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ABSTRACT

The process of insurance underwriting determines whether
insurance company will accept an application for insurance. It is
a complex decision-making process and due to information
overload problems, it becomes harder for the insurance
companies to efficiently estimate risks in a reasonable time.

In this paper we present a framework of an expert system for
insurance premium assessment. It combines various Artificial
Intelligence techniques, both supervised and unsupervised
learning. The proposed framework certainly does not pretend to
replace a human underwriter by an electronic one. Rather, it
aims at producing viable estimations regarding the clients risk
levels, allowing to speed-up the underwriting process and to
utilize new potentials.

1. INTRODUCTION

A critical skill for success in insurance risk management is
underwriting [1]. The term underwriting is interpreted as the
process by which an insurance company determines whether or
not and on what basis it will accept an application for insurance.
Underwriting is a very complex decision-making process, which
involves the manipulation of many types of information on
multiple levels. The actuarial design of the product,
abnormalities that increase the likelihood of loss and the quality
of the available data must be weighted and considered to resolve
underwriting problems. This must be done in the context of a
competitive market environment while balancing the expected
claims with the expected investment income from the use of the
pooled funds.

In the past, the expense of capturing underwriting data
outweighed the perceived benefit, and companies could define
products with simple actuarial design and minimal underwriting
and do well. Although this policy becomes impossible in todays
competitive, investment-oriented marketplace, in many
insurance companies underwriting process still remains simple
and manually-managed procedure.

Nowadays, insurance companies collect and share more and
more personal data. It becomes harder and harder for them to
efficiently estimate risk assessment in a reasonable time due to
the information overload problem [2, 3]. Thus, overcoming the
information overload is important issue, since by doing so
insurance companies will be able to provide better insurance
premium estimation to the customers in a faster and easier
manner. It will hold down expenses and increase the profits of
the insurance companies.
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Luckily, the cost of hardware and software has fallen to the point
that enables most of the insurance companies to move towards
the electronic capture and manipulation of underwriting data.
Ways to enhance the underwriting process have evolved with the
use of new technologies, especially information technology. The
tools of the later will play a much more important role in
insurance and risk assessment as the amount and complexity of
available information increases.

An expert system is a computer system which emulates the
decision-making ability of a human expert [4]. In simple words,
such systems contain knowledge derived from an expert in some
narrow domain. Expert systems are meant to solve real problems
which normally would require a specialised human expert (in
this case an actuarial specialist). The narrow domain is
mentioned since it is difficult to encode enough knowledge into
a system so that it may solve a variety of problems.

In recent years, a new category of expert systems, named
Recommendation Systems (RS) has emerged [4, 5, 6, 7, 8]. RS
are a powerful new technology for extracting additional value
for a business from its customer databases. In the general case,
these systems help customers find products they want to buy
from a business. RS benefit customers by enabling them to find
products they like. Conversely, they help the business by
generating more sales. Widespread implementations of RS are
based on Collaborative Filtering (CF) [9, 10]. CF addresses the
information overload problem by incorporating the opinions of
human users into an information filtering system. It takes into
account human judgments only, and based on those judgments it
groups people of similar opinions to create a “virtual
community” of users.

In the case of actuarial expert system a “virtual community” of
costumers is formed basing on the assumption that similarity
implies similar risk level. The system will group the users
according to a dynamically learned similarity measure. Our
novel approach assigns each of the underwriting properties a
different weight basing on the relative importance of the
property. Finally, the system suggests an insurance premium
similar to the premium values of the users in a close “virtual
community” of the given user.

Note that the proposed framework certainly does not pretend to
replace a human underwriter by an electronic one. Rather, it
offers wise utilization of the existing expert systems and
artificial intelligence algorithms, and introduces new potentials
unrealized till now. Our intent is the development of an expert
system that brings the data investigation process to levels human
beings can not reach. Such a system will significantly speed-up
the underwriting process, improve its accuracy, and hold down
the expenses of the insurance companies.
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The rest of the paper is organized as follows, in section 2 we
discuss the information overload problems. In section 3 we
describe a framework for creating an expert system. In section 4
we describe various machine learning techniques to facilitate the
describe architecture. In section 5 we give a detailed description
of an expert system for insurance underwriting. In section 6 we
give a detailed user scenario. Finally we conclude and plan our
future research.

