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1. KULTURisk FrameWork (KR-FWK) 

The KULTURisk project  (FP7 ) aims at developing a culture of risk prevention by evaluating the benefits of different risk 
prevention initiatives. Specially our goal is to demonstrate that prevention measures are more effective from a social 
and economic point of view than post-disaster recovery. 
 
We define Risk, R, as a function R = f (H,V,E), where Hazard (H) is characterized by probability of flood in any given year; 
Vulnerability (V) is given by susceptibility as the physical component and adaptive and coping capacities as the social 
component;  Exposure (E) represents the presence of people, livelihoods, environmental services and resources, 
infrastructure, or economic, social, and cultural assets in places that could be adversely affected.  
In accordance with the Italian law (D.LGS. 49/2010) we focus on 6 exposure categories: (1) people, (2) residential, 
commercial and industrial buildings, (3) infrastructure, (4) agriculture, (5) cultural heritage, (6) environment.   
 
 

 

2. Reviewing Bayesian Networks 

• We have some background knowledge about flood and among which some are subjective and some are objective (see 
the KR-FWK).  
• We also have some prior information about the prevalence of possible different conditions. (e.g. Early warning systems 
are 3 times more effective if the lead time is higher). 
• We might also have various bits of information about the success rates of the different possible risk reduction policies 
and their cost. 
• On the basis of all this information how do decision makers arrive to a decision of which risk reduction policy to take? 

3. Adapting and coping capacities 

Adaptive Capacity: The combination of the strengths, attributes, and resources available to an individual, community, 
society, or organization (ex-ante hazard) that can be used to prepare for and undertake actions to reduce adverse 
impacts, moderate harm, or exploit beneficial opportunities (IPCC-SREX 2012). 
Coping Capacity: The ability of people, organizations, and systems, using available skills and resources (ex-post hazard) 
to face and manage adverse conditions, emergencies, or disasters (UNISDR-2009). 

Figure 1. The KultuRisk Framework (KR-FWK) extended version with indicators of possible metrics for the quantification of nodes. 

 4. A BN capturing flood risk to People 

The following BN focuses on how to identify costs related to the first exposure category: people. This is based on the 
methodology of Defra (2009) and further developed with Penning Roswell et al. (2005), Department of transport UK 
(2007), OECD (2012).   The conditional probabilities are based on the authors’ knowledge. 

Table 3. Savings per hazard and density scenario 

5. Conclusions 
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• Enhancing our view regarding cost estimation further away than the tangibles and direct damages. 
• We add social indicators, which have been neglected in the literature of risk assessment. 
• We propose that the estimation of risk should not only be based on direct tangible costs but also should go beyond 
that to contain indirect and intangible costs. 
• Our approach merges expertise and quantitative knowledge in a harmonious, combined graph that facilitates decision 
making. 
• It can be used in a spatially disaggregated (using GIS) manner when data is readily and accurately available or there are 
heterogeneous zones in which disaggregated decisions at different hierarchical level must be applied.  
• In can also be used at an aggregated level when data are scarce and we need to rely on experts’ judgment. 
• A questionnaire will soon be online to collect further experts’ judgments, please leave us your email contact. 

Risk when assessed in monetary terms and based on direct/indirect or tangible/intangible effects can be decomposed 
into 4 quadrants as shown in the Total Cost Matrix (TCM) 
 
 

Figure 2. The Total Cost Matrix (TCM), adapted from: Penning-Rowsell et al. (2005), Jonkman et al. (2008), and Merz et al. (2010). 
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A bayesian network (BN) is an acyclic graph, which provides a detailed evaluation of the joint influence of different 
input parameters on the risk. Since it allows a traceable and concise representation of the causal relationships between 
the considered variables, it is very useful for natural hazard risk assessment. The arcs in our network represent causal 
relationship between the random variables. Those are characterized by their affiliated conditional probability tables, 
conditional on the states of any parent nodes that interact with it.  The joint probability distribution of such a network is 
given by:  

where,               is a set of values of the parents of      . The distribution can have any form but we focus on discrete states 
since algorithm exists for solving their BN. 
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There are some relevant applications of BN in the field of natural hazards:  
• Amendola et al. (2000) points out the use of BN to consider the chain of 
indirect damages caused by natural hazards.  
• Antonucci et al. (2003) assess debris flow hazards using credal nets.  
• Hincks et al. (2004) use dynamic BN to model volcanic hazards.  
• Bayraktarli et al. (2005) suggest a generic framework for the assessment of 
natural hazard risks using BN. 
• Straub (2005) illustrates the potential of BN for rock-fall hazard ratings.  
• Only Gret-Regamey & Straub (2006) integrate the BN and GIS to asses risk 
of avalanche in a spatially explicit mode.  

Hazard Rate Population density (km2) Savings (M €) 

High Densely populated 9.06 

Low Densely populated 4.51 

High Populated 8.13 

Low Populated 2.70 

High Scarcely populated 2.72 

Low Scarcely populated 1.81 

Vulnerability is given by susceptibility and some adaptive and coping capacities variables affecting the injuries rate 
(over75 and disabled), risk governance (risk awareness, per capita number of trained volunteers) and early warning 
effectiveness (reliability and lead time). A knowledge-based approach to flood risk reduction is captured by acting on 
the early warning effectiveness and on the risk governance.  

Hazard (H) is described with the light blue nodes, exposure (E) with the green nodes, vulnerability (V) with the orange 
nodes and the costs with the yellow nodes.   

Figure 3. BN representing the flood risk to people. The total cost is determined by the parameters values and by the priors probabilities.  

Parameter  Range  Value used for calculations 

Densely populated (km2) More than 250 pp 312.5 pp 

Populated (km2) 125 - 250 pp 187.5 pp 

Scarcely populated (km2) 0 - 125 pp  62.5 pp 

Value of Statistical Life (VSL) 4.56 M (UK) - 1.8 M (FRA) € 3.1 M € (2012) 

Value of injury  2% of VSL 

Value of psych trauma 2% of VSL 

Monthly house rent  300 - 1000 € (2012) 500 € (2012) 

Household (HH) dimension 1 - 4 pp 2.5 pp 

Duration of disruption for HH 12 -  1.2 months Dependent on hazard rate 

Human cost  74% of VSL 

Medical cost 5% of VSL 

Forgone income 21% of VSL 

Emergency and evacuation cost 10.7% of resid. property damage 

Table 2. Values of the parameters determining the results 

Indicators Proxies Adaptive capacity Coping capacity In the BN (People) 

Physical demography age, gender, disabled, family structure  x yes 

Socio-economic demography education, employment, income level x no 

Social disparity Gini index, index of deprivation x no 

Safety network inter-connectivity of community network x no 

Risk awareness surveys, land use regulation, # structural protection (Dikes) x yes 

Risk governance per capita number of hospitals and first aid, evacuation response x x yes 

Early warning capacity # early warning systems, lead time, reliability x yes 

Risk spreading # insured households, Tax deduction x x no 

Economic diversification relative number of local industries, % employment among them x no 

Interconnectivity of economy % of residents commuting for work x no 

New comers % immigrants (national, international) in a city x no 

Table 1. Adaptive and coping capacities indicators 
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Theoretical results: on average with 
the priors given by the authors a 
knowledge-based approach can save 
up 4.72 million €  per km2.  

We can not base our decision on 
purely statistical data of 
‘previous’ instances, since in 
each case the ‘risk’ we are 
trying to calculate is essentially 
unique in many aspects. 


