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1 Value at Risk from floods
Insurance of residential buildings is an important part of the portfolio of insurance companies. Therefore it is
of major importance to have a sound understanding of the distribution of insured losses due to damages to
residential buildings. The Solvency II Directive of the European Commission within the new regulatory
framework for the European insurance industry prescribes capital requirements for insurance companies
according to a Value-at-Risk (VaR) at the 99.5% level, i.e. insurance companies are required to hold sufficient
capital to remain solvent with a probability of 99.5%. Intuitively, only an event with a severity that occurs on
average every 200 years can lead to bankruptcy. In the implementation of such a rule, the practical challenge
of estimating such an extreme quantile appears, in particular since often there is only a very limited amount of
observed data available, on which such an estimate can be built. Clearly, one needs to employ some
extrapolation techniques, as in many cases such an extreme event has not been seen in the time interval of
available observations.
Extreme value theory (EVT) is a natural choice towards that end. EVT provides a tool-kit to model the
distribution of extreme events by using patterns of the largest observations. In particular, it is a sensible way
to describe tails of a distribution based on smaller observations, and hence provides a reasonable way to
extrapolate data sets beyond their range, something that is needed to calculate the VaRs.
Modeling extremal events has become an important issue in many different areas, and correspondingly there
is a huge amount of literature on this topic. In this part of the deliverable, we will apply EVT methodology to
model the tail of the distribution of flood risks, for individual European countries and for Europe as a whole.
In particular, in view of the Solvency II guidelines, we aim to establish estimates on the VaR at the 99.5%
level on the basis of historical loss data, considering also the change of the building stock over the years as
well as the value of buildings. Whereas in insurance practice, flood risk may eventually be pooled with other
risks, and the VaR reported to the regulator will include a number of further factors such as the assets of the
company, loss reserves etc., the specification of the stand-alone VaR number is a natural indicator for the
underlying flood-specific risks of each country, indicating the potential – and ‘likely’ - exposure.
In this study we relate European insurance loss data due to floods on residential buildings to the changing
pattern of building values across Europe, and provide an aggregate view on flood risk based on EVT
techniques, where we assume that in the time series of aggregate flood insurance loss data the individual years
are independent and follow the same distribution.

1.1

METHODS

1.1.1

Data

The data of damages to residential buildings available for this study is the one provided by MunichRe for 27
European Union countries for major floods in each country. For some of these flood events, the affected
Nuts3 regions are specified. However, this additional information is too coarse and incomplete to be used, so
that we look at the aggregate loss per country and analyze these losses for each country and for Europe. Out of
these 27 countries, 7 countries have less than 5 data points, which we consider to be not sufficient to see
enough statistical structure in the data to include them in the analysis. Hence we restrict ourselves to 20
countries. The building values of these countries have been provided by JR. Damage data and building values
are inflation adjusted. We normalize the damage data by building values and use them to fit the model.
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1.1.2

The Model

Flood loss data often exhibit a heavy tail, with the largest observed values typically dominating the others
substantially. Therefore heavy-tailed distributions often provide reasonable fits in such contexts. Let
~ ( , ) be a normal distribution with mean and variance . Then, = exp( ) has a log-normal
distribution with cumulative distribution function

 ln( y ) − µ 
FY ( y ) = Φ
, y > 0,
σ


where Φ is the cumulative distribution function of standard normal distribution.
Another heavy-tailed distribution is the Weibull distribution with cumulative distribution function

FY ( y ) = 1 − exp[(-y/τ ) α ], y > 0,
where τ > 0 is a scale parameter and 0 < α < 1 .
The classical Pareto distribution has two parameters and assigns a power law decay for the tail

F ( x ) = 1 − (θ / x)α , θ ≤ x, α > 0
and often provides a very reasonable fit for large natural catastrophe losses. Such a type of distribution also
appears naturally as a limit distribution for maxima of samples. Since one is mainly concerned with the tail of
the fitted distribution, one typically uses only the largest among the observations for the fitting procedure, and
there are various suggestions and algorithms available in the literature towards a suitable choice of the number
of used data points for the fitting of the tail. Here we adopt a covariance criterion as discussed e.g. in Beirlant
et al. (2014).
In a recent paper, Beirlant et al. (2014) suggest to consider also the possibility of an upper truncation of the
Pareto distribution, i.e. they adapted classical EVT techniques to the situation where there is an upper bound
for the distribution. This upper bound is not known, but estimated from the data as well, and in the statistical
estimation procedure there is a test whether the Pareto with or without truncation is a better fit for the data.
We applied this method to our normalized data points as well, and find significant improvements of the fits
for quite a number of countries. As an upper bound for the possible insurance loss makes intuitive sense
(thinking of a finite (yet possibly very large) over-all building value!) we decided to try all these models to
identify the best fit to the data.
For an upper truncation point T (and distributing the weight of the probability distribution beyond T on the
remaining interval [ , ]), one obtains the cumulative distribution function of the truncated Pareto
distribution:

1 − (θ / x )

α

F ( x) =

α

1 − (θ / T )

, θ ≤ x ≤ T.

For the fitting of the Pareto and truncated Pareto distribution, respectively, we apply the method of Beirlant et
al. (2014), which is an adaptation of the classical Hill estimator. This method works remarkably well on
simulated data with truncation, and in the limit of the truncation parameter T going to ∞ , the procedure
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retains the classical EVT Hill estimator for α . Note that if the largest k data points are used for the
estimation, the parameter θ is naturally chosen to be the smallest of these used values.
The parameters of the log-normal and Weibull distributions are estimated by using classical maximum
likelihood estimation. We use Q-Q plots to compare the quality of fits among each other and on the basis of
those (together with empirical mean-excess plots and other methods to get a feeling for the underlying
distribution) decide for the most suitable among the different models. Note that there is a certain degree of
subjectivity in the corresponding choice, but in view of the small number of available data points one cannot
use classical goodness-of-fit tests (like χ 2 test). This is a well-known artifact in EVT. The procedure adopted
here seems to be a good compromise between scientific rigor, intuition and experience when working with
these kind of data.
Assume now that only data points with value x > θ were finally used for the estimation of the tail, and a
conditional distribution FX has been chosen to be the best model above that level θ , that is

P ( X ≥ x | X > θ ) = 1 − FX ( x ) .
It follows that

P ( X ≥ x) = ς θ (1 − FX ( x )) ,
where ς θ = P ( X > θ ) . Then, to obtain the VaR at level β , we have to solve the following equation for x :

1 − β = ς θ (1 − FX ( x ))
The solution of the above equation for x is the p' -quantile of FX where p' = 1 −

1− β

ςθ

. For computing the

VaR, we therefore need to estimate ς θ , the probability that an observation exceeds the threshold θ . This can
be estimated by

ςθ =

k
,
n

where k and n are the number of observations exceeding θ and the number of the entire sample,
respectively.

1.2

RESULTS

Figure 1 depicts the Q-Q plots for all countries and Europe for the best fit in each case among the four tested
distributions. The x and y axis of plots are observations and model values, respectively. Note that for Croatia
and the Netherlands the fit is not very satisfactory, which we believe to some extent is due to insufficient data.
For completeness, we still include these countries in the analysis, give however a word of caution to the
respective numbers. For Europe we aggregated the annual losses over all countries and then apply the same
procedure of fitting.
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Figure 1: Q-Q plots of observed data (x-axis) vs. the best model (y-axis) for each country and for Europe
Table 1 depicts the chosen distribution, the largest observed insurance losses, both in absolute terms and in %
of the building value and the fitted upper bound T (in case the truncated Pareto distribution is the best model).
The next column gives the building values of 2013 and finally the last two columns give the resulting VaR
(99.5 %) in terms of percentage of 2013 building values and also in absolute value.
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Table 1: Best model, largest observed insurance loss (absolute value and in % of the building value), fitted
upper bound T, total building value 2013 and 99.5 % VaR (in % of the building value and absolute) for
each country and for Europe altogether
Country

Distr.

