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ABSTRACT e '- ;

Apphcauons of fuzzy set theory to propcrty habxhty and hfe insurance have emerged
. ,m the last few years through the work of Lemaire (1990), Cummins and Dermig (1993,
© 1994), and Ostaszewski (1993) This article contmues that lme of research by providing an_
overview of fuzzy pattem recognition techmques and’ using them in cIustenng for risk and
- -claims classification. The clasgic’ clustenng problem of grouping towns into Tafing territo- -
- ries (DuMouichel, 1983; Conger, 1987) is revisitéd using these fuzzy methods and 1987 .
through 1990 Massachusetts automoblle Ansurance data.- The new: preblem of cla351fymg -
claims in terms of suspected fraud is also addressed using these same fuzzy methods and
data drawn from a study of 1989 bodﬂy mjury hablhty clalms in Massachusetts

Introductlon

In 1961 Ellsberg presented the fGHOng paradox An expenment wis
designed with two uris,-each containing 100.balls; of which the first one was
known to contain 50-red balls and 50 black balls; while no'further information
was given about the contents of the other um. If asked to bet on the' color of
a ball drawn from one:of the urns, most people were found ‘indifferent as to
which color they would choose no matter whether: the ball was drawn: from the
first or the second urn.: On-the other hand, Ellsberg found that if people were
asked which urn they would prefer to use for betting on éither: cotor; they .
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consistently favored the first urn (no matter what color they were asked to bet
on). .

What seems to be present in this experiment is the participants’ perception
of uncertainty, When we say “uncertainty,” the usual association is with “prob-
ability.” The Ellsberg paradox illustrates that some other form of uicertainty
can indeed exist. Probablhty theory prov1des no basis for the outcome of the
Ellsberg experiment. .,

Klir and Folger ( 1988) analyze the semantlc context of the term uncertam

~and arrive at the conclusion‘that fhere are two mairf types of uncertainty, cap-
tured by the terms “vagueness” and “amblgmty ” Vagueness is associated with
the difficulty of making sharp or.precise distinctions among objects. “Ambigu-
ity” is caused by situations where the choice between two or more alternatives
is unspecified. The basic set of axioms of- probability theory originating from
Kolmogorov, rests on the assumption that the outcome of a random event can
be observed and identified with precision. Any vagueness of observation is
considered negligible, or not significant to the construction of the theoretical
model. Yet one cannot escape the conclusion that fqrms of unoertamty repre-
“sented by vagueness of observations, human perceptions, and interpretations,
are missing from probabilistic models, which equate uncertainty w1th random—
ness (i.e.; a sophisticated version: of ambiguity). '

Several reasons may exist for wanting to search for models of a form of
uncertamty other than raridomness. One is that vagueness is unavoidable, Giv-
en imprecision of natural language or human perception of the phenomena
observed, vagueness becomes a major factor in any attempt to model or predict-
the course of events. But there is more. When the phenomena observed be-
come so complex that exact measurement involving all features considered
significant would be Impossﬂale or.longer than economically: feasible for
study, mathematical precision is often abandoned in favor -of more workable
simple, but vague, “common sense” models. Thus, complexxty of the problem
may be another cause of vagueness.

These reasons. were the- driving force behind the development of the fuzzy

“set_theory . (FST). This field of applied mathematics has become a dynamic
research and applications field, with success stories ranging from a fuzzy logic
tice cooker to an artificial intelligence in control of Japan’s Sendai subway
system. The main idea of fuzzy set theory is to propose a medel of uncertainty
different from that given by probability, prec1sely because a different form of
uncertainty is being modeled. -

Fuzzy set theory was created in- Zadeh s (1965) historic arl:lcle To prescnt
this basic idea, recall that a characteristic funcnon of a subset E of a universe
of d13coursc Ui is defined as '

_[lifx eE
) = {0 if x ¢ E.
" In other words, the characteristic function describés the membership of an _
element x in a set E. It equals one if x is a member of E, and zero otherwise.
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Zadeh challenged the idea that membership in all sets behaves in the man-
ner described above. One example would be the set of “tall people.” We con-
sistently talk about the set of “tall people,” yet understand that the concept
used is not precise. A person who is 511" is tall only to a certam degree and

-yet such a person is not “not tall.” Zadeh writes,

The notion of fuzzy set prov1des a convenient point of departure for the construction
of a conceptual framework which parallels in many respects the framework used in -

" the case of ordinary sets, but is more genéral than thie latter and, potentially, may
prove to have a much wider scope of applicability, particularly in the fields of pat-
tern classification and information proeessing. Essentially, such a framework pro-- . _
vides a natural way of dealing with problems in which the source of imprecision is
the absence of sharply defined criteria of class membershlp rather-than the presence
of random variables..

