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1. INTRODUCTION

The focus of this report is threefold. The first focal point comprises the selection of ensembles of
GCM runs driven with different climate scenarios based on a strict quality control. Secondly, the
identified ensembles of large-scale scenarios simulated with global climate models at the world's
largest data centers are downscaled to the spatial scale needed for risk assessment in the target
regions South Tyrol and East Tyrol/Carinthia using the analog method. This step ensures the physical
consistency of the ensembles of regional scale climate change projections associated with the con-
sidered SSPs. The third focus lies on the derivation of so-called Hazard Development Corridors
(HDCs). These corridors indicate potential trends in future vulnerability (threat levels) to which sus-
tainable conservation strategies and adaptation measures should be aligned. Future changes in haz-
ard potentials generally turn out differently for different damaging processes, categories, regions,
as well as pathways of humanity. The two time horizons considered are near future (2036-2065), as
well as far future (2071-2100). Based on the Hazard Development Corridors, the potential impact
per category can be estimated in terms of frequency changes of potentially damaging weather
events.

HDCs are calculated based on the Hazard Trigger Patterns found for two damage event categories
(floods and mass movements) in the two target regions South Tyrol (hereafter referred to as “ST”)
and East Tyrol — Carinthia (hereafter called “ET_C”) for the four seasons DJF, MAM, JJA and SON.
We derive HTPs via blending damage data with exact temporal and spatial information with mete-
orological datasets. For the detailed methodology, refer to Deliverable 2.1.

Figures 1 and 2 provide examples for derived hazard trigger patterns during summer months in the
target region East Tyrol — Carinthia for the hazard category “flood” and “mass_movement, respec-
tively.
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Fig. 1: Hazard Trigger Patterns for the hazard category , Floods” in the target region , East Tyrol — Carinthia“. a) depicts
the region of interest, b) a histogram, showing the precipitation sum of the eight days before an event, c) the three
leading EOFs, depicting the preceding weather sequence, and d) the scree plot examining the explained variances of

the EOFs.
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Hazard Trigger Patterns for mass_movement ET_C JJA
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Fig. 2: Hazard Trigger Patterns fort he hazard category ,,Mass Movement” in the target region ,East Tyrol - Carinthia“.
See Fig. 1 for a description of the figure layout and content.

Results of D2.1 indicate that derived hazard trigger patterns tied to each single hazard-category-
region-season combination are unique and significant, even though there are still some similarities
across those combinations. Possible combinations of category, hazard and seasons total up to 16
distinct hazard trigger patterns. These are now used to investigate their potential changes in occur-
rence in terms of frequency until the end of the century with respect to different pathways of man-

kind.

GCM data were taken from the CMIP6 (Coupled Model Intercomparison Project 6)

and follow the categorization into SSPs (Shared Socioeconomic Pathways). The four main scenarios
of CMIP6 are SSP1-RCP2.6, SSP2-RCP4.5, SSP-RCP3.70, SSP5-RCP8.5. In this study, the two scenarios
SSP1-RCP2.6 and SSP-RCP3.70 are considered, representing a climate-friendly and a carbon fossil
fuels intensive scenario respectively. The first digit represents the socio-economic scenario (SSP1
for sustainability, SSP2 for the "middle of the road" path, SSP3 for regional rivalries, SSP5 for fossil
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development) and the last two numbers indicate the radiative forcing in W/m2. A comparison be-
tween SSP scenarios and the RCP (Representative Concentration Pathways) scenarios known from
CMIPS5 is shown in Figure 3 (Riahi et al., 2016). The use of the aforementioned SSP scenarios (SSP1-
2.6, SSP-3.70) covers a plausible range of potential developments.
To be able do downscale the data, various large-scale fields are needed. In the employed analog
method we make use of the following variables: geopotential height at 500 hPa (zg500), air temper-
ature at 500 hPa (ta500) and specific humidity at 500 hPa (hus500). Additionally, sea level air pres-
sure is needed to perform GCM evaluation analysis.
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Fig. 3: Comparison between RCP and SSP scenarios for different parameters (Riahi et al., 2016)

OBSERVATIONAL DATA - SPARTACUS

Weather data are taken from SPARTACUS, the “Spatiotemporal Reanalysis Dataset for Climate in
Austria” (Hiebl and Frei 2017). It provides high quality, daily temperatures and precipitation-totals
from 1961 onwards on a 1 km grid across Austria and South Tyrol. SPARTACUS has been generated
in an international collaboration from irregularly distributed weather stations maintained by ZAMG,
has already found application in several studies (Duethmann and Bldschl, 2018; Schroeer and
Kirchengast, 2018) and is operationally kept up-to-date at ZAMG (Enigl et al., 2019).

