the field of climate modeling, data sets from coupled model 72 

simulations can provide a unique source to examine potential future changes in circulation 73 

patterns (Bauer et al., 2015). In this context, circulation patterns can be very useful for 74 

validating climate model outputs as well as predicting their future changes (e.g., Lorenzo et al., 75 

2011; Belleflamme et al., 2013; Cortesi et al., 2013; Perez et al., 2014). One representative 76 

example is Lorenzo et al. (2011) who assessed future changes in different synoptic types over 77 

the northwest region of the Iberian Peninsula using three different models developed within the 78 

Intergovernmental Panel on Climate Change (IPCC) fourth assessment report (IPCC, 2007). 79 

Similarly, Perez et al. (2014) assessed the capability of Global Climate Models (GCMs) from 80 

the Coupled Model Intercomparison Project Phase 3 (CMIP3) and Phase 5 (CMIP5) for 81 

reproducing the synoptic conditions over the northeast Atlantic Ocean region.  82 

 83 

In the Middle East, future projections of climate indices have generally been examined within a 84 

global context (e.g., Sillmann et al., 2013) or focused regionally on temperature and 85 

precipitation (e.g., Evans, 2009; Roshan et al., 2011). For example, Evans (2009) assessed 86 

future projections of surface temperature and precipitation over the Middle East, using an 87 

ensemble of 18 GCMs under the special report of emissions (SRE A2) scenario. Roshan et al. 88 

(2011) also examined temperature projections over Iran using the MAGICC SCENGEN model 89 

data under different climate change scenarios. In Saudi Arabia, Almazroui (2013) employed the 90 

ECHAM5 A1B emissions scenario to project future (2021-2070) simulations of temperature 91 

and precipitation. In contrast, consensus regarding possible future changes of weather types has 92 

not received as much attention, with most studies explicitly focused on the occurrence of past or 93 

near-present weather types for identifying their frequency and location changes over time (see 94 

Alpert et al., 2004; Turkes and Erlat, 2005; Saaroni et al., 2010; El Kenawy et al., 2014).  95 

 96 

Assessing potential changes in weather types and characterizing their uncertainties in space and 97 

time is required to enhance our understanding of large-scale atmospheric circulations and their 98 

associated implications on surface hydrometeorology. This is particularly important in arid and 99 

semi-arid areas, such as the Arabian Peninsula, as these regions are especially vulnerable to 100 

meteorological extremes such as flash flooding (de Vries et al., 2013; Donat et al., 2014; Deng 101 

et al., 2015) and drought, in response to climate variations (Leng et al., 2015). With recent 102 



4 
 

advances in global and regional modeling at medium to high resolution, there is an opportunity 103 

to determine how the frequency of weather types over the region will change with increasing 104 

greenhouse-gas concentrations. Such an assessment is of particular interest because the 105 

formation and variability in circulation patterns over the region is strongly influenced by the 106 

interrelation between mid-latitude pressure systems and tropical and sub-tropical configurations 107 

(Goldreich, 2003; Deng et al. 2015). In addition, local orographic factors (e.g., slope and lee-108 

side effect), especially in the southwest mountains, provide marked regional variations as well 109 

as drive considerable temporal variability in the hydrometeorology (El Kenawy and McCabe, 110 

2015). All these local and regional scale features can induce a different regional response of 111 

climate variables (particularly rainfall) to large-scale circulation.   112 

 113 

The main objectives of this work are (i) to evaluate changes in the frequency of circulation 114 

types that impact the Arabian Peninsula in the near-present climate by means of a retrospective 115 

assessment of an ensemble of 20 models within the CMIP5 project and (ii) to assess how these 116 

weather types could be modified under different forcing emission scenarios in the climate of the 117 

future. As far as we know, this work represents the first attempt to evaluate the ability of the 118 

CMIP5 models in reproducing circulation patterns over the region. This study provides new 119 

insights into the characteristics of future weather types in the region, which can be useful for 120 

exploring the behavior of a range of surface and atmospheric processes, including extreme 121 

weather events and precipitation, wet chemistry, dust deposition, air pollution and many related 122 

phenomena.   123 

 124 

2. Study area 125 

The Arabian Peninsula is located in the southwestern part of Asia, encompassing over 3.2 126 

million km2, with Saudi Arabia representing approximately 80% of the land area (Figure 1). The 127 

climate of the Arabian Peninsula is typically semi-arid to arid, with short, intense, infrequent 128 

and unpredictable rainfall events. The annual rainfall of the whole territory is generally below 129 

150 mm (Kwarteng et al., 2009; El Kenawy et al., 2014). Rainfall is mainly distributed during 130 

the period from October through April, with April the month of highest rain rate (18.5 mm) and 131 

May and June the lowest rate, with 3.7 and 6.4 mm, respectively. Based on rainfall data for the 132 

period 1960-2013, we found that rainfall varies spatially from more than 1,000 mm.year−1 in the 133 

mountains close to the Red Sea in the southwest corner, to less than 1 mm.year−1 in the Empty 134 

Quarter desert region of the southeast. Due to its latitudinal extent, the study domain lies 135 
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between two important and competing global circulations: the subtropical and tropical 136 

configuration to the south and the mid-latitudinal influences to the north (Figure 1). 137 

Accordingly, the study domain is often subjected to different types, frequencies, and 138 

magnitudes of airflows, compared to the tropics or high latitudes. Other important local factors 139 

affecting climate regimes in the region include orographic uplift, which plays a dominant role in 140 

determining the spatial distribution of total rainfall in the southwestern portions. In addition, 141 

processes associated with surface heating might present during the summertime, generating 142 

rainfall over dry and continental areas.  143 

 144 

3. Data and Methods 145 

3.1. Data 146 

In the following sections, we provide a brief introduction of the different datasets compiled for 147 

analysis in this work as well as the methodologies used to construct the weather classification 148 

schemes and evaluate the CMIP5 model simulations. 149 

 150 

3.1.1. Reanalysis sea level pressure (SLP) dataset 151 

In order to compute the circulation types following the Lamb classification (Section 3.2), daily 152 

sea level pressure (SLP) data were obtained from the National Center for Environmental 153 

Prediction and National Center for Atmospheric Research (NCEP/NCAR) reanalysis project 154 