2. Background

Overcoming the information overload and achieving better
future prediction of an arbitrary policyholder risk measure is
important to insurance companies. This way they are able to
enhance their services, to fit better their offerings to a specific
client and thus to increase the possibilities for higher profits.

Many existing information systems deal with customers,
searching for products. Most of the recommendation systems
today can be defined as systems that recommend a customer
items they ”believe” the customer would be interested in.
Although our recommendation system does not fit in such a
definition, the main methodological tools used for its formation
are similar to those utilized in the classical RS context.

RS wusually base on algorithms from two adjacent fields:
information retrieval and collaborative filtering. Good et al. [11]
state three technologies that are commonly used to address
information overload challenge. These technologies are:
o Information Retrieval: focusing on tasks involving the
fulfillment of transient interest queries;
o Information Filtering: classifying streams of new context
into categories;
e Collaborative Filtering: answering two questions:
“Which item should I view?”, and “How much will I
like the item?”

Information retrieval [12, 13, 14] focuses on an analysis of an
item’s content and the development of a personal customer
interest profile. The advantage of information retrieval is that it
does not depend on having other customers in the system, let
alone others with similar tastes.

Information filtering systems [15, 16, 17] sort through large
volumes of dynamically generated information and present to
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the user those which are likely to satisfy his or her information
requirement. If one considers information retrieval from a very
general "information selection" viewpoint, information filtering
is a special case in which the information space is very dynamic.

Collaborative filtering [18, 19, 20] is mostly used in
recommendation systems, and not as a search technique par-
excellence. The idea behind collaborative filtering is
recommending a customer what to buy by looking at her
neighbors. Mainly, neighbors of a customer are (top-N)
customers that have the greatest similarity to the customer. This
similarity can be history-wise (customers with similar history
facts, i.e. past claims, medical history etc.) or profile-wise
(customers with similar properties, i.e. age, marital status,
demographic details etc.).

As opposed to information retrieval, for collaborative filtering to
be effective, it requires that several customers evaluate each
item; even then, new items cannot be recommended until some
customers have taken the time to evaluate them. These problems
are better known as the sparsity and first-rater problem.

We developed a novel approach for an expert system for the
insurance underwriting process based on risk assessment of the
costumers. The detailed architecture and design of the system
will be elaborated in the following sections.

3. Expert system architecture

We briefly describe the main approaches dealing with the study
of how to create self-organizing applications that learn from past
experience and provide a prediction about future. In our case the
procedure of estimating a client risk level can be described as a
two-level process.

At the first level, called the Learning Stage, the system statically
partitions the available (training) data about past clients and
measures the relative influence (weight) of each of the properties
in the costumers’ profiles. The Learning Stage consists of two
sub-stages: clustering of similar clients and determining the
weights of profile properties.

e Clustering [21] is an algorithm that takes a data set of
inputs and divides them into equivalence classes, so that
every input in a class is "similar" in some way. Thus, a

Genetic Algorithm

Clustering
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Al algorithm

Figurel: System architecture
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cluster is a collection of objects which are “similar”
between them and are “dissimilar” to the objects
belonging to other clusters.

e Case-based reasoning (CBR) [22] focuses on an
analysis of an item’s content and the development of a
personal user interest profile. The advantage of this
method is that it does not depend on having other users
in the system since each user is treated individually.

At the second level, called the Recommendation Stage, the
system generates a recommendation using the collaborative
filtering mechanism that was discussed earlier.

e Collaborative filtering with k-Nearest Neighbors
(kNN). Classical recommendation systems are systems
that give recommendations, correlated with his/her
personal profile to a customer. Those systems usually
employ algorithms based on collaborative filtering. The
idea behind collaborative filtering is to give a
recommendation based on the data known about
customer’s “neighbors”. Mainly, neighbors of a
customer are “top-k” other customers having the greatest
similarity to the one. These k neighbors can be identified
using the k-Nearest Neighbors algorithm [23, 24]. This
similarity can be both history-wise (customers with
similar history facts, i.e., past claims, medical history
etc...), and profile-wise (customers with similar
properties, i.e. age, marital status, demographic details
etc...).

