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ABSTRACT

One of the important tasks that we face in real world application is the task of
classifying particular situation or events as belonging to a certain class. Risk
assessment in insurance policies is one of the many areas, which uses classification as

problem solving approach.

In order to solve problems whose solution could be categorical, we must build
classification models. Data mining techniques have powerful tools for building models

thereby addressing the problems.

This research study addresses the issues, techniques, and feasibility of building and
deploying predictive model (s), which determines the risk exposure of individuals, 1.e.
the study was based on claims data of Personal accident at Ethiopian Insurance

Corporation.

Ethiopian Insurance Corporation classifies claims into two classes as Small claim and
Big claim. To meet the objectives of the research, 1,600-dataset records, each records
having 23 attributes had been collected. But after the data is preprocessed, the total
dataset records used for this study were reduced to 1543. And among the 23 attributes,
6 of them were selected by discussing with the insurance experts for final model

building.

A close examination about the distribution of the data reveals that the data has an
imbalanced distribution, which affects the accuracy of the model in favor of the
dominant class, in this case the “Small” class. Thus, in order to solve this problem,
dataset balancing based on “PAcc_Within” was taken and the result has shown that the

accuracy was improved by far.

X



Beside this, the researcher has found that the frequency occurrence (class distribution)

of the values of an attribute has a great impact on the accuracy of the model.

Lastly, analyzing the economic impact of the models and a separate accuracy measures
for each class of risk category is used in order to compare the models and select one for
deployment. Accordingly a model, which was built using knowlodgeSEEKER
algorithm and balanced data partitioning, based on “PAcc_Within” attribute was
selected as a final model. This model has an overall accuracy of 96.61% and a

classification error of 0.29% and 27% for Small and Big risk claim classes respectively.



CHAPTER ONE

BACKGROUND

1.1 Introduction

Insurance Industry is a service-giving industry providing risk transfer from the insured to the
insurer called Insurance Company. With the passage of time the industry is undergoing profound
changes as a result of globalization, deregulation, and technology. In essence, it is moving from a
product oriented to a customer oriented service provider. This is to mean that as with the
advancement with technology and passage of time Companies are trying to provide customers
exactly with what they are looking for than providing one product to all customers. This concept

is called customer oriented.

Deregulation allowed non-insurance companies, such as banks, retailers, to enter the insurance
market and compete against the established firms. At the same time, deregulation also allowed
insurance companies to enter different financial markets, such as investment banking, requiring

the development and marketing of new products and identification of potential customer groups.

Globalization accentuated with this change, insurance companies are now facing competitors
from many parts of the world, many of which move aggressively into new markets trying to

attract customers by allowing low rates and improved services.

Technology further added to the momentum of change, mostly due to different aspects of
computerizations. The result again is an increased focus on the customer, his needs, and the

tailoring of insurance policies to fit those needs on a profitable basis.



Given the current state of the insurance landscape, carriers competing for customers, dealing with
rising claim rates and high loss ratios, as it could be seen in this study, the need have been greater
for insurers to establish and maintain a complete view of their current and prospective

policyholders.

A key part of this complete view is the specific claim risk that each customers poses to the
company. Evaluating claims propensity gives insurance providers an objective way to adjust
premium rates based on relevant, customer-specific information. Accurately predicting claims
propensity throughout an organization can dramatically improve loss ratios and enables providers
to charge lower premiums to low-risk clients (principle of individualization) as presented by SAS

Institute (2003).

To improve loss ratios through more effective pricing and marketing, insurance providers need a
solution that gathers relevant claims data from every corner of the enterprise as well as third-

party data sources to provide both claims propensity predictions and claim size predictions

This trend toward an individualization of services and policies is supported and implemented by
increasingly sophisticated business software. Relevant data storage and retrieval of customer
policy and business data in a database and data warechouse and the use of these data in data

mining systems is becoming a must for today’s insurance firms.

With advancement in information technology, the amount of data stored in insurance databases is
increasing rapidly (Vesanto 2002). These huge databases contain a wealth of data and constitute a
potential goldmine of valuable business information. As new and evolving loss exposures emerge
in the ever-changing insurance environment, the form and structure of insurance databases
1 change. Finding the valuable information hidden in those databases with high-dimensional vector

and identifying appropriate models is a difficult task.



Insurance Corporations although are service giving, they have to make some amount of profit for
¥ existence, expansion (product diversification) and for growth. But their profitability depends on
the accuracy of risk assessment and ability of predicting the future. Insurance underwriting
experts use their own subjective judgments in assessing the risk exposure of clients thereby
affecting the profitability of the organization. Their primary goal is to protect the company

against high claim cost due to predictable risk of policies.

Clients of Ethiopian Insurance Corporation can be either new customer or existing customers.
From these customer categories, underwriters argue that renewing the policies for existing
customers is considerably more cost effective than taking a new customer. But the renewal
process is time consuming for the fact that they are required to manually analyze many risk
factors for many clients. Thus underwriters of the Corporation demand the process to be an

automatic process.

s

In addition to this an increasing size of the customer profile added with the small number of the
company’s employee, made it difficult for the company to regularly audit renewal acceptance

manually.

' One alternative solution to these problems is to classify policyholders based on their degree of
risk exposure using data mining techniques; which enables the Corporation to predict the risk

level of a policyholder by discovering the relationship between attributes from past database.

But what is data mining?

According to (Thearling 2003), data mining is the extraction of hidden predictive information
from large databases; it is a powerful new technology with great potential to help companies
focus on the most important information in their data warehouses. Data mining tools predict
future trends and behaviors, allowing businesses to make proactive, knowledge-driven decisions
by answering business questions that traditionally were time consuming to resolve. They scour
databases for hidden patterns, finding predictive information that experts may miss because it lies

outside their expectations, thus overlooking datasets which have valuable business information.



But by using today’s data mining technology, it was possible to analyze massive dataset records
for an information easily rather than throwing away. Penzias (1999) states that “Data mining will
become more important, and companies will throw away nothing about their customers because it
will be so valuable. If you are not doing this, you are out of business.” In business there are clear

benefits for investing in data mining.

As data mining provides results that improve business processes and thereby increase profits, it

is becoming a competitive weapon in business industries.

Given a database of sufficient size and quality like insurance databases, data mining technology
can generate new business opportunities by providing the following capabilities:
e Automated production of trends and behaviors, like insurance fraud;
e Automated discovery of previously unknown patterns, like patterns between work
category and level of risk;
e To analyze massive databases in short minutes. Faster processing means that users can
automatically experiment with more models’ to understand complex data. Analyzing

larger databases, in turn, yield improved predication.

In other words, in larger databases, where the depth and breadth is too high, one can easily
understand how difficult it will be if processing is done manually. Because more columns, means
that the analyst must often limit the number of variables he/she examines due to time constraints.
Yet variables that are discarded because they seem unimportant may carry information about
unknown patterns. But by using data mining tools, users can explore the full depth of database,

without pre-selecting subsets of variables and decrease the associated lose of information.

Therefore, the advancement in the capability of technology added to its reduction in cost lets

business organizations to change their data in to asset, following a profitability equation of:

Data —® Information™® Knowledge —® Better Decisions.



But what can business do to ensure that their use of data follow this path? Data mining
technologies should be applied throughout the process to guarantee this success, (Mangold 1998).

How data mining works?

How exactly is data mining able to tell important things that one didn’t know or what is going to
happen next? The technique that is used to perform these feats in data mining is called molding.
Modeling is simply the act of building a model in one situation where one knows the answer and

then applies it to another situation that he/she don’t.

Therefore, this study is was concerned with problem of realizing predictive models based on
knowledge of associations in the context of insurance dataset. Like: work environment — risk of

death.



1.2 STATEMENT OF THE PROBLEM

From a simple preliminary observation about the performance of the Corporation for one year
(2002/2003) and brief discussion with the insurance experts, the Corporation has earned a growth
revenue of 83.8% from non-life insurance coverage, 11.1% from life, and 5.1% from other
businesses. On the other hand it has paid claims of 83.6% for non-life insurance cover, 13.5%
for life and 2.9% for other businesses. From this figures one can easily understand the fact that
non-life insurance coverage is taking the largest proportion both as a source of revenue for the
Corporation and also as the largest expenditure to the Corporation, which catches the researcher's

attention for further analysis.

Non-life insurance covers has many different types of covers among which Personal Accident
policies that take the line share both as a source of income for the Corporation and as the largest
amount of expenditures to the Corporation (as seen above). As a result of this, the researcher has
focused on the analysis of different claim data of Personal Accident policies in the Corporation.
With respect to Personal Accident claims data analysis, the Corporation is classifying claims into
either “Small” or “Big” claim risk category based on the amount of claims they pose to the
Corporation. But with regards to predicting about the future uncertainties (expected claim to be

paid), the Corporation is not using its past dataset efficiently and effectively.

This means the Corporation isn’t using its past data for future anticipation of the different risk
levels and do not categorize claims according to reason of request (benefits sought) which could
has helped it in identifying the type of benefits sought most and the type of benefits which are not
sought most (frequently). This in turn could have helped the Corporation to adopt the “right “
marketing strategies, which tailors, to individual clients’ behavior called principle of
“individualization of service”. As a result of this, the Corporation has got problem of reserving an
approximate amount of fund as a contingency for its claim request from clients working in

different work category thereby affecting its budgetary plan and operation.



But it is possible to get decisive information about the future by studying the different risk factors
of clients and prepared accordingly well in advance, which is one of the strategies in today’s
competitive business environment. This anticipation is possible through data mining
technologies, which helps one to have the complete picture of its clients’ behavior. But because
of the many dimensional risk variables kept by the Corporation added with the manual data
handling and processing approach, the Corporation couldn’t be able to operate efficiently and

effectively.

Underwriters in the Corporation use their own personal judgments (based on past experience) in
forecasting out standing claims, which clients are expected to come with based on the clients’
work category or occupation. This subjective method of risk assessment in estimating the
outstanding claim amount and setting premium rate is important because the experts utilize their
current knowledge. However relying only on experts’ judgment and current knowledge is not
7Fsufficient for predicting out standing claims for the fact that there are many risk variables that can
be used to analyze outstanding claims. But as the number of variables increase it becomes
difficult to understand and/or analyze hidden relationships between variables. From this, it is
evident that there is a need for building (developing) predictive model that assists the workers of
the Corporation in estimating the claims expected from each clients’ based on their work

category.

+ The Corporation is classifying claims based on amounts they claim for irrespective of their work
category. But classifying clients based on their claim amount and work category is possible by
analyzing the characteristics and relationship of claim amounts to work category of customers,
reason of claims like death, permanent total disablement, total temporarily disablement and
medical expenses of Personal Accident using data mining techniques. Analyzing such variables
will help to find what category of workers claim for which type of the above benefits, the level of
risk associated with the above benefit types and etc. It was believed that such analysis could be

realized by automatic means.



Lastly, as the assessment of the collected data, shows at about the termination of the insurance
policy cover, most of the customers of the Corporation have been seen claiming for repayment of
medical expenses which might be suspected as a sort of fraud when they don’t want to renew it
and some times clients claim for an insurance coverage as soon as they have got the cover which

is suspicious to be fraud.

Therefore, the underwriters of the Corporation want to study whether the clients have some
health problems prior to getting the insurance coverage or not. This information helps them to

accept or reject the contract from such clients.



1.3 OBJECTIVE OF THE STUDY

1.3.1 General objective

The general objective of this study is exploring the potential usefulness of data mining techniques
in large dataset organizations, particularly, Ethiopian Insurance Corporation in assisting the

workers of the Corporation to facilitate the policy renewal process of Personal Accident Policies

1.3.2 Specific objective

e To explore the specific areas where data mining technology can be applied in an

insurance industry;
e To identify the nature of Risk and Risk assessment practices at the Corporation;

e To analyze the relationship between different risk factors like work category, level of
risk, benefits sought and timing of the insurance claim; ‘ |

 To build a predictive model (classification model) that helps underwriters to predict the
risk category of clients by studying claims of past dataset records so that underwriters

can reserve the estimated fund for different claims that may come to the Corporation.

e To study the most frequent type of benefits (death, total permanent cliﬁsgbl_er_nehnt) sought

by clients and the relationship with class of risk and work category.



