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Abstract. Decision-making in flood risk management strongly relies on the accurate estimation of monetary flood loss. 
Recent advancements in the field promote the use of multivariable flood loss models that consider a multitude of 
damage controlling factors beyond inundation depth. However, the development of novel flood loss models excluded 
companies for the most part, albeit their considerable contribution to total flood damages. In this methodological study, 
we propose three probabilistic approaches to flood loss modelling for companies that intrinsically quantify prediction 
uncertainty. We fit a random forest, a Bayesian network and a Bayesian regression to company loss data for buildings 
(n=545), which stem from four post-event surveys after floods in Germany. Posterior predictive checks, which give 
insight on the plausibility of the proposed models, prove that all candidate models reproduce essential characteristics 
of the observed loss data properly. The predictive training errors suggest that the random forest and the Bayesian 
network outperform the Bayesian regression. We trace the difference in predictive training error back to distinct model 
structures and emphasize that the presented model checks represent the groundwork for a detailed model validation.

1 Introduction 
Flood loss modelling is an integral component of flood 

risk assessment (Merz et al., 2004, 2010a; Olesen et al., 
2017). In the appraisal of direct monetary flood loss, stage-
damage functions represent the current standard (Merz et 
al., 2010b; Meyer et al., 2013). Stage-damage functions 
relate the flood intensity, mostly expressed through the 
water depth at the flooded building, to the damage grade 
of an asset. Since stage-damage functions solely depend on 
water depth, they can be classified as univariable flood loss 
models. The majority of such models (e.g. Huizinga et al., 
2017; International Commission for the Protection of the 
Rhine (ICPR), 2016; Penning-Rowsell et al., 2005; 
Scawthorn et al., 2006) feature a set of stage-damage 
functions for different types of assets (e.g. building, 
content, equipment), occupancy (e.g. residential, 
infrastructure, industrial), and further discriminators (e.g. 
construction material, number of stories). 

However, flood loss is determined by a large number 
of additional factors beyond water depth (Merz et al., 
2010b; Middelmann-Fernandes, 2010; Thieken et al., 
2005). This gave rise to mutlivariable flood loss models, 
which take into account multiple predictors at the same 
time (Meyer et al., 2013). Many proposed multivariable 
flood loss models originate from the field of machine 
learning or statistics and comprise decision trees (e.g. 
Carisi et al., 2018; Hasanzadeh Nafari et al., 2016a; Merz 
et al., 2013), multivariable generalized regression (e.g. 
Van Ootegem et al., 2015; Zhai et al., 2005), or Bayesian 
models (e.g. Lüdtke et al., 2019; Sairam et al., 2019; 

Wagenaar et al., 2018). Despite considerable uncertainties 
in flood loss estimation, the vast majority of existing flood 
loss models is deterministic (Gerl et al., 2016). Hence, 
state-of-the-art flood loss modeling fails to account for 
predictive uncertainty (Merz et al., 2004; Meyer et al., 
2013). Only few novel flood loss models quantify the 
uncertainty in their loss estimates (Rözer et al., 2019; 
Schröter et al., 2014; Sieg et al., 2019; Vogel et al., 2014) 

These recent advancements in flood loss estimation 
predominantly regarded the residential sector, although 
companies exhibit similar loss potential during severe 
flood events (e.g. German Federal Ministry of the Interior, 
2013; Mechler & Weichselgartner, 2003; Thieken et al., 
2016). However, there exist a handful of multivariable 
flood loss models for companies. For instance, rule-based 
(Kreibich et al., 2010; Seifert et al., 2010), synthetic 
(Hasanzadeh Nafari et al., 2016b), or tree-based models 
(Sieg et al., 2017; Sultana et al., 2018). Other promising 
approaches from the field of Bayesian statistics such as 
Bayesian networks (Vogel et al., 2012, 2014, 2018; 
Wagenaar et al., 2018) or Bayesian regression (Rözer et 
al., 2019; Sairam et al., 2019), only exist for the residential 
sector.  

