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Abstract

A study of seasonal mean temperature, precipitation, and wind speed has been performed for a set of 19 global climate model
(GCM) driven high-resolution regional climate model (RCM) simulations forming a complete 5 x4 GCM X RCM matrix
with only one missing simulation. Differences between single simulations and between groups of simulations forced by a
specific GCM or a specific RCM are identified. With the help of an analysis of variance (ANOVA) we split the ensemble
variance into linear GCM and RCM contributions and cross terms for both mean climate and climate change for the end of
the current century according to the RCP8.5 emission scenario. The results document that the choice of GCM generally has
a larger influence on the climate change signal than the choice of RCM, having a significant influence for roughly twice as
many points in the area for the fields investigated (temperature, precipitation and wind speed). It is also clear that the RCM
influence is generally concentrated close to the eastern and northern boundaries and in mountainous areas, i.e., in areas
where the added surface detail of e.g. orography, snow and ice seen by the RCM is expected to have considerable influence
on the climate, and in areas where the air in general has spent the most time within the regional domain. The analysis results
in estimates of areas where the specific identity of either GCM or RCM is formally significant, hence obtaining an indica-
tion about regions, seasons, and fields where linear superpositions of GCM and RCM effects are good approximations to an
actual simulation for both the mean fields analysed and their changes. In cases where linear superposition works well, the
frequently encountered sparse GCM—RCM matrices may be filled with emulated results, leading to the possibility of giving
more fair relative weight between model simulations than simple averaging of existing simulations. An important result of
the present study is that properties of the specific GCM—-RCM combination are generally important for the mean climate,
but negligible for climate change for the seasonal-mean surface fields investigated here.
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1 Introduction

Future warming resulting from continued increase in
greenhouse gas concentrations is foreseen to be stronger in
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warming. This uncertainty relates not only to changes
in global and regional forcing conditions, but also to the
response of the climate system to these changes and how
this is reflected by different climate models. Differences
between models, notably related to their approximations
of the physical system, lead to multi-model ensembles
tending to show larger spread than single-model ensem-
bles (S¢rland et al. 2018). The uncertainty also involves
a component of internal variability that regionally can be
very large (Aalbers et al. 2018). Consequently, ensembles
with a large number of members differing only in initial
conditions give larger spread compared to smaller ensem-
bles. Different sources of uncertainty dominate in different
regions and at different future time periods (Hawkins and
Sutton 2009). In some regions differences between model
projections are so large that they completely mask any
long term trends (Kjellstrom et al. 2013).

As global climate models (GCMs) generally have too
coarse horizontal resolution to adequately represent regional
features of orography and land-sea distribution and to resolve
relevant regional processes, further downscaling is often
pursued. Consequently, regional climate models (RCMs)
mostly operated over limited areas at higher horizontal res-
olution than their driving GCMs are used (Rummukainen
2016; Giorgi 2019). Both GCMs and RCMs require very
large computational resources. In recent years, large col-
lections of downscaled simulations have been produced, in
spite of this demand on resources (e.g. von Trentini et al.
2019; Bukovsky et al. 2019). Today, RCM generated climate
projections have become an important source of information
about details in future consequences of the anthropogenic
effects on climate, and such ensembles are now fundamental
components of climate services on national (e.g. Kjellstrom
et al. 2016; Skelton et al. 2017) and regional levels (e.g.
Jacob et al. 2014).

In the context of utilizing RCM information for climate
services it is important to extract as valid and trustworthy
information as possible for users. This involves detailed
analysis of model output to map model performance in the
historic period and spread between projections of future cli-
mate conditions. Methods for estimating sources of uncer-
tainty often involve analysis of variance (ANOVA) among
the ensemble members (e.g. Yip et al. 2011; Déqué et al.
2007, 2012; Evin et al. 2019). These attempts to map and
understand spread between climate projections have been
limited, as GCM—-RCM matrices most often only constitute
sparsely filled matrices. Consequently, various ways of fill-
ing non-populated GCM—-RCM combinations have been put
forward in these studies (e.g. Evin et al. 2019). An excep-
tional case with a completely filled GCM—RCM matrix is the
study by Suzuki-Parker et al. (2018) analysing a 12-member
matrix with four RCMs downscaling three different GCMs
over East Asia.
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Here we describe an analysis of which sources of vari-
ation are important for seasonal mean temperature, pre-
cipitation, and mean wind speed for a completely filled
GCM-RCM matrix of downscaling simulations over Europe.
We will neglect the uncertainty related to forcing conditions
and concentrate on only one future scenario, the representa-
tive concentration pathway (RCP) 8.5 scenario (Moss et al.
2010). We will investigate the various contributions to the
uncertainty related to choice of models, through an analysis
of a set of transient simulations, where significance esti-
mates also involve the internal inter-annual variability of
seasonal average fields. This will be done through a targeted
ANOVA for an almost filled combination matrix of 5 GCMs
and 4 RCMs, a total of 19 available model combinations, and
for a present-day as well as a future 30-year period resulting
in a 2x5 x4 period-GCM-RCM matrix.

2 Methods and data
2.1 Model data

In the Euro-CORDEX project (Jacob et al. 2014) a very large
community effort has resulted in more than 60 simulations
with durations of 120-150 years for various RCP emission
scenarios in 12.5 km resolution. As part of the European
Copernicus Climate Change Service (C3S), further simula-
tions are added to the ensemble with a plan of reaching more
than 120 Euro-CORDEX simulations in total. The strategy
behind the pairing of a driving CMIP5 (the fifth phase of
the Coupled Model Intercomparison Project, Taylor et al.
2012) GCM simulation with one of the nine RCM models
employed by the C3S has been aimed at filling sub-matrices
in the 3-dimensional scenario X GCM X RCM space.