In the fuzzy set theory, mcmbership of an element in a set is descnbed by
the membership function of the set. If U is the universé of discourse, and E is-
~a fuzzy subset of U, the membership function pg:U—{0,1] assigns to every
element x in the set E its degree of membership pg(x). We write either (E,ng)
or E~ for that fuzzy set, to distinguish from the standard set notation E. The.
membership function is a generalization of the characteristic function. of an.
ordinary set. Ordinary sets are termed crzsp sets in fuzzy sets theory. They are
considered a special case—a fuzzy set is crisp if, and only if, its membership

function does not have fractional values,

On the basis of this definition, one then. develops such concepts as. set theo-r
retic operations on fuzzy sets (unmion, intersection, etc.), as well as the notions
of fuzzy numbers, fuzzy relations, fuzzy arithmetic, and approximate reasoning
(known popularly as “fuzzy logic”). Pattern recognition, or the search for
structure in data, provided the early impetus for developing FST because of the
fundamental involvement of human perception (Dubois and Prade 1980) and
the inadequacy of standard mathematics to deal with comp]ex and ill-defined
systems (Bezdek and Pal, 1992). The formal development began with. Zadeh
(1965) introducing the principal concepts of FST. A complete presentation of -
FST is provided in Zimmerman (1991). ' '

The first recognition of FST applicability to the problem of insurance, under—
writing is due to DeWit (1982) Lemaire (1990) sets out a more extensive
agenda for FST in insurance theory, most.notably in the financial aspects of
the business. Under the auspices of the Society of Actuaries, Ostaszewski
(1993) assembled a large number of posmble apphcauons of fuzzy set theory
in actuarial science. His presentation includes such areas as-econornics of risk,
time value of money, individual and collective models or risk, cla351ﬁcat10n
assumptions, conservatism, and adjustment. Cunmins and Derrig (1993, 1994)
complement that work by exploring. apphcauons of fuzzy sets to propelty-
Hability insurance forecasting and pricing problems.

Here, we present a method of fuzzy pattern recognition for rlsk and claims
classaﬁcatlon We apply fuzzy pattern recognition to two problems in Massa-
chusetts private passenger automobile insurance: defining rating territories and
classifying claims with regard to their suspected fraud content. Dubois and
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Prade (1980), Bezdek (1981), and Kandel (1982) provide overviews of fuzzy
techniques in. patiern recognition. Zimmerman (1991) and Bezdek and Pal
(1992) provide other valuable references on the subject.. .

The .concept of a fuzzy set.and the mathematlcal algontfuns needed to- im-
plement classification using fuzzy techniques is described in the next section.
Grouping towns in Massachusetts into rating territories for risk classification
purposes is viewed as 4 fuzzy clustenng problem because many townis can be
strongly related {0 two. or more territories, therehy creatmg a border problem:
to which of several related territories should a town be asmgned ‘We also
explore the-influence. of geographical- .proximity on the resulting. fuzzy territo-
ries and ¢lassification of claims by their suspécted fraudulent content. A final
section summarizes and"providés some alternative and’ fuiture dlI‘BCtIOI]S for
EST in nisk and claims classification problems.

Algorlthms for Fuzzy Classnﬁcatlon

Lema1re { 1990) and Ostaszewski (1993) point out that i msurance nsk clasm— _
ﬁcatmn dften resorts’ elﬂler to vague methods—as in the case of using rifultiple
ill-defined- ‘personal criteria to 1dent|fy ‘good  tisks to underwrite—-6r methods
that are eXCesswely premse-——as in the'case of*a person who fails to- classify as
a preferred risk for life insurance apphcatlon beciuse-his of her body weight
exceeds the stated lifit by- half a pound. Kandel (1982), wiiting from a differ-
ent perspective, says: “In a very fundamental:- way; the intimate- reiatlon be-
tween the theory of fuzzy sets and the theory of pattern recogmtxon and classi-

-fication résts‘on the fact that most realworld classes aré fuzzy in natugé.” This
is® exactly the reason that we propose to utilize the methodology of fiizzy- clus-
tering in ‘tertitorial- classification and to extend that method te classﬁymg
claims for suspected frand. = TR
" Kaindel (1982) classifics’ various techmques of fuzzy pattem Tecogition.
Syntactic techniques§ apply ‘when the pattern sought is related -to-the- formal
structure of the language. Seimantic techniques apply to ‘thiose producing fuzzy
partitions of data’sets. According to Bezdek and Pal-(1992), thie first clioice
faced by a pattern recognition system deSIgner is that of process descnptlon '

" The de31gner may ‘choose from : among Syntactic, numerical, contextual, rule-
based, hybrid, and fuzzy prdcess descnpttons Feature -analysis “is the' next
design step, in which data (generally given in the form of a data vector con-
taining information about the analyzéd objects) may be siibjected to piepro-
cessmg, displays, and extraction. Néxt, semantic clistering algorithms, ‘genetat-
ing actual stiuctures in- data, are" ldenuﬁed Fmally, the demgner addresses
cluster- va11d1ty and optimiality. '

"We use a fuzzy pafterir recogriition techmque given by Bezdek (1981) i

~ the classification of Bézdék and Pal (1992), it can be described as a  numerical
process description, fuzzy c-means itérative semantic algorithm.’ Because the
data we analyze are’in the form of numerical vectors (i:e:, vectors in a-éuclide-
an space), with a number of clusters sought predetermined, we ‘consider the
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