REANALYSIS DATA —JRAS5

The JRA-55 reanalysis dataset (Kobayashi et al., 2015) spans the time period from 1958 onwards up
to the present. It represents a long time period that uses the full observation system from local
station data up to remote satellite information. Compared to other products, JRA-55 is the first re-
analysis that employs 4DVar for data assimilation. It also incorporates a new variational bias correc-
tion for satellite data. Other improvements encompass a reduced bias of the stratospheric temper-
ature as well as the consistency of the temperature analysis.
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The same variables that are needed from the GCM data are also needed for the reanalysis data for

the downscaling process and the GCM evaluation: geopotential height at 500 hPa (zg500), air tem-
perature at 500 hPa (ta500), specific humidity at 500 hPa (hus500) and sea level air pressure.

3. MEETHODOLOGY

QuALITY CONTROL OF GCMS

Global datasets from GCMs may feature regional differences. Since a correct simulation of the rele-
vant influences for Central Europe is essential for downscaling global data to a regional scale, GCMs
are examined according to their corresponding skill. Two specifications are employed for this en-
deavour:

e PC-based NAO index (Hurrel and Deser, 2009);
e Central-European-Zonal-Index (CEZI, Jacobeit et al., 2003).

Since the usual NAO (North Atlantic Oscillation) index is calculated from the air pressure difference
between two stations, the PC-based NAO (Principal Component-based) index is particularly useful
due to its applicability to model data. The calculation via a Principal Component Analysis (PCA),
however, does not only allow the comparison of the indices but also the comparison of the spatial
patterns (first EOF) between model and observed data (GCM and reanalysis). For the determination
of the PC-based NAO index, we use anomalies of air pressure at sea level on a daily basis between
20°-80°N and 90°W-40°E (Hurrel and Deser, 2009). Subdivided by seasons, they serve as input for
the EOF analysis. The same procedure is applied to the JRA-55 reanalysis dataset, which is subse-
quently utilized for a comparison to the GCM data. The first EOF (spatial pattern), as well as the
Principal Components (PCs, time series of the expression of the spatial pattern, which represents
the NAO index) are further considered for the calculation of various metrics. By employing the PCs,
we determine the ratio of the standard deviation of GCM and reanalysis, the ratio of the quartile
coefficient of dispersion of GCM and reanalysis, and the ratio of the explained variance of GCM and
reanalysis (GCM value in the numerator, reanalysis in the denominator). The first EOF represents
the spatial dipole of the maximum variance. Here, three aspects are examined:

a) the position of the dipole center of gravity;
b) the strength of the gradient of the dipole;
c) the angle of the dipole axis.

Considering the first aspect, the center of gravity must be determined. For this purpose, we inter-
polate the values of the first EOF to a line between the two dipole centers. The mean value of all
values of this line represents the center of gravity. Subsequently, we calculate the difference of the
location vectors of the respective centers of gravity between GCM and reanalysis. Based on this
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difference vector, the Euclidean norm is determined. The resulting value represents the correspond-
ing metric for a). For b) the difference between the two values of the dipole center is calculated
(maximum value minus minimum value). This difference is further divided by the Euclidean norm of
the difference vector of the two centers, thereby corresponding to the inverse gradient vector. The
direction, however, is not of particularimportance, since our focus lies on its norm, i.e., the strength
of the gradient. This procedure is conducted for both GCM and reanalysis data. As a last step, the
resulting value from the GCM data is divided by that of the reanalysis. The result of this calculation
corresponds to the metric for b). Lastly, for c), the inverse gradient vector calculated from b) can be
used. Here, we form the angle between this vector and East. The metric relevant for c) is the differ-
ence between the GCM'’s angle and that of the reanalysis.

