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Regional climate models (RCMs) are able to simulate smaltale processes that are
missing in their coarser resolution driving data and thergbprovide valuable climate
information for climate impact assessments. Less attentio has been paid to the ability
of RCMs to capture large-scale weather types (WTs). An inaccate representation of
WTs can result in biases and uncertainties in current and fute climate simulations
that cannot be easily detected by standard model evaluationrmetrics. Here we de ne

12 hydrologically important WTs in the contiguous United Stes (CONUS). We test if
RCMs from the North American CORDEX (NA-CORDEX) and the What Research and
Forecasting (WRF) model large physics ensembles (WRF36) caapture those WTs in
the current climate and how they simulate changes in the fute. Our results show that
the NA-CORDEX RCMs are able to simulate WTs more accuratelygh members of the

WRF36 ensemble. The much larger WRF36 domain in combination tliinot constraining

large-scale conditions by spectral nudging results in lowmeWT skill. The selection of
the driving global climate model (GCM) has a large effect orhé skill of NA-CORDEX
simulations but a smaller impact on the WRF36 runs. The formatlion of the RCM is of
minor importance except for capturing the variability witim WTs. Changing the model
physics or increasing the RCM horizontal grid spacing hasttie effect. These results
highlight the importance of selecting GCMs with accurate syoptic-scale variability for
downscaling and to nd a balance between large domains that an result in biased WT
representations and small domains that inhibit the realist development of mesoscale
processes. At the end of the century, monsoonal ow conditios increase systematically
by up to 30% and a WT that is a signi cant source of moisture for he Northern Plains
during the growing seasons decreases systematically up t030%.

Keywords: regional climate models, uncertainties, weather t
data, model quality

ypes, North America, CORDEX, domain size, driving

1. INTRODUCTION

Regional climate models (RCMs) are designed to dynamicallyndoale larger-scale climate data
over aregion of interest to capture regional-scale procekageare not present in the driving model

(Giorgi, 1990; Denis et al., 2002; Rummukainen, 20Many studies address the added value of
RCM downscaling, which are mainly found on local to regieseéleseser et al., 2011; Di Luca
et al., 2012; Prein et al., 20)Garegions with complex orography, areas with strong landface
heterogeneities, and in atmospheric situations with strepgtial gradients that are often related
to extreme eventsRummukainen, 2006 It is more unclear if RCMs can also add value to
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the large-scale patterns of their driving model by upscalevtfio . .
of mesoscale processes. However, there are a few examples in tr Model and Weqther Typing Domains
published literature such as improvements of rain shadow e ect :
due to the better representation of orography(ing et al., 2003

or downstream e ects of mesoscale convective vortices itthe
(Clark et al., 2010

The evaluation of RCMs is typically performed on a seasonal
basis using standard atmospheric variables such as nefaesur
temperature and precipitatiorhristensen et al., 2007a; Mearns
et al.,, 2012; Kotlarski et al., 2014; Prein et al., 2D1\34ile
this can provide a broad assessment of model skill it typically
does not allow in-depth insights to understand errors in spgeci
modeled processes. This is partly due to combining local- f
and large-scale errors in the analysisidor et al. (20186)for '
example, showing that a general wet bias of RCM simulate
wintertime precipitation in the European Alps can be related tqg
an overestimation of westerly ow regimes.

Weather typing (WTing) was initially developed for weather
forecasting (e.g.yan Bebber, 1891In more recent decades,
studies used WTing to downscale large scale circulatiorepagt
to local scalesfoodess and Palutikof, 1998; Wood et al., J016
evaluate global climate model performanéga@c and Clarke,
2011; Gibson et al., 20),&o understand changes in observed FIGURE 1 | Model (colors) and weather typing domains (black rectangleThe
climate trends Paredes et al., 2006; Prein et al., 2(,L&hd to WRF36 domain is shown in red and the NA-CORDEX domains are shm
assess future climate projections in terms of changing laogde in blue.
dynamics Gantos et al., 20).6

Here we use hydrologically important WTs to investigate

the ability of two ensembles of RCM simulations to capture
glmportant since almost all con dence that we have regagdin

o

NA-CORDEX WRF

| | — NA-CORDEX CRCM5

{ == NA-CORDEX HIRHAM5
=== NA-CORDEX HadRM3P
" WT domain

large-scale atmospheric patterns over the contiguous Unite ; imat i based on th q
States (CONUS). The two ensembles are the North Americal Sﬁéf)ﬁe':gafog?ec ions is based on thermodynamic proesss

contributions to the Coordinated Regional Climate Downsugli . . .
Experiment (NA-CORDEX; Mearns et al., 20)7and the The paper is structured as follows. Section 2 summarizes the
National Center for Atmospheric Research's (NCAR's) 36 krd gri used RCMhS|muItat|o?s anStLhe dWT m;'im_d Sectlont Btﬂe;;rlbes
spacing Weather Research and Forecasting (WRF) model physfgg main characteristics ot the derive S, presents theltes
rom the RCM evaluation, an assessment of the sources of

ensemble (WRF3®&ruyere et al., 20)7
( &ruy ) Sperformance variability, and WT changes in climate projecsion

