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Abstract. Assessment of applications for life insurancenismaportant task in the insurance sector
that concerns estimation of potential risks undegyan application, if accepted. This task is
accomplished by specialized personnel of insuraooepanies. Due to recent financial crises this
task is more demanding and intelligent computeetdasethods could be employed to assist. In
this paper, we present an intelligent approactssessment of life insurance applications, which is
based on an integration of neurule-based with based reasoning. Neurules are a type of neuro-
symbolic rules that combine a symbolic (productimes) and a connectionist (adaline unit)
representation. A characteristic of neurules ig ihacontrast to other hybrid neuro-symbolic
approaches, they retain the naturalness and mdgtutérsymbolic rules. Neurules are produced
from available symbolic rules that represent gdrierawledge, which however do not completely
cover the domain. We use health condition, agedgerannual income, profession, insurance type
and primary life insurance benefit as assessmenanpsers used in rule conditions. The
integration of neurules and cases employs diffetgmés of indices for the cases according to
different roles they play in neurule-based reaspnifhis results in its accuracy improvement.
Experimental results demonstrate the effectivenétse approach.

1. Introduction

Insurance companies handle many applications steairiity individuals, companies,
organizations, banks and financial institutionserehare different types of insurance.
For instance, individuals on the one hand may hasgarance for assets such as
buildings, vehicles, artwork and jewelry and thegynalso have personal insurance
such as life insurance and accident insurance.iégimns for insurance are assessed
by the personnel of insurance companies. Assessmanirocess rating the potential
risks underlying an application. If no such risksise or they are considered
acceptable, the application is approved, othenitises rejected. Assessment of
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insurance applications is an important task in nasce companies resulting in
discriminating between risky applications that nragult in financial losses and
promising ones that are likely to bring in revenBecent financial crises have been a
catalyst for insurance companies to investigatehous which improve application
assessment.

A common type of insurance for individuals is lifssurance. Applications for life
insurance need to satisfy a number of critical megouents in order to be approved.
The assessment of submitted applications takescorisideration various parameters
related to the applicant. Quality of assessmerased on the experience of the
personnel. High level personnel for applicationeasment are not always available.
Also, sometimes assessment may be not perfectlgistent. So, a computer based
decision making approach could be useful in bodesaand also as an expert level
support tool.

Artificial Intelligence (Al) methods could be usdd support such a decision
making process. There are some requirements igrdegi an intelligent system for
the assessment of life insurance applications.t,Fiexperience of insurance
companies’ personnel specialized in life insuramceuseful in order to outline
insurance attributes, applicant attributes and ssssent criteria. Second, available
cases from past insurance applications are requaedesign and test the system.
Third, explanations concerning the reached decisama necessary.

Various Al approaches have been applied to lifeur@isce processes and to
application assessment specifically (e.g. Byczk@analsbinska et al., 2009; Hsieh and
Wang, 2011; Kumar and Pandley, 2012). Life insuearsc a financial domain in
which Al methods have proved fruitful. In most casa single Al method is used, e.g.
a rule-based approach (Byczkowska-Lipinska et 2009) or a back propagation
neural network approach (Kumar and Pandley, 20d@jvever, an interesting case
would be to use an Al approach that combines ntmaa bne intelligent method. A
recent research direction in Al involves the ing&gmn (or combination) of two or
more intelligent methods (Sahin et al., 2012; Hggeroudis and Prentzas, 2011).
These efforts aim to overcome the disadvantageshef combined methods by
exploiting their cumulative advantages. Severaksypf integrated approaches have
been proposed. Examples of such combinations iacheliro-symbolic approaches
integrating neural networks with symbolic methodSaicez and Lamb, 2011;
Hatzilygeroudis and Prentzas, 2004b), neuro-fuzpgr@aches integrating neural
networks with fuzzy methods (Chattopadhyay, 201dy; ¢t al., 2012), approaches
combining neural networks and genetic algorithmsl¢Big and Gorunescu, 2013)
and approaches combining case-based reasoning o#liter intelligent methods
(Prentzas and Hatzilygeroudis, 2009).

An approach that seems to fit in making decisiomdife insurance applications is
one that combines (general) rule-based knowledgleofife insurance domain with
(specific) knowledge based on available past c&sash approaches, integrating rule-
based and case-based reasoning, have proven\effaatil are becoming increasingly
popular in various fields (Prentzas and Hatzilygelis, 2007). The complementary
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advantages and disadvantages of rule-based anebassé reasoning are a good
justification for their possible combination. Syntibo rules represent general
knowledge and exhibit advantages such as natuslmesdularity and ease of
explanation. Their major drawbacks involve diffices$ in knowledge acquisition that
may result in imperfections and deficiencies inearawy the full complexity of the
domain and difficulties in reasoning with unknown umexpected inputs (Prentzas
and Hatzilygeroudis, 2007). Case-based reasoningoiex specific knowledge
incorporated in stored cases. It offers advantagel as comprehensible knowledge
representation, easier knowledge acquisition coetp#r rule-based approaches and
accuracy improvement during system operation wisieition of new cases. However,
cases lack the compactness of rules in represetdimgin knowledge.

Neurules, a type of hybrid rules integrating synmboules with neurocomputing
have been combined with case-based reasoning. dinéication of neurule-based
with case-based reasoning results in accuracy wepment by employing different
types of indices for the cases according to differeles they play in neurule-based
reasoning (Prentzas et al., 2008a, 2008b). In wWay, an improved knowledge
representation scheme is derived as various typgaps in neurules’ representation
of domain knowledge are filled in by indexed cases.

In this paper, we present an approach combiningutetbased with case-based
reasoning for the assessment of life insuranceiaans. Neurules were produced
from available symbolic rules elicited from an irmuce expert. However, the
available symbolic rules do not cover the full céexgies of the domain and this is
reflected to the produced neurules. The integratibneurules with available cases
according to the approach presented in (Prentzak,e2008a, 2008b) improves the
overall accuracy. The approach has a general sitBmm a knowledge representation
viewpoint as it can be employed to improve the eacyiof rule-based expert systems
given the availability of domain cases. The indgxoonstruction process and the
inference process combining neurule-based with-based reasoning presented here
are revised and extended versions of those preksemt@rentzas et al., 2008a) (for
which authors retain the copyright) and (Prentzagsle 2008b). We also present
related work regarding application of Al methodslife insurance and approaches
combining rule-based with case-based reasoning.

The rest of the paper is organized as follows. i&@c discusses related work.
Section 3 discusses issues involving the assessofidife insurance applications.
Section 4 presents neurules and Section 5 prefiamtmethod for constructing an
indexed case base combined with a neurule baséos&c describes the inference
process combining neurule-based and case-basednimegs Section 7 presents
experimental results regarding accuracy of theramiee process. Finally, Section 8
concludes.

2. Related Work
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There are two main areas of related research. ©Oneems the application domain
that is, assessment of life insurance applicatiemghis part of related work, we
specify life insurance processes to which intefiigapproaches have been applied
focusing on those applied to assessment of liferarece applications. The other
research direction refers to hybrid knowledge repnéation schemes that, like the one
used in our approach, integrate rule-based andb=ese reasoning.

