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ABSTRACT: As a result of the increase of people's livinghdtds, the number of vehicles has increased. Atreasing
number of vehicles has led to an increase in traffinsity. Thus, an increased risk of accidentraatbr own damage insurance
has led to their becoming mandatory. The insuraooepanies, taking into account the rate of prdtii¢, race began to propose
the most affordable prices for customers. At theeséime, the companies must bid a fair price. Toraganies can achieve by
making risk analysis of their customers. In thisdgt we aimed a modelevelopment to do customers risk analysis for msce
companies. Artificial neural network was used fustrisk analysis by determining thel67 policy dattan insurance company
in Turkey. Neural network was used nearly 126 far training and 41 for the testing of a total 1®figies. As the input of
neural networks, 12 parameters were used relatddver and vehicle, the estimate gross premiunanasutput parameter. Our
model calculated with 93% accuracy for educatioenvbalculating with 92% accuracy for testing onsgrpremiums cost of the
policy by using the Matlab Toolbox. These resultseén shown that developed system can be used tolat@iche amount of
gross premiums of insurance policies and to anahseustomers.

Key words: Atrtificial neuronal networks, policy, motor own dage insurance, gross premium.
JEL Format: C8, G22
YAPAY ZEKA KULLANILARAK KASKO S iGORTA POLICELERININ RiSK TESPITi

OZET: Insanlarin ygam standartlarinin artmasi sonucu ara¢ sayisi santmAra¢ sayisinin artmasi da trafik ggmlusunda
artmaya neden olngtur. Bu ygunluk kaza riskinin artmasina ve ara¢ kasko si¢gmtan yaptiriimasini gereksinim haline
getirmistir. Bu gereksinim ile birlikte sigortairketleri, misterilerine kendi kar oranlarini da hesaba katamakuggun fiyati
sunma ¢abasi igerisine gintardir. Ayni zamanda da sigorgaketleri misterilere ucuz police teklifi de sunmalidirl&irketler
bu islemi misterilerinin risk analizini yaparak gkyabileceklerdir. Cajmamizda sigortairketlerinin miteri risk analizini
yapacak bir yazilim gefiirme hedeflenmstir. Bu risk analizini belirlemek icin Tlrkiye'dekbir sigortasirketinin 167 police
bilgisi yapay sinir glari yontemi ile kullaniimgtir. 167 poligenin, 126 adeti sinig@ain esitimi 41 tanesi test icin secilgtir.
Yapay sinir glarinin girsi olarak, siiriicti ve arag ile ilgili 12 parametrdl&alarak brit prim tutari tahmin ettirilgtir. MatLab
Toolbox kullanilarak, gtim icin %93 oraninda dguluk ile brit police primi hesaplanirken test i€#92 oraninda brit police
primi hesaplanmgtir. Bu sonuclar dgrultusunda geftirmis oldusumuz sistem, sigorta poligelerinin brit prim tudanhin
hesaplanarak ngteri analizinde kullanilabileg@ni gostermstir.

Anahtar Kelimeler: Yapay sinir &, police, kasko sigortasi, briit prim
JEL Kodu: C8, G22
1. Introduction

The raise in people's living standards have inegktdse ability to buy cars. This increase has riegisk of accidents. The raise
in the risk of accidents and the push up in theealf cars has maintained to encourage people bugsorance. One of this
insurance is comprehensive motor own damage insei@giazine Mistarlgl, 2014).

The number of motor own damage insurance polich Wit exception of life insurance policies are bpu 10% of the total
number of insurance policies in Turkey in 2013. Tineome of motor own damage insurance policy exetusf life insurance
policies are approximately 25% of the total inseepolicies. As of the end of 2013 in Turkey, 3€uirance companies have been
on operation, where 31 of them are motor own daniagierance companies. These companies have madaftad B39 594
insurance policies (Hazine Mus&eligl, 2013). According to all indications, motor owandage insurance branch in the insurance
industry is a market share and significant sector.

Motor own damage insurance policies are securimgfits of the insurers in the motorized and nonarinéd on road vehicles
such as heavy construction equipment, wheeledotsacagricultural machinery, trailers and caravamsen in this situation
(damage guarantee of property). Concretely, theyra

*  The vehicles collided with any other motorized and-motorized vehicles which can be used on roadibr
«  The vehicle which the stop or non-stop is damagehiaccident cause of out of control of drivers,

« The vehicle is damaged because of malicious oistopleople,

180



Dumlupinar Universitesi Sosyal Bilimler Dergisi / Dunlupinar University Journal of Social Sciences

43. Say1 Ocak 2015 / Number 43 January 2015

. Burning of the vehicle,

e The vehicle or parts of the vehicle are theft terapted to theft (Kara Araglari Sigortasi Gegetlari, 2014).
The name and type of the motor own damage insuriariagkey are given by;

« Under the narrower scope motor own damage polastighy secured damage guarantee of property.

«  Motor own damage policy: fully secured damage guaeof property.

. Extended motor own damage policy: fully securechage guarantee of property and some special geasant

¢ Full motor own damage policy: fully secured damggarantee of property and special guarantees (Kiaaglari
Sigortas| Genejartlari, 2014).

The motor own damage insurance policy cost begbretdetermined independently by the company beginfniom April 2013
in Turkey (Hazine Mustarligi, 2014).

The insurance companies consider to get maximutit.opfbe race began to propose the most affordpbtes for customers.
At the same time, the companies should bid a faiepThe companies can achieve by making riskyaigabf their customers.