The Central-European-Zonal-Index (CEZI) is also determined from sea level air pressure anomalies.
For its computation, we first calculate normalized seasonal anomalies. Subsequently, four spatial
points are considered for a mean value calculation for two latitudinal bands (A: [35°N/O°E],
[35°N/20°E], [40°N/O°E], [40°N/20°E], and B: [60°N/0°E], [60°N/20°E], [65°N/0°E], [65°N/20°E] - grid
points + 2.5° delta in latitudinal and longitudinal direction; see Jacobeit et al, 2003 for further de-
tails). As a last step, we subtract the resulting mean values A, B from each other, yielding the CEZI.
This procedure is conducted for both GCM and reanalysis. The metric to be examined is the standard
deviation of GCM divided by the standard deviation of reanalysis, seasonally grouped, and the same
for the quartile coefficient of dispersion.

Of all the metrics listed (two from the PCs, once the explained variance, three from the first EOF,
and two from the CEZI), two and four times the standard deviation are calculated for all GCM models
under investigation - i.e. over the full GCM ensemble. This is done for all seasons and for the model-
based mean across seasons. In the case of the EOF metric (a) (one-sided value mapping), we com-
pare the metrics for each model and season to four times the standard deviation. For all other met-
rics, we compare to two times the standard deviation (two-sided value mapping). If any of the values
in any of the seasons is outside those thresholds, then that model is assigned an "insufficient skill"
predicate.

In order to downscale large-scale GCMs, the analog method is applied. It is a model that represents
a so-called "perfect prognosis" approach. For its calibration, we couple predictors on the large-scale
to those on the local-scale by using the observation dataset SPARTACUS (Hiebl and Frei, 2016). The
calibrated model is subsequently applied to the large-scale predictors of the GCMs (zg500, ta500,
hus500). The application of the analogue method happens on a daily basis, with a moving window
around the current investigated day, running through the whole year. For each of those subsets, a
principal component analysis is conducted. We compute the Euclidean norm of the principal com-
ponents between GCMs and the JRA-55 reanalysis dataset as a measure to identify suitable analogs.
For the integration of a stochastic element, the analogue of a given day is randomly chosen out of
the 10 best analogues. A general description of the analog method can be found in Zorita and von
Storch (1999); the built-in random component is described in Beersma and Buishand (2003).

The parameters of the analogue method approach can be described as follows:

e Grid weighting for EOF analysis: cosine latitude weights;
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e Explained variance of EOF analysis: > 90%;
e Window width: 30 days;
e Predictors:
o For precipitation totals: specific humidity 500 hPa, temperature 500 hPa, geopoten-
tial height 500 hPa

By means of the GCM CanESM5-historical-rlilp1fl, we illustrate the explained variance and the
number of EOFs required to downscale temperature and precipitation per day of year in Figure 4,
left panel and right panel respectively.

The maximum number of EOFs needed to be taken into account is much higher in summer, which
can be explained by the more structured spatial expressions in the form of convective activity. Thus,
more EOFs are necessary to capture the variance in the underlying fields and to reach the explained
variance threshold of 90%. This behaviour can be seen for both cases, temperature as well as pre-
cipitation, but due to the nature of precipitation fields being much more pronounced than the com-
parably smooth temperature fields, the number of EOFs needed for precipitation is generally higher.
Especially the seasonal pattern is more distinct for the case of precipitation, which is more affected
by convective activity. While the difference in the number of EOFs for temperature is only 20% (from
10 to 12) from minimum to maximum, it is over 100% for precipitation (from 18 to 38). This reflects
the more difficult mapping of the model for the precipitation field, which inherently features more
complex patterns than the temperature field due to its non-smooth nature and non-stationarity.

Total number of EOFs (top) and explained variance per EOF (bottom) and day of year Total number of EOFs (top) and explained variance per EOF (bottom) and day of year
Multivariate EOF: ta850, zg850; CMIP&/CanESM5/historical/r1ilplfl Multivariate EOF: zg500, ta500, hus500; CMIP6/CanESM5/historical/rlilplfl
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Fig. 4: Number of EOFs (top) and associated explained variance (bottom) for multivariate EOF of temperature predic-
tors (left) and precipitation predictors (right).

For the historical time period of 1981-2010, we make use of the following verification measures:
Regarding both temperature and minimum temperature, the absolute bias
absolute bias = |Xmodqer — Xobs!

and in case of precipitation the relative bias
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|xmodel — Xobs |

relative bias =
xobs

of annual means are employed; |.| indicates the mean over time.