Before discussing related work, we outline someichastions concerning life
insurance applications handling. For each appr@apdication for life insurance, an
insurance contract is signed. The terms ‘policéasl ‘policyholders’ are also used for
‘contracts’ and ‘insured persons’ respectively.i#® insurance contract involves an
amount of money that will be given as benefit te tesignated person. The insured
person pays a premium. A benefit is provided upendeath of the insured person. A
benefit may also be provided to the beneficiarymbher specified events occur. For
instance, an individual may also be insured forspeal accidents that may cause
permanent total disability, impermanent total disigbor income losses due to
inability to work. A life insurance company is insted in making profits from its
portfolio of insurance contracts. This means tih& insurance company should be
able to: (a) cover the designated benefits (aloitly ®ther potential payments) to the
beneficiaries, (b) cover administrative costs ar)di(ake an overall profit.

2.1 Intelligent Approaches to Life Insurance

Al approaches have been applied to different (iatating) aspects of life insurance
processes enhancing decision making. Such aspagcteng others, involve the
following: (a) assessment of applications for lifessurance and setting of policy
parameters, (b) knowledge extraction from curreslicgholders’ data, (c) service
quality, customer relationship management and sexyi of policyholders, (d)
marketing, (e) assessment of the solvency of imegracompanies. Various Al
approaches have been applied to life insurancethieutnost popular ones are fuzzy
methods, neural networks, rule-based expert sysésmgell as machine learning and
data mining methods. Different life insurance pssEs impose different
requirements. It seems that exploitation of varimslligent approaches is necessary
in order to meet these requirements. We brieflfimaitmain aspects involving life
insurance processes as well as intelligent mettiwtshave been applied recently. To
the best of our knowledge, such a survey covehegdifferent aspects involving life
insurance and the intelligent methods that have lagplied has not been presented
till now in relevant literature.

Insurance companies have large amounts of storedim\olving their customers
that can be exploited to extract useful knowled@dgecustomers are a valuable asset to
companies. Analyzing and extracting knowledge fraumrent policyholders’ data is
important according to various viewpoints suchragdase of company profits, cost
reduction, customer satisfaction, enhancement oficge quality, identification of
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customer needs and desires, retention of custothatsare likely to bring profits,
identification of policyholders that are likely surrender their contracts. Taking into
consideration the high degree of competitivenesshe life insurance sector, the
survival and success of life insurance companigele on their relationships with
customers. Extracted knowledge can be integratath wroduct and marketing
knowledge (Liao et al., 2009). Knowledge extractesin customer data has been
shown to be useful in customer relationship managendevelopment of innovative
and customer-oriented products, product promotiorgrket segmentation and
exploration of new marketing possibilities. Machif@arning and data mining
methods have been exploited in order to extracwkewge from data involving
policyholders. Knowledge incorporated in data inuad policyholders may be also
exploited for policyholder servicing. Table 1 ono#s corresponding intelligent
approaches and tasks performed.

Assessment of life insurance companies’ solvencgl provision of detailed
information is an important process for analystgutators and shareholders (Baione
et al.,, 2010). There are national and internatioeglulators that define objectives,
methodologies and prepare quantitative studiesirisurance undertakings. The
insurance business is risky and highly competitih@wever, policyholders expect the
agreed benefits in return for premiums and shadehsl expect return on their
investment. It is useful to provide early warningeen performance of companies
deteriorates in order to handle problems in th&fiancy and avert crises. Regulators
supervising life insurers, financial analysts, étixig and potential) policyholders and
investors are interested in systems performingesmy monitoring and prediction of
life insurance companies. For assessment of |derance companies’ solvency, Al
approaches such as fuzzy methods (Baione et dl0) 20hd neural networks (Shuang
and Wei, 2011; Hsiao and Whang, 2009; Brockett.6206) have been employed.

The handling and assessment of applications fer ilfsurance are important
processes for insurance companies. Companies meedsess the insurability of
applicants with the assistance of relevant systémghermore, in certain cases risk
assessment may be used to set policy parameteosvl&ige extracted from current
policyholders’ data may be exploited. Health canditparameters may be examined
for mortality forecasting and assessing risks afoss diseases (e.g. breast cancer,
cardiovascular diseases) using intelligent metlsad$ as neural networks (Shah and
Guez, 2009) and fuzzy approaches (Tatari et all22®Baser et al., 2011). In
(Byczkowska-Liphska et al., 2009) a rule-based expert system eteslamedical and
life) insurability taking into consideration the dih condition, profession and
hobbies. In (Hsieh and Wang 2011), fuzzy approablags been used to perform risk
assessment taking into consideration age and h@aeitsmoking, drinking, sleeping,
working, sport and driving habits). Intelligent metls have also been used to set life
insurance policy parameters by assessing candmtdieyholder characteristics and
policy features. For instance in (Anzilli, 2012)wzzy approach is used for pricing
investment-oriented life insurance policies takimigp consideration demographic and
financial data. In (Tatari et al., 2012), a fuzzgpeoach sets insurance premium
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according to breast cancer risk assessment. Ine(Batsal., 2011) a neuro-fuzzy
approach is used to set life insurance premiumsedam cardiovascular risk
assessment. In (Kumar and Pandley, 2012) a neetalork evaluates the proper
benefit taking into consideration socio-metric teas (i.e. age, gender, income,
profession, living area). In MetLife Inc. which eges thousands of applications that
include many free-form text fields, an intelligeakt analyzer is used to automate the
process (Kantardzic, 2011). Table 2 outlines cpoeading intelligent approaches and
tasks performed.

It should be mentioned that compared to other ambres assessing applications for
life insurance, our approach differs accordingh® following aspects:

e It combines integrated neuro-symbolic rules witeezhased reasoning. From
the recent published approaches, only the apprpeegented in (B&r et al.
2011) combines multiple intelligent schemes (iteemploys a neuro-fuzzy
approach).

e It takes into consideration more parameters contb&wmemost other recent
approaches in order to perform the assessmentisrbiglined in Section 3. It
should be mentioned that certain approaches focuspecific risks (e.g.
disease risks, mortality forecasting).

e Certain approaches also set policy features sugbreamiums (Tatari et al.,
2012; Baser et al., 2011) and benefits (Kumar amttiiey, 2012). This task is
done by the insurance personnel in our approachtlzergfore such aspects
could be a future direction in our work.

e Our approach considers a set of parameters insasgegoplications, but there
are others, like living area (Kumar and Pandley,20hobbies (Byczkowska-
Lipinska et al., 2009) and habits (Hsieh and Wang 2QiHigh are not used.

2.2 Approaches that Integrate Rule-based and Caseabed Reasoning

According to the categorization scheme analyze@Prentzas and Hatzilygeroudis,
2007), most integrated approaches follow a coupiiraglel. In coupling approaches,
different representation formalisms (i.e., rules aases) are applied to the tasks
composing the reasoning process. There are thrae o@egories of coupling
approaches: (i) sequential processing, (ii) cosemg and (iii) embedded processing
approaches. In the following, we mainly cite recaqresentative approaches for each
one of the coupling categories not cited in (Prastand Hatzilygeroudis, 2007).

The sequential processing category refers to cogiglpproaches in which the flow
of information (produced by reasoning) betweenithegrated modules is sequential
or semi-sequential (Cheung et al., 2011; Peng.e2@l1; Zhang et al., 2013; Lao et
al., 2012; Schluter and Conrad, 2012).

The co-processing category refers to approachesatbadiscerned into two types:
cooperation-oriented and reconciliation-oriented.the former type, the integrated
components cooperate with each other (usually terleaving their reasoning steps)
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for the production of the final result (Strobbeakt 2012; Stevens et al., 2011; Noss et
al.,, 2012). In the latter, each component produtesown conclusion, possibly
differing from the conclusion of the other componeand thus a reconciliation
process is necessary (Agre, 1995; Golding and Rdsem, 1996; Lee, 2002; Man et
al., 2012; Igbal et al., 2010).

