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1. Objectives  
Milestone 36 (MS36) of the CLIP-C project is a constituent part of Work Package 8 (WP8), which 
aims to develop interactive tools for the CLIP-C web portal that allow users to compare, aggregate, 
explore scenarios and assess uncertainties of climate impact indicators. This milestone is based 
on the more comprehensive methodological overview provided by Milestone 34 that outlined all 
tools to be developed by WP 8.  

 

The overall objective of MS 36 is to describe the key tools and underlying methodologies for 
comparison, ranking and combination of impact indicators.  

In particular the milestone aims to 

• Describe the required data pre-processing, namely  

o the statistical normalisation of data and  

o the spatial harmonisation of data, 

• Define the methodology and outline the comparison tool  

• Define the methodology and outline the comparison and ranking tool   

 

MS 36 thus provides the methodological blueprint for the combination, comparison and ranking 
tools of the CLIPC portal. Hence it is the basis for the ongoing tool and interface development, 
which will be completed by September 2016. A follow-up milestone (MS 38) will document the final 
implementation of the tools outlined in the current document.  

 

 

Figure 1 places the combination and comparison/ranking modules within the overall context of 
CLIPC tools. Accordingly, both tools (on the left and right of the diagram) draw on the CLIPC 
database and data selection module and later on feed their results into the visualisation module 
(both the in centre of the diagram).  



 

Figure 1: The indicator combination and comparison tools within the overall architecture of the portal 

 

 

 

 

 
  



2. Required preprocessing of indicators  

2.1  Normalisation of indicators 

One main aspect of WP8 is the development of an aggregation tool in order to aggregate and 
combine different indicators. Besides considerations about reasonable impact functions for 
different impact indicators as well as possible weightings the users shall be enabled to attribute to 
the individual indicators. While designing the tool, one also has to take into account possible 
preceding pre-processing steps of the data. 

The users will be able to choose between tier1, tier2, and tier3 indicators, all of which have a 
different co-domain, and most important different unit. For example we deal with climate data like 
mean temperatures (unit: temperature in any unit or some transformation) or socioeconomic data 
like heat-related deaths (unit: quantity).  Mostly it is not easily possible to find a common unit and 
transform the indicators. In these cases normalisation of the indicators preceding their combination 
in the aggregation tool is an essential step in order to guarantee comparability and offer a valid 
combined factor. 

In the following we will present several types of normalisation. Beyond we will illustrate that all of 
these normalisation methods have a different effect under different data situations / indicators, 
particularly when focusing on graphic visualisation of the combined factor. We will focus on three 
different data situations: 

• Different units, no conspicuous extreme values 
• Different units and one or a few conspicuous extreme values 
• A common unit, but different distributions of indicators and therefore different co-domains 

According to the data situation different aspects have to be taken into account. In some cases it is 
reasonable to apply a pre-processing step in addition to the normalisation step that precedes the 
combination of indicators. Thus, in the following, we try to make a recommendation which type of 
normalisation and additional pre-processing steps could be applied in different data situations and 
with different aims in mind.  

2.1.1  Possible normalization methods 

We focus on three different approaches of normalisation – Normalisation into co-domain [0, 1], 
standardisation, and normalisation through consideration of percentiles or ranks – and the 
additional possible preceding step of taking the logarithm of the data: 

Normalising by scaling between 0 and 1 / min-max method 

One approach is to scale every indicator between the values 0 and 1. This can be done by 
subtracting the minimum value of the indicator from every value, furthermore dividing by the range 
of the values of the indicator: 

Normalised(𝑥𝑥𝑖𝑖) =  
𝑥𝑥𝑖𝑖 − min (𝑥𝑥)

max(𝑥𝑥) − min (𝑥𝑥)
, 

where 𝑥𝑥𝑖𝑖 represents one value of the whole data set 𝑥𝑥. 

 



Standardisation / z-score method 

Normalisation through standardisation or using the z-score method represents an alternative for 
normalisation to the min-max method. Similar to the min-max approach the values are shifted and 
divided by a dispersion parameter: 

Normalised(𝑥𝑥𝑖𝑖) =  
𝑥𝑥𝑖𝑖 − mean(𝑥𝑥)

�var(𝑥𝑥)
, 

where again 𝑥𝑥𝑖𝑖 represents one value of the whole data set 𝑥𝑥. mean (𝑥𝑥) is the mean of the data set 
𝑥𝑥, var(𝑥𝑥) is the sample variance, more explicitly �var(𝑥𝑥) represents the standard deviation. 

The transformed data have mean 0 and sample variance or standard deviation 1. Anyway, 
in comparison to normalised data by the min-max approach the range of two normalised 
data sets can still differ. 

