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Abstract

Customer churn has become one of the most significant topics in today’s business. It has
become a major challenge for a business with the evolving market and low barriers to
switch between the service providers. It has identified that, retaining the old customers is
more profitable for a company than acquiring new customers. That motivates business
personnel for churn prediction. Service providers can get necessary measures to retain
their customers if they could gain prior knowledge on the probable churns in the

customer base. But, churn prediction is considered a difficult task.

Various attempts have been made in predicting churn and churn related information.
Different data mining techniques had been used in developing churn models. Regression
analysis, decision tree based methods and neural network based methods were among
the most commonly used techniques. The most successful models suffered from low
interpretability. h+is.a_main_consideratiq ehurn _mede lile some of the
models \ eg‘ga;n( SpecHie,

I L — e iy A

K nearest neighl n classifications.
But it has been rarely used in churn prediction. Genetic algorithms are considered an
optimization technique which could be used in optimizing performance of other
algorithms. Genetic Algorithm Optimized K Nearest Neighbor (gaKnn) is a framework
that has tested for its high accuracy. Hence, we developed a Tool based on the gaKnn
framework which could be used for churn prediction. We also incorporated two voting
mechanisms; Bayesian weights and class confidence weights (ccw) to weight the

prediction in order to address misclassification issues occur due to class skew.
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CHAPTER 1- INTRODUCTION

1. Introduction

This chapter gives an overview of the requirement for churn prediction. It also describes
the scope of our research. At the end of the chapter it gives a brief description about the

Tool we developed using the gaknn framework.
1.1. Background for Churn Prediction

Churn prediction is one of the most emerging topics in the today’s market all over the
world. Churn is a term that is used in the business world to describe the loss of
customers or clients. It is also termed as customer turnover, defection or attrition. Most
of the time churn is identified in two categories, namely voluntary churn and involuntary
churn. Voluntary churn is due to the decision taken hy the customer to switch to another
service proviger. Inkotuntaryichunt iayradueste, Matidusrkasons like customer’s
relocation t(ﬂ? flong-term1careC facilitys edth, ) orSeelovations to a distant location.
Involuntary 'éhijrn does notrinvelvelwith-thedecision taken by a client to quit the current
service provider. For some businesses they identify anoiher category as partial customer
churn. That category represents the customers who are becoming less profitable and not

perceiving services as they did before.

In most financial services, customer retention plays a very important role. In business
everything is money. Therefore customer churn is a burden to a company. By all means,
customer retention is cheaper than acquiring a new customer. Because the company lost
the revenue it gained from the churned customer as well as the investment on that
customer. Therefore it is very useful for companies to know the probable churners and
reasons for churn. So that they can make suitable arrangements to prevent churn from

happening in future and also companies can prevent from deteriorating their good



customers. Apart from that, if it could accurately predict the probable churns and reasons

for churn, companies can improve resource planning and resource allocation efficiently.

Mobile telecom service providers have a special concern over churn predictions since it
is more probable for churn situations due to the low barriers it has from switching from

one service to another.[1][7]

That is, churn prediction is a vital factor for financial services in operation. To present,
several attempts have been made to address the problem of churn prediction. With the
aim of predicting churn and reasons for churn, different churn models have been
developed taking various factors in to consideration.

1.2. Objectives

Our objective of this research was to find a more general approach for churn prediction.
Churn n«nrlnln that havin hann AovinlAanaAd en far wwinve frictAamizod 0 qach data Set and
company. So,.&: data setrdiffersit hadhio gofor amew! madeh. If there was any tool
which ¢ ,zld% Ysed-regardiessl of lthe-dataset beingwsed dnd 1 mpany, it is cost

effective in every aspect

The Genetic Algorithm Optimized K-Nearest Neighbor Framework was proved to have
high prediction accuracy for normal predictions. It was only a framework with the least
amount of features including basic mechanisms for data representation, optimized data
manipulation and components for K-Nearest Neighbor implementation. And it was not a
complete final solution for all aspects of Genetic Algorithm Optimized K-Nearest
Neighbor Algorithm. So, our aim was to improve this framework so that it could be used

generally in the churn prediction processes.

In the meantime, we wished to preprocess data before predicting churn. The result we
get from the model was to be output in a more meaningful way. Churn models require
another important feature that most of the other models may not require. For a churn

model to be more useful, it should have a good interpretation of the results it produces



[3][21]. Therefore useful information could be gained about churning of a particular
customer. Hence, the user would be given a visualization of the results in graphical
manner. Apart from that, it would allow the user to change certain features and check for

churn results.

1.3. Statement of the Problem

During our study we focused on the voluntary churners and we limited our scope to
predict the binary relation where a customer would churn or not churn. We did not
focused on the partial churners directly where it identifies the most probable churners in

the future.

When developing a churn model it needs to take into consideration the various factors
that are inherent to churn datasets. Churn data has a large quality. That is, data has a
number of |epresentat|ons aboutithereleviantohjesta Tt cansiders customer data, it may
include Lustgmérs personal infofmations ubage datd; behavibral‘data etc. Churn datasets
in general aretbiased. ' Becalse it i very-rare that a natural dataset has churners and non
churners equally distributed. This biased nature 1s one of the important factors to be
considered during classification.

When predicting churn, basic principle is to predict churn based on past data. Hence, the
larger the dataset the more accurate results it gives. Therefore, whatever the model that

is developed should be capable of handling large datasets.

Apart from that, according to the history of churn prediction, it is observed that most
churn models are data specific. But the churn models need to be more convenient and

applicable; it is wise to make it suitable for general set of data.

Different churn models have been developed, but their accuracy depends on the size of

the data set and the type of data it is using.