We have analysed near-surface air temperature (T), pre-
cipitation (pr) and average 10-m wind speed (w10 m) as
seasonal means from Euro-CORDEX RCP8.5 simulations
in 12.5 km resolution, for the historical period 1981-2010
and for the future period 2071-2100. As simulations with
HadGEM2 as the driving GCM do not contain the year
2100, we have instead used 2070-2099 for those. All data
analysed can be freely downloaded from the ESGF data
network (e.g. esgf-data.dkrz.de) or from the Copernicus
Climate Data Store (cds.climate.copernicus.eu/cdsapp#!/
dataset/projections-cordex-single-levels).

The five CMIP5 GCMs and four RCMs used are listed
in Table 1. Each of the 20 possible combinations exists,
with the exception of the MPI-ESM-LR_HIRHAMS com-
bination. This hole in the 5 X4 matrix has been filled as
described below. Note that one of the REMO simulations
(MPI-ESM-LR_REMO2009) was performed with the older
REMOZ2009 version while the others were made with the
more recent REMO2015; potential differences in results
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Table 1 Global and regional models analysed in this study

GCMs CNRM-CMS5 (Voldoire EC-EARTH (Hazeleger = HadGEM2-ES (Collins MPI-ESM-LR (Giorgetta NorESM1-M (Bentsen
et al. 2013) etal. 2012) etal. 2011) et al. 2013) et al. 2013)

RCMs HIRHAMS (Christensen = REMO2015 (Jacobetal. RACMO22E (van Meij- RCA4 (Samuelsson et al.
et al. 2007) 2012) gaard et al. 2008) 2011)

Table 2 Formulae for the various ANOVA terms, under the require-
ment that all terms sum to zero over any single index. Dots indicate
mean over indices

Grand ensemble mean M Y.

Scenario effect (climate change) S; Y, =Y

GCM climate effect G; Y, -Y

RCM climate effect R, Y,-Y

GCM climate change effect SG;; Y, -Y -Y; +Y_
RCM climate change effect SR Y —-Y... =Y, +Y

GCM-RCM cross term for mean  GRy, Yyp-Y, -Y, +Y,

GCM-RCM cross term for change  SGRy, Yy - Y, - Y, - Y,
Y +Y + Y,

between the two model versions have been ignored in this
study, as the REMO modelling group judged that such dif-
ferences between the climate of the two versions are prob-
ably small.

2.2 Analysis of variance

We use a technique involving analysis of variance (ANOVA,
e.g. von Storch and Zwiers 2001). The analysis is done sepa-
rately for each grid point and each season. The ANOVA
analyses treat a set of 1200 numbers (2 periods X5 GCMs x4
RCMs x 30 years), where we expand the value Y, from
period i, GCM j, RCM k and year / as a sum of an aver-
age (M) and anomalies w.r.t. to i, j, k and [ respectively,
following

Yiuy =M +S;+G; + R+ SG; + SRy, + GR, + SGR + Z,

(1)
where all sums over explicit indices are constructed to be
zero (Table 2). Correspondingly, we can split the total sum
of squares of deviation from the grand ensemble mean into

Y Yy =MP = Y (87 + G+ R + SG2 + SR,
ijkl ijkl
2 2 2
+GR?, + SR, + 72, ) .

where the Z term is the inter-annual variability for individual
simulations summed for all experiments.

The single missing element (', k") =(4, 1) in the matrix
for both time periods has been filled as in Déqué et al.

(2012) by setting the combination-specific terms to zero:
GRj,k, =0; SGR,-j,k, = 0 for both periods i=1, 2, and letting
the interannual variability correspond to the average vari-
ability of all existing experiments. The resulting redundant
system of 3 equations with 2 unknowns for the missing GR
and SGR terms is easily solvable, leading to surrogate values
of the single-simulation period averages Y, for both values
of i. Formulae for the various terms are listed in Table 2.

The quantity M is the average over the entire ensemble,
including both the historical and the future period. S is the
mean deviation of each scenario from this mean, for histori-
cal and future periods separately; in other words, the aver-
age climate change is S, — S; =2%*S,. The G term describes
the effect of each individual GCM, averaged over periods
and RCMs. Correspondingly, R is the average effect of
each individual RCM. The two-index combination terms
are the GCM and RCM influence on climate change (SG
and SR, respectively); GR is the deviation of an individual
GCM-RCM combination from the expectation of mean cli-
mate from linearity, averaged over periods; similarly, SGR
is the corresponding term for climate change.

3 Results and discussion
3.1 Comparison of model results

In Fig. 1 we depict the winter and summer mean tempera-
tures in the historical climate and corresponding mean
warming for the 19 simulations entering this analysis. Also,
we show the standard deviation between these model results.
The winter climate shows a pronounced north—south gradi-
ent with the highest temperatures over ocean areas in the
south and the lowest temperatures over continental areas
in the north. Also the climate change signal shows a simi-
lar north—south gradient, but now with the strongest tem-
perature increase generally in the north and the smallest
increases over the North Atlantic. While there is a general
agreement in the geographical pattern across Europe and
the North Atlantic, there are also considerable inter-model
differences, as has been seen in several previous studies
of RCM projections for the region (e.g. Déqué et al. 2007,
Kjellstrom et al. 2013, 2018). The figure reveals the larg-
est differences between models, expressed by the standard
deviation, over oceanic areas in the far north, likely as a
result of strong sensitivity to sea-ice conditions. There are
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Fig.1 Mean temperatures (a, b,
e, f; °C) for the present day, and
the change between periods (c,
d, g, h); left column (a, c, e, g):
ensemble average, right column
(b, d, £, h): ensemble standard
deviation of 30-year means. a—d
Winter. e-h Summer
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also relatively large differences between models over large
areas in northern Europe and in high-altitude areas in the
south such as the Alps, the Pyrenees and areas in Turkey and
parts of the Balkans. This is potentially related to differences
in the simulation of snow cover and/or its interaction with
the atmosphere in different models. There is also an area of
large inter-model difference over the north Atlantic close to
the western domain boundary. For other areas the standard
deviation is relatively low both in the historical climate and
in the climate change signal.