In embedded processing approaches, a component loaisene representation
formalism embeds one or more components basedeoottier representation method
to handle its internal reasoning tasks. Case-bassesbning systems often include one
or more rule-based components to perform tasks asicase retrieval (Xiong, 2011;
Tung et al., 2010) and adaptation (Zhou et al. 1201

The approach presented in this paper can be ¢tabsi$ a reconciliation-oriented
approach. Neurules however instead of simple rales combined with cases.
Neurules exploit advantages from both symbolic uénd neural networks. In
contrast to other integrated approaches besidese (A§95), the presented approach
uses different types of indexed cases in the iatedrinference process. Cases are
indexed according to different roles they can playing inference and this improves
accuracy. Approaches (Lee, 2002) and (Golding andeRbloom, 1996), which
follow the reconciliation approach, store only fd&ice emphasis on) exception cases.
Other approaches which follow the reconciliatiopraach such as (Man et al., 2012;
Igbal et al., 2010) and others discussed in (Pasnand Hatzilygeroudis, 2007) invoke
the case-based and rule-based components in pasatifeut indexing exception
cases. Conflicts in latter approaches are resdlyegleighing the rule-based and case-
based outputs (Igbal et al., 2010), by applying Dleenpster Shafer method (Man et
al., 2012), by averaging the rule-based and casecbautputs, by invoking a
knowledge-based coordinator or through possililisteasoning (Prentzas and
Hatzilygeroudis, 2007).

3. Assessing Applications for Life Insurance

The assessment process examines relevant datdinggtire applicant to highlight
potential risks in case the application is approvidds paper focuses on assessment
of applications for life insurance covering perdaidents. The following attributes
are taken into account in order to assess an ins@r@pplication:

e The type of life insurance. There are three basic types of insurance which
additionally cover personal accidents:

o Temporary life insurance. It provides insurance coverage for a
specified term. It provides a benefit in case timired person dies (or
in case of an accident) during the designated term.

o Investment life insurance. It combines life insurance with a funding
program. The insured person selects the durationsafance. Besides
the benefit in case of death (or in case of andact), this type of
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insurance also provides profits from the fundinggobam when the
insurance term ends.

o Permanent life insurance. It is similar to the temporary life insurance
with the exception that the duration of insurareeot restricted but is
lifelong.

e Gender. There is a slight discrimination in the insuramédenen and women
especially in the calculation of premium. This isedto the fact that women
tend to live longer than men.

e Age. Generally speaking, young persons have fewer thgaibblems than
elders and insurance risks are lower. There am iakurability regulations
connecting specific insurance types and age linmtividuals are discerned to
very young, young, old and very old.

e Primary life insurance benéfit. It is the benefit provided upon the death of the
insured person. The corresponding system variablestfive discrete values:
very low, low, average, high and very high.

e Type of occupation. The applicant’'s occupation affects the daily riekgshe is
exposed to. Occupations are discerned into threén mategories: (a)
occupations with negligible or low risks, (b) ocetipns with moderate risks
and (c) risky occupations. Individuals practicirggiopations with negligible or
low risks are considered safer to insure. The otyys of occupations result
into augmented premiums. Furthermore, accordintpeopolicy of insurance
companies, individuals with risky occupations may be insured at all. The
system variable takes three discrete values canespg to the three
aforementioned categories: category-01, categomgr@lcategory-03.

e Annual income. The annual income is discerned into low, low-+erage,
average-to-high and high.

e Personal accident benefit upper threshold. A benefit may be provided in case
of a personal accident. Insurance companies magsempn upper threshold to
the provided benefit. The implemented system iretud ‘yes/no’ variable
denoting whether the upper threshold of the petsagaident benefit is
exceeded or not.

e Health condition. The applicant’s health condition is derived fromdical
examination results and can take three discreteesabad, average and good.
Different types of medical examinations are requieecording to applicant
characteristics (e.g. age, selected insurance ibenef

Table 3 outlines the parameters considered by pproach and other Al methods
used to handle and assess applications for lifeanse.

4. Neurules

Symbolic rules (Ligeza, 2006; Hatzilygeroudis et 2006) and neural networks
(Haykin, 2008) have been successfully applied tmenous domains. The objective of
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neuro-symbolic approaches is to combine (to a icedegree) advantages from both
approaches. Neurules are a type of hybrid rulesgrating symbolic rules with an

adaline unit (Prentzas and Hatzilygeroudis, 20NBurules give pre-eminence to the
symbolic component and their main advantages coedptry other neuro-symbolic

approaches, are modularity, naturalness (Hatzibygs and Prentzas, 2000, 2001),
more efficient inferences compared to symbolic sulldatzilygeroudis and Prentzas,
2000) and other hybrid approaches (Hatzilygeroualiwl Prentzas, 2010) and
provision of explanations for drawn conclusionst@tiggeroudis and Prentzas, 2015).

4.1 Syntax and Semantics

The syntax of a neurule is illustrated in Fig.1laclk conditionC; is associated with a
numbersf;, called itssignificance factor and each rule itself is also associated with a
numbersfy, called itsbias factor. The internal structure of a neurule is that of an
adaline unit (Fig.1b). Themputs C; (i=1,...n) of the unit are theonditions of the rule.
The weights of the unit are the significance faxtof the neurule and its bias is the
bias factor of the neurule. Inputs can take asegl (true), -1 (false), O (unknown).
So, neurules can clearly represent the falsitythadhbsence of a condition in contrast
to symbolic rules. Theutput D, which represents theonclusion (decision) of the
rule, is calculated via the standard formulas:

n
D:f(a), a=st+Zsfi Ci
i=1

f(a):{ 1 ifa>0

-1 otherwise

wherea is theactivation value andf(x) the activation function, a threshold function.
Thus, output takes one of: -1, ‘1", representifgjlure and success of the rule
respectively.

The general syntax of a conditi@pand the conclusioD is:

<condition>::= <variable> <l|-predicate> <value>
<conclusion>::= <variable> <r-predicate> <value>
where <variable> denotesvariable, that is a symbol representing a concept in the
domain, e.g. ‘annual-income’, ‘age’ etc, in theelihsurance domain. Variables are
single-valued, that is, they may not take simulterséy multiple values during
inference. <l-predicate> denotes a symbolic or memnc predicate. The symbolic
predicates are {is, isnot} and the numeric predsare {<, >, =}. <r-predicate> can
only be a symbolic predicate. <value> denotes aevdt can be aymbol or anumber.
The significance factor of a condition represerits significance (weight) of the
condition in drawing the conclusion(s). Table 5di&® 5) presents two example
neurules, for assessing insurability in the lifsurance domain. The conditions of the
neurules are ordered according to the descendaey of the absolute values of their
significance factors. This facilitates inference.
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Variables are designated as input, intermediateutput ones. An input variable
takes values from the user (input data), where@smediate or output variables take
values through inference since they represent nigdrate and final conclusions
respectively. We distinguish between intermediated aoutput neurules. An
intermediate neurule is a neurule having at least mtermediate variable in its
conditions and intermediate variables in its cosidn. An output neurule is one
having an output variable in its conclusion. Altgbuhe neurule formalism supports
intermediate variables, conclusions and neurulés rtflay not be needed in every
domain. In the specific application domain desdibe this paper there are no
intermediate variables (see Section 4.2). Thusag@ication domain involves input
and output variables, final conclusions and outputrules.