Largest Obs.

T (TP)

BV-2013

[Mio €]

[% of BV]

[% of BV]

[Mio €]

VaR (99.5%)
[% of BV]

[Mio €]

1

Austria

TP

3970

0.455

5.167

914593

2.53

23139

2

Belgium

TP

211

0.027

0.086

792452

0.074

586

3

Bulgaria

TP

773

0.514

2.464

141053

1.983

2797

4

Croatia

LN

158

0.079

Inf

197198

0.122

241

5

Cyprus

TP

6

0.017

0.098

40062

0.076

30

6

Czech Republic

TP

4080

1.3

3.644

323412

3.181

10288

7

France

LN

1660

0.03

Inf

6001039

0.051

3078

8

Germany

TP

14900

0.167

0.286

8704763

0.26

22632

9

Greece

TP

208

0.042

0.279

511834

0.189

967

10

Hungary

LN

673

0.223

Inf

291411

2.231

6501

11

Ireland

LN

410

0.145

Inf

286464

0.322

922

12

Italy

TP

12203

0.381

0.621

3366374

0.57

19188

13

Netherlands

LN

1250

0.077

Inf

1768730

0.892

15774

14

Poland

TP

5160

0.483

2.186

1065883

1.794

19122

15

Portugal

TP

1090

0.21

4.012

513923

2.084

10710

16

Romania

TP

1690

0.594

0.985

266283

0.927

2468

17

Slovakia

WB

490

0.28

Inf

175723

0.439

771

18

Spain

TP

3670

0.209

0.343

2161979

0.314

6789

19

Sweden
United
Kingdom
Sum

TP

32

0.003

0.009

1175719

0.007

82

TP

6000

0.137

0.224

4583064

0.205

9395

Europe

TP

20

155483
29842

0.093

0.131

33281959

0.124

41080

The sum of the VaRs of the individual countries would be the overall capital amount that would be needed at
the 99.5% safety level, in case each country deals with flood risks stand-alone. At the same time, this sum
would be the value of the overall-VaR for Europe, in case all individual country flood risks are comonotone
(strongest possible positive dependence). However, since we also have the aggregate loss data for each year of
Europe, we can independently calculate the VaR at the 99.5% level based on the data (that is, based on the
realized dependence structure). One sees that the resulting VaR is much lower, amounting to less than one
third of the comonotone sum level. This shows that there is quite some diversification benefit for pooling
flood risk across countries.
One also observes from Table 1 that the fitted truncation values T (if such a truncation turned out to be the
best model) are in quite reasonable ranges (one may think of the percentage of buildings standing in floodprone areas). Note that these fitted values only use the pattern of observed data points and no external
information for such an upper bound. As an example, the sufficiently smaller value of T for Germany as
compared to Austria is the reason why despite the much larger overall building value of Germany, still the
99.5 %-VaR of the two countries is in a comparable range.
Figure 2 finally illustrates the 99.5-%-VaR in terms of percentage of building values for those countries where
a corresponding analysis could be done.
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Figure 2: Value at Risk (99.5%) in terms of percentage of building values
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2 Change of Value at Risk to electricity demand
This chapter focuses on the impact that a 2°C temperature change has on the electricity demand of Europe.
While it is to be expected that the electricity demand for heating decreases and that the demand for cooling
increases with warmer temperatures, the extent of it is an open question. The present study seeks to further
contribute to this issue by (1) using eleven different spatially and temporally highly resolved climate scenarios
(2) doing calculations for altogether 16 Continental European countries (AT, BE, BG, CZ, FR, DE, HU, IT,
NL, PL, PT, RO, SK, SI, ES, HR), which enables to study different regional response patterns, and (3)
working with daily electricity data, which allows to examine the non-linear relationship between temperature
and electricity demand by means of advanced statistical techniques such as Smooth Transition Regression
(STR) models, recently also applied in Moral-Carcedo and Vicéns-Otero (2005) and Bessec and Fouquau
(2008). In the following sections first the methods we used are described and next our current results are
summarized. The section regarding our methods is divided into two parts. The first describes the aggregation
of the data from grid cells to national level (NUTS-0), while the second contains the estimation of the
relationship between temperature and electricity demand. Similarly, the section regarding the results is split in
two: one part focuses on the modelling results, while the second summarizes the results coming from the
climate scenarios.

2.1

METHODS

2.1.1

From gridded to national temperature data

In this part we will describe our methodology to transform climate data (observational as well as scenario
data) from grid cells to regional (NUTS-3) and national averages, which take the population distribution
within a country into account.
In order to get from regional temperature data and the respective climate scenarios to one temperature index
per country (NUTS-0), which is as representative as possible for the heating and cooling requirements faced
by its population, we basically proceed in a four step approach:
1. Calculating elevations based on land cover data: Based on land cover data with a high-

resolution for each grid cell the elevations are calculated where the population truly lives.
2. Calculating daily temperature gradients: For transforming grid cell temperatures to the
temperature felt by the population, temperature gradients are calculated.
3. Population density: As the population density varies within countries, regional population
data (NUTS-3) is considered for the aggregation of the temperature data.
4. NUTS-0 temperature indices: Resulting from the previous steps, temperature indices can be
aggregated on country-level. Analysis can also be carried out for temperature scenario data.
For these analyses different data sources have been used, all having different time horizons, temporal and
spatial resolution (Table 2).
Table 2: Overview of the data used for calculating country-specific temperature data
Data set

Time
horizon

Temporal
resolution

Spatial
resolution

Source

EOBS – Mean temperature

1971-2010

Daily

25 x 25 km

Haylock et al. (2008)
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EURO-CORDEX – 11 scenarios
– Mean temperature

2006-2100

Daily

25 x 25 km

Jacob et al. (2013)

Population

2000-2010

Annual

NUTS-3

Eurostat (2011)

Corine Land Cover (CLC)

2006

-

100 x 100 m

EEA (02/2010)

2.1.2

Modelling temperature impacts on electricity demand

Two different approaches, which can be distinguished by the number of modelling steps, are commonly used
to model the interaction between electricity demand and temperature. While one modelling procedure
combines the multiple climatic and non-climatic factors in one single regression model, the second one tries to
filter non-climatic factors in a first step, and then estimates the relationship between electricity demand and
temperature. Both of these approaches are able to consider temperature either as a single index (e.g. daily
mean temperature) or as split into heating degree days and cooling degree days (HDD and CDD).
Our modelling bases on the two step approach, as this approach ideally allows having a detailed look on the
gradual, non-linear1 transition from a heating regime (the colder it is the more electricity is used) to a cooling
regime (the hotter it is the more electricity is used). Therefore, we divide the following sections according to
these two modelling steps, namely the correction of non-climatic factors (Step 1) and the estimation of the
relationship between load and temperature (Step 2). While we will discuss the methodological details in the
next sections, a first overview on the data applied, its time horizon, temporal and spatial resolution, and its
sources is provided in Table 3.
Table 3: Overview of the used data for examining weather impacts on electricity load
Data set

Time
horizon

Temporal
resolution

Spatial
resolution

Source

Electricity load

2006-2010

Daily

NUTS-0

ENTSO-E (2011)

Observed temperature

1971-2005

Daily

NUTS-0

Haylock et al. (2008)

Scenario temperature

2006-2100

Daily

NUTS-0

Jacob et al. (2013)

Public holiday calendar

2006-2010

Daily

NUTS-0

www.feiertagskalender.ch

Industrial production; GDP;
Value added

2006-2010

Monthly,
Quarterly

NUTS-0

Eurostat (2011)