 

Normalisation through consideration of percentiles or ranks  

It is possible to express every data value 𝑥𝑥𝑖𝑖 of the whole data 𝑥𝑥 by its percentile. For that purpose, 
the values 𝑥𝑥𝑖𝑖 are first ranked, then divided by the total number of values 𝑛𝑛, and finally rounded: 

Normalised(𝑥𝑥𝑖𝑖) =  𝑟𝑟𝑟𝑟𝑟𝑟𝑛𝑛𝑟𝑟 �
𝑟𝑟𝑟𝑟𝑛𝑛𝑟𝑟(𝑥𝑥𝑖𝑖) ∗ 100

𝑛𝑛
� /100. 

Percentiles result if two decimal places are taken into account when rounding which is achieved by 
multiplying and dividing by 100 in the formula given above. 

Note that the data can exhibit ranks, which means that one or more values are exactly the same 
(so called ties in the data). In this case the ranks are not uniquely specified. Several options are 
possible – e.g. generating average ranks, always take the maximum, or always take the minimum 
rank. In the following we apply the first approach of generating average ranks. 

2.1.2 Testing different normalization methods using simulated data 

In order to compare the different normalisation approaches and further possible pre-processing 
steps of the data in different data situations we generate a simple data example. Focusing on 
NUTS-0 regions (national states) and two indicators for every following example, resp. data 
situation, we generate random numbers from two pre-specified distributions which are assigned to 
each national state. The resulting values are sorted from north to south, resp. east to west, in order 
to generate a colour gradient when visualising the “artificial indicators”. More precisely focusing on 
the first indicator northern countries are assigned lower values than southern countries, relating to 
the second artificial indicators western countries display lower values than eastern national states. 

 

 

 



Different units, no conspicuous extreme values 

First of all we consider the case of two indicators possessing different units. As mentioned before 
in these cases normalisation of the indicators is an essential step in order to guarantee 
comparability. In this example we generate random numbers from a uniform distribution with 
minimum 0 and maximum 20 as well as a normal distribution with expected value 30 and standard 
deviation 10. The distributions, resp. the two artificial indicators are visualised in Figure 2. 

Figure 2: Indicators with different units and different distributions.  
Left: uniformly distributed with minimum 0 and maximum 20;  
Right: normally distributed with expected value 30 and standard deviation 10. 

Figure 3 and Figure 4 show the effect of normalisation of indicators on the subsequent combination 
of these. The left and centre maps visualise the normalised indicators, respectively, while the right 
map illustrates the combined impact factor. In this example and all the following cases we use the 
simple combination of average with each indicator having the same weight. 

Figure 3: Min-max normalisation.  
Left and centre: normalised indicators from Figure 2; Right: combined impact factor. 

 
Figure 4:  Normalisation through standardisation.  

 Left and centre: standardised indicators from Figure 2; Right: combined impact factor. 



In both cases one can see similar effects. The colour gradient of the combined factor has changed. 
As a result of considering the average values as combination now north-western countries feature 
low values. The values increase from north-west to south-east.  

As a result of the preceding normalisation of the single indicators, the interpretation of the resulting 
combined impact factors is challenging in either case. The combined factor cannot be interpreted 
on a special unit. This means the explicit absolute numeric values are not interpretable and 
comparable with results of other impact factors or combined factors. Still, one can interpret and 
compare the values relatively to each other, since only linear transformations have been carried 
out in the step of preceding normalisation. For example in Figure 4 (right map) a value of 2.0 can 
be interpreted as being twice as high as a value of 1.0. The same applies to the min-max 
normalisation and a subsequent combination. 

 

Different units and one or a few conspicuous extreme values 

If the one or both indicators exhibit some conspicuous extreme values, which differ from the 
distribution of the remaining observations of the indicators, those extreme values can have a great 
influence on a subsequent combination of the indicators, particularly if graphical visualisation is in 
focus. 

To illustrate these effects we generate an example with one indicator possessing one conspicuous 
extreme value. Again, like in the preceding example, one artificial indicator being generated by 
random numbers from a uniform distribution with minimum 0 and maximum 20, the other by 
random numbers from a normal distribution with expected value 30 and standard deviation 10. In 
addition, one extreme value of 250 is applied to Iceland (see Figure 5 for a map). 

 

Figure 5: Indicators with different units and different distributions.  
Left: uniformly distributed with minimum 0 and maximum 20;  
Right: normally distributed with expected value 30 and standard deviation 10;  
          Iceland has value 250, representing an outlier. 

One can see that the existence of such an extreme value results in remaining observations not 
being well distinguishable, particularly not when focusing on graphical visualisation through a 
colour gradient. In the right map of Figure 5 one cannot differ between the different values except 
Iceland, hardly any colour gradient is visible. 