1.4 METHOD OF THE STUDY

In order to meet the above objectives and elaborate the usefulness predictive data mining

technology, the researcher has conducted the following basic activities:

1.4.1 Literature Review

Extensive literature review has been conducted on the role of data mining technologies in
transforming raw data into information in general and the different application areas of data
mining in insurance. The literatures reviewed are journal articles, Internet resources, books, and

insurance related thesis works etc.

While reviewing these literatures, the researcher hasn’t included a theory of the domain that
allows mechanistic mathematical definitions of the model. Because the aim of this study is to
build a model, the connection between inputs and outcome using observed associations between

attributes of risk factors.

1.4.2 Data collection and processing

Personal Accident data has been collected from Ethiopian Insurance Corporation by using
document analysis, and discussions with insurance experts in the department (section). The
reason behind is that almost all the data is in hard copy, which requires the researcher’s personal
analysis and observation of the documents and digitizing the data has been also conducted. This
was done for the fact that in order to apply data mining technologies every data has to digitized in
to its equivalent electronic format. Then after the data is preprocessed for further analysis by the
tool called knowlodgeSTUDIO. The preprocessing includes the following activities:

Dealing with outliers, data transformation, dealing with missing values and aggregating the

required attributes has been done.

10



Discussion with experts was made in order to see the technical gap about data analysis
technologies-like data mining, in order to know the important attributes for decision making, and
the criteria used to classify claim records as “Small” and “Big”. This is because understanding
the available technologies and its capabilities is a stepping-stone for efficient utilization of the

raw data.

1.4.3 Model building

In order to build the predictive model, many experiments have been done for different reasons.
As the name implies building a model is different from building an application. In model building
the algorithm is expected to learn the different patterns in the dataset and so that the learned
knowledge by the algorithm could be applied on the new dataset. In order to analyze the dataset
and build the above type of model, the different available tools are considered like SAS
Enterprise Miner and Knowledge STUDIO software tool(s). But because of the researcher’s
familiarity with knowlodgeSTUDIO, its free availability of its trial version and for the fact that
this tool includes the commonly used data mining techniques like decision tree, neural network,
and clustering it was selected for this study. In this study the researcher has adopted Decisioﬁ
Tree technique for its visual expandability by users if they demanded it and it produces easily
understandable rules for end user of the model. These rules can be transformed in to a software

code for deployment.

Beside this Microsoft excel 2000, has been used to store the initial data so that the software tool

can import and change the dataset into its own format for further processing.

11



1.4.4 Evaluation of the model

After the data is processed the predictive model has been built and tested for its accuracy. The
built model was evaluated for its performance accuracy. Irrespective of its limitations average

accuracy measure is automatically generated for each model in the experimentations for each

predictive model.

But as this measure is not an effective approach for the data under study, which is characterized
as highly imbalanced dataset distribution of two classes’-Small and Big risk classes, separate

accuracy measure was calculated manually for each class under each experiments by taking the

figures from confusion matrix. And the economic impact of the model was considered in order to

compare the models for deployment.

12



1.5 APPLICATION OF THE RESULT

In this study an attempt has been made to explore the application of data mining technology,
particularly claim prediction modeling in insurance company. The output of this research can be

used as:

e A starting point for further research in this area and other related areas, and come up with

a full-fledged predictive model to be used by the Company (these areas are discussed at

the end of chapter two),

e It brings the available data mining technology and their potentials in filtering information
out of raw data to the attention of the officials of the Company so that the gap of technical

know how will be get minimized;
e By considering the decision tree generated and the rules produced, the company can give
more attentions to some attributes which determines the characteristic nature of the

customers and their risks under consideration;

e Evaluating claims propensity gives insurance providers an objective way to adjust

premium rates based on relevant, customer-specific information and risk factors;

¢ Finally, this study can give hands on experience for the researcher for further research in

the future.

13



1.6 Scope and Limitation of the study

In his way of conducting this research study, the researcher has limited his scope as follows:

e Rather than attempting to build predictive for many areas the study is limited to focus on

only classification of claims by studying their relationship with work category.

e The study also addresses the different issues to be considered in building predictive

models like accuracy measures, economic considerations, and the role of imbalanced data

distribution on the accuracy of the models than discussing the mathematical logic behind

predictive models.

The major limitations of this study are many, among which time and the nature of data takes the

line share in a sense that:

e As the name indicates this study is concerning on the data from insurance industry where

there is a high market competition for customers and where information about customers

is confidential. This has an effect of not knowing the rate of premium charges the

Corporation is using. In order to solve this problem the researcher has taken some

measures like: looking for data attributes, which do not require knowing the details of

premium charges for every individual in the data set. As a result, it was found that taking

dataset of clients being insured by their employing organization is found to be promising

for the fact that premium determination is in group base. This limits the distribution of the

data set type and the different risk factors thereby affecting the thesis work.

e In addition to this, the data in the Corporation is manual and many of the fields are found

in different forms, which makes data collection to be difficult and time consuming, as a

result the data of one branch office of the Corporation is taken, which again limits the

variations in the dataset distribution thereby affecting the research work.

e Lastly, because this research study was based on data collected on clients from two

corporations, namely Ethiopian Telecommunication Corporation and Ethiopian Power

Corporation, its application is limited to clients of these Corporations.

14



1.7 Organization of the thesis

The overall organization of this study is presented into six chapters as follows: Chapter one
provides the background to the study problem, by discussing the introductory parts of the
subsequent chapters so that the detail explanations and discussions to be made at respective

chapters.

Chapter two discusses the different Data Mining Processes, DM Functionalities, DM techniques
and algorithms like (Automatic clustering, Neural network, and Decision tree), and finally the

chapter ends by discussing some of the application areas of data mining in insurance industry.

Chapter three provides an overview of risk assessment practice at Ethiopian Insurance

Corporation and, policy renewal practices, and type of risk covers.

Chapter four discusses the data collection and preprocessing like handling missing values,
outliers, data transformation and selecting “best” attributes for the experimentation phase for

what has been discussed in the previous chapters (theme of the thesis)-model building.

Chapter five this chapter discusses the different experiments that have been done to build the
predictive model. It provides some discussions on the tool was used, the algorithms and accuracy

measuring approaches are discussed on top of the issues of class imbalance. Lastly;
Chapter six this chapter ends the thesis by providing the result of the experimentation and

discussions in the form of summery called conclusions and recommends sighting potential areas

to be done in the future, if any.
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CHAPTER TWO

DATA MINING AND KNOWLEDGE DISCOVERY

2.1 Introduction

In this section the researcher has made an attempt to overview the data mining process, data
mining functionalities, data mining techniques and algorithms, and their potential applications in

general and particularly in insurance industry.

2.2 Data Mining Process

Data mining (DM) is the process of exploration and analysis, by automatic or semi-automatic
means, of large quantities of data in order to discover meaningful patterns and rules (Berry and
Linoff, 2000). A typical data mining process includes data acquisition, data integration, data
exploration, model building, and model validation. Both expert opinion and data mining
techniques play an important role at each step of this information discovery process. It combines
techniques from Machine Learning, Pattern Recognition, Statistics, Database theory, and
Visualization to extract concepts, concept interrelations, and interesting patterns automatically
from large corporate databases. In order to attain these and other related knowledge discovery,

passing the basic and fundamental steps is a prerequisite activity like:
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Data acquisition.

The first step is to select the types of data to be used. Although a target data set has been created
for discovery in some applications. DM can be performed on a subset of variables or data
samples in a larger database called training set while holding back some of the datasets for latter

validation of the model.

Data preprocessing

Once the target data is selected, the data is then preprocessed for cleaning, scrubbing, and
transforming to improve the effectiveness of discovery. During this preprocessing step,
researchers remove the noise or outliers if necessary and decide on strategies for dealing with
missing data fields and accounting for time sequence information or known changes. Then data is
transformed to reduce the number of variables by converting one type of data to another

(e.g., numeric ones into categorical values) or deriving new attributes.

Building model

The third step of DM refers to a series of activities such as deciding on the type of DM
operations; selecting the DM technique; choosing the DM algorithm, and mining the data. First,
the type of DM operation must be chosen. The DM operations can be classified as classification,

regression; segmentation, link analysis, and deviation detection (see section 2.3 for details).

Based on the operations chosen for the application, an appropriate data-mining technique is then
selected. Once a data-mining technique is chosen, the next step is to select a particular algorithm
within the DM technique chosen (see section 2.4 details). Choosing a data-mining algorithm
includes a method to search for patterns in the data, such as deciding which models and
parameters may be appropriate and matching a particular data-mining technique with the overall
objective of data mining. After an appropriate algorithm is selected, the data is finally mined

using the algorithm to extract novel patterns hidden in databases.
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Result Interpretation and model evaluation.

The fourth step of the DM process is the interpretation and evaluation of discovered patterns.
This task includes filtering the information to be presented by removing redundant or irrelevant
patterns, visualizing graphically or logically the useful ones, and translating them into

understandable terms by users.

In the interpretation of results, the researcher determines and resolves potential conflicts with
previously known knowledge or decides to redo any of the previous steps. The extracted
knowledge is also evaluated in terms of its usefulness to a decision maker and to a business goal.
Then extracted knowledge is subsequently used to support human decision making such as

prediction and to explain observed phenomena.

(Guo) stated that the four-step process of knowledge discovery should not be interpreted as

linear, but as an interactive, iterative process through which discovery evolves.

2.3 Data Mining Functionalities

Once the dataset was prepared for mining, the next step is to define the scope and the subject of
study. This is referred as choosing DM functionality (DM tasks). According to (Guo) the most
common types of DM functionalities are: classification, regression, affinity grouping, and
deviation detection. Classification and regression are useful for prediction, whereas affinity

grouping and deviation detection are for description of patterns in the data. A DM application

typically requires the combination of two or more DM operations.
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2.3.1 Classification

The goal of classification is to develop a model that maps a data item into one of several
predefined classes. Once developed, the model is used to classify a new instance into one of the

classes.

Examples include the classification of customers based on the degree of risk they bring to the

Corporation in association with their work category which alerts the insurance underwriters to

adjust their premium rates.

By analyzing the amount of claims that the Corporation has accepted in the past, it can predict the

future amount based on the work category of clients.

Beside these, through predictive classification, the Corporation could be able to assess the

possibilities of fraud by analyzing the date the insurance cover commences and the date the

customer came with a claim.

2.3.2 Regression

This operation builds a model that maps data items into a real-valued prediction variable.

Models have traditionally been developed using statistical methods such as linear and logistic
regression. Both classification and regression are used for prediction. The distinction between
these two models is that the output variable of classification is categorical, whereas that of

regression is continuous valued (Berry & linoff 2000).

In this study classification model was discussed for predicting the classification of insurance

customers based on the amount of claims they posses.
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2.3.3 Affinity Grouping or Association Rules

Affinity grouping is used to establish correlation between attributes of database records. Its
typical application is market-basket analysis, where the technique is applied to analyze point-of-
sales transaction data to identify product affinities. Another application could be finding the
relationships between work category and the amount of claims they pose to an insurance firm,

which is the major study of this thesis.

2.3.4 Deviation Detection (Outlier Analysis)

This operation focuses on discovering interesting deviations. Deviation Detection is usually

performed after a database is segmented to determine whether the deviations represent noisy data

or unusual casualty.

Most DM methods discard outliers as noise or exceptions. However, in some applications such as
fraud detection, deviation detection is often the source of true discovery and more interesting than
the more regularly occurring once since deviations represent anomaly from some known

expectation or norm..

Once the business problem, objective, and data mining tasks were identified the next step is

looking for an algorithm and technique, which meets the required business objective.
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2.4 Data Mining Techniques and Algorithms

The most prominent and the heart of DM process to accomplish many of the above-indicated
tasks is called Predictive Modeling. In this technique the business issue under consideration
(example assessing customer risk) is investigated using historical data, which allow an

identification of the relevant business risk classes (as Small claim risk, or Big claim risk).

These characteristics involve the various properties of customer data and their relationships: Any
new observation (client) will be assigned to a business class of the above type on the basis of risk
characteristics. The results are statistically tractable with quantifiable reliability i.e. it is the
essence of predictive modeling to develop the model on known data and to apply the model on
new datasets.