In general, there are two focal points for future hazard development: Frequency and intensity. Both
aspects share equal importance for risk reduction, as e.g., in the case of flooding. Successive hazard-
events of medium intensity (i.e. higher frequency) can be just as devastating as one hazard-event
with higher intensity. Furthermore, there are more faceted aspects to be considered, as higher in-
tensity can simply be exhibited as higher values per fixed spatial extent, larger affected areas, or
both.

The use of Hazard Trigger Patterns (HTPs; for details refer to D2.1) for the evaluation of potential
hazard development is a two-step process:

The first step consists of defining the current climate state. Therefore, so-called “potential events”
need to be determined in the past period. Potential events are events, that potentially could have
caused damages due to the precedent weather evolution, but eventually did not.

HTPs originate from an PCA analysis of a two-dimensional matrix containing precipitation evolutions
prior event occurrences (n rows for n events and precipitation values over 8 days in the precedent
week) and represent the eigenvectors of this matrix. The corresponding “time coefficients” are re-
ferred to as “principal components (PCs)”. Methodologically, potential events can be identified by
projecting meteorological data into the EOF space, generating so-called Pseudo Principal Compo-
nents (PPCs). Subsequently, we compare the PPCs to the PCs from the observational data. A poten-
tial event is registered if the corresponding PPCs are within a certain Euclidean distance to the PCs.
We determine the value of this distance by conducting a leave-one-out cross-validation procedure
to evaluate the average distance between the PCs of the observations. This is done by iterating over
all observations and computing the EOF analysis for all but one observation in each iteration. PPCs
are then calculated for the omitted observation and the Euclidean distance to all PCs is computed.
In each iteration step, we store the minimum of these distances. Finally, all iterations are averaged
and the resulting value represents the threshold below which PPCs are counted as a potential event.
The second step comprises the application of the same procedure as in step one to climate projec-
tions and the computation of hazard development corridors (HDCs). For a timeseries of the corre-
sponding predictors of a grid point (or analogous to the HTP calculation: mean value over the re-
spective grid point and the four adjacent grid points), a matrix is created that contains each possible
8-day sequence of this timeseries. This guarantees that all possible potential events can actually be
found. This matrix is then transformed into the EOF space, generating PPCs for each of these 8-day
sequences. By using the threshold value identified in step one, we can then determine for each of
these sequences whether these represent a potential event. 20 random grid points per region are
used to calculate the projections, which are shown in Figure 5.

The HDCs map the change in hazard potential by calculating potential events for both historical and
future periods. The potential events for future periods are then normalized using the mean and
standard deviation of the potential events derived in the historical period, thereby creating the so-
called, hazard risk index. This index indicates the change in the hazard potential and thus represents

10
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a quantity that can be used for risk assessment. The content of this index, however, refers purely to
the frequency of the underlying phenomenon and does not describe its amplitude which may be
qualitatively estimated by means of the climate indicators for the corresponding damage categories.

Some climate indicators are also calculated as area-averages over the region of interest, in order to
assess the potential development of intensity for hazardous damage event. Thereby, RR20mm,
Rx5day and Rx1day are used. RR20mm depicts the number of days per year in which daily precipi-
tation totals surpassed 20 mm. Rx5day is the annualized maximal precipitation sum for 5 consecu-
tive days and Rx1day is similarly the annualized maximal precipitation sum for 1 day. Those indica-
tors are calculated for the historical period as well as the future period.

. 5 & 7 Vi h 4 y v A .*“'A
Fig. 5: The 20 randomized grid points per region that were selected for the calculation of projections for hazard devel-
opment corridors. Yellow coloured markers reside in the region ST, green coloured in ET_C.

4. RESULTS

QuALITY CONTROL OF GCMSs

Out of the 136 GCMs we tested, 56 remained. Some models of these, however, do not have the
necessary number of variables required for further processing. This circumstance lowers the num-
ber of corresponding models to 32. The proportion of filtered models grouped by the underlying
driving GCM is depicted in Figure 6 and the final list of GCMs is shown in Table 1.