If one or a few such conspicuous extreme values stand out, one can take into account a further 
pre-processing step preceding the normalisation. Taking the logarithm log(𝑥𝑥𝑖𝑖) of all values can 
have a strong effect in such situations since it is a non-linear (although monotone) transformation. 
The result is shown in Figure 6. 

Figure 6: Logarithmic transformation of indicator with outlier 
Left: uniformly distributed first indicator from Figure 5;  
Right: logarithmic second indicator from Figure 5. 

In the graphical visualisation the values are now better distinguishable. One can notice different 
shades of yellow colours resulting in a colour gradient from western to eastern countries as 
described in the preceding example.  

It must be noted that the values can only be interpreted on a logarithmic scale. Due to the non-
linear transformation the distances between the values are not linear anymore. That means the 
impact of a factor of a country with value 4.0 cannot be interpreted as twice the size of one with a 
value of 2.0. The impact is more than 7 times higher, because you now have to compare exp(2) ≈ 
7.389 and exp(4) ≈ 54.598. This non-linear transformation also must be taken into account when 
interpreting a combined impact factor in the aggregation tool, of course. 

Figure 7 shows the effect of min-max normalisation of the original artificial indicators along with the 
combined factor through averaging. In Figure 8 the pre-processing step of taking the logarithm of 
values of the second indicator before normalising and combining the two factors is included. 
Although it is only a slight effect, it is still visible. One can notice more shades of yellow and orange 
in the right map of Figure 8 than that of Figure 7. The differences between the countries become 
more apparent when including the transformation. 

Figure 7: Min-max normalisation.  
Left and centre: normalised indicators from Figure 5; Right: combined impact factor. 

 

 



Figure 8:  Min-max normalisation with logarithmic transformation.  
Left: normalised indicator from Figure 5;  
Centre: normalised logarithmic indicator from Figure 6; Right: combined impact factor. 

Applying standardisation instead of min-max normalisation does show a similar picture (see 
Figures Figure 9 and Figure 10). Here, the differences between the countries in the combined 
impact factor appear even stronger compared to the combined factor of non-transformed impact 
factors. One can say regardless of which subsequent normalisation – min-max normalisation or 
standardisation – the preceding non-linear transformation of taking the logarithm makes sense if 

extreme values stand out.  
Figure 9: Normalisation through standardisation.  
Left and centre: standardised indicators factors from Figure 5; Right: combined impact factor.  

 
Figure 10: Normalisation through standardisation with logarithmic transformation.  

Left: standardised indicators factor from Figure 5, centre;  
Centre: standardised logarithmic indicator from Figure 6, right; Right: combined impact factor. 

In the case of conspicuous extreme values or skewed distributions looking at percentiles instead of 
absolute values or composing ranks can be considered as an alternative option to normalisation in 
combination with preceding transformation. 

Expressing absolute values by their percentiles can be described as splitting the data into pieces of 
the same size. For example if one considers percentiles, the data is split into one hundred pieces 



of the same size, each representing one percentile and consisting of all the values that are less or 
equal to that percentile, resp. all values that are lower or equal a specific percentile are assigned 
this percentile. 

In Figure 11 the normalisation through percentiles is visualised. The left and centre map show the 
percentiles of the two indicators, the right map displays the combination through averaged 
percentiles. The splitting into pieces of the same size becomes evident – the colours of the colour 
gradient seem quite evenly distributed. As expected, in the combined impact factor low values are 
assigned to countries in the north-west and they increase when moving to south-east – except for 
Iceland. Here, the extreme value of the second indicator still has an influence, but it is much lower 
compared to the other normalising approaches described before. 

Figure 11: Normalisation through percentiles.  
   Left and centre: percentiles of indicators from Figure 5; Right: combined impact factor. 

A disadvantage of the percentile approach is the loss of comparability and thus interpretability. The 
distances of the percentiles are not interpretable, neither extreme values nor the sample variance 
of the data play a role anymore and can be read out of the percentiles or their graphical 
visualisation. For example a country with assigned percentile 0.4 can’t be interpreted as having 
twice the value as a country with assigned percentile 0.2 and one can’t even compute the 
difference in absolute values. In addition, e.g. it could happen that the percentile of 100% (1.0) just 
represents absolute values between 90 and 100, the percentile of 80% (0.8) on the other hand 
values from 0 to 70. 

With regard to interpretability taking the logarithm and further normalisation should be preferred to 
normalisation through percentiles, since the transformed values remain comparable. If instead, the 
user is only interested in comparing the results of countries or regions with “high” impact to regions 
with “low” impact, expressing absolute values by their percentiles and combining the percentiles 
can be a demonstrative solution focusing on graphical visualisation. 

Hence, the combination tool may offer both solutions of normalisation and transformation in the 
case of extreme values. 