(Kalnay et al., 1996) for the period 1975 to 2000. The selection of this base period is motivated 155 

by the notion that the mid 1970s corresponded to a period of a rapid and demonstrable change 156 

in the global climate (Brohan et al., 2006). In this work, the NCEP/NCAR reanalysis was 157 

preferred to other available global SLP reanalyses (e.g., ERA-Interim and JRA25) as it 158 

comprises a longer historical climate reconstruction (Smith and Kummerow, 2013). In addition, 159 

this product has been widely evaluated against independent observations (Schoof and Pryor, 160 

2003). Indeed, in their recent study over Saudi Arabia, El Kenawy et al. (2014) confirmed the 161 

robustness of the NCEP/NCAR SLP data for a 41-year reference period (1965-2005).  162 

 163 

As depicted in Figure 1, the daily SLP data were provided for 16 points at a 2.5° by 2.5° spatial 164 

interval, covering a region between 5º–45º N and 30º–60º E. Each of these points represents the 165 

centroid of the corresponding grid cell. The selected spatial window encompasses the main 166 

configurations governing the climate of the region (e.g., Mediterranean, monsoon, subtropical, 167 

tropical and Saharan influences). A conceptually similar approach has been adopted in previous 168 
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related works (e.g., Conway and Jones, 1998; Trigo and DaCamara, 2000; Vicente-Serrano and 169 

López-Moreno, 2006; Ramos et al., 2011).  170 

 171 

3.1.2. CMIP5 model output  172 

To assess changes in the frequency of weather types across the Arabian Peninsula during the 173 

21st century, our study uses a collection (r1i1p1) of daily SLP data from 20 GCMs. These state-174 

of-the-art coupled GCMs were developed by many modeling groups worldwide and comprise 175 

part of the CMIP5 archive, providing information on present and future climates (Taylor et al., 176 

2012). The number of models used in the ensemble was determined according to the availability 177 

of SLP data for the analyzed period (1975-2100) and at least two of the investigated scenarios. 178 

In particular, we considered future changes in the frequency of weather types by using three 179 

core Representative Concentration Pathway (RCP) emission scenarios from the IPCC Fifth 180 

Assessment Report (AR5) (IPCC, 2013). These scenarios assume low (RCP2.6), medium 181 

(RCP4.5) and high (RCP8.5) rates of radiative forcing by 2100, providing insights into a range 182 

of possible future evolutions of atmospheric composition (Moss et al., 2010).  183 

 184 

Table 1 lists the model names, resolutions, institutions, and experiments used in this study. 185 

Further details on the physics of the CMIP5 models and their experiments can be found at 186 

(http://cmip-pcmdi.llnl.gov/cmip5/experiment_design.html) and are documented in Flato et al. 187 

(2013). As indicated in Table 1, the investigated CMIP5 models are generally available at a 188 

horizontal grid coarser than 1º latitude by 1º longitude, with CCSM4 being the model with the 189 

finest grid size among the considered models (0.94º latitude by 1.25º longitude). In this work, 190 

SLP data for the defined 16 points (Figure 1) were aggregated from the native grid of each 191 

model to a common 2.5° × 2.5° regular latitude-longitude using a simple arithmetic average of 192 

the nearby points, spanning an area identical to the selected NCEP/NCAR region. This 193 

procedure was undertaken primarily to account for the different spatial resolution of the CMIP5 194 

models used in this work (Table 1) and to allow for the SLP data to be spatially consistent and 195 

accordingly suitable for a fair comparison with NCEP/NCAR reanalysis data. As SLP is not 196 

expected to vary considerably over short distances compared to other climate variables (e.g., 197 

temperature and precipitation), this approach can provide an adequate representation of SLP 198 

variability and their causal processes over the study region (El Kenawy et al., 2014). Here, it 199 

should be noted that while a simple local averaging interpolation has been adopted for the SLP 200 

in this study, more complicated local interpolation schemes were also examined, including the 201 

http://en.wikipedia.org/wiki/Intergovernmental_Panel_on_Climate_Change
http://en.wikipedia.org/wiki/IPCC_Fifth_Assessment_Report
http://en.wikipedia.org/wiki/IPCC_Fifth_Assessment_Report
http://cmip-pcmdi.llnl.gov/cmip5/experiment_design.html
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Inverse Distance Weighting (IDW), the bilinear interpolation, the local polynomial and Spline 202 

algorithms. Although not presented here, spatial differences of of SLP configurations were 203 

imperceptible and were shown to have negligible impact on the interpolation results.  204 

 205 

3.2. Circulation-type catalogue 206 

In order to characterize weather types in the region, daily gridded fields of SLP (from 207 

NCEP/NCAR reanalysis and CMIP5 models), at the 16 points defined in Figure 1, were used as 208 

input for the Lamb weather type scheme (Jones et al., 1993). Following this scheme, the daily 209 

circulation was summarized using a set of indices, which are associated with the direction and 210 

vorticity of the geostrophic flow. These indices included southerly flow (SF), westerly flow 211 

(WF), total flow (F), westerly shear vorticity (ZW), southerly shear vorticity (ZS) and total 212 

shear vorticity (Z). These indices were computed from the 16 grid points shown in Figure 1, as 213 

follows:  214 

 215 

SF = 1.35 (0.25(P5 + 2P9 + P13) − 0.25(P4 + 2P8 + P12))                                           ... (1) 216 

 217 

𝑊F = (0.5(P12 + P13) − 0.5(P4 + P5))                                                                             ... (2) 218 

 219 

ZS = 0.85 [0.25(P6 + 2P10 + P14) − 0.25(P5 + 2P9 + P13)] 220 

                   −0.25 (P4 + 2P8 + P12) + 0.25 (P3 + 2P7 + P11))                                         ... (3) 221 

 222 

ZW = 1.12[0.5(P15 + P16] − 0.5(P8 + P9)] 223 

              −0.91(0.5(P8 + P9) − 0.5(P1 + P2))                                                                      ... (4) 224 

 225 

F = (SF2 +  WF2)0.5                                                                                                               ... (5) 226 

 227 

Z = ZS + ZW                                                                                                                           ... (6)    228 
 229 
 230 
Weather types were then defined on a daily basis, as a function of Z and F values, following 231 

Table 2. According to the Lamb classification scheme, a set of 26 different weather types was 232 

initially defined: two non-directional (anticyclones (A) and cyclonic (C)), eight pure directional 233 

(N, S, E, W, NW, SW, SE and NE) and sixteen “hybrid” types, which combined the non-234 

directional and pure directional types (i.e., AN, AS, AE, AW, ANW, ASW, ASE, ANE, CN, 235 