Using WT for model evaluation has two main advantage S 45 he ndi g lude th g
(1) We focus solely on the RCM's ability to represent synoptic: ection summarize the ndings and conclude the study.

scale patterns, which allows separating model biases intaaje
dynamics and thermodynamics and mesoscale components, aQq DATA AND METHODS
(2) RCM errors are typically process-dependent and, therefore
RCMs have di erent bias characteristics in di erent seasong.(e 2.1. Regional Climate Models
Mearns et al., 2012; Kotlarski et al., 2p1Kowever, seasons We use RCM simulations from the NA-CORDEX and the
consist of a mix of various weather regimes and atmospherld/RF36 ensemble datasets. RCMs participating in the NA-
processes. Seasonally based analyses can be viewed as aC@®RDEX ensemble downscale ERA-Interieg et al., 2001
order approximation of a weather regime-dependent analysig@nd global climate models (GCMs) from the CMIP5 archive
Performing model evaluation based on WTs helps to separai@aylor et al., 2012over a common region that covers most of
atmospheric processes more accurately and allows insigtats inNorth America (see blue domains Figure 1). The domain sizes
regime-speci ¢ model performance. vary slightly between the participating RCMs. The ERA-Interim
The goal of this study is 2-fold. (1) We aim to understanddriven simulations cover a common period from 1989 to 2010,
which components of an RCM setup a ects its capability towhilethe GCM driven runs at least cover 1951-2099. Most RCMs
simulate WTs over the CONUS. The analyzed components ateave a horizontal grid spacing of 0.480km and the WRF
the driving GCM, the formulation of the RCM, sensitivities to simulations are also available at 0.25km grid spacing. We
RCM model physics, RCM horizontal grid spacing, and RCMonly use a subset of the full NA-CORDEX simulations for which
domain size. The goal is to provide guidance for future RCMhe necessary WTing variables are available. We use sionsati
downscaling studies. (2) We want to understand if there ar@erformed with WRF Ekamarock and Klemp, 20))&he Danish
systematic changes in future climate WT frequencies. Eaingn Meteorological Institute's HIRHAM5 modelChristensen et al.,
our understanding of climate impacts on large-scale dynamic2007¥), the UK Met O ce's HadRM3P model {ones et al., 1995;
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TABLE 1 | NA-CORDEX simulations used in this manuscript.

Case GCM RCM Institude Resolution Time Period

Reanalysis ERA-Interim WRF NCAR 0.44 1980-2010
Reanalysis ERA-Interim WRF NCAR 0.22 1980-2010
Reanalysis ERA-Interim HIRHAMS5 DMI 0.44 1989-2011
Reanalysis ERA-Interim HadRM3P MOHC 0.44 1990-2011
Reanalysis ERA-Interim CRCM5 UQAM 0.44 1979-2012
Historical GFDL-ESM2M WRF NCAR 0.44 1950-2005
Historical GFDL-ESM2M WRF NCAR 0.22 1950-2005
Historical MPI-ESM-LR WRF NCAR 0.44 1950-2005
Historical MPI-ESM-LR WRF NCAR 0.22 1950-2005
Historical HadGEM2-ES WRF NCAR 0.44 1950-2005
Historical HadGEM2-ES WRF NCAR 0.22 1950-2005
Historical CCCma-CanESM2 CRCM5 UQAM 0.44 1950-2005
Historical MPI-ESM-LR CRCM5 UQAM 0.44 1949-2005
Historical ICHEC-EC-EARTH HIRHAM DMI 0.44 1951-2005
RCP8.5 GFDL-ESM2M WRF NCAR 0.44 2006—-2099
RCP8.5 GFDL-ESM2M WRF NCAR 0.22 2006—-2099
RCP8.5 MPI-ESM-LR WRF NCAR 0.44 2006-2099
RCP8.5 MPI-ESM-LR WRF NCAR 0.22 2006-2099
RCP8.5 HadGEM2-ES WRF NCAR 0.44 2006-2099
RCP8.5 HadGEM2-ES WRF NCAR 0.22 2006-2099
RCP4.5 CCCma-CanESM2 CRCM5 UQAM 0.44 2006-2100
RCP4.5 MPI-ESM-LR CRCM5 UQAM 0.44 2006-2100
RCP8.5 MPI-ESM-MR CRCM5 UQAM 0.44 2006-2100
RCP4.5 ICHEC-EC-EARTH HIRHAM DMI 0.44 2006—-2100
RCP8.5 ICHEC-EC-EARTH HIRHAM DMI 0.44 2006—-2100

TABLE 2 | Major characteristics of the NA-CORDEX RCMs.

