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[bookmark: _Toc151370777]A1. Defining key terms

[bookmark: _GoBack]This section defines key terms and concepts that we use repeatedly in the construction of the social vulnerability index.

Z-scores
Based on the calculated scores for each SVI sub-indicator and indicator, z-scores are calculated for each area  using the following formula:



 is the score of the indicator in question in area ;
 is the mean value of scores for the relevant indicator in all areas (;
  is the standard deviation for the relevant indicator in all areas (;
 measures the number of standard deviations that the score for area  is from the mean value.

Re-standardization
When taking the sum of z-scores, the resulting sum scores are no longer true z-scores (as they no longer have a standard deviation of 1) unless fully correlated. Hence, the summed z-scores are re-standardized by dividing by the standard deviation of the sum score, to get a new set of z-scores. As all sub-indicators at the same level are weighed equally, it is not necessary to assign weights during the re-standardization process; it is sufficient to take the sum of the scores. 

Winsorization
Some data used to construct the SVI have extreme distributions that skew the SVI, meaning that equal weighting of indicators will be compromised in areas where extreme values of one sub-indicator exist. To address this problem, we perform winsorization of sub-indicator and indicator z-scores. Winsorization is a transformation procedure wherein extreme values are replaced with an artificial cut-off value.
In our case, we assign any z-score below -3 a value of -3, any z-score above 3 a value of 3. For any indicator, where the data is standardized using the z-score: 
; , where “” is the winsorization transformation operator.
Natural break classification
Using natural break classification (NBC) algorithms for mapping and classification method in flood related research is a common proactive, e.g., both Fariza et al, 2016, and Luu et al, 2021, using NBC extensively for grouping factors that influence flooding, for special flood mapping. See also Moreira et al. (2021) for a discussing, overview and evaluation of various classification and normalization technique, including the natural break classification.  Our motivation to use the NBC   is the way our data is .distributed. While the SVI data has a bell shaped distribution, for all flood events we have analysed, (and by its very nature, due to the larger number of people not flooded, but having few service disruptions) the exposure level (FPeq) is extremely right skewed. Since we wish to put equal emphasis on exposure and SVI, the NBC seem perfect for meeting that objective. 

[bookmark: _Toc151370778]A2. SVI indicators and weighting
Our SVI is composed of a large number of indicators. The hierarchical structure of the indicators are shown in the figures/tables below. 
Table A1: Data, definition, source, identification
	Indicator
	Definition
	Id
	Data

	
	
	
	Scale
	Origin 

	
	
	
	Input
	Analysis
	Source

	Type
	Year

	Young or elderly
	Below 5 yrs. and above 67 yrs.
	YO or EL
	1
	1
	2
	2
	1

	Recipients of nursing and care
	% Recipients of nursing and care
	RN
	2
	1
	1
	2
	1

	Early pensioners
	% of people what receive early pension payment
	EP
	2
	1
	1
	2
	1

	Low income
	% of people in the lowest  10% of the national income distribution
	LO
	2
	1
	1
	1
	1

	Social class
	% of people belonging to the lowest social class 
	SO
	2
	1
	1
	1
	1

	Single parent households 
	% single parent households
	SP
	2
	1
	1
	1
	1

	Recent arrivals to Denmark
	% of people who arrived to Denmark in the last 5 yrs. 
	RA
	1
	1
	2
	2
	1

	Non-western immigrants
	% of non-western immigrants
	NW
	1
	1
	2
	2
	1

	Income inequality
	Weighted difference in income levels
	II
	3
	1
	1
	2
	1

	Educational inequality
	Weighted difference in educational level
	EI
	3
	2
	1
	2
	1

	Nationality dissimilarity
	Degree of fragmentation of peoples nationalities
	ND
	3
	2
	2
	2
	1

	Households with children
	% of household who do not have children (below 18yrs.) 
	NC
	3
	2
	1
	2
	1

	Voter turnout
	% of people who did not note at local election
	VT
	3
	2
	3
	2
	2


Data scale (input): 1: Individual; 2:household; 3; school district
Data scale (analysis): 1: 100*100m; 2: 3: School district 
Data source: 1: LIFA; 2: CPR, 3: KMD valg
Data type: 1: Scrambled, 2: unscrambled
Data year; 1:2022; 2: 2021
.