CS, CE, CW, CNW, CSW, CSE and CNE). For directional types, the direction was determined 236 

according to arctan (WF/SF), adding 180° if WF is positive (Goodess, 2000). 237 

 238 
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To simplify the outputs of the classification, we aggregated weather types into fewer and more 239 

meaningful groups according to their directions. More specifically, given that the frequencies of 240 

the 16 hybrid types are expected to be relatively small compared to other types- as differences 241 

in occurrence within one direction (including both cyclonic and anticyclonic types) are likely to 242 

be smaller compared to the differences between types of varying directions- we eliminated 243 

hybrid types by reclassifying them into synoptic (C/A) and directional (NE, SE, NW, SW, E, 244 

W, N, S). For example, the CSW-type was reclassified as 50% cyclonic (C) and 50% SW. 245 

Many studies have adopted the same approach to facilitate inter-comparison amongst the 246 

different weather types (see, for example, Trigo and DaCamara, 2000; Demuzere et al., 2009; 247 

Lorenz et al., 2011). Overall, this procedure resulted in a maximum of ten groups: eight 248 

directional, a cyclonic (C) and an anticyclonic (A). 249 

 250 

3.3. Model evaluation 251 

Prior to the analysis of future climate simulations, it was important to establish the capability of 252 

the CMIP5 models to reproduce the near-present weather types by undertaking a retrospective 253 

assessment. To accomplish this task, we compared the frequencies of the weather types in the 254 

so-called “historical” simulations with those obtained from the NCEP/NCAR reanalysis dataset. 255 

Here, we restricted the evaluation procedure to the reference period from 1975 to 2000, which is 256 

a period of common historical data for reanalysis and all CMIP5 model data. The skill of GCMs 257 

to replicate the synoptic conditions was assessed for winter (December–February; DJF) and 258 

spring (March–May; MAM). The selection of the two rainy seasons over the region is 259 

motivated by two reasons. First, rainfall is an important climate variable in arid and semi-arid 260 

regions, as rainfall is generally scarce, unpredictable and highly variable in space and time. 261 

Second, other seasons (e.g., summer) are characterized by a disproportionate frequency of 262 

cyclonic circulation over the peninsula, in relation to a very infrequent occurrence of other 263 

circulation patterns (El Kenawy et al., 2014). 264 

 265 

Model responses were analyzed according to their capacity to reproduce the near-present 266 

seasonal characteristics of weather types (i.e., mean frequency and variance). In principle, the 267 

performance of each model was assessed via the use of three metrics, which together provide a 268 

more rigorous evaluation of the model uncertainty. These estimators included the bias, the 269 

scatter index (SI) and the standard deviation scatter index (stdevSI). While the bias is a measure 270 

of the average difference between observed and modeled data, SI is a normalized measure of the 271 

error between observed and simulated climate (Clancy et al. 1986). On the other hand, stdevSI 272 
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is a measure of bias in variability, as it uses the difference between the standard deviation 273 

(stdev) of observed and modeled data (Perez et al., 2014). Lower values of SI and stdevSI 274 

suggest better agreement between observed and model data and hence a better performing 275 

GCM.  276 

 277 

The evaluation metrics were calculated independently for each weather type during the period 278 

1975-2000, and formulated as:  279 

 280 

𝐵𝑖𝑎𝑠 = 𝑛−1 ∑ (𝑃𝑖 − 𝑂𝑖)𝑛
𝑖=1                                                                                                      … (7)  281 

𝑆𝐼 = √∑ (𝑂𝑖
′−𝑃𝑖

′)𝑛
𝑖=1

2

𝑁
/

∑ (𝑂𝑖
′)𝑛

𝑖=1

𝑁
                                                                               … (8) 282 

𝑠𝑡𝑑𝑒𝑣𝑆𝐼 = √∑ (𝑠𝑡𝑑𝑒𝑣(𝑂𝑖
′
)−𝑠𝑡𝑑𝑒𝑣(𝑃𝑖

′
))𝑛

𝑖=1

2

𝑁
/

∑ (𝑠𝑡𝑑𝑒𝑣(𝑂𝑖
′
))𝑛

𝑖=1

𝑁
                                                     … (9) 283 

          where n is the length of the time series (in this case 26 yr), O is the mean frequency of a 284 

particular weather type in the reanalysis, P is the mean frequency of the same weather type in 285 

the model, and i is the index for year, O´ is the relative frequency of the ith weather type from 286 

the reanalysis over the base period, P´ is the relative frequency of the ith weather type from a 287 

GCM simulation for the base period and N is the number of weather types. 288 

 289 

To measure the overall skill of each model, we used a single metric that aggregates several 290 

statistical measures (i.e., mean and standard deviation). This estimator allows for ranking the 291 

models according to their overall respective performance in replicating not just the mean 292 

frequency of the weather types, but also their standard deviation. The ranking procedure is 293 

summarized in the following steps: 294 

 295 

1. The degree of agreement (DAmean) between each model and the reanalysis in terms of 296 

replicating the mean frequency of each weather type during the base period (1975-2000) 297 

was computed following the modified equation of Huang et al. (2014), as: 298 

DAmean = [
1
𝑐

∑ (
�̅�𝑖

�̅�𝑖−1
)𝑐

𝑖=1

2
]

0.5

                                                                   … (10) 299 
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            where �̅� is the mean frequency of the ith weather type from a GCM simulation 300 

for the base period, �̅� is the mean frequency of the ith weather type from the reanalysis 301 

for the base period and c refers to the count of the models used in this study. 302 

 303 

2. The degree of agreement (DAstdev) in terms of replicating standard deviation of each 304 

weather type was calculated in a manner similar to Eq.10, as: 305 

 DAstdev = [
1
𝑐

∑ (
𝑃𝑠𝑡𝑑𝑒𝑣̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑖

𝑂𝑠𝑡𝑑𝑒𝑣̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑖−1

)𝑐
𝑖=1

2
]

0.5

                                                           … (11) 306 

           where 𝑃𝑠𝑡𝑑𝑒𝑣̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the standard deviation of the ith weather type from a GCM 307 

simulation, 𝑂𝑠𝑡𝑑𝑒𝑣̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the standard deviation of the ith weather type from the reanalysis 308 

and c refers to the count of the models used in this study. 309 

 310 

3. For each weather type, we ranked the models according to the DAmean value from 311 

highest to lowest, with the sequence numbers ranging from 1 to 20 (seq1 to seq20).  We 312 

also ranked the models according to their DAstdev values in a similar fashion.  313 