Load correction
This section introduces the original load data, discusses its general characteristics and explains how this
original data is corrected for the effects of Christmas time, public holidays and bridging days, summer
holidays, weekdays, variations in economic activities and other time-varying changes. Compared to monthly
data, the use of daily data, as it is proposed in this study, allows better to correct for these effects.
Public holiday, bridging days, Christmas time and weekend effects
In regard to the effects of public holidays and bridging days two approaches are common: Either excluding
public holidays and bridging days from analysis, or correcting separately for each of these days in a common
model (as exercised on the example of Spain in Moral-Carcedo & Vicéns-Otero, 2005). We choose another
approach by estimating two different models: One for working days which are neither bridging days nor lying

1

Note that also the one-step approach allows the consideration of non-linearities e.g. by including a quadratic temperature term etc.
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in the Christmas time, and one for the other days of the year (public holidays, bridging days, Christmas time
and weekends), which are further referred to as non-working days.
As is shown for Austria in Figure 3 (blue points), the extent of load reductions compared to working days
varies to a large extent for each of the public holidays and the corresponding bridging days. The same is true
for the special case of Christmas time (red points in Figure 3), where the load development also varies from
year to year (e.g. dependent on the weekdays between Dec 22nd and Jan 5th). Similarly the development on
weekends (green points in Figure 3) is also much noisier compared to working days.
For the working day model, the number of observations is min. 1187 days and max. 1227 days, dependent on
the number of public holidays in a country. This number accounts to approximately two thirds of the potential
observations of 1826.

Figure 3: Original load data for Austria related to daily mean temperatures and types of day.

Summer holiday effects
Summer holidays heavily affect the load for several reasons: Most importantly, the shut-down of industry and
infrastructure (schools, offices etc.) leads to a decrease during this period. Also, major movements of
population to holiday destinations (mainly coastal but also rural tourism etc.) might affect load in the one or
other direction. While all examined countries have in common that the summer holiday effect is huge and is
supposedly more important than the effects of hot summer temperatures on cooling loads, both the exact
timing of the effect as well as the temporal evolution differs. Therefore, instead of simply correcting for a
main holiday period (e.g. July 20th to Aug 19th), a smoothing of summer load, which is carried out for each
country separately, is done in the following way:
- 10 -

1. A smoothed load (5 year and 7 day-average) is calculated for each day of the summer
period (July 1st to Aug 31st)
2. The deviation between daily loads and smoothed load is calculated (which still includes
weekday, temperature and time effects)
3. This deviation is added to the average load in the pre-summer (June 15th to June 30th) and
post-summer period (September 1st to September 15th) and replaces the original load time
series
While this procedure does not affect the large differences between weekdays or between years due to the
economic recession, the procedure helps to reduce the variability corresponding to the typical summer
decrease in load in the days from 10.07 to 31.07, and the respective increase from 15.08 to 31.08.

Correcting for weekday and economic effects
In a next step load is regressed against a range of variables in order to filter out weekday, economic and timevarying effects:
a) Weekday effects are simply considered by dummies for each different weekday.

b) Level changes over time can be explained by a range of explanatory variables like
industrial production, gross domestic product, consumer expenditures or value added. As
analyses reveal, an industrial production index2 is the most suitable indicator to explain
changes in load levels and is therefore considered. This is not surprising given that the
industry is the prime consumer of electricity in the majority of European countries.
c) In addition to the industrial production index annual dummies are included in the model,
which seems in particular important for the recession years 2009 and 2010 (when the
industrial production index does not explain all changes in the load levels).
This additional correction for weekday effects, economic and time-varying annual effects as well as the before
mentioned smoothing of summer holiday effects finally leaves six different datasets of load data, which are
summarized in Table 4.
Table 4: Overview of the different load datasets
Load data set

Description

Original

Original load data (ENTSO-E, 2011)

Smoothed

Summer holiday effect only

Smoothed.LM1

Summer holiday effect, weekday effects, industrial production

Smoothed.LM2

Summer holiday effect, weekday effects, industrial production, annual dummies

Smoothed.LM3

Summer holiday effect, weekday effects, industrial production, dummies for 2009 and 2010

Smoothed.LM4

Like LM2, but separate fits for working days and non-working days

Overall, the effectiveness of these different ways to correct the original load data for the purpose of estimating
load-temperature models strongly differs between countries. For Austria the smoothing of summer holiday

2

This index from Eurostat (2011) includes NACE sectors B (mining and quarrying) and C (manufacturing) but excludes energy supply
incorporated in these sectors.
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effects has the largest influence on the load data and is certainly fruitful for estimating the respective loadtemperature relationship.
For other countries however, in particular those hit hardest by the financial and economic crisis in 2009 and
2010, the industrial production index and additional annual dummies are necessary to correct for these nontemperature related changes in load levels.
Therefore, while it is not possible to have one single procedure for all countries to correct for different nontemperature related effects on load, it seems to be a good idea to apply the statistical modelling of the loadtemperature relationship to all of the different datasets obtained from smoothing and correcting loads, and
finally let a statistical criterion decide on the best model. This will be discussed in more detail in the following
section.
Linking temperature and load
Having suitable temperature data as well as load data corrected for several other important influence factors
but temperature, it is now important to model the statistical relationship between the two for each country. For
this we use the so called Smoothed Transition Regression Models (STR).
As Figure 3 and literature (Moral-Carcedo and Vicéns-Otero, 2005) show the transition from cooling to
heating is a gradual not a sudden process. Therefore, it makes sense to model the transition accordingly. In our
is described via two straight lines modelling the heating and
case this means that the corrected load data
cooling respectively, and then multiplied with a transition function (
, , ).
=(

+

) 1− (

, , )" + (

) (

+

, , )+#
Equation 1

In Equation 1
stands for the temperature at time $ and # is an independent and identically distributed
random variable with mean %[# ] = 0 and variance var(# ) = , while = ( , ), = ( , ), and
describe the parameters which will be estimated thereafter. Moreover the transition function is in our work
represented by a probability distribution function to be precise the logistic distribution function
(

, , )=

1+

1

* +,(-./0+1)

.

The parameter characterizes the threshold where the change of state occurs, while the parameter describes
the pace at which the transition takes place.
To estimate the parameters in Equation 1 we use a Nonlinear-least-squares approach, which requires the
computation of starting values. For this a grid search is used, which means that for each value of in the
sequence of natural numbers from 9 to 20 and each value of in the sequence from 0.5 to 2.5 with step size
0.5 the transition function can be computed and the parameters
and
can be estimated via a linear
regression model. In this way we get for each and estimates for the 3 ’s and 3 ’s in Equation 1.
Thereafter, the estimate of the mean depending on the temperature is calculated.
In a next step the sum of squares of the difference of the load-data and the calculated mean for each given
and is computed
7

451,, = 6(
8
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−

) .

Now the starting values for the Nonlinear-least-squares-estimation are those parameters who compute the
least sum of squares.
The question why the sequences for and are chosen in this way is addressed now. The sequence for the
variable is chosen as the natural numbers from 9 to 20 because the figure of the last section (Figure 3) and
literature (Moral-Carcedo and Vicéns-Otero, 2005) show that the transition between the cooling and heating
effect takes place in this range. Whereas the sequence for is chosen because of several observations:
• First of all, if the value for is chosen too close to zero, the transition function converges to a

constant function.
•

Second, if the value for exceeds a certain limit, it converges towards infinity ( → ∞) and
therefore the transition function converges to an indicator function.

With the computed starting values the estimation of the model via Nonlinear-least-squares represents no
further problem. We use the nls-function, which is implemented in R (R Development Core Team, 2011) and
is based on the Gauss-Newton-algorithm.
Another possibility would have been to assume that the # in Equation 1 are normally distributed and estimate
the model via a Maximum-Likelihood-estimation. But this approach would in the case of a normal
distribution lead to the same solution as the minimization of the sum of squares.
After six different models are estimated for each country, corresponding to six different procedures to filter
the load data, the next step is to select one model for each country. Therefore, plots of the residuals, tests for
normal distribution and the sum of squares are used and analysed. For each country those models are
considered for which the null hypothesis of normal distribution could not be rejected (confidence level: 5
percent). Thereafter, the model is selected which minimizes the sum of squares. Even so, it is not possible for
four out of sixteen countries (BE, IT, ES, PT) to find a model which passes the test of normal distribution.
Since normal distribution is not a necessary condition but identical and independent distribution is, for these
four countries plots of the residuals are analysed and the model corresponding to the best residual plot is
selected.
Until now the model estimation is shown at the example of Austrian working days. As one can observe in
Figure 3, the electricity consumption on non-working days follows a similar pattern as on working days but
on a different level. Therefore, the same approach as described here is chosen and estimated for non-working
days.