RCM Cumulus Microphysics Radiation LW-SW Boundary layer Lan  d surface model
WRF Kain-Fritsch ain and WSM3 (Hong et al., RRTMMlawer et al. (1997) MYJ Janjic (1994) NOAH (Tewari et al.,
Fritsch, 1990) 2004) Goddard 2004)
CRCM5 Kain-Fritsch Kain and Sundqvist Sundqvist, Li and Barker - Li and Barker (i Delage Delage, 1997) CLASS3.5+ {/erseghy,
Fritsch, 1990) 1978) and Barker, 2005) 1991, 2009)
HIRHAMS5 Tiedke (iedtke, 1989), Prognostic liquid water Morcrette (Morcrette, 1984) - ECHAMS5 ECHAMS5
Nordeng (Nordeng, 1994) and ice Fouquart and Bonnel (1980)
HadRM3P - - - - MOSES 2 Essery and
Clark, 2003)

Buonomo et al., 2007and the Canadian Regional Climate Model NCAR's WRF36 RCM ensembleiuyere et al., 20)7is
version 5 Caya and Laprise, 1999; Zadra et al., 2008; Martynaargeted toward understanding uncertainties from modelgiby

et al., 2013; Separdviet al., 2013CRCM5; ). These RCMs and consists of 24 members of WRF simulations that downscale
downscale ve di erent GCMs with historical and RCP4.5 and ERA-Interim within the period from 1990 to 2000 with 36 km
RCP8.5 concentration scenarioga(l Vuuren et al., 2001 The  horizontal grid spacing. The model domain is substantialhgéer
WRF simulations used spectral nudging to constrain synoptithan the domains used in the NA-CORDEX simulations and
scales according to those of the driving model in the domaircovers most of the North and Central Atlantic, the east Paci
interior. This is important since with this setting WTs shduiot  most of North America, central America, and northern South
be able to deviate signi cantly from those in the driving m&d America Figure 1). The motivation for this large domain was
No spectral nudging was used in the other RCM simulations. Ao decouple the RCM simulations from their lateral boundary
list of all NA-CORDEX simulations is shown ifable 1and more  conditions to improve the representation of mesoscale prasess
details on the model setup can be foundTable 2and online In theory, such improvements should be possible due to the
under https://na-cordex.org/rcm-characteristics. better representation of mesoscale forcing such as orogragphy
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TABLE 3 | The physics combination of the WRF36 ensemble that used computational domain size and the use of spectral nudging
ERA-Interim between 19902000 as driving data. in the latter (fon Storch et al., 2000The physics in the RK6M
MY vsU MY vsU simulation are very similar to those used in NA-CORDEX except
for the microphysics, which are more simplistic in the latter.
KF WSM6 CK6M CKeY RK6M rkey The NOAH land surface modelTewari et al., 2004is used in
Thompson CKTM CKTY RKTM rkTy  both ensembles.
NSAS WSM6 CN6M CN6Y RN6M RN6Y
Thompson CNTM CNTY RNTM ety 2-2. Reference Data
Tiedke WSM6 CTeM cTeY RT6M rTey 1he variables used for the WTing are derived from daily ERA-
Thompson CTT™ cTTY RTTM rr7y  Interimdataat 12 UTCDee et al., 20)1ERA-Interim is a third

generation reanalysis, which has very high skill in repreagnt

The naming convention of individual members follows the rule Radiati—Cumulus— atmospheric processes Compared to other reanalysis products
Microphysics—PBL scheme. For example, RNTY uses RRTMG radiation, KS cumulus, 1

Thompson microphysics, and YSU PBL schemes. The simulations higbhited with bold (e.g.,Decker. e_t aI.., 2012; Linetal,, 2014 .
font are used for downscaling CESM under current and future conditionsAll simulations For precipitation analyses we use the Parameter-elevation

were produced by NCAR. Relationships on Independent Slopes Model (PRISM) daily
gridded precipitation data within the period from 1980 to 2014
(Daly etal., 1994 PRISM is based on13 000 surface stations for

addition to atmospheric processes, e.g., tropical cyclomas, aprecipitation including USDA NRCS Snow Telemetry (SNOTEL)
teleconnections in the higher resolution RCM (efgfanian and and snowcourses data (http://www.wcc.nrcs.usda.gov/gniaw/
Wang, 2018 capture mountain snow pack.

Table 3shows the 24 ensemble members that downscale ERA- . .
Interim by systematically varying four physics parametdiares: ~ 2-3- D€ hing Hydrologically Important
(1) cumulus [KF: Kain and Fritsch, 1999 NSAS: (dan and Weather Types
Pan, 201); and Tiedtke: (iedtke, 198, (2) radiation [CAM:  The performed WTing is similar to the algorithm used firein
(Collins et al., 2006and RRTMG: Mlawer et al., 199F, (3) et al. (2016b)and (Prein, under review). It is a combination
microphysics [WSM6: Hlan and Lim, 200% and Thompson: of two clustering methods: a hierarchical cluster analysid a
(Thompson et al., 200}t and (4) planetary boundary layer [MYJ: a k-means cluster analysis that uses the outcome of the
(Janjt, 199 and YSU: Hong et al., 2004. In this study, we hierarchical clustering as the starting partitiofRgmesburg,
abbreviate members of this ensemble by four characters. TH®04. This approach showed very high skill in classifying WTs
rst character denotes the radiation scheme, the second thim a WT method comparison study over the European Alps
cumulus scheme, the third the microphysics, and the fourth(Schiemann and Frei, 20)Ll@nd was successfully applied in
the planetary boundary layer parameterization. For examplenany weather typing analyses (e@arcia-Valero et al., 2012;
the RNTY member uses the RRTMG radiation, NSAS cumulug,orente-Plazas et al., 201Baily ERA-Interim data from 1979—
Thompson microphysics, and YSU boundary layer scheme. TH2014 is used over the CONUS (see black rectangkegare 1)
selected physics are well tested and widely used. to de ne representative WTs capturing the main variability of