4. We scored each models ability to reproduce the mean frequency of each weather type 314 

using the sequence number (seq) obtained in step 3. In particular, for the model with the 315 

ith sequence number with respect to Dmean, the score (S) was given as: 316 

S =
seqi−1

c−1
                                                                                                                            … (12) 317 

               where seq is the sequence number of each model and c is the total count of the 318 

models. The calculations were repeated for DAstdev. 319 

 320 

5. Finally, we calculated the overall score (OS) of each model by averaging the two score 321 

values obtained in step 4 (one for DAmean and the other is for DAstdev). The OS values 322 

vary from 0 (no skill) to 1 (perfect skill).  323 

 324 

A similar procedure was recently applied in Huang et al. (2014) to validate precipitation 325 

characteristics (e.g., mean, standard deviation and trends) derived from the CRU TS3.10 data 326 

set against those of CMIP5 model output over central Asia. 327 

 328 

3.4. Future projections of weather types 329 
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For the 21st century, we assessed future projections in the mean frequency of weather types for 330 

the mid (2035-2060) and late (2075-2100) century, by comparing the simulated frequency of 331 

each weather type for each ensemble member with the frequency obtained from the reference 332 

period simulation (1975-2000). These changes were expressed in relative terms (% of days), 333 

showing how the frequencies of weather types in a particular year depart from the mean 334 

behavior. The statistical significance of the obtained differences between the base period and 335 

future simulations was tested using the non-parametric Wilcoxon signed-rank test at the 5% 336 

significance level (Wilks, 2011).  337 

 338 

In order to improve GCM predictions and to reduce the simulation uncertainty (e.g., from scale 339 

issues, resolution, parameterization of physical processes and natural variability), we calculated 340 

a multi-model mean from the CMIP5 ensemble by taking the average of the 20 model members 341 

used in this work. The multi-model ensemble approach has been shown in many studies to 342 

outperform individual models, as they provide more robust estimates of future projections and 343 

their related uncertainties (see Evans, 2009; Sillmann et al., 2013; El Kenawy et al., 2015). 344 

However, recalling that the models may respond differently to a specific radiative forcing as a 345 

consequence of varying model-specific climate sensitivities, we were also interested in 346 

exploring the model uncertainty through measuring the dispersion (spread) of GCMs around 347 

their centroid using the inter-model variability (in percent).  348 

 349 

4. Results and Discussion 350 

4.1. Retrospective model evaluation 351 

In order to determine how well the models reproduce the observed circulation types, we 352 

compared weather type frequencies calculated from the NCEP/NCAR data and GCM control 353 

runs using a set of statistical measures (e.g., bias, SI and stdevSI) (Section 3.3). Figure 2 354 

summarizes the relative frequency of each synoptic circulation type for the NCEP/NCAR 355 

reanalysis, together with each individual model and the multi-model mean during winter (DJF) 356 

and spring (MAM). Overall, there is generally good agreement for circulation occurrence 357 

between NCEP/NCAR data and CMIP5 models, with a large proportion of C type, in addition 358 

to flows coming mainly from E and SE. This response is evident in winter and spring. However, 359 

there are also some considerable discrepancies for specific weather types. In winter, A-types 360 

contribute to 12.3% of winter days in the reanalysis, which deviates substantially from the 361 

ensemble mean (40.1%). Model data suggest winter as the predominant season for anticyclonic 362 



12 
 

activity over the peninsula, but with a large spread, with the occurrence of A-type considerably 363 

varying from 11.2% in MIROC5 to 61.6% in BNU-ESM. In contrast, results show small 364 

differences in the E-type relative frequency between the reanalysis and CMIP5 climate models, 365 

as the relative frequency of E days is 14.4% in the reanalysis during winter, compared to 17.2% 366 

for the multi-model mean.  367 

 368 

In spring, the results of the reanalysis and the ensemble mean suggested C-type as the dominant 369 

circulation pattern, with 66.6% and 58.1% of all days, respectively. Similar to A-type in winter, 370 

the spread of the model for the key circulation (C-type) is quite large, with values ranging from 371 

41% for GFDL-ESM2M to 80.2% for MIROC5. The most skilled GCMs in replicating the 372 

relative frequency of C-type in spring are MPI-ESM-LR, CNRM-CM5 and HadGEM2-ES, with 373 

65.8%, 65.7% and 65.1% of days, respectively. Again, the CMIP5 ensemble is skillful in 374 

reproducing the relative frequency of E-type with small error (the ensemble mean = 9.7% and 375 

the reanalysis = 6.4%). Indeed, there are many models where the relative frequency of E days is 376 

much closer to the reanalysis (e.g., INM-CM4 (6.6%), MRI-CGCM3 (6.9%), MPI-ESM-LR 377 

(7.3%), MPI-ESM-MR (7.5%) and CCSM4 (5.4%)).   378 

 379 

Figure 3 displays uncertainties in climate model simulations, as revealed by the overall biases. 380 

The bias is presented here as the differences between the mean monthly circulation-type 381 

frequencies (in days). A quick inspection of Figure 3 reveals that the model suggests some 382 

differences in the general circulation system produced by the reanalysis data, with a clear 383 

tendency to under-predict C and SE-types, while over-predicting other types. For example, A 384 

days are overestimated by 24.9 days during winter months, which is equal to 27.7% of days per 385 

season. In contrast, the C days count is underestimated by 11.6 days (12.9% of winter days). In 386 

winter, the CMIP5 ensemble is capable of reproducing NE and N circulation patterns, while 387 

they fail to reproduce the majority of patterns, including southern (SE, S and SW), western (NW 388 

and W) and anticyclonic (A). Again, our analysis confirms that flows coming from the east (E-389 

type) are best reproduced in the first half of the year (winter and spring).  390 

 391 

Figure 4 illustrates the performance of each single model in simulating the mean frequency of 392 

weather types during the period 1975-2000, as summarized by the scatter index (SI), with the 393 

lower values indicating a better performing GCM. Although this index is a difference-based 394 

metric like the bias, it provides improved indications on the performance of the GCMs, given 395 

that it normalizes the differences between reanalysis and modeled data by using the total count 396 
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of weather types (Clancy et al. 1986). In winter, the results reveal that the models are more 397 

skillful in replicating all types, apart from C and SE-types, where only relatively few members 398 

can reproduce the mean frequencies of the near-present (1970-2000) period. For C-type, MPI-399 