Neurules can be constructed either from symboliestuthus exploiting existing
symbolic rule bases (Hatzilygeroudis and Prent2@80), or from empirical data (i.e.,
training examples) (Hatzilygeroudis and Prentz@§12). An adaline unit is initially
assigned to each possible conclusion. Each umidisidually trained via the Least
Mean Square (LMS) algorithm. When the training isenseparable, more than one
neurule having the same conclusion are producedeufules are constructed from
available symbolic rules, each neurule usually mefgvo or more symbolic rules. In
this way, the size of the rule base is reducedaasa$ the number of rules and
conditions are concerned resulting in more efficierferences compared to the
symbolic source knowledge (Hatzilygeroudis and &m@&s) 2000).

The neurule-based inference engine gives pre-eménén symbolic reasoning,
based on a backward chaining strategy (Hatzilygisotand Prentzas, 2000).
Conclusions are reached based on the values otdhdition variables and the
weighted sums of the conditions. A neurule firesh# output of the corresponding
adaline unit is computed to be ‘1’ after evaluatadrits conditions. A neurule is said
to be ‘blocked’ if the output of the correspondimdgline unit is computed to be ‘-1’
after evaluation of its conditions. A condition &ates to ‘true’ (‘1"), false (*-1’) or
unknown (‘0’) based on facts contained in the wogkmemory. Given that variables
may not take simultaneously multiple values durinference, when a condition
evaluates to ‘true’, the conditions containing gene variable and different value
may evaluate to ‘false’. For instance, in casealde ‘age’ takes the value ‘young’
then condition ‘age is young’ evaluates to ‘truéieseas conditions ‘age is old’ and
‘age is very-old’ evaluate to false. Furthermorkee tneurule semantics includes
unknown inputs but in the assessment of life instwaapplications this was not
needed.

According to the two aforementioned formulas, eatibn of a neurule requires
evaluation of all its conditions. However, a nearaolay be evaluated without having
evaluated all of its conditions speeding up infeeerThis is based on the values of
two metrics of the neurule, the known sum and #maining sum. The known sum
represents the contribution of the (already) ewalliaconditions of the neurule in
drawing its conclusion which is expressed as thma sfl the contributions of each
condition. The known sum includes the bias factahe neurule. The remaining sum
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represents the largest possible contribution of Whevaluated conditions of the
neurule in drawing its conclusion, if they were leaéed. The largest possible
contribution of each unevaluated condition is thscdute value of its significance
factor. The known and remaining sums of a neurtdaupdated whenever a condition
of the neurule is evaluated. A neurule may evalifdtee absolute value of the known
sum exceeds the remaining sum. In this case, iktlogvn sum is positive (negative)
the neurule fires (is blocked). More details arespnted in (Hatzilygeroudis and
Prentzas 2010, 2015).

4.2 Construction of the System’s Neurule Base

The neurules used to assess insurability were romtetl from available symbolic
rules. The symbolic rules were elicited from a domexpert through interviews. The
conclusions of the rules involve the output vamabihsurability’ that takes two
discrete values (i.e., yes, no). Each rule conttdiree to five conditions involving the
input domain variables described in Section 3. dtalf 22 symbolic rules were
elicited. Nine of them have as conclusion ‘insuigbis no’ and the rest ‘insurability
is yes'.

The available symbolic rules were converted to ukesr using the conversion
mechanism presented in (Hatzilygeroudis and Pren2200). For the conversion, we
used an expert system tool we have implementedzillfg¢roudis and Prentzas,
2001b). The conversion process grouped the symbolgs into two initial merger
sets. Each merger set contained all rules haviegdme conclusion (i.e. ‘insurability
is no’ or ‘insurability is yes’). A merger was cangted for each merger set. A
merger is a neurule having as conditions all theditmns of the symbolic rules in the
corresponding merger set without duplications agdifsicance factors as well as bias
factor set to a proper initial value. For each reerg training set was extracted from
the truth table of the combined logical functiontio¢ rules in the set (the disjunction
of the conjunctions of the conditions of each ruléfacceptable training patterns are
eliminated since certain conditions cannot be diaméously true or false
(Hatzilygeroudis and Prentzas 2000). Each mergexr individually trained via the
Least Mean Square (LMS) algorithm. If training isceessful, a corresponding
neurule is produced. Otherwise, the merger set spdis into two merger subsets
containing rules close to each other (Prentzas Haizilygeroudis, 2005) and the
process is recursively executed for each subset.

Nine neurules were constructed from the availajueb®lic rules reducing the total
number of rules and the total number of conditionthe rule base approximately by
59% and 40% respectively. Four neurules have aslusion ‘insurability is no’ and
the remaining five ‘insurability is yes'. Infererecérom both rule bases produce the
same output given the same input variable valuesveder, inferences from the
neurule base are shorter in terms of the ruletedisind the evaluated conditions.
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We present an example of applying the conversioogss. Let us suppose that we
have the symbolic rules shown in Table 4. The ralesgrouped into the following
two initial merger sets corresponding to the cosidios ‘insurability is no’ and
‘insurability is yes’: M&={rulein, ruley, rulesy, ruleg} and MS,={ruleiy, ruley,
rulesy, rulegy}.

The merger corresponding to M8ontains the ten distinct conditions of the rutes
the set. Its training set is extracted from thedhtrtable of the combined logical
function of the rules inthe set: F =) (€ C, A C3) v (CLACGACLACACe) v (Cr A
CoAnCiACACEACoACg v (ChAConA Cyn Cr A Cg), Where G=pers-acc-
benefit-upper-threshold-exceeded is nesl@alth-condition is average,s€&annual-
income is average-to-high s£&nnual-income is high,s£age is old, G=primary-life-
insurance-benefit is very-high,/£age is very-old, g=primary-life-insurance-benefit
Is high, G=insurance-type is investment angyyender is woman. Patterns that are
eliminated as unacceptable are for instance, thes om which the values
corresponding to conditionss@nd G are simultaneously true because variable ‘age’
may not take simultaneously the values ‘old’ aneryold’. Training of the merger is
successful and neurule NBhown in Table 5 is produced.

Similarly, the merger corresponding to M®& constructed and its training set is
extracted. Training of this merger is also sucaedssid neurule NRshown in Table 5
is produced.

5. Indexing Construction Process

The architecture of the integrated system consistie following main modules: (a)
the module converting a symbolic rule base to aruleubase, (b) the module
assigning indices to cases, (c) the integratedrenf®2 mechanism and (d) the
explanation mechanism.

To integrate neurule-based and case-based reasordiggs need to be assigned to
cases in order to retrieve relevant cases durifeggance. Indexed cases may assist
neurule-based reasoning in avoiding reasoning ®rby handling the following
situations:

(a) Examining whether a neurule misfires. If suéiit conditions of the neurule are
satisfied so that it can fire, it should be exardiméether the neurule misfires for
the specific facts, thus producing an incorrectctasion.

(b) Examining whether a specific conclusion wagomectly not drawn. A
conclusion is not drawn when none of the neurulestaning it fires. This
happens when: (i) all neurules containing the amioh have been examined and
are blocked or/and (i) a neurule containing areraklitive conclusion for the
specific variable fires instead. To make these @spdearer, we give an example.
For instance, if all neurules containing the cosida ‘insurability is yes’ have
been examined and are blocked, then this conclusiot drawn. If a neurule
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containing e.g. the alternative conclusion ‘insilighis no’ fires, then conclusion
‘insurability is yes’ is not drawn.