Lazy learning is widely used is classification and prediction in data mining tasks. Lazy
methods are known to be more accurate in predicting regardless of time it takes. This
accuracy is due to the fact that it uses several hypotheses to form the approximation to
the target function. Hence, k- nearest neighbor approach is widely used in classification.
Genetic algorithms are based on ideas of natural evolution and are used to evaluate
fitness of other algorithms.

It has identified that, for certain applications k-nearest neighbor incorporated with
genetic algorithm works well. But, since we are to develop the Tool by improving the
gaKnn framework, it was taken in to consideration the factors that are limitations of the
two algorithms; KNN and GA. Classification with KNN is not favorable when the
training data is skewed and GA is not a better option when feature space is large.

1.4. About the gaKnn Churn Prediction Tool

gaKnn cl licti I whicl leveloped | ' ' aKnn framework
(herein N(%\ih 0138 TooldMisPa setlof dntébrated solutions ome in one pack
enabllng uSe—r$tO cornmmiircn "L‘ﬂ T ﬁ:"‘»!il*‘"ﬂ'!» gl ‘.“:f“g/ Iy A rora“rtony It Way.

The Toc pre | d, yzing, prediction, and

data and results visualization in relation to the prediction tasks.

Though the word prediction is used, the principles of the Tool are based on the
techniques for classification of data. In real world, the word prediction is used regardless
of its technical meaning in data mining practice. Hence, to make the general user more

sensitive towards the Tool, it has introduced in that manner.

This Tool works mainly in two steps; optimizing phase and evaluation phase. During the
optimizing phase, the model is optimized using known data with GA, which gives an
attribute level weight to each attribute. At the evaluation stage, instance level weight was
assigned to the model which can be selected by the user at his choice. The best model

can be selected by evaluating the accuracy measures. During the prediction, unknown



dataset can then be used with the evaluated model to get the predictions. The predictions
are presented in a user friendly manner which the user can easily make use of the results.

A



CHAPTER 2- LITERATURE REVIEW

2. Literature Review

Literature review is mainly focused on three directions. One is to review the past
attempts on churn prediction and the second is to analyze the relevant data mining
models. The third is to identify and analyze the expected challenges when developing
the Tool. It further explains the previous work carried out with genetic algorithm
optimized k nearest neighbor approach and also review the work carried out with the use

of two algorithms separately.

2.1. Churn Prediction

For a Business it is vital to retain their existing customers due to various reasons. The
foremost reasen is tojprevent-the.lossof revenue on thatcustamey and at the same time
acquiring a rﬁﬁbustomer 161100 costly because of thessatusatesimarket. Churns involve a
company’s b'r*a’hd, reférralyisocdialland. imhage management aspect would adversely affect

if not handied properly [22].

If a company can have a prior identification about the probable churners they can
organize retention campaigns targeted towards those high risk customers. Churn
prediction models have been introduced making use of several technologies and
targeting towards different aspects of churn. A good churn model should have several
characteristics. Churn model should be a good model in technical point of view, should
provide good insight into determinants of churn and should be easily be adoptable by the
business users. That model is even better if it could provide a better insight of the
reasons for churn. For a churn model to be more useful, it should have a good

interpretability which is not just the accuracy.



Regardless of the model being used, the churn prediction process could be explained as
in Figure 2.1.1 [21].

Training Jet
Iodel Performrance

Y
Define Chum — j

] Ivlodel

L
Test Set Prediction
. . Mo Retention

Unbeowm Data Retention Carrpai gn ———

: Figure 2.1-1 Chunnpredictionprogess [21]
&

3

2. 1WESSPast attemptson churh-prediction

Churn prediction has been one of main interests of Data Mining Researchers due to its
value in various sectors. Therefore, there had been a number of attempts to predict
churning customers as well as the reasons for churn. Because, those information can

help companies in reducing their customer turn over.

This section gives an overview of some of the past attempts on predicting churn and the

Section 2.1.2 explains about the models that have been used in such applications.

The Market Equations [9] have analyzed churn on a large automobile company in
United States. They have come up with a neural network based approach for churn
prediction. The expectation of the analysis was to identify the customer segments with
diminished level of satisfaction with the company’s product. They have come up with

three main steps in detecting churn.



e Churn Trend Analysis- Aim was to understand trends in customer data
e Churn Profiling- Was to identify segments which are more prone to defect
e Churn Scoring and Segmentation- Assign each segment a churn score and with

the use of a predictive model, find the most prone defectors

With the analysis of data, Market equations had tried to identify the factors for churn
and reasons for a customer to leave or stay with a particular service provider and to find

any demographic patterns or trends in customers.

According to Richter et al. [2], the most prevailing approach for churn prediction is to
model individual customers and then derive the likelihood of churn using a predictive
model. This approach focuses on identifying patterns that are uncommon to a particular
customer which can relate for him to churn. For example, in relation to a mobile
network, they monitor the number and length of calls by the customer, hold period etc.
and assign a level of risk for uncommon patterns. But, it assumes that the customer will
express his digsatisfaction prior .to switching., They have suggested an approach which
takes in to c@ﬁgderation the sacial factars. This approach.first partition the network into
a collection QESmaII disjoint clusters; each representing a dense social group. Then with
the use of a statistical model, it assigns a churn risk score to each group and later assigns
an individual churn score to each subscriber based on the churn score of the group as

well as personal characteristics.

The authors have claimed their new approach to be effective, but dataset they have
tested on was small and they have not had access to any other information that may
affect churn results like demographic details, individual mobile tariffs. But their
approach claim to be giving accurate results even before any of the people has not

churned in a social group.

