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Abstract. Flood-damage prediction models are essentialtion of the variability in average claim size at different spatial
building blocks in flood risk assessments. So far, little re- scales, and the collection of more detailed insurance data that
search has been dedicated to damage from small-scale urbafiows one to distinguish between the effects of various dam-
floods caused by heavy rainfall, while there is a need for re-age mechanisms to claim size. Cross-validation results show
liable damage models for this flood type among insurers andhat decision trees were able to predict 22—26 % of variance
water authorities. in claim frequency, which is considerably better compared to
The aim of this paper is to investigate a wide range results from global multiple regression models (11-18 % of
of damage-influencing factors and their relationships withvariance explained). Still, a large part of the variance in claim
rainfall-related damage, using decision-tree analysis. Fofrequency is left unexplained, which is likely to be caused by
this, district-aggregated claim data from private property in-variations in data at subdistrict scale and missing explanatory
surance companies in the Netherlands were analysed, for theariables.
period 1998-2011. The databases include claims of water-
related damage (for example, damages related to rainwa-
ter intrusion through roofs and pluvial flood water entering 1  |ntroduction
buildings at ground floor). Response variables being mod-
elled are average claim size and claim frequency, per districtA key aspect of flood risk management is the analysis of
per day. The set of predictors include rainfall-related vari- flood-damage data and the development of flood-damage
ables derived from weather radar images, topographic variprediction models. A considerable amount of literature on
ables from a digital terrain model, building-related variablesthis topic is associated with catastrophic river floods that in-
and socioeconomic indicators of households. volve Iarge catchmentsr\/(erz et al, 201Q Jongman et al.
Analyses were made separately for property and contenp012. Comparatively little research has focused on dam-
damage claim data. Results of decision-tree analysis showge of small-scale floods in urban areas that are a result of
that claim frequency is most strongly associated with maxi-localised heavy rainfall (e.gTen Veldhuis 2011 Hurford
mum hourly rainfall intensity, followed by real estate value, et al, 2012 Blanc et al, 2012 Zhou et al, 2012. One pos-
ground floor area, household income, season (property datgible explanation for this is that the adverse consequences
only), buildings age (property data only), a fraction of home- on the scale of river catchments are possibly larger than on
owners (content data only), a and fraction of low-rise build- the urban scale. Moreover, information and data on impacts
ings (content data only). It was not possible to develop stafrom urban flooding are rare, as well as appropriate meth-
tistically acceptable trees for average claim size. It is rec-ods to analyse these. Meanwhile, reliable damage models for
ommended to investigate explanations for the failure to de+his type of flood can help insurers and water authorities to
rive models. These require the inclusion of other explanatoryrespond more adequately to rainfall extremes.
factors that were not used in the present study, an investiga-
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Severe pluvial floods in the UK in 2004, 2006 and 2007 as ecology (e.gRejwan et al. 1999 De’ath and Fabricius
(Pitt, 2008 Coulthard and Frostick201Q Douglas et al. 2000 and medicine (e.g-less et al.1999, but the study by
2010 have demonstrated that local high-intensity rainfall Merz et al.(2013 was the first to explore the concepts for
can have large impacts on society. Another example is thélood-damage modelling.
heavy rainfall event of 1998 in the Netherlands, which caused In this paper, results of decision-tree analysis are presented
around 410 million euros (1998 values) to private buildingsbased on a large insurance database of district-aggregated
and agriculture Jak and Kok2000. Recent figures, related damage data. The data represent water-related damages to
to building damage due to heavy rainfall, show that the Dan-residential buildings, for the period of 1998-2011, covering
ish insurance industry has compensated around 300 milliotthe whole of the Netherlands. In exploratory studies based on
euros per year between the years 2009 and 2Batne etal.  the same database, relationships between various character-
2013. istics of rainfall events and various damage variables were in-
The objective of a damage model is to predict damage thavestigated Ririassa and Hoer201Q Spekkers et al2013a
is related to single objects (e.g. buildings) or spatially aggre-b). These studies found that rainfall characteristics explain
gated units (e.g. postal districts, neighbourhoods), based oanly part of the variance in water-related damage data. Simi-
a set of explanatory variables. In particular, building dam-lar conclusions were drawn bB§heng(2012); Einfalt et al.
age and the factors contributing to damage has been obje¢R012; Zhou et al.(2013, and theClimate Service Cen-
of research in many natural hazard sciences, such as buildingr (2013, who also analysed water-related insurance claim
damage due to landslides (e@hiocchio et al.1997), hail- data in relation to rainfall data. There may be two reasons for
storms (e.gHohl et al., 2002, and coastal flooding (e.é\n- the variance that is left unexplained. Firstly, global regression
dré et al, 2013. For river flooding, traditional building dam- models were used in the aforementioned studies, but, given
age models usually consider flood depth and building class athe complexity of the problem, they may not be the most ap-
the primary damage-influencing factolddrz et al, 2010. propriate model choice. Secondly, the analyses were limited
In recent years, an increasing number of studies have showto rainfall-related factors only, while, in reality, many more
that flood depth alone cannot sufficiently explain damagefactors are relevant for damage.
variability (Merz et al, 2004 Thieken et al.2005 Pistrika Building upon the research bylerz et al.(2013, this pa-
and Jonkman2009 Merz et al, 201Q Freni et al, 2010 per aims to investigate a wide range of damage-influencing
and that many other factors play an important role, such agactors, defined by the scale of districts and their relation-
the level of precaution and socioeconomic status of houseships with average size and frequency of insurance dam-
holds Kreibich et al, 2005 Thieken et al.2005 Merz et al, age claims, using decision-tree analysis. The set of explana-
2013. In particular, for pluvial flooding, uncertainties in ur- tory variables includes rainfall-related variables derived from
ban drainage models are not yet understood well enoughveather radar data sets, topographic variables from a dig-
(Deletic et al, 2012 to make reliable flood depth calcula- ital terrain model, building-related variables, and variables
tions. A source of uncertainty relates to incomplete knowl- related to the socioeconomic status of households. Variables
edge of failure mechanisms that lead to flooding. For exam+elated to functioning of urban drainage systems (e.g. stor-
ple, blockages of sewer inlets contribute largely to pluvial age capacity, sewer type) were not included because these
flooding (Ten Veldhuis et a).2017), but this process is usu- were not available on a nationwide basis. Separate analyses
ally ignored in urban drainage models. were made for property and content damage data. The pa-
Instead,Merz et al. (2013 argue that “there is a need per is structured as follows. First of all, an overview of the
for multi-variate statistical analyses of comprehensive flood-data sources and a description of how response and explana-
damage data to quantify the interaction and influence of vartory variables were derived from the data is given (S2kt.
ious factors and to further develop reliable damage models”In Sect.3, more background is given on the various choices
They successfully applied tree-based data-mining techniquethat were made to construct decision trees. Results of the
on a comprehensive damage data set related to building dantecision-tree analysis and a comparison between results from
age after major river floods in Germany. Through this ap-a global multiple-regression model are presented in Sect. 4,
proach, they were able to investigate a large variety of potenfollowed by a discussion in Sect. 5. Finally, Sect. 6 sum-
tial damage-influencing characteristics, beyond the ones thaharises conclusions and recommendations.
are used in traditional flood-damage models, and identify pa-
rameters with strong explanatory value, such as floor area,
building value, flood return period, contamination, flood du- 2 pData
ration and level of precaution.
The use of tree-based models, or decision trees, is also e2.1 Damage variables
plored in the present paper in the context of modelling dam-
ages related to heavy rainfall. Decision trees have proved tdhsurance damage data were provided by the Dutch Associ-
be useful for exploring the structure of complex data sets. Deation of Insurers, an organisation that represents the interests
cision trees have been applied in a large variety of fields, suclof private insurance companies operating in the Netherlands
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(Table 1). The data include daily records of water-related =
damage claims related to residential buildings and building
contents in the Netherlands from a number of large private
insurance companies. The database covers policy data of on® |
average 22 % of all households in the Netherlands, in the pe;
riod 1998-2011 (Figl). In the Netherlands, almost all pri- N B 5 N BN UE
vately owned buildings are insured for property damage that
may result from a wide range of risks, such as fire, halil, rain-
fall, and storms. Such insurance is commonly obliged in the =1
case of a mortgage. The data are aggregated at the level of 4-
digits postal districts, i.e. neighbourhood level. The Nether-
lands has around 4000 districts, with surface areas varying 2~ .. .o s x0 20 20 %0 % 20 20 20 20 2  20m
between 1 krhand 50 k.