Predictive models (classification) can be built by using neural network, decision tree analysis,

and/or automatic clustering.

2.4.1 Clustering

Clustering techniques are employed to segment a database into clusters, each of which shares
common and interesting properties. The purpose of segmenting a database is often to summarize
the contents of the target database by considering the common characteristics shared in a cluster
whereby it increases the similarities between objects within the same cluster and increasing the
difference between different clusters. K-means algorithm to clustering is the common algorithm

used by different DM software tools.

Clustering is recommended when:
The data analyst suspects that there are natural groupings that may represent groups of customers
or products that have a lot in common with each other. These may turn out to be naturally

occurring customer segments for which customized marketing approaches are justified.
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More generally, clustering is often useful when there are many competing patterns in the data

making it hard to spot any single pattern.

When combined with other techniques like affinity grouping, creating clusters of similar records
decreases the complexity within clusters and so that other DM techniques are more likely to

succeed with their task (Berry & Linoff 2000)

2.4.2 Neural Networks

Neural networks constitute the most widely used technique in data mining. They imitate the way
the human brain learns and use rules inferred from data patterns to construct hidden layers of
logic for analysis. Neural network methods can be used to develop classification, regression, link
analysis, and segmentation models. A neural net technique represents its model in the form of
nodes arranged in layers with weighted links between the nodes. Neural networks actually
represent complex mathematical equations, in lots of summations, exponential functions, and

many parameters.

One important characteristic of neural networks is that they are opaque (Guo), which means there
is not much explanation of how the results come about and what rules are used i.e. they are the
most widely known and the least understood of the major data mining technique (Berry & Linoff
2000).

Many machine learning and data mining researchers argue that neural networks do not allow
well when there are many hundreds of input features. Large hundreds of features make it more
difficult for the network to find patterns and can result in long training phases that never
converge to a good solution. As a result of this for insurance organizations with a great depth of
statistical information, neural networks are ideal because they can’t identify and analyze changes

in patterns, situations, or tactics for much number of numeric and continuous valued variables.
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Therefore, in order to use neural nets effectively, they need to be combined with decision tree.

(Berry & Linoff 2000) suggested that neural networks can work well with decision tree methods
for the fact that decision trees are good at choosing the most important variables and these can
then be used for training a network, in his experimentation (Tesfaye 2002) has used decision trees
for variable selection and feed the result to the net. And he found that the neural network has
performed well irrespective of the fact that there are some objects, which the decision tree has

classified correctly while the net has misclassified. He stated that the hybrid of the two models
(technique) might improve the overall performance. This indicates how decision trees can

optimize the performance of neural network through attribute selection.

2.4.3 Decision Trees

Induction techniques develop a classification model from a set of records - the training set of
examples. The training set may be a sample database, or an entire data warehouse. Each record in
the training set belongs to one of many predefined classes, and an induction technique induces a
general concept description that best represents the examples to develop a classification model.
The induced model consists of patterns that distinguish each class. Once trained, a developed

model can be used to predict the class of unclassified records automatically.

Induction techniques represent a model in the form of either decision trees or decision rules.
These representations are easier to understand, and their implementation is more efficient than

those of neural network

There are two types of decision trees, namely classification trees and regression trees.
Classification trees label records and assign them to the appropriate class by providing the
confidence that the classification is correct. In such cases, the tree reports the class probability,
which is the confidence that a record belongs to a given class. On the other hand regression trees
estimate the value of a target variable that takes on numeric values (Two Crows Corporation

1999).
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When a tree model is applied to data, each record flows through the tree along a path determined
by a serious of tests until the record reaches a leaf or terminal node of the tree. There it is given a

class label based on the class of the records that reached the node in the training set.

2.4.3.1 Decision Tree Building

The first step in building a decision tree is to decide which of the independent attributes make the
best split for the tree. The best split is defined as one that does the best job of separating the
records into groups where a single class predominates. The measure used to evaluate the splitter

is reduction in diversity or entropy. Most algorithms use the idea of information gain (Costa,

2000).

In choosing the best splitter at a node, the decision tree algorithms calculate the information gain

for each input field and decide the best splitter. This process repeats until the tree is fully grown.

Tree building algorithms make their best split first at the root node where there is a large
population of record. Each subsequent split has a smaller and less representative of the whole

dataset with which to work.

With increasing the depth of the tree the model over fits the training set. An approach to this
problem is called Pruning. Pruning is the process of removing leaves and branches to improve the

performance the decision tree (Berry and Linoff 2000).

Decision tree techniques are chosen for their ability of generating easily understandable rules. It
is certainly true that for any classified record it is easy to simply trace the depth from the root to
the leaf where that record landed in order to generate the rules that lead to the classification and

most decision tree tools have this capability.
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2.4.3.2 Appropriate Problems for Decision Tree Learning

Decision tree are best suited to problems with the following characteristics (Mitchell, 1997):

When attribute-value pairs represent instances like-Small or Big;

e When the target function has discrete output values. In such situation decision tree assigns

a classification to each class as Small or Big. The simplest case exists when there are only

two possible classes (binary classification).

e  When the problem at hand is a disjunctive description in nature.

e  When the training data may contain outliers and missing values i.e. decision tree learning
methods are robust to the above problems - both errors in classifications of the training

examples and errors in the attribute values that describe the cases.

e Decision tree methods can be used even when some training examples have unknown

values.

Although decision trees have the advantage of allowing human experts to easily understand the
solution of a problem by representing the flow of the solution graphically they are not without
limitation. Perhaps the weakest point of decision trees in modeling is their sensitivity to changes

in data, hence also to noise (Zied et al).

Therefore, which algorithm to choose for business problems, involving classification is difficult.

Growe. A (1999) stated that there is a controversy over the relative merits of doing classifications
using artificial intelligence (AI) tools such as neural net works versus employing statistical
methods like Decision Trees. Computer Science researchers have been arguing that the nets are

performing more than decision trees. But Growe (1999) hasn’t seen this argument in his

experimental study. He keeps on citing the work of Couvreur and Couvreur (1997) as follows:
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‘For us, decision tree and neural networks are complementary tools, with considerable overlap
not only in their fields of application but also in their theoretical foundations...when compared
fairly, neural network and modern statistical methods like decision tree perform similarly, both in
terms of quality of results and in terms of computational costs. In some applications neural

networks will outperform their statistical counterparts, in others they will not.’

So which technique to use for this study? Irrespective of the above controversies, from the nature
of the dataset of this research and the potentiality of decision tree the researcher has used decision

tree technique in this study.

2.5 Applications of Data Mining

Now a days DM is increasingly popular because of the substantial contribution it can make to
firms. It has been used in a wide variety of business activities as it offers value across a broad

spectrum of industries, (Meheretwork 2004).

Two Crows Corporation (1999) mentioned that telecommunications and credit card companies
are identified as the two leaders in applying DM technology to detect fraudulent use of their
services. For example Telecommunication Companies are service-providing companies, which
provide their services not in a pre-paid manner as s result of this, they often suffer from insolvent
customers who has used the provided services without paying their dues. Ethiopian
Telecommunication Corporation is one of these companies, which is loosing considerable
amount of money now a day’s (Gashaw (2004). With regards to this, he has made an
experimental research in predicting customer insolvency at Ethiopian Telecommunication
Corporation. And he found that DM has a promising potential application in telecommunication

industries.

Further more, they mentioned that DM is found to be fruitful in medical applications where it can

be used to predict the effectiveness of surgical procedures, medical tests. In this regard, Shegaw
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(2002) has built a model that can support in the prediction of chilled mortality at Butajira

hospital, indicating the potentials of DM in medical areas.

From business organizations point of view, credit companies can leverage their vast warehouses
of customer transaction data to identify customers most likely to be interested in a new credit
product or fraudulent credit card use, determine credit card spending by customer groups. With
the objective of building a model that can support loan-decision making process at Dashen Bank
S.C, Askale (2001) and Meheretwork (2004) have investigated the potential application of DM in

banking sector.

2.5.1 Using Data Mining in the Insurance Industry

From insurance industries perspective, data mining technology can often improve existing
actuarial models by finding additional important variables, and by identifying interactions
between risk factors. The improvement can take different forms like for example by using some
software tools like knowlodgeSTUDIO the models will let insurance people to understand
important risk factors like “age”, “work category”, level of education and etc so that they could
charge proportional premium rate. But manually (or without such aid), it is too difficult for

underwriters to estimate which factors are more important.

DM can help insurance firms make crucial business decisions and turn the new found knowledge
into actionable results in business practices such as product development, marketing, claim

distribution analysis, asset liability management and solvency analysis.

The researcher has made some literature review to see what has been done so far in insurance

industry and come up with the following:
Underwriting Profitability Analysis (UPAS) System: This system is developed in IBM research

Group by (Apte et al, 1998). The application embodies a new approach to mining Property &

Casualty (P&C) insurance policy. This system is a rule-based system that utilizes probabilistic
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approach to discover risk characterization by analyzing large and noisy insurance data. The
benefit assessment of the results suggested that this methodology provides significant value to the

P&C insurance risk management process (Apte et al, 1999).

Motor Insurance Renewal System (MIRS): This system was built as a partial fulfillment for the
degree of Masters by (Tesfaye 2002) at Addis Ababa University. He has built a prototype for
Insurance Company. His system was built by using neural network and decision tree techniques.

In his study he has demonstrated the potential application of DM technology in motor insurance.

According to (Guo) specifically, DM techniques can be applied in the following areas from

insurance industries point of view.

Establishing Rates

An important problem in actuarial science is concerning premium rate setting or the pricing of
each policy. The goal is to set rates that reflect the risk level of the policyholder by establishing

the “break-even” rate or premium for the policy. The lower the risk the lower is the rate.

Modern DM models (tools) can help companies to predict risk and thereby enable to set rates.

One critical question in rate making is knowing what are the risk factors or variables that are
important for predicting the likelihood of claims and the size of a claim? Although many risk
factors that affect rates are obvious, subtle and non-intuitive relationships can exist among
variables that are difficult if not impossible to identify without applying more sophisticated

analyses.

Modem data mining models such as decision trees and neural networks can more accurately
predict risk than current actuarial models, therefore insurance companies can set rates more

accurately, which in turn can result in more accurate pricing and hence a better competitive
position. In this line SAS Institute (2003) has made a comparable study on rate setting. The
study has used premium rates, costs and other risk factors of clients. By calculating all the costs

associated with each client, it is possible to set approximately objective rates for each clients.
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This study was conducted by using motor claim datasets and SAS Enterprise Miner software tool

and the result is seen to be promising.

Customer Level Analysis

Successfully retaining customers requires analyzing data at the most appropriate level, the
customer level, instead of across aggregated collections of customers. Using the Associated
Discovery DM technique, insurance firms can more accurately select which policies and services

to offer to which customers SAS institute (2001).

Traditionally, simply expanding the efforts of sales department can increase market shares.

In contrast to this, DM strategies enable analysts in insurance industry for market expansions in
the form of customer retention.

Database segmentation and more advanced modeling techniques enable analysts to more
accurately choose whom to target for retention campaigns. Current policyholders that are

likely to switch can be identified through predictive modeling.

Identifying the target group for retention campaigns may be improved by modeling behavior of
policyholders. With these techniques insurance companies can segment customer database to
create customer profile, conduct rate and claim analysis on a single customer segment for a single

product etc.

Developing New Product Lines

Markets change over time, and so do products sought by customers (Tesfaye 2002). To adjust to

the market demand, insurance companies need to know what types of new policies will be needed

and will be profitable from the market analysis point of view.

Insurance firms can increase profitability by identifying the most lucrative customer segments

and then prioritize marketing campaigns accordingly. Problems with profitability can occur if
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firms do not offer the "right" policy or the "right" rate to the "right" customer segment at the
"right" time (Berry & Linoff, 2000).

With DM operations such as association analysis, insurance firms can now utilize all of their

available information to better develop new products and marketing campaigns.

Reinsurance

DM can be used to structure reinsurance more effectively than using traditional methods. Data
mining technology is commonly used for segmentation. In the case of reinsurance, a group of
paid claims would be used to model the expected claims experience of another group of policies.
With more granular segmentation, analysts can expect higher levels of confidence in the model's
outcome. The selection of policies for reinsurance can be based upon the model of experienced

risk and not just the generalization that it is a long tailed book of business.