And also they had come up with some conclusions from their research. First, as the
prediction system gives the churn scores, companies work on preserving the customers

who are most prone to churn. So to make it effective, churn prediction system should be



able to identify churners within its top predictions. Next, since only call data records
(CDR) are used it has not needed to retrain the model as the data set varies. CDR

represents date, time, duration, and location etc. of a phone call.

Junxiang[3], in their approach explain a survival analysis model for churn prediction
where survival analysis is a statistical method of studying the occurrence and timing of
events. In their study they have focused on the customer initiated churn and it has
defined by cancel reason codes such as unacceptable call quality, more favorable
competitor’s pricing plan, misinformation given by sales, customer expectation not met,
billing problem. A survival function and hazard function were used to describe the status
of customer survival during the period of observation where survival function gives the
probability of surviving beyond a certain time point t and hazard function describes the
risk of event (in this case, customer churn) in an interval time after time t, conditional on

the customer already survived to time t. They give two procedures for survival analysis:

1.1 E roduces pa ode red survival data
L e 2 A ,_‘,»; :;\,;»,,;

2. PHRE& artial likelihood
estimation

By ranking the customers predicted survival probabilities in ascending order, the top two
deciles capture 55-60% of churners and the top five deciles capture almost 90% of

churners.

Most of the methods that are in use in relation to churn are mainly focused on predicting
whether a customer would churn in the future. But when it comes to the industry, it is
also important for the service provider to have knowledge of the customers who are
most probable to churn. Au et al. [4] have proposed an approach to predict churn as well
as the likelihood of the customer would churn. They have named their approach as Data
Mining by Evolutionary Learning (DMEL) where it searches the possible rule space

using an evolutionary approach.



Initial set of first order rules are generated using a probabilistic induction technique and
based on the first order rules, the second order rules are generated. The third order rules
are generated based on the second order rule set and generation of rules is continued
until no more interesting rules in the current population can be identified. Likelihood of
the predictions is estimated so that the customers can be ranked according to the

likelihood to churn.

By representing the relationships among CDR, billing and demographics data of the
customer, the rules are generated and those rules are used in predicting churn.

2.1.2. Analyzing existing churn models

Algorithms most commonly used in churn models are Decision Trees, logistic
regression, support vector mechanism, Bayesian networks, survival analysis, self-
organizing maps and relational classifiersyrDeoisian raelmotdels. are robust and have
good mterpré&ablllty but-care should bé gvendo'elass-skew. Logistic regression models
are well known and accepted for providing comparatively good results. Models using
support vector mechanism accurate but are not easily interpreted. Survival analysis

models are also good models which provide time to churn and interpretable results.

When analyzing the most common churn models in use, it can be observed that several
prediction models have been used implementing churn prediction models. In a paper
written by Lazarov and Capota[5], they have analyzed the most commonly used such
models.

Regression analysis has been widely used in prediction tasks [3]. Typically, in a
regression model, a standard error rate is calculated for each variable and the variables
with most significance in respect to linear regressions for churn prediction are taken and

construct the regression model. Since the prediction variable is binary (churner or non-

10



churner), logistic regression techniques are used in churn models. In contrast to logistic
regression, in linear regression outcome may have infinite possible values. Regression
analysis can determine a probability of churn as well as the likelihood of a customer
being churned. These models do not have a better understandable method of interpreting

the results.

Navie Bayesian models have also been used in churn prediction which uses the
mathematics of Baye’s theorem to make the predictions. [6] These models are simple
and can perform faster. Navie Bayesian models have been tested with different types of
data sets regardless of the data set is CDR, demographic data etc. But those have tested

only for small data sets.

Decision tree based models have also been widely used in churn prediction history.
[3][4] During the building phase of the tree, the data set is divided recursively until most
of the records in each branch get an identical value. Branching is performed according to
the value ofgf@' varigble being -fested. During the pruning:phase, branches with noisy
data are remeverl. Evaluation;for,a data-set-is performed by traversing through the tree
until it reache; a leaf node. Then the record is assigned with the node label (churner or
non-churner) for the test record. Decision trees are good in interpreting the results in a
symbolic way. These models have high accuracy when the number of attributes in the
dataset is less. Usage of these types of models is costly. Removal of a condition makes it

to re-build the tree.

Neural networks based churn models are regarded the most successful churn models
implemented so far [8][10][11]. In neural network based approaches, each variable is
associated with a weight and combinations of weighted variables participate in the
prediction task. During the prediction task, neural networks try to calculate the inputs
and to output the probability of a particular customer is a churner. Hence, with neural

network based models the likelihood of each classification made can also be determined.

11



Neural network based approaches need the data set to be larger and requires more time
to give a reasonable weight to the predictor variables. These models do not give a good
and easy understandable interpretation of the churn results as the model being too

technical most of the time.

Apart from those models, in the approach suggested by Jadhav and Pawar [10], they
have make use of a tool which is consisted of several classification models. In their
analysis they have used back propagation mechanism which is derived from neural

network models.

When considering churn models, apart from the accuracy it has to have a good
interpretability of its results. For a company it is very vital that a model provide useful

information which can support in focusing the customers who are more tend to churn.

Problem associ 0se mc 0 not have good
interpret uig‘“g the ghyrn.results. The effectiyeness of a.model is depending on the
quality of theimterpretation of;the results-givi “churn.

2.2. Analyzing the Data Mining Models Related to the Framework

This section focuses on the data mining models that have been used in the current
framework, which we would enhance as a Tool for churn prediction. The framework has

basically implemented with KNN and GA principles.

2.2.1. K nearest neighbor algorithm (KNN)
Nearest Neighbor Approach is considered one of the most popular algorithms for pattern
recognition. In this approach, focusing on the nearest neighborhood, it compares a given

test object with training objects that are similar to it. Each object is represented by a

point in n-Dimensional space. The class label of the most closet object in the selected
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neighborhood is given to the test object. Selection of the neighborhood is one of most
critical task in this classification.