After evaluating the 24-member ensemble, three membergrecipitation in this region. We use a moving average Gaussian
were selected to perform additional current and future cliema high-pass lter of 31-day length to remove variability longer
downscaling experiments. These three members are the RKTKhan those of typical synoptic-scale patterns, e.g., the sahso
RNTY, and RTTY simulations. They downscale a free runningycle. This does not aect the spatial patterns of the daily
GCM simulation performed by the Community Earth Systeminput variables. Afterward, we normalize each input variable
Model (CESM; Hurrell et al., 2018 which is part of the generate elds with equal weights as input for the WT analysis.
CMIP5 experiments Taylor et al., 2012 CESM is one of the We used two metrics to test the skill of the derived
best performing models in the CMIP5 ensemble based on itg/Ts. (1) We aim to minimize the intracluster to intercluster
ability to simulate global temperature and precipitation pate variance Gtraus and Molteni, 2004f the daily CONUS wide
(Knutti et al., 2013 This simulation uses the business asprecipitation patternsineach WT. The goal is to cluster dayk wit
usual RCP8.5 emission scenario for future climate projestio similar precipitation patterns within one WT and to obtain WTs
(Van Vuuren et al., 2001 To reduce biases in CESM's lateralhaving di erent precipitation patterns when compared to each
boundary conditions, a bias correction method described irother. (2) In addition, we want to maximize the average atsol
Bruyere et al. (2014, 201%as applied prior to the downscaling. precipitation anomalies of each WT centroid. The WT centroid is
This method only bias corrected the mean base state, leavitige average over each cluster element, e.g., average @goipit
the synoptic variability, interannual variability, and anfymate anomaly of each day within a WT. This metric ensures that
trend unchanged. The CESM driven WRF36 simulations coveWTs are as di erent as possible from the climatological average
the periods 1990 to 2000, 2020 to 2030, 2030 to 2040, 20pfecipitation in the CONUS.
to 2060, and 2080 to 2090. Additional information about the Figure 2 summarizes the results for the WT skill analysis,
WRF36 simulations can be found Bruyere et al. (2017) which is dependent on the number of used WTs and

The most notable di erences between the WRF36 simulationthe input variables. We tested a variety of input variable
and WRF experiments from the NA-CORDEX are thecombinations. Horizontal wind speed at 500 hPa (UV500), sea
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FIGURE 2 | Assessment of the clustering strength of WTs(A) Inter- vs. intra-cluster variance andB) absolute precipitation anomalies averaged over all WTs. figrent
colors show different WT settings. The tested input variabb are sea level pressure (SLP), precipitable water (PW)ndispeed at 850 hPa/500 hPa (UV850/UV500),
and 500 hPa geopotential height (ZG500). We also test the ingets of using a principal component analysis (PCA) before hWT clustering and the length of the
clustering period, which is 1979-2014 unless otherwise deoted. The red circle shows the nal WT setup using 12 WTs and SLAPW, and UV500 as input variables.

level pressure (SLP), and precipitable water (PW) are availablinter patterns (WT1-4) to shoulder season WTs (WT5-10) and
on a daily basis for most RCM simulations. These are importansummer WTs (WT11 and WT12). The dierent ow regimes
variables for many dynamic and thermodynamic processeesult in distinct precipitation anomaly patterngrigure 4).
related to precipitation Doswell 11l et al., 1996; Lin et al., WT1 is most frequent in December and January and it is
200). Using 12 WTs with these variables lead to a skillfulcharacterized by a strong high-pressure anomaly with dry air
representation of hydrologically important weather patteins advection from the northwest into the central USigure 3A).
the CONUS. Twelve WTs seem to be su cient since addingThis results in anomalous dry conditions in most of the US
more WTs only leads to marginal improvements in clustering(Figure 4A). In WT2 the high-pressure anomaly is shifted
skill (Figure 2). These results are similar to work byrein  toward the Midwest favoring moisture transport to the west
et al. (2016b)except that we used 500 hPa instead of 700 hPeoast Figure 3B), resulting in wetter than average conditions
wind speed since the latter was not available for many NAin this region Figure 4B. WT3 has a January maximum
CORDEX simulations. and high/low-pressure anomalies in the western/eastern half
The WTing on ERA-Interim data results in a WT time seriesof the CONUS Figure 3C), which lead to predominantly dry
that assigns a WT to each day within the period of 1979-onditions Figure 40). Very wet conditions in the eastern
2014. This time series allows us to calculate WT centroid€ONUS occur in WT4 Figure 4D), which has an early winter
(Figure 3, which are used to assign WTs to each day in theeak. This is due to strong moist air advection from the

RCM output. Pacic and Gulf of Mexico into the continent Kigure 3D).
Similar precipitation anomalies are caused by WFg(re 4B