Estimating Outstanding Claims Provision

The settlement of claims is often subject to delay, so an estimate of the claim severity is often
used until the actual value of the settled claim is available. The estimate can depend on the
following factors:

- Severity of the claim.

- Likely amount of time before settlement.
- Effects of financial variables such as inflation and interest rates.

- Effects of changing social mores.

DM operations such as Link Analysis and Deviation Detection can be used to improve the claim

estimation.

The estimate of the claims provision generated from a predictive model is based on the
assumption that the future will be much like the past. If the model is not updated over time, the

assumption becomes that the future will be much like the distant past. However, as more data
become available, the predictive DM model can be updated, and the assumption becomes that the

future will be much like the recent past.
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Data mining technology enables insurance analysts to compare old and new models and to assess
them based on their performance. When the newly updated model outperforms the old model, it
is time to switch to the new model. Given the new technologies, analysts can now monitor

predictive models and ﬁpdate as required.

An important general difference in the focus between existing actuarial techniques and DM is
that DM is more oriented towards applications than towards describing the basic nature of the
underlying phenomena. Instead, the focus is on producing a solution that can improve the
predictions for future premiums. DM is very effective in determining how the premiums related
to multidimensional risk factors such as customers' type of work and the level of risk he/she will

bring to the insurance Corporation.

Detecting Fraudulent Claims

Fraudulent claims are an ever-presented problem for insurance firms, and techniques for
identifying fraud are critical for the long-term success of insurance firms. In searching for

fraudulent claims, analysts look for unusual associations, outlying in the data etc.

As far as the knowledge of the researcher is concerned, there are a few studies have been done so
far in Ethiopian context. Tesfaye (2002) has done on Motor insurance risk assessment. Still his
work doesn’t cove any of the above application areas directly. But indirectly since all the above
areas are interdependent (one area can be an input for the other area) building a model for one
application area can be used to generate an input for the other. For example if one builds a rate
establishing predictive model, the same model can be used for customer level analysis, new
product development analysis, reinsurance, and estimating the outstanding claims. This
interdependence is due to the commonly used risk factors, i.e. the risk factors used for rate

estimation is used for outstanding claim estimation, reinsurance etc.
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As a result of this, in this research study an attempt has been made to classify claim risks in two
categories by studying the association between claim amounts with work category. The model
built in the study has the ability to: predict the existence of fraud, assist in premium rates setting
based on the claim requested, and also estimate out standing claims by studying the relationship
between amount of claims and work categories. Therefore, this study addresses the potential

application of DM technology in different application areas in insurance Corporations.

In order to see these potential applications, Ethiopian Insurance Corporation (EIC) has been
selected for the reasons indicated in chapter four of this study. Therefore, it is natural to discuss

about EIC’s risk assessment practices and the type of insurance covers before collecting data for

model building and experimentation as a result of this the next chapter is about EIC’s risk

assessment practices.
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CHAPTER 3

INSURANCE IN ETHIOPIAN INSURANCE CORPORATION

3.1 Organizational Profile

Ethiopian Insurance Corporation (EIC) was established in 1976. The Corporation came in to
existence with paid up capital of 11 million Ethiopian birr aiming with the objectives of engaging
in all classes of insurance business in Ethiopia, and ensure the insurance services reach the broad
mass of the people. Earlier, EIC was operating the business for about nineteen years under
protected monopolistic system as state owned-sole insurer. But after the demise of the Marxist
regime in mid-1991 a fundamental change has taken place and there was a shift in political,
economic and social orientation from totalitarianism to that of liberalism. As a result, EIC was re-

established as public enterprise in (1994) with a paid up capital of 61 million birr.

Currently, the Corporation has 6 main branches, 21 sub branches and 4 contact offices through
out the country. Out of these main and sub branches, 6 main branches, 3 sub branches, and 1

contact office are located in the capital city of the Country i.e. Addis Ababa.

With regards to staff development, as of June 2004, the Corporation has 1135 employees with
different educational background. Both the management and staff are highly skilled professionals
with outstanding academic achievements as well as professional insurance qualifications and

many years of practical experience in the insurance industry.

From organizational structure and management perspective, the Corporation is administered by
the Board of Management, which reports to the Public Financial Institutions Agency. In a new
derive for excellence of service, the Corporation recently embarked upon a comprehensive
program of re-engineering its business and restructuring its organization. As a result of re-

organization, the new Top Management Team now comprises the Managing Director, plus four
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Deputy Managing Directors respectively responsibility for: Operations, Human Resource

Management and Property Administration, Finance and Investment, and Marketing.

3.2 Major Insurance Covers in EIC

Ethiopian Insurance Corporation has two major types of insurance covers namely: Non-life
insurance and Life insurance covers. Looking the different classes of risk covers the Corporation

is providing is believed to be a stepping stone for the subsequent discussions

Non-life Insurance

This policy accounts for the largest percentage of the total policies in a sense that they are taking
the line share of both the revenue and expenditure sections of the financial statements of the

Corporation. This cover includes the following basic types:

¢ Aviation (Cargo & Hull)

¢ Burglary & House breaking ¢ Bonds

¢ Consequential Loss (Business interruption)

¢ Fidelity Guarantee ¢ Fire & Allied Peril

¢ Householders Comprehensive ¢ Legal expense

¢ Personal / Group Personal Accident ¢ Rural

¢ Marine (Cargo & Hull) ¢ Motor

¢ Money ¢ Plate glass

¢ Professional Indemnity ¢ Public Liability

¢ Travel Coupon ¢ Workmen’s Compensation
¢ Inland Carrier Liability ¢ Goods-in-transit

¢ Product Liability ¢ Horticultural-plantation insurance
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Life Insurance Covers

Unlike that of non-life insurance coverage policies, life insurance policies take a lesser proportion
in generating revenues for the Corporation and expenditures relatively. This class of cover
includes the following:

¢ Endowment

¢ Anticipated Endowment Policy (with Profit)

¢ Children’s Education Policy (with Profit)

¢ Endowment Annuity

¢ Medical

¢ Individual Medical Assurance

¢ Group Medical Assurance

¢ Term

¢ Individual Term life Assurance

¢ Regular Term life Assurance

¢ Modified Large group Term life Assurance

4 Mortgage Protection Assurance

¢ Whole Life Assurance

As stated in the previous sections, this study focuses on claims dataset that the Corporation has
handled on Personal and Group Personal Accident policies. Therefore, before collecting data on

this policy for further study, it is natural to discuss some basic points on the policy.

3.3 Personal Accident Policy

Personal accident insurance is used to provide compensation in the event of death by accident,
and to mitigate loss of income and any additional expenses incurred if an individual is disabled

from attending to his usual work. Cover can also be arranged to provide for disablement due to

sickness.

35



3.3.1 Scope of cover

The term personal Accident insurance offered by the Corporation refers to various forms of

covers of which the most common are:

Accident only policies

These policies cover the consequence of accidental bodily injury due to specific circumstances
like:
» Occupational accident

» Non-occupational accident

> Part time, hobbies or sport, Travel, and Criminal Violence

Accident and all sickness policies

In addition to the cover provided by accident only policy, disablement due to sickness or disease
is also covered. The cover does not apply to illness contracted within 21 days of the
commencement of the period of insurance. 21 days is referred to as incubation period for most
illness. The exclusion prevents selection against the insurer by proposer who may have already

contracted an illness. But anticipating the existence of health problem before 21 days is difficult

for the underwriters thereby creating a room for fraud.
3.3.2 Policy (Benefits) classification

This section discusses the fundamental and valid causes of the injury and the reason of claim on
which data for this research is collected i.e. the policy normally include a scale of benefits
(reasons) to provide a sum payment of money following an accident that resulted in:

¢ Death

¢ Total loss of sight in one or both eyes

¢ Total loss of one or both limits

¢ Permanent total disablement (PTD)
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It is natural that when a certain injury occurs, the claim may not be payable until 12 or 24 months
after an accident has occurred and must be certified by a medical doctor. Beside this, it may take
at least that period of time to determine weather the disablement is both total and permanent.
Immediately after an accident, it may be difficult to make a definite prognosis and the insured
person will probably qualify for weekly benefits under the "Temporary total disablement”
heading. If the injury does not show any progress or improvement he/she may fall under a title

called “Permanent total disablement”.

Permanent total disablement can be defined in a number of ways according to the extent of cover,

which insurers wish, to provide. The most common definition is:

Permanent total disablement from gainful employment of any and every kind: in this case it
means that the injured client was unable to get back to his usual task as the result of the accident.
He/She was said to be permanently disabled from any task. Or (PTD) Permanent total
disablement from the insured's usual occupation and any other occupation from which the insured
person is fitted by knowledge and training. This means that also the injured was incapable to
work on his usual task; he might be capable to engage in other task. Here with such type of

variations in cover the premium charge also varies.
¢ Temporary total disablement (TTD)

This applies to the insured person if he/she is unable to engage himself/herself from his/her usual
occupation due to accident or sickness. This disablement is of a total type in a sense within
certain period of time the injured was incapable to do any thing. Compensation in the form of
weekly benefit is usually payable for a maximum of 52 weeks. An excess of seven days may be

applied to payment of benefit for accident and sickness.
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¢ Medial expenses

These are expenses, which are necessarily incurred for treatment following an accident. They
include cost of medical, surgical, prescription made by qualified doctor or hospital and
ambulance changes. The affected clients can get a refund for such type of medical expenses up on

presentation of payment receipt to the Corporation.

¢ Legal expenses

Some insurers provide this additional benefit. These are expenses necessary to pursue actions
against negligent third parties following bodily injury.

L

¢ Family expenses

Many insurers now offer polices which provide personal accident and /or sickness cover for the
insured and all members of his family. Demand for its type of cover has increased as individuals
have become more aware of the medical costs following an accident or sickness to housewife or a

child. The normal exclusion also applies to family policy.

3.4 Group personal Accident policy

This policy type is almost similar to the above but except that the benefit is paid on condition that
the accident is group based. Under such types of policies, one person, firm or association affects
this type of policy to insure the members of the group. There is a condition in the policy that no

insured person shall have an independent right of action against the insurer.

The basic difference between Personal and General Personal Accident is that in the case of Group
Personal Accident the participating member may contribute the whole or part of the premium
through the collecting agent, or non-contributory as with employees who offer the benefit of

group scheme as an attraction of his services.
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Benefits of the policy

Often the normal full scale of benefits is provided, but sometimes, for example, for younger
people, the death benefits are scaled down considerably since they are unlikely to have
dependents. On the other hand permanent partial or permanent total disablement benefits are

raised.

Insurers are reluctant to pay full wages for temporary total disablement without due regard to the
compensation to which the injured person may be entitled from the state. Full wages payment

from the insurers in addition to any compensation from the state may easily act as a deterrent

against resumption of work as soon as possible. For this reason insurers will not accept proposal
form under which the employee may obtain more than the balance between such compensation

and his/her normal full wages.

Both the insurer and the insured persons benefit from the issue of a group or collective policy in a
sense that the insurer’s expense is kept to be a minimum and the premium rate for the group is

lower too.

Also there is other difference, there is one common proposal form, one renewal notice form, and
one set of record. Usually, too, there is no selection against the insurer for all members of the
group are required to insure. As a result the insured will benefit from reduced premium while the
insured person benefit from wider cover. Specifically the benefits can have a range of different
types like:

If the accident results in a death or loss of limbs or legs the annual salary or the agreed capital
sum of money will be paid. However if the accident results in Permanent total disablement or
Temporary total disablement, the sum of money equal to one half of weekly earnings will be

paid.

39



3.5 General Exceptions in the Cover.

As the activity of insurance corporations is accepting the risks of second parties for insurance
cover, the coverage is always subjected to some preconditions agreed upon the proposal form.