11
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ACCESS-CM2  0/1
TaiESM1  0/1
BCC-CSM2-MR 071
KACE-1-0-G s 1/3
MRI-ESM2-0 I 4/5
HadGEM3-GC31-LL  0/1
INM-CM4-8 071
INM-CM5-0 I 2/6
HadGEM3-GC31-MM I 2/3
ITM-ESM  0/1
CanESM5 I 14729
CNRM-ESM2-1 I 2/3
CNRM-CM6-1 e 2/6
UKESM1-0-LL e 8/13
NESM3 I 172
EC-Earth3 I 3/7
MPI-ESM1-2-HR e 5710
MPI-ESM-1-2-HAM e 172
MIROC-ES2L  0/3
MPI-ESM1-2-LR I 3/10
FGOALS-g3  0/1
NorESM2-MM I 1/3
NorESM2-LM . 2/3
MIROC6  0/3
IPSL-CM6A-LR s 4/13

0.0 0.2 0.4 0.6 0.8 1.0
portion of filtered runs

model

Fig. 6: Proportion of models remaining after the applied GCM evaluation, grouped by the underlying driving GCM.

Table 1: Quality controlled GCMs, n=32.

Model Member Model Member Model Member
CanESM5 rli1p1f1 HadGEM3-GC31-MM r3i1p1f3 MPI-ESM1-2-HR r2i1p1f1
CanESM5 r2i1p1f1 INM-CM5-0 r3i1p1f1 MPI-ESM1-2-HR r3i1p1f1
CanESM5 r2 i1p2f1 INM-CM5-0 r4i1p1f1 MPI-ESM1-2-HR r6i1p1f1
CanESM5 r5i1p2f1 IPSL-CMBA-LR r3i1p1f1 MPI-ESM1-2-HR r10i1p1f1
CanESM5 r9i1p1f1 IPSL-CMBA-LR r4i1p1f1 MRI-ESM2-0 r1i1p1f1
CanESM5 r9i1p2f1 IPSL-CMBA-LR r11i1p1f1 MRI-ESM2-0 r3i1p1f1
CanESM5 r10i1p1f1 IPSL-CMBA-LR r14i1p1f1 MRI-ESM2-0 r4i1p1f1
CanESM5 r10i1p2f1 KACE-1-0-G ri1p1f1 MRI-ESM2-0 r5i1p1f1
CNRM-CM6-1 r1i1p1f2 KACE-1-0-G r3i1p1f1 NorESM2-LM r1i1p1f1
CNRM-CM6-1 r6i1p1f2 MPI-ESM-1-2-HAM r1i1p1f1 NorESM2-LM r2i1p1f1
HadGEM3-GC31-MM r1i1p1f3 MPI-ESM1-2-HR r1i1p1f1

DOWNSCALING

For comparison between the models, the biases for minimum temperature and precipitation are
depicted in Figures 7 and 8, respectively. Considering the results for minimum temperature, the
majority of models follow a similar pattern and feature a weak warm bias. The two INM-CM5-0
models, the HadGEM3-GC31-MM/r1ilp1f3 and the MPI-ESM1-2-HR/r1ilp1fl stand out with pos-
sessing no bias pointing in either direction. The broad scatter indicate the presence of individual
outliers in each model. What is striking here is the clearly stronger expression of the warm bias.
Figure 8 illustrates the precipitation bias amongst the models considered. It is characterized by a
relatively homogeneous behavior across all models with a small bias towards lower annual precipi-
tation amounts than the observation. An exception constitutes KACE-1-0-G/r3i1p1f1 as it stands out
with no dominant direction of bias. The overall spread, however, is more pronounced for this model.

12
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While the lower whisker is similar to other models, it represents the only model exhibiting an over-
estimation of precipitation of well over 20%. It is essential to include the biases in regional evalua-
tions for making adequate estimations. For further details see the clim_ect report .
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Fig. 7: Absolute bias of minimum temperature on an annual basis. Time period 1981-2010. Box plots over the whole of
Austria.
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Fig. 8: Relative bias of precipitation on an annual basis. Time period 1981-2010. Box plots over the whole of Austria