Water-re_lated dgmagg can have a wide range O_f Causelg—’igure 1. Insurance density per year: the number of insured house-
such as rainwater intrusion through roofs, and pluvial floodpgigs in the database from the Dutch Association of Insurers per
water that enters buildings through doors and wall openingsyear, divided by the total number of households in the Netherlands
Cases of fluvial flooding are not included in the data, as theser year. Light bars represent property insurance, and dark bars rep-
are not commonly covered by property and content insuranceesent content insurance. The dashed horizontal #n22%) rep-
policies in the NetherlandSegifert et al.2013. Insurers typ-  resents the average insurance density for the period 1998-2011 (the
ically compensate for the costs of cleaning, drying and re-same percentage for content and property insurance).
placing materials and objects, and the costs of temporarily
rehousing people. ) ) )

Damage values before 2002 were converted from guildeclaims observed for cagegiven K;, the number of insured
to euros using the conversion ratio 1 guilded.454 euros. ~ Nouseholds for case(i.e. p value):

All values are in 2011 euros. Every value associated with bl g
ayear t_)efo_re _2011_ was adjusted f(_)r inflation accor_dln_g to thepr(y >k | K)=1— Z ( z)gy(l_ ;.)K;—y’ 1)
correction indices in Tabl®. Extensive checks on missing or

incorrect values (e.g. blanks, zeros, and incorrect dates) and

inconsistencies in the data are discusse@pekkers et al. where¢ is the probability of a non-rainfall-related claim on
(20133. Figure2 shows that property insurance is well rep- a day for an individual, insured household. Figdrehows
resented in the database in most regions of the Netherlandbe estimated; per year for content and property claims,
(insurance density of 10 %), but poorly represented in parts based on cases for which no rainfall was recorded. The vari-
of the northern provinces (insurance densitxdf0 %). This  ations of¢ between years may be related to annual changes
is mainly the case for property insurance, as almost all disin the participating insurers; among insurers, there may be
tricts have content insurance density-010 %. different policies towards claim compensation. Additionally,

The response data being modelled are of average clairthere can be changes in people’s claiming behaviour. Cases
size and claim frequency, per district, per day (see Table were selected if the value (according to Edl) was below
for definitions). The next section discusses the explanatorya significance level of 0.01 (1 %), with a minimum of two

L
]

y=0

variables. claims per case. This implies that relationships between vari-
ables are investigated given a likelihood of 99 % of rainfall-
2.2 Subsetting data related damage.

Furthermore, cases were discarded if insurance density
A case (i.e. a row in the data table) is a uniqgue combinatiorwas less than 10 %, the value of claim frequency was unre-
of aday and a district. Cases were filtered out for a number ofilistically large ¢ 0.1), or the number of policyholders was
reasons. Cases with fewer recorded claims are often not rdess than 100. The last rule was applied to reduce the risk of
lated to rainfall, but to other causes of water-related damagegases with few policyholders to show high claim frequencies
such as bursts of water supply pipes and leakages of washingst by chance. The final subsets related to property data and
machines$pekkers et al20133. These non-rainfall-related content data contain around 6000 casedl$ 500 claims)
claims occur throughout the year, whereas rainfall-relatedand around 6300 cases (9 000 claims) respectively. Fig-
claims are clustered on wet days. Cases were therefore sewe3 shows the distributions of the response variables for the
lected based on a statistically higher number of claims tharsubsets; the distributions are skewed to the right.
expected on dry days. For this, a filter approach proposed in
Spekkers et al20133 was applied. A binomial probability
law was applied to dry days in the data set to derive the prob-
ability of y claims at least as extreme &s the number of
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Table 1. Overview of data sources used in this study.

M. H. Spekkers et al.: Rainfall damage analysis

# Data source Temporal Spatial Period Related
resolution resolution references
1 Databases from Dutch Association of Insurers Ririassa and Hoe(2010
Property damage claims By day District level 1998-2011
Content damage claims By day District level 1998-2011
2 C-band weather radar data set from the Roydl scan/5min  Bkmx25km 1998-2008 Overeem et al(2009
Netherlands Meteorological Institute pixels
1scan/5min  1knx 1km 2009-2011 See Sect. 2.3 Dvereem
pixels etal.(2011).
3 Databases from Statistics Netherlands
Real estate values By year Per object 1998-2011
Housing stock register By year Per object 2006-2011
Integrated household income data By year Per household 2003-2011
Highest level of education achieved data By year Per person 1999-2010
Demographic background of persons data By year Per person 1995-2011
4 National Building Register By day Per object Dynamic Online viewer:
http://bagviewer.pdok.nl/
5 Digital terrain model of the Netherlands 1scan & Bm pixels Obtained in the Online viewer:

period of 2007— http://ahn.geodan.nl/ahn/

2012. More backgroundVan der
Sande et a2010; Van der
Zon(2013.
2.3 Damage-influencing variables . Insurance density < 10% or NA
° Insurance density > 10% o
° : - et
2.3.1 Rainfall-related variables o
8 1 o S é\.i,:'
by %s e
For each case in the subset, rainfall volume, rainfall duration, 4 cé‘:‘t
and maximum and mean rainfall intensity were extracted * 2 ,.‘\’ gl
from weather radar data (Tak®. Definitions of these vari- £ e ool { TG
ables can be found in TabZ A database of C-band weather > & sl iE e - 3

radar images was used, provided by the Royal Netherlands
Meteorological Institute (Tabl&). The images are compos-
ites based on two C-band Doppler radars, which have been
adjusted for various biases using data from manual and auto-
matic rain gaugesgvereem et al2009. The rainfall-related
variables were obtained using the following steps, as is also
described irSpekkers et al20138.

Firstly, rainfall time series are processed at individual pixel
level. Rainfall data were extracted for claim days (i.e. the
days related to the cases) and for one previous day. Then,
independent rainfall events were selected based on an intel”
mediate dry period of at least 12 h, with “dry” being defined
as< 0.083 mm for a 5 min time step. The dry period ofa12h
interval relates to the time a sewer system takes to restore t;

400

350

S

300

T T T T T T T
50 100 150 200 250 300

x [km]

igure 2. Property insurance density: the percentage of homeown-
ers included in the database from Dutch Association of Insurers,
averaged over the years 1998-2011. Dark areas denote districts that
have an insurance density of less than 10% or where values are
flot available. Note that this figure is slightly different for individual

equilibrium state (i.e. a state with only dry weather flow) af- years.

ter a rainfall event. Dutch sewers are designed to restore to an
equilibrium state in around 10 to 24 Bt{chting RIONED,

2008. Only rainfall events that coincide with a claim day for istics are assigned zero values. In the case of two events, the

at least one time step are kept. This results in either zero, ongn
or two independent rainfall events that can be associated with
a claim day. In the case of zero events, all rainfall character-

Nat. Hazards Earth Syst. Sci., 14, 25312547, 2014
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Table 2. Model variables and variable definitions. Value ranges (column 3) are related to subsets of property and content claim data respec-
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tively.
Variable name Definition Min—Max (median) Min—Max (median) Source
Property data Content data

Response variables

Claim frequency (cf) Number of claims per day per district divided by nun®.0007-0.0933 0.0006-0.0812 1
ber of policyholders per district (0.0039) (0.0026)

Average claim size (acs) Total damage per day per district divided by numbe#8£80 520 (1024) 12-28282 (674) 1
claims per day per district (euros)

Rainfall-related variables

Maximum rainfall intensity (rmax)  Maximum intensity of rainfall event at the buildingd—-97 (4) 0-97 (8) 2
weighted centroid of a district, using an 1 h moving time
window (mm 1)

Mean rainfall intensity (rmean) Mean intensity of rainfall event at the buildin@-38 (1) 0-46 (1) 2
weighted centroid of a district (mnTH)

Rainfall volume (rvol) Volume of rainfall event at the building-weighted cend—149 (12) 0-154 (17) 2
troid of a district (mm)

Rainfall duration (rdur) Duration of rainfall event at the building-weighted ce®—48 (10) 0-48 (11) 2
troid of a district (h)

Socio-economic variables

Household income (inc) Median disposable household income per district, &d10 (5) 1-10(3) 3
justed for inflation according to Table 3 and classified
in 10-percentile groups:=2 lowest 10 % of data, 16
highest 10 % of data

Education of breadwinner (edu) Mean level of highest education obtained by nig-5.3 (3.9) 2.6-5.2(3.7)
breadwinner per district, according to Dutch education
index: 1= lowest: e.g. kindergarten, # highest: e.g.
degree in medicine

Age of breadwinner (agel) Median age of main breadwinner per district (yr) 24-68 (51) 27-72 (50) 3

Fraction of homeowners (own) Number of owner-occupied buildings per district 6i08-0.95 (0.62) 0-0.98 (0.52) 3
vided by the total number of residential buildings per
district

Building-related variables

Real estate value (rev) Median real estate value of residential buildings per @8%371-1 068 136 34132-773468 3
trict, adjusted for inflation according to Table 3 (euros)184 508) (145774)

Fraction of low-rise buildings (low) Number of residential addresses that have their entraiiek (0.91) 0-1 (0.85) 4
at ground level divided by the total number of residen-
tial addresses per district

Building age (age2) Median age of residential buildings per district (yr) 2-251 (41) 1-253 (42) 4

Ground floor area (floor) Mean area of the ground floor of a building per distric+385 (63) 17-263 (62) 4
(m?)