In this methodological study, we develop, check, and 
compare three innovative flood loss models for building 
loss to companies, namely, Bayesian networks, Bayesian 
regression, and random forest. We learn the models on 
basis of surveyed loss data from major flood events in 
Germany. The proposed models are mutlivariable and 
probabilistic. That is, they infer flood loss from multiple 
predictors and provide probability statements along with 
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their loss predictions. After model derivation we conduct 
sanity checks with the fitted models in order to assess 
whether the models are well specified and capable of 
reproducing actual observations. Further we provide a first 
estimate of the predictive model performance by 
computing training errors for deterministic and 
probabilistic loss forecasts. Thorough model checking 
represents a key element in the development of novel flood 
loss models, especially in the context of complex statistical 
modeling techniques (Gabry et al., 2019; Gelman et al., 
2013). 

2 Survey data 

We develop the proposed models based on empirical 
survey data of company flood loss to buildings, which 
were collected in the aftermath of severe flood events in 
Germany. The dataset is composed of four individual 
surveys conducted between 2002 and 2013 and contains 
information on flood intensity, company characteristics, 
emergency and precautionary measures, flood experience, 
and flood loss of affected companies (Kreibich et al., 2007; 
Thieken et al., 2016). The surveyed floods occurred in the 
catchments of the Danube, Elbe, Oder, and Rhine. For a 
detailed description of the collection methodology for the 
loss data we refer to Kreibich et al. (2007). 

In accordance to findings from the literature and 
existing multivariable flood loss models, we compose a set 
of predictors from the collected survey answers for 
modeling. Table 1 features the eight predictor variables 
and the response variable, relative loss. The first group of 
predictors describes the flood severity. Water depth and 
inundation duration at the affected company premises 
were queried in the surveys and proved to be decisive 
factors for company flood loss (Kreibich et al., 2010; Sieg 
et al., 2017). Further, we conducted an extreme value 
analysis at discharge gauges along affected river stretches 
in order to compute regionalized return periods for the 
surveyed flood events. We calculated the return periods 
following Elmer et al. (2010). The next group of variables 
concerns company characteristics and is composed by the 
economic sector of the company, the spatial circumstances 
of the affected company premises, and the size of the 
company in terms of the number of employees (Kreibich 
et al., 2010; Sieg et al., 2017). The final group of predictors 
is composed of flood experience and precaution. Similar 
to previous studies (Kreibich et al., 2010; Schröter et al., 
2014; Wagenaar et al., 2018), we express the flood 
experience of a company through the number floods which 
affected the same company site before the surveyed event. 
Finally, we compute company precaution from eight 
survey questions on the implementation of distinct 
emergency and precautionary measures similar to Sieg et 
al., (2017). The resulting precaution variable is a ratio on 
the interval [0, 1], where well prepared companies receive 
high values and vice versa. Table 2 lists the individual 
precautionary measures from which the ratio is calculated. 
We compute the precaution ratio as follows: 
 

𝑝𝑟𝑒 =
𝑛𝐼
𝑛𝑃 ,

(1) 

where 𝑛𝐼 is the number of precautionary measures 
which were implemented prior to the occurrence of the 
surveyed flood and 𝑛𝑃 is the number of measures which 
could have been implemented potentially. 
 

Variable Scalea, unit, range 

Predictors 

Water depth  
wd c: 0-825 cm above ground 

Inundation duration  
dur c: 0-720 h 

Return period  
rp c: 1-909 a 

Size  
size c: 1-650 employees [-] 

Business sector  
sec 

n: (1) manufacturing, 
(2) commercial, 
(3) financial, 
(4) service 

Spatial situation  
spat 

n: (1) more than one building, 
(2) one entire building, 
(3) one or more floors in shared 
building, 
(4) less than one floor in shared 
building 

Flood experience  
exp 

o: zero previous floods to five 
or more previous floods (6 
classes) 

Precaution ratio  
pre c: 0-1 [-] 

Response 

Relative loss building  
rloss c: 0-1 [-] 

a c: continuous, n: nominal, o: ordinal 
Table 1: Predictor (n=8) and response (n=1) model variables 

with their abbreviations. The second column states the scaling, 
unit, and observed range of each model variable. 

