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Abstract

Global warming levels (GWLs) are increasingly becoming a central concept in climate
change studies. In recent years, their integrative quality for climate change impact analysis
has been demonstrated, and methodological advancements have helped to compensate for
some inherent shortfalls of the concept. However, their applicability at the regional level is
debatable, and no study to date has examined the possibility of linking local climate scenarios
to GWLs. For the case of Austria, we have evaluated the relation between global and local
warming patterns, and whether version changes of global climate models could be
incorporated into local climate scenarios by means of the GWL concept, without updating the
actual data. We applied the time sampling approach, where GWLs are determined as periods
when global mean temperature anomalies cross a certain threshold. GWL periods were
sampled both from the global models in the background of the local climate scenarios
(CMIPS5), and from an equivalent ensemble of newer-generation climate models (CMIP6).
Uncertainties resulting from sampling GWLs from different global climate model ensembles
were examined, and prospects for local climate change impact assessments were discussed.
Accounting for updated global climate model versions might be useful when the changes at
certain GWLs are related to fixed reference periods, but temperature increments between
GWLs remained relatively constant across model versions, even on the local level. The study
bridges a significant gap to link regional and local climate projections to GWLs. Climate
change impacts assessments that build on those datasets can benefit from the integrative
character of GWLs, making studies comparable across multiple disciplines and model
versions, and thus fostering a way to communicate local climate change impacts more

comprehensible.

Introduction

The concept of global warming levels (GWLs) has seen a
surge of interest in the scientific, political and public debate in
recent years. Since the adption of the Paris Agreement in 2015,
the regional and local implications of its purported targets of
1.5 °C or 2.0 °C global mean surface temperature increase
(ATg) compared to the pre-industrial era sparked many studies
across the world. The IPCC’s special report on 1.5 °C global
warming (IPCC, 2018) focussed on the differences between
those two GWLs, and in the latest IPCC Assessment Report
(AR6), climate change impacts are related to GWLs as a
‘dimension of integration’ (Chen et al., 2021).

What makes this dimension of integration useful, especially
in the context of climate change impacts, is a shift in the
uncertainty cascade of the model chains. When climate change
impacts on regional or local scales are seen as the end point,
and greenhouse gas (GHG) emissions as the starting point,
there are cumulative uncertainties about their accumulation in
the atmosphere and climate efficacy (radiative forcing), the
sensitivity of ATg to that forcing, the climates’ manifestation
on the regional level, and the respective local impacts. That

L n this article, the term ‘GCM’ is used in the context of all climate
models with a global scale, including earth system models (ESMs)

means that potentially large uncertainties pertaining to
impacts such as heat waves can emerge from one emission
pathway. The concept of GWLs on the other hand directly
focusses on ATg, no matter the emissions, concentration levels
or climate sensitiviy that led to this state. Uncertainties of
emission-based and GWL-based approaches are exemplified
in James et al. (2017), Figure 4. Along with the shift of some
uncertainties, this departure from model-dependent
characteristics like SRES, RCP or SSP scenarios, climate
sensitivity, and also from conventional time slices makes the
concept of GWLs paticularly interesting for comparing impact
studies over a range of periods, regions, disciplines, and even
global climate model (GCM!) versions.

James et al. (2017) gives a comprehensive overview of the
benefits and limitations of the GWL concept in general, and
of four types of methods to apply it in climate change studies.
More recently, the scientific progress in quantifying or
overcoming some of those challenges has been summarised in
the IPCC’s ARG, so only a few methodological advances, that
are especially relevant for this study, are highlighted here.

Most studies apply either variants of time sampling (i.e.
selecting periods with similar A7; out of model runs) or

and coupled Atmosphere-Ocean General Circulation Models
(AOGCMs) into the definition of global-scale climate models.
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pattern scaling (i.e. deriving linear or empirical relations
between AT and certain climate impacts, and scaling them to
different GWLs). A number of papers examined the linearity
of pattern scaling approaches (Seneviratne et al., 2016;
Wartenburger et al., 2017; Diedhiou et al., 2018; King et al.,
2018; Lehner and Coats, 2021). Constant scaling factors
neglect acceleration effects that might arise for certain impacts
at higher GWLs (Hoegh-Guldberg et al., 2019; Harrington,
2021). Time sampling is able to adress relations between
variables, if consistent model runs are available (Herger et al.,
2015). On the other hand, time sampling approaches disregard
the emission pathway leading up to given GWLs (Vogel et al.,
2020) and cannot account for lags in the response time of some
effects like glacier retreat or sea level rise. There are
differences in regional climate responses according as GWLs
are reached in transient or equilibrium climates, due to
different land-ocean distributions of warming patterns (King
et al, 2021, 2020), which could potentially be large
(Seneviratne et al., 2018a; Zhang and Zhou, 2021). The GWL
perspective even offers different ways of developing climate
scenarios, other than running GCM simulations for centuries
(Tebaldi et al., 2022).

It has been shown that a number of regional climate
extremes are linearly correlated with AT, (Wartenburger et al.,
2017; Seneviratne et al., 2018b; Lewis et al., 2019; Tebaldi et
al., 2020; Iyakaremye et al., 2021), and even if non-linearities
are found, some impacts can be considered scenario-
independent at a given GWL (Chen et al., 2021). AT, seems to
be a good indicator for the magnitude of climate impacts on
the regional and local level, at least for temperature-related
ones. Nevertheless, similar average conditions on the global
level can encompass quite different climates on the regional
scale. Regional forcings and feedbacks, land use, and air
pollution shape regional and local climate variability and
therefore local impacts, but a wide range of them can be
represented by the same GWL (Seneviratne et al., 2018a).
From the impacts perspective, it is therefore essential to
analyse the spatial and temporal variability in regional and
local climate scenarios at certain GWLs (Schleussner et al.,
2018; Lewis et al., 2019; Vogel et al., 2020; Iyakaremye et al.,
2021). Local climate scenarios, e.g. bias-adjusted and/or
further downscaled regional climate model (RCM) outputs,
can help putting upper and lower limits to this uncertainty
estimate. In some studies, GWLs were derived for several
EURO-CORDEX RCMs via their driving GCM (Vautard et
al., 2014; Donnelly et al., 2017; Dosio and Fischer, 2018;
Kjellstrom et al., 2018; Teichmann et al., 2018), but without
evaluating the wvalidity of the interconnection. To our
knowledge, no published studies exist yet that link local
climate scenarios to GWLs.

Following the first national IPCC-style Assessment Report
on Climate Change (APCC, 2014), a follow-up report is
currently prepared in Austria and scheduled for release in
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2025. In recent years, local climate scenarios for Austria
(called OEKS15) were developed and made available free of
charge. Consequently, the dataset was widely took up and
used by the scientific community, establishing a standard for
local climate impact studies. Since many of those studies feed
into the second Austrian Assessment Report (AAR2) as
current state-of-the-art, the need arose to make them
comparable by means of the GWL concept. One challenge is
that the OEKS15 scenarios are based on the previous GCM
generation CMIP5 (Taylor et al., 2012), and the efforts to
develop new local climate scenarios based on the current
CMIP6 generation (Eyring et al., 2016) still take years to
complete. Therefore, the question surfaced whether it is
feasible to incorporate already available CMIP6 results into
the evaluation of the OEKS15 scenarios in terms of GWLs.
While first studies suggests that the regional climate
sensitivity of extremes to a GWL is similar in CMIP5 and
CMIP6 (Seneviratne and Hauser, 2020), the significant time
lag between version updates of GCMs and the availability of
downscaled regional and local climate scenarios delays direct
comparisons by years.

We recognise research gaps in linking regional and local
climate scenarios to GWLs to analyse local climate variability,
and in evaluating the differences in those scenarios when
deriving GWLs from varied GCM versions, in this case
CMIP5 and CMIP6. Our study poses a main research question,
which is subdivided into three operational questions for the
case of Austria:

How can GWLs be derived for local climate scenarios from
different GCM ensembles, what uncertainties ensue, and what
are the prospects for local climate impact studies?

1) Are the GCMs used to derive GWLs for the local climate
scenarios able to reproduce observed temperature trends
in Austria?

2) What is the relation between projected temperature
changes (mean, variability) from the local climate
scenarios and their background GCMs?

3) How can GWLs be derived for local scenarios from
different GCMs ensembles, what uncertainties ensue, and
what are the prospects for local climate impact studies?

Because the results should be applicable to a wide thematic
range of climate impact studies, we looked for a practicable
method that did not involve recalculating existing results.
Therefore, pattern scaling approaches were ruled out. The
chosen variant of time sampling allows shifting between
CMIPS and CMIP6-derived GWLs, either while constraining
the GWL for time-discrete data, or constraining the period for
time-invariant data. The shifts we investigated always relate
to the current climate normal period 1991-2020 (World
Meteorological Organization (WMO), 2017). We focussed
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our analysis on temperature only, so the conclusions from this
study can not be generalised for other climate parameters.

To establish the link between local climate scenarios and
GWLs, we follow the three operational questions
consecutively: First, to examine the internal consistency of
regional and global warming patterns in our GCM ensembles,
we check their ability to reproduce observed trends for Austria
in the past. Second, we analyse projected regional temperature
anomalies in the OEKSI15 scenarios and their respective
CMIPS background GCMs, both for mean signals and inter-
annual variability. The first two steps point out whether a
connection between the local climate scenarios and ATy is
valid in the case of Austria. In the third step, we compare the
timing and regional temperature signals at certain GWLs
between CMIPS and CMIP6, and demonstrate the feasibility
of shifting to different GCM ensembles. Some new
uncertainties emerge with this approach, and we quantify them
for the OEKS15 ensemble. Finally, we illustrate how the shift
between GCM ensembles manifest on the local scale with an
indicator for climate change impacts: days in heat waves.