Topographic variables

Slope (slope) Median slope at building pixe?$ per district, accord- 0.29-7.29 (0.62) 0.29-6.48 (0.65) 5
ing to Horn (1981)

Position index, 25 m (tpil) Median topographic position index at building pixels0.02—0.16 (0.04) —0.01-0.16 (0.04) 5
(m) per district, according to Weiss (2001) using 25m
25 m window

Position index, 255 m (tpi2) Median topographic position index at building pix-1.55-0.95 (0.11) —0.73-1.24 (0.11) 5
els (m) per district, according to Weiss (2001) using
255mx 255 m window

Position index, 1005 m (tpi3) Median topographic position index at building pix-16.76-7.20 (0.14) —9.85-7.2 (0.12) 5
els (m) pre district, according to Weiss (2001) using
1005mx 1005 m window

Others

Season (seas) Season of the year: wiat@ec—Feb, spring= Mar— NA NA NA

May, summer= Jun—Aug, autume= Sep—Nov

www.nat-hazards-earth-syst-sci.net/14/2531/2014/
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Claim frequency Average claim size Figure 4. Average probability of a non-rainfall-related claim per
day per policyholder for the years 1998-2011. The white dots are

Figure 3. Histograms of response variables in subset d@#:  related to property claim data, the black dots to content claim data.
claim frequency of property-related cas@s,average claim size of

property-related caseg;) claim frequency of content-related cases
and(d) average claim size of content-related cases. Histograms of
claim frequency and average claim size have a bin size of 0.000%|ope (Table2). TPI compares the elevation of a cell to the
and 250 euros respectively. mean elevation of a specified neighbourhood around that cell
(Weiss 2001). A positive TPI value means that the cell is
) o ) a locally high point within the analysis window, whereas
Secondly, the radar pixel value at the building-weighted 5 negative TPI value corresponds with a locally low point.
centroid of a district is selected. The weighting was basedrp yas calculated using three sizes of analysis windows, i.e.
on the locations of residential buildings in the district ac- a 25mx 25 m, 255mx 255 m, and 1005 m 1005 m window.
cording to the National Building Register (see S&8.9.  g|gne was assessed according to the procedure discussed in
The building-weighted centroid better links radar data to ur-py5p, (1981), where the maximum rate of change in value
banised areas compared to the geometric centroid, particClsom the cell to its eight neighbours was calculated.
larly for larger districts with spatial variation of urban density  \s5yes of the topographic variables were assigned to resi-
(Fig. 5). dential buildings, based on the pixel in which the geometric
centroid of the building was located. Building locations were
derived from the National Building Register (Taldlpusing
the reference data of 31 December 2011. The derived val-
to characterise districts in terms of their steepness (THble ues were the_n s_patially gggregated to obtain median variable
pvalues per district. Median values, rather than mean values,

Steep catchments are prone to depression filling, where rai .
water runs down a slope and fills up depressions at the bo were used to reduce the effect of outliers. Although there may
e changes in the housing stock between years, it was as-

tom if no drainage facilities are availabl®gh Veldhuis et aJ. L . .
2011). The DTM used is a representation of the natural ter_sumed that the district-aggregated topographic variables are

rain, excluding semi-permanent objects like vegetations an&onstant for the entire study period.

buildings. The spatial resolution of the DTM was aggregated

to 5mx 5 m tiles (/an der Zon2013. Data gaps inthe DTM  2.3.3  Socioeconomic variables

were filled using linear interpolation. More background on

the laser scanning campaign and data quality can be found iRrevious studies have shown socioeconomic data of house-

Van der Sande et 2010 andVan der Zon(2013. holds, such as ownership structure, to be significantly corre-
There is a wide range of techniques to calculate topo-lated to property and content damage (&.bieken et al.

graphic variables from raster data. For example, \8&le 2005. The relationships between socioeconomic variables

son et al.(2007 for an extensive review. This study fo- and the damage may be weaker when studied at the level

cused on two variables: topographic position index (TPI) andof districts (compared to that of individual households), in

o o

2.3.2 Topographic variables

A digital terrain model (DTM) of the Netherlands was used

Nat. Hazards Earth Syst. Sci., 14, 25312547, 2014 www.nat-hazards-earth-syst-sci.net/14/2531/2014/
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v' w"gbg:, g Table 3. Inflation adjustment according to the online database of
3 1 Statistics Netherlandsitp://statline.cbs.hl The average inflation

per year for the Netherlands is used (second column), based on the

consumer price index. Every damage value associated with a year

before 2011 was multiplied with a correction index (third column).

-4030

~4040

Year Inflation [%] Correction

T g 1998 2.0 131

< 5 1999 2.2 1.28

2000 2.6 1.25

o 2001 4.5 1.19

§ 2002 34 1.16

2003 2.1 1.13

2004 1.2 1.12

g 2005 17 1.10

‘ 2006 1.1 1.09

2007 1.6 1.07

2008 25 1.04

< e 2009 1.2 1.03

2010 1.3 1.02

Figure 5. An example map showing postal districts (polygons), 2011 23 1.00
their geometric centroid (crosses), and their building-weighted cen-
troids (dots). The grey dots are residential areas used in the weight-

ng. termined from the data; overlapping points (i.e. points repre-

senting addresses at different storeys of a flat) were removed

) o and residual points were then counted and compared to orig-
particular when districts are heterogeneous. For exampléi,| point data. In the cases where multiple addresses were
when there is a large variance in household incomes. sharing the same building polygon, the ground floor area was

Databases of Statistic;s Nether!ands were used to derivﬁdjusted by dividing the total polygon area by the number of
a number of basic socioeconomic variables (Tablend  j4qresses.

2). The variables are district-aggregated statistics. Median

values were used instead of mean values for variables thai 3 5 Other

showed strong variance within districts (i.e. age of bread-

winner and household income) to reduce the influence ofFor each case, the season of the year was included to account
outliers. Because only homeowners can take property insurfor seasonal effects, such as occurrence of snow and hail and

ance, the variable “fraction of homeowners” is only relevant plockages of rain gutters or sewer inlets due to leaf fall.
for content-related response variables.

2.3.4 Building-related variables 3 Methods

Building-related variables were based on the National Build-3.1  Decision trees and splitting criteria

ing Register (NBR), a geodatabase of all buildings and ad-

dresses in the Netherlands (Tallle except for real estate The two response variables, claim frequency and average
values, which are based on databases of Statistics Netheclaim size, are separately modelled as a function of the can-
lands. The NBR contains many building attributes, such agdidate explanatory variables (Tal#2§ using decision trees.
construction year, type of use, and ground floor area. TheThe advantages of tree models are that they “can deal with
database effectively tracks changes in the housing stock; i.eon-linear relationships, high-order interactions and missing
new buildings are added, old buildings are marked “not indata” (De’ath and Fabriciu2000.

use”. For any historic point in time, subsets of the housing The philosophy of this approach is to learn a tree by
stock can be made. Subsets of the data were made for eadimding an explanatory variable that splits the data into two
year (reference data: 31 December) of objects with a resigroups, or nodes, such that variance of the response vari-
dential function, possibly combined with a shopping or busi- able is minimised. A data set is split into two groups by
ness function, for which the building status was marked “in a chosen reference value of an explanatory variable: a group
use”. From each case, three variables were derived: fractiofor which values are lower than the chosen reference value
of low-rise buildings, building age, and ground floor area and a group for which values are higher than or equal to
(Table 2). Fraction of low-rise buildings was indirectly de- the chosen reference value. From all possible splits of all

www.nat-hazards-earth-syst-sci.net/14/2531/2014/ Nat. Hazards Earth Syst. Sci., 14, 25847, 2014
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explanatory variables, the one that minimises the variance of The main source of missing data was rainfall data, due to
the response variable in the resulting groups, is selected. Thiweather radars not being operational. To deal with missing
process is recursively repeated on each subgroup until a larggata, a common approach in decision-tree learning is to im-
tree is learned. Trees are trained based on the complete dapaite missing data using surrogate variabBseiman et al.

set. 19849). Surrogate variables are variables that would split data

An important aspect in learning trees is the choice of theinto two groups similar to the split by the original, or pri-

splitting criterion. A general expression of a goodness-of-mary, splitting variable. This method is, however, not appro-
split measure is the difference between the within-node depriate for missing rainfall data, because none of the other ex-
viance of the response data in the parent grayp,and the  planatory variables considered in the present study can act
sums of within-node deviance of the response data in the lefas a suitable surrogate. Alternatively, we discarded the cases
and right child groupD. and Dr (Therneau and Atkinsgn  without rainfall data (8—11 % of the cases). Still, surrogate

2014: variables were recorded at each node for the purpose of cal-
culating variable importance (see S&P).
¢ =Dp—D_ — DR (2) A total number of four trees were generated for the vari-

ous responses: property claim frequency, content claim fre-
A split that maximises Eq2j is sought out. The expression quency, average property claim size, and average content
of the within-node deviance is specified depending on theclaim size. For all trees, explanatory variables listed in Ta-
type of response data. For continuous data, as is the case bfe2were used as model input, except for a fraction of home-
average claim size, the within-node deviance is commonlyowners in the case of property claim data.
defined as the sum of squares about the group mean @gable
The class of trees that are based on this deviance function a2 Determining size of tree and variable importance

referred to as regression treddréiman et al. 1984. The ) ) )
summary statistic, or model outcome, that is given at each! N€ large tree is then trimmed back to a simpler tree that
terminal node is the group mean. still contains most of the predictive power of the large tree

Similar to ordinary least-square regression, the variancdD€'ath and Fabriciu200Q Thermeau and Atkinsg2014).

of the response variable needs to be constant for any N€ right size of tree is determined using 10-fold cross-
group mean, otherwise greater weight is given to groupsvalldatlon. The following explananon gf this procedu_re is
with higher variationsDe’ath and Fabriciy200Q Moisen, ~ Pased on the papers De’ath and Fabriciu¢2000 andMoi-
2008. The average claim size was therefore log-transformed®€" (2008 the data is randomly divided into ten mutually

to stabilise variance. Note that there is no need to trans€Xclusive subsets of equal size. Then, 10 trees are built us-

form explanatory variables, as regression trees are invarild Nine subsets each time, dropping out one subset in turn.