A pronounced north—south temperature gradient is seen
for the historical climate also in summer. For this season,
however, the lowest temperatures are generally found over
the ocean instead of the continent as in winter. The climate
change signal, on the other hand, differs considerably from
that in winter. Similarly, there is a maximum in the far north
but now there is also a pronounced wide-spread maximum in
the Mediterranean area. The smallest temperature increases
are confined to an area over the North Atlantic. Again, these
results are very similar to what has been shown in previous
studies for the region (e.g. Déqué et al. 2007; Kjellstrom
et al. 2013, 2018). The pattern of differences between the
models resembles that in winter albeit with smaller differ-
ences. Local maxima are found over the North Atlantic,
some ocean areas in the north and in some mountainous
regions such as the Scandinavian mountains and the Alps.
Notably, also the large lakes in Russia stands out as areas
with large differences between models likely reflecting dif-
ferent treatment of lakes in the RCMs (e.g. Samuelsson et al.
2010; Pietikdinen et al. 2018). We note that the standard
deviations are generally larger for the historical climate than
for the climate change signal.

In Fig. 2 winter mean temperature for the historical
period is shown for each GCM-RCM combination as a
deviation from the grand ensemble historical mean of all
20 GCM-RCM combinations. Also, corresponding figures
for the change between periods are shown (Fig. 3). These
figures provide an overview and a background to interpreta-
tion of the ANOVA results presented below. Complementing
figures for summer and winter seasonal mean temperature,
precipitation and wind climate averaged over both periods
and for the change between the periods are shown for each
GCM/RCM combination in Figs S1-S10 in the Supplemen-
tary Material.

The two figures show clearly that there are very large
differences between single simulations. For the histori-
cal climate, seasonal mean temperature differences are up
to+4 K or more in some locations. Similarly, for the cli-
mate change signal differences of up to+2 K are evident.
Similar large differences between single GCM—-RCM com-
binations have frequently been reported on (Christensen
and Christensen 2007; Kjellstrom et al. 2011, 2013, 2018).
One detail is obvious, particularly when looking at winter

temperature and its change (Figs. 1, 2, 3): the simulations
downscaling the CNRM global model are markedly different
from each other. Parts of these differences may be related
to the fact that while the HIRHAMS and the RACMO22E
simulations have used the correct GCM pressure level data
on the boundary, consistent with sea surface chronology,
the earlier REMO2015 and RCA4 simulations have used
model level boundaries, which have turned out to come
from an ensemble member different from the one produc-
ing sea surface data. This discrepancy will of course make
the GCM—-RCM cross terms GR and SGR larger. Also, the
HadGEM2-ES_REMO2015 simulation seems to have an
anomalous behaviour indicating a very cold north-eastern
region for the historical period.

Visual inspection of Figs. 2 and 3 indicates other char-
acteristics: the general deviation from the mean is mostly a
consequence of the choice of GCM. This holds even more
for the climate change. The role of the RCM is not very clear
from a visual inspection, though the north-eastern part of the
area shows relatively large differences between the rows for
some of the columns on the climate change maps shown in
Fig. 3. To clarify these preliminary findings it seems appro-
priate to apply a quantitative approach for analysing the role
of individual models for both mean climate and for climate
change. In the following we will present such results based
on ANOVA.

3.2 ANOVA analysis

As an example of the ANOVA analyses, Fig. 4 summarizes
results for winter temperature corresponding to the fields
shown in Figs. 1, 2 and 3. Corresponding map collections for
the other cases can be found in the supplementary material,
Figs. S13, S16, S17, S20, and S21.

The upper row in Fig. 4 contains the ensemble and period
average field. Row two are the (redundant) S terms. Since
there are only two periods, and since each term must sum
to zero, the two panels are identical with opposite sign. For
instance, the second panel shows the difference between
end-of-century fields and the total average; this means that
ensemble mean climate change between the periods will be
twice the field shown. Row three shows Gj, the character-
istics of each GCM as averaged over the two periods and
all RCMs, again with a zero sum rule. It can be seen that
CNRM-CMS has a very cold climate, in particular in north-
ern Europe with several degrees of deviation from the mean
over all GCMs, whereas NorESM1-M has a comparatively
warm climate over large parts of the Atlantic, and over most
of the European continent apart from Scandinavia where
instead the HadGEM2-ES model is the warmest of the five
GCMs. Row four correspondingly show R,, the characteris-
tics of each RCM for the mean climate; HIRHAMS is gener-
ally warmer than average, and RACMOZ22E is colder. The
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Fig.2 Deviation of historical DJF temperature mean over both periods from historical grand ensemble mean (K). The missing MPI-ESM-LR-

HIRHAMS simulation has been filled in as described in the text

SW-NE temperature gradient is stronger for REMO2015
and weaker for RCA4 and RACMO22E. Strong regional
deviations from the ensemble mean can be seen notably for
RACMO22E over land areas in the south-eastern part of the
region and by REMO in the north-eastern part, both being
more than 2 degrees cooler than average in winter.