 
The response variable, flood loss to buildings, is a 

ratio as well and expresses the monetary damage relative 
to the replacement cost of the building. This is beneficial 
for several reasons; for instance, it allows for the spatial 
and temporal transferability of the developed loss models 
(Merz et al., 2010b). The resulting relative loss is defined 
on the interval [0,1], where a value of zero means no flood 
loss and a value of one represent a total loss of the building. 

Figure 1 displays the model data, which contain 545 
individual companies. The response variable, relative loss, 
is strongly skewed and a substantial share of the companies 
incurred either no (32%) or a total (4%) building loss. 
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3 Flood loss models 

3.1 Random forests  

Random forest (RF) is an ensemble method from the 
field of machine learning (Breiman, 2001). A RF is 
composed of a large number of decision trees which are 
commonly unbiased but underlie strong variance (Hastie 
et al., 2009). The RF algorithm averages a large number of 
decorrelated trees which counteracts the variance of single 
trees but preserves their predictive accuracy. The 
decorrelation is achieved by two measures (James et al., 
2013). First, trees are grown on distinct bootstrap samples 
of the training data and averaged during prediction 
yielding one ensemble forecast (bootstrap aggregation). 
Second, the construction of each tree is randomized in 
order to increase the difference across the ensemble 
members (random feature selection). The resulting RF 
routine provides forecasts with low bias and variance, and 
is particularly suited for modelling non-linear processes. 
Further, RFs are straightforward to implement as they 
accept continuous and discrete variables at the same time 
(Hastie et al., 2009). 

We adapted the conventional RF routine (see e.g. 
Liaw & Wiener, 2002) to advancements in tree-based 
learning and to the requirements of this study. On the one 
hand, we use the conditional inference algorithm for tree 
construction, since conventional regression trees are 
biased towards continuous variables (Hothorn et al., 2006). 
On the other hand, we employ the approach of 
Meinshausen (2006), which allows for predicting a 
conditional predictive distribution of the response variable 
instead of only a mean value. In this way, the proposed RF 
model provides probabilistic forecasts of relative loss just 

as the other two candidate models. This RF setup has been 
used in flood loss modelling before by Sieg et al. (2017, 
2019). Two parameters control the RF routine, the number 
of trees in the ensemble 𝑛!"## and the number of randomly 
selected predictors during tree construction 𝑚!"$. Based 
on recommendations from the literature (Hastie et al., 
2009; Liaw & Wiener, 2002), we opt for 𝑛!"## = 1000 and 
𝑚!"$ = 3.  

3.2 Bayesian networks  

A Bayesian network (BN) is a probabilistic graphical 
model which encodes the statistical dependency among a 
set of random variables in a directed acyclic graph 
(Nagarajan et al., 2013). In a BN, variables are represented 
by nodes and probabilistic dependencies are indicated by 
connecting arcs between nodes. In its entirety, a BN 
visualizes the joint probability distribution between the 
variables in the graph. Due to restrictions in the possible 
distributions of continuous variables, the majority of BNs 
is discrete with the multinomial distribution being the 
underlying joint probability function. This joint 
probability function can be factorized in a set of local 
probability functions, one for each variable (Scutari, 
2010): 

 

𝑃(𝑋%, … , 𝑋&) =1𝑃2𝑋'3Π(!5
&

')%

, (2) 

 
where 𝑋' are all 𝑛 variables of the BN, and Π(! 	are the 

respective parent nodes of 𝑋' in the directed acyclic graph, 
i.e., nodes that point to 𝑋'. The local multinomial 
distributions of the BN are stored in conditional 
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Figure 1: Survey data for company flood loss to buildings. Predictor variables (n=8, blue) are characterized by different scaling and 
pronounced skewness, while the response variables relative loss (green) exhibits a bimodal distribution. 
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probability tables which represent the parameters of the 
model (Nagarajan et al., 2013; Scutari & Denis, 2014).  