In k-nearest neighbor approach it searches for the k training objects that are closest to
the unknown test object and create the k neighborhood. Depending on the sample
variable type, distance to the unknown object is measured with Euclidean distance or
with some other distant metrics. When k=1 the unknown object is assigned the class
label of the closest object in the pattern space. When K is larger than one and need to
return a real valued prediction, the unknown object is assigned the average value of the
real valued labels associated with k nearest neighbors of the unknown object. For
categorical attributes, it compares the corresponding object value with that of other

objects. The most common class label is assigned to the unknown test object.

O Class A

m EI A Clace D

rf” 4TV
E(1e)s

T
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Figure 2.2-1 K nearest neighbor

Figure 2.2.1 illustrates the basic idea behind KNN approach. If it is to find the class label
of the red colored dot, what KNN does is it predicts the class of that unknown dot based
on the dots which are closer to it. In this case, it considers the most nearest k neighbors
(in this example k=5) which are inside the circle. So here the most probable class label

which can be given to the unknown dot would be B.

The goodness of classification highly depends on the k value. Selection of k depends on
the data and generally for binary classification problems k being an odd number is

helpful.
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That is the unknown class gets the class label of the majority neighbors. But this method
of majority voting can give erroneous results when the data set is highly skewed.
Because the most frequent class label is more probable to be assigned to an unknown
class. Several ways have been identified to overcome this issue. Most common methods

are,

e Over sampling/ under sampling — where less class labeled objects are over
sampled or more class labeled objects are under sampled
¢ Classification weighting — where each k nearest point is multiplied by the inverse

of the distance from test point

2.2.2. Genetic algorithm (GA)

Genetic algorithms are based on ideas of natural evolution. The initial population is
created with randomly generated rules where each of them is represented by a string of
bits.[12] The _new population.js formed to consist with the fittest rules and their
offsprings iWe current, populatien.. -The ditpess . of.a..rule_ is represented by its
cIassificatiorj}Ccuracy of-traming-examples. And the offsprings are generated by
crossover and mutation. New pairs of rules are generated in crossover by swapping
substrings from pairs of rules in the current generation. In mutation, it inverts the
randomly selected bits in a rule’s string to generate a new child. This process continues

until a population evolves and each rule in it satisfies a prescribed threshold.

If further explained, the operations evaluation, selection, crossover, and mutation are

used to bias the search towards promising solutions.

GA is used in classification problems as well as in optimization problems. Apart from

that GAs are used in evaluating the fitness of other algorithms.
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2.2.3. Genetic algorithm as an optimizing technique

As it has stated before, GA has being tried using as an optimization mechanism by
incorporating with other classification methods. According to Parag[8], they have tested
GA with neural networks in predicting churn. In their approach GAs were used to learn
connection weights of a neural network. GA uses the survival of the fittest heuristic to
learn connection weights of a neural network. There they propose two GA based neural

network (NN) models to predict customer churn in subscription of wireless services.

1. GA based NN model uses a cross entropy based criterion to predict customer

churn

2. GA based NN model attempts to directly maximize the prediction accuracy of

customer churn

In this approach, they have use the real-attribute representation for GA and then a fitness
evaluation operator 1S 1appliedito evaluate ithevfitness iof .2achaindividual where the
evaluation fondlon cah' Be eithed maximizesthe totdbnaimber of Correctly classified cases
or maximize the log aximum hikeliitoodhypothesis. Then the selection operator was
applied to select the population members with higher fitness. It requires lower
computational overhead and selects two parents based on the fitness probability where
high fitness population members have higher chance of selection. Crossover and
mutation operators were applied to these two parents with certain probabilities called
crossover probability and mutation rate to generate two children. The process of
selection, crossover and mutation were repeated so that the total number of children is
equal to the population size. They have used arithmetic crossover which consists of
generating children in such a way that every gene in a child is a convex combination (a
linear combination of points with non-negative coefficients that sum up to 1) of genes
from its two selected parents and has used a single gene mutation operator, where each
gene in a child, with probability equal to mutation rate, is randomly changed with a

random real number.
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They have compared the results obtained from models which were based on GA with the
results they obtained from other statistical models like z- score model, and have

observed better performance in GA based approaches.

GA has being widely used in predictive modeling. Analysis carried out by Au et al. [4]
states most common ways that GA has used in rule discovery. They have identified

those on two broader categories.

1. Michigan approach
2. Pittsburgh approach

The techniques under Michigan approach have being identified with the following

qualities.

¢ have modified the individual encoding method to use non binary representation

¢ do not encode the consequents of rules into the individuals

e use extended, version of crgssoyer and mutation operators suitable to their
repreé@@tations

e (o th-Té_llow riles10 DelnMeked asjaresult of the invocation of other rules

e define fitness functions in terms of some measures of classification performance

e can discover rules for a single class only

In the DMEL approach suggested by Au et al. [4], DMEL also make use of GAs. DMEL
encodes a complete set of rules in one chromosome. Initial first order rules are generated
with a probabilistic induction function and the higher order rules are based on the
immediate lower order rules. Fitness function for DMEL is defined in terms of the
probability that the attribute values of a record can be correctly determined with the
encoded rules. With DMEL both positive and negative relationships could be found

among attributes without any subjective input from the user.
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2.2.4. Genetic algorithm optimized k nearest neighbor (gaKnn)