The fifth row shows SGZj, the characteristics of each
GCM relative to the average climate change (divided by 2,
as discussed above); in most areas, HaddGEM2-ES shows
a considerably larger warming than the other GCMs while
NorESM1-M shows a considerably weaker temperature
increase in the east. Such differences between GCMs
are commonly seen, and in these particular cases we
note that: the HadGEM2-ES model has a relatively high
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climate sensitivity and a strong temperature increase over
the mid-latitude continents (Andrews and Ringer 2014),
compared to NorESM1-M with lower climate sensitivity
and a relatively weak temperature response over the north-
ern mid-latitudes (Iversen et al. 2013). There seems to be
relatively little influence from RCMs on climate change
for the winter temperature average (SR,;, row six) apart
from some apparent differences over parts of Russia and
some ocean areas in the far north; these differences may
be related to different treatment of sea ice; the signal is
not seen in the other three seasons. In the following we
will analyse formal statistical significance of each term to
substantiate these observations.
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Fig.3 Deviation of DJF temperature change from grand ensemble mean change (K). The missing MPI-ESM-LR-HIRHAMS simulation has

been filled in as described in the text

In order to summarize the importance of the various
ANOVA factors, we first show the partitioning of total vari-
ability (Eq. 2) into the various percentages for the exam-
ple field of winter temperature (Fig. 5). It can be seen that
this field is dominated by climate change, that interannual
variability is moderate compared to the statistical effects
of model choice, that the choice of GCM is very impor-
tant over the Atlantic ocean, and that the contribution from
the RCM choice is smaller than the GCM term and most
important over the eastern part of the domain and in some
mountain regions. Similar relatively strong influence from
RCMs in mountainous regions was found by Suzuki-Parker
et al. (2018) in their analysis of precipitation over Southeast
Asia including Japan. Corresponding plots of other seasons
and fields can be found in the Supplementary Material Figs

S11, S14, and S18. Comparing the linear terms SG and SR
we obtain an indication about where the RCM effects are
comparable to or larger than the GCM effect with respect to
climate change. The results indicate that these areas involve
regions where there is strong interaction with topography,
sea ice and/or snow, or soil moisture.

Even though a contribution plays a smaller role than oth-
ers, it can still be statistically significant. We now calculate
the formal statistical significance of each term at each grid
point, field and season, by comparing the quantities of Eq.
(2) divided by the relevant degrees of freedom (1 for S, 4 for
G and SG, 3 for R and SR, 12 for GR and SGR) and with the
inter-annual variability per degree of freedom (29 degrees
of freedom for the 30 values) with the F distribution of the
appropriate kind, with a 95% significance threshold (von
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Fig.4 ANOVA linear terms for winter (DJF) temperature and temperature change. Top row: M; second row S, and S,; third row G; for the 5
GCMs; fourth row R, for the 4 RCMs. Fifth row: SG,; sixth row: SR,;. See definitions in Table 2
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Fig.5 Total variability partitioned over the various interaction terms for winter temperature

Storch and Zwiers 2001). In order to generalize to all sea-
sons and fields, the percentage of points in the domain where
a term is statistically significant is summarized in Table 3.
For the entire area, S, G, and R are all significant. Maps of
statistical significance for winter temperature are shown for
all terms in Figs. S12, S15, and S19, but we highlight the
terms with only partial domain-wide statistical significance
in Fig. 6 (GR), Fig. 7 (SG), Fig. 8 (SR), and Fig. 9 (SGR).

In general, significance is larger for temperature than
for precipitation and wind speed, consistent with the larger
interannual variability compared to model differences.
The linear terms S, G, and R are almost always significant,
though the fraction of points with significant climate change
(term S) is smaller for summer precipitation; the reason is
that the region close to the zero-line in Europe for summer
precipitation does not show significant climate change (see
Fig. S15, panel 8).

The specific combination of GCM and RCM (GR term,
Fig. 6) is significant for large areas (> 60%) for all vari-
ables and seasons indicating that different RCMs put their
specific imprint on the climate imposed from the GCMs.
This result is in line with findings by Sgrland et al. (2018)

showing that two of the RCMs assessed also here show
systematically reduced biases in seasonal mean tempera-
ture and precipitation over Europe. In Fig. 6 we summa-
rize results for the significance of this term for all three
variables over winter and summer. In general, the term
shows the least significance in the western part of the
domain, where the GCM has the largest influence with
minor contributions from the RCM. For winter tempera-
ture the specific combination is significant also over the
north-western part of the ocean as well as over most of the
western and central land area. This result could very well
be a consequence of the difference between CNRM-CM5-
driven simulations. Winter precipitation climate is mostly
independent of this term, indicating that a simple addi-
tion of GCM and RCM terms would give an error, which
is small compared to interannual variability. For summer
precipitation, on the other hand, most of the land areas
and the Mediterranean Sea show significant contributions
from the GR term.

We also note that there are relatively large areas close to
the boundaries where the contribution from the GR term is
significant. This may indicate differences in the treatment of

Table 3 Percentage of grid g G R G SR GR SGR
points where each term is
significant at a 95% level for T winter 100 100 100 100 50 83 5
ﬁﬁﬁ?ﬁ?ﬁf£f§féf§§32ﬁ£$ir T summer 100 100 99 100 40 73 3
pr winter 91 99 96 80 27 62 2
pr summer 76 99 98 72 33 74 5
w10 m winter 80 100 100 82 36 63 3
w10 m summer 84 100 99 86 43 75 2
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DJF p-value GCM-RCM

Fig.6 Significance of GCM—-RCM cross term GR for winter (left)
and summer (right) for temperature (top), precipitation (middle) and
mean 10 m wind speed (bottom). Values below 0.05 (green and blue

the lateral boundary conditions in the different RCMs. The
wind signal has less noise, but is generally similar to the
precipitation signals, both in pattern and magnitude.
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colours) indicate significance at the 95% level, i.e., that the mean cli-
mate is not just a sum of an average GCM effect and an average RCM
effect

The GCM has a significant influence on climate change (SG
term, Fig. 7) everywhere for temperature and over most of the
area for precipitation and wind speed. The SR and GR terms,
i.e., the influence of regional model on climate change and the
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Fig. 7 Significance of scenario-GCM term SG for winter (left) and
summer (right) for precipitation (top) and mean 10 m wind speed
(bottom). Values below 0.05 (green and blue colours) indicate sig-

deviation of mean climate from linearity, are neither entirely
significant nor entirely non-significant across the domain.