A common unit, but different distributions of indicators and thus different co-domain 

If two indicators which are to be combined share a common unit, normalisation is not absolutely 
necessary. Still, it can have advantages, in particular if the co-domains differ greatly and one 
indicator would totally pre-dominate the other one when combining them. 

In this case an alternative could be different weights in the aggregation tool for the indicators. 



2.1.3 Conclusions 

In summary one can say that normalisation of the indicators preceding their combination in the 
aggregation tool is an essential step in order to guarantee comparability and offer a valid combined 
factor when it is not possible to find a common unit and transform the indicators. Here, the method 
of normalisation is not the most important factor. In most cases it doesn’t matter if normalisation is 
done by standardisation or by the min-max approach, since both are linear transformations. 

Much more important is how to deal with extreme values in indicators that have a great effect on 
combined factors, especially when focusing on graphical visualisation. We introduced two 
approaches – preceding transformation of the data by first taking the logarithm and then 
normalising with one of the approaches, or normalising by expressing the values by percentiles. 
The first approach guarantees comparability of the transformed values. In the second approach 
extreme values or outliers as well as the sample variance of the data do not play a role anymore 
and cannot be seen in graphical visualisations. Still, countries or regions with “high” impact can be 
compared to regions with “low” impact. Hence, the combination tool may offer both solutions of 
normalisation and transformation in the case of extreme values. The tool needs to provide clear 
guidance that aids the user’s choice in regard to which type of normalisation and transformation 
might best serve his or her interests.  

Obviously, if two indicators with a common unit should be combined, preceding normalisation is not 
absolutely necessary. It can be done and makes sense if the co-domains differ, but as an 
alternative also the weights in the combination tool can be adapted. It will again be up to the user 
to either switch on or off the normalisation function – guided by explanations of the user guidance 
of the portal.  

 

 

  



2.2 Spatial harmonization of indicators  

When calculating impact indicators one is often faced with the situation that the underlying 
exposure and sensitivity datasets are only available in different spatial data formats. For example, 
one dataset may consist of raster data while the other consists of vector data (lines or polygons). 
The question then is how and when to harmonize the two datasets so that they can be used for the 
subsequent impact calculations.  

This section compares two basic approaches on how to calculate and present results of an impact 
indicator. The usefulness of both approaches as well as their advantages and disadvantages are 
pointed out by means of an example. Using two existing datasets (one with raster data, the other 
with vector data), the first approach is to convert the vector data into raster data and proceed with 
the impact calculations on the basis of raster cells. The second approach is to convert both 
datasets to vector data, in particular to European administrative NUTS regions1.   

For the example an impact indicator is calculated using consecutive dry days as exposure indicator 
and NATURA 2000 conservation areas as sensitivity indicator. The exposure indicator is available 
as raster data, the sensitivity indictor is available as vector data:  

 

 Name Source 

 

Exposure 

 

Maximum number of 
consecutive dry days 
(CDD) 

 

icclim_cerfacs/CDD/MPI-M-MPI-ESM-
LR_rcp85_r1i1p1_SMHI-RCA4_v1-
SMHI-DBS43-MESAN-1989-
2010/CDD_JUN_MPI-M-MPI-ESM-
LR_rcp85_r1i1p1_SMHI-RCA4_v1-
SMHI-DBS43-MESAN-1989-2010_EUR-
11_2006-2100.nc 

Sensitivity 

 

Natura 2000 network EEA 

Statistical Units NUTS3 regions EuroStat 

 

On the following pages the two approaches and their different results are explained and discussed 
by means of European maps and even more detailed maps created on the basis of the two 
datasets described above. Note that for the eventual impact calculations the two datasets were in 
both cases normalized using the min-max method, then averaged across the two indicators and 
the resulting impact values again normalized with the min-max method (see Chapter 3 for a 
discussion of different normalization approaches). 

                                                
1 NUTS: ‘Nomenclature of territorial units for statistics’, a standard for referencing the administrative divisions 
of European countries. 



2.2.1 Conversion from raster cells to NUTS regions 

       

Figure 13: NUTS based consecutive dry days 

Figure 12: Raster based consecutive dry days          



In Figure 12 the climate data for maximum number of consecutive dry days (CDD) are shown in 
their original MESAN raster format (ca. 12 km raster size). For Figure 13 means were calculated 
for each NUTS 3 region. Note that both datasets were afterwards normalized. The resulting spatial 
patterns are very similar and clearly distinguishable in both European maps.  

Figure 14 andFigure 15 show an enlarged detail of the corresponding European maps. Obviously 
the raster map shows more detail, but the NUTS based map also seems to capture the overall 
spatial distribution of values.    