Though KNN is considered as one of the most popular method for pattern recognition, it
has several limitations associated with the nature of the algorithm [13][14]. Calculation
complexity is one limitation of KNN. In KNN it uses the whole sample in classification.
Though it may improve the accuracy of prediction with large number of k neighbors,
having noisy data in the sample can reduce the accuracy. At the same time, it has a high
calculation complexity hence to find the k nearest neighbors it has to calculate all the
similarities between samples. Another issue with traditional KNN is that the
classification depends on the training set. Since the classifier is generated with the
training sample, if there is a change in the dataset, it requires recalculation to generate
the classifier. In traditional KNN it has no weight difference between samples. That is it
does not carry any difference between samples according to the number of data the

samples have. If it can give more weight to the near most neighbors it would improve

the class tiQ

0
Researcherg ﬁﬁ}aV: wenr-that ‘preblems with“W NN>ean el stvicce y addressed with
GAs. —_—

In the approach suggested by Suguna and Thanushkodi[13], GA is used in feature
selection and the fitness value is calculated for N number of iterations. Unlike in
traditional method which calculate the similarities between all the training and test
samples and then choosing k-neighbors for classification, in this approach only k-
neighbors are chosen at each iterations by using GA and the similarities are calculated,

the test samples are classified with these neighbors and the accuracy is calculated.

Analoui and Amiri in their approach [15] have used GAs for feature reduction of nearest
neighbor classifiers. There it reduces the dimension of features by performing
simultaneous feature selection, extraction and classifier training using GA. GA
optimizes a vector of feature weights, which are used to scale the individual features in

the original pattern vectors. With feature extraction, the original features are transformed
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to produce a new set of features. The number of features used in classifying can be
finely reduced, hence reduce the cost of feature measurement, increase classifier

efficiency, and allow higher classification accuracy.

Though it has used GA in optimizing the performance in KNN, all the attempts were

application specific.

2.3.Genetic Algorithm Optimized K-Nearest Neighbor Classification

Framework

Genetic algorithm optimized k-nearest neighbor (gaKnn) classification framework [16]

[17] is the piece of work that we are interested in enhancing as a churn prediction Tool.

In gaKnn the data read in by the system is first evaluated with KNN with a predefined k
value and selects the initial population to find the optimal parameters. The process of
evaluating the optimal parameters is governed by the GA features in the framework.
Then the op‘ti-"' al parameters' along with 'therr Weights assigned td them are directed to
evaluate the'giéilarity.

Researchers have found several parameters that can increase the performance of KNN

classification.
e Finding optimum value for K
¢ Finding the weight vector for attributes
e Finding voting power of neighbors
e Carrying out attribute selection

e Carrying out instance selection
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During the work carried out by Dayaratne[16], the first two parameters were addressed.
That framework consisted of features for data representation, data pre-processing, GA

implementation, solution evaluation and similarity calculation.

Data representation module of this framework supports only the flat files nevertheless it
can be extended to use other file formats as well. Flat files are data files that contain

records with no structured relationships.

Data pre-processing module of the framework address only the incomplete data. But it is
also extendable to other preprocessing aspects. Normalization is a data preprocessing
method widely used for methods involving distance measurements so that those can be
scaled to small specified ranges. When data normalization is required the framework

supports the mechanism of dividing the complete column by the maximum value.
Figure 2.3.1 [16] depicts the overall design of the framework.

It has implemented the GA features with the JGAP (Java Genetic Algorithms Package)
library whic?’rg a gepetic algorithms and programming, component provided as a java
framework: JEAP [18].is.highly modular s that it can be easily plugged-in customized

genetic operators and other sub components.

The most important part in GA implementation is to find the best solution. To evaluate
the best solutions a fitness function was defined. The solutions with higher fitness value

are more likely to be chosen.

Similarity calculation is application specific. In this approach [16], similarity has

measured as a distance function.
Framework mainly consisted of two parts.
1. KNN optimization

2. Classification with optimized KNN
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As data is reé'if,iéttributes arelidentified!Then the read data is preprocessed.
KNN optimization module is consisted of three parts.
GA: implement with JGAP library

Solution evaluation module: evaluation of solutions made by GA (Fitness

evaluation)
KNN algorithm: evaluate each solution

Classification with optimized KNN

As data is read to this module too, attributes are identified. Read data is pre processed

KNN algorithm is used to classify data.
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As stated earlier, only the two optimization parameters, finding optimum value for K
and finding the weight vector for attributes were considered.

gaKnn framework has been tested on several sizes of data sets and proven to be effective

with its features of extensibility, adaptability, accuracy and scalability.

2.4. Data Pre-Processing
Presence of outliers in the training data is a major issue in classification. gaKnn
framework had only two ways it could address the outliers and missing values. It had a
solution which resolves the presence of missing values by replacing them with a default
value (in this case it was NaN). The other way was to normalize the dataset and use it in

the training process.

The presence of outliers can influence the model which may lead the classification to

deviate from the actual results. Hence, outlier handling aims at reducing the influence of

outliers on the training model. Outliers might be present in a dataset due to two main
factors.
&
=)
1. [ c TCE‘Y' tikLieetet (kh)illl i’“&"j!‘.ii‘ 0e
2. [

If it was determined that the outliers were due to errors in data, it could be removed from
the training data. But if that was due to high variability in data, it should reduce the

influence of those outliers on the model. Such solutions could be broadly categorized

into two.
1 Transformation
2 Truncation

In transformation, it transforms the variable using an appropriate technique; for example
take the logarithmic value of the variable. In truncation, it determines the highest (or
lowest) values of the variable which are not detected as an outlier and raise (or reduce)

the value of the outlier to that acceptable value(s).
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The presence of missing values may also have adverse effect on the model. When
dealing with skewed data it is very important that missing values are properly handled. If
missing values are to be replaced with a default value, the value chosen may be vital for

the model.

2.5. Classification vs. Class Skew

Classification involves a two-step process.