We follow a common two-step procedure (Scutari, 
2010) to establish the proposed BN flood loss model. First, 
we learn the graph structure of the network from the survey 
data by means of a structure learning algorithm. 
Afterwards, we estimate the values of the conditional 
probability tables conditional on the learned graph 
structure. Before learning the BN, we discretized 
continuous variables to avoid assumptions on the families 
of distributions and to gain closed-form expressions 
(Vogel et al., 2014). We discretized the presumably most 
influential predictors water depth and precaution ratio 
(Kreibich et al., 2010; Sieg et al., 2017), and the response 
variable relative loss with ten bins. The remaining 
continuous variables were binned into five intervals, in 
order to balance model detail and complexity. In contrast 
to the other candidate models who return continuous 
estimations of relative loss, the predictions of the BN are 
discrete. In the interest of model comparability, we 
resampled the binned loss forecasts of the BN back to the 
real line on the interval [0,1] according to the predicted 
probability weight of each relative loss bin. For each 
prediction we simulated 1000 samples of relative loss. 
Figure 2 shows the BN graph structure which we learned 
on the basis of the survey data. 
 

      
Figure 2: Bayesian network for building loss. We learned the 
graph structure from the survey data. Note that information is 

exchanged in both directions of an arc, independent of its 
orientation. 

3.3 Bayesian regression  

Implementing a Bayesian regression model (BR) 
requires an assumption about the distributional form of the 
response variable. For proportions, such as relative loss, 
the beta distribution is a common choice, since it covers 
the interval [0,1] (Ferrari & Cribari-Neto, 2004). However, 
the conventional beta distribution is not defined at extreme 
values of zero and one which are abundant in the survey 
data at hand. Hence, we follow the proposal of Ospina & 
Ferrari (2010), who suggested a zero-and-one-inflated beta 

distribution. This mixture model explicitly accounts for an 
excess in zeros and ones through a Bernoulli distribution 
and reads as follows: 

  
𝑏𝑒𝑖𝑛𝑓(𝑦|𝜆, 𝛾, 𝜇, 𝜙) =

A
𝜆(1 − 𝛾), 𝑖𝑓	𝑦 = 0,

𝜆𝛾, 𝑖𝑓	𝑦 = 1,
(1 − 𝜆)𝑏𝑒𝑡𝑎(𝑦; 𝜇, 𝜙), 𝑖𝑓	𝑦 ∈ (0,1),

(3) 

 
where 𝑦 is the response relative loss, 𝜆 is the zero-and-

one-inflation probability (i.e., the probability that the 
response is zero or one), and 𝛾 is the conditional one-
inflation probability (i.e., the probability that the response 
is one rather than zero). For interpretability, the beta 
distribution is reparametrized with 𝜇 and 𝜙 as mean and 
precision parameter (Ferrari & Cribari-Neto, 2004). 

The proposed BR is a distributional regression model, 
where all four parameters of the zero-and-one-inflated beta 
distribution are estimated through distinct regression 
terms. While we use all predictors to estimate the beta 
mean parameter 𝜇, the inflation parameters 𝜆 and 𝛾 are 
predicted by the most influential variables with respect to 
building loss, i.e. water depth, precaution, and spatial 
situation. Ultimately, we estimate the beta precision 𝜙 
from water depth and precaution. By reducing the number 
of predictors for the inflation and precision parameters we 
reduce the total number of regression parameters which 
have to be estimated and, in turn, facilitate model 
convergence. The selection of the most influential 
parameters is based on the findings of Sieg et al. (2017) 
who found that the spatial situation exhibits particular 
explanatory power besides water depth and precaution. 
Continuous predictors were transformed in analogy to Yeo 
(2000), centered, and scaled to treat the skewness in the 
data. 

Bayesian models derive posterior parameter 
distributions by using observed data to update prior 
parameter distributions, which reflect the initial 
plausibility of parameter values (McElreath, 2018). Priors 
should be chosen in a way, that they rule out unrealistic 
parameter values and at the same time allocate most 
probability mass on values leading to plausible model 
response (Gelman et al., 2017; Simpson et al., 2017). We 
followed this recommendation and assigned priors that suit 
our understanding of flood damage processes. For 
instance, the regression coefficient of the variable water 
depth received the prior 𝑁𝑜𝑟𝑚𝑎𝑙(1,1.5) with more 
probability mass on positive values, since we expect that 
larger inundation depths lead to higher flood loss.  