2.2

RESULTS

In this section we present our main modelling results. We start by describing in full detail the results of two
countries, namely Italy and France. In a next step we compare temperature induced changes in electricity
demand between all 16 countries.

2.2.1

Model results

The models resulting from the smooth transition regression described in the last section are shown in this part.
While France presents an example for a heating dominated country, Italy is exemplary for a country with a
distinct cooling effect. In this part the respective models are shown by plots and some properties are
discussed. However, the resulting changes in electricity demand are discussed in the next section.
The plot in Figure 4 shows the process of model estimation for France. On the x- and y-axis of the plot the
daily mean temperature and the daily filtered electricity load can be observed. Therefore, each black dot
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corresponds to one data point and the green and red lines are in accordance with the different steps in the
process of model estimation. While the green line represents an interim stage (result from the grid search), the
red one stands for the final model fit.
France is a perfect example for a heating dominated country, meaning that the effect of heating is much
greater pronounced than the cooling effect. In addition, no decline of the heating effect for lower degrees is
observable.
On the other hand, Italy (Figure 5) shows a very distinct cooling effect. Surprisingly, the cooling effect is in
Italy already as developed as the heating effect. Furthermore, a decrease of the heating effect for degrees
lower than 5°C is observable, while the cooling effect increases continuously and shows no decrease for
higher degrees.

Figure 4: Temperature impacts on electricity load in France on working days.
In order to analytically separate the impacts of temperature change from socio-economic developments, we
did calculations under the strong assumption that consumers will react to temperature changes in the future in
the same way as they currently (period 2006-10) do. This assumption is helpful, as the extent of future heating
and cooling electricity consumption will heavily depend on uncertain future energy policy and consumer
behaviour.
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Figure 5: Temperature impacts on electricity load in Italy on working days.

2.2.2

Scenario results

In a next step the eleven EURO-CORDEX climate scenarios (Jacob et al. 2013), which are available in this
project, were used as input for the estimated models. For this purpose the climate scenarios had to be
corrected and aggregated (by the population) as the calibration data, like described in 2.1.1. After this step it
was possible to predict the temperature induced electricity load for the sixteen European countries for which
models were estimated. Thereafter quantiles (VaR 95%) of the estimated electricity load could be calculated
for each country and compared to the base period (1971-2000).
The results of these comparisons for three RCPs (2.6, 4.5 and 8.5) are shown in Figure 6, Figure 7 and Figure
8. Summarizing the three different RCPs, the climate induced change for our sample of 16 Continental
European countries reveals some very interesting patterns. Overall, warmer annual temperatures (+2°C)
reduce the total electricity consumption in Continental Europe.
In particular, this dominance of changing heating electricity demand can be explained by French energy
policy, where electric heating has been strongly promoted since the 1970s. Due to this policy, the reductions
in heating electricity demand in an unusually warm winter in France alone more than outweigh the additional
demand for cooling in an unusually warm summer observed in the 16 Continental European countries for
which calculations are done.
However, even if overall heating effects dominate, cooling effects are not negligible for some countries with
warmer summer temperatures. In particular, in Italy even nowadays annual cooling electricity demand almost
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equals annual heating electricity demand, but is potentially more threatening to network reliability due to its
concentration to fewer peak days. Notably, for Italy the increase in cooling electricity demand is predicted to
be stronger than the decrease in heating electricity demand for all climate scenarios, while for other countries
with comparatively warm summer temperatures (Spain, Hungary, Croatia) a stronger decline in heating
demand than increase in cooling demand is expected.
All in all, in most countries (15 out of 16), see Figure 9, the heating effect dominates, which in combination
with warmer temperatures results in a decrease of electricity demand. The sole exception of this rule is Italy,
where due to the increase in cooling demand an increase of electricity demand is anticipated by the climate
scenarios.

Figure 6: Relative difference of the VaR 95% between 2071-2100 and 1971-2000 on working days for two
scenarios using RCP2.6 in percent.
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Figure 7: Relative difference of the VaR 95% between 2036-2065 and 1971-2000 on working days for five
scenarios using RCP4.5 in percent.

Figure 8: Relative difference of the VaR 95% between 2026-2055 and 1971-2000 on working days for four
scenarios using RCP8.5 in percent.
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Figure 9: Change in VaR 95% for electricity demand on working days between 2036-2065 and 1971-2000 for
RCP4.5 in percent.
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3 Change of Value at Risk to winter tourism demand
Regarding snow oriented winter tourism we focus on the change of weather risk to European-wide alpine
skiing related tourism demand. Figure 10 shows the total length of ski slopes in Europe at NUTS-3 level.
Apparently, skiing tourism in Europe is dominated by the four Alpine countries Austria, France, Italy and
Switzerland, which account for 83 % of total length of ski slopes.

Figure 10: Total length of ski slopes in European countries at NUTS-3 level
Since the comparison of ski area characteristics with tourism indicators did not show a clear pattern and not
only snow oriented tourism plays a role in the winter season, we selected those countries for the tourism
demand analysis which provide an overall length of ski slopes of at least 200 km. Furthermore, we restricted
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the analysis to NUTS-3 regions which provide in total at least 30 km of ski slopes, as we assume that
overnight guests prefer larger ski resorts. Hence, the analysis of climate risks to snow oriented winter tourism
demand is carried out for 119 NUTS-3 regions in the following twelve European countries: France, Austria,
Switzerland, Italy, Germany, Spain, Norway, Sweden, the Czech Republic, Slovenia, Finland, and Slovakia.
Based on the model results we quantify the risk of tourism demand losses due to weather variability and
assess the potential impacts of climate change.
In section 3.1 we outline the general concept of Weather-Value at Risk as well as the application to snow
oriented winter tourism demand. The results are presented in section 3.2.

3.1 METHODS
3.1.1

The concept of Weather-Value at Risk3

The concept of ‘Weather Value at Risk’ (‘Weather-VaR’), introduced by Toeglhofer et al. (2012), represents a
method to measure non-catastrophic economic weather risks and captures both a socio-economic indicator’s
sensitivity and its exposure towards weather variability. Weather-VaR (α) denotes ‘the Value at Risk resulting
from adverse weather conditions, and represents – for a given level of confidence [α] over a given period of
time – the maximum expected loss’ (Toeglhofer et al. 2012, p.191). Weather-VaR (0.95), by way of example,
represents the weather-induced loss, which won’t be exceeded with a probability of 95 % within the
considered time horizon – or put the other way around, which will be exceeded with a probability of 5 %.
Alternatively, the risk measure ‘Weather-VaR’ can also be interpreted in terms of return periods, i.e. WeatherVaR (0.95) expresses the lower bound of the weather-induced loss associated with an average recurrence
interval of 20 periods.
Figure 11 provides a graphical illustration of the Weather-VaR concept. Plot a) in the upper part of the figure
shows the probability density function of some weather-dependent socio-economic indicator, resulting from
the variability of influencing weather conditions. Alternatively, plot b) in the lower part of Figure 11
illustrates the indicator’s cumulative distribution function (CDF), again resulting from the variability of
influencing weather conditions. As shown in both plots, the risk measure Weather-VaR (α), or more precisely
the centred Weather-VaR (α), simply represents the difference between the value of the considered socioeconomic indicator expected under average weather conditions and the value of the considered socioeconomic indicator expected under ‘adverse’ weather conditions as occurring with a probability of (1-α)*100
%. Note that in this context the term ‘adverse’ just means ‘harmful’. Hence, depending on the considered
socio-economic indicator and its relation to weather, different weather conditions may be defined as harmful
or adverse. If, for instance, monthly skiing related winter overnight stays represented the variable of interest,
adverse weather conditions would most likely be defined as unusually high temperatures and lacking
precipitation resulting in a lack of snow cover. If, by contrast, electricity demand represented the considered
socio-economic indicator, unusually low or high temperatures would rather characterize adverse weather
conditions.
Considering plot b) in Figure 11 once again, it is quite obvious that the size of the centred Weather-VaR (α)
depends on the steepness of the illustrated curve, i.e. the steepness of the weather-dependent CDF. Roughly
spoken, the flatter the part of the curve beneath the cumulative probability of 0.5, the higher the indicator’s

3

This methodological section is mainly based on Prettenthaler et al. (2015)
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variability in case of adverse weather conditions and hence the higher the risk emanating from adverse
weather conditions.