Method

We derive and compare GWL periods for local climate
scenarios with a variety of the time sampling method. Since
there are only five driving GCMs (under two or three RCPs)
behind the OEKS15 scenarios, we broaden our analysis to a
wider ensemble of CMIP5 models, and examine the spread of
the reduced ensemble within the full one. Consequently, the
next subsections are structured as follows: The data and model
selection criteria are described in Data and ensemble
selection, the method for calculating periods for GWLs from
the background GCMs in Time sampling GWL periods from
background GCMs, and the approach for deriving GWL
information for local scenarios from other GCMs in Reverse
time sampling GWL periods from different GCM ensembles.

Data and ensemble selection

This study evaluates outputs from four ensembles of
climate models. First, the CMIP5 ensemble, which includes
all CMIP5 GCM outputs available on the ESGF platform
(ESGF-CoG, 2023) as of June 2023. Since we are more
interested in the version changes between CMIP5 and CMIP6
than in internal model uncertainty, we choose only one
ensemble run for each model (rlilpl).

Second, the CMIP5 (OEKSI15) sub-selection, which
consists of all CMIP5 GCMs in the background of the EURO-
CORDEX RCMs represented in the OEKS15 ensemble of
local climate scenarios for Austria. In some cases, GCM
ensemble runs other than rlilpl were utilised in EURO-
CORDEX. In that case, those models were included both in
the full CMIP5 ensemble and the CMIPS5 (OEKSI15)
subselection.
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The OEKSI15 climate scenarios include outputs from 34
EURO-CORDEX models under three RCPs, which were
statistically downscaled to a spatial resolution of 1 x 1 km and
bias-adjusted to the observational data in the period 1971-
2000 (Chimani et al., 2016; Leuprecht, 2018; Chimani et al.,
2019). For the applied method, see Switanek et al. (2017). The
available parameters are minimum, mean and maximum
temperature, radiation and precipitation on a daily basis until
2100. The datasets are publicly available since 2016
(Leuprecht, 2018), and have been used extensively in local
climate impact studies. The daily mean temperature
projections of OEKS15 constitutes the third ensemble of this
study.

Fourth, the CMIP6 ensemble. It consists of a set of models
that were already part of CMIP5 and have been updated for
CMIP6. To account for the version changes, we select similar
researchgroup/model combinations with only one ensemble
run (rlilplfl) and all available SSPs for those models as of
June 2023 (ESGF-CoG, 2023). We removed all models with
no equivalent, updated version in CMIP6 from the full CMIP5
ensemble. For all models in the CMIP5 (OEKS15) ensemble,
updated versions are available in CMIP6. Applying these
selection criteria, we end up with 36 models in the full CMIP5
ensemble, 16 models in the CMIPS5 (OEKS15) subsample, all
34 models of the OEKS15 local climate scenarios, and 47
models in the CMIP6 ensemble. The complete model list for
each ensemble is detailed in supplementary table 1.

Observed temperature trends in Austria are calculated from
the long-term historical gridded dataset HistAlp (monthly
temperature data from 1780-2014 with a 5° x 5’ spatial
resolution, see Auer et al., 2007), and the high-resolution
observational dataset SPARTACUS (daily temperature data
from 1961-2020 on a lkm x lkm grid, Version 1, see Hiebl
and Frei, 2016). Both datasets are combined by regridding the
lower-resolution HistAlp data to the SPARTACUS grid, and
calculating monthly adjustment factors for the common period
1961-1990 on each grid cell. Those factors are applied to the
HistAlp data for the period 1780-1960, and from 1961 to 2020
the unmodified SPARTACUS data is used (Scharnhorst et al.,
2023). From this combined dataset, a time series for the period
1850-2020 is compiled by averaging annual mean temperature
values over the whole spatial domain.

Time sampling GWL periods from background GCMs

There are several considerations for time sampling GWLs
from GCM outputs, each of which impact the way the results
can be interpreted: the pre-industrial baseline, how global
averages are calculated from gridded data, whether a GWL is
defined as a transient or equilibrium state of the climate
(related also to the length of the available time series), and the
number of years that make up the GWL periods. Some of those
considerations are determined by the nature of this study.
Since we compare the timing of global and local model
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ensembles crossing certain GWLs, the method needs to
preserve a realistic temporal structure for each GWL period.
Therefore, we choose periods when the climate of consecutive
years first cross a given global temperature threshold, contrary
to selecting all years which are in proximity of that threshold.
We define the size of the periods as 20 years, which we
consider long enough to smooth inter-annual variability in
regional temperatures, and short enough to evaluate the state
of the climate under strong warming trends (Steinacker, 2021).
This approach cannot discern between transient and
equilibrium states, but for equilibrium climate analyses the
available time horizon of 2100 is too short anyway.

Four GWLs were selected for this study: 1.5 °C, 2.0 °C, 3.0
°C and 4.0 °C AT; compared to the pre-industrial reference
period. Since we found no naming convention for climate
scenarios using GWLs in the literature, we propose a standard
similar to the one for RCPs, where the word ‘GWL’ is
followed by the number that signifies A7z compared to the
pre-industrial reference in K or °C, but without the unit. For
2.0 °C ATy, the naming convention results in ‘GWL2.0’. We
acknowledge that there are no standard definitions for
determining GWLs other than the magnitude of the
temperature anomaly itself. Therefore, it is important to
document how the GWLs are derived when using this naming
scheme. We use this convention throughout this study.

The average temperature of the period 1850-1900 from the
‘historical’ GCM runs serves as pre-industrial reference, as
defined in the IPCC AR6 (Chen et al., 2021). For all GCMs in
our ensembles, monthly mean surface temperature data is
obtained both from the historical and future projection runs.
We concatenate those datasets at the year when the projection
runs start (2006 for CMIPS5, 2015 for CMIP6). Since those
models use a lat/lon grid, the individual gridpoints are
weighted by their respective area (using the cosinus of the
latitude converted to radians as weight) before calculating the
global area average. Monthly temperature values are then
averaged to annual vaules, and the mean of the pre-industrial
reference period within each model is substracted from the
absulute values of each year to adjust for model biases. This
yields comprehensive time series of temperature anomalies
relative to the pre-industrial reference period, starting in the
19" century and ending in 2100.

In the next step, we apply a 20-year running mean filter to
the time series. The first time a 20-year average temperature
anomaly is equal to or larger than a particular GWL, the
respective period is selected. The center year of this 20-year
window (ten years before, nine years after) is used to compare
different periods in the subsequent analyses.

To calculate the regional temperature signal for Austria, all
cells with centers covering the area 46°30°’N — 49°N and
9°30’E — 17°E are weighted (see above) and averaged first
over the region, and then the year. Mean temperature values
are calculated for the sampled GWL period and the reference
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period 1991-2020 within each model, and the latter value is
substracted from the former.

The results for all models used in this study are found in
supplementary table 1.

Reverse time sampling GWL periods from different
GCM ensembles

Calculating GWL periods for local scenarios is necessary
for two potential cases: Sampling GWL periods directly from
the background GCMs, and linking them to other GCM
ensembles.

The first case is straightforward: A GWL period can be
derived directly from a GCM that drives the models further
down the chain, as described above. This is possible for most
scenarios based on explicit climate modelling. The drawbacks
are that a) the connection is limited to the exact GCM driving
the model chain, and b) an ensemble of downscaled climate
scenarios could be driven by only a few disparate GCMs,
leading to the same GWL periods for a number of ensemble
members.

The second case requires a modification of the time
sampling method. Instead of sampling periods from a specific
GCM, it uses the period when a local scenario crosses a certain
temperature threshold. Our approach uses the regional
temperature signals (mean over the study domain) of the
CMIP6 ensemble between the period when the model crosses
a certain GWL and the reference period as threshold values.
For each member of the OEKSI15 ensemble, annual
temperature anomalies relative to 1991-2020 were calculated
and averaged over the whole domain. A 20-year running mean
filter was applied, similar to the method described for GCMs
above. The first time when the models’ 20-year average
temperature change is equal to or larger than the temperature
threshold derived from the GCMs, the respective period is
selected. The center year of the period (ten years before, nine
years after) is again used in the subsequent analyses.

Results

Observed regional temperature trends

To analyse whether our selected GCM ensembles exhibit
realistic regional warming patterns, we first evaluated their
ability to reproduce observed trends for Austria. In Figure 1,
the trends of annual mean temperature change over 30-year
periods are plotted for the observational data from 1850 to
2020. Against these observed trends, the ensemble spread and
ensemble medians of our model ensembles from CMIPS,
CMIP6 and OEKSI15 are shown. Since the 1970s, the trends
have been steadily rising, wich means accelerated warming.
Recently, warming trends have reached a level of 0.3-0.5
°C/decade in Austria, wich is more than double the pace of the
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recent global mean temperature increase (Hoegh-Guldberg et
al., 2019). For nearly the entire time series, the observed trends
lie within the model spread of all three ensembles. In the case
of CMIP5 and CMIP6, the observations are even located near
the ensemble medians most of the time. There are two periods
where the medians of CMIP5 and CMIP6 differ: 1900-1930
and 1960-1990. In both periods, the trends of CMIP6 are lower
than CMIP5, sometimes even with different signs for more
than a decade. In both cases, the trends of CMIP5 seem to
match the observations better than CMIP6, but since ~1970,
the distinct increase of observed trends is captured well by
both ensembles.

The OEKSI1S5 ensemble seems to have more difficulty
reproducing observed trends. The observations always lie
above the 75" percentile of the whole model spread, and for
the first decade they are close to the upper end. The ensemble
median underestimates the observed trends by about 0.13
°C/decade on average. At least in the near future, the OEKS15
ensemble represents a low estimate of the warming trends in
Austria.