ant to monotonic transformations of explanatory variables! e fitted trees are used to predict the omitted subset, such

(Breiman et al.1984). To make analysis more robust for out- that the average error of all trees can be estimated. The error

liers, the numbers of claims on which average claim size isOf a tree is defined as the amount of variance in the terminal
base;d were used as case weights. nodes that is left unexplained compared to the variance of the

For event rate data, as is the case of claim frequency}mdi"ided data. This is repeated for each tree size. In contrast

a more appropriate goodness-of-split measure is one that ito the error ofatrge that isfitted'on training data, the average
based on the deviance function of Poisson distributed dat&'TOr of cross-validation trees will eventually reach a plateau

(Table 4) (Therneau and Atkinsor2014. Note that claim (a trge_size where a next spl_it does_ n_ot add any vglu_e to the
frequency is calculated by dividing the number of claims prediction). Because of the imprecision of determining the

by the number of policyholders, where the number of pol- exact tree size at which the plateau is reached, the 1 SE rule
icyholders may vary from district to district. The summary S @Pplied Breiman et al. 1984 the smallest tree is taken,
statistic that is given at each terminal node is the PoissorpUch that the average error is within one standard deviation
mean. Trees of this class are referred to as Poisson trees, fd?! the minimum error of the cross-validation trees. This tree
lowing the naming convention biyee and Jin(2006. From IS referr(.ed to as the “pruned tree”. ) . .
a theoretical point-of-view, the deviance function of a zero-  DECiSion trees can also be used to identify important vari-
truncated Poisson distribution gives a better description oftPles. Variable importance is defined as the sum of the
the within-node deviance (Tab#, because only non-zero goodness-of-split measure (Ef).of each split for which the

counts are considered here. Parameter estimation of this d¥ariable was the primary or the surrogate splitting variable,

viance function has the disadvantage of requiring an iteraSC@led to sum to one. , o _
Various softwares are available for decision-tree analysis.

tive process that is computationally much more demandin X > A= ,
than the Poisson deviance function. For this reason, resulttN® Recursive Partitioning and Regression Trees (RPART)

are based on the splitting criterion that uses the Poisson déiPrary for R 2.15.3 was used for this study, developed by
viance function. More details on this issue can be read in the! "érneau and Atkinsof2014).
discussion section (Se®&).
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Table 4. Within-node deviance functions. Symboks:= number of claims per day per distrigt; = number of policyholders per day per
district, w; = case weightz = number of cases.

Response variable Distribution Within-node deviance Parameter estimation
log(Average claim size}= y; Normal (u; o) D= Z[wi (y; — ;2)2] i _ L Widi
n
) ki . ki ~ o Yk
Claim frequency= —- Poisson D=2) |kilog(=—)—k; +AK; F==
q Y_Ki 9] Z[! g<}»K,-) i t] K,
D=2 [kilog(h~ (k) — h~ (ki)
Truncated Poissori —log(1—exp(—h~1(k;))) — k;log(AK;) A using maximum likelihood

IS A estimation
+AK; +log(1— exp(—AKi))],

whereh(x) = m

Note:2~1(x) needs to be calculated numerically, which is inconvenient for decision-tree learning where deviance needs to be evaluated for every split.

3.3 Comparison with global multiple-regression model Table 5. Spearman’s pairwise correlation coefficients. Non-
significant relationshipsy( < 0.001) are denoted with a hyphen.
Results of decision-tree analysis were compared to results
of global multiple-regression analysis. A Poisson regression Property claims Content claims
model was used to explain claim frequency as a function of
various combinations of explanatory variables, which yields:

Variable Frequency Average Frequency Average

size size
rmax 0.32 0.07 0.40 0.12
log(k;) =109(K;) + Bo+ B1x1i + ...+ BnXni, 3) rmean 0.30 0.04 0.35 0.09
rvol 0.29 - 0.31 0.10
wherek; is the number of claims observed for case; is fdur 0.18 - 0.14 -
the number of insured households for casandpo, .. .c, B inc -0.21 - 0.24 -
is the regression coefficients. Regression coefficients are es- €du —0.10 0.07 0.12 0.11
timated using maximum likelihood estimation. A linear re- g\?vil i a 8'%2 -
tgress%lon mé)del was used_tct))le%plam claim size, using a log- rov 0.0 0.14 0.94 0.13
ransformed response variable: low _ ~ 022  —0.06
age2 0.17 - - -
|Og()’z) = ﬁo + ﬂlxli +--+ ﬂnxni + ¢, (4) floor 0.09 _ 0.26 _
. . . . slope 0.10 - - 0.05
wherey; is the average claim size for casendg; is the er- tpilp - _ _ B
ror term of casé. Tree models and global regression models tpi2 _ _ 0.10 _
were compared in terms of variance explained by the models. ;3 0.05 _ 0.14 -

Since the only interest here is to quantify the performance of
an entire set of explanatory variables in predicting claim fre-
quency, and not the individual contributions of the variables,

it is safe to ignore any correlation that may exist betweenganera) there is no explanatory variable with strong predic-

the explanatory vgrlables. Note that the categorical variable;, o power. The strongest relationships were found between

season”was notincluded in the models. rainfall-related variables, except for rainfall duration and
claim frequency 6 = 0.29-0.40). Other significant factors

4 Results associated with claim frequency (witla| > 0.20) include
household income, real estate value, a fraction of homeown-
4.1 Explorative analysis ers (content data only), a fraction of low-rise buildings (con-

tent data only), and ground floor area (content data only). In-
To explore data, pairwise correlations between explanatoryerestingly, household income and real estate value are neg-
and response variables were analysed (T&pl&pearman’s  atively correlated with claim frequency for property-related
correlation coefficients were calculated to account for thedata p = —0.21 andp = —0.20 respectively), but positively
non-normal distributions of response data (B)y.Note that  correlated for content-related data (both have- 0.24).
the categorical variable “season” is not listed in Tahlén This is probably because data sets contain different groups
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of households: property-related data involves homeownersigh claim frequencies. Ground floor area correlates posi-
only, whereas content-related data include tenants and homeively with claim frequency at nodes 25: larger buildings re-
owners. As a consequence, the data sets cover different varéeive around 60 % more claims compared to small buildings.
able value ranges; content-related data are associated wiffhe tree explains 32 % of the variance in training data (i.e.
lower household incomes and real estate values (see Zpble R? = 1 — Sumofdeviance atterminal oy on average, 26 %
Another explanation could be that more expensive housesf the variance in cross-validation data sets (Bjg.
are better maintained or have better construction quality, and The regression tree, explaining content-related claim fre-
they are therefore less prone to flooding. Moreover, incomeguency, has 12 terminal nodes and its splits are based on
is probably related to better maintenance, thereby indirectlyfour splitting variables: maximum rainfall intensity, a frac-
affecting the claim frequency. tion of homeowners, ground floor area, and a fraction of low-
There are a larger number of significant links between ex-rise buildings (Fig.9). Similar to the previous tree, maxi-
planatory variables and claim frequency than between exmum rainfall intensity is the top splitting variable and the
planatory variables and average claims size. In general, revalue of the split (16 mmh! vs. 15mmHh?) is also con-
lationships between explanatory variables and average clairgistent between trees. Maximum rainfall intensity appears
size were weak or non-existent. Maximum and mean raintwo more times lower down in the tree (node 4 and 6),
fall intensity (and rainfall volume for content-related claims) which emphasises the importance of this variable in ex-
were significant rainfall-related variables. Moreover, educa-plaining claim frequency. For low-intensity rainfall events
tion and a fraction of homeowners were significantly cor- (rmax< 16 mm!), a fraction of homeowners is a signif-
related with average claim size for property-related andicant variable; districts with relatively many owner-occupied
content-related claims. buildings (own> 0.52) receive more claims than districts
Note that correlations reflect relationships based on the enwith relatively many rented buildings (own 0.52). Highest
tire data set. Variables that turn out not to be important glob-claim frequencies are observed for cases with high rainfall

ally may therefore still be important locally. intensities (rmax 16 mmh 1), relatively large and mostly
low-rise buildings (flooe 86 n?, low > 0.59, 3.3% of all
4.2 Decision-tree analysis claims). The splits at node 15 and 22 (both having “ground