 
 

    

  

Figure 14: Detail of Figure 13 

Figure 15: Detail of Figure 12 



2.2.2 Conversion from vector data to raster data and NUTS regions 

In the example above the original dataset (NATURA 2000 protection areas) was available as 
vector data (Figure 16). For Figure 17 the area share of NATURA 2000 areas per NUTS 3 region 
was calculated. In the European maps the overall spatial patterns can be more easily recognized in 
the more aggregated NUTS region map (Figure 17), while Figure 16 obviously provides more 
detailed information.   

For Figure 18 the data were converted to 100x100 metre raster cells, while Figure 19 is simply a 
detail of Figure 17. Figure 18 andFigure 19 show the disadvantage of the NUTS based 
aggregation: If large Natura 2000 areas stretch over the boundary of two NUTS regions they are 
assigned proportionally to these regions. Thus, the resulting NUTS-based map – while numerically 
correct - does not reflect the real distribution of protection areas very well. Furthermore, because 
NUTS regions differ very much in size it may be that two NATURA 2000 areas with exactly the 
same size but located in differently sized NUTS regions lead to different results and thus may lead 
to misinterpretation.   

Figure 16: Vector data for NATURA 2000 areas Figure 17: NUTS based NATURA 2000 areas 

Figure 18: Rasterised detail of Figure 16 Figure 19: Detail of Figure 17 



 2.2.3 Resulting impact maps  

 

Figure 20,Figure 21 andFigure 22 show the resulting impact maps after calculating averages of the 
normalized exposure and sensitivity data. For Figure 21 this was done on the basis of 100 meter 
raster cells, for Figure 20 for 12 km raster cells and for Figure 22 for NUTS 3 regions. Therefore 
the maps differ in their geographical resolution and have unique advantages and disadvantages: 

• The 12km raster and the NUTS based maps show the overall spatial patterns across 
Europe very clearly.  

• The NUTS map, even though it is coarser, is better at showing differentiated impacts for 
relatively small regions. These differences cannot be easily seen in the 12 km raster map. 

• The 100m raster map is obviously the most fine-grained and thus most accurate map. If 
one zoomed in one could see exactly which particular parts of a region have the highest 
impacts. On the other hand, when not zooming in, the more dispersed and small-scale 

Figure 20: Impact map of Europe (12 km raster) 

Figure 21: Impact map of Europe (100m 
raster) 

Figure 22: Impact map of Europe (NUTS 3 regions) 



impacts are ‘drowned out’ by the high level of detail, so that the overall ‘message’ of the 
map is dominated by no or low impacts shown in dark greens.  

 

               

Figure 23,Figure 24 and Figure 25 show regional details of the European maps and exemplify the 
respective advantages and disadvantages. Obviously the 100 metre raster map provides a fine 
level of detail, enabling users to see impacts for specific NATURA 2000 areas. The 20 km raster 
map has less detail, but allows to quickly recognize overall regional patterns. In the NUTS map the 
internal differentiation within NUTS regions (e.g. between the coast and its hinterland) is obviously 
gone. Due to the normalization after aggregation to the NUTS level the differences between the 
depicted regions are also more ‘washed out’, leaving only strong differences visible. This effect is 
exacerbated by the different sizes of the NUTS regions. For example, the southernmost region has 
high impacts in its coastal parts, which are however compensated by the rest of the region and 
thus only lead to a below average impact value. A smaller coastal region to the northeast has 
lesser impacts than the coastal part of the large region, but because relatively little hinterland is 

Figure 23: Detail of impact map (12km raster) Figure 24: Detail of impact map (100m raster) 

Figure 25: Detail of impact map (NUTS 3 regions) 



included the resulting overall impact value of this small region is above average.      

The examples on the preceding pages have clearly shown the advantages and disadvantages of 
the two data harmonization approaches:  

• Aggregating input indicators to NUTS regions has the advantage of very clearly showing 
overall patterns across Europe or within one country. However, this comes at the cost of 
not just the level of detail of information, but also distortions that are due to the arbitrary 
location of NUTS boundaries and the very different sizes of NUTS regions.  

• Converting all input data to small-scale raster cells (e.g. 100 m cell size) yields very fine-
grained and very accurate results. Because all raster cells have the same size no 
distortions of the type described above occur. Thus the results of all raster cells are truly 
comparable. These benefits are especially obvious when analyzing results e.g. for one 
locality or region. However, analyzing larger spatial patterns e.g. at the European level is 
not so easy because of the very fine grained results. This is especially the case when 
viewing such maps on a typical computer monitor or on an A4 print-out. Furthermore, 
calculating the combination of two or more indicators ‘on the fly’ by CLIP-C portal tools will 
be challenging in terms of memory consumption and ultimately computation time needed 
before an output can be visualized as a map.    

• Converting all input data to medium sized raster cells (e.g. 12 km cell size) seems to strike 
a good balance between the other two approaches. It provides good overall legibility and 
interpretability of results even at a European level, it does not contain gross spatial 
distortions, it ensures full comparability between all points on a map and it even allows 
differentiated intra-regional analysis.    