In Fig. 8 we show the SR term, i.e., the significance
of the RCM contribution to climate change for both sea-
sons and all three fields investigated. The influence of the
RCM on climate change is generally lower than that of
the GCMs (cf. Table 3). It is significant for 40 (summer)
to 50 (winter) percent of the area for temperature, some-
what smaller for wind speed and smallest for precipita-
tion. Large parts of the land mass in the east or north-east
show significance for temperature, precipitation, and wind
during winter. Mountainous areas show significance for
both seasons with varying amplitude, particularly large
for summer. This may be a reflection of the fact that differ-
ent RCMs have very different effective roughness lengths
as also indicated by the R terms in Figs. 4, S12, S17 and
S18. However, we note that mountainous areas also show
high GR values (Fig. 6) indicating also a sensitivity to the
combination of GCM and RCM. This may indicate the

JJA p-value scen-GCM

0.9500
0.5000
0.2000
0.1000
0.0500
0.0200
0.0100
0.0010
0.0001

nificance at the 95% level, i.e., that the GCM choice has a significant
influence on climate change. Note that the corresponding temperature
plot (not shown) would be all blue with values below 0.0001

importance of snow related processes since it has been
pointed out that a number of the GCM-driven EURO-
CORDEX simulations have large biases in snow cover
over the Alps (Terzago et al. 2017).

A larger importance of the RCM choice in summer than
in winter on the ensemble mean was also found by Déqué
et al. (2007) in an analysis covering three GCMs and 10
RCMs, although they were unable to study the interactions
between the terms, since the matrix in their study was too
sparse. Similarly, Mearns et al. (2013) found a relatively
larger influence of the RCMs on the summer climate in their
study covering North America. Also Sgrland et al (2018)
found a considerable imprint of the RCMs on the climate
change signal in the underlying GCMs in their study for
Europe.

The specific period-GCM—-RCM combination (SGR;
Fig. 9) is only significant in a very small fraction of the
domain. This means that we can generally estimate the cli-
mate change of these seasonal mean fields very well from
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DJF p-value scen-RCM

Fig.8 Significance of scenario-RCM term SR for winter (left) and
summer (right) for temperature (top), precipitation (middle) and mean
10 m wind speed (bottom). Values below 0.05 (green and blue col-

knowledge about the GCM and RCM separately, without
having to do the specific experiment. However, for some
areas in the north, there are significant contributions from
the combination of the GCMs and the RCMs. One possible
explanation for this is the combination of different GCM
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ours) indicate significance at the 95% level, i.e., that the RCM choice
has a significant influence on climate change

sea ice in northern winter combined with different RCM
treatment of sea ice interpolation and of air temperature and
roughness over sea ice. These areas were also significant for
the mean-climate GR terms, but were parts of larger areas
of GR significance.
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DJF p-value scen-GCM-RCM
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Fig.9 Maps of significance for the SGR terms for winter (left) and
summer (right) for temperature (top), precipitation (middle) and mean
10 m wind speed (bottom). Values below 0.05 (green and blue col-

The situation for wind is remarkably similar to the situa-
tion for precipitation with some exceptions. Inspecting the
F value and the individual maps (not shown) reveals, how-
ever, that models have an even stronger influence on the

JJA p-value scen-GCM-RCM
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JJA p-value scen-GCM-RCM
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=
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ours) indicate significance at the 95% level, i.e., that climate change is
significantly different from the sum of average GCM and RCM con-
tributions

quantity, compared to interannual variability. The GCM has
its largest influence over sea, possibly due to differences
in large-scale weather patterns, whereas the RCM plays a
large role over land, probably due to differences in roughness
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parameterization. We also note that all RCMs assessed here
take information about sea-surface temperature and sea-ice
directly from the driving GCMs which introduces a strong
imprint of the GCMs on the RCM simulated climate. Cou-
pled atmosphere—ocean RCMs would be expected to show a
stronger influence of the RCMs also over the ocean.

4 Summary and conclusions

The presence of a filled GCM-RCM matrix with only one
missing combination has enabled the present ANOVA analy-
sis of seasonal mean fields. With much better robustness
than earlier studies we can examine the importance of the
global and the regional component of the model system and
the roles of individual GCMs and RCMs for mean climate
as well as climate change. A comparison with interannual
variability from the participating models enables a formal
determination of statistical significance of the various linear
terms and cross terms in the ANOVA analysis. We note that
two of the simulations considered have known errors in the
setup of boundary conditions; this may have had an influence
on the results, probably increasing the GCM-RCM cross
term variability in the ANOVA analysis.

For all variables and seasons addressed here, the linear
contributions from both GCMs and RCMs have significant
influence on the resulting matrix of results for almost all
points and seasons, particularly for temperature. Further, by
looking at mean climate conditions over both historical and
future periods, we observe that there are clear geographical
patterns of maximum GCM influence and maximum RCM
influence, respectively. However, for most of the fields and
seasons considered, the major part of the area has a sig-
nificant influence of the GCM-RCM cross term, i.e., the
specific influence of one simulation, for the mean fields con-
sidered in the present study.

The choice of GCM generally has a larger influence on
climate change than the choice of RCM, showing signifi-
cance for twice the area. While there is very little systemat-
ics in the geographical distribution of GCM influence on
climate change, the RCM influence is generally concentrated
close to the eastern and northern boundaries and in moun-
tainous areas. Areas where the influence of the RCMs on the
climate change signal is comparable to that of the GCMs are
concentrated where there is strong interaction with topogra-
phy, sea ice, snow, or soil moisture.