1. Learning Step/ Training Phase: where it builds a classifier based on a given set of
classes or concepts

2. Evaluation Step/ Prediction Phase: where it classifies the unknown class labels

In the training phase it involves past data in order to build the classifier. Classification of
the unknown sample is merely based on the built classifier. Hence, the data used in

training phase plays an important role in the final result.

For better ac,gifrgacy, the traiping:data;should ke well balanced among all the classes and
should well -répfesent the-applicationdomain. But, when it analyses the data involved in
churn calculations, those are highly imbalanced. Because, the two representative classes

‘churner’ and 'non churner' can rarely be having equal frequency in a churn dataset.

The imbalanced nature (skewness) of the dataset is one of the most challenging tasks in
Data Mining. Researchers have found several mechanisms to overcome that issue. All
these mechanisms comes under three main methods; data level, algorithmic level and

combining or ensemble methods [23].

Data level methods include the re-sampling techniques. The most common two such
techniques are undersampling and oversampling. In undersampling it drop out
observations from the majority class and in oversampling, it duplicates the observations

from the minority class to obtain a balanced set. But, oversampling may lead to over
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fitting as it makes exact copies of the minority samples and undersampling maintain all
the minority samples though it may discard useful majority samples.

Algorithmic level focuses on modifying the learning algorithms to address the impact of
skewness. This may combine several learning algorithms. Ensemble methods include

techniques which involve both data level and algorithmic level aspects.

Boosting and Bagging are two popular ensemble methods used with skewed data.
Bagging stands for “Bootstrap Aggregating” and also called attribute bagging. It can be
used with any learning algorithm. In bagging samples are drawn with replacement hence
some observations may be repeated in another sample. Bagging may or may not improve
the performance of a model; with 1-NN classifier bagging perform well while with
stable KNN classifier it may mildly degrade the performance [24]. Boosting methods

improve the performance of a classifier by reweighting the misclassified samples.

In genern' mnot Alaccifiratinn alanrithme havin nAat Aacianad +A nrlrlrnﬁs the CIaSS SkeW.
Therefore, meas have taeios teken Whén deédlingwithisuchdata:

=)
Liu and Chad [25]. have;.prapgsed aj@ ‘ning framework
(QMLes " quadratic mean.

They have applied that framework into logistic regression, SVM, linear regression, SVR,
quantile regression and proven to get good results. They could get significantly better
performance with the QMLearn on classification problems. It suggests that the extra
computational cost spent on data sampling could be saved with the QMLearn and the
weight vectors obtained from QMLearn were significantly better than those from

existing methods for feature selection.

Akbani et al. [26] suggest a method for Support Vector Machines (SVM) to improve its
results when dealing with skewed data. It presents a method which is a combination of
two approaches. First it preprocess the data by oversampling or undersampling and then

bias the classifier to get priority to the positive instances which could be done by
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increasing the penalty associated with misclassifying the positive class relative to the
negative class.

Liu and Chawla [27] have proposed a new algorithm oriented method for KNN
weighting in order to handle skewed data. The proposed method introduces class
confidence weights (ccw) which use the probability of attribute values given the class

labels. The ccw on a training instance i was given as in Equation 2.5-1
(_,'CW

wi™Y = p(x;|yi) Equation 2.5-1
where x; - attribute vector of instance i
y;- class label of instance i
The ccw incorporated KNN classification rule could be given as in Equation 2.5-2
y, = arg MAXcc(c, 0y} Lxiepx) 1 (Vi = €) . wi™  Equation 25-2
where y,- predicted label

I(.)—an indﬁor fumctionlimatitetursasifts’Contitionlisiirugiand O otherwise

Since the méjzjl;ity voting mechanism in traditional KNN could be given as in Equation
2.5-3, it has shown that, with the integration of ccw in that maximization method it could

use conditional probabilities of classes given the values of k instances’ feature vectors

(Equation 2.5-4).

In traditional KNN,

yt’ = arg max E I(y; = ¢)
c€fcy,c2}
X;€ED(x¢)

=>max{Yy.epc) [ Vi = €1) » Zxseoepy [ i = €2)}

Lxep(xp) [ Vi=c1) le-EQ)(xt)I(Yi=C2)}

B max{ k ’ k
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= max {p¢(cq1), pt(c2)} Equation 2.5-3

In ccw integrated KNN,

1

Ye =arg max 2 I(y; = c).p(x; |lyy)

cefcy,cr
x; €D (x¢)

—>max {inEQ)(xt)I(}’izcl)-P(xi lyi=c1) , xseo(ep) [ vi=c2)p(x; |Yi=C2)}
k k
= max {p.(cy).-p(x; [yi = cDxiener) Pe(€2)- (i [yi = ) xiepirn))

= max {p: (X, €1)x,e0(x,) Pt (Xis €2)x,e0(x) }

=max {Pe(€1 [Xi)xep(xp) » Pe(€2]1Xi) x;e0(xp) } Equation 2.5-4

where p;(c|x;)x,eax,) - Probability of x, belonging to class c given the attribute

values of all instances in @(x;) .

Liu et al. jugtify the ccw-based KNI ryle by implementing the same with likelihood

ratio test. Tf@%have defined-the nutt.bypathesis(Ha)-as 1 x~pelonging to c¢;” and the

alternative ﬁi}f@o‘thesis (Hzy ds Bapbelomgliing to c,” assuming ¢, Is the majority class.