Of course different users of the CLIP-C portal have different needs and expectations also in terms 
of map outputs. Policy makers and their advisers/consultants will prefer aggregations to the more 
familiar political-administrative regions and may not be too bothered by the coarseness and 
distortions of the results. Scientific users or people interested in their particular region will probably 
prefer the raster maps because of their greater spatial accuracy. However, using a very fine-
grained map like the 100 metre raster maps shown in the example may be problematic, because 
users may be tempted to derive results and implications for e.g. the small plot of land they own (or 
even different parts of it). Given the basically rough method of combining indicators in the CLIP-C 
combination tool, such fine-grained results and differences may not be warranted and could make 
the CLIP-C portal vulnerable to deserved criticism. In consideration of all the above points it is 
therefore proposed that the combination tool should offer the user (where feasible) the option to 
choose between the NUTS based and the 12 km raster based approach. 

 

  



3. Indicator combination tool 
 

In the previous chapter two indicators (NATURA 2000 areas and consecutive dry days) were 
already combined to create a simple tier 3 impact indicator – but only to show the effects of 
different data harmonization approaches and different units of analysis. This chapter now focuses 
in more detail on the indicator combination tool of WP8, which is offered as a more generic 
approach to indicator combination than the more sophisticated, impact function based approach 
exemplified for a few indicators in Deliverable D7.2.  

The most basic approach to combining two indicators is to normalize each indicator’s values (using 
one of the methods described in Chapter 3) and to then calculate the sum or mean of the values 
for each unit of analysis, i.e. each raster cell or NUTS area. Instead of calculating a simple mean, it 
is also possible to use different weights and thus place greater emphasis on one indicator over the 
other. This approach is presented with an example, which also shows how a user can create new 
combined indicators by using a sequence of such simple combinations. Finally, other indicator 
combinations are then explained, e.g. multiplying indicators or creating residual indicators.  

 

3.1 Additive combination of indicators  
Figure 26 shows a mock-up of the combination tool interface for two indicators, in this case 
consecutive dry days and very heavy precipitation days. Both indicators were previously selected 
in the indicator selection tool (developed by WP4). Basic information on each indicator is presented 
in an information panel and the respective maps are shown right underneath. The information 
panel helps the user to ensure that he/she is combining indicators with the same settings in terms 
of underlying model/dataset, time period, scenario and units etc. Adjustments to these settings 
could still be made straight away in the information panel (without having to go back to the 
selection tool).  

In the example of Figure 26 the two indicators are summed with different weights (0.15 and 0.85). 
The resulting combined indicator was again normalized, thus again yielding values between 0 and 
1. This latter normalization might not always be desired and could be switched off by the user.   

   



Indicator A  Indicator B 
Theme: 
Indicator 
Summary 
 
Model/ 
Dataset(s) 
Time 
Scenario 
Spatial coverage 
Unit 

Climate  
Consecutive Dry Days  
Maximum number of 
consecutive dry days (RR < 1 … 
ICCLIM CERFACS (MPI-M-MPI-
ESM-LR) (2015)  
2021-2050 
RCP 8.5 
Europe 
Normalized values 

 Theme: 
Indicator 
Summary 
 
Model/ 
Dataset(s) 
Time 
Scenario 
Spatial coverage 
Unit 

Climate  
Very heavy precipitation  
Number of very heavy 
precipitation days (RR >= 20 mm)  
ICCLIM CERFACS (MPI-M-MPI-
ESM-LR) (2015)  
2021-2050 
RCP 8.5 
Europe 
Normalized values 

  

 

SUBTRACT 
MULTIPLY 

DIVIDE 

 

 
 

Combined Indicator 

 
Theme: 
Indicator 
Summary 
 
Model/ Dataset(s) 
Time 
Scenario 
Spatial coverage 
Unit 

Climate  
Consecutive Dry Days (CDD) + Very heavy precipitation (R20mm) 
Combination of maximum number of consecutive dry days (RR < 1 mm) (0.15) and very heavy 
precipitation (RR >= 20 mm) (0.85) 
ICCLIM CERFACS (MPI-M-MPI-ESM-LR) (2015)  
2021-2050 
RCP 8.5 
Europe 
Normalized values 

Figure 26: Conceptual view of the combination tool interface  

Weight 

0.85 

SUM 

Weight 

0.15
 



 

Even such a simple indicator combination tool enables the user to create a vast range of new 
indicators, both at tier 1, tier 2 or tier 3 level. The user would only be limited by the individual 
indicators that are originally offered by the CLIP-C portal. But if an upload function is added to the 
portal, the user could even make use of his own data and combine them with datasets provided by 
the portal.   