floor area” as splitting variable) only reduce the deviance of
In contrast to pairwise correlation analysis, decision-treethe undivided data by less than 1%. Thus, an even smaller
analysis allows to investigate relationships that exist locallytree can be proposed by considering these nodes terminal,
within subgroups of data. The Poisson tree in Bigxplains  without loosing much of the explained variance. The tree ex-
the property-related claim frequency, by dividing the original plains 30 % of the variance in training data and 22 % of the
data into 14 subgroups (i.e. terminal nodes). The tree usegariance in validation data (not shown here), which means
eight variables for splitting: two variables related to rain- that claim frequency of content-related damage is slightly
fall (maximum rainfall intensity and rainfall volume), three less predictable than claim frequency of property-related
variables related to buildings (real estate value, building agedamage.
and ground floor area), slope, season, and household income. It was not possible to develop statistically acceptable trees
Maximum rainfall intensity is the top splitting variable and for average claim size. The only meaningful splitting variable
also the variable that makes the second split to the rightthat was found for property-related average claim size was
As a consequence, the data space is effectively split intdhe real estate value. Cases with real estate values smaller
three rainfall intensity levels: 0-15 mnth 15-37 mmh?1, than 97 000 euros were associated with an average claim size
and> 37mm L, with most claims (67 %) falling into the of 820 euros (11 % of the claims), whereas cases with real
lowest rainfall intensity group. Figuréillustrates the split-  estate values larger than or equal to 97 000 euros had an av-
ting method for the top split; the claim frequency is plot- erage claim size of 1152 euros (89 % of the claims). Thus,
ted against maximum rainfall intensity (see top of Fiy,. rainfall-related variables were not used as a splitting variable.
and a split value for maximum rainfall intensity that max- No splits were found for content-related average claim size.
imises the goodness-of-split measure is sought (see bottom
of Fig. 7). For cases associated with rainfall intensities larger4.3  Variable importance
than 37 mmh?, no further subgroups were found. The next
splits down in the tree are related to real estate value. Real e§-he importance of variables in predicting claim frequency
tate value correlates negatively with claim frequency; higherare listed in Tablé. Variables that correlate positively with
claim frequencies are associated with less expensive buildelaim frequencies are denoted with a plus sign, and nega-
ings. Building age only appears to be significant for casegive correlations with a minus. For education of breadwin-
with low rainfall intensities (node 4, rmax 15 mmh1). At ner, the direction of the correlation is different from node to
two nodes (node 5 and 12), season was the best splitting varnode (including surrogate nodes). For both content-related
able, but both splits were not consistent; autumn and win-and property-related claim frequency, the most important
ter were found to be either associated with relative low orvariables are maximum rainfall intensity (importance score:
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Table 6. Variable importance for predicting claim frequency. The variable importance is the sum of the goodness-of-split measure of each
split for which the variable was the primary or surrogate variable, scaled to sum to one. Surrogate variables are variables that split data most
similar to the primary variable. Values smaller than 0.02 are omitted.

Property claim frequency Content claim frequency

Variable Importance Type of Variable Importance Type of
relationship relationship

rmax 0.38 + rmax 0.38 +

rmean 0.15 + rmean 0.14 +

rvol 0.13 + rvol 0.12 +

rev 0.08 - floor 0.11 +

seas 0.05 n/a own 0.08 +

inc 0.05 — low 0.06 +

age2 0.04 + inc 0.05 +

slope 0.03 + rev 0.03 +

edu 0.03 + edu 0.02 +

floor 0.02 +

rdur 0.02 +

0.0041
100%
1

ves]- rmax < 15 -0

0.0034
67%
0.48

0.0067
33%
0.37

rev >= 181e+3 & & rmax < 37
0.0030 0.0040 0.0063
34% 33% 29%
0.22 0.24 0.28
age2 <32 ] seas = aut,spr,win rev >= 124e+3
0.0034 0.0035 0.0057 0.0083
24% 19% 20% 8.3%
0.14 0.1 0.2 0.07
rmax < 2.8 rvol < 47 eas = spr rvol < 39
0.0040 0.0060
11% 19%
0.08 0.18
slope < 1.2 floor < 84
0.0057
16%
0.14
inc >= 4.5
18 21 21 it 24 26 27
0.0024 0.0030 0.0038 0.0077 0.0034 0.0059 0.0049 0.0031 0.0049 0.0068 0.0090 0.0055 0.0095 0.0134

1.6%
0.01

6.6%
0.06

3.9%
0.05

8.3%
0.07

8%
0.07

3%
0.03

17%
0.08

2%
0.01

14%
0.13

10% 1.1%

0.06

13%
0.05

10%
0.07

0.98%
0.01

Figure 6. Pruned Poisson tree explaining the property claim frequency as a function of rainfall-related, building-related, socioeconomic and
topographic variables (tree sizel4). The values at nodes are, from top to bottom: (1) node index, (2) claim frequency (i.e. Poisson group
mean), (3) percentage of claims falling into the group and 4) remaining deviance relative to the deviance of the undivided data.

0.38), mean rainfall intensity (0.14-0.15), and rainfall vol- 4.4 Comparison with global regression models
ume (0.12-0.13). Although mean rainfall intensity did not

show up in any of the trees, it was used as a surrogate vari- i . - .
able for maximum rainfall intensity most of the time. Real Table 7 summarises the regression results after fitting vari-

estate value is ranked high for property-related claim dat?!S global regression models to the same data that were used

(0.08), but is less important for content-related claim datat® learn the decision trees. Various combinations of explana-

(0.03). For content-related claim data, ground floor area, andC'Y variables were attempted to explain claim frequency and

a fraction of homeowners are important (0.08-0.11) after the?Verage claim size. _ _
rainfall-related variables, which is in line with the ordering  Best fits were found for the Poisson regression models for
of splitting variables in the tree of Fig. claim frequency that were based on the combination of vari-

ables, which were actually used in the decision trees (variant
3in Table7): 3, = 0.18 andr3, = 0.11 for property-related
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Table 7. Results of global regression and decision-tree analyses. Response variables are modelled as a function of (1) the maximum rainfall
intensity, (2) all rainfall-related variables, (3) the variables actually used in the decision-tree, and (4) the variables with importance score
0.02 (for claim frequency) or all variables (for average claim size). For the global regression models, the cross-validated coefficient of
determinationrgv, is calculated using a similar approach, as discussed in &&ct.

Global model Tree model

Response variable Explanatory variables 2P, 2P,
Property claim frequency

1: rmax 0.18 0.09 - -

2: rmax+ rmeary- rvol + rdur 0.19 0.10 - -

3: rmax+ rev+ age2+ slope+ seast rvol + floor 4 inc 0.27 0.18 0.32 0.26

4: rmax+ rmeary- rvol + rev+ seast inc + age2+ slope+ edu+rdur  0.28  0.18 - -

Content claim frequency

1: rmax 0.19 0.08 - -

2: rmax+ rmeary- rvol + rdur 0.20 0.10 - -

3: rmax+ own- floor + low 0.25 0.11 0.30 0.22
4: rmax+ rmear+ rvol 4+ own+ floor + low + inc+ rev+ edu 0.26 0.12 - -
Property average claim size

1: rmax 0.01 0.01 - -

2: rmax+ rmeant- rvol + rdur 0.01 0.01 - -
3:rev 0.02 0.02 0.02 0.00
4: all variables 0.04 0.03 - -
Content average claim size

1: rmax 0.02 0.02 — -

2: rmax+ rmeary- rvol + rdur 0.02 0.02 - -

4: all variables 0.05 0.05 - -

and content-related data respectively. Adding more variablesnore waterproof materials and constructions. More research
(variant 4 in Tabl&) hardly improves the predictive power of is needed here to understand the actual damage process.
the models. The variance explained by the Poisson regression Topographic variables were not found to be important fac-
models (11-18 %) is considerably less than the variance extors. There may be several explanations for this. One expla-
plained by the cross-validated Poisson trees (22—-26 %). Alnation relates to the aggregation of the topographic variables.
though linear regression models for average claim size wer&Vithin a district, presence of buildings at locally higher, as
found to be significant, all models show weak explanatorywell as lower, elevations may have averaged out topographic
power. variability. Another explanation may be that buildings and/or
sewers in hilly areas have been more adapted to floods, i.e.
people retrofitting their houses after severe floods.
5 Discussion The findings of this study are relevant for insurers. They
contribute to the development of damage assessment tools
The results of the tree analyses relate to correlations betweefiat can be used to improve customer services. For example,
variables, which does not necessarily imply causal relationa damage model that is able to spatially map expected dam-
ships between variables. The results, therefore, need to bages based on weather forecasts or nowcasts, makes it pos-
interpreted with caution. For future research, variable im-sible to send out damage experts to customers more quickly
portance (i.e. Tablé) may give hints on variables that are and efficiently. Moreover, knowledge on customer groups as-
closely connected to the mechanisms that generate damaggociated with high claim frequencies may give hints on where
For instance, maximum hourly rainfall intensity was found damage prevention programmes are most likely to have im-
to be the rainfall characteristic that best explains claim fre-pact. Insights into damage-influencing factors may also be
quencies, which suggests that the process that causes damdegipful for meteorologists to improve weather-alert services.
is most sensitive to high-intensity rainfall events. For exam-Rather than relying solely on meteorological thresholds,
ple, roofs may start to leak if rainfall exceeds the capacity ofweather alerts may be enhanced by also taking into account
the system that drains rainwater from roofs. Similarly, real district-specific thresholdsParker et a].2011, Priest et al.
estate value, which ranked high on variable importance af201J).
ter rainfall-related variables, may be associated with better,
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Figure 7. Scatter plot of claim frequency against maximum rainfall
intensity, for the undivided data (top figure). The dashed vertical
line represents splitting value that maximises the goodness-of-spli
measure (bottom figure).