This architecture can be depicted as a pyramid structure, where
each stage bases on the results of the previous stage. Finding the
nearest neighbors in the Recommendation Stage uses properties
weights that were obtained in the Learning Stage. Obtaining
consistent results by the GA requires it to be operated on
homogeneous groups acquired from the clustering process.

4. Machine Learning (ML) approaches

Machine learning studies the design of computer systems able to
induce patterns, regularities, or rules from past experiences.
Learner (a computer system) processes data representing past
experiences and tries to either develop an appropriate response
to future data, or describe the data seen in some meaningful way.

For example, in medical domain a learner deals with a set of
patient cases (patient records) with corresponding diagnoses. It
can either try to predict the presence of a disease for future
patients, or to characterize the dependencies between diseases
and symptoms. There are three different types of learning (see
[25,26,27]:

e Unsupervised learning (understanding the relationships
between data components).

e Supervised learning (learning a mapping between an
input v and a desired output y).
the

e Reinforcement learning (learning to act in

environment based on the delayed rewards).

In this section we will describe machine-learning techniques of
these three types. In the next section we will discuss how to

create an underwriting expert system by modularly combining
them together.

4.1. Unsupervised clustering with K-means

At the initial stage of the learning process the system partitions
the customers’ pool to clusters of similar customers according to
their risk levels. We use this measure as this is the primary
assessment of customers’ similarity. Clustering can be viewed as
the process of organizing objects into groups whose members
are similar in some way.

Clustering uses a similarity criterion based on distance. Two or
more objects belong to the same cluster if they are “close”
according to a given distance (in this case risk level). This is
called distance-based clustering. Figure 2 shows an example of
employing a clustering algorithm according to the geometrical
distance criteria on a set of two-dimensional points
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Figure 2: Homogenous neighborhood formation with clustering

One of the most widespread unsupervised learning algorithms
that solve the clustering problem is K-means [28]. Consider the
pseudo-code of K-means algorithms:

1.Place K points into the space represented by the objects
that are being clustered. These points represent initial
group centroids.

2. Assign each object to the group that has the closest
centroid.

3. When all objects have been assigned, recalculate the
positions of the K centroids.

4.Repeat Steps 2 and 3 until the centroids no longer move.
This produces a separation of the objects into groups
from which the metric to be minimized can be
calculated.

The algorithm classifies a given data set through a certain
number of clusters (assume k) fixed a priori. The main idea is to
define £ centroids, one for each cluster. The next steps iteratively
recalculate £ new centroids as the centers of the clusters
resulting from the previous step. This loop changes the locations
of k centroids, until no more changes are done.

This algorithm aims at minimizing an objective function (in this
case a squared error function):

k n ) 5
J=3 Yl e, I

j=1 =1
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i 2. .
where || x{ —C; ||”is a chosen distance measure between a

data point xl/ and the cluster center C IT is an indicator of the

distance of the » data points from their respective cluster centers
4.2. Genetic case-based reasoning

We would like to estimate the influence of the different
underwriting properties on the insurance premium. In order to do
so each property is assigned to be of a different weight. These
weights will be used in the recommendation stage when
calculating an estimation of the insurance premium. A genetic
algorithm is used to determine an optimal set of property
weights for each of the clusters found by the clustering
algorithm.

Genetic algorithms (GAs) [29, 30] search for optimal solution by
sampling the search space at random and creating a set of
individuals  representing  possible  solutions  (called
chromosomes). Each of these solution candidates has an
assigned fitness value. These solutions undergo either
recombination, mutation or survive and are chosen with a
probability that depends on their fitness level to evolve into a
new generation of solutions.

Recombination provides a mechanism for mixing genetic
material within the population. Mutations introduce new genetic
material thereby preventing the search from stagnating. The next
population of solutions is chosen from the parent and the
offspring generations in accordance with a survival strategy that
favors fit individual but does not preclude the survival of the less
fit.