From the 32 quality-controlled GCMs (Table 1), a total of 114 runs are available across the five main
experiments (historical, SSP126, SSP245, SSP370, SSP585). These represent the entire quality-chec-
ked ensemble. Divided among the experiments, the distribution features 19 runs for SSP1-RCP2.6
and SSP5-RCP8.5, 20 runs for SSP2-RCP4.5, and 25 for SSP3-RCP7.0. As already outlined, for further
analysis the two scenarios SSP1-RCP2.6 and SSP3-RCP7.0 are used, which cover the plausible range
of possible future development.
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Figure 9 shows anomalies of the annual minimum temperature related to the time period 1981 to
2010, depicting the ensemble mean as a line and the 95% confidence interval as shading. It illus-
trates a common picture that — in dependence of the considered scenario - different degrees of
warming have to be expected. According to the physical understanding, this also influences pro-
cesses that can lead to damage-triggering extreme weather events. For precipitation, normalized
anomalies (anomalies divided by the standard deviation of the observation) are depicted in Figure
10. In this case, no clear picture prevails. The spread of scenarios is large, resulting in poor discrim-
inatory power among scenarios. However, a clear tendency is evident: for precipitation, a small in-
crease in precipitation is projected under all scenarios. This is - regardless of the fact that locally
different characteristics may exist - consistent with the increase in temperature, which allows the
atmosphere to hold more water vapor, an increase in precipitation is generally expected.

Tn anomalies (1981-2010)
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—— historical
2.5 ssp126
—— s5p245
20 —— s5p370
—— ssp585
1.5
[}
=
g 10
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year
Fig. 9: Anomalies of the annual minimum temperature related to the time period 1981 to 2010.
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Fig. 10: Anomalies of the annual precipitation related to the time period 1981 to 2010.

DERIVATION OF HAZARD DEVELOPMENT CORRIDORS AND CLIMATE CHANGE

ASSESSMENT

The hazard development corridors (HDCs) for both categories (“flood” and “mass_movement”) for
all seasons and the region ET_C can be seen in Figures 11 and 12. The first row depicts the four
seasons DJF, JJA, MAM, and SON for “flood” and the second row the four seasons for “mass_move-
ment”. For the boxplots, the hazard risk index was averaged per model over the time period
near_future (2036-2065) and far_future (2071-2100) as well as over the corresponding grid points
in the region. The box and whiskers then represent the multi-model statistics per time_period and
experiment (SSP1-RCP26 in blue, SSP3-RCP70 in red). For Figure 11, the multi-model mean and for
Figure 12, the multi-model 90*" percentile is shown. Additionally, the dashed black horizontal line
serves as reference point for a standard normal distribution. Figure 11 reveals the unique charac-
teristics of the hazard trigger patterns, because they are based on the same meteorological predic-
tor, but differ in results. For the season DJF and “flood” (top left subplot) there is no substantial
trend. The tendency goes toward increased risk potential, but only marginally compared to the var-
iability in the multi-model ensemble. For “mass_movement” (bottom left subplot) the signal
changes drastically. A pronounced decrease in risk potential is suggested. The corresponding hazard
trigger pattern (Figure 13) shows an intensifying precipitation sequence toward the event date, with
overall maximum values on the event day itself. The decrease in the hazard risk index might suggest
such sequences to become scarcer. In the second column for the summer season the situation for
“flood” might depict a tendency toward a decrease in risk potential, but the variability is still too
large to draw final conclusions. For “mass_movement” on the other hand again a more pronounced
signal, especially in the far future can be seen. It is evident by the large variability between the
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experiments though, that there is substantial natural variability superimposed on the signals, noisi-
fying potential significant trends. The corresponding hazard trigger pattern is shown in Figure 2 and
contrary to the case beforehand contains more pre-moistening components. The only other combi-
nation of parameters that suggest a tendency compared to the variability is again “mass_move-
ment” for the season MAM. Comparably to the situation in the season DJF, a decrease in the hazard
risk index can be seen. The corresponding hazard trigger pattern is not as indicative as the two be-
forehand, containing elements of both pre-moistening and short-term precipitation and thereby not
allowing clear-cut conclusions from what a potential decrease might originate (not shown).
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Fig. 11: HDCs for the combination of flood (top row) and mass_movement (bottom row) for the region ET_C and the
four seasons (columns). Depicted are boxplots for GCM means of the normalized risk index for SSP1-RCP2.6 (blue) and
SSP3-RCP7.0 (red) experiments, for the near (2035-2065) and far future (2071-2100). The dashed black line represents
the mean for a standard normal distribution and serves as reference point.