ESM-LR, CSIRO-Mk3-6-0 and MPI-ESM-MR are the most skillful models in capturing the 400 

mean frequency. For SE-type, the lowest values of SI (and hence the best agreement) are 401 

obtained for GFDL-CM3, HadGEM2-ES, CanESM2 and MIROC5. As illustrated in Figure 4, 402 

the mean frequency of C, SE and S-types is poorly reproduced by a particular range of CMIP5 403 

models (CCSM4, IPSL-CM5A-MR, IPSL-CM5A-LR and NorESM1-M). For spring, the 404 

performance of the CMIP5 models is improved relative to the winter. Specifically, the 405 

circulation patterns with higher frequency (e.g., C, SE, E and A) are generally well reproduced 406 

by the model data, compared to the less frequent types (e.g., N, NW, SW and W), which show 407 

considerable discrepancies. For example, C days are reproduced well by the majority of the 408 

ensemble members, with some of them presenting almost perfect skill (e.g., MPI-ESM-LR 409 

(SI=0.04) and CNRM-CM5 (SI=0.05)). As illustrated in Figure 4, MIROC5, MIROC-ESM and 410 

MIROC-ESM-CHEM show considerable differences from the reanalysis data for the SE, E and 411 

A circulation types (SI >3.5).  412 

 413 

Figure 5 depicts the standard deviation scatter index (stdevSI) estimated for the 26-yr period 414 

(1975-2000) for each circulation type. In accordance with the results on the frequency of the ten 415 

circulation patterns (Figure 4), stdevSI values indicate that the variability of the majority of 416 

weather types is well reproduced by the individual models. As depicted, circulation patterns are 417 

well represented in the CMIP5 climate simulations for most types and seasons. However, there 418 

are well-marked variations in the standard deviation of C-type in winter, W and SW-types in 419 

spring and the pure southerly flows in both seasons. For particular types (e.g., S), the models 420 

that fail to replicate the mean frequency show low skill in reproducing the standard deviation 421 

(see, for example, CCSM4, IPSL-CM5A-MR and IPSL-CM5A-LR). Conversely, for other 422 

types (e.g., SE flows), the skill of particular members (e.g., BNU-ESM, MIROC-ESM and 423 

MIROC-ESM-CHEM) in simulating the standard deviation of circulation types, improves 424 

markedly compared to their capacity to reproduce the mean frequency. 425 

  426 

Overall, a visual comparison of Figures 4 and 5 reveals that the temporal characteristics (mean 427 

frequency and standard deviation) of the weather types in the CMIP5 models match closely to 428 

those found in NCEP/NCAR, despite some small differences. In effect, apart from SE and S-429 

types, the frequencies of all atmospheric regimes (as well as their variability) are well captured 430 
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by the CMIP5 climate simulations during the base period of 1975-2000. Importantly, the results 431 

indicate that the increasing spatial resolution of the CMIP5 members may have an impact on the 432 

ability of the models to reproduce the present climate as, on some occasions, the simulated 433 

circulation patterns are improved as the underlying model resolution increases. For example, 434 

some models with a relatively fine spatial interval, such as CNRM-CM5 (1.4º lat × 1.4º lon), 435 

CCSM4 (0.94º lat × 1.25º lon) and CNRM-CM5 (1.4º lat × 1.4º lon) show improved skill in 436 

reproducing circulation patterns in retrospective simulations, compared to other relatively 437 

coarse resolution members (e.g., BCC-CSM1-1, BNU-ESM, CanESM2 and MIROC-ESM (2.8º 438 

lat × 2.8º lon)). One of the sources of these differences may be that both the reanalysis and 439 

models represent spatially averaged SLP data, which may make the pressure systems more 440 

smoothed in lower resolution GCMs when compared to the reanalysis (2.5º lat × 2.5º lon). In 441 

addition, it should be noted that the CMIP5 uses different sets of GCMs, with varying physics 442 

schemes (e.g., clouds, boundary layer land surface processes), which may pose an additional 443 

source of uncertainty in addressing comparisons between model simulations (Taylor et al., 444 

2012; Sillmann et al., 2013; Perez et al., 2014). However, it should be emphasized that the 445 

possible role of spatial resolution on a model's ability to reproduce the mean frequency of 446 

weather types requires further investigation. This is particularly because SLP is a field that 447 

naturally exhibits smooth and large scale spatial variations. 448 

 449 

In an attempt to rank the individual models according to their capacity to replicate both the 450 

mean and standard deviation of weather types over the base period, we applied the methodology 451 

detailed in Section 3.3. The overall score (OS) of the ensemble members for each weather type 452 

is summarized in Figure 6, with 0 referring to no skill and 1 representing a perfect skill. The 453 

results indicate clearly that the ranking of GCMs differs from one weather type to another. 454 

Nonetheless, the results suggest that MPI-ESM-LR outperforms all other models in terms of 455 

simulating the temporal characteristics of cyclonic conditions (OS=0.93), while MIROC5 is the 456 

most skillful model in reproducing A and NE (OS=0.99) and N (OS=0.90) circulations. Good 457 

results are also obtained for A and SE-types using CanESM2 simulations, whereas CNRM-458 

CM5 is a noticeably poor-performing model for replicating N and NW flows in the region. As 459 

illustrated in Figure 6, for particular patterns (e.g., SE, A, S, NE and W), the spread among the 460 

CMIP5 ensemble members in terms of their overall skill tends to be more variable, while there 461 

are smaller inter-model variations for other patterns (e.g., E and SW). In general, it is evident 462 

that no single model could replicate the characteristics of all weather types equally well. This 463 

finding suggests that an ensemble that combines all members or even an ensemble of high-464 
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performing models is likely to outperform any single model. In their assessment of the 465 

performance of the CMIP3 models to simulate tropospheric stability over the Arabian 466 

Peninsula, Barfus and Bernhofer (2014) found a large spread among model output, noting that 467 

no single model can outperform any other. Similarly, in a study over the Middle East, Evans 468 

(2009) concluded that the performance of GCMs in simulating precipitation characteristics 469 

varies considerably, with no outstanding model able to be identified.  470 

 471 

4.2. Projected changes in the frequency of weather types 472 

To assess projected changes in the frequency of each defined weather type, relative changes (% 473 

of days) were defined by comparing the mean frequency for the control run (1975-2000) with 474 

those of the two 26-year future periods (2035-2060 and 2075-2100). Figure 7 presents projected 475 

changes in the seasonal frequencies of weather types for the period 2035–2060 using the 20-476 

model ensemble mean, illustrating both inter-annual and inter-scenario variability. The results 477 

suggest more significant changes in the frequencies of weather types for RCP8.5 compared to 478 

the low (RCP2.6) and medium (RCP4.5) emission scenarios. This feature can be clearly 479 

observed during winter (DJF), with almost all weather types showing statistically significant 480 

changes for RCP8.5 (following Wilcoxon signed-rank test at p<0.05). On the other hand, 481 

significant changes were identified for only five patterns using RCP2.6 and seven for the 482 