Consider
algorithm:
1.Initialize a random population of individuals
2.Evaluate fitness of all initial individuals of population
3. While true
3.1. Select a sub-population for offspring production
3.2. Recombine the "genes" of selected parents
3.3. Perturb the mated population stochastically
3.4. Evaluate its new fitness
3.5. Select the survivors from actual fitness
4.Exit on termination criterion

the following pseudo-code of typical genetic

The process is well described in Figure 3. In principle, the
application provides an unlimited number of sample patterns
[v,y]. Measurement vector v goes into estimating function d(v),
which generates d. An evaluating system compares d and y.
Based on the remaining error, parameters of estimating function
are modified until no further improvements can be achieved.

4.3. Collaborative filtering with kNN

As we already mentioned, one of the approaches widely used in
recommendation systems is collaborative filtering. When using
collaborative filtering, a mechanism to generate the
recommendation is needed. The algorithm of nearest neighbors
finding is agreed to be one of the most effective mechanisms for
recommendations generation based on a set of customer profiles
[31, 32].

Application
{ Training set
Measurement [¥1. w1l
vectar v

Target

Training feedback

Figure 3. Learning from examples

Applying proximity (similarity) measures between two
customers profiles constitutes the neighborhood. In current RS
nearest neighborhood is formed by various similarity techniques
[33, 34, 35], such as the Pearson correlation, cosine similarity, or
mean squared differences. In this research we propose to apply
the last one.

The mean squared difference is a measure that evaluates the
degree of dissimilarity between two customers. For every
element in the customers profile vectors we take the square of
the difference value. The average of these values is then the
mean squared difference.

Let us denote P,, to be customer x,,’s profile vector consisting of
|P.,| components, P,, and |P,,| by analogy profile vector and
number of components for customer x,,. Then the mean squared
differences between customer x,’s profile P,, and customer x,,’s
profile P,,, is given by the following:

|P,

xn,

|
(Pxn,j - me,j)2

D,, =(P,P,) =L

Xn— xm

| Py |

The lower the mean squared difference, the greater the
similarity.

Another issue that arises after computing the similarity between
the customers is how to form the neighborhood. There are two
schemes for doing so:

e Center-based  neighborhood [7]. Forming a

neighborhood of size one for a given customer x,, by
simply selecting the nearest (the most similar) neighbors,
or choosing all the neighbors, whose similarity value is
higher than a certain threshold.
Aggregate  neighborhood [20]. Forming a
neighborhood of size one, for a customer x,, by first
picking the closest neighbor to x,, and then looking at
the point where there are ; neighbors in the
neighborhood N. The algorithm computes the centroid of
the neighborhood N. This centroid is defined as:

C= l z v
J veN
where v represents the profile vector for each customer
in the neighborhood. A customer N,, such that N;E N, is
selected as the j+1st neighbor only if N; is the closest
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one to the centroid. In the next interation the centroid is
recomputed for j+/ neighbors and the process continues
until [NV|=1.

5. Underwriting system description

Consider an insurance company with n customers, we denote
P.=(P.; Py .....P,, )T to be the profile matrix of all customers
(every element of P, is a vector of ¢ various components such as
age, education level and history-based, such as number of
claims, claims amounts etc.). In addition to the given matrix P,,
we denote a set Y to be a set of all possible values customers risk
measure can take. We call some categorical vector y=(y,, v, ...,
y,)7 to be the target vector and its general element y;, s.t. 1<i<n
signifies the risk measure of customer i, certainly y; € Y, for each
i. In other words, we may refer to the pair (P,,y) as all known
data before the beginning of the learning process and we call this
pair a pattern.

Our architecture describes an RS that will determine risk
measure y,,; €Y for any arbitrary future customer x,.;. To
implement the system we use the following means:

Sk -1
j=1

and #;>0. The risk measure y2n+ ; of any future customer
X,+; 1s then easily determined, by means of a
resemblance principle. The usage of neighborhoods is
not new, and is commonly applied in many
recommendation systems ([6],[9],[13],[19] and [23]).
Similarly to those systems, our system also employs the
technique of neighborhood formation. However, unlike
most of the systems available today, we try to combine
two different neighborhood formations: one is based on
the history-profile of the customers and the other is
based on the preference-profile of the customers. We try
to evaluate both formations and infer if such a complex
approach helps to provide more accurate customer’s risk
measure estimation.