Figure 11: Illustration of the Weather-VaR concept (Prettenthaler et al. 2015)

The implementation of the Weather-VaR concept requires information on the weather-dependent distribution
of the socio-economic indicator under consideration, which is determined by both the socio-economic
indicator’s sensitivity towards variations in the weather conditions and the socio-economic indicator’s
exposure to weather variability.
Applying Weather-VaR to assess climate change impacts
The future is likely to bring both, changes in average weather conditions as well as changes in weather
variability (IPCC 2013). Hence, the weather-induced risks faced by various economic sectors are expected to
change as well. As outlined in Prettenthaler et al. (2015), there are two possibilities to apply the Weather-VaR
concept when analysing the differences between weather-induced risks within some reference (REF) period
and weather-induced risks within some future (FUT) period. The first option is to apply the Weather-VaR
concept to each period separately. Thus, for both periods – i.e. for reference and future climatic conditions –
the centred Weather-VaR (α) is simply defined as the difference between the value of the socio-economic
indicator expected under average weather conditions of the considered period and the value of the socioeconomic indicator expected under ‘adverse’ weather conditions as occurring with a probability of (1α)*100 % within the considered period (see Figure 12a). Hence, Option 1 allows for the identification of
potential changes in the risk of weather-induced losses – i.e. changes in the weather-induced variability of the
considered socio-economic indicator –, but does not take impacts of potential changes in average weather
conditions into account. The second option is to take the climate of the reference period into account when
calculating the Weather-VaR under future climatic conditions. That is, for the future period the centred
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Weather-VaR (α) is defined as the difference between the value of the socio-economic indicator expected
under average weather conditions of the reference period and the value of the socio-economic indicator
expected under ‘adverse’ weather conditions as occurring with a probability of (1-α)*100 % within the future
period (see Figure 12b). In other words, unlike Option 1 the future risk of weather-related losses is not defined
relative to a situation under average future weather conditions, but relative to a situation under average
reference weather conditions. This way, the Weather-VaR under future climatic conditions additionally
incorporates potential changes in the average weather conditions between reference and future period.

Figure 12: Two options of how to apply Weather-VaR for assessing climate change impacts (Prettenthaler et
al. 2015)

3.1.2

Application to snow oriented winter tourism demand

Figure 13 shows the methodological approach used in IMPACT2C to quantify changes in Weather-VaR
(0.95) to winter tourism demand in major skiing tourism intensive NUTS-3 regions in Europe. Applying the
concept of Weather-VaR, the following modelling steps are required:
First, for each NUTS-3 region a regression model is established to describe the relationship between snow
conditions and skiing related winter tourism demand (Step I). We use a partial adjustment model – a specific
form of the general autoregressive distributed lag (ADL) model – on a monthly basis (Nov – Apr) to estimate
the impacts of snow conditions on winter overnight stays of each NUTS-3 region under consideration.
Historical time series data on monthly overnight stays stems from the respective national institutes of
statistics. Due to the lack of data – the length of available time series data comprises between 7 and 37 winter
seasons – we do not distinguish between the different months, except for November and April (see below).
The basic regression model is shown in Equation 2:
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where s is the index for the winter season, m the index for the month (between November and April),
#B,C represents the error term and

β0

to

β7

the respective coefficients. Besides snow conditions – 4F G

represents the tested snow index j –, we control for other important factors which may influence tourism
demand:
• It is quite common to incorporate lags of the dependent variable in tourism demand models to control
for tourist expectations and habit persistence, i.e. stable behaviour patterns (Song & Witt 2000). We
include the logarithm of overnight stays (ln(nightsm,s-1)) of the respective month lagged by one
season.
•

The gross domestic product (GDP) per capita in major sending countries, weighted by the fraction of
overnight stays of the considered sending countries and measured in constant prices (US $) as well as
constant purchasing power parities (PPPs), as an indicator of income. Data stems from OECD and is
given on an annual basis. To use it on a seasonal basis, we take the value of the year Y for the season
Y/Y+1. Furthermore, as we found evidence of non-stationarity, the first-differenced series of the
variable (∆gdps = gdps – gdps-1) is used in the models.

•

The harmonized consumer price index, weighted by the fraction of overnight stays of the considered
sending countries. Data stems from OECD and is given on an annual basis. Again, the firstdifferenced series of the variable is used (∆hicps).

•

We include two dummy variables (coded with 1 and 0) indicating (i) shoulder season months
November and April (month_11_04) and

(ii) months of April in which Easter takes place

(Easter_04).
•

A winter season trend variable is included for the purpose of capturing potential unexplained (linear)
seasonal trends (season).