To achieve this, different types of indices areiggesd to cases according to the
roles they play in neurule-based reasoning (Prergral., 2008a, 2008b). Thus, cases
assist in filling in different types of gaps in tkeowledge representation by neurules.
Assigning different types of indices to cases caodpce an effective approach
combining symbolic rule-based with case-based reagqAgre, 1995).

According to the approach presented in (Prentzas.,e2008a, 2008b), indices are
associated with neurules and neurule base conokisio particular, a case may be
indexed as:

(a) False positive (FP), by a neurule whose conclusion is contradictingchScases
represent exceptions to neurules and may asdisindling neurule misfirings. A
case constitutes an exception to a neurule iftitdate values satisfy sufficient
conditions of the neurule (so that it can fire) lthé neurule’s conclusion
contradicts the corresponding attribute value efdase.

(b) True positive (TP), by a neurule whose conclusion is endorsing. Titréoate
values of such a case satisfy sufficient conditiohthe neurule (so that it can
fire) and the neurule’s conclusion agrees withdbeesponding attribute value
of the case. Such cases may assist in endorsirgctoeurule firings.

(c) False negative (FN), by a conclusion incorrectly not drawn by neurulgsch
cases may assist in reaching conclusions that olgglmave been drawn by
neurules (and were not drawn). If neurules witheraltive conclusions
containing this variable were fired instead, it nadgo assist in handling neurule
misfirings. ‘False negative’ indices are associatéti conclusions and not with
specific neurules because there may be more thanmneuarule with the same
conclusion in the neurule base.

In the approach presented in (Hatzilygeroudis amht2as, 2004a), indexed cases
were used only to handle neurule misfirings. MgrecHically, the neurules indexed
cases representing their exceptions. The appraasemed in (Prentzas et al., 2008a,
2008b) results in accuracy improvement.

The indexing construction process takes as inpatilable neurules and non-
indexed cases. It assigns indices to cases byrpeng neurule-based reasoning for
the neurules based on the attribute values of cdsedlustrate how the indexing
process works, we present the following examplepBee that we have a neurule
base containing the two neurules in Table 5 anceiaenple cases shown in Table 6
(only the most important attributes of the casesstwown). ‘insurability’ is the output
attribute that corresponds to the neurules’ commtugariable. Table 6 also shows the
types of indices associated with each case at itkdeoé the indexing construction
process.

To acquire indexing information, the input valuesresponding to the attribute
values of the cases are presented to the examptaleg Recall that when a neurule
condition evaluates to ‘true’ it gets the value, ‘Whereas when it is false gets ‘-1'.
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The known sum and remaining sum metrics are alsu der the evaluation of
neurules.

For example, given the input case Gadke conditions of NRare gradually
evaluated according to the input values correspntdi the attribute values of Case
The order of the evaluation of the conditions isoading to the order shown in Table
5. The known and remaining sums are also graduglgated according to the
contribution of the evaluated conditions of NEvaluation of the conditions of NR
stops when the absolute value of the known sumesgbscéhe value of the remaining
sum. Given the input values corresponding to thebate values of Casgge the
conditions of NR will evaluate (if needed) to either ‘true’ or ‘t&’. More
specifically, the conditions that (if needed) welNaluate to ‘true’ are the following:
‘annual-income is average-to-high’, ‘health-coralitiis average’, ‘pers-acc-benefit-
upper-threshold-exceeded is no’, ‘primary-life-iremce-benefit is very-high’ and
‘age is old’. The conditions that (if needed) vellaluate to ‘false’ are the following:
‘annual-income is high’, ‘age is very-old’, ‘primalife-insurance-benefit is high’,
‘gender is woman’ and ‘insurance-type is investrhent

Table 7 depicts the values of the known and remgisums after evaluation of
each one of the first three conditions of NRitially the known sum is set to the bias
factor and the remaining sum to the sum of theisagimce factors of all conditions.
All of the first three conditions of NRevaluate to ‘true’. The known sum after
evaluation of the first three conditions is: -49:6@7.5 + 37.4 + 37.30 = 62.6. The
remaining seven conditions of NR1 do not need tewauated since their largest
possible contribution (i.e. remaining sum) is: 15.75.5 + 12.2 + 119+ 4.6 + 1.3 +
0.8 = 62 < 62.6. The known sum after evaluatiorthef third condition of NRis
positive and greater than the remaining sum. Theama that sufficient conditions of
NR; are satisfied so that it can fire. Furthermore, ¢brresponding output attribute
value of the case matches the conclusion of ARl therefore Cagés associated as
‘true positive’ with NR.

Similarly, Casg and Casgare associated as ‘true positive’ with N&nd NR
respectively. Furthermore, when the input valuesesponding to the attribute values
of Case are given as input to the neurule base, suffiatentditions of neurule NR
are satisfied so that it can fire. However, theregponding output attribute case
values contradict the conclusion of NRTherefore Caseis associated as ‘false
positive’ with NR,. Case is also associated as ‘false negative’ with casiolu
‘insurability is yes’. In addition, conclusion ‘ingbility is yes’ cannot be drawn when
the input values corresponding to the attributaueslof Caseare given as input
because the only neurule with the correspondinglasion (i.e., NR) is blocked.
Therefore, Casds associated as ‘false negative’ with conclusiesurability is yes'.
Finally, conclusion ‘insurability is no’ cannot bérawn when the input values
corresponding to the attribute values of Game given as input because the only
neurule with the corresponding conclusion (i.e.;NR blocked. Therefore, Casis
associated as ‘false negative’ with conclusion unaility is no’. Note that both
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neurules NR and NR are blocked when the input values correspondingh&o
attribute values of either Casar Casg are given as input.

The indexing process may take into consideratiomatgs in the symbolic source
knowledge of the neurule base. In (Prentzas andilligéroudis 2005) approaches to
efficiently updating a neurule base are preseribd. presented approaches update a
neurule base when: (a) new symbolic rules aretedeén the symbolic rule base or (b)
existing symbolic rules are removed from the syntbolle base. Information
concerning the splitting process is stored alorgy$ite neurule base and is used in
performing the updates. Due to the modularity afirokes, the updates require re-
conversion of only the affected part of the neufdese leaving the rest intact. The
update process for the neurule base is used taespgdse indices in the integrated
knowledge base.

In cases where a new symbolic rule is inserted theo symbolic rule base, the
symbolic rule is either merged with existing ruiesa neurule or is not merged with
other rules and is converted itself to a neurdléhe other neurules are not affected,
then only one new neurule is constructed (i.e otiee merging the new symbolic rule).
To determine the significance factors of the newralkes, the mergers corresponding
to the new merger sets are constructed and traigethe LMS algorithm using the
corresponding training set. The parts of the neubhdse that is unaffected remains
intact. All cases are presented to the new neundrging the new symbolic rule to
acquire additional indexing information. This infmation concerns insertion of ‘true
positive’ indices with removal of corresponding IS negative’ indices (if any),
insertion of potential new ‘false positive’ indicegth insertion of corresponding
‘false negative’ indices. No further actions argquieed in cases where the symbolic
rule is not merged with other rules and is conwkitself to a neurule without
affecting the other neurules. If the symbolic ridemerged with other rules in a
neurule and the other neurules are not affectedite positive’ and ‘false positive’
indices corresponding to the previous version @& tieurule are retained. Further
actions are required if more than one new neuraesonstructed. All cases indexed
by the previous versions of the neurules produgeth® corresponding merger subset
are presented to the new neurules to reassign‘thesrpositive’ and ‘false positive’
indices.