3.A hybrid of CBR and Neighborhood by History and
Profile. We propose to combine both of the above
methods in order to implement a complex
recommendation system, whose output will provide

1.Case-based reasoning algorithm. This method deduces
the risk measure of a customer from his/her own-history
and the profile of the one. We use the pattern (P,,y) to
determine the vector of weights x=(ik,....k,)". This
vector implies the relative contribution of each of
components (age, level of education, number of claims
and more...) to the total customer’s risk measure y; and it
is valid for any customer x;. Consequently, the function
d("Poysy) gives us the risk measure yj,,ﬂ for a new
customer x,.;. The real world pattern (P,y) may be
considered as a training set for the algorithm. Let us
notice, that we may further improve our predictions by
dividing the profile matrix of all customers P, into m
partitions P,;, P, .. , P, using any well-known
clustering method. In this case the pair (P ,»), s.t.
1<j<m provides the necessary training set for evaluating
the weights vector x; per each partition of P,. Hence, a
future customer’s x,,;; risk measure yI,,+ ; is defined this
time by the function d(ij'Px,,H ;) dependent on the
partition, that specific customer x,.; belongs to.

2.Neighborhood by history and profile. Here, we use the
history of a customer to find other customers that are
similar to him, history-wise and preference-profile of the
customer to find other customers that are similar to him,
profile-wise. Then we apply their history and profile
weights to deduce the risk measure. In our project we
propose to use so called weighted distance measures.
Certainly, we may easily generalize, for instance, the
results of distance computation by adding a
supplementary parameter x;, implying the contribution of
any component j. Then, the new mean squared
difference D ’x,x,, is as follows:

D'xn‘xm = Zlkj(Pxnj _mej)2
j=

The vector of the coefficients x=(k; K ... , k) is
evaluated by means of the CBR algorithms. In the case
when x;=I/c one returns to the original distance
computation. Obviously, the sum
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more accurate estimation of arbitrary customer risk
measure. Applying case-based reasoning algorithms, we
propose to derive a credibility factor o , such that the
final recommendation is

o1 2
Vi =W t(l=a)y,,
6. Example scenario

In this section we will describe the typical scenario of risk
assessment process. It is based on the architecture discussed in
the previous sections. As discussed before, the process of
estimating a client risk level is done as a two level process
containing both a learning stage a recommendation stage.

In learning stage the systems partitions past customers by
clustering them according to their risk level. We use this
measure first, as this is our primary assessment of customers’
similarity. This is a rough form of clustering as clusters are
formed by a heterogeneous group of costumers. We would like
to estimate the risk levels basing on homogenous groups. We
achieve this by further clustering the elements of each “risk
cluster” basing on similar profiles.

Using a genetic algorithm and real-life risk levels (determined
by the insurance company) allows us to estimate the influence of
each property in the insurance premium calculation by giving
them different weights. Note, that the set of properties is a
closed set limited by information given by the underwriting
company. We associated determine these for each cluster
separately as they different homogeneous groups.

In recommendation stage the systems estimates the costumer
risk level. The system first identify to which cluster this
customer belongs by measuring the distance between the user
profiles to the center of each of the cluster center. As each
cluster represents a highly homogeneous

7. Conclusions and further research
Overcoming the information overload and achieving better

future prediction of an arbitrary policyholder risk measure is
important to insurance companies. A framework for an expert
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system that emulates the decision-making ability of a human
expert was developed.

This expert system is based on a powerful new technology called
Recommendation Systems that has emerged lately. Our
Recommendation System is implemented using Collaborative
Filtering. It addresses the information overload problem by
grouping similar people for the purpose of creating viable
recommendations.

In the case of risk level assessment the system will group the
users according to a dynamically learned similarity measure.
Each of the underwriting properties is assigned a different
weight basing on the relative importance of this property.
Finally, the system suggests an insurance premium that is
similar to premium values of the users in a close proximity
“virtual community” of the given user.

As future work we plan to develop a distributed version of our
framework. We conceive this as important progress avenue of
expert systems. it corresponded to real life scenarios where data
is divided among many, often rivalry, different vendors. Thus, a
protocol for sharing and merging semi-heterogeneous data
should be devised.

We believe that flexible nature of the develop framework can
facilitate not only usage in automated insurance underwriting but
also in wide range of automated expert system ranging from part
of speech tagging to E-commerce applications.
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