2.4. Assigning Weather Types to Climate as a result of a strong low-pressure anomaly over the Great

Model Data Lakes region. WT6, WT7, and WT8 occur predominantly

To assign WTs to the RCM output we rst conservatively remapn spring and are the main sources of precipitation in the
daily simulated SLP, UV500, and PW elds to the ERA-InterimUS SouthwestRigures 4F-H. They are associated with low-
grid. Then we apply a 31-day moving average Gaussian high-pag&ssure anomalies over the western half of the CONUS and
Iter to the remapped data and normalize the variables sinfjiar moist air advection from the Paci cigures 3F-H. WT7 results

to what we have done to the ERA-Interim data. Thereafter, wé anomalously wet conditions in the upper Plains, the Midwest,
calculate the average Euclidean distances of each inpablari and the Deep South due to its strong low-pressure anomaly in
for each day in the RCM simulations to the 12 ERA-Interim WTthe central US. Weak ows and predominantly dry conditions
centroids that are described above. Each day is assigndukto @re present during the spring WT9 except for parts of Texas and

centroid with the minimum average Euclidean distance. New Mexico Figures 3|, 41). Very wet conditions are present in
the upper Plains during WT10 conditions due to a low-pressure
anomaly and moisture advection into this regioRigures 3J

3. RESULTS 4). WT11 is a typical summer WT with high PW values in the

3.1. Description of Observed WTs eastern CONUS and wetter than average conditions in this area

The resulting WTs show distinct di erences in SLP anomalies(Figures 3K 4K). Monsoonal ow conditions are present in the
500 hPa wind speed and direction, and PW values within théate summer V_VT12_ with high precipitation anomalies in Arizona
CONUS Figure 3. We sorted the WTs from predominantly and New MexicoFigures 3L, 4L).
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FIGURE 3 | Centroids of the 12 ERA-Interim based WTA—-L) for the period 1979-2014. Filled contours show sea level pssure anomalies, green contour
lines show precipitable water (PW), and arrows show 500 hPa id direction and speed. A histogram of the relative frequesy of each WT is shown in the bottom left
and the domain used for the WTing is shown in the gray dashed ba

3.2. RCM Evaluation Figure 4D). Such a bias is frequently found in recent RCM
The following analysis is based on data that cover the commosimulations (iearns et al., 2032
evaluation period of 1990-2000. Due to this rather short gkrio A more systematic analysis of WT frequency biases is
the results might be aected by internal climate variability shown in Figure 6. The most striking feature is that NA-
Therefore, we focus our analysis on systematic di erenceSORDEX simulations better capture WT frequencies than
between the two ensembles and their members rather than tH&RF36 simulations. This is likely related to the much larger
performance of individual simulations. domain size and not applying spectral nudging in the WRF36
There is a large spread in how well RCMs capturesimulations which allows them to deviate from the largelsca
observed WT frequenciesFigure5. The frequencies of conditions provided by the driving data.
WT5 and WT9 are well captured by most simulations From the WRF36 simulations, we can see that model physics
whereas other WTs, such as WT4, show systematic logettings only have a smallimpact on WT frequencies. Sinanati
biases. It is important to mention that a high-frequencythat use the NSAS convection scheme and RRTMG radiation
bias in one WT has to be counteracted in low biases irscheme have a slightly better performance than the simuiatio
other WTs. Simulated WT frequency biases will resultusing Tiedtke and CAM. The best ERA-Interim driven WRF36
in precipitation biases since the WTs are associated withimulation is the RNTM run, which has an average absolute WT
pronounced precipitation anomalies. For example, mosfrequency bias of 21%. Changing the driving data to CESM
simulations have a low-frequency bias for WT4 patternsresults in a slight skill improvement, which is surprising &n
which results in cold season conditions that are too dry inusing CESM should introduce biases that are not present in-ERA
the Deep South and Appalachian region, since WT4 is one dfterim. The WRF36 simulations have the largest WT frequency
the main contributors of precipitation in those regions (seebiases during the cold season. WT1 and WT4 frequencies are to
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FIGURE 4 | Precipitation anomalies for each WTA-L) based on the PRISM daily gridded observational data betweend81 and 2014 (Daly et al., 1994.

rare, which is counteracted by a too frequent simulation of2V  driven WRF36 simulations have clearly higher skill than CESM
and WT3 conditions. driven simulations. The sensitivity to the used physics options

In contrast to the WRF36 simulations, ERA-Interim driven is small. The transition season WT5-8 shows signi cant and
NA-CORDEX runs have generally higher skill than GCM drivensystematically too high STDDEVs whereas too low STDDEVsS
NA-CORDEX simulations. The NA-CORDEX ERA-Interim seldom occur. The largest biases are found for WT8 with some
WRF runs have the highest skill of all simulations with averagsimulations overestimating the observed STDDEV by moratha
absolute biases lower than 10%. This has to be expected sirfG#%6. The same WTs also show too high STDDEVs in the NA-
spectral nudging was only used for the WRF simulations but noOCORDEX simulations, especially for the GCM driven runs, but
for the others. Spectral nudging has been shown to have ayp®sitithe biases are smaller and less systematic than in WRF36. The
e ect on simulating precipitation in previous North American best performance is again found for NA-CORDEX ERA-Interim
scale RCM simulations{earns et al., 20)2Most NA-CORDEX  driven WRF simulations with absolute average biasesi8f.
simulations overestimate the frequency of WT2 and WT3 and The third and last skill score that we consider is the WT
underestimate the frequency of WT4 and WT5. centroid correlation coe cient, which allows one to asséssv