The indicators have the following hierarchyical structure.
We use 5 main indicators;  
For each of the 5 main indicators (m), a number of sub-indicators (s), identified as . I total there are 12 sub-indicators;

 
For the main indicator “social capital”, we have 5 sub-sub-indicators (ss), identified as  ;
.
Table A2: Hierarchy and weights of indicators
	Indicators
	Sub-indicators (Level 1)
	Sub-indicators (Level 2)
	Calculation of weights
	Weights

	Age                                                                                                                                                                                                               0.2

	
	Young or elderly
	, , 
	0.2

	Health                                                                                                                                                                                                          0.2

	
	Recipients of nursing and care 
	, , 
	0.1

	
	Early pensioners
	, , 
	0.1

	Socio-economic situation                                                                                                                                                                        0.2

	
	Low income
	, , 
	0.067

	
	Social class
	, , 
	0.067

	
	Single parent households 
	, , 
	0.067

	Ability to acquire and understand information                                                                                                                                 0.2

	
	Recent arrivals to Denmark
	, , 
	0.1

	
	Non-western immigrants
	, , 
	0.1

	Social capital                                                                                                                                                                                              0.2

	


	Bonding                                                                                                                                                                0.067

	
	
	Income equality
	, , 
	0.022

	
	
	Educational equality
	, , 
	0.022

	
	
	Nationality similarity
	, , 
	0.022

	
	Bridging                                                                                                                                                                0.067

	
	
	Community linkage
	, , 
	0.067

	
	Linking                                                                                                                                                0.067

	
	
	Political linkage
	, , 
	0.067




The assignment of weights to indicators
The rule that governs the assignment of weights is based on the following principles:  
1) All main indicators are treated as equally important;
2) Al sub indicator for each main indicator are treated as equally important;
3) All sub-sub indicators for each sub-indicator are treated as equally important.

Using these principles, the assigned weights are as follows: The weight assigned to each main indicator, , is , where  is the number of main indicators. For each main indicator, , there are sub-indicators, and the weight assigned to such an sub-indicator is:  For those indicators having sub-sub indicators, let , be the number of sub-sub indictors. The weight assigned to these sub-sub indicators is . In Figure A2, all weights are specified. 

[bookmark: _Toc151370779]A3: The steps to construct the SVI-index
Aggregation of the SVI indicators and sub-indicators is a multi-stage procedure. First, we take the sum of level 2 sub-indicator z-scores and then restandardize and winsorize them. We are then able to take the sum of level 1 sub-indicator z-scores and restandardize and winsorize those to find main indicator z-scores. Finally, we take the sum of main indicator z-scores and restandardize and winsorize this sum score to find the final SVI. 

To show this procedure, we use as a starting point the bonding sub-sub-indicator, as it is the most complex case.

At the first aggregation level, we find the individual values of the bonding indictor going through the following steps: 









Table A3: Transformation and addition of the level 2-indicators
	Indicator level
	Individual z sores
	Aggregated (weighted sum)
	Restardardized
	Winsorised and new indicator for higher level

	
	
	
	r
	

	
	
	
	
	

	
	
	
	
	



At the next level, we aggregate and manipulate the three sub-indicators that constitute the social capital main indicator.

Table A4: Transformation and addition of the 3 sub-indicator into the social capital indicator
	Indicator level
	Individual z sores
	Aggregated (weighted sum)
	Restandardized
	Winsorized and new indicator for higher level

	
	
	
	r
	

	
	
	
	
	

	
	
	
	
	



At the final level, we aggregate the five main indicator into the composite SVI-index.