And in the absence of more sophisticated impact functions the user could nevertheless apportion 
different weights to the two indicators, e.g. based on rough knowledge, experience or hunches or 
simply for experimenting with different weights. The effect of changing the weights between two 
indicators are illustrated below. Figures 27 and 29 on the left hand side are based on equal 
weights, whereas Figures 28 and 30 use different weights (0.15 and 0.85). The user could, for 
example, produce these two versions of a combined indicator and then analyse the results more 
closely in the comparison tool – or create a ‘residual map’ by subtracting the values of combined 
indicator A from the values of indicator B (see Section 3.2).   

  

Figure 30: Detail of Figure 27 

Figure 29: Combined dry & rainfall days  
                 (equal weight) 

Figure 28: Combined dry & rainfall days  
                  (15/85 weights) 

Figure 27: Detail of Figure 28 



The examples shown in the previous figures related to different combinations of two Tier 1 
indicators (consecutive dry days and very heavy rainfall days). Such a combination could be the 
first step in creating a new Tier 3 indicator. For this the user would need to relate the newly created 
Tier 1 indicator to a sensitivity indicator, for instance the share of NATURA 2000 protected area 
per NUTS 3 region (see Figures 16 - 19). The user would for example assume that these protected 
habitats are very sensitive to dry spells and heavy rainfall events and would want to find out which 
NUTS regions would potentially have the greatest impacts. After loading the newly created 
combined consecutive-dry-days-cum-rainfall-days indicator the user would then select the 
NATURA 2000 indicator and combine them e.g. by calculating the unweighted mean of both 
indicators. Figures 31 to 34 show the results as European and more detailed impact maps. The 
maps on the left are based on the equal weights combination of dry days and rainfall days and the 
maps on the right are based on the 0.15/0.85 weighted combination. The final impact indicators 
were finally normalized using a simple min-max normalization. Thus, by twice using a simple two-
step sequence the user would have created two Tier 3 impact indicators with the same 
‘ingredients’ but slightly different ‘recipes’  
– and could then go on to compare these results further (see Chapter 4).  

  
     Figure 31: Impact map based on Figure 27      Figure 32: Impact map based on Figure 28 

  
     Figure 33: Detail of  Figure 31 (NUTS 3)      Figure 34: Detail of  Figure 31 (NUTS 3) 
  



3.2 Other combinations of indicators  
 

Other simple combinations of indicators that are possible in the CLIPC toolkit include subtracting, 
multiplying or dividing indicators:  

The subtract function is especially useful for e.g. calculating change indicators: One would select 
the same indicator (e.g. consecutive dry days) on both panels of the combine tool and then 
subtract the values of a more recent time period from the values of a more future time period. The 
resulting indicator represents the absolute changes between the two time periods.  

The multiply function is useful when e.g. a climate change indicator is related to objects that would 
be affected. For example, if one has calculated changes in the number of summer days it would be 
possible to multiply these changes with the number of persons older than 65 years (who are 
particularly sensitive to hot weather).  

The divide function can be used when the value of one indicator need to be set in relation to 
another indicator. For example, if one only has a projection for future gross domestic product 
(GDP) in absolute terms, the tool would allow to divide this by the corresponding projected 
population figures so that one would have future GDP per capita. And this resulting indicator may 
then be related (using the add function in combination with a normalisation procedure – as 
described in Chapter 2) to a certain climate change indicator that is potentially affecting economic 
performance.  

These examples show that the indicator combinations offered by the tool will enable users to 
calculate simple impact indicators or, when sequentially executing several combinations, create 
more sophisticated indicators. Even though the resulting composite indicators cannot compete with 
complex model results, the tools nevertheless enable users to create indicators that did not exist 
before and already allow to roughly gauge the potential outcome of linking two (or more) indicators 
with each other.    

 

4. Indicator comparison and ranking tool 
 

Another tool of the CLIPC toolkit comprises the comparison and ranking functions. These functions 
allow the user to roughly assess the differences and similarities between indicators. This may be 
an important first step before possibly relating two indicators to each other using the algorithms 
offered by the combination tool.  

As can be seen in Figure 22 the comparison and ranking tool shows three indicators side by side. 
The basic interface of the tool is similar to the interface of the combination tool. The inface is thus 
comprised of general information regarding the indicators the user has chosen to evaluate in the 
upper third of the interface, a map viewer with synchronised zoom function in the centre and key 
quantitative/statistical information in the lower third of the interface.  

The general information section of the tool provides an overview of key metadata of each indicator, 
such as the indicator name, a short summary, which model and dataset(s) the indicator and which 
scenario it is based on, which time (period) is being displayed and the units of measurement the 
indicator uses. Several of these items will be directly accessible by the user so that he/she can 



directly change his choice of indicator, scenario and time (period). It will thus be easy to quickly 
change key variables of the indicators that the user wants to compare or rank. 