There are also various studies in recent yearsigikranalysis on the insurance industry. Lin prgsothe back propagation
neural network (BPNN) model as a tool for the umditer to determine the proper premium rate of @tween risks (Lin,
2009). Shapiro presented an overview include thvarstdges and disadvantages of the merging of Nidgyflogic and genetic
algorithm (Shapiro, 2002). Dalkilic, Sevim and Garidilar (2013), suggested to use a fuzzy logic otkfor risk assessment
modelling in life insurance. Fragiadakis, Tsoukateml Papazoglou (2014) has been applied to stusleffiect of working
conditions on occupational injury using data offpssional accidents assembled by ship repair yayrds adaptive neuro-fuzzy
inference system (ANFIS).

To the best our knowledge, there has not beeredaptit any study dealing with the assessment obmmatn damage insurance
risks through artificial neuronal networks (ANN)time literature. The present study will give effeetdecision-making based on
risk factors in the motor own damage insurance.sTmsurance companies will be able to distingbistween risk policies and
calculate premiums according to the risk. The iasoe companies may demand lower premiums for psligiith a low risk,

higher premiums for policies with a high risk. Thierk will also help insurance companies to dedidlee policies are renewable.

2. Material, Methods and Study Design

We investigated the 167 subject’'s policies from gpecial insurance companies in Kutahya, Turkey2fat4. We used the
extended motor own damage policy type. In this AKié, input variables are taken to be city nameptirpose of usage (such as
private or commercial), model (year of the carynber of potential passenger, claims discount, haims discount, defects rate
in accident, claims number, cost of damage, agbheoflriver, sex of the driver and market valu¢hef vehicle (Turkiye Sigorta
Birli gi, 2014).

Hence, Gross net premium is the output variablghasvn in Figure 1. According to the damage guaeanferoperty, the gross
net premium may include current value of coverafeck-collision insurance, coverage burning instearwater-damage
insurance coverage, terror attack insurance cogerago-glass broken insurance coverage, autostelen and theft insurance
coverage, earthquake insurance coverage, caraagsiasurance coverage, third party liability irswe coverage, personal
liability insurance coverage and driver’s and pagse liability insurance coverage and judicial ¢sumsurance. The 126 of totally
167 policies are used for training data. The irgnd output variables are normalized between 0 and 1
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Figure 1. The ANN block diagram

The system diagnosed the gross net premium hasdes@med using MATLAB 2009 Toolbox. The designedM\bbnsisted of
feed-forward back propagation, two hidden layersjning function (Levenberg-Marquardt), adaptati@arning function
(learngdm) and performance function (MSE-mean sglarror). The neurons used in the system are d@ an the first and the
second layers, respectively.

The data used in this research referred to 167nmmliite motor own damage insurance policies. Tha dansisted of 126
automobile motor own damage insurance policies weegl to form the ANN training set. Performancéhef ANN training set

and R value are xIBand 0.933, respectively (Figure 2). After trainitiie ability of the neural network to classifyttpatterns

not in the training set was investigated. The datssisted of 41 automobile motor own damage insgrgolicies were used to
form the ANN test set.
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Figure 2. ANN training performance
3. Results and Discussions

The expert systems behave very similar to real datseen in Figure 3 {R0.92 for the ANN). The net gross for policiesalre
data) and the net gross for policies predictedguie ANN values (computed with expert systemskehasen compared as seen in
Figure 3. According to the results, between thedata and ANN value is seen statistically sigmificcorrelation.
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Figure 3. A comparisons between the ANFIS results and neasgnet premium data

As pointed out by Forsstrom (1995), ANNs have bekown to be superior to both conventional statistimethods and
manual/specialist-based analysis in many studiksreTare many benefits by using neural networkspeoed to conventional
statistical methods. For the details of the disons® interested readers are referred to the sporeding reference.

Zhao and Cen (2014) showed how an insurance congaemyse its current customers’ data for modellamget customer profiles
aimed at cross-selling of caravan policies as agliargeting new customers. They use differenniestsuch as reviewing current
customers’ data and pre-processing, following bgdr regression analysis to gain an understanditige mature of data. Different
modelling methods were considered before it wagldddo develop classifier models of a target austoprofile. Models derived
with four different classifier methods are presdnigth comparative results of their explanatory @nedictive power as well as
computational efficiency. Although all four modeif target customer profile share a number of sirtiées, they also differ in
interesting ways.

Guelman, Guillénb and Pérez-Marin (2014) said thaly have considered a model for price calculatibased on three
components: a fair premium; price loadings refiegtgeneral expenses and solvency requirementspiniid. The first two
components were typically evaluated on a yearlyshasile the third was viewed from a longer pecijpe. When considering
the value of customers over a period of severatsyeand examining policy renewals and cross-seliingelation to price
adjustments, many insurers may prefer to redudgeghert-term benefits so as to focus on their mpogfitable customers and the
long-term value. They showed how models of persoedltreatment learning can be used to selectdhieypholders that should
be targeted in a company’s marketing strategies.efmpirical application of the causal conditionaference tree method
illustrated how best to implement a personalizedsisell marketing campaign in their framework.

By using neural networks, more complex tasks catedmed from examples than by using conventiorslissical techniques.
Another benefit is that both qualitative and quatitte data can easily be included in the same mobiral networks perform
well in analysis of nonlinear multivariate data.eTHisadvantages related to the use of neural negwioclude difficulties of
expressing their function in a simple way.
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As a result of these outcomes, usage of the desglegpert systems can be used to successfully maisk analysis of their

customers on the motor own damage policy. Therefptenum gross net premiums can be easily calailayethis expert system.
Hence, labor cost and working load of insurancepamy may be decreased. When the insurance compakémto account the
rate of profit, the race began to propose the mfistdable prices for customers. At the same titne ,companies must bid a fair
price.

The limitation of this study due to consideratidroaly passenger cars. In future studies, we piaextend this study by adding
further vehicle data such as trucks, buses andosni
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