The first j neighbors of @(x,) were assumed to be fromcyand the other k — j neighbors

from c,. Hence likelihood of H, (L) and H; (L) could be given as;

J
Ly = Zp(xilyi = Cl)xi €0 (x¢)
i=1

k
L, = Z p(xly: = Cz)xi €0 (x;)
i=j+1

Then the likelihood ratio could be given as,

_ ﬂ _ Z]i=1 p(Xi|yi = ¢)x;e0 ()

A= =
Ly Z§=j+1 Py = €2)x €0 (x0)
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Since the majority class does not have higher priority than the minority in imbalanced
data, A = 1 was taken as the rejection threshold. Hence they claim that use of ccw-based
KNN rule in Equation 2.5-4 is equivalent to rejecting Hy(predict x, to be c,when A < 1)

or do not rejecting Hy(predictx,to be c; when A > 1).

In order to estimate the ccw values, it has introduced two methods Mixture Modeling
and Bayesian Networks (explained in section 2.5.1 and section 2.5.3). Mixture modeling
deal with numeric features of the data while Bayesian networks handle nominal and

categorical data.

In their approach to mixture modelling, they have assumed the training data is following

a g-component finite mixture distribution with the probability density function (pdf);

p(x|0) = ;In=1 a,p(x|0,) Equation 2.5-5

where, x - sample of training data whose pdf is demanded

C ml PreoadbHIues
=)
0. % Gl A
€ ifying the

mixture model

Given training data Q, the log-likelihood of a g-component mixture distribution was

given as

—~ n - n q
logp(ﬂI9)=log| | p(x;|0) = E _ logE p(xi|01)
i=1 i=1 m=1

Using the Expectation Maximization Algorithm (explained in section 2.5.2) they have

solved the Maximum Likelihood estimate(8,,; ),

0y, = argmaxylog p(2|0) Equation 2.5-6
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to find the 8 . The estimated 8 has been applied in Equation 2.5-5 to calculate the pdf of
each instance in the training data which would be taken as the ccw value of each

instance.

In their approach of Bayesian Network, they have learnt and built a Directed Acyclic
Graph (DAG) using the K2 search algorithm (explained in section 2.5.4).Learning the

Bayesian Network has done in two steps;

i.  Build the DAG over Q

ii.  Learn a set of conditional probability tables {p(w|pa(w)), we Q} where pa(w)
is the set of parents of w in the QDAG

Then the joint probability distribution over Q was calculated using the Equation 2.5-7

p(!)) = H?Illp(wilpa(w,-)) Equation 2.5-7
Hence tt uation 2.5-8
-
< g i /i | 3 p (2 (
S04 = Y )t g’}é};‘ Yy Ll AN Pt 8

training data

They have analysed the ccw—based KNN rules with datasets of different nature and have
compared the results with several other classification techniques. It has shown that in

most of the instances ccw-based approach performed well.

2.5.1. Mixture models
Mixture model is a statistical model which is generated from several different types of
distributions. In a mixture model, the parameters of the overall distribution could be

derived from the parameters of each distribution in the mixture.

In a mixture model, the probability density function of an instance could be denoted as
in Equation 2.5-5. a,, is the mixing probability which sums up to one. p(x|8,,) is the

component density functions parameterized by the collection of model parameters .

27



Each instance is assumed to be from one of the g components with mean u, and

variance g,. EM algorithms are used in estimating the mean and variance.

2.5.2. Expectation maximization (EM) algorithm

EM algorithm is extensively used in parameter estimation of mixture models and iterates
in two alternate steps namely Expectation (E) step and Maximization (M) step. It
estimates the maximum likelihood of the model parameters of a distribution. Maximum
likelihood estimate 8,,,(Equation 2.5.6) of a g-component mixture distribution with
training data Q, could be determined with EM algorithm. In the E-step expected values
are calculated for the model parameters and in the M-step the results are maximized. The
maximum values obtained during the M-step are assigned for the parameters.

2.5.3. Bayesian networks
Bayesian networks are also named as belief networks, Bayesian belief networks and
probability networks. Bayesian network is defined by a DAG and a set of conditional
probability tables (CRTs);.In a. DAG, each-jode representsia.random variable and an arc
represents af@babilistic gependence, Far one varialle it-has,ore CPT depicting all the

probabilisticependenciesit hids. toimodeccdlinected by arcs.

DAG could be built with the use of a search algorithm and as the DAG is completed the
learning process should be done. Learning a Bayesian network involves learning the
CPTs for each node in the DAG.

2.5.4. K2 algorithm
K2 is a search algorithm which commonly used in leaning Bayesian Networks. Given a
set of instances, this algorithm heuristically searches for the most probable belief

network structure.
Pseudo code of the K2 algorithm is explained in Figure 2.5.1 [29]
Where,

;- set of parents of node x;
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15.
16.
17.

procedure K2;
{Input: A set of n nodes, an ordering on the nodes, an upper bound u on the

number of parents a node may have, and a database D containing m cases. }

{Output: For each node, a printout of the parents of the node.}
for i:=1ton do

=0
PB4 := f(i,m); {This function is computed using Equation 20.}
OKToProceed := true;
‘While OKToProceed and |7 < u do
let z be the node in Pred(z;) - m; that maximizes f(i,m; U {z});
Frow = f('isﬁi U {Z}:l,
if Poew > Fog then
Py = Pnf.u,
m=m U {z}
else OKToProceed := false;
end {while};
write('Node: ’, x;, * Parent of z;: ",m;);

18. end {for};
19. end {K2}:

Equation 20 iz included below:

q; = 9]

s _":_H,‘_ T —\l H.:,;_-:_-f

S0, ] Ko+ €1
éwé Ftgure 2:5-1 Pseudo €qte o t2atgorithn{204

@; — list of all possible instantiations of the parents of x; in database D. That is, if

P1y » Ps
P1

= Vil

are the parents of x; then @; is the Cartesian product

}X X {Vl e vf;ss} of all the possible values of attributes p; through p,

V; - list of all possible values of the attribute x;

a;j, - number of cases (i.e. instances) in D in which the attribute x; is instantiated with

its k" value, and the parents of x; in 7r; are instantiated with the j* instantiation in @,

29



N = ;izl a;ji - That is, the number of instances in the database in which the parents of

x; in m; are instantiated with the j** instantiation in®;.