The absolute temperature anomalies in Austria are shown
for the same period in supplementary figure 1. The diverging
trends of CMIP5 and CMIP6 that start at the beginning of the
20" century result in cooler temperatures in CMIP6 in that
period, sometimes more than 0.5°C (ensemble median). Since
the warming trends in CMIP6 outpaced those in CMIPS
around 1990, this gap closed steadily in the last two decades.
The differences in absolute temperature anomalies are taken
into account by calculating relative changes from the same
period (1991-2020) in each single model.

For the purpose of this study, we can assume that the
ensemble median of both CMIP5 and CMIP6 are able to
realistically reproduce observed regional warming patterns in
Austria. Therefore, we hypothesise that our GCM ensembles
are internally consistent regarding global and regional
temperature trends, and this consistency is assumed to hold for
near future periods with respect to the ensemble median. To
derive GWLs for the local scenarios from their respective
background GCMs, the next section shows whether their
temperature trends are correlated also for future periods.
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Regional temperature trends in Austria for three model ensembles
(CMIP5, CMIP6 and OEKS15) and HistAlp observational data
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Figure 1: Regional temperature trends for Austria in °C per decade.
Each data point represents the trend over the 30 previous years.
Shown are observed trends (solid black line) as well as model outputs
from three model ensembles (blue: CMIP5, purple: CMIP6, green:
OEKS15). Ensemble means are shown as coloured solid lines, the
ensemble spread as shaded areas. The transition of the historical
period to climate projections in CMIP5 and CMIP6 is portrayed as
dashed lines. The horizontal grey line divides positive and negative
trends.

Linking local scenarios to background GCMs

We sampled GWL periods for each member of the
OEKS15 ensemble from its background GCM, as described in
subsection Time sampling GWL periods from background
GCMs. Figure 2 shows the mean temperature signal of each
OEKS15 model against the regional temperature signal from
the respective CMIP5 GCM, all relative to 1991-2020. The
data encompasses all four GWLs, so each model can be
depicted multiple times. The slope of the trend line is 0.89 (R?
of 0.97), showing a strong correlation between the local
climate scenarios and their background GCMs, and revealing
a distinct cold bias.

Aside from mean signals, we also compare inter-annual
variability between the local scenarios and their background
GCMs. Supplementary figure 2 shows the temperature
anomalies to the reference period 1991-2020 for the two
ensembles. Each sample represents the values for single years
in a certain GWL period for all models that are part of the
respective ensemble. The data is grouped after GWL. There is
no systematic difference in inter-annual variability between
the OEKS15 models and their background GCMs, and distinct
shifts in the values between GWL groups. The cooling effect
is again visible in the shifted mean values at GWL3.0 and
GWLA4.0.

The previous analyses indicate that deriving GWLs for
local scenarios from their background GCMs is reasonable for
the examined case, based on strong correlations both in mean
signals and variability, and because of consistent regional
warming patterns in the GCM ensembles. The next section
highlights differences in GWLs between CMIP5 and CMIP6,
both on global and regional scale, and presents results of
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deriving GWLs for the local scenarios from a different GCM
ensemble.

Temperature signals in Austria relative to 1991-2020
for OEKS15 models vs. CMIP5 background models at four GWLs

45

40 oV =0.8%
R?=0.97

.
35
3.0 .

25

20

Temperature signal OEKS15 (°C)

0.0 05 1.0 15 20 25 3.0 35 4.0 45
Temperature signal backgound CMIPS GCM (°C)

Figure 2: Correlation between mean temperature signals of the
OEKS15 ensemble and their respective background GCM in Austria
at four GWLs. Each data point represents the mean temperature
change of a 20-year period at the time when a model crosses a
certain GWL, and the period 1991-2020. On the y-axis, temperature
signals of all OEKS15 models reaching the respective GWLs are
shown. The x-axis depicts the temperature signal of the associated
background GCM.

Shifting to different GCM ensembles

First, we examine the differences in the timing of crossing
a GWL for the three GCM ensembles, which are shown in
Figure 3 (a). To avoid the bias of each ensemble containing
different models (e.g. when a model crosses a certain GWL
only in CMIP6), here each group (similar colours) only
contains equivalent models driven by the same RCPs, with
SSP1-1.9 and SSP3-7.0 excluded entirely, and reach the same
GWL in all three ensembles. RCPs/SSPs contribute different
shares to the total uncertainty range of each ensemble. For
example, the share of models under RCP4.5 to the variability
of the full CMIPS5 ensemble is about twice as high as the other
RCPs at lower GWLs (see supplementary figure 3). Likewise,
at GWL2.0, the two middle SSPs (SSP2-4.5 and SSP3-7.0)
contribute twice as much variability as the other SSPs in
CMIP6 (see supplementary figure 4).

The background GCMs of OEKS15 cover the full CMIP5
ensemble range quite well at all GWLs (as also examplified in
supplementary figure 2). No statistically significant
differences are found for the two samples (p-values for two-
sided Student-t-tests: 0.4, 0.66, 0.71, and 0.28, respectively).
Between the full CMIP5 ensemble and CMIP6, the mean of
dates are significally different only for GWL1.5 and GWL4.0
(p-values for one-sided Student-t-tests: 0.02, 0.29, 0.14, and
0.10, respectively). The CMIP6 ensemble medians cross the
two lower GWLs later and the two higher GWLs earlier than
the CMIP5 ensemble medians. This indicates that the CMIP6
models examined in this study exhibit stronger warming
trends than their CMIP5 counterparts.
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The corresponding shifts in regional temperature signals
are shown in Figure 3 (b). The signals are defined as
differences between a models’ regional mean temperature at a
certain GWL (20-year average), and the mean temperature of
the reference period 1991-2020. At each GWL, the OEKS15
and the full CMIP5 ensemble are very similar (p-values for
two-sided Student-t-tests: 0.79, 0.6, 0.85, and 0.92,
respectively), while the temperature signal of the CMIP6
ensemble is shifted upwards, approximately to the 75
percentile of the full CMIP5 ensemble. In absolute terms, the
differences of ensemble medians (CMIP6-CMIP5) amount to
0.55 °C (GWLI.5 and GWL2.0), 0.49 °C (GWL3.0) and 0.22
°C (GWLA4.0). These differences are highly significant (p-
values for one-sided Student-t-tests: < 0.01 for GWLL1.5,
GWL2.0 and GWL3.0, and 0.06 for GWL4.0).

(a) Year of crossing GWLs: CMIP5 (OEKS15) vs. CMIPS5 (full ensemble) vs. CMIP6
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(b) Regional temperature signal (relative to 1991-2020) in Austria at four GWLs:
CMIP5 (OEKS15) vs. CMIP5 (full ensemble) vs. CMIP6
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Figure 3: Differences in the timing of models crossing four GWLs (a)
and in the corresponding regional temperature signals (b) between
CMIP5, CMIP6 and the subsample of CMIP5 used in OEKS15. The
boxes represent the interquartile range (25t-75t percentile) of the
ensembles and are grouped after GWL1.5 (blue), GWL2.0 (green),
GWL3.0 (orange) and GWL4.0 (grey). The ensemble median is
marked by a line inside the boxes. The number in brackets after each
legend entry indicates the number of models included. In subfigure
a), only models which are forced by the same RCP and reach the
same GWL in all three ensembles are shown.



Non-peer reviewed EarthArXiv preprint

These changes in regional temperature signals at certain
GWLs result from the different timing of GWL periods on the
global level, from different regional warming rates in the
models, and from the selected reference period. In that period,
the observed regional temperature (which the OEKSI15
scenarios are bias-adjusted to) is warmer than in the CMIP6
models, as shown in supplementary figure 1. Another
perspective can be gained by not relating the changes to a
fixed period, but to a GWL. In Figure 4 we show the
differences in regional temperature signals and warming rates
between CMIP5 and CMIP6, this time based on GWL1.0. The
figure highlights that the temperature changes between GWLs
are quite constant across both ensembles. The warming rates
are higher in CMIP6, which results in shorter time lags
between the periods. This relation of timing, warming rates
and temperature differences substantiates the hypothesis that
comparing climate conditions between GWLs is robust across
GCM ensembles and applicable not only on the global scale
(where the differences are defined), but also on the regional
level.
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(b) Regional temperature signals relative to GWL1.0 in Austria at four GWLs:
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Figure 4: Timing (a), regional temperature signals (b) and warming
rates (c) at four GWLs in comparison between CMIP5 and CMIP6. The
boxes represent the interquartile range (25th-75th percentile) of the
ensembles and are grouped after GWL1.5 (blue), GWL2.0 (green),
GWL3.0 (orange) and GWL4.0 (grey). The ensemble median is
marked by a line inside the boxes. The number in brackets after each
legend entry indicates the number of models included.
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In this study we proceed with the fixed reference period for
all ensembles, because many climate projection studies base
their analysis on the current climate normal period. We sample
GWL periods for each OEKS15 model by calculating when it
crosses the CMIP6 ensembles’ regional temperature signals
relative to 1991-2020 as described in subsection Reverse time
sampling GWL periods from different GCM ensembles. We
decided to preserve the cold bias found in the previous
subsection by scaling the CMIP6 temperature values with the
correlation coefficient of 0.89.
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Although the ensemble median of CMIP6 proved to be a
robust estimator for regional warming trends (see Figure 1),
we evaluate the uncertainties associated with choosing also
other percentiles to determine GWL periods. Figure 5
summarises those uncertainties for GWL1.5. For each model,
it shows the resulting range of years when sampling with the
10t 25%, 50% (median), 75" and 90" percentile of regional
temperature signals (scaled with the cooling factor).
Supplementary figure 5 shows the evaluation for the other
three GWLs.