In cases where an existing symbolic rule is remdvenh the symbolic rule base,
the ‘true positive’ and ‘false positive’ indices thfe neurule that had merged the rule
are examined. The ‘true positive’ indices of casasesponding to the symbolic rule
are removed and if they are not indexed as ‘trugtipe’ by other neurules they are
replaced by ‘false negative’ indices. Potentialséapositive’ indices of cases and
corresponding ‘false negative’ indices are remouédnore than one neurules are
affected by removing the rule, indices to all casegxed by the previous versions of
the neurules produced by corresponding merger sabseeassigned.
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6. Inference Combining Neurule-based and Case-bad Reasoning

The integrated inference process is primarily basedeurules. The indexed cases are
considered when: (a) sufficient conditions of arn&are fulfilled so that it can fire,
(b) all neurules with a specific conclusion vareahle blocked and thus no conclusion
containing this variable is drawn.

In case (a), firing of the neurule is suspendedcase-based reasoning is performed
for cases indexed as ‘false positive’ and ‘trueipas by the neurule and cases
indexed as ‘false negative’ by all conclusions aarihg the neurule’s conclusion
variable. Cases indexed as ‘true positive’ by thernle and as ‘false negative’ by the
neurule’s conclusion endorse its firing. If sucltase is the best matching one, the
neurule fires and its conclusion is inserted i@ working memory. Cases indexed as
‘false positive’ by the neurule and as ‘false nagatby alternative conclusions
containing the neurule’s conclusion variable prévien firing. Therefore, if such a
case is the best matching one, the conclusion stgapby the case is inserted into the
working memory and the neurule is marked as ‘bldtke

In case (b), the case-based module will focus sexcadexed as ‘false negative’ by
conclusions containing the specific variable. Tlomatusion supported by the best
matching case is inserted into the working memory.

The similarity measure between two casgsamd ¢ is calculated via a simple
distance metric. The best-matching case to thelgmolat hand is the one having the
maximum similarity with the input case.

Let us present now two simple inference examplasc@ming the combined
neurule base (Table 5) and the indexed examples ¢dsdbles 6 and 7). Suppose that
during inference sufficient conditions of neurul&Nare satisfied so that it can fire.
Firing of NR; is suspended and the case-based reasoning pfocesss on the cases
contained in the union of the following sets ofemdd cases:

e the set of cases indexed as ‘true positive’ by:NRaseq, Caseg},

¢ the set of cases indexed as ‘false positive’ by:NBase} and

e the set of cases indexed as ‘false negative’ byctmelusions containing
variable ‘insurability’: {Casg Case, Casg}.

So, in this example the case-based reasoning rdoesses on the following set of
indexed cases: {CageCasg} U {Case} U {Case, Case, Casg} = {Case, Caseg,
Casg, Casg, Caseg}.

Suppose now that during inference both output resirin the example neurule
base are blocked. The case-based reasoning prmeitekxus on the cases contained
in the union set of the following sets of indexede&s:

o the set of cases indexed as ‘false negative’ bylasion ‘insurability is
no’: {Case, Case}.

o the set of cases indexed as ‘false negative’ bylasion ‘insurability is
yes’: {Caseg}.
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Therefore, in this example the case-based reas@mougss focuses on the following
set of indexed cases: {Cas€asg} U {Case} = {Case,, Casg, Caseg}.

Finally, explanations for reached conclusions arevided. Explanations for
neurule-based reasoning are produced in the formf-tifen explanation rules
containing the conditions that were necessary fog evaluation of neurules
(Hatzilygeroudis and Prentzas, 2015). The explanathechanism also returns the
most relevant retrieved case with an indicatiornt®mnole in the reasoning process.

7. Experimental Results

In this section, we present experimental resulgmnging the approach combining
neurule-based with case-based reasoning used dessament of applications for life
insurance. Experiments were performed to evallegg@tesented approach combining
neurule-based and case-based reasoning and corhpatie our previous approach
presented in (Hatzilygeroudis and Prentzas, 2004a).

The indexed case base was constructed from past aaquired from the insurance
company. In total, 269 cases corresponding to egiodins for life insurance that had
been assessed in the past were acquired. Theatetusiinsurability concerning 197
cases was positive and negative for the remainidgcdses. Each case mainly
consisted of values involving the following ninerr@dles: health-condition, annual-
income, age, primary life insurance benefit, insoeatype, gender, profession-
category and personal-accident-benefit-upper-tloldséixceeded and insurability.
Cases also consisted of further attribute values.

75% of the available cases were used as trainidgltaremainder as testing sets.
Each training set was used to create an indexeslzse. The indexing construction
process presented in this paper took as inputsi¢bieules produced from available
symbolic rules (as described in Section 4.2) anatindexed cases corresponding to
the training set. The output was a combined neurake and an indexed case base
that will be referred to as NBRCBR. Neurules and-imzlexed cases were also used
to produce a combined neurule base and an indemsd base according to
(Hatzilygeroudis and Prentzas, 2004a) which willr&kerred to as NBRCBR_PREV.
On average, about 20 cases are indexed by a neasulegue positive’ and ‘false
positive’. The accuracy of pure neurule-based magofor the test set is 86.76%.
More specifically, 86.76% of the test cases wemessified correctly, 4.41% were
‘false positive’ and 8.83% resulted in having alitmut neurules blocked (i.e. ‘false
negative’).

Inferences were run for both NBRCBR and NBRCBR_PRIEWg the testing sets
as inputs. Inferences from NBRCBR_PREV were peréatnusing the inference
process combining neurule-based and case-basedniegsas described in
(Hatzilygeroudis and Prentzas, 2004a). Inferences INBRCBR were performed
according to the inference process described Nerdest case was stored in the case
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bases. Experimental results concerning inferenceem f NBRCBR and
NBRCBR_PREV are presented in Tables 8-10.

Table 8 presents results involving classificatioocusmacy of the integrated
approaches and the percentage of test casesmgsualtieurule-based reasoning errors
that were successfully handled by case-based negso@olumn ‘% FPs correctly
handled’ refers to the percentage of test casestires in neurule misfirings (i.e.,
‘false positive’) that were successfully handleddage-based reasoning. Column ‘%
FNs correctly handled’ refers to the percentagéest cases resulting in having all
output neurules blocked (i.e., ‘false negativegttivere successfully handled by case-
based reasoning. ‘False negative’ test cases amdldiain NBRCBR_PREV by
retrieving the best-matching case from the librafyndexed cases. As can be seen
from Table 8, the presented approach results irrawgal classification accuracy.
Moreover, in inferences from NBRCBR the percentagieboth ‘false positive’ and
‘false negative’ test cases successfully handled gaeater than the corresponding
percentages in inferences from NBRCBR_PREV.