Another way to measure RCMs' quality is to assess theirgbilitwell the spatial pattern of each WT variable is reproduced by
in capturing observed intra-WT variability, expressed as thehe RCMs. Values close to one indicate a skillful simulatibn o
average standard deviation (STDDEV) of normalized SLP, PWbserved WT centroid patterns. Also here, the NA-CORDEX
and UV500 patterns from all days within a WTigure 7shows  simulations outperform the WRF36 runs and the selected physics
normalized (modeled divided by ERA-Interim) STDDEVs. Aonly have a minor impact on the performance of WRF36
perfect model would have a score of zero, i.e., the same STDDEimulations Figure 8). In the WRF36 simulations, the lowest
as ERA-Interim. Negative values mean that di erences batweeskills are found for simulating PW patterns, which becomes
days within a WT are too small whereas positive values meagmphasized by changing from ERA-Interim to CESM boundary
that they are too large. Very large values could indicatétte  conditions. Particularly low PW pattern correlations aresdor
RCM simulates WTs that are not observed in ERA-Interim. SuctWT3 and WT8. WT10 has very low correlation coe cients for
unobserved WTs are assigned the most similar observed WOV500 when ERA-Interim is downscaled. SLP patterns generally
resulting in large intra-WT STDDEV. show the highest correlation coe cients.

The WRF36 simulations have less skill in simulating intra- This is di erent in the NA-CORDEX simulations where PW
WT STDDEYV than the NA-CORDEX rungHjgure 7). However, patterns are simulated best. Again, ERA-Interim downscaled
in contrast to the WT frequency analysis above, ERA-InterimMVRF simulations show the highest skills with average absolut
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FIGURE 5 | Annual cycle of WT frequencies smoothed by a Gaussian low-s Iter with 10-day standard deviation for each of the 12 WTHA-L). The thick black line
shows ERA-Interim WT frequencies for the period 1990-2000 ahthe gray contour shows the spread in all possible 11-year cotiguous ERA-Interim periods within
1979-2014 as an estimate of climate variability. The blue etour shows the spread in the 24-member WRF36 ensemble thatses ERA-Interim as driving data. The
red contour shows the spread within the 3-member CESM driveWRF36 hindcast simulations. Colored solid/dashed lines shw WT frequencies in NA-CORDEX
hindcast/historical simulations. The RCM results are basedn the period 1990-2000. Vertical dashed lines show the end foFebruary, May, August, and November
respectively from left to right.

values larger than 0.96. Simulated WT8 patterns have overdllA-CORDEX simulations show higher skill in simulating
the lowest skill but most correlation coe cients are still WT frequencies. The 0.22 horizontal grid spacing WRF NA-

larger than 0.88. CORDEX simulations show 1.9% lower absolute average WT
frequency biases compared to their 0.44 counterparts. There is
3.3. Sources of Variability moderate variability (4.4%) concerning the RCM formulation

Here we summarize the origin of dierent performancesWith CRCMS5 showing the highest biases and WRF the lowest. A

in simulating WT characteristics with RCMs. The presented@9€ variability of 11.1% occurs due to the selected dgiviata

numbers are rst-order estimates since a full variance asialy with ERA-Interim clearly resulting in the lowest biases. WBF3
would demand many more simulations than are available?"d WRF-NA-CORDEX simulations show substantial variability
especially for the NA-CORDEX ensembfégure 9 shows the of 12.7%, which is likely caused by di erences in domain sizk an

spread in the three assessed skill scores averaged overcspeli€ @pplication of spectral nudging in the WRF NA-CORDEX,
dimensions of the RCM ensembles. resulting in a more realistic representation of WTs in thedat

WT frequencies in WRF36 simulations are fairly similar 1"€ WRF36 intra-WT STDDEV shows small sensitivity to
for all ensemble members and only weakly depend on thihe model physics but large sensitivity (10.1%) to the driving
model physics and driving data (only the RKTM, RNTY. data with ERA-Interim driven simulations showing clearly
and RTTY are compared for the lattelFigure 94). The higher skill Figure 9B). In the NA-CORDEX ensemble, the
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FIGURE 6 | Heatmap showing average WT frequency biases (smaller is Het) for simulations (rows) and WTs (columns), and the absé bias averaged over all WT
biases in the rightmost column (lower color bar). The top blk shows biases for WRF36 ERA-Interim simulations that use éhsame physics parameterization, e.g.,
the biases of all simulations that use the YSU PBL scheme arevaraged. The second block from the top shows biases in the WRS6 simulations, and the central
block shows biases in the CESM driven WRF36 hindcast runs. Ehsecond lowest block shows biases in ERA-Interim driven NA-OGRDEX simulation while the lowest|
block shows NA-CORDEX hindcast driven biases for the periol990-2000. Hatched rectangles show biases that are withinte interannual variability of ERA-Interim
WT frequencies.
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FIGURE 7 | Similar toFigure 6 but showing the simulated divided by ERA-Interim intra-WT peern standard deviations. A perfect score is zero and denes that the
model has the same variability than ERA-Interim.
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FIGURE 8 | Similar toFigure 6 but showing correlation coef cients between ERA-Interim andsimulated centroids (higher is better). Each column consdis of three
sub-columns showing correlation coef cients for SLP, PW, ad 500 UV from left to right.
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FIGURE 9 | Estimates of WT skill variability for different drivers ugj three
metrics: (A) absolute WT frequency biases(B) normalized intra-WT standard
deviations, and(C) mean centroid pattern correlation coef cients. The impact
of model physics and driving data is investigated in the WRF3simulations
(black symbols). The effect of horizontal grid spacing, RCMand driving data is
assessed for the NA-CORDEX simulations (red symbols). Thapact of the
domain size is estimated comparing WRF simulations in the N@ORDEX
ensemble with WRF36 runs. The maximum minus minimum spread shown
on the bottom of each panel.