For either of the above policy the cover would normally be excluded in respect of:
e The insured person being under the influence of or being affected by alcohol
e The insured person willfully exposing himself to needless peril (except in as attempt to
save human life) or the insured person committing or attempting to commit suicide, self

inflicted injury or disease is also excluded.

e The insured person suffering from any physical defect or infirmity which existed prior to

an accident

o The insured person engaging in aviation, otherwise than air travel which shall mean
mounting on or dismounting from and traveling in any fully licensed passenger aircraft or
as a passenger and not as member of the crew.

e Child birth, pregnancy, venereal disease or AIDS

e Sickness occurring within 21 days of the commencement of sickness cover. This is to

exclude ailments, which the insured has contacted prior to the insurance contract effected

and is designed to prevent selection against the insurer.
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3.6 Underwriting Practice in EIC

The Corporation and the insuring (firm) i.e. employer of the clients will make an agreement
based on the terms and conditions specified in the proposal form. Proposal form is a document
containing fundamental points for agreement between parties. Some of the questions included in
a Personal Accident Proposal form are occupation, age, weight/height, and accident within the

previous 5 years.

¢ Occupation: The insurer requires to know whether the pro-poser is engaged in manual work,

self-employed or an employee. If he has more than one occupation details of each will be
needed. This is required basically for premium determination and accordingly the Corporation

categorizes occupations into four main classes as:

Class I: No accident/ health risk professional, administrative and clerical staff

Class II: Slight accident/ health risk skilled occupation with moderate level of manual work,

semi-skilled occupation with small amount of manual work

Class III: Moderate occupation/ health risk skilled occupation with predominant manual work,

semi-skilled occupation with moderate level of manual work

Class IV: Appreciable accident/ health risk physically strenuous work, semi-skilled occupation

with predominant manual work. (This class contains basically Contract and Daily Laborers).
From this research study point of view, it is occupation category, which plays significant role in
determining premium charge. Accordingly, the work category or occupation takes the most

important attribute.

¢ Age (birthday): Generally speaking the risk of accident and illness increase with age. Elderly

persons are more likely to contract illness than young people and are prone to accident by
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stumbling or falling. Fractures are more easily sustained because bones become more reckless,
and this can affect the accident risk. They are also more likely to suffer from infections diseases.

But the Corporation will not take in to consideration about the age of clients coming from public
organizations. This is because the employing organization themselves follow the age of every
clients for their own purpose i.e. to calculate the retirement date. But age is important for clients

coming privately (buying insurance cover for themselves).

¢ Weight/ Height: The weight and height will be compared with a table of the average of sex and

age. Further investigation will be made if the proposer is 20% or more over or under the average.

¢ Accidents within previous five years: The existence of previous accidents may be indicative of
potentially increased claim frequency, which causes a loss to the Corporation. Such transfer of
risk has to be prevented by the Corporation by taking some measures. Example because of the
nature of a particular activity or occupation an injury may claim for an insurance coverage
frequently or he/she might leave for a long absence, which again passes the burden to the

Corporation.

Beside the effect of high claim frequency stated above, if the client has been affected severely by
previous case, he/she has more probability to bring a larger amount of claim for which the
Corporation couldn’t have been requested. Therefore, accessing past medical history of the

clients is an important factor for the Corporation.

As can be seen above, if the clients are coming from public organizations, being insured by their
employers, the Corporation uses the above work categories to determine premium rates. For
example clients under Class I have relatively small risk exposures compared to clients under
Class IV. Accordingly, in issuing the agreement policy, the Corporation calculates the
cumulative 5 years salary of clients. This cumulative is important for the Corporation to limit the
amount of claim to be requested by clients. With in the policy time period, clients can’t request a
sum total of more than their 5-year salary within the insurance period. For example, a client may
present 10 or more claims to the Corporation within the insurance period and get a cover, as far

as the sum of these claims is not more than the sum of his/her 5-year salary. Therefore, the
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Corporation has to continuously update claims data files for clients and let them be informed how
much they are left with. But this is difficult when individual file updating is done manually for

many clients.

Beside this, the Corporation alerts its clients 2 months before the insurance period is about to
expire. Accordingly, clients can accept the renewal as it is or with some changes like change in
work category which requires the Corporation to revise the previous premium rate. Again this is a

difficult task for the Corporation.

When an accident occurs, the injured client will fill a form called claim notification form in triple
copies and submit to the Corporation. Then the underwriter examines the previous claims paid to
this client to see if the sum total is more than the client’s S-year salary (as stated above). If the
previous amount is not more than the required amount, the Corporation starts to pay the claim

and if not the requested claim will be rejected.

Such procedure has a lot of shortcomings like:

1. Problem of underestimating out standing claims

The Corporation may not have enough funds to settle every claim, because many “Big” claims
may be presented to the Corporation unexpectedly in a period, which affects the Corporation’s
financial status. But, if the Corporation has identified the source and amount of “Big” and

“Small” claims, it can reserve an approximate amount so that the above problem may be reduced.

Moreover, classifying the clients according to their amount of claim level they bring (big or
small), and work category will facilitate the claim settlement process, estimating the expected
amount to be claimed from clients of each work category, and to revise the premium rate

accordingly.
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2. Problem for existence of fraud

The other problem is that some clients are seen attempting to request an insurance coverage as
soon as they get the insurance cover. Studying this behavior for clients is very important for the
Corporation so that they could avoid such suspicious to fraud. This is to say that they could
attempt to transfer previous risks to the Corporation for which it is not liable. The same holds true
while they are at about the termination of the contract. They claim for some medical expenses

when they want to terminate the contract and do not want to continue for the next time.

These and other related problems are believed to be resolved by using data mining technologies

(basically by classification). This could be done by classifying the clients according to their level
of risk exposure (work category), the type of benefits they are looking for the type of clients who

are claiming at the start and end of the contract and etc.

Once this classification is done different marketing strategies can be implemented like: market
differentiation (segmentations) retaining clients who are “best” for the Corporation, charging

different premium rate according to risk level, work category etc.

So in order to approach the above problems, the relevant dataset has to be collected and analyzed.

Accordingly, the next chapter deals about data collection and preprocessing.
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CHAPTER FOUR

DATA COLLECTION AND PREPARATION

4.1 Introduction

In the previous chapter of this study the researcher has made an attempt to give an overview of
the different risk covers and somewhat in a detailed manner about the type of cover practice of
EIC for Personal Accident Policy. Accordingly claims data for the above “benefits listed” is

collected from the above said Corporation to meet the objectives and problems stated in this

study.

As this chapter discusses the basic and fundamental stage of the DM processes that have been
presented earlier, it was argued that 60% or more of the DM effort goes into preparing the data,
which is the process of extracting the data from its original source, adding calculated columns,
performing joins, generating new attributes, and cleaning the data. But in this experimental study
more than 60% of the effort has gone for data preparation. This has happened for the fact that the
data at the Corporation was manual, different fields are at different forms which requires the

researcher to digitize the data and collect into one common form.
Before data is prepared for mining the source and type of data to be collected, approaches of

preparing the data for mining, selecting attributes for building the predictive model are discussed

in this chapter.
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4.2 Data Collection

Like any other DM functionalities the most important requirement is the availability of
appropriate data both in its size and its quality. In the context of insurance policies and claims,
information regarding the policyholder, risks covered, cumulative risk behavior, and variety of
additional factors that may be relevant for the modeling purpose is collected from the
Corporation. North Western Branch Office of Ethiopian Insurance Corporation has been selected
randomly as a source of datasets. This branch is one of the largest branches found in Addis

Ababa.

Personal Accident policy clients of the Corporation are basically employees of public firms like:
Ethiopian Telecommunication, Ethiopian Electric Power Corporation, Ethiopian Road Authority,
and many more. But when we assess the ratio (size) claims coming to the Corporation most of
them are from Ethiopian Telecommunication Corporation and Ethiopian Electric Power
Corporation. Therefore, in order to meet the objective of this research, claim data records of

Ethiopian Electric Power Corporation and Ethiopian Telecommunication Corporation is collected

Beside these from the nature of the activities these Corporations are engaged in, they have many
employees that could be classified into different classes based on some attributes like: work
category (A, C, D, and 2\24), which enables the researcher to study the relationship between level

of claims and work categories.

For the purpose of premium rate determination, the Corporation classifies clients in four groups
as indicated above. Workers under category “A” are employees who are permanent employees
but have an insurance coverage while they are on duty. Any accidents occurred while they are not
at work is not covered by the Corporation. Employees under category “C” are contract employees
and have an insurance cover as long as they have got an injury with in the contract time period.
“D” category stands for daily laborers who also have an insurance cover provided that the

accident has occurred while the client is at work.
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On the other hand, employees under category “2\24” are permanent employees who have got 24-
hour insurance coverage. As the result of this, EIC can charge uniform amount of premiums for
clients working under similar work category. This in turn makes the researcher not to opt for
knowing the rate of premium charge of each client, which remains confidential to the

Corporation.

As stated in earlier chapters, all the data at the Corporation is manual, which causes the data
collection process to be time taking and tiresome. As a solution to these problems, the researcher
has collected Personal Accident claims data from one branch office of the Corporation. The
collected data size from this branch office accounts for about 1,600 records each has 23 attributes
as indicated in table 1. This size of data is believed to be sufficient to train machine learning

algorithms like decision trees.

With regards to the format, feasibility, and accuracy of the data is concerned, all the dataset was
collected from the file cabinet of the branch for each records manually in one common form by
contract workers. This was a time consuming and tiresome task ever seen in this study for the fact
that some attributes are in different forms. During data collection the experts are checking for the
consistency of the data while it was being gathered on one common format to avoid discrepancies

among datasets, if any. This implies there is no question of data feasibility.
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Attribute Name Descriptions

Claim Number A number to identify records uniquely
Insured birth date In a dd/mm/yy order format
Work_Catagory The category of work one is working
Branch number Branch office number

Branch name Name of the branch office

Beginning insurance date The date the policy start to be valid
Beginning insurance month | The month the policy start to be valid
Beginning insurance year The month the policy start to be valid
Ending insurance date The last date the policy will expire
Ending insurance The last month the policy will expire
Ending insurance The last year the policy will expire
Accident date The date the accident has occurred
Accident month The month the accident has occurred
Accident year The year the accident has occurred
Claim frequency Number of claims per accident

Name of injured The name of affected individual

Form of payment Mode of payment

Salary per month Monthly salary of the injured

Salary of 5 years Cumulative salary of 5 years

Reason of payment The reason why claim is requested
Number of rest days Number of rest days given to the injured
BSG Bandit, Shifta, Gorilla

Claims paid Amount of money paid for claim requested
Sector Business sector of insured organization

Table 1: identified and collected attributes
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4.3 Data Preparation

The data collected is too dirty; in a sense that some columns like “insured birth date” has a
missing value. Therefore, before applying the DM software tool directly on the dataset for
analysis, it is essential to test the qualities of the attributes to the study, and to interrelate the
heterogeneous data sets. As a result of this, preparing data input for a DM tool investigation
usually consumes the bulk of the researcher’s efforts and time. But investing a lot of effort and
time in preparing (cleaning) the data to improve its quality is an important task for the fact that
the quality of the data determines the successfulness of the mining process. Accordingly this

section has taken more than 60% of the total time of the study.

Missing Values

Missing values of attributes are seen as an endemic in the datasets of this research. It is one kind
of dirty data. These fields whose values aren’t filled in may occur for different reasons like:
empty values, nonexistence values, incomplete data, and/or data may not be collected.

In this research the researcher has found that the attribute “insured birth date”, “claim frequency”,
and “number of rest days “ columns have almost missing values from many of dataset records
collected. There are different approaches to handle missing values for attributes like ignoring the
column, filling the values with average values, etc. By consulting with the experts about the
relevance of the attributes for decision-making, the researcher has used “ignoring columns

(attributes)” approach for the above attributes.

Handling Outliers

It is uncommon for some values in a column to be quite rare or far out-of-bounds from others in
the same column. From the attribute values collected in this research, “claims paid”, and both
“salary” data columns have been identified as having outliers. There are many approaches to

handle these data values like: do nothing, and ignore the record, etc. Although the algorithm used
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in this study is robust in the presence of outliers, neither of the above approaches is used for the
reason that the ultimate goal is different from the nature of data. Stemming from the business
objective of the Corporation, classification of claim records based on the amount they claimed for
and considering the values in the “claims paid” column, which has a continuous value, this
attribute has been transformed into two categorical value, Small/Big, thereby solving the above

problem (see section 4.4.1) below.