The map viewer in the centre section shows the data of the chosen indicators in the geospatial 
form of maps. This will allow a quick visual assessment of the differences or similarities of 
geospatial patterns. The map viewers support panning and zooming in or out so that the user can 
focus on those parts of the maps that are of most interest to him or her. The zoom and pan 
function is synchronised across the three maps, so that any panning or zooming in one map is 
simultaneously applied to the other maps as well.  

The quantitative section displays key statistical measures of each indicator, such as the mean, the 
standard deviation, the minimum and the maximum values. These statistical measures allow users 
a first quantitative comparison of the differences between the three chosen indicators in terms of 
range and distribution of values. Furthermore, this section also comprises the ranking functionality 
of the tool: The regions with the highest values are listed in numerical order, showing the 
respective values and the names of the regions. The user can switch this ranking view to showing 
the regions with the lowest values instead. Note that this functionality will only work if the 
respective indicator provides data on administrative regions (using NUTS boundaries).  

 

In practical use the comparison and ranking tool gives uses an instrument for quickly relating three 
indictors to each other – either at the start, intermediate point or end of his indicator exploration. 
For example, at the start of his investigation a user may want to first evaluate different indicators 
available in the CLIPC portal before possibly combining them with the combination tool. Or he may 
want to explore the differences between different scenarios for one and the same indicator. At an 
intermediate point the user may have already created new indicators using the combination tool, 
e.g. with different weights applied to the individual components of the new composite indicators. 
Such a case is shown in Figure 22 where the first two indicators only differ in respect to how much 
weight was given to dry days and to rainfall days. Based on this first comparison the user may 
decide to – using the subtract function of the combination tool – create a residual indicator that 
quantitatively expresses the difference between the first and the second indicator shown in Figure 
22. Finally, at a more advanced stage of analyses the user may want to compare the indicator 
he/she created with a comparable impact indicator provided by the CLIPC portal (or another 
project for that matter). Hence the third indicator shown in Figure 22 shows an indicator developed 
by the ESPON Climate project. Based on the general information shown in the upper third of the 
interface the user already gets a glimpse of methodological differences (e.g. underlying emission 
scenario), but it is nevertheless interesting to see how this translates into different geospatial 
patterns.  

 



 

Figure 22: Conceptual view of the comparison and impact tool 

Indicator A  Indicator B  Indicator C 
Theme: 
Indicator 
 
Summary 
 
Model/ Dataset(s) 
 
 
Time 
Scenario 
Spatial coverage 
Unit 

Environment 
Impacts on NATURA 2000 
areas 15/85 (User defined) 
Combined impacts of dry days 
(0.15) and rainfall days (0.85)… 
ICCLIM CERFACS (MPI-M-MPI-
ESM-LR) (2015)  
EEA NATURA 2000 (2014) 
2021-2050 
RCP 8.5 
EU28 
Normalized values 

 Theme 
Indicator 
 
Summary 
 
Model/Dataset(s) 
 
 
Time 
Scenario 
Spatial coverage 
Unit 

Environment 
Impacts on NATURA 2000 areas 
50/50 (User defined) 
Combined impacts of dry days 
(0.5) and rainfall days (0.5)… 
ICCLIM CERFACS (MPI-M-MPI-
ESM-LR) (2015)  
EEA NATURA 2000 (2014) 
2021-2050 
RCP 8.5 
EU28 
Normalized values  

 Theme 
Indicator 
 
Summary 
 
Model/ Dataset(s) 
 
 
Time 
Scenario 
Spatial coverage 
Units 

Environment 
Impacts on NATURA 2000 
areas (ESPON Climate 2011) 
Combined impacts of frost 
days, heavy rainfall days... 
JRC CCLM (2010) 
EEA NATURA 2000 (2010) 
 
2021-2050 
SRES A1B 
EU27 
Normalized values 

     

 

 

 

 

 
     

Mean 
Standard Deviation 
Minimum 
Maximum 

0.256117  
0.169445 

0 
1 

 Mean 
Standard Deviation 
Minimum 
Maximum 

0.242145 
0.179065 

0 
1 

 Mean 
Standard Deviation 
Minimum 
Maximum 

0.110199 
0.102142 

0 
1 

Ranking: Highest ten | Lowest ten                        Value  Ranking: Highest ten | Lowest  ten                        Value  Ranking: Highest ten | Lowest  ten                       Value 
1. Primorsko-goranska županija 
2. Χανιά 
3. Dubrovačko-neretvanska županija 

1 
0.942 
0.911 

1. Χανιά 
2. Lanzarote 
3. Κάλυμνος, Κάρπαθος, Κως, Ρόδος 

1 
0.993 
0.963 

1. Lappi 
2. Norrbottens län 
3. Belluno 

1 
0.759 
0.558 
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