One main conclusion, which obviously only applies
to the seasonal average fields examined presently, is that
climate change for a particular GCM—-RCM combination
with very few exceptions can be determined by adding
effects from the GCM and from the RCM separately; in
other words, very little information is added to this par-
ticular aspect of climate change from adding a simulation,

@ Springer

provided that the GCM and RCM effects have already been
established. This conclusion points to the possibility of
emulating missing simulations in partly filled matrices
where the linear effects have been established and this
way obtain distributions where the GCMs and RCMs have
separate statistical weights. Such a procedure could yield
completely filled GCM—-RCM matrices. Conversely, it is
likely that too sparsely filled GCM-RCM matrices that
do not allow for appropriately establishing the individual
GCM or RCM effects cannot easily be used for establish-
ing the full GCM-RCM response by emulation of missing
simulations. Consequently, conclusions about uncertainty
inferred from analysing such sparse matrices are likely
to be biased. These considerations may have important
implications for existing climate services depending on
sparsely filled GCM-RCM matrices. The completely
filled GCM-RCM matrix presented and analyzed here are
an ideal test bed for addressing such considerations. For
example, gradual thinning of the matrix can be applied to
test to which degree matrix sparseness influences mes-
sages about robustness and uncertainty related to climate
change.

Finally we note that, while the current study as a first
step focuses on seasonal mean characteristics for three vari-
ables and the climate change signal for each one of them,
the ANOVA method could readily be applied also for other
features. This includes: other variables and other time fre-
quencies, including also extreme events; other forcing sce-
narios; and larger ensembles, sampling also internal natural
variability. In addition, also model performance could be
considered in such an analysis by including a term for biases
in the ANOVA analysis.

Acknowledgements The authors would like to thank the Euro-COR-
DEX network and WCRP CORDEX for ensuring availability of COR-
DEX data. We would also like to recognize the constructive comments
made by the anonymous reviewers.

Funding This study has been partly funded by the Copernicus Cli-
mate Change Service. ECMWF implements this Service on behalf of
the European Commission. Part of the funding is by the Danish state
through the National Centre for Climate Research (NCKF).

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.


http://creativecommons.org/licenses/by/4.0/

Partitioning uncertainty components of mean climate and climate change in a large ensemble...

References

Aalbers EE, Lenderink G, van Meijgaard E, van den Hurk BJIM (2018)
Local-scale changes in mean and heavy precipitation in Western
Europe, climate change or internal variability? Clim Dyn 50:4745.
https://doi.org/10.1007/s00382-017-3901-9

Andrews T, Ringer MA (2014) Cloud feedbacks, rapid adjustments,
and the forcing-response relationship in a transient CO, revers-
ibility scenario. J Clim 27:1799-1818. https://doi.org/10.1175/
JCLI-D-13-00421.1

Bentsen M, Bethke I, Debernard JB, Iversen T, Kirkevig A, Seland @,
Drange H, Roelandt C, Seierstad IA, Hoose C, Kristjansson JE
(2013) The Norwegian Earth System Model, NorESM 1-M—Part
1: description and basic evaluation of the physical climate. Geosci
Model Dev 6:687-720. https://doi.org/10.5194/gmd-6-687-2013

Bukovsky MS, Thompson JA, Mearns LO (2019) Weighting a regional
climate model ensemble: does it make a difference? Can it make a
difference? Clim Res 77:23-43. https://doi.org/10.3354/cr01541

Christensen JH, Christensen OB (2007) A summary of the PRU-
DENCE model projections of changes in European climate by
the end of this century. Clim Change 81(Suppl 1):7-30

Christensen OB, Drews M, Christensen JH, Dethloff K, Ketelsen K,
Hebestadt I, Rinke A (2007) The HIRHAM Regional Climate
Model. Version 5 (beta). Danish Climate Centre, Danish Mete-
orological Institute. Denmark. Danish Meteorological Institute.
Technical Report, No. 06-17

Collins WJ, Bellouin N, Doutriaux-Boucher M, Gedney N, Halloran
P, Hinton T, Hughes J, Jones CD, Joshi M, Liddicoat S, Martin
G, O’Connor F, Rae J, Senior C, Sitch S, Totterdell I, Wiltshire
A, Woodward S (2011) Development and evaluation of an earth-
system model—HadGEM?2. Geosci Model Dev 4:1051-1075.
https://doi.org/10.5194/gmd-4-1051-2011

Déqué M, Rowell DP, Luthi D, Giorgi F, Christensen JH, Rockel B,
Jacob D, Kjellstrom E, de Castro M, van den Hurk B (2007) An
intercomparison of regional climate simulations for Europe:
assessing uncertainties in model projections. Clim Change 81:53—
70. https://doi.org/10.1007/s10584-006-9228-x

Déqué M, Somot S, Sanchez-Gomez E, Goodess CM, Jacob D, Lender-
ink G, Christensen OB (2012) The spread amongst ENSEMBLES
regional scenarios: regional climate models, driving general circu-
lation models and interannual variability. Clim Dyn 38:951-964.
https://doi.org/10.1007/s00382-011-1053-x

Evin G, Hingray B, Blanchet J, Eckert N, Morin S, Verfaillie D (2019)
Partitioning uncertainty components of an incomplete ensemble
of climate projections using data augmentation. J Clim 32:2423—
2440. https://doi.org/10.1175/JCLI-D-18-0606.1

Giorgetta MA et al (2013) Climate and carbon cycle changes from 1850
to 2100 in MPI-ESM simulations for the coupled model intercom-
parison project phase 5. J Adv Model Earth Syst 5:572-597. https
://doi.org/10.1002/jame.20038

Giorgi F (2019) Thirty years of regional climate modeling: where
are we and where are we going next? J] Geophys Res Atmos
124:5696-5723. https://doi.org/10.1029/2018JD030094

Hawkins E, Sutton R (2009) The potential to narrow uncertainty in
regional climate predictions. Bull Am Meteorol Soc 90:1095—
1107. https://doi.org/10.1175/2009BAMS2607.1