With regards to the “salary” data columns, it is not important for business problems under

consideration and also it has an outlier; this column has been ignored from further analysis.

4.3.1 Data Transformation

In preparing data into a min-able form for the required DM task, the data types of the attributes
need to be in line with the capabilities of the learning algorithm i.e. If the attribute that is tested is
a nominal one, the number of children produced is usually the number of possible values of the
attribute i.e. the higher the number of values of the attribute, the more the number of branches to
be produced from that tree. Therefore, the values (cardinality) of every attributes have to be

limited to a certain amount.

For example the value of the attribute “claims paid” has many values in a continuous valued
form, having an infinite number of values, which could end up by many branches in the decision
tree. Thus many branches mean, it is difficult for one to understand the out come of the decision

tree.

Therefore, columns with the value of numeric attributes has to be restricted to small number of
categorical values, unless otherwise, they will end up decision trees that are messy and difficult to
understand, this is because the tests on any single numeric attribute are not located together but is

scattered along the path.
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In this research, the researcher has identified “claims paid” attribute to have many number of
values or cardinalities. According to the learning algorithms (schemes) used for this research, it is
obvious that this attribute has much number of values in its column, which again can end up with

many branches in our decision tree.

In order to solve this problem, many DM researchers recommended various approaches like:

Decision tree pruning after the algorithm has generated it. But for this research this technique is
inapplicable for the fact that the values for these attributes can take so many values that tree

pruning is time consuming.

The other alternative, to deal with numeric attributes like (“claims paid”) thereby reducing the
decision tree branch into a meaningful form is discretization or transformation (converting

continuous numeric values into categorical one).

According to (Witten & Frank 2000), even through decision tree schemes can handle numerical
attributes as they are, but better results in the form of faster work can be acquired, if the attributes

are transformed.

Accordingly, the researcher has transformed the continuous numeric valued attribute, “claims
paid”, into two values as “Small” or “Big” by giving column heading called “Risk_category”.
This is to mean that from this time onwards, the “claim paid” attribute name has been replaced by
“Risk_catagory” name and it has only two values (cardinality). Under “Risk_catagory” column
heading, the values of the attribute was Small if the amount of claims paid is less than or equal to

2,500 birr and otherwise into Big.

Another attributes which need sort of transformation (aggregation) is (are) attributes associated
with the timing, previously, each of these attributes has three columns ie. the attributes
“beginning of insurance date”, beginning of insurance month”, and “beginning of insurance year”

are aggregated together and presented as a single attribute. A similar aggregation of values of
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columns has been made for ending insurance date and accident date. As a result of this we can

have a single column for beginning of insurance date, ending of insurance date and accident date.

The above aggregation of attributes have been made in order to calculate some other derived
variables which are important for this research i.e. according to the business demand of the
Corporation like studying the behaviors of clients with respect to the time they get an insurance
cover and with respect to the time they are about to terminate the contract which the Corporation

may suspect for the existence of fraud.

Attribute (Column) reduction

On the other hand some attributes (columns) like, “Branch number”, “Branch name”, Policy
number”, and “Sector” of the insured organization i.e. (ETC, EEPCO) have only one value in
their respective columns. These unary-valued columns do not contain any information that helps

to distinguish between different records thereby missing their usefulness for further analysis.

Accordingly, the researcher has made a close examination of these columns (above columns) and
made a discussion with the underwriter experts concerning their information content and
relevance. They agreed that these attributes don’t have relevant information content in a sense
that if the value of an attribute is unique where lies the predictive power of models?. Therefore,

the researcher has excluded them form further analysis in this research study.

Furthermore, some columns like “form of payment” which has two cardinality as (cash payment
or check payment), but the values for this attribute is almost-unary for many of the records
understudy. On top of this, it doesn’t play a significant role in decision making. So as a rule of
the thumb such columns are also too informative that they need to be neglected for the DM task.

From the ideas collected from the insurance experts about this field (“form of payment”, this field
has not have much information for decision making, as a result of this; again the researcher has

excluded this attribute from further analysis.
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The other attribute, which has a cardinality of two in the form of “Yes” and “No”, is the “BSG”
attribute. While examining the values under this column all the records have the value of “yes” in
their respective column (i.e. each clients have an insurance coverage for BSG), which turns to be

again informative and need to be neglected from analysis.

Unlike the above attributes, which have unary values, there are other columns like (“claim
number”, and “name of injured”) that take on a different value for every single row-or nearly
every row and they are ignored. Generally these columns are also not informative, for the fact
that they do not have predictive value (Witten & Frank 2000). In doing so, they prevent DM

algorithms from finding patterns contained in multiple rows.

4.3.2 Attribute Selection

Once the attributes are identified and transformed (aggregated) as was seen in the previous
section, the attributes have to be selected for the experimentation, and for model building
purpose. For this considering the risk factors (variables) that are important for predicting the

likelihood of claims and the size of a claim are important criteria.

In this study, a heuristic approach is followed to select relevant variables for the tasks under
consideration i.e. in order to identify, which risk factors (attributes) are determinant and decisive
for the problem under consideration, discussing about the attributes with underwriters is very
important approach. This approach of attribute selection for further analysis is called heuristic

approach.

Accordingly, the researcher has identified the following attribute variables to be very important
for decision making thereby for model building in the next chapter. These are: “work_Category”,

“Reason for Payment”, and “Risk_catagory” (after it was transformed from the initial attributes).
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The underwriters in the Corporation have a great interest on “Work_Catagory” attribute in order
to examine the association between work category and level of risk or claim. The Corporation has
categorized its clients into 4 categories based on work categories as indicated in this chapter as
(2\24, A, C, and D). Therefore, this attribute was selected in order to classify which customers are

high risk and which are not and this helps to set appropriate priemum charges.

As discussed in chapter three, there are different benefits that the Corporation is giving to its
clients like payments for death, total permanent disablement, total temporary disablement, and
medical expenses and the combination of these. Therefore, including this attribute helps the
Corporation to examine the relationship between levels of risk as (Small of Big) and reason of
payment. In doing so the underwriters can be able to examine for which type of benefit its clients

are claiming for.

The other attribute, which underwriters of the Corporation are highly interested is
“Risk_catagory”. This attribute is used as dependant attribute in order to classify clients as Big
claim client or as Small claim client. This classification is very important for many reasons like:
estimating the amount of outstanding claims, to examine client’s risk exposure behavior and level

of claims.

4.3.3 Derived Attributes

“PAcc_Within” attribute

On top of the above attributes, the underwriters need to know about the nature of claims of
individuals (clients) with respect to the time period they get the insurance cover and with respect
to the time period the insurance contract will terminate to avoid fraud. But through the above

attribute variables it is difficult to analysis this timing effect.

This is to say that clients have been seen attempting to transfer previous accident (injury) to the
Corporation unnecessarily i.e. the underwriters of the Corporation wants to study whether the

clients have some health problems prior to getting the insurance coverage or not. This

54



information helps them to accept or reject the contract from such clients. This could be possible

by attributes, which could be derived from the other attributes.

Therefore, in order to study this behavior of clients’, the researcher has derived an attribute by
subtracting the value(s) of the attribute “big insurance date” (after it was aggregated) in the form
of (mm/dd/yy) from the value(s) of the attribute “Accident date” (after it was aggregated too) in
the form of (mm/dd/yy). Then the result was given an attribute name called “PAcc_Within”.

This attribute has a cardinality of four as quarter 1(Q1), quarter 2 (2), quarter 3 (Q3), and

quarter 4 (Q4).

The lower the value of this attribute like (Q1), the higher the probability for that client to have
prior health problem thereby indicating the possibility for a fraud to exist and vis versa i.e. if
clients came up with claims as soon as they get an insurance coverage from the Corporation this
might be an indication that such clients might commit fraud. In order to study such behavioral
pattern, the researcher has calculated this value for the whole dataset records (as indicated above)

and gave the name of the attribute as “PAcc_Within”.

On the other hand, if the value of the above attribute ("PAcc_Within”) is large like Q4, it means
that clients are claiming for medical expenses and other related expenses while they are about the
end of the termination of their contractual agreement. Such clients have to be identified and

special marketing strategies have to be designed for them.

Finally, based on the underwriters’ business demand about the relevance of the attributes to the
problem at hand, the researcher has selected the best and most determinant attributes to be used in
the experimentation of this study with their possible values showing the cardinality of the

attributes in table 2 below.
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Work_Catagory | PAcc_Within Reason_Payment Risk_Catagory
A Ql DEA Small
(8 Q2 PTD Big
D Q3 TTD
2\24 Q4 ME
TTD_ME
Cardinality=4 | Cardinality=4 Cardinality=5 Cardinality=2

Table 2: Attributes used in the experimentation.

Remark:

The values under the attribute “Work_catagory” are used for the purpose of premium
determination. The Corporation charges the same premium rate for every individual under the

same work category.

Meanings for the above attribute values:

A refers to Permanent employees who has got an insurance cover if an accident occurs while
he/she is at work

D refers to daily laborer again these individuals get the cover if the accident occurs while they
are on duty.

C refers to contract individuals and get the cover while they are at work
2\24 refers to Permanent employees having 24 hours of insurance cover

The values Q1, Q2, Q3, Q4, stands for quarters 1, 2, 3, 4, for the attributes "PAcc_Within” As
stated in the previous discussions these values are very important to anticipate the existence of
fraud. DEA refers to payment for death

® PTD refers to payment for Permanent Total Disablement

e TTD refers to payment for Temporary Total Disablement

* ME refer to payment for Medical Expense

¢ TTD_ME refers to payment for both at the same time.
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CHAPTER 5

EXPERMENTATION AND DISCUSSIONS

5.1 Introduction

Once data is preprocessed and transformed into its min-able form, the next task is to look for a
DM technique and tool, which is robust to the nature of data and the DM task under
consideration. Accordingly, the researcher has found that knowledgeSTUDIO version 4.1.1

software tool has the required techniques and measures, which are suitable for this research.

KnowledgeSTUDIO is new generation software that employs today’s most advanced DM
techniques (decision tree, neural network, clustering, and predictive models) packaged together in
a familiar to Microsoft office-style working environment. It provides a number of ways to
visually explore and express patterns in a data. It has the capacity to help with the whole DM
process — from preparing data through to producing final graphs and reports as a result of this it

was selected for this study. It has two algorithms for the decision tree technique embedded in the

software. These are KnowlogdeSEEKER and HeatSEEKER.

KnowlodgeSEEKER is a flexible algorithm that is especially good for exploration purposes and
manual tree expanding according to the preference of the expert. The algorithm brings the best
attributes to the root node based on the statistical relationship between attributes to the dependant

attribute. But if the need arises, an expert can expand beyond the one generated by the software

by using the command called “split by force”.

Unlike KnowlodgeSEEKER, HeatSEEKER is a fast algorithm that is especially good for

automatically generating tree. Moreover it works best with fewer number of attribute variables.
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The numbers of attributes used in this research are relatively small, which create a room for using
either of the above algorithms. But as a result of shortage of time only one algorithm
(knowlodgeSEEKER) was considered in the experimentation of this study. By using this

algorithm, three (3) experimental models have been built and one whichever has more accuracy

(as measured by the confusion matrix) has been taken as final Predictive Model for deployment.

With the selected algorithm (knowlodgeSEEKER), Adjusted-P-value Bonferroni Adjustment
measure is used in all the experiments for the fact that it is the most statically sound approach
given that it reduces the possibility of producing chance results and puts all variables on a

common statistical footing.
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5.2 Building Model

In order to build a model the processed data was analyzed using the above software tool. This

section explains model building and comparison between them.

Experiment 1

In order to build a model, data has to be imported to the software and it has to be partitioned into

two partitions as: Learning and Validation as indicated below using the data partitioning wizard

of the tool.