We perform a backward stepwise regression model selection based on the Bayesian Information Criterion
(BIC) (Schwarz 1978), starting with an initial model as shown in Equation 2.
Snow data stems from the hydrological model VIC (Liang et al. 1994). Daily values of snow water equivalent
are available on a grid of 0.5 x 0.5 degrees and for elevation bands with average distances of around 266 m.
For tourism model calibration, historical snow data for the period 1958-2010 are obtained by forcing the
hydrological model with E-OBS gridded data (Haylock et al. 2008) version 9. As we focus in our analysis on
skiing related tourism demand measured by overnight stays at NUTS-3 level, an appropriate snow index at
NUTS-3 level is needed, which best reflects the snow conditions of all enclosed ski areas. To aggregate the
data from grid to NUTS-3 level, we took the weighted mean of those grid cells within a NUTS-3 region in
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which ski areas are located (matched by the geographic coordinates of the ski areas, if available, or at least of
the nearest town), using the total length of ski slopes as weighting factor. Hence, snow conditions in more
skiing intensive areas are given higher weights to improve the accuracy of the resulting aggregated snow
index. We aggregated the data for three different altitudes of the ski areas - the mean, the lowest and highest
altitude – using for each the closest available elevation band. In total, we tested nine snow indices: monthly
mean snow water equivalents (SIswe_mean), fraction of days per month with at least 120 mm SWE (SIdays_swe120),
and fraction of days per month with at least 4 mm SWE (SIdays_swe4) – each at three different altitudes (_mean,
_min, _max
). Among these snow indices, SIdays_swe120_mean turned out to be the most appropriate snow index,
leading in the majority of models to the lowest BIC (Bayesian Information Criterion).
11 VIC simulations of future snow projections are available, based on a selection of EURO-CORDEX (Jacob
et al. 2014) climate simulations underlying three different Representative Concentration Pathways (RCP):
RCP2.6 (2 simulations), RCP4.5 (5 simulations), and RCP8.5 (4 simulations). For details regarding the
selection process see Mendlik & Gobiet (submitted).
The snow sensitivity of winter overnight stays (β2 in Equation 2), i.e. the relative change in winter overnight
stays due to an absolute change in snow conditions resulting from the estimated models, is used together with
the empirical distribution of the simulated snow index to calculate the relative Value at Risk (0.95) of winter
overnight stays for the reference period 1971-2000 (‘CURRENT’) as well as for the +2 °C period of each
simulation. To calculate the current relative Weather-VaR (0.95) of winter overnight stays we take the
difference between the median and the 5th percentile of the empirical distribution of the simulated snow index
for the reference period. Multiplying by the determined snow sensitivity of winter overnight stays (β2) results
in the monthly relative loss of winter overnight stays related to a 1-in-20-year event under current snow
conditions (Step II a). For the +2 °C warming scenarios we take the difference between the median of the
empirical distribution of the simulated snow index for the reference period 1971-2000 and the 5th percentile
for the +2 °C periods (see Option 2 in section 3.1.1), multiplied by the snow sensitivity of winter overnight
stays (Step II b).
Applying these relative losses to either current overnight stays (of the period 2005-2010) or baseline
projections of overnight stays for the +2 °C periods – based on GDP and population scenarios of three
different Shared Socio-economic Pathways (SSP1 – SSP3) (O’Neill et al. 2012) –, we obtain the Value at
Risk of winter overnight stays in absolute terms. The current overnight stays are used to calculate on the one
hand the current absolute Weather-VaR of overnight stays, when taking the relative Weather-VaR for the
reference period into account (Step III a). On the other hand, taking the relative Weather-VaR for the +2 °C
periods, we obtain the impacts on the absolute Value at Risk of winter overnight stays for the +2 °C periods,
which are solely induced by climate change, i.e. no socio-economic development is assumed (Step III b). The
baseline projections of winter overnight stays are used to calculate the absolute risk of losses of winter
overnight stays considering socio-economic changes as well. In other words, these baseline projections of
winter overnight stays, which do not include climate change, are multiplied by the relative Weather-VaR of
the +2 °C periods to determine the additional climate change impact which arises from a growing population
and changes in GDP (Step III c). For RCP2.6 scenarios we use the sustainable development scenario SSP1,
RCP4.5 scenarios are combined with all three SSPs, and in case of RCP8.5 scenarios SSP3 is selected.
To extrapolate the baseline development of future overnight stays for a given country of origin without
considering climate change, we relate the overnight stays per inhabitant to GDP per capita of the country for
the years 2000-2011. Since with growing number of overnight stays per inhabitant the rate of growth in
overnight stays might slow down, we estimate a non-linear relationship and assume that the rate of change in
elasticity, i.e. the rate of change in the ratio of the percentage change in overnight stays per inhabitant to the
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percentage change in GDP per capita, is the same for each country. With projections of GDP and population
(of each SSP) we use these elasticities to project the future number of overnight stays by a given country.
Monthly Weather-VaR at NUTS-3 level are aggregated to seasonal values at country level by taking the
correlations of snow conditions between the months and NUTS-3 regions into account (see Toeglhofer et al.
2011, p. 99).

Figure 13: Methodological approach to quantify the Weather-VaR of current and future winter tourism
demand

3.2 RESULTS
Figure 14 shows the sensitivity of winter overnight stays towards snow conditions of all considered NUTS-3
regions in the twelve selected countries of Europe. In 66 out of 119 regression models a significant positive
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relationship (at 10 % significance level) between the finally selected measure of snow conditions – the share
of days per month with at least 120 mm SWE (at mean altitudes of ski areas) – and monthly winter overnight
stays could be found (dark blue NUTS-3 regions in Figure 14). There is one NUTS-3 region in Austria which
shows a significant negative relationship. This may be explained by a high density of thermal baths in this
region, which benefit from poor snow conditions in the winter season. In 52 NUTS-3 regions no significant
relationship between overnight stays and snow conditions could be found; the stepwise regression procedure
led to removal of the snow index in 44 of these models.

Figure 14: Sensitivity of winter overnight stays towards snow conditions
Based on the determined snow sensitivity of each NUTS-3 region under consideration, the Value at Risk of
winter overnight stays is calculated for the +2°C periods. RCP8.5 simulations reach +2°C in average in the
period 2026-2055, RCP4.5 simulations in average in the period 2036-2065. Since RCP2.6 simulations do not
hit the +2°C threshold within the simulation period until 2100, we take the period 2071-2100 to present results
for these simulations. Figure 15 shows the Weather-VaR (0.95) of winter overnight stays for the reference
period as well as for the +2 °C periods of the respective RCP simulations. The left plot presents the risk of
losses in absolute terms, whereby the future risk is split into the solely climate-induced impact and the
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additional climate impact due to socioeconomic changes. In the right plot the climate-induced Weather-VaR
(0.95) of winter overnight stays is shown in relative terms.

Figure 15: Weather-Value at Risk (0.95) of winter overnight stays in the +2 °C periods in comparison to the
reference period, in absolute (left) and relative terms (right) and aggregated at country level

The highest weather-induced risk of losses in winter overnight stays – in the current period as well as in the
+2°C periods – is given in Austria, followed by Italy. These countries account for the largest fraction of skiing
related winter overnight stays in the NUTS-3 regions under consideration, currently as well as in future
periods. Comparing the results of the different RCP simulations, it has to be kept in mind that these
simulations refer to different time periods in which +2°C is reached, but the underlying socio-economic
development and baseline projections of overnight stays differ at different points in time. As a consequence,
in most of the countries the highest risk of losses in overnight stays in absolute terms is achieved in the
RCP2.6 scenarios, although these scenarios do not even hit +2°C within the 21st century, but the baseline
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projections of overnight stays based on GDP and population scenarios (SSP) are highest in RCP2.6 which
refers to the end of the century.
Among the four ‘big players’ of European skiing tourism – Austria, France, Italy and Switzerland –, France
shows the lowest increase in risk of losses in winter overnight stays. In many NUTS-3 regions in France no
significant relationship between snow conditions and overnight stays could be found. France benefits from ski
resorts in higher altitudes. The highest increase in risk of losses in winter overnight stays is determined for
Austria.
The impact of poor snow conditions on winter overnight stays in Spain is less pronounced. Due to the fact that
snow oriented winter tourism is not dominating in this country, in the majority of investigated NUTS-3
regions in Spain the influence of snow conditions was not significant. Regarding Scandinavian countries, it is
striking to note that Sweden shows a higher risk of losses in winter overnight stays compared to the other
Scandinavian countries, even in the reference period.
Overall, under +2°C warming the weather-induced risk of losses in winter overnight stays related to skiing
tourism in Europe amounts up to 8.6 million nights (with a probability of 95%), which is +5.2 million
overnight stays compared to the current period (see Figure 16Fehler! Verweisquelle konnte nicht gefunden
werden.). Disregarding socioeconomic changes, the aggregated change in risk of losses amounts only up to
+2 million overnight stays in the investigated NUTS-3 regions over Europe. It has to be noted that,
considering socio-economic development, the highest absolute effects are achieved in RCP2.6 which refers to
the end of the 21st century, while in the ‘climate change only’ consideration the highest absolute effects are
reached in the most severe RCP8.5 which hits the +2°C threshold in the period 2026-2055.

Figure 16: Aggregated Weather-Value at Risk (0.95) of winter overnight stays for all considered NUTS-3
regions in Europe. Error bars show the range of climate simulations. For RCP4.5 the impact of
underlying SSP (1 to 3) is shown in the different bars.
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The applied methodological approach underlies various assumptions and entails limitations and uncertainties
that have to be considered when interpreting the results:
•

The snow sensitivity of winter overnight stays is determined on the basis of natural snow
conditions. Thus, the impacts of overall snow conditions – including artificial snow – on winter
tourism demand might be underestimated, unless natural and artificial snow conditions are
highly correlated.

•

In order to calculate climate change impacts, we assume the determined sensitivities to be
constant over time. Since weather sensitivities might change in future, for instance due to
tourists’ changing preferences, applying historically observed sensitivities for assessing climate
change impacts bears uncertainties.