Cases indexed as ‘false negative’ are useful idingnsuccessfully ‘false positive’
and ‘false negative’ test cases that could not &edled in NBRCBR_PREV. This
results in improvement of the overall accuracy.l&@&bdepicts the percentage of ‘true
positive’, ‘false positive’ and ‘false negative’stecases handled by each type of
indexed cases. All three types of indexed casess®til in successfully handling the
three types of test cases. NBRCBR has an advaotagzeNBRCBR_PREV for the
following reasons. First, in NBRCBR there are thdéerent types of indices (i.e.
‘false positive’, ‘true positive’ and ‘false negati) whereas in NBRCBR_PREV
there are two types of indices (i.e. ‘false positivand ‘true positive’). Both
approaches assign ‘false positive’ and ‘true pesitindices to the same sets of cases.
However, in NBRCBR ‘false positive’ training cas@® indexed as ‘false positive’ by
corresponding neurules and as ‘false negative'dosesponding conclusions. Second,
the indexed case library in NBRCBR contains moagning cases compared to the
indexed case library in NBRCBR_PREV. The additistaled cases are the ones that
result in having all output neurules blocked. Thesses are indexed as ‘false
negative’ by the corresponding conclusions in NBRCBs shown in Table 9, cases
indexed as ‘false negative’ in NBRCBR are usefulhemdling successfully more
‘false positive’ and ‘false negative’ test casespared to NBRCBR_PREV.

Table 10 depicts the average number of indexedscdse NBRCBR and
NBRCBR_PREV that are considered when sufficientddwons of a neurule are
fulfilled so that it can fire and when all outpwgurules are blocked and no conclusion
concerning insurability can be drawn. As shownhe table, more indexed cases are
considered to examine whether a neurule misfiresodbrin NBRCBR compared to
NBRCBR_PREV. Cases indexed as ‘false negative’ hg two alternative
conclusions are also considered in NBRCBR besidesscindexed as ‘true positive’
and ‘false positive’ by a neurule and misfiringe &andled better. Furthermore, less
indexed cases are considered when all output resurate blocked in NBRCBR
compared to NBRCBR_PREV. In NBRCBR_PREYV, all indexzases (i.e. ‘true
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positive’ and ‘false positive’) are retrieved. IBRCBR only cases indexed as ‘false
negative’ are retrieved and this enables the infsxemechanism to focus on more
relevant situations resulting in having all outpatirules blocked.

A nearest neighbor approach working alone in tienance dataset was also tested.
The same training and testing sets as well asaime similarity measure were used in
the two integrated approaches. The approach dkdsithe input case to the
conclusion supported by the best-matching caseevett from the case base.
Classification accuracy was 88.23%. Therefore, the integrated approaches
outperform the nearest neighbor approach sincecesdifacilitate the reasoning
process to focus on specific parts of the case base

8. Conclusions

In this paper, we present an approach used tosaspgdications for life insurance.
The approach integrates general domain knowledgt wmpirical knowledge
relevant to life insurance. More specifically, #ygproach integrates neurule-based and
case-based reasoning. Neurules are a type of hglded integrating symbolic rules
with neurocomputing. In contrast to other neuro4sght approaches, neurules retain
the naturalness and modularity of symbolic rulegumiles were produced from
available symbolic rules assessing insurabilityedgnation of neurules and cases is
done in order to improve the accuracy of the infeeemechanism. Cases are indexed
according to the roles they can play during nedbaleed inference. More specifically,
they are associated as ‘true positive’ and ‘falssitfye’ with neurules and as ‘false
negative’ with neurule base conclusions. We ouflifgeinsurance processes to which
intelligent approaches can be employed and we tefsiome such approaches. We
also outline recent work involving integration afg-based and case-based reasoning.

The integrated approach has improved accuracy camupto pure rule-based
reasoning, our previous approach combining neurated and case-based reasoning
and a nearest neighbor approach. This is due tditfeezent types of indices assigned
to cases. Cases that are more relevant to theniagssituation at hand are retrieved
handling misfirings and inability to draw conclusg

An innovation of our approach is the applicatioradfiybrid intelligent system to a
new setting. Very few hybrid intelligent systemsvéabeen applied to the life
insurance domain and specifically to applicatiorseasment. Hybrid intelligent
systems could be applied in other financial domaisswell assisting in improving
different types of financial processes. Anotheraficial domain to which hybrid
approaches could be employed involves credit sgoiior example, neurules have
been employed in (Hatzilygeroudis and Prentzas] Pfilassess bank loan applicants.

In financial domains, empirical cases are usualbilable and also general domain
knowledge can be acquired. Therefore, it is likislgtt more approaches integrating
rule-based and case-based reasoning will be deagtlodinancial domains.
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It is also very likely that further Al approacheslife insurance processes will be
employed. This is due to the fact that there isgh degree of competitiveness in the
insurance sector creating the need to improve idecimaking. Life insurance is a
financial sector that is thriving in several cousgraround the world. In a recent
survey (Mufioz-Leiva et al., 2012), it is mentiongwht innovation related to life
insurance will be developed in the coming yearscobding to this survey, it is
anticipated that further research regarding lifsunance will be conducted the
following years.

An aspect of our future research work involves iowprg the functionality of the
assessment system towards four main directionst, fire system could be extended
by incorporating additional parameters in the repngation of application assessment.
Such parameters could be the pollution and delincgdevels of the living area,
habits affecting health condition (e.g. smokingyl dmobbies that could impose risks
(e.g. sport hobbies). Second, the system couldogethe most appropriate insurance
policy for approved applicants. Third, the systeauld be extended to set policy
parameters such as premium and benefit. Fourthntafligent approach to assist
doctors in the assessment of the applicants’ headtidition may be developed.
Currently, in our approach health condition assesdgns performed exclusively by
doctors.

Another aspect of our future work involves implertagion of an Intelligent
Tutoring System based on the integration of nesraled cases. Such an integrated
approach satisfies several of the knowledge reptasen requirements of Intelligent
Tutoring Systems (Hatzilygeroudis and Prentzas6p0dore specifically, we intend
to extend our previous work on Intelligent Tutorin§ystems (Prentzas,
Hatzilygeroudis and Koutsojannis, 2001) to earljdtitood. Few e-learning systems
incorporating Al methods and addressed to earlydlsbod have been developed
(Prentzas, 2013).
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Table 1. Al methods and life insurance general tasks hahdle

Al Methods Tasks handled
Decision trees and Self-Organizing Maps (Bae GPE
al., 2005)

Decision trees and rough sets (Wu et al., 2013)

nalysis of customer voices in call centers.
Rules, factors affecting Customer Lifetime
Value (CLV), CLV calculation.

Association rules and k-means clustering (Liao &ew product development, market
al., 2009) segmentation, demand chain, analysis.

k-means clustering (Kumar and Singh, 2011) Procemimmendation.

Identification of policyholders willing to

Back propagation neural networks (Hsu, 2011) obtain an investment-linked insurance.

Fuzzy neural networks (Lin, 2010) Analysis of policyholders’ switching

behaviors.
Logistic regression and Classification and Features useful for identification of
Regression Trees (Milhaud et al., 2011) policyholders likely to surrender contracts.

Determines whether a claim amount should
be granted to a policyholder based on a
specific cause.

Combination of rule-based and case-based
reasoning (Lee, 2002)

Table 2. Al methods and life insurance assessment taskiléthn

Al Methods Tasks handled
Back propagation neural networks (Sha
and Guez, 2009)

Fuzzy sets approach (Tatari et al., 2012g

'Mortality forecasting.

reast cancer risk assessment and insurance
remium setting.
Risk assessment taking into consideration age

Fuzzy rules approach (Hsieh and Wang and habits (i.e. smoking, drinking, sleeping,

2011) working, sport and driving habits).
Neuro-fuzzy approach (Ber et al. Cardiovascular risk assessment and insurance
2011) premiums setting.

Insurability assessment taking into consideration
Rule-based expert system (Byczkowska- " ;

L the health condition, age, profession and
Lipinska et al., 2009) )

hobbies.