~ Defined Partitions .~ Partition Details 3 A |
|| @] a1 Name: I\” Type: % RandomSample  Balance Sample |
= Y
- @ V1 Random Seed: 11
SampleSeiechon

_ Tme " Record Count ] . 0 F‘e{oentmedTota! 25 :

i

I work_Catagory Unique

Spit
1T PAce_ WithinQuarter Value Frequency Percentage
. \T” Beason_Payment

[ Risk_Category

Add | Delete |

Total Records: 11543
Unallocated Records: i1
Unallocated Porors [0.1% L e

Figure 1: KnowlodgeSTUDIO data partitioning Dialogue
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According to Two Crows Corporation (1999), the ratio of data partitioning can range between 5%
and 33% and choosing between these ranges is a matter of judgment. Accordingly, the 1543-
dataset records are partitioned with a ratio of 75% (1157 records) for leaming (as represented by
L1) and 25% (385) records (as represented by V1) for validating the trained data. In order to
partition the datasets, a randomized sampling method was used as can be seen on the above figure
for this experiment (see how random sampling method is selected above). From the above figure

there is one record, which is not allocated in neither of the partitions.

Once the dataset was partitioned, the next step was building the predictive model. In order to

build the model, the researcher has used the “Learn” (L1) dataset, stated above to train the model
and generate the predictive decision tree by using “Risk_category” as a dependant variable and

considering the rest variables as independent variables.

Dupundunt Yaiable: Rick_Caloyury

independent Yariabies:
wnrk_Catagniy, PArr_WithinQuanter, Reasnn_Payment

Hidden branches: Dicabled

Iraming Hesults:

Varidrive f Enlrupy Explained. 0.415081 1
RccordS corrccetly prodicted: 830
I'ercentage correctly predicted: Y5./J 'R

Alguwr ilthirn: Knuowledye SEEKER

Figure 2: Decision Tree Predictive model for experiment 1

In order to see the performance accuracy of this model and apply the model else where, if it
performs well, the model has to be validated (tested) on new dataset called validation dataset.
Validation is the process of assigning outcomes (scores) to records in a dataset for which the
dependant variable values are already known. The predicted values are then compared to the
known values, to determine how accurate the predictive model is.

Accordingly, when this model is brought to the other dataset (on 385 datasets) the model has a
performance accuracy of 95.84% as measured by the confusion matrix indicated by table 3

below.
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Confusion Matrix - Risk_Category
s 1
BIG SMALL

Actual BIG 21 |14
SMALL 2 348

?Correctly predictéd 369 _
Percentage 95.84%

Table 3: Confusion matrix for experiment 1

From the confusion matrix (indicated by table 3), it can be seen that the model has an average

accuracy of 95.84% accuracy level, which can be calculated as follows:

Percentage= [(21+348)/385] x100%

e Where 21 refer to records, which are actually under Big risk class category and
predicted under the same category by the model;

® 14 refer to records, which are actually under Big risk category but predicted to be
under Small risk category;

e 2 refer to records, which are actually under Small risk category but predicted to be
under Big category;

e 348 refer to records, which are actually under Small risk category and predicted to

be at the same category.
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In Order to visually see and analyze the relationship between the different risk factors like level
of risk as “Small” and “Big”, the following decision tree was generated automatically on the

validation dataset records.

Reason 'Pa'frnant 7

—_— ———

—
DEA WE

I
wiol'k Cptaqorv

_,.'-'-“"’FF H"ﬂ-u..

- =
224 C
A L

Figure 3: Decision tree for experiment 1

The above figure (figure 3) was generated by the model on the validation set data. As the tree
indicates, most clients “Reason_Payment” is the most statistically important to predict the class
of risk as “Small” or “Big”. Further more the tree indicates that (94.03%) request claim payment |
for medical expenses (ME), total temporary disablement (TTD) and for both medical expense and '
total temporary (TTD_ME) while payment for death (DEA) and permanent total disablement

(PPD) accounts for 5.97% of the total record, in this case validation dataset.
From payments made for death (DEA) and permanent total disablement (PPD), most of the claim

request (91.30%) was categorized under “Big” risk category while only 5.97% of the dataset

claim request falls under Small risk categories.
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In addition to this, we can explore the relationship between levels of risk (as “Small” and/or
“Big”), reason for payment and work categories by moving downward through the tree. From the
lower leaf of the right tree, it can be seen that, “Work_Category” is the second most important
attribute to predict the class of risk level. From this last leaf of the tree it was evidenced that,
92.47% of the claims are coming from clients working under “2\24” and “A” work category. This
is as the result of the fact that there are more “A” and “2\24” type of clients than the other type.
But what is important to see is that most of the “Big” claim request is from clients of “2\24” and

“A” and the request is for death and permanent total disablement.

Evaluating the dataset distribution used in this study reveals that the class distribution of the
dataset was imbalanced, (imbalanced datasets or class imbalance occurs when the different
classes in the dependent variable do not have equal number of cases) i.e. the number of records
in Small dataset records is by far more than that of Big claim dataset records, with the ratios of

1405:138, which indicates the existence of class imbalance.

Using separate accuracy measure (for each risk class) is one alternative to overcome class
imbalance problem i.e. computing the accuracy or equivalently error rates for each class is
important to judge about the performance of the model. Accordingly, the above model has an
error rate of 40% [14/ (21+14)] for Big risk class category and 0.57% [2/ (2+348)] for Small risk

class category.

Class imbalance causes models to be overwhelmed by the large classes and ignore the small ones.
This is because the model attempts global quantities such as errors rates, not taking the data
distribution in to consideration. As a result, examples from the majority classes are well classified
whereas examples from the minority class tend to be misclassified.

(See error rates for experiment I above).
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This is mainly because decision tree learning is highly influenced by the majority class in the tree
building process. Again during the pruning process majority classes have higher chances of
influencing newly generated nodes (Japkowicz et al).

All the above discussions support the assertion that the reason for the failure of the first
experiment is the problem of class imbalance. As a result the following experiment attempt to

balance the distribution of dataset records in the sample.
Experiment 2: (based on “PAcc_Within” attribute

This experiment was done in order to improve the shortcoming that was seen by experiment 1
above. As stated above class imbalance has a significant effect on the accuracy of the model. So
in order to see the role of the frequency occurrence (distribution) of the value of the attribute
variables in the dataset as a base for balanced partitioning, this experiment is done based on the
attribute “PAcc_Within” using knowlodgeSEEKER algorithm. This attribute has a cardinality of

4 as a result 25% of each has been considered in the experiment.

Partition Dialog

Defined Partitions —— Patition Details 7
] dst Name: §V1 Type: " Random Sample ¢ Balance Sample
L@ VA Random Seed: I’
Sample Selection
Type: " Record Count ] * Percentage of Total ’25 ‘
e el :
Field to Balance: Sampling Details:
™ work_Catagory Unique Split
_ﬁ Phce withnDuaiter Value Frequency) Percentage
[ Reason_Payment 1 a1 513 125 ]
s SRR 15 11 PN 5252 "
3 a3 244 2
4 7(?4 ) =18f1)4 25 !

Add | Delete |

Total Records: {1 543
Unallocated Records: i 1
Unallocated Portion: ] 01%

figure 4 knowlodgeSTUDIO data partitioning Dialogue
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As indicated above, this experiment is based on balancing the distribution of the dataset (we can
see how this was done above)

The purpose of this partitioning is to distribute dataset records proportionally through out both
the learning and validating datasets. Accordingly, the validation dataset partition includes 25% of
513 (which is equivalent to 128) for value “Q1”, 25% of 605 (which is equivalent to 151) for
value “Q2”, 25% of 244 (which is equivalent to 61) for value “Q3”, and 25% of 181 (which is

equal to 45) for value “Q4” as indicated in the last column of table 4 below.

F Unigue Value Frequency | Split Percentage | Exact amount of each
Q! 513 25% 128
02 605 25% 151
03 244 25% 61
04 181 25% 45

Table 4: balanced partitioning based on value of “PAcc_Within” attribute

Using the above dataset composition for validation purpose, it is expected to balance the
composition of the dataset distribution for learning dataset too, whereby minimizing the effect of

class imbalance problem seen in experiment 1.
Once the dataset distribution is determined (with the above value composition), partitioning the

dataset into two classes is a natural task and is done accordingly as indicated above.

Figure 5 below shows the decision tree predictive model generated.
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Figure 5: Decision tree predictive model for experiment 2
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Figure 6: Decision tree for experiment 2

Comparing the decision tree of experiment 1 with that of experiment 2, it can be seen how
balancing dataset affects the distribution of the minority class. In experiment 1 the dataset size of

Big risk category is 35 and there are 350 records under Small risk category.

66



But in experiment 2, above, the dataset size for the minority class, Big risk category, has been
increased from 35 to 44 thereby improving the average accuracy of model 1 from 95.84 % to
96.61% (for model 2). (See table 5 below).
Confusion Matrix - Risk_Category;
' R iLl L T
BIG |SMALL

Actual B e 32 :1m2 -
: SMALL ]_ 53 39

Total records
Correctly predicted 371

Percentage 1 96.61%
Table 5: Confusion matrix for experiment 2

From the confusion matrix indicated above, this experiment has a classification error of 27% for
Big claim risk category while it has a rate of 0.29% for Small risk categories. In comparison to
experiment 1, this model has more accuracy for predicting both Small claims and Big claim risk

categories than modell.

From this experimental result, given equal size of the dataset size and the same partitioning ratio
(75:25) in each models, one can easily confirm how class imbalance affects the accuracy of
models. In short, balancing the partition based on “PAcc_Within” attribute has more encouraging

result than randomized partitioning approach illustrated in experiment |

So which model has to be selected for final deployment? Before, selecting a model for

deployment, the business objective and problem of the Corporation has to be considered.

The following section discusses these issues.
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5.3 Issues in Model Selection

Before selecting the intended predictive classification model some basic issues like dataset
distribution, performance measure approaches to be used, and economic implications of the

classification errors for the Corporation was considered.

Issue 1: Performance measures

In order to tackle problems with imbalanced datasets along with some other difficult problems

performance measures other than the traditional ones are used in this study.

The performance measures mostly used for classification problems are the overall accuracy or
equivalently the total error. This method works fine for the majority class problems (Small claim
class), however highly imbalanced class distribution may require high accuracy for the minority
as well as for the majority class, which is not guaranteed from the overall accuracy i.e. for
problems with high imbalance in class distribution the average accuracy measure is inappropriate.
In datasets with two classes, out of which one is very rare, even accuracy rate of 100% may not
be satisfactory, because the error that stems from the minority case is always disproportionably

large compared to the errors that stems from the majority cases.

Conversely, several prediction problems require high precision, achieved when the correctly
classified cases in any given class is large compared to the incorrectly classified cases in the other
class therefore additional performance measure that counts the accuracy rates separately for the
majority and minority classes is required. For example, in experiment 1, the average accuracy of
the model is 95.84%, which seams encouraging. But considering the error rates separately, this
model is rather discouraging for the fact that it has an error rate of 40% for Big claim risk
category. Therefore, it is recommended to compute a separate accuracy measure than simply
considering the overall average accuracy, which is a misleading measure in the case of
imbalanced dataset. Even the Corporation doesn’t want such a big error for Big claim risk

category clients.
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Issue 2: Altering the class distribution in the training set

Altering the class distribution in the training set is another way used to deal with problem of

imbalanced class distribution.

Classification algorithms should be trained using datasets reflecting the characteristics of all
classes, the larger and smaller classes. Previous studies (weiss and Provost 2003) have shown that
training with “natural” distribution does not always give the best model; therefore, new datasets

should be constructed to aid the training process.

Especially when the minority cases are rare, a testing set “enriched” with minority examples is
needed in order for the induction algorithm to create the models with strong predictive
capabilities for both classes. Taking the variables of interest to partition the dataset in a balanced
way could do this. In order to build a mode] with a better overall accuracy and separate accuracy,
balancing the distribution of the class has shown great change. For example with the same dataset
size of 384 (for validation dataset) the two experiments show different accuracy measures. From
these experiments, experiment 2 has been accepted by underwriters of the Corporation, for its

being more accurate than the other.

Issue 3: Economic impacts

Finally, a study on the economic impact of the classification result for the organization leads to
an evaluation framework for all involved models. For this study apart from the accuracy
classification results, a cost/ benefit analysis is made based on the business criteria in the

problem.,
It is argued that different models are indicated as “best” depending on the relative gain from

correct classification in the minority class compared to the cost for incorrect classification in the

majority class.
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By discussing the impacts of the above models, underwriters of EIC gave more preference for the
last model for many reasons like: experiment 1 has more errors for Big claim risk category and
even it has lesser overall accuracy measure compared to experiment 2. Therefore, by taking the
economic impact of the models in addition to accuracy measurement, the model built under
experiment 2 has more advantage for final deployment for the fact that it has a lesser error rate

for both classes and even has a higher average accuracy.