•

Climate change in tourist-sending countries or competing destinations and its impacts on
tourism in the respective country under investigation are not taken into account.

•

Due to data availability, the present analysis focuses on the impacts of snow conditions on
skiing related monthly overnight stays. Overnight guests might be less sensitive towards snow
conditions than day trippers which play also an important role for winter tourism businesses.
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4

Change of Value at Risk to summer tourism demand

Tourism is a billion euros industry for Europe and especially for the southern countries for which summer
tourism is an important contribution to their GDP. According to World Travel & Tourism Council (WTTC,
2014) the percent (%) total contribution of
travel and tourism to EU27 GDP was 9%
during the 1989 – 2013 period. In 2013 this
total contribution, that includes the direct,
indirect and induced impacts on the
economy, was over EUR 1.1 trillion
corresponding to 9% EU27 GDP, generating
over 9 million jobs directly (4.1% of total
EU27 employment) from which 7.8 million
(87.5%) over Mediterranean countries.
Tourism contributes over 150 billion
US$/year to the GDP of France, Italy and
Spain with the largest proportion
corresponding to summer tourism (). A great
share (over to 20% and up to 30%) of GDP
for Malta, Cyprus and Croatia is based on
tourism industry (Figure 17), while
beneficiaries of the future, as projected by
the WTTC, could base their economies by
up to 40% on tourism (Montenegro, Croatia;
Figure 17).
Climate can influence productivity and
reliability of any given human or natural
system. Climate change is projected to
amplify existing climate-related risks (IPCC,
2014). Tourism, as a human based system is
highly dependent on the climatic conditions.
Figure 17: Average total contribution of tourism to
Changes in average climatic conditions will
national GDP in billion US$2005/yr for the 1989pose stress in the climate favorability of
2013 period (left panel), % share contribution to
European destinations for tourism and
GDP according to WTTC historical (1989-2013
recreational activities (Perry, 1997; Gomez
purple) and projection (2014-2035 orange) periods.
Martin, 2005; Bujosa et al., 2015). Tourism
is subjective to multiple climate driven
stresses such as deviation from the preferred climate, limited availability of water resources, loss of
biodiversity, air pollution, sea level rise, extreme events, etc. (Barrios and Salvador, 2013). Key climate
variables that have a direct impact on the human perception are temperature, humidity, sunshine, radiation,
precipitation and wind (Hamilton and Lau, 2004; Gomez Martin, 2005; Matzarakis, 2001) and determine a
large share of international tourism flows. Tourism is also related to different social and economic aspects
that interfere in the choice of destination (Magnan et al., 2013). Is therefore crucial to examine climate
- 30 -

along with socio-economic factors in order to assess the potential vulnerability of tourism from a 2oC
global increase.
The assessment of the effects of climate change on tourism is approached by several methods (a) physical
changes analysis, (b) climate favorability indices and (c) preference based tourism demand modelling
(Rosselló-Nadal, 2014), resulting in similar findings in terms of problematic areas mapping. In this study the
widely used Tourism Climatic Index (TCI; Mieczkowski, 1985) and its climate induced change from a 2oC
global warming is used as a predictor of tourism demand for the European summer tourism. We also
determine the change of Value at Risk (VaR) of tourism demand in conformity to Solvency II. Finally we
examine the vulnerability of summer tourism based on a well-defined framework of exposure, sensitivity and
adaptive capacity indicators (Perch-Nielsen, 2010) for a set of plausible climate (RCPs) and socioeconomic
(SSPs) combinations.

4.1 METHODS
4.1.1

The Tourism Climatic Index

The TCI is a summary of ratings of five human comfort indices related to sightseeing tourism, developed by
Mieczkowski (1985) based on previous research dealing with the relation of climatic classifications and
common tourism activities. The sub-indices related to thermal comfort are weighted to 50% of the total
weighting reflecting the importance of the heat comfort to outdoor activities. The 40% of the weight is
assigned to daytime comfort index. The rest 10% is assigned to the daily comfort index, reflecting conditions
of thermal comfort over the entire 24 hours of the day, including the significant lower activity of the
nighttime. Thermal comfort sub-indices that have a high weighting in the TCI formulation, consider both
monthly means of daily temperature and humidity. The thermal comfort component of TCI is based on
Misenard (1937) equation which is shown in Equation 3.

CI = T – 0.4 (T – 10 ) (1 − Rh /100 )
Equation 3
where T is temperature (oC) and Rh the relative humidity (%). Using monthly means of maximum daily
temperature and minimum humidity in Eq. 1, the CID sub-index is derived in oC. The CID represents the
thermal comfort for the daytime. When the monthly means of mean daily temperature and humidity are used
instead, the CIA sub-index, which represents the average daily thermal comfort, is derived. The third subindex R is the mean monthly precipitation in mm, the fourth sub-index S is the mean monthly daily sunshine
duration and finally the sub-index W is the monthly mean wind speed in m/s. An optimal range is set for the
thermal comfort indices CIA and CID, while values higher or lower of that range are rated with lower scores.
The nonexistence of rainfall / wind is rated as optimal state for these sub-indices. In contrast, sunshine is rated
proportionally to its duration. The rated TCI sub-indices are then weighted according to the Equation 4, using
different weights resulting to the final TCI index. According to the weights used, the thermal comfort is the
most significant part with a total weighting of 10 for the thermal comfort sub-indices’. Precipitation and
sunshine duration are equally weighted with a weighting factor of 4. Finally, the wind speed is of less
importance using a weighting factor of 2.
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TCI = 8·ClD + 2·ClA + 4·R + 4·S + 2·W
Equation 4
The TCI is finally categorization using the subjective categorization shown in Table 5 that classifies the
percent scale of TCI to ten categories.

Table 5: Tourism Climatic Index classification.

4.1.2

TCI score

Category

Characterization

90-100

Ideal

Excellent

80-89

Excellent

70-79

Very good

60-69

Good

50-59

Acceptable

40-49

Marginal

30-39

Unfavorable

20-29

Very unfavorable

10-19

Extremely unfavorable

< 10

Impossible

Very good and good

Acceptable

Unfavorable

Summer tourism and Value-at-Risk (Var) analysis

Value-at-Risk (VaR) is a measure in financial services to assess the risk associated with a portfolio of assets
and liabilities. It is designed to forecast the maximum expected negative return under normal conditions over
a specific time interval, given a (statistical) confidence limit, (Jorion, 2007).
In the case of summer tourism the uniform risk measure of 95% VaR (the 20 year event) is used, with an
annual time interval over the historical and +2oC time horizons. Total overnight stays over two reference
summer season tourism periods (May to October and June to August) are used as demand indicator and VaR
values of corresponding historical and +2oC periods per RCP were defined.

4.1.3

Vulnerability of summer tourism – a scoring model approach.

The integration of data referring to future climate changes and impacts with demographic and socioeconomic
indicators of adaptive capacity is a common practice for the mapping of vulnerability. The risk in the
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European tourism industry from a +2oC global warming is assessed with the aid of an index approach that
accounts for the exposure, the sensitivity and the adaptive capacity of European (NUTS3 level) summer
tourism. The assessment of vulnerability provides a qualitative view of climate risk rather than explicit
predictions of climate change outcomes or impacts. Since the various climate, demographic and
socioeconomic indicators are measured in different units, they are all brought to a common scale using
appropriate normalization method. Several normalization methods can be found in literature, each with
specific advantages and disadvantages (OECD, 2003). In this analysis, the decile normalization (PerchNielsen, 2009) was preferred for its robustness and simplicity. The method categorizes the indicators’ data
into deciles and assigns score from 1 to 10. Table 6 summarizes the indicators and corresponding expressions
of exposure, sensitivity and adaptive capacity of European summer tourism used in the scoring framework.