The average centroid correlation coe cients show very dmal
sensitivities to the WRF36 model physics and driving data
(Figure 90. The dierent sources of variability in the NA-
CORDEX simulations lead to only minor sensitivities, with the
WRF grid spacing having the smallest impact and the driving
GCM having the largest. The major mode of variability in this
metric is the RCM domain size and the application of spectral
nudging as shown by the di erence in correlation coe cients
between the WRF36 and WRF-NA-CORDEX simulations.

3.4. Changes in Future WT Frequencies

All GCM driven NA-CORDEX and WRF36 runs also provide
future climate data that we use to assess if WT frequencies are
projected to change due to climate change. The GCM driven
NA-CORDEX simulations are transient climate runs that cover
a common period from 1950 to 2099 (sd@able 1) whereas

the GCM driven WRF36 runs are time slice experiments that
cover the periods 1990-2000, 2020-2030, 2030—-2040, 265020
and 2080-2090.

Most NA-CORDEX simulations show systematic increases in
WT7 and WT8 frequencies by mid-century, which, however,
are not statistically signi cant Rigure 10. WT2 and WT11
predominantly decrease in their frequency. Six out of theee
simulations show signi cant decreases in WT11 frequencies
Most of the NA-CORDEX models still show increases in WT7
frequencies by the end of the century but more systematic and
signi cant are the frequency increases in WT12, which were
not obvious at mid-century. WT12 resembles monsoonal ow
patterns and it is projected to increase in frequency in ten of
eleven models. All NA-CORDEX models agree on a decrease
of WT10 patterns by the end of the century, eight of them
show systematic decreases, which would indicate a dryingeof t
northern Great Plains during summefigure 4K). Furthermore,
all models show decreases for WT4 frequencies, which are
smaller in magnitude and only signi cant in three models. Fee
systematic changes are likely a result of anthropogenicrigsci
such as increasing greenhouse gas emissions and changes in
aerosol loads. Climate natural variability should have aaonin
impact because the NA-CORDEX ensemble is forced by various
GCMs that each simulate di ering phases of, e.g., ENSO or Paci ¢
Decadal Oscillation.

WT frequency changes in the WRF36 ensemble are often
not systematic and strongly vary from period to period. This
is likely a result of the 11-year long time-slice experimehgs
are too short to di erentiate between climate internal vailp

WRF model resolution has only minor e ects on the skill and forces climate chang®¢ser et al., 20)2Di erences in the
but the RCM formulation plays a major role (15.9%). Theresponse of the CESM GCM, which is downscaled in the WRF36
HIRHAM simulations overestimate the STDDEV substantiallyensemble, to the NA-CORDEX GCMs are unlikely but cannot
while HadGEM3P and CRCM5 show high skill. Additionally, be excluded.

the driving GCM has a major impact (15.1%) with ERA-Interim

and HadGEM2, resulting in very small biases and GFDL-ESM2M., SUMMARY AND DISCUSSION

driven simulations resulting in large overestimations ofra-

WT STDDEVs. Comparing the WRF simulations from the twoIn this study, we use two sets of RCM ensembles, the North

ensembles results in similar skills. However, this is nyaihle to

American CORDEX (NA-CORDEX) ensemble and a perturbed

the larger fraction of ERA-Interim driven members in the WRF3 WRF physics ensemble with 36km horizontal grid spacing
ensemble (24 out of 27 runs) compared to the NA-CORDEXWRF36). We use a weather typing (WTing) algorithm to

ensemble (two out of ten).

investigate if RCM simulations are able to capture hydraiatly
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FIGURE 10 | Heatmap showing WT frequency changes in future climate pregtions. The top panels show results from the NA-CORDEX enseble using 1979-2000
as the baseline period and 2021-2050 (Left panel) and 2071420 (Right panel). The lower panels show results from the WRBE CESM driven simulations with the
baseline period 1990-2000 and the future periods 2020-20302030-2040, 2050-2060, and 2080-2090 from left to right. Hached boxes show changes that exceed
the interannual variability in ERA-Interim.