It is often impossible to compute analytical solutions 
of the posterior. Therefore, we approximate the posterior 
distribution via Markov chain Monte Carlo (MCMC) 
sampling (see e.g. Gelman et al., 2013; McElreath, 2018). 
We configured the MCMC sampler to return 1000 samples 
from the posterior predictive distribution of relative 
building loss in order to match the number of samples from 
the other candidate models. A review of the MCMC 
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diagnostics and experiments with larger sample numbers 
showed that 1000 samples are sufficient to reliably 
estimate the posterior distribution of the model. 

4 Model comparison 
We assess the eligibility of the proposed flood loss models 
through posterior predictive checks. The idea of posterior 
predictive checks is popular in Bayesian inference and 
states that a well specified model should be capable of 
generating data that resembles the actually observed data 
(Gabry et al., 2019). In detail, we compare replications of 
relative loss from the models to the observed distribution 
of relative loss. If a model fits, the distributions of 
simulated and observed relative loss should match. For BN 
and BR, we obtain the replications of relative loss 𝑦"#* 
from the posterior predictive distribution 
 

𝑝2𝑦"#*3𝑦5 = L𝑝2𝑦"#*3𝜃5𝑝(𝜃|𝑦)𝑑𝜃 , (4) 

 
where 𝑦 are the observations of relative loss and 𝜃 are 

the model parameters (Gelman et al., 2013). In case of the 
RF, we evaluate the predicted conditional distribution of 
relative loss. Comparing characteristic features of 
observed and simulated data reveals whether the model is 
calibrated and, hence, able to reproduce essential 
characteristics of the data generating process or not. For 
flood loss models, it is particularly crucial to investigate 
model performance with regard to the amount of simulated 
total and no loss cases, since the loss distribution has direct 
impact on subsequent risk analysis. For instance, frequent 
low losses affect the average annual flood risk, and 
infrequent severe losses can increase the absolute loss of 
an event substantially. Note that posterior predictive 
checks use the same data for model fitting and checking 
(Gabry et al., 2019). 

Furthermore, we compare the training errors of the 
candidate models to each other by means of three 
performance metrics. Again, the models are evaluated on 
the same data which were used for fitting the models. 
Although the training error overestimates the true model 
skill for unseen data (James et al., 2013), it is suited for a 
first estimate of the relative performance of the candidate 
models. We compare the proposed models on the basis of 
the following performance metrics: 
1) The mean average error (MAE) for the mean of the 

predictive distribution 
2) The mean bias error (MBE) for the mean of the 

predictive distribution 
3) The continuous ranked probability score (CRPS) 

which evaluates the calibration and sharpness of the 
entire predictive distribution (e.g. Gneiting & 
Katzfuss, 2014). The CRPS evaluates the complete 
probability distribution, but can be understood as an 
analogy to MAE for point estimates, since both 
measures are expressed in the unit of the response 
variable. 

5 Results 
Figure 3 shows an overlay of 25 simulated predictive 

distributions (multiple bright lines) from the three 
candidate models (color-coded) and the observed 
distribution (single dark line) of relative loss. The strong 
agreement between the simulated and the observed loss 
distributions across candidate models suggests that all 
models are able to reproduce the response variable. The 
simulated densities of RF resemble the observed loss 
distribution very closely and even reproduce the bulges in 
the relative loss data. The same applies to the simulations 
of BN, which disperse slightly more around the 
observations. The posterior predictive distributions of BR 
deviate most strongly from the data and appear smoother 
than the simulations from the other models. For all models, 

Figure 3: Overlay of relative loss distributions as observed in the data (single dark line) and simulated from the models (multiple 
bright lines). Each panel displays the overlay plot for one model (colour-coded) and features 25 simulated predictive distributions. 
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we observe the largest spreads in the simulations of loss at 
extreme magnitudes, i.e. values of zero and one. This 
variation is particularly pronounced for very low flood 
loss. 