Date of all OEKS15 models reaching the GWL1.5
for different percentiles of warming over Austria in the CMIP6 ensemble
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Figure 5: Uncertainties from choosing different percentiles of CMIP6
regional temperature signals to sample GWL periods. The periods
were determined for each OEKS15 model and the respective
percentiles at GWL1.5. Dark blue bars mark the date when each
model crosses the 25t and 75t percentile of CMIP6 temperature
signals. Light blue bars represent the date of crossing the 10th-25th
and 75t-90th percentile of CMIP6 temperature signals. The line in the
middle of the dark blue bars signifies the median.

The uncertainty range varies distinctly between the models,
but almost all medians lie within the first half of the 21%
century. The magnitude of the range depends mainly on the
specific temperature trends in the model: Stronger trends
around the threshold period lead to smaller uncertainty ranges.
Therefore, the number of models and their uncertainty range
are smaller for higher GWLs, because there only models with
stronger warming trends are selected.

Figure 6 compares GWL periods sampled from CMIP5 and
CMIP6 by showing the differences in timing between both
approaches for each OEKS15 model. Again, only models
where GWL periods could be sampled from both CMIP5 and
CMIP6 are included.
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Figure 6: Differences between GWL periods derived from CMIP5 and
CMIP6 for the OEKS15 ensemble. Values are years, shown for four
GWLs: GWL1.5 (blue), GWL2.0 (green), GWL3.0 (orange) and
GWILA4.0 (dark grey). Positive values show that the sampling period
derived for a certain GWL from CMIP6 is later than the one derived
from CMIP5.

Generally, the periods shift to a later time when sampling
GWLs with the CMIP6 ensemble median. On average, the
difference amounts to plus ten years over all models at the
three lower GWLs. At GWLA4.0, periods sampled with the
respective CMIP5 background models are five years earlier
than periods derived from CMIP6. Since the OEKS15 models
extend only until the end of the 21% century, there is an
arbitrary upper limit for sampling GWL periods with the
CMIP6 ensemble. This leads to a bias in favour of models with
higher temperature signals than the CMIP6 ensemble median
being shifted to earlier periods, because colder models can not
be shifted to periods past 2100 and drop from the selection.

Local climate change impacts at different GWLs

Climate impact indicators were calculated from the
OEKSIS5 climate scenarios to analyse how climate change
manifests at different GWLs, using periods sample from both
CMIP5 and CMIP6. As an example, extreme heat waves,
expressed as the annual number of days within Kysely periods
(Kysely et al., 2000), are shown in Figure 7. The figure shows
the average number of days in the reference period 1991-2020
(upper panel), and the changes from that period at GWLs
sampled from CMIP5 (middle panel) and CMIP6 (lower
panel). It highlights the importance of spatially disaggregated
information in addition to the regional averages shown above.
As an example, the Seewinkel region at the eastern border to
Hungary experience the highest number of heat waves in
today’s climate, and is also subject to the highest increase in
heat waves in the future. At GWL2.0, the annual number of
days within Kysely periods in Austria increases by upwards of
a week in the east and south-east and, distinctly noticable, in
the large Alpine valleys. Averaged over the whole study
domain, the number Kysely days increases by 1.1, in the
warmest regions by more than 3 when the local scenarios are
adjusted to GWLs from CMIP6. They also feature higher
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values most notably in the Danube valley in Lower and Upper
Austria, in the Vienna and Graz basins, in the warmer eastern
lowlands and in the western Alpine valleys. The comparisons
for the other GWLs are presented in suppementary figure 6.

Uncertainty for this indicator in terms of inter-annual and
model variability can be evaluated at desired locations.
Supplementary figure 7 compares the anomalies of the number
of days within Kysely periods in Vienna, Austria from the
reference period 1991-2020 for CMIP5- and CMIP6-derived
GWLs. Each box contains the values of all single years from
the respective subsample of OEKS15 models. Since some
models contain years with 0 values in most groups, the total
and interquartile ranges increase with each GWL, but remain
rather constant within the groups. The shift in the medians
reflect the differences that are shown at that location in Figure
7, with GWL4.0 being subject to the end-of-timeseries bias
described above.
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Figure 7: Changes of the annual number of days within Kysely
periods in Austria. The top panel shows the average number of days
for the reference period 1991-2020 as the median of all OEKS15
models. The lower two panels show the changes at GWL2.0 in CMIP5
(upper) and CMIP6 (lower) as the median of the respective model
ensemble (26 models), averaged over the 20-year sampling periods.
Numbers in boxes show the minimum, mean and maximum values
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of the spatial domain. The coordinate reference system is
EPSG:31287 (MGl / Austria Lambert).

Discussion

In this section, we delineate the implications of the results
for the three operational questions along which we approached
the main research question of this study.

First, that observed warming trends in Austria are
represented well in the two GCM ensembles. The ensemble
medians show divergent trends throughout the 20" century,
with CMIP6 exhibiting lower warming rates most of the time.
Recent studies suggest that anthropogenic aerosol forcing is
stronger in CMIP6 compared to CMIP5 (Menary et al., 2020),
but uncertainties about net radiative effects due to optical
properties, vertical distribution and cloud interaction of
aerosols remain high (Zhang et al., 2022; Fiedler et al., 2023).
However, especially in the decades since ~1980, where GHG
emissions are becoming the dominant driver of net radiative
forcing, the trends in the GCMs show a remarkable correlation
with the observations. This gives confidence in the skill of the
GCMs to correctly reproduce regional warming patterns under
GHG forcing. The assessment underlines the advantage of
using an ensemble of models, where random noise from
natural variability in single models is smoothed out over the
whole ensemble. It substantiates the approach to use the
ensemble median of regional temperature signals for shifting
GWL periods to CMIP6 in the OEKS15 scenarios. On the
other hand, it is suggested that the CMIP6 ensemble features
overall higher equilibrium climate sensitivity (ECS) (Zelinka
et al., 2020; McBride et al., 2021; Scafetta, 2022), which
might explain the catch-up and ultimate outpacing of CMIP5
trends around 1990, and hints at increased trends in the future.
We see this effect in the different timing of the ensembles to
cross the GWLs: CMIP6 lags behind at GWL1.5 and GWL2.0,
the two higher GWLs are crossed significantly earlier than in
CMIPS. Evaluation and categorisation of our selected CMIP6
ensemble according to ECS might warrant future research, but
is out of scope for this study.

OEKSI15 clearly underestimates observed temperature
trends in the past two decades. Since the models are bias-
adjusted to the observational data, and climate change signals
of the underlying EURO-CORDEX RCMs are preserved by
the downscaling method (Switanek et al., 2017), this deviation
from CMIPS trends has to happen in the RCMs. We assume it
results from the systematic changes introduced by the
dynamical downscaling in EURO-CORDEX, with higher-
resolved topography and processes as well as different
parametrisations, e.g. for convective precipitation, than in the
GCMs. From this perspective, the GCMs reproduce observed
trends more accurately than the local scenarios in Austria.
Consequently, the expected temperature trends in the near
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future are probably on the high end of the OEKS15 ensemble.
The cold bias shown in subsection Linking local scenarios to
background GCMs scales linearly with increased warming, so
it should not affect the future trend line.

Second, for future periods, the OEKS15 scenarios show
high correlations with their underlying CMIP5 GCMs, both in
terms of mean temperature signals and inter-annual
variability. This has mostly been overlooked by other studies
that link regional scenarios to GWLs, but might be relevant
especially when the dynamical downscaling in RCMs changes
the regional warming trends from the GCMs. If these altered
regional patterns were considered in the calculation of global
mean temperature, they might have an impact on the timing of
GWL periods. In the case of Austria, the correlations analysed
in this study give evidence that the warming trends between
the OEKS15 models and their background GCMs are
constant, and thus deriving GWLs from them for the local
scenarios is valid.

Third, the differences in regional temperature signals
shown in Figure 3 point out the need to consider shifts
between GCM versions. We demonstrate a method for
representing changes in GWL periods between GCM
ensembles in local climate scenarios. We use the CMIP6
ensemble medians of regional temperature signals relative to
1991-2020 at each GWL as treshold value, and look for the
earliest period where these values are crossed in the OEKS15
models. Since those temperature signals can vary considerably
within the GCM ensemble, we examine the sensitivity of each
OEKSI15 model to choosing different percentiles. Not all
models react equally, and the analysis might help selecting
models for GWL-specific evaluations.

The diverging trends in the historical period described
above also manifest in different absolute temperature
anomalies between CMIP5, CMIP6, and observations, as seen
in supplementary figure 1. The OEKSI1S5 scenarios are bias-
adjusted to the observational data in the period 1971-2000, and
the differences in absolute anomalies are addressed by
calculating deviations from the reference period always within
the same model, but the concept behind the GWLs highlights
another issue: Comparing fixed periods (with potentially
different climates across models) with fixed GWLs (with
conceptually similar climates across models). This is reflected
in Figure 4, where the temperature increments between GWLs
are similar in CMIP5 and CMIP6. In itself, this is not a
problem, but rather demonstrates the plausibility of the GWL
concept even on the local level. We therefore argue that it
depends on the application whether shifting to CMIP6-derived
GWLs is necessary for the OEKS15 scenarios: When looking
at the increments between GWLs, a shift from CMIP5 to
CMIP6 is not needed. It makes sense though when relating
temperature changes to a fixed period, because the changes
from that period to a certain GWL are probably different
between the GCM ensembles. Note however, that at GWL4.0
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a bias due to the end of the time series comes into play, where
only models with temperature signals higher than in CMIP6
can be shifted to earlier periods, but not the other way round.
In the case of OEKS1S5, shifting periods for GWL4.0 with our
approach is therefore not recommended.