{;\nd percentage of impervious surface) may be important, but
were not included because these were not available on a na-
tionwide basis. Another variable that may be associated with
rainfall-related damage, but was not included, is wind speed.
Strong winds, in combination with precipitation, may cause
Using decision trees, 22—26 % of the variance in claim fre-damage to roofs, resulting additionally in rainwater intrusion.
quency can be explained. Still, a large part of the variance idt is unlikely, however, that additional explanatory variables
left unexplained, for which there are several possible explawill have strong predictive power, given that none of the cur-
nations. A possible explanation might be that variations inrent variables have it. Finally, a source of unexplained vari-
data on a subdistrict scale lead to unexplained variance. Thance may be related to data errors, in particular errors in in-
postal districts used here are specially designed for postaturance data, such as incorrect claim dates or policyholder
services; they are not necessarily statistically homogeneousounts. The insurance databases used in the present study
units in terms of socioeconomics, topography, and buildingslack a consistent classification system, making it hard to sub-
For instance, some districts clearly show two distinct modesset data that is solely related to flood causes. A better clas-
of the household income distribution. This makes it diffi- sification of damage causes can give more accurate subsets
cult to capture characteristics of districts in single variableand likely better model fits. Moreover, it was not possible
values. Similarly, the spatial resolution of radar images (1-to link content and property databases to individual policy-
2.5km) may be too coarse to capture the spatial variabilityholders. As a consequence, models could not be developed
of rainfall at the subpixel scaleéffrain and Berne2012 describing total damage per policyholder.
Peleg et al.2013. Consequently, rainfall peaks of convec-  Although not researched in detail within this paper, the ex-
tive cells are underestimated. Another possible explanatiomplained variance may be underestimated as a result of the
is that important explanatory variables are missing. As men{function that was applied to calculate the within-node de-
tioned in the introduction, variables related to urban drainageviance. The Poisson deviance function that was used allows
systems (e.g. sewer storage capacity, sewer type, soil typeesponses to be zero (i.e. no claim). However, only cases
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0.0031
100%
1

rmax < 16

0.0024
60%
0.42

own < 0.52

0.0051
40%
0.41

floor < 56

(6]
0.0020 0.0030 0.0039 0.0058
29% 31% 12% 28%
0.14 0.25 0.11 0.28
rmax<7.2 floor < 60 rmax < 34 low < 0.59
0.0034 0.0064
21% 21%
0.2 0.21
low < 0.96 floor < 86
0.0031 0.0049
16% 5.3%
0.11 0.08
floor < 96 own < 0.64
(8] [
0.0018 0.0026 0.0023 0.0029 0.0063 0.0035 0.0066 0.0034 0.0090 0.0046 0.0060 0.0096
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Figure 9. Pruned Poisson tree explaining the content claim frequency (tree-di2¢ The values at nodes are, from top to bottom: (1) node
index, (2) claim frequency (i.e. Poisson group mean), (3) percentage of claims falling into the group and (4) remaining deviance relative to
the deviance of the undivided data.

with claims were considered in this study. A splitting crite-  The structure of a tree is sensitive to a number of aspects.
rion based on a deviance function of a distribution that doedgirst of all, it is sensitive to the filtering rules that were ap-
not allow the response value to be zero, such as the trunplied to subset data (Se@t.2). Moreover, the choice of split-
cated Poisson distribution, can probably give a better descripting criterion effects the way data is partitioned. There may
tion of the within-node deviance. An attempt was made tobe more appropriate splitting criteria for event rate data than
learn trees based on an alternative splitting criterion, usinghe ones tested in the present paper; for example, splitting
the deviance function of a zero-truncated Poisson distribu-criteria based on other distributions for count data, such as
tion (Tabled). Parameters of this deviance function cannotthe binomial or the negative binomial distribution. Further-
be estimated explicitly and requires an iterative process. Asnore, trees are sensitive to small changes in the learning
a consequence, computational times to learn trees increasethta; for instance, when one of the explanatory variables is
tremendously+{ days on a 8-core 2.5 GHz processor), which left out. Although not explored here, bagging and boosting
became even longer when cross-validation runs needed tapproaches may be considered to overcome this problem, as
be performed (time increases proportional to the number ofvas done in the study bylerz et al.(2013. With such ap-
runs). Preliminary results, based on trees only showing theproaches, results are aggregated over an ensemble of trees,
first few splits, show that splits are almost similar to the oneswhere each tree is based on random but realistic changes in
presented in this paper and are slightly better in reducing théhe training dataKlith et al, 2008 Borisov, 2009 Strobl
deviance at nodes related to smaller claim frequencies. Giveet al, 2009.
the long computational times, the alternative approach is not It was not possible to develop statistically acceptable trees
favourable unless advanced processors are available. for average claim size. Attempts were made to build trees for
Claim frequency was calculated by dividing the number of average claim size and log-transformed average claim size.
claims per day and per district by the number of policyhold- The latter was done to approximate normal distribution as
ers per district, thereby assuming that every policyholder indistributions of average claim size are skewed to the right.
a district is equally likely to generate claims as a result of Median, instead of average claim sizes, were not considered.
rainfall. This assumption, however, may not always hold. InIn many insurance schemes, deductibles may affect claiming
the case of a convective rainfall cell hitting a district whose behaviour of people and cause censoring of small claim sizes.
size is smaller than the rainfall cell, it is safe to assume thatHowever, insurance policies related to the present database
every policyholder is exposed to rainfall, while in a district (i.e. water-related risks) do not have deductibles. There may
much larger than the rainfall cell only part of the policyhold- be other changes in insurance policies (e.g. changes in dam-
ers is exposed. Thus, claim frequencies may be underestage causes that are covered) that may have affected claim
mated in the case of localised rainfall in large districts. sizes over time and caused failures to derive models. These
were not accounted for in the present study, because this type
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of information was not readily available for all insurers in which is likely to be caused by variations in data at subdistrict
the database. Another possible explanation for failure to descale and missing explanatory variables. The findings of this
rive models for average claim size is that the costs to clearstudy have an important implication for insurance practice:
and dry walls and goods may be independent of the amounfior damage assessments, more detailed, high-quality damage
of rainwater that enters a building, i.e. a wet carpet has todata are required to sufficiently improve predictive power of
replaced in any case, regardless of flood depth. Moreoverdamage models. There is, therefore, a definite need to im-
damage assessments are inherently uncertain, because of prove insurance databases and to collect explanatory data on
terpretation errors of insured and damage experts, which arscales much closer to that of individual buildings.
difficult to capture in a model.
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shows that decision-tree models perform better than globafcknowledgementsThis work has been funded by the EU 7th
regression models in terms of variance in damage data that isramework Programme project Smart Resilience Technology,
explained. This implies that decision-tree models are bettePystéms and Tools (SMARTeST 2010-2013). The authors would
able to capture non-linear relationships in the data. For propl'ke to thanl_< the Dut_ch Assougtl_on of Insurers, Royal Netherlansjs
erty damage, the decision-tree reveals that maximum rainfaIMeteorologlcal Institute, Statistics l\_letherle_mds, and TU Delft's
intensity effectively splits the data into three branches, each ap Room for their support and making available the data.
of them. describing different relationships between explana« iteqd by: M. Parise
tory variables and claim frequency. Reviewed by: L. M. Bouwer and one anonymous referee
This study investigated tree models for claim frequency
and average claim size given a likelihood of 99 % of rainfall-
related damage. It did not consider tree models for the probReferences
ability of occurrence of rainfall-related damage, while it is
worthwhile to study this, too, as part of a wider, risk-based André, C., Monfort, D., Bouzit, M., and Vinchon, C.: Contribution
approach. of insurance data to cost assessment of coastal flood damage to
residential buildings: insights gained from Johanna (2008) and
Xynthia (2010) storm events, Nat. Hazards Earth Syst. Sci., 13,
2003-2012, doi:0.5194/nhess-13-2003-201213.
Blanc, J., Hall, J., Roche, N., Dawson, R., Cesses, Y., Burton, A.,

. . . . and Kilshy, C.: Enhanced efficiency of pluvial flood risk es-
In. this paper, a wide range .Of fa.CtOI’S ass'ouated'vylth timation in urban areas using spatial-temporal rainfall simula-
rainfall-related damage were investigated using decision- jons 3. Flood Risk Manage., 5, 143-152, @16i1111/j.1753-
tree analysis. For this, district-aggregated claim data from 318x.2012.01135x2012.
private-property insurance companies in the NetherlandSorisov, A.: Zero-inflated boosted ensembles for rare event counts,
were analysed, considering claim frequency and average in: Advances in Intelligent Data Analysis VIII: 8th International
claim size per day. Analyses were made separately for prop- Symposium on Intelligent Data Analysis, 227-228, Springer,
erty and content damage claim data. This study has found Lyon, France, 2009. o
that claim frequency is most strongly associated with maxi-Breiman, L., Friedman, J., Olshen, R., and Stone, C.: Classification
mum hourly rainfall intensity, followed by real estate value, _ a"d Regression Trees, Wadsworth, Belmont, California, 1984.
ground floor area, household income, season (property dafs"€"9: C- S.: Climate change and heavy rainfall-related water dam-
- . age insurance claims and losses in Ontario, Canada, J. Water Re-
only), buildings age (property data only), a fraction of home-