RCP4.5 scenarios. Further, the results indicate that all RCPs project a decrease in the frequency 483 

of C days in spring, a result that is completely reversed in the winter. This finding is interesting 484 

given that C-type is the pattern with the highest frequency in spring. For the most frequent 485 

circulation patterns (e.g., C, SE, E, A and S), the results suggest good agreement on the sign of 486 

change (i.e., positive/negative) between the three scenarios in both seasons. This could be 487 

related to the better agreement on the sign of change among models (see Figure 9). In contrast, 488 

there is a considerable discrepancy in the sign of change for the less frequent types (e.g., N, SW, 489 

NW and W).  490 

 491 

In winter, the ensemble mean suggests a strong positive relative change in the frequency of E 492 

and NE- types in the near-future simulations. For example, type E day-counts are likely to 493 

increase by 20.3%, 20.7% and 21.3% in RCP2.6, RCP4.5 and RCP8.5 scenarios, respectively. 494 

On the other hand, A, S, N and NW-types show negative relative change, albeit being 495 

statistically insignificant at the 95% confidence interval for two scenarios (RCP2.6 and 496 

RCP4.5). With respect to the westerly flows (e.g., SW, NW and W), which are the least 497 
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frequent patterns, RCP2.6 and RCP8.5 project a decrease in their frequencies, with relative 498 

anomalies ranging between -11.1% (NW, RCP8.5) and -29.8% (SW, RCP8.5). For the most 499 

frequent types (i.e., SE and C-types), the results are inconsistent among all scenarios. 500 

Specifically, SE days tend to increase slightly (0.5%) following RCP2.6 simulations, while 501 

RCP4.5 and RCP8.5 suggest a decrease in their count by -10.7% and -4.5%, respectively. 502 

During the 2035-2060 period, a weak decrease in the frequency of C-types is projected 503 

according to RCP2.6 (-1.1%): a behavior that is likely to be reversed for RCP4.5 (4.2%) and 504 

RCP8.5 (4.4%). In their recent assessment of the association between weather type occurrence 505 

and rainfall characteristics over Saudi Arabia, El Kenawy et al. (2014) demonstrated that C-type 506 

explained 33.2% of the winter total amounts of rainfall and 33.4% of the total rain-days during 507 

winter months. Hence, the projected increase in the cyclonic conditions in winter, as suggested 508 

by at least two scenarios (RCP4.5 and RCP8.5), may imply a tendency towards increasing 509 

winter rainfall in the mid-century climate over the region.  510 

 511 

Similar to winter (DJF), the significant changes in the mean frequency of weather types during 512 

spring (MAM) are higher for RCP8.5 than for RCP2.6 and RCP4.5 scenarios. In spring, all 513 

scenarios agree on an increase in E, A and NE circulation types. However, the results show a 514 

projected decrease in the frequency of C, S and N-types. Among all circulation patterns, 515 

RCP2.6 and RCP4.5 scenarios reveal a statistically significant decrease in the SW and an 516 

increase in the E pattern (p<0.05). In contrast to winter, all scenarios suggest a decrease in the 517 

frequency of C-type during springtime, by -10.7% (RCP2.6), -0.9% (RCP4.5) and -1.2% 518 

(RCP8.5), though being statistically insignificant in all cases (p<0.05).  519 

 520 

Figure 8 illustrates changes in the frequency of the circulation types during the 2075–2100 521 

period, with respect to those of the 1975–2000 period. Similar to the 2035–2060 simulations, 522 

the results for the end of the 21st century show more significant changes for RCP8.5 523 

simulations than for RCP2.6 and RCP4.5. According to RCP2.6 and RCP8.5, the majority of 524 

weather types show a decrease in frequency during the latter part of the century, although not all 525 

of these changes are statistically significant (p<0.05). Nonetheless, all scenarios confirm more 526 

significant changes in the circulation patterns during winter, compared to spring. For all 527 

scenarios, the results suggest an increase in the frequency of E and NE circulation types, while 528 

the occurrence of SE, A, S and NW will be reduced. In contrast to RCP2.6, the RCP4.5 and 529 

RCP8.5 simulations suggest a significant increase in the mean frequency of cyclones during 530 
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winter. In spring, RCP8.5 leads to a significant increase in the frequency of C and E-types, 531 

while there would be a significant decline in the frequency of southerly and westerly types.  532 

 533 

A comparison of Figures 7 and 8 reveals that some circulation patterns favoring above-normal 534 

rainfall (e.g., C and E-types) tend to show positive change during the rainy seasons (December-535 

May), with changes in the latter period (2075-2100) being larger than those for the mid-century 536 

climate. For example, for the period 2075-2100, RCP8.5 predicts an increase in the occurrence 537 

of C-type by 14.3% by the end of this century, compared to only 4.4% for the period 2035-538 

2060. Such a response would suggest an increase in the probability of rainfall, due to the fact 539 

that C-type is one of the most important circulation patterns explaining winter rainfall in the 540 

study domain (El Kenawy et al., 2014). Another above-normal rainfall type (i.e., E-type) is also 541 

projected to increase in the mid-century climate by 21.3% in RCP8.5, compared to 35.3% at the 542 

end of the century. In contrast, weather types associated more with below-normal rainfall in the 543 

region (e.g., A and N-types) are likely to decrease in all future simulations, particularly during 544 

winter. For the near-future simulations in Figure 7, anticyclonic conditions are likely to be 545 

reduced during winter by -8.5% (RCP2.6), -5.5% (RCP4.5) and -7.9% (RCP8.5). By the end of 546 

the century, the ensemble mean predicts a reduction in A days of -7.9% (RCP2.6), -9.3% 547 

(RCP4.5) and -15.7% (RCP8.5). Given that A-type is the most important circulation pattern 548 

associating with negative anomalies of rainfall in the mid latitudes (Vicente-Serrano and Lopez-549 

Moreno, 2006), our findings suggest that the study domain might be prone to more frequent 550 

rainfall events in the future, particularly for the latter period of the century. Interestingly, in a 551 

recent study by El Kenawy et al., (2014) for a near-present (1960-2005) climate assessment 552 

over Saudi Arabia, A-types were observed to increase over the last few decades. Further 553 

understanding of the physical processes driving such potential changes into the future is clearly 554 

required. Nonetheless, the results agree with the relatively limited number of future projection 555 

studies undertaken over the region. A representative investigation is that of Almazroui (2013), 556 

who indicated that rainy regions of Saudi Arabia, especially along the central parts of the Red 557 

