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Abstract— Decision tree manipulation is one of the useful
approaches for extracting classification knowledge. The
most popular dynamic knowledge used in the decision tree
generation is the minimum entropy. This dynamic
knowledge has a serious disadvantage-the poor
generalization capability. Support Vector Machine (SVM) is
a classification technique of machine learning based on
statistical learning theory. It has good generalization.
Considering the relationship between the classification
margin of support vector machine (SVM) and the
generalization capability, the large margin of SVM can be
used as the dynamic knowledge of decision tree, in order to
improve its generalization capability. Comparing with the
binary decision tree using the minimum entropy as the
dynamic knowledge, the task show that the generalization
capability has been improved by using the new dynamic.
Then the in complete database of insurance company is
mined by the data mining’s association rule procedure.
Thirdly the Support Vector Machine (SVM) is applied to the
underwriting task to classify the applicants. Finally the
directions for improving this procedure is pointed out. The
procedure proposed in this paper has promising future in
underwriting task.
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. INTRODUCTION

Support vector machines (SVMs) is a classification
technique of machine leaning based on statistical learning
theory. Considering a 2-class classification problem, SVMs
is to construct a hyper-plane from a training dataset as a
classifier to classify unseen instances. [1][2]The SVM
hyper-plane has the maximum margin which is defined as
the distance between support vectors and the separate hyper-
plane. According to Vapid statistical leaning theory, the
maximum of margin implies that the separate hyper-plane is
optimal in the sense of expected risk minimization. The
optimal characteristics of separate hyper-planes have
resulted in an excellent generalization capability and some
other good performances of SVM classifiers.[3] The
traditional underwriting task may neglect some important
knowledge. The relationship between the health statement
and claim risk maybe very complex and impossible to be
described by a function. In this paper we proposed a novel
procedure that firstly mines the insured data by association
rule, trying to find the relationship among all personal
statement and physical examination items. Secondly we use
Support Vector Machine (SVM) to make the underwriting
decisions. Finally, we choose the parameter of the kernel
function by observation.[4]

This is a novel procedure that is completely
different from traditional works. From the observation result

we can see that is great potentials for the application and the
development of it. Decision tree manipulation is one of the
most important branches of inductive learning. It is one of
the most widely used and practical methods for inductive
inference. It creates a decision tree from the instance table
according to dynamic knowledge and classifies some
instances by using a set of rules, which is transformed from
the decision tree.[5] Many methods have been developed for
constructing decision steps from collections of instances.
Given a training set, a general procedure for generating a
decision tree can be briefly described as follows. The entire
training set is first considered as the root node of the tree.
Then the root node is split into several sub-nodes based on
some dynamic knowledge. If the instances in a sub-node
belong to one class, then the sub-node is regarded as a leaf
node, else we continue to split the sub-node based on the
dynamic knowledge. This task repeats until all leaf nodes is
generated.[6] The most popular dynamic knowledge used in
the decision tree generation is the minimum entropy. This
dynamic knowledge has many advantages such as small
number of leaves and less computational efforts. However,
it has a serious disadvantage-the poor generalization
capability. One of the short comings in traditional
underwriting work is that one may neglect the relationship
between the applicants’ knowledge items. So the first step of
this procedure is to neaten and mine the insured’s personal
knowledge and claim data using AR mining.[7][8]

Il. IDEA

We try to find the potential association and relationship
between these items. [9]In insurance practice, the amount of
benefit determines the number of personal statement and
physical examination items. In general, most small benefit
and young applicants need no physical examinations. Thus
the data of these policyholders is no integrated relatively.
Before the AR mining, we must neaten the original data. In
AR mining we need discrete data. Thus we have to
transform the continuous data into discrete data.[10][11]
The transformation method is to divide the definition
domain of every continuous it to several intervals, then to
distribute every value of the corresponding interval, finally
to evaluate the new discrete item variable by the sequence
number of the interval to which the original value
belongs.[12] We adopt the classic A priori Procedure in AR
mining. A priori Procedure is the basis of all AR procedures
in recent researches. The theory of this procedure is based
on the so-called A priori Attribute: all non-empty subsets of
the frequent item sets must be frequent. In A priori
Procedure we repeat two steps: connecting and trimming. In
the step of connecting, we produce high dimension item sets
by connecting the low dimension ones. In order to reduce
work complexity, in the step of trimming we delete the
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frequent item sets which cannot exist according to a priori
attribute. These two steps will be repeated until is no higher
dimension item sets. Because of the small benefit amount
applicants need not have physical examination. So the
insured database lacks some knowledge. [13]We can’t
directly use the A priori Procedure that is designed for the
integrated database. But we can estimate the actual support
level of one item set by calculating the minimum possible
support ratio (when minimum including) and maximum
possible support ratio (when maximum including) .We may
get some association or relationship between the insured
knowledge items in insurance companies’ database by
means of AR mining. And we may simplify the data and
make some preparation for the next classification task. The
data mining makes great sense for improving the
underwriting procedure.

I1l.  SUPPORT VECTOR MACHINES

The key idea of the extension is that an SVM first maps the
original input space into a high-dimensional feature space
through some nonlinear mapping, and then constructs an
optimal separating hyper-plane in the feature space. Without
any knowledge of the mapping, the SVM can find the
optimal hyper-plane by using the dot product function in the
feature space. The dot function is usually called a kernel
function. According to Hilbert—Schmidt theorem, exists a
relationship between the original space and its feature space
for the dot product of two points. Due to the solving of the
basic problem of SVMs need to be called for many times, so
a fast procedure—Sequential Minimal Optimization (SMO)
is used in our method. The SMO procedure searches through
the feasible region of the dual problem and maximizes the
objective function: Given a training sample set with n
samples. Solving the inverse problem need to partition them
into two classes randomly, i.e. a class label (1 or -1) is
assigned to each sample. The partition will be gotten after
the class label assignment. For each partition, the basic
problem of SVMs needs to be solved to get the margin
value. If the enumerating method is used, will be 2n
assignment, the partition will be 1 by ignoring the
symmetrical partition and the partition that all the samples is
assigned with 1 or -1.[14] That means the basic problem of
SVMs need to be solved forl times, the time complexity is
very high. So the classification is used in our procedure. All
the samples is clustered into m clusters at first, and then the
class label will be assigned to each cluster, i.e. the samples
in the same cluster will be assigned with the same class
label. So will be 2m assignment and the corresponding
partion will make the times for solving the basic problem of
SVMs decrease sharply.

IVV. CONCLUSION

In order to generate decision steps with higher
generalization capability, paper proposes a decision tree
manipulation procedure based on large margin. The
classification procedure for solving the inverse problem of
SVMs is chosen during the manipulation. The main
advantage of procedure is still its large time complexity.
Practically it is expected to give an improved version or
another procedure with time complexity reduction. In the

paper we apply machine learning procedures AR and SVM
to under writing task. The observation result testifies the
validity of the procedure. The procedure presented in this
paper acknowledges and adequately considers the
interrelationships among the health-related knowledge
items. The task of our procedure avoids them is playing and
blindness of doing the work artificially. Along with the
accumulation of data and experience, getting ample
observation data and finding more effective data-patching
procedure we believe the procedure will be more precise. It
may make sense in minimizing the total risk of the insured
pool and lowering down the premium as the application of
the procedure goes deeper.
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