. . . sour. Protect., 04, 49-62, dbQ.4236/jwarp.2012.42002012.
owners (content data only), and a fraction of low-rise build- ~piocchio C. lovine. G. and Parise. M. A proposal  for

ings (content data only). It was not possible to develop sta- grveying and classifying landslide damage to build-
tistically acceptable trees for average claim size. It is rec- ings in urban areas, in: Proc. Int. Symp. Engineering
ommended to investigate explanations for the failure to de- Geology and the Environment, Athens, available at:
rive models. These require the inclusion of other explanatory http://www.researchgate.net/publication/233732024_A
factors that were not used in the present study, an investiga- proposal_for_surveying_and_classifying_landslide_damage_
tion of the variability in average claim size at different spatial ~ to_buildings_in_urban_areas/file/79e4150adf55f8cbd1.pdf
scales and the collection of more detailed insurance data that 1997- _ _ _

allows to distinguish between the effects of various damagé-imate ~ Service —Center:  Machbarkeitsstudie  “Starkre-
mechanisms to claim size. Cross-validation results show that /%enr's'kl(.) 20507, Tech. dr‘fp" .:lvagz/"ble Zt' hitp:
decision trees were able to predict 22—26 % of variance in www.climate-service-center.de/imperia/md/conten

laim f hich i iderably b d csc/workshopdokumente/extremwetterereignisse/csc_
claim frequency, which is considerably better compared to machbarkeitsstudie_abschlussbericht.@0L.3.

results from global multiple-regression models (11-18 % of coyjthard, T. and Frostick, L.: The Hull floods of 2007: implica-
variance eXplaIned). Therefore, decisions trees are better able tions for the governance and management of urban drainage sys-

to capture local characteristics of claim data. Still, a large tems, J. Flood Risk Manage., 3, 223-231, H0i1111/j.1753-
part of the variance in claim frequency is left unexplained, 318X.2010.01072,x2010.

6 Conclusions and recommendations

www.nat-hazards-earth-syst-sci.net/14/2531/2014/ Nat. Hazards Earth Syst. Sci., 14, 25847, 2014


http://dx.doi.org/10.5194/nhess-13-2003-2013
http://dx.doi.org/10.1111/j.1753-318X.2012.01135.x
http://dx.doi.org/10.1111/j.1753-318X.2012.01135.x
http://dx.doi.org/10.4236/jwarp.2012.42007
http://www.researchgate.net/publication/233732024_A_proposal_for_surveying_and_classifying_landslide_damage_to_buildings_in_urban_areas/file/79e4150adf55f8cbd1.pdf
http://www.researchgate.net/publication/233732024_A_proposal_for_surveying_and_classifying_landslide_damage_to_buildings_in_urban_areas/file/79e4150adf55f8cbd1.pdf
http://www.researchgate.net/publication/233732024_A_proposal_for_surveying_and_classifying_landslide_damage_to_buildings_in_urban_areas/file/79e4150adf55f8cbd1.pdf
http://www.climate-service-center.de/imperia/md/content/csc/workshopdokumente/extremwetterereignisse/csc_machbarkeitsstudie_abschlussbericht.pdf
http://www.climate-service-center.de/imperia/md/content/csc/workshopdokumente/extremwetterereignisse/csc_machbarkeitsstudie_abschlussbericht.pdf
http://www.climate-service-center.de/imperia/md/content/csc/workshopdokumente/extremwetterereignisse/csc_machbarkeitsstudie_abschlussbericht.pdf
http://www.climate-service-center.de/imperia/md/content/csc/workshopdokumente/extremwetterereignisse/csc_machbarkeitsstudie_abschlussbericht.pdf
http://dx.doi.org/10.1111/j.1753-318X.2010.01072.x
http://dx.doi.org/10.1111/j.1753-318X.2010.01072.x

2546 M. H. Spekkers et al.: Rainfall damage analysis

De'ath, G. and Fabricius, K. E.: Classification and regres- Kreibich, H., Thieken, A. H., Petrow, Th., Miller, M., and Merz, B.:
sion trees: a powerful yet simple technique for ecologi- Flood loss reduction of private households due to building pre-
cal data analysis, Ecology, 81, 3178-3192, H2i1890/0012- cautionary measures — lessons learned from the Elbe flood
9658(2000)081[3178:CARTAP]2.0.CQ;2000. in August 2002, Nat. Hazards Earth Syst. Sci., 5, 117-126,

Deletic, A., Dotto, C. B. S., McCarthy, D. T., Kleidorfer, M., d0i:10.5194/nhess-5-117-200%005.

Freni, G., Mannina, G., Uhl, M., Henrichs, M., Fletcher, T. D., Lee, S.-K. and Jin, S.. Decision tree approaches for
Rauch, W., Bertrand-Krajewski, J. L., and Tait, S.: Assessing un- zero-inflated count data, J. Appl. Stat, 33, 853-865,
certainties in urban drainage models, Phys. Chem. Earth, 42-44, doi:10.1080/026647606007436123006.

3-10, doi10.1016/j.pce.2011.04.002012. Merz, B., Kreibich, H., Thieken, A., and Schmidtke, R.: Estimation
Douglas, I., Garvin, S., Lawson, N., Richards, J., Tippett, J., and uncertainty of direct monetary flood damage to buildings, Nat.
White, I.: Urban pluvial flooding: a qualitative case study of  Hazards Earth Syst. Sci., 4, 153-163, #6i5194/nhess-4-153-

cause, effect and nonstructural mitigation, J. Flood Risk Man- 2004 2004.
age., 3, 112-125, ddi0.1111/j.1753-318X.2010.010612010. Merz, B., Kreibich, H., Schwarze, R., and Thieken, A.: Review

Einfalt, T., Pfeifer, S., and Burghoff, O.: Feasibility of deriving article “Assessment of economic flood damage”, Nat. Hazards
damage functions from radar measurements, in: 9th International Earth Syst. Sci., 10, 1697-1724, dd):5194/nhess-10-1697-
Workshop on Precipitation in Urban Areas, 245-249, St. Moritz  201Q 2010.

(Switzerland), 2012. Merz, B., Kreibich, H., and Lall, U.: Multi-variate flood damage as-

Elith, J., Leathwick, J. R., and Hastie, T.: A working guide sessment: a tree-based data-mining approach, Nat. Hazards Earth
to boosted regression trees, J. Anim. Ecol.,, 77, 802-13, Syst. Sci., 13, 53-64, ddi0.5194/nhess-13-53-2013013.
doi:10.1111/j.1365-2656.2008.013902008. Moisen, G. G.: Classification and Regression Trees, in: Encyclo-

Freni, G., La Loggia, G., and Notaro, V.: Uncertainty in urban  pedia of Ecology, edited by: Jgrgensen, S. E. and Fath, B. D.,
flood damage assessment due to urban drainage modelling and Elsevier, Oxford, UK, 582-588, 2008.
depth-damage curve estimation, Water Sci. Technol., 61, 2979-Overeem, A., Holleman, I., and Buishand, A.: Derivation of a 10-
93, d0i10.2166/wst.2010.172010. Year Radar-Based Climatology of Rainfall, J. Appl. Meteorol.

Garne, T. W., Ebeltoft, M., Kivisaari, E., and Moberg, S.: Weather  Clim., 48, 1448-1463, ddi0.1175/2009JAMC1954, 2009.
related damage in the Nordic countries, Tech. rep., availableOvereem, A., Leijnse, H., and Uijlenhoet, R.: Measuring ur-
at: http://www.fkl.fi/materiaalipankki/tutkimukset/Dokumentit/ ban rainfall using microwave links from commercial cellu-
Weather_related_damage_in_the_Nordic_countries28df3. lar communication networks, Water Resour. Res., 47, 1-16,

Hess, K. R., Abbruzzese, M. C., Lenzi, R., Raber, M. N., and doi:10.1029/2010WR01035@011.

Abbruzzese, J. L.: Classification and regression tree analysifarker, D. J., Priest, S. J., and McCarthy, S.: Surface water flood
of 1000 consecutive patients with unknown primary carcinoma, warnings requirements and potential in England and Wales,
Clinical Cancer Research: an official journal of the American  Appl. Geogr., 31, 891-900, d40.1016/j.apgeog.2011.01.002
Association for Cancer Research, 5, 3403-10, availabletigt: 2011.

/lwww.nchbi.nlm.nih.gov/pubmed/105897511999. Peleg, N., Ben-Asher, M., and Morin, E.: Radar subpixel-scale rain-

Hohl, R., Schiesser, H.-H., and Aller, D.: Hailfall: the relation- fall variability and uncertainty: lessons learned from observa-
ship between radar-derived hail kinetic energy and hail dam- tions of a dense rain-gauge network, Hydrol. Earth Syst. Sci.,

age to buildings, Atmos. Res., 63, 177-207, 80i1016/S0169- 17, 2195-2208, ddi0.5194/hess-17-2195-20123013.
8095(02)00059-52002. Pistrika, A. K. and Jonkman, S. N.: Damage to residential build-

Horn, B.: Hill shading and the reflectance map, Proc. IEEE, 69, 14— ings due to flooding of New Orleans after hurricane Katrina, Nat.
47, doi10.1109/PR0OC.1981.119,18981. Hazards, 54, 413-434, dd0.1007/s11069-009-9476-2009.