As can be seen from the decision tree generated under experiment 2, “Reason_Payment” is seen
as the best statistically important attribute in order to predict risk levels (“Small” or “Big”) and
“Work_Category” was seen to be the second important attribute. But from the business problem
of the Corporation point of view, “Work_Category” was more important than “Reason_Payment)

this is because the Corporation can use the latter attribute to set premium rate than the former,
Therefore, by using the “Forced Split” command of the tool (software), “work_category”

attribute has brought to the top of the decision tree followed by “Reason_Payment”.
(See figure 7)
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Figure 7 manually extended decision tree

The tree shows a manually extended form the mode] to be deployed. As can be seen, clients
under work category of 2\24 claim for death, permanent total disablement, and temporary total
disablement. When we see the death payments (benefits sought), almost all are claimed at first
(Q1) and second (Q2) quarters from their entrance of contractual agreement with the Corporation.
As indicated in the problem statement of this study, underwriters have to give more empbhasis to

these clients for the fact that they may attempt for making fraud.
Similarly, we can grow the nodes of the above tree and see the relationship between the risk

factors. And this has been done but the relationship has been indicated as “If.. Then” rules and

attached as an appendix at the end of this document.
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CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

In his way of conducting this study the researcher has come up with the following concluding

remarks.

1. In this experimental study, the researcher has identified clients with high possibility of
risk exposures, thereby identifying, which customers are coming with “Big” or
“Small” claims. According to the experimental result, 78.42% of the test data has a
work category of “A” while work category “C” and “D” takes the smallest ratio. But
examining the risk classes, indicates that although small by frequency size clients
under “C” and ”D” are more interesting in a sense that they account for 91.67% for
Big risk class and 8.33% for Small both equally, showing clients under these work
deserve some attentions. This model will help underwriter to adjust their premium
rates with the logic of the higher the risk the higher has to be the rate. Another
alternative for the Corporation is that it has to give more attentions to attract and
retain workers under category “A” followed by workers under category “2\24” for the

fact that most of these groups pose Small claim to the Corporation than the rest.

2. Another interesting view observed is that almost all payments made for “TTD_ME”,
“TTD”, and “ME” are categorized under Small risk claim category while most of the
payments made for “DEA” and “PTD” are categorized under the Big claim risk
categories. Still this model gives an insight for underwriters for further analysis and

takes some measure accordingly.
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3. With regards to accuracy measure, the average accuracy measure is not a good
performance measure of models for the fact that this approaches favor the dominant
class, a class with many number of dataset records. In order to solve this problem an
alternative approach has to be used like accuracy measurement, which considers each
class separately. In building predictive models considering the frequency occurrence
of the values of the attributes is another factor, which deserves attention. Accordingly
in this research this effect has been seen and balancing the class distribution measure
was taken as a solution. This balancing method based on attribute partitioning was

proved to be promising.

4. On top of this, the predictive techniques also help underwriters to study the behavior of
individuals with respect to the timing they claim for repayment of some expenses,
which again lets them examine the existence of fraud in the Corporation, if any. This
is to mean that with claim records in an insurance database, one can find that

combinations of different factors are important predictors of fraud. One we have this

knowledge, we can use this to show the potential for fraud in a new claim and

investigate effectively.

5. Finally, the researcher has a strong belief that data mining technology (predictive
models) can play a great significance role in today’s insurance business by assisting
insurance underwriters by letting them know which customers are posing Big claim
risk and which of them pose Small risk to the Corporation thereby identifying

profitable and non profitable clients.
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6.2 Recommendations

While conducting this study, many issues have come to the attentions of the researcher. Most

of which require a separate study by them selves. Some of them are:

1. The key to gaining a competitive advantage in the insurance industry is found in
recognizing that customer databases, if properly managed, analyzed, and exploited, are
a very important, and valuable corporate assets. Therefore, Insurance firms can unlock
the intelligence contained in their customer databases through modern data mining
technology that uses predictive modeling, data warehousing, data processing, and
combinations of these to quickly answer crucial business questions with greater
accuracy. But the Corporation has to build similar predictive models for other clients

too and integrate with this model.

2. It has been seen how balanced data partitioning gets an improvement over a random
sampling approaches. Therefore, the researcher strongly recommends similar type of

experiments to be done on other attributes too.

3. This study has used knowlodgeSEEKER algorithm found in knowlodgeSTUDIO. It was
discussed that the other algorithm (HeatSEEKER) can also be used if the numbers of
attributes in the study are small relatively. As a result the researcher recommends a study

to be conducted using this algorithm,
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APPENDIX

Decision Tree for the selected Model

The root node and a grown node for 2\24 work category.

I

2024

Reasun:Paymenf

T

DEA PRD TID '

I
PAce WithinQuarter PAcc_WrﬂlwinQuaﬂer PAcc_WrtllwinQuarter

A

@2

@1 @2 @3 @4 Q4

78




The grown tree for work category “C”
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The following is some portion of growing category “A”
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Generic Rules

RULE #1
(Whole Tree)

Risk Category
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RULE #2 if
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then

RULE #4 if

then
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work Catagory
Risk Category
Risk Category
work Catagory

Risk Category
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then

RULE #6 if

then

RULE #7 1

then

Risk Category
Risk Category

work Catagory
Reason_Payment
Risk Category
Risk Category
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Reason_ Payment

Risk Category
Risk Category
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RULE #8 1E
work Catagory = 2\24
Reason_ Payment = TTD
then
BIG 0.333333333333
SMALL 0.666666666667

1

Risk Category
Risk Category

RULE #9 it
work Catagory = 2\24
Reason_Payment = DEA
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then
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Risk Category
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RULE #10 if
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RULE #13 if
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work Catagory = A

Reason Payment = DEA

PAcc_WithinQuarter = Q1
then

Risk Category BIG 1
Risk Category = SMALL 0

RULE #21 if
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i

84



RULE #26

RULE #27

RULE #28

RULE #29

RULE #30

RULE #31

if

then

if

then

if

then

if

then

if

then

if

work Catagory = A
Reason_Payment = TTD

PAcc_WithinQuarter =
Risk Category = BIG
Risk Category = SMALL
work Catagory = A

Reason_Payment = TTD

PAcc _WithinQuarter =
Risk Category = BIG
Risk Category = SMALL

work Catagory = A
Reason_ Payment = TTD

PAcc_WithinQuarter =
Risk Category = BIG
Risk Category = SMALL
work Catagory = A
Reason Payment = TTD
PAcc_WithinQuarter =
Risk Category = BIG
Risk_ Category = SMALL
work Catagory = A

Reason Payment = TTD ME
Q1

PAcc_WithinQuarter =
Risk Category = BIG
Risk Category = SMALL

I
b

work Catagory

85

Q1

0.

Q2

0.

Q3

0.

Q4

Qs

0

0188679245283
0.981132075472

0344827586207
0.965517241379

0625
0.9375

0208333333333
0.979166666667

1



RULE

RULE

RULE

RULE

RULE

RULE

#32

#33

#34

#35

#36

#37

then

If

then

5 3

then

if

then

if

then

if

then

1E

Reason Payment =
PAcc_WithinQuart

Il

Risk_ Category
Risk Category

I

work Catagory
Reason_Payment =
PAcc_WithinQuart

Risk_Category =
Risk Category =

work Catagory =
Reason Payment =
PAcc_WithinQuart

Risk Category =
Risk Category

1l

work Catagory
Reason_Payment

]

Risk Category
Risk Category

work Catagory =
Reason Payment

Risk Category
Risk Category

1l

work_Catagory
Reason Payment =

Risk Category
Risk Category

work Catagory
Reason Payment =

Il

TTD ME
Q2

er =

BIG
SMALL

A

TTD ME
Q3

er =

BIG
SMALL

A

TTD_ME
Q4

er =

BIG
SMALL

DEA

BIG
SMALL

ME

BIG
SMALL

TTD

BIG
SMALL

G

TTD ME

86

0

0.

0

1

0

0

1

0909090909091
0.509090909091

1

0

1

1



RULE #38

RULE #39

RULE #40

RULE #41

RULE #42

then

if

then

it 2

then

if

then

if

then

if

then

Risk_ Category
Risk Category

work Catagory
Reason_ Payment

1l

BIG
SMALL

€
DEA

PAcc_WithinQuarter =

Risk Category
Risk_ Category

work_Catagory
Reason Payment

I

BIG
SMALL

Cc
DEA

PAcc_WithinQuarter =

Risk Category
Risk Category

work Catagory
Reason Payment

BIG
SMALL

¢
ME

PAcc_WithinQuarter =

Risk_Category
Risk_ Category

work Catagory
Reason_Payment

]

BIG
SMALL

&
ME

PAcc_WithinQuarter =

Risk_ Category
Risk Category

work Catagory
Reason Payment

Il

]

BIG
SMALL

&
TTD

PAcc_WithinQuarter =

Risk Category
Risk Category

]

BIG
SMALL

87

0

Q3

1

Q4

1

Q1

0

Q2

0

Q3

0

1

0

0

1

1

1



RULE

RULE

RULE

RULE

RULE

RULE

RULE

#43

#44

#45

#46

#47

#48

#49

if

then

if

then

if

then

if

then

if

then

if

then

if

work Catagory =
Reason Payment =

Risk Category
Risk Category =

1l

work Catagory
Reason Payment

1l

Risk_Category
Risk Category

work Catagory
Reason Payment

i

I

Risk Category
Risk Category

1}

work_Catagory
Reason Payment

Risk Category
Risk Category

1

work_Catagory
Reason_Payment

Il

I

Risk Category
Risk Category =

]

work Catagory
Reason Payment =

PAcc WithinQuarter = Q4

Risk_ Category
Risk Category

work Catagory

G

TTD ME
PAcc_WithinQuarter = Q2

BIG
SMALL

DEA

BIG
SMALL

ME

BIG
SMALL

PPD

BIG
SMALL

TTD

BIG
SMALL

D
DEA

BIG
SMALL

88

0

i

0

1

0.

1

1

[N

0



Reason Payment = ME
PAcc WithinQuarter = Q4

then
Risk Category = BIG O
Risk Category = SMALL 1
RULE #50 if
work Catagory = D

Reason Payment = PPD
PAcc WithinQuarter = Q1

then
Risk Category = BIG 1
Risk Category = SMALL O
RULE #51 if
work Catagory = D

Reason Payment = PPD
PAcc WithinQuarter = Q3
then

Risk Category = BIG 1

Risk Category = SMALL 0
RULE #52 if

work Catagory = D

Reason Payment = PPD
PAcc WithinQuarter = Q4
then

Risk Category = BIG 1

Risk Category = SMALL O
RULE #53 if

work Catagory = D

Reason Payment = TTD
PAcc WithinQuarter = Q1
then

Risk Category = BIG O

Risk Category = SMALL 1
RULE #54 if

work Catagory = D

Reason Payment = TTD

PAcc WithinQuarter = Q2
then

Risk Category = BIG O

89



Risk Category = SMALL 1

RULE #55 if
work Catagory = D
Reason Payment = TTD
PAcc WithinQuarter = Q3
then
Risk Category
Risk Category

BIG 0.5
0

SMALL : B

1

RULE #56 if
work Catagory = D
Reason_Payment = TTD
PAcc WithinQuarter = Q4
then
BIG 1
SMALL ©

Risk Category
Risk Category

]

90



Declaration

L, the undersigned, declare that this thesis is my original work and has not been presented as a

partial degree requirement for a degree in any other university and that all sources of materials
used for the thesis have been duly acknowledged.

Mesfin Fikre Woldmariam

June 2005

The thesis has been submitted for examin

ation with my approval as university
Advisor

Dr. B. L. Desai

June 2005 4

91



	MX-M464N_20200311_165332
	MX-M464N_20200311_165356
	MX-M464N_20200311_165449
	MX-M464N_20200311_170032
	MX-M464N_20200311_170047