important weather pattern characteristics over the CONUSSouth and Appalachian region during winter. Too infrequent
We investigate three metrics: (1) the frequency biases of WWT4 conditions result in cold-season conditions that are try
occurrences; (2) the variability of ow patterns within WTsnd  in these regions. Besides the biases in WT characteriR{esls
(3) the accurate representation of WT spatial patterns. also have biases in the representation of smaller-scale ggese
The NA-CORDEX ensemble clearly outperforms the WRF3&uch as microphysics or mesoscale dynamics that a ect model
simulations in all three metrics but particularly in the rgind  quality. The presented WT analysis can help to distinguishehes
third ones. The main source for WRF model skill di erencestwo sources of biases, which is not possible when RCMs are
is the size of the RCM domain and the application of spectraévaluated on, for example, a seasonal basis.
nudging. The WRF36 simulations have a much larger domain WTing applied to climate change projections allows for
and do not use spectral nudging, which allows them tounderstanding changes in the synoptic-scale conditions
signi cantly deviate from their lateral boundary conditis that occur in parallel to thermodynamic changes. A better
on synoptic scales. The much smaller NA-CORDEX domainsinderstanding of changes in the large-scale dynamics is
constrain synoptic patterns from the GCM in the RCM domainimportant since almost all climate change signals that we have
and result in a more skillful representation of WT characséids, con dence in originate from thermodynamic changezepherd,
particularly when they are driven by reanalysis data. Previou20149. The 11-year-long time slice experiments from the WRF36
research showed that the interior large-scale dynamics cansemble do not allow a robust assessment of climate change
start to depart from the driving data as domain size increases WT frequencies since they are dominated by climate interna
(Alexandru et al., 2007 The second metric shows a largervariability. However, eight of eleven transient NA-CORDEX
sensitivity to the driving model and the formulation of the simulations show statistically signi cant increases in ri¥io
RCM. Also in this metric, however, ERA-Interim driven NA- American Monsoonal circulation (WT12) and a statistically
CORDEX simulations have clearly higher skill than the ERAsigni cant decrease in patterns that transport moisture i@
Interim driven WRF36 runs. WT characteristics have veryditt Northern Plains and Rockies (WT10) during the early warm
sensitivity to the model physics, which is a robust resultrfro season. The increase in monsoonal ow is consistent with other
the WRF36 ensemble evaluation. Model physics are, howevstudies Bukovsky et al., 2015, 20 Ptein, under review), which
very important when it comes to the simulation of mesoscalaised di erent types of climate model data and show that the
processes in the RCMs as shownMgoney et al. (2017and  monsoon high strengthens and sets in earlier in the seasba. T
Bruyere et al. (2017) decrease in WT10 seems to be physically linked to the increase
Biases that are present in the simulation of WTs directlyin monsoonal ow since southwest monsoon precipitation is
translate into biases in the representation of the hydrolggy anticorrelated with precipitation in the plains. This is due teet
RCMs (e.g.,Addor et al., 201% For example, in this study modulation of the low pressure in uence in the plains (WT10)
most RCMs underestimate the frequency of WT4 patterns. Daylsy the stronger and more persistent monsoon circulation in the
within this pattern result in high precipitation rates in the Bg  future (WT12).
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5. CONCLUSION uncertain Ghepherd, 20)4 Understanding the underlying
processes of these changes is important due to their potential
This study shows that the RCM domain size and the applicatiofmpacts on the summertime climate of the U.S. Targeted GCM
of spectral nudging can have a signi cant impact on the model'&xperiments such as constant soil moisture or constant iseico
ability to capture realistic large-scale dynamics in mittlaes. experiments could help to gain insights on the large-scaleeds
Previous work showed that at the very least, RCM laterayhile additional RCM downscaling could help to understand th
boundaries should be su ciently far removed from the regioh  regional and local scale impacts.
interest to minimize spatial spin-up issuesseiuc and Laprise,  This study is limited due to the use of existing RCM ensemble
2009; Brisson et al., 2015; Matte et al., J0IY addition, the  datasets, which were not speci cally designed to address the
domain should capture any key contributing regional physicalmpacts of domain size or spectral nudging on large scale
processes missing from the lateral boundary conditicB®(gi  circulation patterns. A more systematic analysis that idelsithe
and Mearns, 1999 For example, a regional study of North evaluation of WTs in the driving GCMs, the impact of spectral
Atlantic tropical cyclones bypone et al. (2015)equired a large nudging on large domains, and a more systematic perturbation
domain to capture the development of African easterly wavegf the RCM domain size would be necessary to fully understand
within the RCM domain.Erfanian and Wang (2018¢ame to  the sources of di erences between the NA-CORDEX and WRF36
a similar conclusion and showed that including teleconeelct ensemble. Such an analysis could also help to understand if RCMs
oceanic regions in the RCM domain improves its performanceare able to add value to the driving GCM's large-scale dyoami

However, too large domains and/or a lack of spectral nudgaiy ¢ py simulating upscale e ects of mesoscale processes, or if thei
lead to biased synoptic-scale patterns as shown here. Therefoadded value is constrained to regional scales.

modelers have to nd a balance between spinning up mesoscale

processes that are not a ected by the lateral boundary cofti
and simulating large-scale dynamics realistically. AUTHOR CONTRIBUTIONS

_T_he accura_te S|mula_t|on .Of synoptlc-gcale varlablllty "eth.AP designed the study, performed the data analysis, and
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