Hurford, A., Parker, D., Priest, S., and Lumbroso, D.: Validat- Pitt, M.: Learning lessons from the 2007 floods, and independent
ing the return period of rainfall thresholds used for Extreme review by Sir Michael Pitt, Tech. rep., The Pitt Review Cabinet
Rainfall Alerts by linking rainfall intensities with observed sur- Office, London, UK, 2008.
face water flood events, J. Flood Risk Manage., 5, 134-142 Priest, S. J., Parker, D. J., Hurford, a. P., Walker, J., and Evans, K.:
doi:10.1111/j.1753-318X.2012.011332012. Assessing options for the development of surface water flood

Jaffrain, J. and Berne, A.: Influence of the subgrid variability of the  warning in England and Wales, J. Environ. Manage., 92, 3038—
raindrop size distribution on radar rainfall estimators, J. Appl. 48, d0i10.1016/j.jenvman.2011.06.042011.

Meteorol. Clim., 51, 780-785, ddi0.1175/JAMC-D-11-0185,1 Rejwan, C., Collins, N. C., Brunner, L. J., Shuter, B. J., and Ridg-
2012. way, M. S.: Tree Regression Analysis on the Nesting Habitat of

Jak, M. and Kok, M.: A database of historical flood events in the  Smallmouth Bass, Ecology, 80, 341, ddi:2307/1770031L999.
Netherlands, in: Flood Issues in Contemporary Water Manage-Ririassa, H. and Hoen, A.: Rainfall and damage: a study on relation-
ment, NATO Science Series 2, Environmental Security, 139-146, ships between rainfall and claims in relation to climate change (in
2000. Dutch), Tech. rep., Dutch Association of Insurers, 2010.

Jongman, B., Kreibich, H., Apel, H., Barredo, J. |., Bates, P. D., Seifert, I., Botzen, W. J. W., Kreibich, H., and Aerts, J. C. J. H.:
Feyen, L., Gericke, A., Neal, J., Aerts, J. C. J. H., and Ward, P. J.: Influence of flood risk characteristics on flood insurance de-
Comparative flood damage model assessment: towards a Euro- mand: a comparison between Germany and the Netherlands, Nat.
pean approach, Nat. Hazards Earth Syst. Sci., 12, 3733-3752, Hazards Earth Syst. Sci., 13, 1691-1705, tHa5194/nhess-13-
doi:10.5194/nhess-12-3733-2012012. 1691-20132013.

Nat. Hazards Earth Syst. Sci., 14, 25312547, 2014 www.nat-hazards-earth-syst-sci.net/14/2531/2014/


http://dx.doi.org/10.1890/0012-9658(2000)081[3178:CARTAP]2.0.CO;2
http://dx.doi.org/10.1890/0012-9658(2000)081[3178:CARTAP]2.0.CO;2
http://dx.doi.org/10.1016/j.pce.2011.04.007
http://dx.doi.org/10.1111/j.1753-318X.2010.01061.x
http://dx.doi.org/10.1111/j.1365-2656.2008.01390.x
http://dx.doi.org/10.2166/wst.2010.177
http://www.fkl.fi/materiaalipankki/tutkimukset/Dokumentit/Weather_related_damage_in_the_Nordic_countries.pdf
http://www.fkl.fi/materiaalipankki/tutkimukset/Dokumentit/Weather_related_damage_in_the_Nordic_countries.pdf
http://www.ncbi.nlm.nih.gov/pubmed/10589751
http://www.ncbi.nlm.nih.gov/pubmed/10589751
http://dx.doi.org/10.1016/S0169-8095(02)00059-5
http://dx.doi.org/10.1016/S0169-8095(02)00059-5
http://dx.doi.org/10.1109/PROC.1981.11918
http://dx.doi.org/10.1111/j.1753-318X.2012.01133.x
http://dx.doi.org/10.1175/JAMC-D-11-0185.1
http://dx.doi.org/10.5194/nhess-12-3733-2012
http://dx.doi.org/10.5194/nhess-5-117-2005
http://dx.doi.org/10.1080/02664760600743613
http://dx.doi.org/10.5194/nhess-4-153-2004
http://dx.doi.org/10.5194/nhess-4-153-2004
http://dx.doi.org/10.5194/nhess-10-1697-2010
http://dx.doi.org/10.5194/nhess-10-1697-2010
http://dx.doi.org/10.5194/nhess-13-53-2013
http://dx.doi.org/10.1175/2009JAMC1954.1
http://dx.doi.org/10.1029/2010WR010350
http://dx.doi.org/10.1016/j.apgeog.2011.01.002
http://dx.doi.org/10.5194/hess-17-2195-2013
http://dx.doi.org/10.1007/s11069-009-9476-y
http://dx.doi.org/10.1016/j.jenvman.2011.06.041
http://dx.doi.org/10.2307/177003
http://dx.doi.org/10.5194/nhess-13-1691-2013
http://dx.doi.org/10.5194/nhess-13-1691-2013

M. H. Spekkers et al.: Rainfall damage analysis 2547

Spekkers, M. H., Kok, M., Clemens, F. H. L. R., and ten Veld- Thieken, A. H., Miller, M., Kreibich, H., and Merz, B.: Flood
huis, J. A. E.: A statistical analysis of insurance damage claims damage and influencing factors: New insights from the Au-
related to rainfall extremes, Hydrol. Earth Syst. Sci., 17, 913— gust 2002 flood in Germany, Water Resour. Res., 41, 1-16,
922, d0i10.5194/hess-17-913-2013013a. doi:10.1029/2005WR004172005.

Spekkers, M. H., Kok, M., Clemens, F. H. L. R., and Ten Veld- Van der Sande, C., Soudarissanane, S., and Khoshelham, K.:
huis, J. A. E.: A spatial analysis of rainfall damage data using C- Assessment of relative accuracy of AHN-2 laser scan-
band weather radar images, in: International Conference of Flood ning data using planar features., Sensors, 10, 8198-214,
Resilience, Exeter, UK, available dittp://repository.tudelft.nl/ doi:10.3390/s100908192010.
view/ir/uuid:f0c17744-0609-4e93-b2fe-c5b8a24b7e2a13b. Van der Zon, N.: Background information about AHN2 (in Dutch),

Stichting RIONED: Module B2200 Functional desgin: collection  Tech. rep., Actueel Hoogtebestand Nederland, Amersfoort, avail-
and transport of stormwater (in Dutch), Technical Replatty: able at:http://www.ahn.nl/%241b6l/page2013.
/Iwww.riool.net/nl_NL/leidraad-riolering2008. Weiss, A. D.: Topographic Position and Landforms Analysis, Poster

Strobl, C., Malley, J., and Tutz, G.: An introduction to recursive par-  presentation, ESRI Users Conference, San Diego, CA, 2001.
titioning: rationale, application, and characteristics of classifica- Wilson, M. F. J., O’'Connell, B., Brown, C., Guinan, J. C., and Gre-
tion and regression trees, bagging, and random forests., Psychol. han, A. J.: Multiscale terrain analysis of multibeam bathymetry
Methods, 14, 323-48, ddi0.1037/a0016972009. data for habitat mapping on the continental slope, Mar. Geodesy.,

Ten Veldhuis, J. A., Clemens, F. H., and van Gelder, P. H.: 30, 3-35, doit0.1080/01490410701295962007.

Quantitative fault tree analysis for urban water infras- Zhou, Q., Mikkelsen, P. S., Halsnaes, K., and Arnbjerg-Nielsen, K.:
tructure flooding, Struct. Infrastruct. E., 7, 809-821, Framework for economic pluvial flood risk assessment consid-
doi:10.1080/15732470902985878)11. ering climate change effects and adaptation benefits, J. Hydrol.,

Ten Veldhuis, J. A. E.: How the choice of flood damage metrics 414-415, 539-549, ddi0.1016/j.jhydrol.2011.11.032012.
influences urban flood risk assessment, J. Flood Risk ManageZhou, Q., Panduro, T. E., Thorsen, B. J., and Arnbjerg-Nielsen, K.:
4,281-287, dol0.1111/j.1753-318X.2011.011122011. Verification of flood damage modelling using insurance data.,

Therneau, T. M. and Atkinson, E. J.: An Introduction to Recur- Water Sci. Technol., 68, 425-32, dbi.2166/wst.2013.268
sive Partitioning Using the RPART Routines, Tech. rep., avail- 2013.

able at: http://cran.r-project.org/web/packages/rpart/vignettes/
longintro.pdf 2014.

www.nat-hazards-earth-syst-sci.net/14/2531/2014/ Nat. Hazards Earth Syst. Sci., 14, 25847, 2014


http://dx.doi.org/10.5194/hess-17-913-2013
http://repository.tudelft.nl/view/ir/uuid:f0c17744-0609-4e93-b2fe-c5b8a24b7e4a/
http://repository.tudelft.nl/view/ir/uuid:f0c17744-0609-4e93-b2fe-c5b8a24b7e4a/
http://www.riool.net/nl_NL/leidraad-riolering
http://www.riool.net/nl_NL/leidraad-riolering
http://dx.doi.org/10.1037/a0016973
http://dx.doi.org/10.1080/15732470902985876
http://dx.doi.org/10.1111/j.1753-318X.2011.01112.x
http://cran.r-project.org/web/packages/rpart/vignettes/longintro.pdf
http://cran.r-project.org/web/packages/rpart/vignettes/longintro.pdf
http://dx.doi.org/10.1029/2005WR004177
http://dx.doi.org/10.3390/s100908198
http://www.ahn.nl/%241b6l/page/
http://dx.doi.org/10.1080/01490410701295962
http://dx.doi.org/10.1016/j.jhydrol.2011.11.031
http://dx.doi.org/10.2166/wst.2013.268