Table A5: Transformation and addition of the 5 main indicators into SVI indicator
	Indicator level
Main indicator
	Individual z sores
	Aggregated (weighted sum)
	Restandardized
	Winsorized and new indicator for higher level

	
	
	
	r
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	

	
	
	
	
	



[bookmark: _Toc151370780]A4. Calculating the bonding social capital sub-indicators
Bonding social capital is normally measured by various neighbourhood related equally measures. As we measure lack of social capital, and hence, lack of bonding, our three level 2 sub-indicators are: (1) indicator measuring lack of income equality, (2) indicator measuring lack of educational equality and (3) an indicator measuring lack nationality similarity.

For both education and income inequality, we use the same weighted distance measure, based on difference between groups (classes). The larger the class – difference (distance), the larger the inequality. Mathematically, 



Here,  measures the weighted difference of indicator  in area ; while the number of classes for an indicator is , where . Finally,  and  are the (share of) of the population for indicator , falling into class  and , respectively, in neighborhood .

To calculate income inequality and educational inequality, we group the population into four categories of income and educational attainment (in both cases, as seen in Table A6). For education, groups are determined by the average attainment years for the various educational level, indicating that the distance is related to the year of education. 

Table A6: Income and educational level categories
	Categories
	Income
(share of population)
	Education level (as defined by ISCED)
(The Danish classification is add)

	1
	Lowest 25% of income
	Levels 1-2: Primary school. (Grundskole) 

	2

	Low- middle (25-50% income)
	Level 3: Secondary school (Erhvervsfaglig  grunduddannelse og gymnasium)

	3

	High-middle (50-75% income)
	Levels 4-6: Short and medium length higher education (Mellemlang videregående uddannelser og bachelor)

	4

	Highest 25 % of income
	Levels 7-8: Long higher education (Længerevarende videregående uddannelser)


Note: The Danish classification of educational categories are added, in case the translation might be imprecise.

For any , the highest values of  is achieved, when  and  with a maximum value of  (Hence, for , the maximum value is 0.75). The lowest value is (or approaches) zero, if the whole population (or as much as possible) falls into one group. 

Nationality fractionalization
To measure nationality fractionalization, we cannot use a distance based inequality measure, as we are interested in overall diversity rather than weighted distance between categories. Therefore, we use the Rae fractionalization measure, originally derived by Rae (1968), to measure fractionalization of party systems. Alesina et al. (2003) use the same measure for calculating ethnic, linguistic and religious fractionalization in 19 countries. 
Nationality fractionalization is denoted by: 


Here,  is the share of people with nationality  in area , and  is the total number of nationalities in area . The maximum value of  for any size of  is an equal split, i.e.,  and will approach 1 for sufficiently large . The lowest value is 0, whenever only one nationality is present in that area. 

For all three measures, the higher  or , the larger the difference in the dataset, at the larger the inequality. This implies lower social capital, and larger vulnerability to flooding. Table A.7 summarizes the calculation procedures used for all three sub-indicators of bonding social capital.






Table A.7: Calculation of bonding social capital sub-indicators
	Bonding
	Definition of measurement
	Explanations
	Classification (School district)

	Income inequality
	

	 measures the difference in income in area .
 and  are the (share of) of the population in education class levels  and , respectively, in neighbourhood .
	4 classes of income: 
Class	Income
1	Lowest 25 % of income;
2	Low- middle;
3	High-middle;
4	Highest 25 % of income.

	Educational inequality
	
	 measures the difference in education in area ; 
 and  are the (share of) of the population in education class levels  and , respectively, in neighborhood .
	4 classes of education: 
Class	Education level (ISCED)
1	levels 1-2;
2	levels 3;
3	levels 4-6;
4	levels 7-8.

	Nationality dissimilarity
	
	 measures the fractionalization of people in terms of nationality in area . 
 is the share of people with nationality  in area . 
	