Hazeleger W, Wang X, Severijns C, Stefanescu S, Bintanja R, Sterl A,
Wyser K, Semmler T, Yang S, van den Hurk B, van Noije T, van
der Linden E, van der Wiel K (2012) EC-Earth V2.2: description
and validation of a new seamless earth system prediction model.
Clim Dyn 39:2611. https://doi.org/10.1007/s00382-011-1228-5

IPCC (2018) Summary for policymakers. In: Masson-Delmotte V,
Zhai P, Portner H-O, Roberts D, Skea J, Shukla PR, Pirani A,
Moufouma-Okia W, Péan C, Pidcock R, Connors S, Matthews
JBR, Chen Y, Zhou X, Gomis MI, Lonnoy E, Maycock T, Tignor

M, Waterfield T (eds) Global warming of 1.5 °C. An IPCC Spe-
cial Report on the impacts of global warming of 1.5 °C above
pre-industrial levels and related global greenhouse gas emission
pathways, in the context of strengthening the global response to
the threat of climate change, sustainable development, and efforts
to eradicate poverty. World Meteorological Organization, Geneva

Iversen T, Bentsen M, Bethke I, Debernard JB, Kirkevag A, Seland
@, Drange H, Kristjansson JE, Medhaug I, Sand M, Seierstad TA
(2013) The Norwegian earth system model, NorESM 1-M—part
2: climate response and scenario projections. Geosci Model Dev
6:389—415. https://doi.org/10.5194/gmd-6-389-2013

Jacob D, Elizalde A, Haensler A, Hagemann S, Kumar P, Podzun R,
Rechid D, Remedio AR, Saeed F, Sieck K, Teichmann C, Wil-
helm C (2012) Assessing the transferability of the regional climate
model REMO to different coordinated regional climate downscal-
ing experiment (CORDEX) regions. Atmosphere 3:181-199. https
://doi.org/10.3390/atmos3010181

Jacob D, Petersen J, Eggert B, Alias A, Christensen OB, Bouwer LM,
Braun A, Colette A, Déqué M, Georgievski G, Georgopoulou
E, Gobiet A, Menut L, Nikulin G, Haensler A, Hempelmann N,
Jones C, Keuler K, Kovats S, Kroner N, Kotlarski S, Kriegsmann
A, Martin E, van Meijgaard E, Moseley C, Pfeifer S, Preuschmann
S, Radermacher C, Radtke K, Rechid D, Rounsevell M, Samuels-
son P, Somot S, Soussana J-F, Teichmann C, Valentini R, Vautard
R, Weber B, Yiou P (2014) EURO-CORDEX: new high-resolu-
tion climate change projections for European impact research.
Reg Environ Change. https://doi.org/10.1007/s10113-013-0499-2

Kjellstrom E, Nikulin G, Hansson U, Strandberg G, Ullerstig
A (2011) 21st century changes in the European climate:
uncertainties derived from an ensemble of regional climate
model simulations. Tellus 63A:24-40. https://doi.org/10.111
1/j.1600-0870.2010.00475.x

Kjellstrom E, Thejll P, Rummukainen M, Christensen JH, Boberg F,
Christensen OB, Fox Maule C (2013) Emerging regional climate
change signals for Europe under varying large-scale circulation
conditions. Clim Res 56:103-119. https://doi.org/10.3354/cr011
46

Kjellstrom E, Birring L, Nikulin G, Nilsson C, Persson G, Strandberg
G (2016) Production and use of regional climate model projec-
tions—a Swedish perspective on building climate services. Clim
Serv 2(3):15-29. https://doi.org/10.1016/j.cliser.2016.06.004

Kjellstrom E, Nikulin G, Strandberg G, Christensen OB, Jacob D,
Keuler K, Lenderink G, van Meijgaard E, Schir C, Somot S,
Sgrland SL, Teichmann C, Vautard R (2018) European climate
change at global mean temperature increases of 1.5 and 2 °C
above pre-industrial conditions as simulated by the EURO-COR-
DEX regional climate models. Earth Syst Dyn 9:459—478. https
://doi.org/10.5194/esd-9-459-2018

Mearns LO, Sain S, Leung LR, Bukovsky MS, McGinnis S, Biner S,
Caya D, Arritt RW, Gutowski W, Takle E, Snyder E, Jones RG,
Nunes AMB, Tucker S, Herzmann D, McDaniel L, Sloan L (2013)
Climate change projections of the North American Regional Cli-
mate Change Assessment Program (NARCCAP). Clim Change
120:965-975. https://doi.org/10.1007/s10584-013-0831-3

Moss RH, Edmonds JA, Hibbard KA, Manning MR, Rose SK, van
Vuuren DP, CarterTR ES, Kainuma M, Kram T, Meehl GA,
Mitchell JFB, Nakicenovic N, Riahi K, Smith SJ, Stouffer RJ,
Thomson AM, Weyant JP, Wilbanks TJ (2010) The next gen-
eration of scenarios for climate change research and assessment.
Nature 463:747-756. https://doi.org/10.1038/nature08823

Pietikdinen J-P, Markkanen T, Sieck K, Jacob D, Korhonen J, Rdisinen
P, Gao Y, Ahola J, Korhonen H, Laaksonen A, Kaurola J (2018)
The regional climate model REMO (v2015) coupled with the
1-D freshwater lake model FLake (v1): Fenno-Scandinavian cli-
mate and lakes. Geosci Model Dev 11:1321-1342. https://doi.
org/10.5194/gmd-11-1321-2018