Sea and the southwestern areas, may experience more extreme rainfall events in the future. This 558 

result is also reflected in the study of Evans (2009) who noted that, by the late part of the 21st 559 

century, precipitation amount is likely to increase over eastern and western parts of the Arabian 560 

Peninsula on the order of 5-15 mm.year-1. Similarly, the IPCC 5th ARR (2013) shows that 561 

precipitation is likely to increase by 20-60% (RCP8.5) at the end of the 21st century over the 562 

Arabian Peninsula, relative to the 1986-2005 control period. Notably, although the radiative 563 

forcing prescribed in the RCP scenarios can lead to different responses in the circulation 564 
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patterns, Figures 7 and 8 indicate that all RCPs predictions generally agree on the direction of 565 

changes (i.e., positive/negative) for the most frequent types (e.g., C, SE, E, A and S types). In 566 

comparison, the three emission scenarios show an opposite sign of change for the least frequent 567 

patterns (e.g., N, SW, NW and W), suggesting larger uncertainty for these patterns in many 568 

instances.  569 

 570 

4.2. Inter-model and inter-scenario variability  571 

While understanding individual or ensemble model response to future changes is important for 572 

establishing likely climate behavior, it is equally important to examine the spread of the CMIP5 573 

models and their variations in terms of the response to the three different RCP scenarios. Such 574 

an assessment can offer insights not just into the uncertainties associated with the future, but 575 

also the forcing and parametric uncertainty introduced in the range of CMIP5 members used in 576 

this study.  577 

 578 

Figure 9 shows the multi-model spread for changes in the frequency of circulation patterns for 579 

the near- and far-future simulations, respectively, relative to the base period. The results present 580 

only the five most frequent classification types, which are also associated more closely with the 581 

potential for environmental and socio-economic impact in the region. Focusing on the 2035-582 

2060 period, it can be seen that the projected model spread of results differ across the three 583 

future emission scenarios, among seasons and between circulation patterns. In terms of the 584 

inter-quartile spread, the circulation projections generated by RCP8.5 are generally smaller 585 

when compared to those of RCP2.6 and RCP4.5. Seasonally, it can be noted that the sign of the 586 

inter-quartile range is mostly consistent between winter and spring, particularly for the most 587 

frequent types (i.e., C, SE and E). In Figure 9, we also examine the inter-model spread during 588 

the period 2075-2100. In accordance with the future projections for the period 2035-2060 and 589 

for the majority of weather types, there is a consistent trend towards larger changes, either 590 

positive or negative, in RCP8.5 than in RCP2.6 and RCP4.5. Similar to the mid-century future 591 

projections, the inter-quartile range for all scenarios is larger in SE and E types, compared to 592 

other weather types.  593 

 594 

5. Conclusions 595 

Using the SLP data derived from 20 ensemble members of GCMs forming part of the CMIP5 596 

archive, this study aimed to assess developments in near-present and future projections of 597 
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circulation types over the Arabian Peninsula: a region of joint influences of the tropical and 598 

extra-tropical configurations. We defined weather types as an abstraction of the mean SLP field, 599 

since GCMs do not simulate weather types directly. Based on an automated version of the Lamb 600 

weather type classification scheme, the ability of the CMIP5 models to reproduce the near-601 

present climate (1975-2000) was evaluated. In particular, the frequency of occurrence for ten 602 

weather types (i.e., cyclonic, anticyclonic and eight flow directional types) calculated using the 603 

CMIP5 ensemble were evaluated against those derived from the NCEP/NCAR reanalysis. In 604 

general, the validation results indicate that the CMIP5 SLP data yielded similar circulation 605 

patterns to those found in the NCEP/NCAR reanalysis data. CMIP5 models were generally able 606 

to simulate the mean frequency and standard deviation of weather patterns, as represented by 607 

the scatter index (SI) and scatter index of standard deviation (stedvSI), providing a degree of 608 

confidence in future projections of circulation patterns derived from the CMIP5 models.  609 

 610 

Projected climate changes in the frequency of circulation patterns were assessed using a multi-611 

model ensemble approach for two future time slices: 2035-2060 and 2075-2100, under a range 612 

of emission scenarios (RCP2.6, RCP4.5 and RCP8.5). As anticipated, results indicate that the 613 

high concentration pathway (RCP8.5) is associated with the most significant changes, 614 

particularly over the latter decades of the century, compared to the moderate (RCP4.5) and 615 

lower (RCP2.6) transient pathways of anthropogenic emissions. The CMIP5-based projections 616 

of change also suggest significant increases in the frequency of above-normal rainfall types in 617 

the region (e.g., cyclonic and E flows), while there is likely to be a decrease in patterns linked to 618 

below-normal rainfall (e.g., anticyclones). Our results also indicate that all models and scenarios 619 

agree on greater changes in the frequency of all weather types by the end of the 21st century, 620 

compared to the near-future changes (2035-2060), as well as in winter compared to spring.  621 

 622 

The present study provides an overview of how circulation types will respond to climate 623 

changes in the future over the Arabian Peninsula using different emission scenarios and multi-624 

model ensembles from the CMIP5 database, providing evidence that the CMIP5 model database 625 

offers valuable information on weather types. Results generally indicate that the CMIP5 models 626 

with higher spatial resolution tended to show better performance, compared to models with a 627 

coarser resolution. However, further analysis is required to comprehensively investigate the 628 

impact of the spatial resolution on the skill of the GCM in reproducing circulation patterns in 629 

the region. Additional analyses on the mechanisms (e.g., SLP differences in model simulations) 630 

driving these projected changes in weather types, an aspect that is beyond the scope of the 631 
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current research, is an area of needed investigation. In the same context, examining future 632 

regional changes in rainfall and temperature under different scenarios and attributing these to 633 

changes in weather types would benefit a greater understanding of these processes. Improved 634 

process understanding is especially important in arid and semi-arid regions such as the Arabian 635 

Peninsula, where both natural and human environments are impacted disproportionally to even 636 

small changes in climate (and rainfall) variability.  637 
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Table 1. Characteristics of the CMIP5 models used in this study for the time period 1975-828 

2100*. Atmospheric resolution (Lat × Lon) is shown as the number of grids in 829 

latitude and longitude, respectively. 830 

 831 

Model 

Atmospheric 

resolution (Lat 

× Lon) 