. All nationalities in each area 
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[bookmark: _Toc151370782]B1: Critical service infrastructure model notation
This segment exclusively addresses individuals who are not directly affected by flooding. In Table B.1, we delineate the ten services that we suggest, if rendered unavailable, would subject these individuals to the impacts of flooding. In the event that they are already inundated, the disruption of services does not impose any supplementary exposure on these individuals

Table B.1: Critical service infrastructure categories 
	
	Category
	Relevant sub-units for each category (
	Number of units

	1
	Electricity
	All units that produce electricity
	637

	2
	Heat 
	All units that produce heat
	1227

	3
	Water supply
	All Water works
	2183

	4
	Waste water treatment
	All waste water treatment facilities
	576

	5
	Hospitals 
	All hospitals*
	259

	6
	Doctors
	All general practitioners 
	4024

	7
	Police 
	All types of police stations** 
	101

	8
	Emergency services 
	All types of fire stations and emergency service units***
	288

	9
	Education 
	Kindergartens, schools, higher education institutions
	5854

	10
	Pollution-free environment
	Potential polluting firms**** that do not pollute
	3167


* Includes hospitals with at least three full time employees and treating patients
** Includes police stations with more than zero full time employees
*** Includes Administration, fire department, volunteer fire department, emergency preparedness units, sea rescue organization, Falck rescue corps, fire school, rescue Corps and training centres.
****Polluting firms: All companies that need environmental approval (List 1 and 2 companies)


For category 1-9, let , define the included units that produce services. For each service,  is the total number of service providers for service  (e.g., for doctors, ). 

Assumption (relevant or all, but pollution (clean environment): the disruption of a single service providing unit results in the loss of access to a particular service for all individuals who rely on that unit as their closest provider.

The precise describtion of how we define the closest unit is that for each cell, we measure the distance from the centre of the cell to the service providing units (centre). The relevant unit is that which minimizes this distance. All people in that cell will be assigned that service-providing unit as the closest one.

The assumption describes a scenario where the disruption of a single service providing unit results in the loss of access to that particular service for all individuals who have that unit as their closest provider. Hence, if a flood disrupts one of the units that provide one of the nine services, then those people closest to that service-providing unit are assumed to experience the disruption of that particuar service.

Assumption for pollution-free environment: All people living in a cell which centre is within 500m to a polluting firm.  

Formally, define  as the set of people, for whom  is the closest of all elements in . If  is flooded, then this affects all persons belonging to . Notationally, let  indicate that for flood event , service providing unit  is flooded and as a result, the service is disrupted for all person belonging to . 
For each flood event, we need to count the number of disruptions each person experiences. To do so, we introduce notation that for each flood event can count the number of disruption for each person. For each,  and each , and for each person, let . Hence, if  disrupts , then all persons belong to , we be assinged a score of 0.1. We then add up each persons score for that flood: 



Finally, let  be the people directly flooded. If  occurs, then for all , . The result is that if people are directly flooded, then they are assigned a score of 1, and if not directly flooded, assigned a score between 0 and 1 (in intervals of 0.1) depending on the number of service disruptions they experience. 

In order to being able to compare those directly flooded and those experiencing service disruptions, we need to find a common metric for these two situation. In order to do so, we make the following assumption. 

Assumption: 
(1) A person that losses access to all ten service (as defined in Table B.1) will equally exposed as a person that is directly flooded;
(2) A person that looses  services (where  is any integer between 0 and 10) without being directly flooded is  times as exposed as those directly flooded. 

Definition of flooded people equivalent
(1) A person that is directly flooded will be given an expose score of 1 flooded people equivalent; 
(2) A person that is not directly flooded, but losses  services, is assinged an exposure score of  flooded people equivalent.

We can now calculate each person flooded people equivalent score (FPeq) for any flood event. 

What is of particular relevance for our analysis that we now can calculate the total level of exposure for any cell, , and any flood event, . 

