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Text S1. Bayesian Network 

We employed the 'Tabu Search' algorithm to learn the directed acyclic graph structure of the 

Bayesian networks from the company and private household loss data. This optimization 

routine searches the space of candidate Bayesian network structures for a directed acyclic 

graph that maximizes a predefined goodness-of-fit score. Specifically, we opted for the 

Bayesian Dirichlet equivalent score. Once we obtained the Bayesian network structure, we 

learned the conditional probability tables from the survey dataset through Bayesian parameter 

estimation. 

To make predictions with the fitted Bayesian network, we used exact Bayesian inference by 

querying the conditional probability of the target variable, relative loss, conditioned on the 

observed predictors. For further details on Bayesian network theory, we refer to the literature 

(Jensen & Nielsen, 2007; Nagarajan et al., 2013). The proposed Bayesian networks were 

implemented in R using the packages ‘bnlearn’ (Scutari & Denis, 2021) and 

‘gRain’(HøJsgaard, 2012). 

Text S2. Model validation  

The model validation process follows the methodology outlined in Schoppa et al., (2020). All 

models provide probabilistic predictions rather than deterministic loss estimates. However, 

they do not offer analytical predictive distributions but simulated approximations in the form 
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of samples. For each model we sampled 1000 values from the conditional response 

distribution and evaluated this probabilistic response in terms of accuracy, sharpness, and 

calibration. Within each asset dataset, we estimated the model test errors through repeated 

cross validation to obtain robust estimates of true model performance. We initiated 100 

independent runs of ten-fold cross validation with varying, random data partitioning. In each 

of the tenfold cross-validation runs, every company is held out of the training set for 

prediction exactly once. We validate model performance for each cross-validation fold using 

three performance metrics:  

1. The mean absolute error (MAE) for the mean of the predictive distribution. The MAE 

evaluates the accuracy of a point forecast and averages the absolute differences between the 

observed response and predicted point estimate over the number of observations.  
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Where 𝑛 is the number of observations, 𝑥𝑖 is the predicted point estimate and 𝑦𝑖 is the 

observed response for observation 𝑖.  

2. The mean bias error (MBE), which quantifies model overestimation and underestimation in 

the mean of predictive distributions.  

𝑀𝐵𝐸 =
1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)

𝑛

𝑖=1

 (2) 

Where 𝑛 is the number of observations, 𝑥𝑖 is the predicted point estimate and 𝑦𝑖 is the 

observed response for observation 𝑖. Unlike the MAE, since the absolute value of error is not 

taken in the MBE, it consists of both positive and negative values, and it serves as a measure 

of average prediction bias. 

3. The continuous ranked probability score (CRPS), which is a proper scoring rule that 

evaluates the entire continuous distribution of a probabilistic forecast. It jointly assesses the 

sharpness and calibration of the predictive distribution and generalizes the absolute error. 

Hence the error can be compared directly to the MAE. The CRPS for one observation 𝑦𝑖 is 

defined as 
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Where 𝐹𝑖(𝑥) is the CDF of the predictive distribution 𝑓𝑖(𝑥) and 1{. } Is the indicator function. 

We compute the CRPS with an empirical CDF estimated from samples of 𝑓𝑖(𝑥). For details 

on the numerical implementation of the CRPS for simulated forecasts, we refer to the 

corresponding literature (Gneiting & Katzfuss, 2014; Jordan et al., 2019; Krüger et al., 2021). 

For the proportional response variable, 𝑟𝑙𝑜𝑠𝑠, the CRPS is defined on the interval [0,1] with 

the optimum at 0. Note that the CRPS is calculated individually for each observation. For the 

comparison with the MAE, we computed the mean CRPS value in each cross-validation fold.  

 



 

Figure S1: Illustration of missing data in each variable for developing company damage 

models. For instance, in the 𝐶: 𝐵𝑈𝐼 loss category, a value of 0.10 indicates that 24 

observations out of 241 are missing for the respective variable. 

 

 

Figure S2: Same as Figure S1 but for private households. 

 

 



 

Figure S3: Conditional probability table of C:BUI Bayesian network. X-axis denotes the 

parent node, while Y-axis denotes the children node within the network. Each heatmap 

illustrates the conditional probabilities between a child and its parent node, with increasing 

intensity of blue indicating higher probability values. Numerical values are displayed in each 

cell, and a colorbar in each subplot shows the corresponding probability scale. 

 

 

Figure S4: same as Fig.S1, but for C:EQU 



 

Figure S5: Same as Fig.S1 but for C: GNS 

 

Figure S6: same as Fig.S1, but for P:CON 

 



Table S1: Prior distributions for probabilistic stage-damage function classified according to 

model parameters and predictors. Each prior contains a note motivating the prior choice. 

Model 

parameters 

Predictors Prior Notes 

𝛼 – Intercept 

 

- 𝑆𝑡𝑢𝑑𝑒𝑛𝑡 −

𝑡(3,0,10)  

Weakly informative standard prior 

for intercepts in brms-package. 

𝛽 – regression 

parameter 

𝑤𝑑  𝑁𝑜𝑟𝑚𝑎𝑙(1,1.5)  Higher water depth causes larger 

flood loss. 

𝜆 – zero-and-

one-inflation 

- 𝐵𝑒𝑡𝑎(1,1)  The parameter represents a 

probability and, hence, is 

constrained to the interval [0,1]. 

𝛾 – conditional 

one-inflation 

- 𝐵𝑒𝑡𝑎(1,1)  The parameter represents a 

probability and, hence, is 

constrained to the interval [0,1]. 

𝜙 – beta 

precision 

- 𝐺𝑎𝑚𝑚𝑎(0.01,0.01)  The precision of the beta 

distribution has to be positive. 
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