An example for local climate impacts was presented in
Figure 7 and supplementary figure 6 with the indicator ‘days
in Kysely periods’, a proxy for the frequency of heat waves. It
shows the spatial variability and the differences when deriving
GWLs for the OEKS15 scenarios from CMIP5 and CMIP6,
and highlights the importance of spacially explicit information
for adaptation planning. As shown in supplementary figure 7,
the frequency of Kysely periods in Vienna increase by one
month on average in the climatic conditions of GWLA4.0,
relative to 1991-2020. These local impacts reinforce the call
to stabilise AT at the levels agreed in the Paris Agreement.

Conclusion

Taking up the main research question posed in this article,
we showed that linking local scenarios to GWLs is valid for
the study case. The GWL concept is plausible also on the
regional level, because the warming increments between
GWLs are constant regardless of emission scenario and even
GCM ensemble.

The medians of the examined GCM ensembles provide
good estimators for observed regional warming trends over the
past 130 years, especially in the period since 1990 where GHG
emissions are the dominant driver of effective radiative
forcing. For future periods, the local climate scenarios exhibit
similar changes and variability as their background GCMs,
conforming the connection between them that is needed to
derive GWL periods for the localised models.

Furthermore, it is possible to represent shifts that occur
between GCM versions in the local scenarios. Regional
temperature signals from the CMIP6 ensemble were matched
with those of the OEKSI15 scenarios to define new GWL
periods. This approach entails new uncertainties, which we
evaluated at GWL1.5, GWL2.0, GWL3.0, and GWL4.0 for
each model in the OEKSI15 ensemble. The shift amounts to
+10 years, averaged over those three GWLs and all models.
Shifting GWL periods to a different GCM ensemble might be
useful when temperature signals are related to a fixed
reference period, but biases ocurring at the end of the time
series can affect higher GWLs. For example, we recomment
not to shift the periods for GWL4.0 in the OEKS15 scenarios
to CMIP6. When changes between GWLs are of interest,
shifting GWL periods is not necessary for the CMIP5 and
CMIP6 ensembles examined in this study.

The local implications of GWL increments remain a highly
relevant scientific topic. We have demonstrated how
connections between local scenarios and GWLs can be
evaluated for temperature changes, and how the time gap
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between GCM version updates and available downscaled
scenarios could be bridged. The outcomes only cover a small
european country. Applying it to other regions, to different
climate parameters, further analysing the nature of changes
between GCM versions, and interpreting varied risks and
impacts along GWLs help tackle urgent questions and
knowledge gaps.
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Appendix: Supplementary Material

Regional temperature anomalies in Austria compared to 1850-1900
for two model ensembles (CMIP5, CMIP6) and HistAlp observational data
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Supplementary figure 1: Regional temperature anomalies for Austria in °C, relative to the period 1850-1900. Shown are observed annual
temperature anomalies (grey line) that were smoothed with a Gauss filter (black line), as well as model outputs from two model ensembles
(blue: CMIP5, purple: CMIP6). Ensemble means are shown as coloured solid lines, the ensemble spread as shaded areas. The transition of

the historical period to climate projections in CMIP5 and CMIP6 is portrayed as dashed lines. The horizontal grey line divides positive and
negative anomalies.
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Annual mean temperature anomalies in Austria relative to 1991-2020
for OEKS15 and CMIP5 background models at four GWLs
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Supplementary figure 2: Regional temperature anomalies for Austria in °C at four GWLs, relative to the period 1991-2020. Each group
compares data from the OEKS15 ensemble and the subsample of CMIP5 used in OEKS15. The boxes represent annual values for all ensemble
members.
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Year of crossing GWLs for three RCPs within the CMIP5 ensemble
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Supplementary figure 3: Differences in the timing of crossing GWL1.5 and GWL2.0 within the CMIP5 ensemble. Each group compares
subsamples of the ensemble that share the same driving RCP: RCP2.6, RCP4.5 and RCP8.5.
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Year of crossing GWLs for four SSPs within the CMIP6 ensemble
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Supplementary figure 4: Differences in the timing of crossing GWL1.5 and GWL2.0 within the CMIP6 ensemble. Each group compares
subsamples of the ensemble that share the same driving SSP: SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5.
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( ) Date of all OEKS15 models reaching the GWL2.0
for different percentiles of warming over Austria in the CMIP6 ensemble
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( ) Date of all OEKS15 models reaching the GWL3.0
for different percentiles of warming over Austria in the CMIP6 ensemble
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( ) Date of all OEKS15 models reaching the GWL4.0
for different percentiles of warming over Austria in the CMIP6 ensemble
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Supplementary figure 5: Uncertainties from choosing different percentiles of CMIP6 regional temperature signals to sample GWL periods.
The periods were determined for each OEKS15 model and the respective percentiles at GWL2.0 (a), GWL3.0 (b), and GWL4.0 (c). Dark blue
bars mark the date when each model crosses the 25th and 75th percentile of CMIP6 temperature signals. Light blue bars represent the date
of crossing the 10th-25th and 75th-90th percentile of CMIP6 temperature signals. The line in the middle of the dark blue bars signifies the
median.
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Mean annual number of days in Kysely periods

Reference period 1991-2020
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Supplementary figure 6: Changes of the annual number of days within Kysely periods in Austria. The top panel shows the average number
of days for the reference period 1991-2020 as the median of all OEKS15 models. The panels below show the different changes at GWL1.5
(a) and GWL3.0 (b) in CMIP5 (upper) and CMIP6 (lower) as the median of the respective model ensembles, averaged over the 20-year
sampling periods. Numbers in boxes show the minimum, mean and maximum values of the spatial domain. Note the different value ranges
used in the colour bars of subfigures (a) and (b). The coordinate reference system is EPSG:31287 (MGl / Austria Lambert).
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Change in annual number of days in Kysely periods in Vienna, AT

relative to 1991-2020
for CMIP5 and CMIP6 at four GWLs
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Ensembles grouped after GWL

Supplementary figure 7: Changes in the annual number of days in Kysely periods in Vienna, Austria, relative to the period 1991-2020 at four
GWLs. Each group compares data from the same subsample of the OEKS15 ensemble, with GWLs sampled from CMIP5 (left) and CMIP6
(right). The boxes represent annual values from all models in the respective subsample.
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Supplementary table 1: Model ensembles used in the study. The columns note the respective model’s name, driving emission scenario, membership to the ensembles described in the
article, sampled GWL period, and regional temperature signal over the study area relative to the period 1991-2020.

Part 1: GWL periods

Model name Emission scenario Part of ensemble GWL period (CMIP5) GWL period (CMIP6)

RCP SSP CMIP5 CMIP5 OEKS15 CMIP6 GWL1.0 GWL1.5 GWL2.0 GWL3.0 GWL4.0 GWL1.0 GWL1.5 GWL2.0 GWL3.0 GWL4.0

(OEKS15)