It can not only be beneficial, but maybe even more important to not only look at the model-means,
but at high percentiles. Those situations depict the most extreme cases, that potentially cause the
most losses. In Figure 12 the 90™ percentile of the hazard risk index for models is shown as multi-
model boxplot. The dashed black horizontal line serves again as reference to a standard normal
distribution, wherein the 90™" percentile is at roughly 1.28. A higher/lower multi-model median
hence suggests an intensifying/relaxation of high impact risk potential respectively. Looking at
“flood” in the first row of Figure 12 there does not seem to be overwhelming support for a significant
increase in the hazard risk index. Although, it has to be noted that the large variabilities, especially
for the far_future compared to the near_future have to be carefully considered. This depicts some
chance of a worsening development in terms of hazard event frequencies, with a larger number of
potential events. For “mass_movement” in the bottom row the signal is relatively comparable to
the deductions from the multi-model means of Figure 11. Looking at the numbers for the summer
season and far_future (bottom row, second subplot from the left-hand-side) the multi-model me-
dian for the 90™" percentile corresponds to roughly a value of the 97™ percentile for a standard
normal distribution. This is a substantial increase depicting a threefold increase in potential events
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at that rarity level. The other changes are not as pronounced and especially do not show such a
substantial increase for the hazard risk index. Hence this situation should be investigated more care-
fully, taking into account more information from other sources.

Hazard development corridors multi-model 90th percentile
flood; ET_C; DJF flood; ET_G: JJA flood; ET_G; MAM flood; ET_G; SON

mass_movement; ET_C; DJF mass_movement; ET_G; JUA mass_movement; ET_C; MAM mass_mavement; ET_C; SON
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Fig. 12: Same as Figure 9, but instead of model means, the 90th percentile of the normalized risk index is shown. The
dashed black line represents the 90th percentile for a standard normal distribution and serves as reference point.
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Fig. 13: Hazard trigger pattern for “mass_movement” in the region ET_C and season DJF.

Figures 14 to 16 depict the aforementioned climate indicators R20mm, Rx5day and Rx1day respec-
tively, area-averaged for the Region ET_C. It is evident, that there is no significant trend visible in
either direction for neither GCM scenario. On the other hand, it can also be seen, that the variability
is substantial and hence a large amount of noise superimposes and interferes with any potential
signal. A small detail in Figure 12 for Rx5day though, is that the upper tail of the distribution toward
the end of the century is broader than the lower tail. This might suggest an increasing intensity in
consecutive 5-day-precipitation amounts. Although, it has to be noted, that the same is not as evi-
dentin the other two climate indicators, R20mm and Rx1day, to the same extent. Roughly speaking,
the climate indicators might therefor suggest slightly increased chances of more extreme precipita-
tion.
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Fig. 11: Climate indicator R20mm area-averaged over ET_C for the GCM ensemble of historical, SSP1-RCP2.6 and SSP3-
RCP7.0 experiments.
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Fig. 12: Climate indicator Rx5day area-averaged over ET_C for the GCM ensemble of historical, SSP1-RCP2.6 and SSP3-
RCP7.0 experiments.
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Fig. 13: Climate indicator Rx1day area-averaged over ET_C for the GCM ensemble of historical, SSP1-RCP2.6 and SSP3-
RCP7.0 experiments.

In conclusion, the results of the hazard development corridors show mixed signals with a substantial
amount of superimposed noise. This is largely due to natural variability and some uncertainty origi-
nating from the methodology, due to the localized-nature of the technique. Furthermore, additional
uncertainty is still present in the analysis, because of the fact that 20 randomized grid points per
region were evaluated. This is a computational limitation though, as the calculation of the projec-
tions is computationally expensive. Nevertheless, previous tests have shown this to be a large
enough number for finding tendencies and drawing conclusions.

All results combined, hazard development corridors, the annual potential increase in precipitation
and the large fluctuations in high-impact climate indicators, it is evident that potential future risk
increases have to be taken into consideration for high-impact assessments. The most damage is not
done by the averages of the distributions, but by extremes and superimposed extreme states that
are further escalated by a tendency of increasing risk potential in certain situations outlined above,
which may have devastating consequences if not taken into consideration.
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