Figure 4 compares the proportions of zeros and ones 
in the simulated data to the shares in the survey data. The 
histograms summarize the proportions in the simulations, 
while the vertical lines indicate the observed ratio of zeros 
and ones. The plot reveals that all models reproduce the 
true proportion of zeros in the survey data well. The same 
applies to the simulated shares of ones. Yet, BR and RF 
tend to underestimate the number of total loss cases 
slightly. The variation in the simulations are more 
pronounced for BR in comparison to the remaining 
models. We find that all candidate models account for the 
considerable amount of no and total loss cases in the data 
sufficiently. 

 
Model MAE MBE Mean CRPS 

BN 0.1430 -0.0003 0.0914 

BR 0.1566 -0.0078 0.1007 

RF 0.1287 -0.0009 0.0781 

Table 2: Mean average error (MAE), mean bias error, and 
mean continuous ranked probability score (CRPS) for Bayesian 

network (BN), Bayesian regression (BR), and random forest 
(RF). The listed performance measures show the training error 

of the models. 
 
Table 2 summarizes the training performance of BN, 

BR, and RF for the three performance metrics. RF exhibits 
the highest predictive skill across the scores. BN and BR 
incur larger errors, which range in similar magnitudes. The 

very low values of MBE show that the model bias is 
negligible. Comparing the values of MAE and mean CRPS 
we find that the models incur lower error when the entire 
predictive distribution is evaluated instead of only the 
mean. 

6 Discussion and Conclusions 
The posterior predictive checks reveal that the 

proposed Bayesian network, Bayesian regression, and 
random forest are all capable of reproducing the surveyed 
loss data, including the critical zero and one proportions. 
Therefore, we conclude that the models are, in principle, 
suited for the application in flood loss modelling for 
companies. 

In order to understand why RF and BN fit closer to the 
data than BR, it is necessary to recall how the models make 
predictions. The proposed implementations of BN and RF 
resample the actually observed losses from the training 
data using weights which are conditioned on the 
predictors. In contrast, BR assumes that probability 
distribution of relative loss follows a predefined functional 
form and generates continuous samples from this target 
distribution via MCMC. These samples were not 
necessarily contained in the training data. As a result, BN 
and RF fit more closely to the observations and achieve 
lower training error than BR. However, BN and RF seem 
to overfit the training data, since they also replicate the 
bulges in the observed distribution of relative loss (see 
Figure 3). The high agreement between simulated and 
observed relative loss for BN and especially RF might be 
a result of overly flexible model structures. Moreover, the 
training performance does often not indicate how well a 
model generalize in the light of new data. 
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Figure 4: Observed and simulated proportions of zeros and ones in the variable relative loss for Bayesian networks (BN), Bayesian 
regression (BR), and random forest (RF). Each histogram (colour coded) summarizes the proportions of 1000 simulated datasets. 
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The results of this study are only the first step of a 
proper performance test for the candidate models. It is 
crucial, to further investigate the predictive capacity of 
Bayesian network, Bayesian regression, and random forest 
in a validation framework to determine the model test error 
(e.g. via cross-validation). Given the strong data 
dependence of BN and RF, we assume that the presented 
training errors distort the relative performance difference 
of the models for unseen data. In addition, novel 
approaches to flood loss estimation require for a 
benchmarking against established models. For example, 
such an experiment could investigate whether the 
proposed models deal better with the excess zeros and ones 
in the loss data than conventional stage-damage functions. 
Moreover, this study was limited to the investigation of 
company flood loss to buildings. However, other assets 
such as equipment, goods, and stock constitute significant 
shares of a companies’ net worth and are likewise exposed 
to flooding. A comprehensive investigation of the 
candidate models with a focus on model validation and 
benchmarking including additional company assets will be 
provided in Schoppa et al. (2020, submitted). 

 The proposed multivariable probabilistic models 
belong to a new generation of flood loss models which 
embrace the complexity of flood damage processes by 
explicitly accounting for multiple predictors. Equally 
important, they inherently quantify the predictive 
uncertainty in their loss estimates which increases the 
transparency with respect to model reliability. 
Consequently, multivariable probabilistic models advance 
the representation of company vulnerability in flood risk 
assessment. 
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