CanESM5_ssp119_r1ilplfl_gn ssp119 X 1990-2009 | 2003-2022 | 2015-2034
IPSL-CM6A-LR_ssp119_r1ilp1fl_gr ssp119 X 1993-2012 2009-2028 2028-2047
BCC-CSM2-MR_ssp126_r1ilp1fl_gn ssp126 X 2009-2028 | 2032-2051
CNRM-CM6-1-HR_ssp126_rlilp1f2_gr ssp126 X 1994-2013 2008-2027 2021-2040
CNRM-CM6-1_ssp126_rlilp1f2_gr ssp126 X 2003-2022 | 2018-2037 | 2050-2069
CanESM5_ssp126_rlilplfl_gn ssp126 X 1990-2009 | 2004-2023 | 2017-2036
EC-Earth3_ssp126_rlilplfl_gr ssp126 X 1999-2018 | 2013-2032 | 2034-2053
HadGEM3-GC31-LL_ssp126_rlilp1f3_gn ssp126 X 2000-2019 2012-2031 2028-2047
HadGEM3-GC31- ssp126 X 2006-2025 2019-2038 2031-2050
MM_ssp126_rlilp1f3_gn
IPSL-CM5A2-INCA_ssp126_rlilp1fl_gr ssp126 X 1987-2006 2002-2021 2020-2039 2047-2066 2069-2088
IPSL-CM6A-LR_ssp126_r1ilp1fl_gr ssp126 X 1993-2012 2010-2029 2029-2048
MPI-ESM1-2-LR_ssp126_r1ilp1fl_gn ssp126 X 2002-2021 | 2033-2052
BCC-CSM2-MR_ssp245_r1ilp1fl_gn ssp245 X 2009-2028 2026-2045 2048-2067
CNRM-CM6-1-HR_ssp245_rlilp1f2_gr ssp245 X 1994-2013 2010-2029 2024-2043 2053-2072
CNRM-CM6-1_ssp245_rlilplf2_gr ssp245 X 2004-2023 2021-2040 2039-2058 2075-2094
CanESM5_ssp245_rlilp1fl_gn ssp245 X 1990-2009 2004-2023 2015-2034 2040-2059 2074-2093
EC-Earth3_ssp245_rlilp1fl_gr ssp245 X 1999-2018 2013-2032 2035-2054 2076-2095
GFDL-CM4_ssp245_rlilp1fl_grl ssp245 X 2006-2025 2022-2041 2040-2059
GFDL-CM4_ssp245_rlilp1fl_gr2 ssp245 X 2006-2025 2022-2041 2040-2059
HadGEM3-GC31-LL_ssp245_rlilp1f3_gn ssp245 X 2000-2019 2010-2029 2024-2043 2052-2071
IPSL-CM6A-LR_ssp245_r1ilp1fl_gr ssp245 X 1993-2012 2009-2028 2024-2043 2056-2075
MPI-ESM1-2-LR_ssp245_rl1ilp1fl_gn ssp245 X 2003-2022 2027-2046 2048-2067
NorESM2-LM_ssp245_r1ilplfl_gn $5p245 X 2020-2039 | 2046-2065 | 2076-2095
NorESM2-MM_ssp245_r1ilp1fl_gn $5p245 X 2019-2038 | 2037-2056 | 2069-2088
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BCC-CSM2-MR_ssp370_r1ilp1fl_gn ssp370 X 2008-2027 2023-2042 2037-2056 2065-2084
CNRM-CM6-1-HR_ssp370_rlilp1f2_gr ssp370 X 1994-2013 2010-2029 2023-2042 2048-2067 2067-2086
CNRM-CM6-1_ssp370_rlilplf2_gr ssp370 X 2004-2023 2023-2042 2036-2055 2057-2076 2074-2093
CanESM5_ssp370_rlilp1fl_gn ssp370 X 1990-2009 2004-2023 2014-2033 2034-2053 2050-2069
EC-Earth3_ssp370_rlilp1fl_gr ssp370 X 1999-2018 2013-2032 2029-2048 2054-2073 2075-2094
IPSL-CM5A2-INCA_ssp370_rlilp1fl_gr ssp370 X 1987-2006 2002-2021 2021-2040 2049-2068 2070-2089
IPSL-CM6A-LR_ssp370_r1ilp1fl_gr ssp370 X 1993-2012 2010-2029 2025-2044 2046-2065 2067-2086
MPI-ESM1-2-LR_ssp370_rl1ilp1fl_gn ssp370 X 2004-2023 2026-2045 2043-2062 2069-2088
NorESM2-LM_ssp370_r1ilp1fl_gn ssp370 X 2023-2042 | 2042-2061 | 2060-2079
NorESM2-MM_ssp370_r1ilp1fl_gn ssp370 X 2022-2041 2037-2056 2053-2072 2081-2100
BCC-CSM2-MR_ssp585_r1ilp1fl_gn ssp585 X 2008-2027 2021-2040 2034-2053 2056-2075
CNRM-CM6-1-HR_ssp585_rlilp1f2_gr ssp585 X 1994-2013 2009-2028 2020-2039 2042-2061 2057-2076
CNRM-CM6-1_ssp585_rlilplf2_gr ssp585 X 2004-2023 2019-2038 2031-2050 2049-2068 2063-2082
CanESM5_ssp585_rlilp1fl_gn ssp585 X 1990-2009 2003-2022 2013-2032 2031-2050 2045-2064
EC-Earth3_ssp585_rlilp1fl_gr ssp585 X 1999-2018 2015-2034 2026-2045 2048-2067 2064-2083
GFDL-CM4_ssp585_rlilp1fl_grl ssp585 X 2005-2024 2020-2039 2032-2051 2050-2069 2070-2089
GFDL-CM4_ssp585_rlilp1fl_gr2 ssp585 X 2005-2024 2020-2039 2032-2051 2050-2069 2070-2089
HadGEM3-GC31-LL_ssp585_rlilp1f3_gn ssp585 X 2000-2019 2011-2030 2021-2040 2038-2057 2054-2073
HadGEM3-GC31- ssp585 X 2004-2023 2016-2035 2025-2044 2040-2059 2055-2074
MM_ssp585_rlilp1f3_gn

IPSL-CM6A-LR_ssp585_r1ilp1fl_gr ssp585 X 1993-2012 2009-2028 2025-2044 2041-2060 2057-2076
MPI-ESM1-2-LR_ssp585_rl1ilp1fl_gn ssp585 X 2003-2022 2025-2044 2039-2058 2062-2081
NorESM2-LM_ssp585_rlilp1fl_gn ssp585 X 2014-2033 2033-2052 2047-2066 2068-2087
NorESM2-MM_ssp585_rlilp1fl_gn ssp585 X 2016-2035 2030-2049 2045-2064 2067-2086
CNRM-CM5_rcp26_rlilpl rcp26 X 2003-2022 | 2034-2053

CanESM2_rcp26_rlilpl rcp26 X 1992-2011 2004-2023 2024-2043

EC-EARTH_rcp26_r12ilpl rcp26 X X 1994-2013 2014-2033

HadGEM2-ES_rcp26_rlilpl rcp26 X X 2001-2020 2014-2033

IPSL-CM5A-LR_rcp26_rlilpl rcp26 X 1985-2004 2001-2020 2022-2041

IPSL-CM5A-MR_rcp26_rlilpl rcp26 X 1992-2011 2006-2025 2037-2056
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MPI-ESM-LR_rcp26_rlilpl rcp26 X 1994-2013 2013-2032

MPI-ESM-LR_rcp26_r2ilpl rcp26 X 1989-2008 2007-2026

NorESM1-ME_rcp26_rlilpl rcp26 2008-2027 | 2075-2094

bec-csm1-1-m_rcp26_rlilpl rcp26 1986-2005 2002-2021 2034-2053

bcc-csm1-1_rep26_rlilpl rcp26 1988-2007 2013-2032

CNRM-CM5_rcp45_rlilpl rcp45 X 2002-2021 2028-2047 2049-2068

CanESM2_rcp45_rlilpl rcp45 1993-2012 2008-2027 2022-2041 2066-2085
EC-EARTH_rcp45_r12ilpl rcp45 X 1994-2013 2013-2032 2035-2054

EC-EARTH_rcp45_rlilpl rcp45 X 1993-2012 2013-2032 2035-2054

HadGEM2-ES_rcp45_rlilpl rcp45 X 2002-2021 2019-2038 2034-2053 2069-2088
IPSL-CM5A-LR_rcp45_rlilpl rcp45 1985-2004 2004-2023 2021-2040 2060-2079
IPSL-CM5A-MR_rcp45_rlilpl rcp45 X 1992-2011 2007-2026 2024-2043 2068-2087
MPI-ESM-LR_rcp45_rlilpl rcp45 X 1993-2012 2013-2032 2035-2054

NorESM1-ME_rcp45_rlilpl rcp45 2008-2027 2032-2051 2058-2077

NorESM1-M_rcp45_rlilpl rcp45 2009-2028 2030-2049 2064-2083

bec-csm1-1-m_rcp45_rlilpl rcp45 1986-2005 2002-2021 2025-2044

bee-csm1-1_rcp4d5_rlilpl rcp45 1988-2007 2012-2031 2034-2053

CNRM-CM5_rcp85_rlilpl rcp85 X 2002-2021 2021-2040 2036-2055 2058-2077 2078-2097
CanESM2_rcp85_rlilpl rcp85 1991-2010 2004-2023 2017-2036 2040-2059 2059-2078
EC-EARTH_rcp85_r12ilpl rcp85 X 1994-2013 2009-2028 2025-2044 2051-2070
EC-EARTH_rcp85_rlilpl rcp85 X 1992-2011 2010-2029 2026-2045 2052-2071 2073-2092
GFDL-CM3_rcp85_rlilpl rcp85 2001-2020 2013-2032 2025-2044 2045-2064 2061-2080
HadGEM2-ES_rcp85_rlilpl rcp85 X 2000-2019 2014-2033 2026-2045 2045-2064 2062-2081
IPSL-CM5A-LR_rcp85_rlilpl rcp85 1985-2004 2001-2020 2017-2036 2038-2057 2056-2075
IPSL-CM5A-MR_rcp85_rlilpl rcp85 X 1992-2011 2006-2025 2021-2040 2041-2060 2057-2076
MPI-ESM-LR_rcp85_rlilpl rcp85 X 1993-2012 2008-2027 2028-2047 2052-2071 2072-2091
NorESM1-ME_rcp85_rlilpl rcp85 2003-2022 2024-2043 2038-2057 2060-2079
NorESM1-M_rcp85_rlilpl rcp85 2007-2026 2023-2042 2040-2059 2064-2083
bec-csm1-1-m_rcp85_rlilpl rcp85 1986-2005 2001-2020 2019-2038 2050-2069 2076-2095
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bee-csm1-1_rep85_rlilpl rcp85 1988-2007 2010-2029 2027-2046 2050-2069 2074-2093

CNRM-CERFACS-CNRM- rcp45 X 2028-2047 2049-2068 2045-2064 2057-2076
CM5_rcp45_rlilpl_CLMcom-CCLM4-8-

17

CNRM-CERFACS-CNRM- rcp45 X 2028-2047 2049-2068 2039-2058 2047-2066
CM5_rcp45_r1ilpl_CNRM-ALADINS3

CNRM-CERFACS-CNRM- rcp45 X 2028-2047 2049-2068 2036-2055 2047-2066

CM5_rcp45_rlilpl SMHI-RCA4

CNRM-CERFACS-CNRM- rcp85 X 2021-2040 2036-2055 2058-2077 2078-2097 2032-2051 2045-2064 2064-2083
CM5_rep85_rlilpl_CLMcom-CCLM4-8-

17

CNRM-CERFACS-CNRM- rcp85 X 2021-2040 2036-2055 2058-2077 2078-2097 2027-2046 2037-2056 2056-2075 2072-2091
CM5_rcp85_rlilpl_CNRM-ALADINS3

CNRM-CERFACS-CNRM- rcp85 X 2021-2040 2036-2055 2058-2077 2078-2097 2022-2041 2035-2054 2051-2070 2067-2086
CM5_rcp85_rlilpl_SMHI-RCA4

HadGEM2-ES_rcp26_rlilpl_SMHI-RCA4 rcp26 X 2014-2033 2011-2030 2044-2063
HadGEM2-ES_rcp45_rlilpl_CLMcom- rcp45 X 2019-2038 2034-2053 2069-2088 2015-2034 2030-2049 2054-2073