A given cell , contains  residents. In a flood event, due to assumption above, all individuals within a given cell encounter identical levels of service disruptions. Nevertheless, it is conceivable that certain cells may be only partially inundated, leading to a scenario in which only a subset of individuals within the cell are directly affected by flooding. Obviously, we can divide  into two subsets: 
 



Finally, let  be the number of people who are flooded in cell  and  number of pepole not flooded. 

Calculating the FPeq for a flood event at a cell level.
Since all people in any cell  always will have the same , the total exposure in a given cell, as measured in FPeq is given by:



An example of this calculation: Cell  contains 40 people. A flood directly floods 20, while the cell also experiences three service disruptions. Hence, . The cell is therefore equally exposed as a cell where all 26 people were directly flooded.
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The following describes how we use a natural breaks classification method to create comparable exposure and vulnerability categories.

Deriving the exposure index
Let  be the  natural break categories for exposure, where each category corresponds to an interval of values with endpoints , respectively. Then, let  be the ’th category and  be any value (an exposure score of  in that category), the categories can be represented as follows: ,  
In our setting, we use a 10 category Natural Breaks classification for grouping exposure in grid cells. We used the algorithm in the layer property, under symbology, in QGIS. Table C.1 describes the resulting endpoints for the 10 categories. 

Table C.1: Exposure categories based on cell level exposure score
	Category
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	 
	0–2
	2–10
	10–22
	22–38
	38–65
	65–105
	105–164
	164–256
	256–417
	417–868


Note: All intervals are defined as: 

Finally, let  be the mapping of exposure levels in area  onto one of the 10 natural break categories as defined in Table C.1. Note that many areas are not flooded for specific flood events, and all these areas will be assigned an .

Note in this version,  can take on all integer values between 0 and 10. 

 is an index of the level of exposure in area . We will write   to highlight that exposure depends on the type of flood in (and in the surrounding) area of .

Deriving the reclassified vulnerability index 
Let  be the  natural break categories for social vulnerability, where each category corresponds to an interval of values with endpoints , respectively. Then, let  be the ’th category and  be any value of the SVI in that category). The categories can be represented as follows: , For  the endpoints are defined as  In Table C.2, the endpoint for the 10 categories are shown. 

Table C.2: SVI categories based on cell level social vulnerability scores
	Category
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	
	-3.00 – 
-2.31
	-2.31 – -1.57
	-1.57 –
-1.02
	-1.02 – -0.58
	-0.58 – -0.19
	-0.19 – 0.21
	0.21 – 
0.67
	0.67 – 
1.23
	1.23 – 
1.99
	1.99 – 
3.00



Finally, let  be the mapping of social vulnerability levels in area  onto one of the 10 natural break categories as defined in Table C.2.  is an index of the level of social vulnerability in area  and can take on integer values between 0 and 10. Note that  is flood-independent.

Deriving the flood specific social damage index
Following the re-categorization of exposure and vulnerability, we calculate the indexed social damage for each specific flood event,  in area  as: 


Note that  has a range of (0;100). 

A index of 100 would imply that area  is fully flooded or lost all its services due to flooding to be in category 10, and at the same time having the highest category of social vulnerability  





















Appendix D: Risk calculations

We use ,  as notation for return periods (measured in years), while  is the (social) damage that will occur if a flood related to return period  is observed. 
Defining a flood event  In our calculation, flood events are described in terms of return periods, and the exposure level is calculated on basis of the extent and depth of a flood with a return period of . Let  be the exceedance probability, the average time of which a certain value is exceeded, hence: . We use the following return periods: .

The social risk equation is a linear approximation of the damage-probability curve. In our analysis, we assume that there is no social damage for smaller return periods than . Consequently, the highest possible social risk will be 10.  See appendix D for details. 

The social risk in area (cell) , denoted , is computed as: 




Note the highest possible risk is 10. Which will occur if in the relevant area, for all flood event, the flood event social damage is at 100. 
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