@ Springer


https://doi.org/10.1007/s00382-017-3901-9
https://doi.org/10.1175/JCLI-D-13-00421.1
https://doi.org/10.1175/JCLI-D-13-00421.1
https://doi.org/10.5194/gmd-6-687-2013
https://doi.org/10.3354/cr01541
https://doi.org/10.5194/gmd-4-1051-2011
https://doi.org/10.1007/s10584-006-9228-x
https://doi.org/10.1007/s00382-011-1053-x
https://doi.org/10.1175/JCLI-D-18-0606.1
https://doi.org/10.1002/jame.20038
https://doi.org/10.1002/jame.20038
https://doi.org/10.1029/2018JD030094
https://doi.org/10.1175/2009BAMS2607.1
https://doi.org/10.1007/s00382-011-1228-5
https://doi.org/10.5194/gmd-6-389-2013
https://doi.org/10.3390/atmos3010181
https://doi.org/10.3390/atmos3010181
https://doi.org/10.1007/s10113-013-0499-2
https://doi.org/10.1111/j.1600-0870.2010.00475.x
https://doi.org/10.1111/j.1600-0870.2010.00475.x
https://doi.org/10.3354/cr01146
https://doi.org/10.3354/cr01146
https://doi.org/10.1016/j.cliser.2016.06.004
https://doi.org/10.5194/esd-9-459-2018
https://doi.org/10.5194/esd-9-459-2018
https://doi.org/10.1007/s10584-013-0831-3
https://doi.org/10.1038/nature08823
https://doi.org/10.5194/gmd-11-1321-2018
https://doi.org/10.5194/gmd-11-1321-2018

0. B. Christensen, E. Kjellstrom

Rummukainen M (2016) Added value in regional climate modeling.
WIRESs Clim Change 7:45-159. https://doi.org/10.1002/wcc.378

Samuelsson P, Kourzeneva E, Mironov D (2010) The impact of lakes
on the European climate as simulated by a regional climate model.
Boreal Environ Res 15:113-129

Samuelsson P, Jones C, Willén U, Ullerstig A, Gollvik S, Hansson
U, Jansson C, Kjellstrom E, Nikulin G, Wyser K (2011) The
Rossby Centre Regional Climate Model RCA3: model descrip-
tion and performance. Tellus A 63:4-23. https://doi.org/10.111
1/.1600-0870.2010.00478.x

Skelton M, Porter JJ, Dessai S, Bresch DN, Knutti R (2017) The
social and scientific values that shape national climate scenarios:
a comparison of the Netherlands, Switzerland and the UK. Reg
Environ Change 17:2325-2338. https://doi.org/10.1007/s1011
3-017-1155-z

Sgrland S, Liithi D, Schir C, Kjellstrom E (2018) Bias patterns and
climate change signals in GCM—-RCM model chains. Environ Res
Lett 13:074017. https://doi.org/10.1088/1748-9326/aacc77

Suzuki-Parker A, Kusaka H, Takayabu I, Dairaku K, Ishizaki NN, Ham
S (2018) Contributions of GCM/RCM uncertainty in ensemble
dynamical downscaling for precipitation in East Asian summer
monsoon season. SOLA 14:97-104. https://doi.org/10.2151/
s0la.2018-017

Taylor KE, Stouffer RJ, Meehl GA (2012) An overview of CMIPS and
the experiment design. Bull Am Meteorol Soc 93:485-498. https
://doi.org/10.1175/BAMS-D-11-00094.1

@ Springer

Terzago S, von Hardenberg J, Palazzi E, Provenzale A (2017) Snow
water equivalent in the Alps as seen by gridded data sets, CMIP5
and CORDEX climate models. Cryosphere 11:1625-1645. https
://doi.org/10.5194/tc-11-1625-2017

van Meijgaard E, van Ulft LH, van den Berg WJ, Bosveld FC, van
den Hurk BJIM, Lenderink G, Siebesma AP (2008) The KNMI
regional atmospheric climate model RACMO version 2.1. KNMI
Tech. Rep. TR-302

Voldoire A, Sanchez-Gomez E, Salas y Mélia D et al (2013) The
CNRM-CMS5.1 global climate model: description and basic
evaluation. Clim Dyn 40:2091. https://doi.org/10.1007/s0038
2-011-1259-y

von Storch HW, Zwiers F (2001) Statistical analysis in climate research.
Cambridge University Press, Cambridge

von Trentini F, Leduc M, Ludwig R (2019) Assessing natural variabil-
ity in RCM signals: comparison of a multi model EURO-COR-
DEX ensemble with a 50-member single model large ensemble.
Clim Dyn 53:1963. https://doi.org/10.1007/s00382-019-04755-8

Yip S, Ferro CA, Stephenson DB, Hawkins E (2011) A simple, coher-
ent framework for partitioning uncertainty in climate predictions.
J Clim 24:4634-4643. https://doi.org/10.1175/2011JCLI4085.1

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1002/wcc.378
https://doi.org/10.1111/j.1600-0870.2010.00478.x
https://doi.org/10.1111/j.1600-0870.2010.00478.x
https://doi.org/10.1007/s10113-017-1155-z
https://doi.org/10.1007/s10113-017-1155-z
https://doi.org/10.1088/1748-9326/aacc77
https://doi.org/10.2151/sola.2018-017
https://doi.org/10.2151/sola.2018-017
https://doi.org/10.1175/BAMS-D-11-00094.1
https://doi.org/10.1175/BAMS-D-11-00094.1
https://doi.org/10.5194/tc-11-1625-2017
https://doi.org/10.5194/tc-11-1625-2017
https://doi.org/10.1007/s00382-011-1259-y
https://doi.org/10.1007/s00382-011-1259-y
https://doi.org/10.1007/s00382-019-04755-8
https://doi.org/10.1175/2011JCLI4085.1

	Partitioning uncertainty components of mean climate and climate change in a large ensemble of European regional climate model projections
	Abstract
	1 Introduction
	2 Methods and data
	2.1 Model data
	2.2 Analysis of variance

	3 Results and discussion
	3.1 Comparison of model results
	3.2 ANOVA analysis

	4 Summary and conclusions
	Acknowledgements 
	References