CCLM4-8-17

HadGEM2-ES_rcp45_rlilpl_SMHI-RCA4 rcp45 X 2019-2038 2034-2053 2069-2088 2017-2036 2033-2052 2060-2079
HadGEM2-ES_rcp85_rlilpl_CLMcom- rcp85 X 2014-2033 2026-2045 2045-2064 2062-2081 2009-2028 2023-2042 2045-2064 2056-2075
CCLM4-8-17

HadGEM2-ES_rcp85_rlilpl_SMHI-RCA4 rcp85 X 2014-2033 2026-2045 2045-2064 2062-2081 2009-2028 2024-2043 2046-2065 2057-2076
ICHEC-EC- rcp26 X 2014-2033

EARTH_rcp26_r12ilpl_CLMcom-CCLM4-

8-17

ICHEC-EC-EARTH_rcp26_r12ilp1_KNMI- rcp26 X 2014-2033 2040-2059

RACMO22E

ICHEC-EC-EARTH_rcp26_r12ilpl_SMHI- rcp26 X 2014-2033 2027-2046

RCA4

ICHEC-EC-EARTH_rcp26_r3ilpl_DMI- rcp26 X 2014-2033

HIRHAMS5

ICHEC-EC- rcp45 X 2013-2032 2035-2054 2039-2058 2050-2069
EARTH_rcp45_r12ilpl_CLMcom-CCLM4-

8-17

ICHEC-EC-EARTH_rcp45_r12ilpl_SMHI- rcp45 X 2013-2032 2035-2054 2022-2041 2042-2061

RCA4

ICHEC-EC-EARTH_rcp45_rlilpl_KNMI- rcp45 X 2013-2032 2035-2054 2021-2040 2055-2074

RACMO22E

ICHEC-EC-EARTH_rcp45_r3ilpl_DMI- rcp45 X 2013-2032 2035-2054 2028-2047 2062-2081

HIRHAMS5

ICHEC-EC- rcp85 X 2009-2028 2025-2044 2051-2070 2031-2050 2043-2062 2066-2085 2079-2098
EARTH_rcp85_r12ilpl_CLMcom-CCLM4-

8-17

ICHEC-EC-EARTH_rcp85_r12ilpl_SMHI- rcp85 X 2009-2028 2025-2044 2051-2070 2018-2037 2030-2049 2049-2068 2066-2085
RCA4

ICHEC-EC-EARTH_rcp85_rlilpl_KNMI- rcp85 X 2010-2029 2026-2045 2052-2071 2073-2092 2020-2039 2048-2067 2063-2082 2073-2092
RACMO22E

ICHEC-EC-EARTH_rcp85_r3ilpl_DMI- rcp85 X 2010-2029 2026-2045 2052-2071 2073-2092 2019-2038 2042-2061 2067-2086

HIRHAMS5

IPSL-IPSL-CM5A-MR_rcp45_rlilpl_IPSL- rcp45 X 2007-2026 2024-2043 2068-2087 2028-2047 2060-2079

INERIS-WRF331F

IPSL-IPSL-CM5A- rcp45 X 2007-2026 2024-2043 2068-2087 2027-2046 2037-2056
MR_rcp45_rlilpl_SMHI-RCA4

IPSL-IPSL-CM5A-MR_rcp85_r1ilpl_IPSL- rcp85 X 2006-2025 2021-2040 2041-2060 2057-2076 2041-2060 2048-2067 2062-2081
INERIS-WRF331F
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IPSL-IPSL-CM5A- rcp85 X 2006-2025 2021-2040 2041-2060 2057-2076 2025-2044 2032-2051 2047-2066 2058-2077
MR_rcp85_rlilpl_SMHI-RCA4
MPI-M-MPI-ESM-LR_rcp26_rlilpl_MPI- rcp26 X 2013-2032 2029-2048
CSC-REM02009
MPI-M-MPI-ESM- rcp26 X 2013-2032 2016-2035 2031-2050
LR_rcp26_r1ilpl_SMHI-RCA4
MPI-M-MPI-ESM-LR_rcp26_r2i1p1_MPI- rcp26 X 2007-2026
CSC-REM02009
MPI-M-MPI-ESM- rcp45 X 2013-2032 2035-2054 2029-2048 2078-2097
LR_rcp45_rlilpl_CLMcom-CCLM4-8-17
MPI-M-MPI-ESM- rcp45 X 2013-2032 2035-2054 2023-2042 2060-2079
LR_rcp45_r1ilpl_SMHI-RCA4
MPI-M-MPI-ESM- rcp85 X 2008-2027 2028-2047 2052-2071 2072-2091 2034-2053 2041-2060 2066-2085 2081-2100
LR_rcp85_rlilpl_CLMcom-CCLM4-8-17
MPI-M-MPI-ESM- rcp85 X 2008-2027 2028-2047 2052-2071 2072-2091 2028-2047 2039-2058 2057-2076 2068-2087
LR_rcp85_r1ilpl_SMHI-RCA4
Part 2: Regional temperature signals
Model name Emission scenario Part of ensemble Regional temperature signal (1991-2020)
RCP SSP CMIP5 CMIP5 OEKS15 CMIP6 GWL1.0 GWL1.5 GWL2.0 GWL3.0 GWL4.0
(OEKS15)
CanESM5_ssp119_rlilp1fl_gn ssp119 X -0.282 0.393 1.125
IPSL-CM6A-LR_ssp119_r1ilp1fl_gr ssp119 X -0.135 0.545 1.300
BCC-CSM2-MR_ssp126_rlilp1fl_gn ssp126 X 0.523 0.508
CNRM-CM6-1-HR_ssp126_rlilp1f2_gr ssp126 X -0.160 0.714 0.943
CNRM-CM6-1_ssp126_r1ilp1f2_gr ssp126 X 0.127 0.684 1.493
CanESM5_ssp126_rlilp1fl_gn ssp126 X -0.178 0.448 0.918
EC-Earth3_ssp126_rlilp1fl_gr sspl26 X 0.339 0.960 1.907
HadGEM3-GC31-LL_ssp126_r1ilp1f3_gn ssp126 X 0.403 0.677 1.221
HadGEM3-GC31- ssp126 X 0.354 0.840 1.705
MM_ssp126_rlilp1f3_gn
IPSL-CM5A2-INCA_ssp126_rlilp1fl_gr ssp126 X -0.149 0.229 0.945 1.960 3.510
IPSL-CM6A-LR_ssp126_r1ilp1fl_gr ssp126 X -0.152 0.486 0.994
MPI-ESM1-2-LR_ssp126_r1lilp1fl_gn ssp126 X 0.154 1.447
BCC-CSM2-MR_ssp245_r1ilp1fl_gn ssp245 X 0.490 1.248 1.790
CNRM-CM6-1-HR_ssp245_r1ilp1f2_gr ssp245 X -0.162 0.659 1.279 2.466
CNRM-CM6-1_ssp245_r1ilp1f2_gr ssp245 X 0.318 0.792 0.946 1.928
CanESMS5_ssp245_r1ilp1fl_gn ssp245 X -0.161 0.400 1.078 2.499 3.465
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EC-Earth3_ssp245_r1ilp1fl_gr ssp245 X 0.334 0.949 1.919 2474
GFDL-CM4_ssp245_rlilp1fl_grl ssp245 X 0.662 0.997 1.677
GFDL-CM4_ssp245_rlilp1fl_gr2 ssp245 X 0.660 0.983 1.656
HadGEM3-GC31-LL_ssp245_rlilp1f3_gn ssp245 X 0.456 1.030 1.516 2.647
IPSL-CM6A-LR_ssp245_rlilp1fl_gr ssp245 X -0.106 0.525 1.445 2.763
MPI-ESM1-2-LR_ssp245_r1ilp1fl_gn ssp245 X 0.192 1.163 1.619
NorESM2-LM_ssp245_rlilp1fl_gn ssp245 X 0.804 1.653 2.160
NorESM2-MM_ssp245_r1ilp1fl_gn ssp245 X 0.578 1.477 1.930
BCC-CSM2-MR_ssp370_r1ilp1fl_gn ssp370 X 0.315 0.992 2.031 3.158
CNRM-CM6-1-HR_ssp370_r1ilp1f2_gr ssp370 X 0.005 0.386 1.177 2.045 3.347
CNRM-CM6-1_ssp370_r1ilp1f2_gr ssp370 X 0.169 0.723 1.246 2.349 3.535
CanESM5_ssp370_r1ilpifl_gn ssp370 X -0.147 0.371 1.112 2.292 3.810
EC-Earth3_ssp370_r1ilp1fl_gr ssp370 X 0.347 1.121 1.872 3.156 4.225
IPSL-CM5A2-INCA_ssp370_rlilp1fl_gr ssp370 X -0.158 0.278 0.949 1.997 3.264
IPSL-CM6A-LR_ssp370_rlilp1fl_gr ssp370 X -0.184 0.721 1.395 2.330 3.457
MPI-ESM1-2-LR_ssp370_r1ilp1fl_gn ssp370 X 0.173 1.033 1.783 3.009
NorESM2-LM_ssp370_rlilp1fl_gn ssp370 X 1.159 1.479 2.139
NorESM2-MM_ssp370_r1ilp1fl_gn ssp370 X 0.512 1.324 2.219 3.669
BCC-CSM2-MR_ssp585_r1ilp1fl_gn ssp585 X 0.313 1.106 1.984 3.310
CNRM-CM6-1-HR_ssp585_r1ilp1f2_gr ssp585 X -0.109 0.701 0.999 2.761 3.506
CNRM-CM6-1_ssp585_rlilp1f2_gr ssp585 X 0.209 0.964 1.375 2.569 3.627
CanESM5_ssp585_r1ilplfl_gn ssp585 X -0.222 0.403 0.997 2337 3.477
EC-Earth3_ssp585_r1ilp1fl_gr ssp585 X 0.376 1.226 1.990 3.186 4.451
GFDL-CM4_ssp585_rlilp1fl_grl ssp585 X 0.492 1.148 1.928 3.001 4.433
GFDL-CM4_ssp585_rlilp1fl_gr2 ssp585 X 0.498 1.130 1.907 2.973 4.389
HadGEM3-GC31-LL_ssp585_rlilp1f3_gn ssp585 X 0.429 0.895 1.444 2.555 3.775
HadGEM3-GC31- ssp585 X 0.469 1.069 1.576 2.728 4.032
MM_ssp585_rlilp1f3_gn