Sets the benefit taking into consideration socio-
metric features (i.e. age, gender, income,
profession, living area).
Intelligent text analyzer in MetLife Inc. Automates processing of applications that
(Kantardzic, 2011) include many free-form text fields.

Back propagation neural networks
(Kumar and Pandley, 2012)
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Table 3. Al methods and parameters for life insurance apfitn assessment

Al Methods Parameters considered

Back propagation neural networks for mortality
forecasting (Shah and Guez, 2009)

Fuzzy sets approach (Tatari et al., 2012) for brearllse
cancer risk assessment and insurance premium

health condition, age, gender

alth condition, age, gender, race, diet, physical
exercises, drinking habits, etc.

setting
Fuzzy rules approach (Hsieh and Wang, 2011) fage and habits (i.e. smoke, drink, sleep, work,
risk assessment sport and drive)

Neuro-fuzzy approach (Baser et al., 2011) for health condition (systolic blood pressure,
cardiovascular risk assessment and insurance cholesterol level, obesity), average cigarette
premiums setting consumption per day

Rule-based expert system (Byczkowska-hgfia
et al., 2009) for insurability assessment

Back propagation neural networks (Kumar and age, gender, monthly income, profession, living

health condition, age, profession and hobbies

Pandley, 2012) for benefit setting area (i.e. urban, rural)
health condition, age, gender, annual income,
Our approach for insurability assessment profession, insurance type, primary life insurance
benefit

(sfi) if C'1 (sf),
Cy (sfy),

Cy (afy)
then D

(a)

Fig. 1. (a) Form of a neurule (b) a neurule as an adalinie
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Table 4. Example symbolic rules for life insurance assesgme

ruleyy rulery

if pers-acc-benefit-upper-threshold-exceeded is noif pers-acc-benefit-upper-threshold-exceeded is no,
health-condition is average, health-condition is average,
annual-income is average-to-high annual-income is high,

then insurability is no age is young

then insurability is yes

rule,y ruleyy
if pers-acc-benefit-upper-threshold-exceeded is noif pers-acc-benefit-upper-threshold-exceeded is no,
health-condition is average, health-condition is average,
annual-income is high, annual-income is high,
age is old, age is old,
primary-life-insurance-benefit is very-high primary-life-insurance-benefit is high

then insurability is no then insurability is yes

rulesy rulegy
if pers-acc-benefit-upper-threshold-exceeded is noif pers-acc-benefit-upper-threshold-exceeded is no,
health-condition is average, health-condition is average,
annual-income is high, annual-income is high,
age is very-old, age is very-old,
primary-life-insurance-benefit is high, primary-life-insurance-benefit is high,

insurance-type is investment,
gender is woman
then insurability is no

insurance-type is temporary
then insurability is yes

rulegy rulegy
if pers-acc-benefit-upper-threshold-exceeded is noif pers-acc-benefit-upper-threshold-exceeded is no,
health-condition is average, health-condition is medium,
annual-income is high, annual-income is high,
age is very-old, age is very-old,
primary-life-insurance-benefit is very-high primary-life-insurance-benefit is high,

then insurability is no insurance-type is investment,

gender is man
then insurability is yes
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Table 5. Example neurules for life insurance assessment

NR;
(-49

NR,
(-65

.6)if annual-income is average-to-high (37.5),

health-condition is average (37.4),
pers-acc-benefit-upper-thresholdeexed is no (37.3),
annual-income is high (15.7),
age is very-old (15.5),
primary-life-insurance-benefit isry-high (12.2),
age is old (11.9),
primary-life-insurance-benefit g (4.6),
gender is woman (1.3),
insurance-type is investment (0.8)

then insurability is no

4)if pers-acc-benefit-upper-threshold-exceeded is 5@)3

age is young (35.7),
annual-income is high (32.2),
health-condition is average (31.5)
age is old (20.9),
primary-life-insurance-benefitigh (14.1),
age is very-old (14.1),
insurance-type is temporary (6.3)
gender is man (3.1),
insurance-type is investment)2.9

then insurability is yes
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Table 6. Example cases for life insurance assessment aickgassigned to them

Case Case Case Casgq Case Case
r average-to- average-to- . average- . .
annual-income high high high to-high high high
health- average average ood average average average
condition g g 9 9 9 9
pers-acc-
o benefit-upper-
% threshold- no no no no no no
= exceeded
b age old young very-old very-old old very-old
g primary-life-
8 insurance- very-high very-high high very-high high high
benefit
p(r:cz)ifteesés(;cr);- category-01 category-01 category-01  category-€stegory-01  category-02
gender man man man man woman man
insurance-type  temporary investment investment  investmerntemporary permanent
insurability no yes yes no yes no
(%]
Q Neurule NR; .
O - . . Index:
=] (concludes: Index: ‘True Index: ‘False . . ) .
c . e S e Index: - True Index: - Index: -
= ‘insurability is positive positive o
© ; positive
2 no’)
O
]
& Neurule NR,
% " (conclgde;: Index: - Index: - Index: - Index: - Index_. _Tr,ue Index: -
© ‘insurability is positive
< yes’)
%]
8
S Conclusion Index:
£ ‘insurability is Index: - Index: - Index: - Index: - Index: - ‘False
§ no’ negative’
O
o3
(2]
5 Conclusi Index
= onclusion :
%] .
=2 ‘insurability is Index: - Index: !:al,se ‘False Index: - Index: - Index: -
S , negative -~
= yes negative
O
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Table 7.Evaluation of NR1 given the input values correspogdo attribute values of Case

Evaluated Condition Evaluated Condition Significance Factor Known Sum Remaining Sum
Value

- - -49.6 (bias factor) -49.6 174.2
annual-income is ‘true’ 37.5 -49.6 +37.5=-121 1742-375=
average-to-high 136.7
health-condition is ‘true’ 37.4 -121+37.4=253 136.7-374=
average 99.3
pers-acc-benefit- ‘true’ 37.3 253+37.3=626 99.3-37.3=62

upper-threshold-
exceeded is no

Table 8. Experimental results involving accuracy

NBRCBR NBRCBR PREV
c > > c > >
2 > S5 5o g 55 5o
T 8 05D 0G0 T8 OEE L%
Qo = Qg5 Z 05 og QO o5 Z 05
Dataset 23 85 L85 B3 gg Lgc
(=] (=} o (=]
22 SSTI S8SzI 22 SS8Tf 87T
5 @ @ 5 ® @
Insurance dataset 95.59 % 66.66% 66.66% 92.65% 33.33% 50,00%

(269 patterns)

Table 9. Experimental results showing how test cases ardled by indexed cases

Test cases

TPs successfully handled by indexed TPs

TPs successfully handled by indexed FNs

FPs Unsuccessfully handled by indexed TPs
FPs successfully handled by indexed FPs

FPs successfully handled by indexed FNs
FNs successfully handled by indexed FNs
FNs Unsuccessfully handled by indexed FNs
FNs successfully handled by indexed TPs
FNs Unsuccessfully handled by indexed TPs

NBRCBR NBRCBR_PREV
91.52% 100%
8.48% -
33.33% 66.66%
33.33% 33.33%
33.33% -
66.66% -
33.33% -

- 50%
- 50%
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Table 10.Average number of cases considered in reasoniddBRCBR and NBRCBR_PREV

Reasoning situation NBRCBR NBRCBR_PREV
Sufficient conditions of a neurule are fulfilledfice 46 20
All output neurules are blocked 27 179
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