Table 6: Indicators and corresponding expressions of exposure, sensitivity and adaptive capacity of European
summer tourism.
Indicator

Expressed by

Suitability of mean climate for tourism

TCI – Tourism climatic Index

Adaptive
Capacity

Sensitivity

Exposure

Change in maximum 5-day precipitation total.
Frequency and intensity of extreme events
relevant to tourism

Change in fraction of total precipitation due to
events exceeding the 95th percentile of
climatological distribution for wet day amounts

Change in heat waves

Heat wave index

Water stress

Change in runoff

Robustness of tourism infrastructure and
resources towards extreme events

Number of people totally affected by meteorological
extreme events

Sensitivity to sea level rise

Coastal area zone per NUTS3 region
Land value of coastal areas.

Environmental capital

Percent share of Natura 2000 sites within the NUTS3
region

Antropic capital

Quality of tourist sights and landmarks

Sensitivity of tourism infrastructure

Number of establishments in each region

Economic resources available to tourism
to adapt

GDP per capita (PPP)

Economic importance of tourism

GDP generated by the travel and tourism industry

Institutional Capital

Quality of governance

Human Capital

Percent of highly educated working population.
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4.2 RESULTS
Impact of a 2 degree global warming on the “summertime” overnight stays (also stated as nights spent at
tourist accommodation establishments in Eurostat database) is expressed as projected Value at Risk (VaR)
estimations in Figure 18. The projection of the VaR was based on a representative indicator of outdoor
tourism climate favorability, the TCI. The estimations were conducted at the spatial scale of NUTS3 level for
the entire Europe, however they are presented as aggregated values at country level. For each EU27 four
columns are used to illustrate the VaR for the reference (1971-2000) and the +2oC period according to the
RCP2.6, RCP4.5, A1B and RCP8.5 pathways respectively. It has to be noted that RCP2.6 does not reach the
specific warming level, thus the last 30 years of the 21st century were obtained for the analysis of that
scenario. The right panel of Figure 18 includes the resulting VaR values at country level for two periods. The
first period, May to October represents the typical summer tourism season for Europe and the second, June to
August, the peak of the summer tourism period. The map on the left part is a spatial representation of the May
to October results. An overall increase of tourism demand risk is projected for the Mediterranean countries
due to changes in the individual climate variables within TCI (like maximum temperature that mostly affect
thermal comfort), whilst a general decrease is estimated for northern European countries. In most cases, the
RCP8.5 scenario shows greater VaR values in the +2oC period comparing to the other concentration
pathways. This is attributed mainly to the increased year to year variability in the TCI compared to the
RCP8.5 and A1B scenarios.
Comparing the average of all countries results, it can be said that the worst (in EU27 average) scenario for the
May to October period is RCP4.5 with an average increase of VaR of 0.8%, while the other two scenarios
show an average decrease in VaR of 0.4% and 0.5% for A1B and RCP8.5, respectively. The corresponding
EU27 averages for June to August are 0.7% increase in RCP4.5 and 0.1% and 0.2% decrease in A1B and
RCP8.5, respectively.
Portugal, Greece and Cyprus, that share 5.7% of overnight stays in Europe 27 (2013 Eurostat data) are shown
as the most negatively affected countries in terms of the European summer tourism demand VaR, showing an
average increase in the May to October period VaR. More specifically, for Portugal, the VaR increase is
estimated between 1.5% and 2.5%, for Greece 0.1% to 1.6% and for Cyprus 1.0% to 2.6%, respectively.
On the other hand, the strongest positively affected country is Luxemburg with an average reduction in VaR
of 2.2% under RCP2.6.
The summer tourism demand risk projections shows an overall smaller change in VaR compared to the
corresponding results of winter tourism. This is mainly attributed to the very strong correlation of winter
tourism to the existence of snow. Snow existence is rather susceptible to the increase of average winter
temperature. Summer tourism in contrast can be affected negatively by a strong increase in average and
maximum summer temperature, which however can benefit the early and late summer periods, compensating
the loss of the June to August peak period.
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Figure 18: Value at Risk (95%) of summer (May to October) overnight stays – aggregated at country level (left). Country level VaR [%] (right).
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The vulnerability index was assessed at NUTS3 level for Europe for the reference, the +1.5oC and +2oC
period, explicitly and for all five RCPs and SSPs mandatory combinations as defined in the frame of the
IMPACT2C project (WP5, Deliverable 5.3). The differences between the SSPs and thus the different
adaptation capacities are discussed. Figure 19 shows the spatial variability of summer tourism vulnerability
between the European NUTS3 compartments. One of the key findings is the increase in the climate change
induced vulnerability of the southern European countries. Spain, France, south Italy, southernmost Greece,
northern Balkan Peninsula and Sweden are found to be hotspots of increased vulnerability at the considered
specific global warming levels.
The driving forces of the increase in vulnerability for the aforementioned areas varies between changes in
climate exposure indicators (Table 6 - Exposure) and the corresponding projected adaptive capacity as it is
expressed through different SSPs. Country level (NUTS0) aggregates of vulnerability are shown in Figure 20
against the reference period’s importance of tourism, as it is expressed through the % contribution of tourism
to each country’s GDP. The six Mediterranean countries, Italy, France, Portugal, Spain, Greece and Cyprus
(marked in red in Figure 20) represent as a whole a large share (totally 47%) of the €1.1trilion contribution of
the total European tourism industry European tourism (and at the same time has a large share to their national
GDP).
The analysis of the position in Figure 20 of each country reveals the future winners and losers of summer
tourism, relatively to the average tourism contribution % of EU27 member states. At the right part of the
vertical average line (Figure 20 – quadrants 1 and 4) the countries with significant “tourism share” (tourism
importance at national level) are located. Countries within the 1st quadrant (upper right) are projected to
exhibit the higher increase in vulnerability. Those countries are the mainly affected from a +2oC global
warming. Estonia, Bulgaria and Cyprus are between the most negatively affected countries. In contrast, the
countries in the lower right part (quadrant 4), have high % share of tourism on their GDP, but is expected to
exhibit lower changes in vulnerability. These are the beneficiary countries as they have already developed
their tourism sector, while are expected to be less affected in terms of vulnerability by the change in climate.
Italy and Spain belong to this category and depending to the level of exposure and adaptive capacity (related
to the different SSP scenarios), Portugal, Greece and Hungary may also belong to this category. The countries
in the lower left part (quadrant 3) of the figures have the potential to develop higher shares of tourism to their
GDP due to the lower (or negative) increase in the vulnerability. Central and northern European countries
such as Romania, Germany and UK are amongst the “stars of tomorrow”. Finally the countries that have
small share of tourism to their GDP and for which the vulnerability is expected to increase will not be affected
significantly. Denmark, Sweden, Finland belong to these “unaffected” countries.
Among the different RCP scenarios, it is shown that the RCP2.6, even if it refers to +1.5oC of global warming
(+2oC are not reached under this scenario – see Vautard et al., 2014) exhibits the larger spread in terms of
vulnerability, compared to the RCP4.5 and RCP8.5, both in May to October and June to August periods
(Figure 20). Moreover, a significant outcome regarding the RCP4.5 is that different projections of countries
GDP according to different SSPs (SSP1, 2 & 3) does not affect significantly the change in vulnerability, at
least in the composition of the presented scoring model. This is mainly because the different SSPs contribute
to the adaptive capacity only in the rough context of the GDP projection at country level, while further
information regarding the directions of adaptation for each SSP are not currently available.
The +2oC in global temperature is foreseen to pose changes the climate - related vulnerability of tourism
sector. The projected changes in combination to the different contribution of tourism industry to each
country’s GDP is expected to change the equilibrium state of the future European tourism regime. The
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conducted analysis point directions of adaptation to climate change, while also reveals potential opportunities
for tourism development in future.

Figure 19: Vulnerability in +2oC for different RCP – SSP scenarios.
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Figure 20: Vulnerability in EU-27 against the importance of tourism for different RCPs and SSPs scenarios
for the +2oC (+1.5oC for RCP2.6) global warming. Red color indicates Mediterranean countries.
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