Number 

of 

layers Institution RCP2.6 RCP4.5 RCP8.5 

       

BCC-CSM1-1 

(m) 

1.12º×1.12º L26 Beijing Climate Center, China 

Meteorological Administration, China 

● ● ● 

BNU-ESM 2.8º ×2.8º  L26 Beijing Normal University, China ● ● ● 

CanESM2 2.8º ×2.8º  L35 Canadian Center for Climate Modeling and 

Analysis, Canada 

● ● ● 

CCSM4 0.94º ×1.25º  L26 National Center for Atmospheric Research, 

USA 

● ● ● 

CNRM-CM5 1.4º ×1.4º  L31 Center National de Recherches 

Meteorologiques, Meteo-France, France 

● ● ● 

CSIRO-Mk3-6-0 1.9º ×1.9º  L18 Australian Commonwealth Scientific and 

Industrial 

Research Organization, Australia 

● ● ● 

FGOALS-s2 1.7º ×2.8º  L26 Institute of Atmospheric Physics, Chinese 

Academy of Sciences, China 

● ● ● 

GFDL-CM3 2º ×2.5º  L48 Geophysical Fluid Dynamics Laboratory, 

USA 

● ● ● 

GFDL-ESM2M 2º ×2.5º  L48 Geophysical Fluid Dynamics Laboratory, 

USA 

● ● ● 

HadGEM2-ES 1.25º ×1.9º  L38 UK Met Office Hadley Center, UK ● ● ● 

INM-CM4 1.5º ×2º  L21 Institute for Numerical Mathematics, 

Russia 

__ ● ● 

IPSL-CM5A-LR 1.9º ×3.75º L39 Institut Pierre-Simon Laplace, France ● ● ● 

IPSL-CM5A-MR 1.25º ×2.5º L39 Institut Pierre-Simon Laplace, France ● ● ● 

MIROC5 1.4º ×1.4º  L40 Model for Interdisciplinary Research on 

Climate, Japan 

● ● ● 

MIROC-ESM 2.8º ×2.8º  L80 Model for Interdisciplinary Research on 

Climate, Japan 

● ● ● 

MIROC-ESM-

CHEM 

2.8º ×2.8º  L80 Model for Interdisciplinary Research on 

Climate, Japan 

● ● ● 

MPI-ESM-LR 1.9º ×1.9º  L47 Max Planck Institute for Meteorology, 

Germany 

__ ● ● 

MPI-ESM-MR 1.9º ×1.9º  L95 Max Planck Institute for Meteorology, 

Germany 

● ● ● 

MRI-CGCM3 1.1º ×1.1º  L48 Meteorological Research Institute, Japan ● ● ● 

NorESM1-M 1.9º ×2.5º  L26 Norwegian Climate Center, Norway ● ● ● 

* Note that all three RCP simulations of BCC-CSM1-1 and the RCP8.5 simulation of HadGEM2-ES were only available until 2099. 832 
● indicates models for which RCP2.6, RCP4.5 and RCP8.5 outputs were available from the Earth System Grid (ESG). 833 
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Table 2. The criteria used to define the different weather types, based on total shear 843 

vorticity (Z) and resultant flow (F).  844 
 845 

Description (acronym) Calculation 

Directional (N,NE,E,SE,S,SW,W,NW) |Z| < F 

Cyclonic (C) |Z| > 2F, Z> 0 

Anticyclonic (A) |Z| > 2F, Z< 0 

Hybrid cyclonic (HYC) F < |Z| < 2F and Z >0 

Hybrid anti-cyclonic (HYA) F < |Z| < 2F and Z <0 
 846 
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 874 

Figure 1. Location of the study domain and the spatial distribution of the 16 points (1-16) 875 

used in the automated circulation-typing.  876 
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 892 
Figure 2: Relative frequency (%) of the circulation types calculated for winter and spring 893 

using the NCEP/NCAR reanalysis and the CMIP5 ensemble data during the period 1975-894 

2000. The multi-model mean is also provided. In this figure and all subsequent figures, 895 

weather types are presented in an order that follows their annual frequency according to 896 

the NCEP/NCAR data during the reference period (1975-2000). 897 
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 898 
 899 

Figure 3. Multi-model mean monthly bias (days) for each individual weather type 900 

calculated for the period 1975-2000, represented by the red line. The gray-shaded area 901 

shows the amplitude of the uncertainties, represented by the upper (99) and lower (1) 902 

limits of the percentiles.  903 
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 926 
Figure 4: A portrait diagram showing the performance of each single model for winter 927 

and spring simulations of weather types during the period 1975-2000, using the Scatter 928 

Index (SI). Lower SI indicates better performing models and vice versa. 929 
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 932 
 933 

Figure 5: A portrait diagram showing the performance of each single model for winter 934 

and spring simulations of weather types during the period 1975-2000, using Standard 935 

deviation Scatter Index (stdevSI). Lower stdevSI indicates better performing models and 936 

vice versa. 937 
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 938 
  939 

Figure 6: The combined skill of the 20 CMIP5 models in simulating the statistical 940 

characteristics (mean and standard deviation) of the ten weather types during the period 941 

from 1975 to 2000. 942 
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 943 
Figure 7: Projected changes (% of days) in the mean frequency of the ten weather types 944 

over the time period 2035-2060, computed as differences relative to the base period (1975-945 

2000) for RCP2.6 (left panels), RCP4.5 (central panels) and RCP8.5 (right panels). The 946 

statistical significance of the differences between the base period and future simulations 947 

was assessed using Wilcoxon signed-rank test (p<0.05).   948 
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 967 
Figure 8: Projected changes (% of days) in the mean frequency of the ten weather types 968 

over the time period 2075-2100, computed as differences relative to the base period (1975-969 

2000) for RCP2.6 (left panels), RCP4.5 (central panels) and RCP8.5 (right panels). The 970 

statistical significance of the differences between the base period and future simulations 971 

was assessed using Wilcoxon signed-rank test (p<0.05).   972 
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 990 
Figure 9: Future changes (%) in the mean frequency of the circulation types for the near 991 

(2035-2060) and far future (2075-2100) using the three RCP scenarios. The mean 992 

frequency of the circulation types is displayed relative to the 1975-2000 base period. The 993 

central black line shows the multi-model median, whereas the red line indicates the multi-994 

model mean. The vertical lines of each plotted boxplot illustrate the 10th, 25th, 75th and 995 

90th quantiles, respectively. The interquartile model spread is represented by the range 996 

between the 25th and 75th quantiles. 997 
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