IPSL-CM6A-LR_ssp585_rlilp1fl_gr ssp585 X -0.147 0.431 1.203 2.656 4.126
MPI-ESM1-2-LR_ssp585_r1ilp1fl_gn ssp585 X 0.298 1.004 1.240 2.847
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NorESM2-LM_ssp585_r1ilp1fl_gn ssp585 X 0.765 1.391 1.788 3.302
NorESM2-MM_ssp585_r1ilp1fl_gn ssp585 X 0.691 1.456 2.056 3.338
CNRM-CM5_rcp26_rlilpl rcp26 0.229 0.837

CanESM2_rcp26_rlilpl rcp26 -0.187 0.318 0.967

EC-EARTH_rcp26_r12ilpl rcp26 X 0.036 0.159

HadGEM2-ES_rcp26_rlilpl rcp26 X 0.252 1.365

IPSL-CM5A-LR_rcp26_rlilpl rcp26 -0.555 0.367 0.895
IPSL-CM5A-MR_rcp26_rlilpl rcp26 -0.132 0.388 0.890

MPI-ESM-LR_rcp26_rlilpl rcp26 X -0.076 0.562

MPI-ESM-LR_rcp26_r2ilpl rcp26 X -0.263 0.571

NorESM1-ME_rcp26_rlilpl rcp26 0.376 1.418

bec-csm1-1-m_rcp26_rlilpl rcp26 -0.180 0.245 0.871

bec-csm1-1_rep26_rlilpl rcp26 0.028 0.466

CNRM-CM5_rcp45_rlilpl rcp4s X 0.289 0.633 1.611

CanESM2_rcp45_rlilpl rcp4s -0.051 0.413 0.817 1.818
EC-EARTH_rcp45_r12ilpl rcp4s X -0.059 0.379 0.862

EC-EARTH_rcp45_rlilpl rcp4s X 0.039 0.457 0.625

HadGEM2-ES_rcp45_rlilpl rcp45s X 0.407 1.288 1.999 2.858
IPSL-CM5A-LR_rcp45_rlilpl rcp45s -0.454 0.269 0.803 1.939
IPSL-CM5A-MR_rcp45_rlilpl rcp45s X -0.162 0.366 0.834 2.131
MPI-ESM-LR_rcp45_rlilpl rcp4s X 0.028 0.271 0.999

NorESM1-ME_rcp45_rlilpl rcp4s 0.530 1.048 1.428

NorESM1-M_rcp45_rlilpl rcp4s 0.336 1.271 1.852

bec-csm1-1-m_rcp45_rlilpl rcp45 -0.173 0.264 0.590

bec-csm1-1_rcp4d5_rlilpl rcp45 -0.042 0.242 1.001

CNRM-CM5_rcp85_rlilpl rcp85 X 0.155 0.806 1.572 2.605 3.846
CanESM2_rcp85_rlilpl rcp85 -0.135 0.300 0.738 1.877 3.276
EC-EARTH_rcp85_r12ilpl rcp85 X -0.028 0.320 0.942 1.939
EC-EARTH_rcp85_rlilpl rcp85 X -0.099 0.331 0.901 1.503 2.919
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GFDL-CM3_rcp85_rlilpl rcp85 0.484 1.255 1.881 3.317 4.914
HadGEM2-ES_rcp85_rlilpl rcp85 X 0.222 1.252 1.653 2.855 4.262
IPSL-CM5A-LR_rcp85_rlilpl rcp85 -0.376 0.277 0.977 2.167 3.411
IPSL-CM5A-MR_rcp85_rlilpl rcp85 X -0.222 0.456 0.702 2.007 3.207
MPI-ESM-LR_rcp85_rlilpl rcp85 X -0.120 0.281 0.894 2.134 3.255
NorESM1-ME_rcp85_rlilpl rcp8s 0.277 0.691 1.391 2.523
NorESM1-M_rcp85_rlilpl rcp8s 0.112 0.781 1.165 2.510
bec-csm1-1-m_rcp85_rlilpl rcp85 -0.158 0.197 0.852 2.722 3.575
bec-csm1-1_rcp85_rlilpl rcp85 -0.188 0.256 1.415 2.260 3.838
CNRM-CERFACS-CNRM- rcp45s X 0.356 1.116
CM5_rcp45_rlilpl_CLMcom-CCLM4-8-

17

CNRM-CERFACS-CNRM- rcp45s X 0.428 1.427
CM5_rcp45_r1ilpl_CNRM-ALADINS3

CNRM-CERFACS-CNRM- rcp45s X 0.522 1.463
CM5_rcp45_rlilpl_SMHI-RCA4

CNRM-CERFACS-CNRM- rcp85 X 0.505 1.047 2.019 3.010
CM5_rep85_rlilpl_CLMcom-CCLM4-8-

17

CNRM-CERFACS-CNRM- rcp85 X 0.783 1.218 2.609 3.599
CM5_rcp85_r1ilpl_CNRM-ALADINS3

CNRM-CERFACS-CNRM- rcp85 X 0.799 1.438 2.781 3.967
CM5_rcp85_rlilpl_SMHI-RCA4

HadGEM2-ES_rcp26_rlilpl_SMHI-RCA4 rcp26 X 1.033

HadGEM2-ES_rcp45_r1ilpl_CLMcom- rcp4s X 0.966 1.667 2.416

CCLM4-8-17

HadGEM2-ES_rcp45_rlilpl_SMHI-RCA4 rcp4s X 0.979 1.430 2518
HadGEM2-ES_rcp85_rl1ilpl_CLMcom- rcp8s X 0.974 1.371 2.414 3.663
CCLM4-8-17

HadGEM2-ES_rcp85_rlilpl_SMHI-RCA4 rcp85 X 0.988 1.272 2.268 3.544
ICHEC-EC- rcp26 X 0.091

EARTH_rcp26_r12ilpl_CLMcom-CCLM4-

8-17

ICHEC-EC-EARTH_rcp26_r12i1p1_KNMI- rcp26 X 0.295

RACMO22E

ICHEC-EC-EARTH_rcp26_r12i1p1_SMHI- rcp26 X 0.457

RCA4

ICHEC-EC-EARTH_rcp26_r3ilpl_DMI- rcp26 X -0.017

HIRHAMS5

ICHEC-EC- rcp45s X 0.383 0.779
EARTH_rcp45_r12ilpl_CLMcom-CCLM4-

8-17

ICHEC-EC-EARTH_rcp45_r12i1p1_SMHI- rcp4s X 0.485 1.144

RCA4

ICHEC-EC-EARTH_rcp45_r1ilpl_KNMI- rcp4s X 0.567 0.836

RACMO22E
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ICHEC-EC-EARTH_rcp45_r3ilpl_DMI- rcp4s X 0.271 1.127

HIRHAMS5

ICHEC-EC- rcp85 X 0.235 0.701 1.761
EARTH_rcp85_r12ilpl_CLMcom-CCLM4-

8-17

ICHEC-EC-EARTH_rcp85_r12i1p1_SMHI- rcp8s X 0.435 1.200 2.634

RCA4

ICHEC-EC-EARTH_rcp85_rlilpl_KNMI- rcp85 X 0.506 0.985 1.526 3.251
RACMO22E

ICHEC-EC-EARTH_rcp85_r3ilpl_DMI- rcp85 X 0.518 1.000 1.785 2.843
HIRHAMS5

IPSL-IPSL-CM5A-MR_rcp45_rlilpl_IPSL- rcp45s X 0.183 0.706 1.762
INERIS-WRF331F

IPSL-IPSL-CM5A- rcp45s X 0.352 0.746 2.193
MR_rcp45_rlilpl_SMHI-RCA4

IPSL-IPSL-CM5A-MR_rcp85_r1ilpl_IPSL- rcp85 X 0.409 0.164 0.920 2.122
INERIS-WRF331F

IPSL-IPSL-CM5A- rcp85 X 0.487 0.694 2.089 3.178
MR_rcp85_rlilpl_SMHI-RCA4

MPI-M-MPI-ESM-LR_rcp26_r1ilpl_MPI- rcp26 X 0.442

CSC-REM02009

MPI-M-MPI-ESM- rcp26 X 0.605

LR_rcp26_rlilpl_SMHI-RCA4

MPI-M-MPI-ESM-LR_rcp26_r2i1pl_MPI- rcp26 X 0.586

CSC-REM02009

MPI-M-MPI-ESM- rcp45s X 0.174 0.793
LR_rcp45_rlilpl_CLMcom-CCLM4-8-17

MPI-M-MPI-ESM- rcp45s X 0.263 1.061

LR_rcp45_rlilpl_SMHI-RCA4

MPI-M-MPI-ESM- rcp85 X 0.291 0.732 1.771 2.794
LR_rcp85_r1ilpl_CLMcom-CCLM4-8-17

MPI-M-MPI-ESM- rcp85 X 0.260 0.866 2.135 3.496
LR_rcp85_rlilpl_SMHI-RCA4
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