The informal intuition here is that f (i, m;) is the probability of the database D given that

the parents of x; are m;.

2.6. Classifier Evaluation
According to Parag[8], in comparing the classifiers they have suggested several criteria
which include

1. prediction accuracy
2. top 10% deciles lift and
3. area under receiver operating characteristics (ROC) curve (AUC)

The accuracy is measured as either the total number of correct classifications or
percentage ofseorrect classifications. But,fit may not be:a gpod performance metric when
the data sets% biased #athattheyl haveuneyven distribuiiom af. examples belonging to
any one partjcular classiSensitivityrandcspecificity are useful criteria when datasets are
biased. When it is dealing with sensitivity and specificity, accuracy was predicted as

follows.
Assume a binary classification problem with two classes, positives and negatives.

TP= correct classification belonging to the positive class
TN= correct classification belonging to the negative class
P=number of examples belonging to the positive class
N=number of examples belonging to the negative class

sensitivity=TP/ P
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specificity=TN/N

accuracy=sensitivity*P/(P+N) + specificity*N/(P+N)

In churn predictions sensitivity is very important. Because identifying a non-churning
customer as a churning customer is acceptable but identifying a churning customer as a

non-churning customer is risky.

2.6.1. ROC curve/ AUC
ROC is drawn by plotting sensitivity (true positive rate: TPR) values on y-axis and false
positive rate (FPR) (1-specificity) on x-axis. Each prediction result represents one point
in the ROC space. ROC curve requires classifiers to generate continuous value
attributes. If a classifier generates discrete output then ROC curve cannot be drawn, and
only sensitivity and specificity ratios can be reported. Area under ROC curve is a

measure of | lassifier has an area under

the curve of Qm € forva berfact classifier s Egdal-to 11 The‘ebtimum curve is to be
towards the Sﬁﬁer HFHand corner of the-tls

T

Top 10% decile lift performance metric has also been used to evaluate classifiers in
churn studies. The higher value of top 10% decile lift is a hallmark of a good classifier.
Decile lift measures the increase in the proportion of the labels of the 10% nearest
neighbors of an item having the same class as the item over the proportion of the class

across all items, except the tested point.

2.6.2. Liftcharts
The ratio between the results from a model at the presence and in the absence of the
model is denoted by the lift [31]. Its graphical representation is given by the lift chart.
The lift chart is plotted with lift against Rate of positive predictions (RPP) and the higher

the area under curve, the better the model is.
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2.6.3. Precision recall (PR) curve
PR curve is an alternative to the ROC curve which is used when the differences in
algorithms are not apparent. While ROC is plotted TPR against FPR, PR curves are
plotted with Recall against Precision.
Precision = TP / (TP+FP)

Recall= TPR = TP/ (TP+FN)

Therefore, precision is also called Positive Predictive Value (PPV) and recall is also
called sensitivity. Even though ROC curves are commonly used in presenting results for
classification problems, it has observed that PR curve gives more useful information
regarding the model when the datasets are highly skewed [30] and classification is
binary [40]. Further it [30] has shown that an algorithm that optimizes the area under the
ROC curve is not guaranteed to optimize the area under the PR curve. For different
classifiers with same ROC curve, it can have different PR curves due to its high

sensitivi WVE he class ske [.Was sai t AUC of 0.5 ¢ R curve, shows a

considerablygagd madel.
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CHAPTER 3 - DESIGN

3 Design
This chapter describes how the Tool was designed to meet the identified requirements.

The chapter gives an overview to the design and illustrates each module separately.

3.1 Overview of Design

Our main objective was to customize the general purpose gaKnn framework as a
comprehensive tool which could be used in churn prediction. As it was discussed in the
previous Chapter, a classification task was to be carried out by the new tool mainly
based on the K nearest neighbor and Genetic Algorithm concepts. The framework was
accordingly designed to meet the principles of churn models while preserving the key
concepts of KNN and GA.

We introduced new pre-processing steps to handle outliers and missing values. It also

contains

We introdugedsan improvement ito the existing simitarityt measurs to cater different

data types specifically

In order to address the class skew which is inherent to churn datasets, the approach
suggested by Liu and Chawla [27] was incorporated in the tool. In another point of view,
it added a weight to the vote for the probable class label of each instance. The idea of
instance vote weighting is to improve the possibility of selecting as the class label

providing more weight to the most probable class.

Apart from the later said approach, we suggest weighting instance votes with Naive
Bayesian Probabilities. Bayesian classifiers have proved to be more accurate
theoretically but due to practical issues which are of major assumptions such as class
conditional independence, Bayesian classification has led to reduced accuracy. But it
was noted that Bayesian classifiers have proved to be useful in justifying other

classifiers.
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Figure 3.1-1 Design overview of the Tool
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We introduce Naive Bayesian Probabilities as votes to each individual instance. We
expect to strengthen the probability of selecting the class label predicted by gaKnn with

the Bayesian vote.

In the framework, validation was performed by splitting the training data in to portions
of 2/3 as the train set and 1/3 as the test set. Similar to the methods used in WEKA[20],
to improve the evaluation criterion we designed to add three other options for validation;
to use the train set itself, use cross validation and to use a separate test set.

One of the most important aspects of a churn prediction tool is the interpretability of the
data and its results. Hence, we designed a graphical user interface (GUI) of which the
user was provided with the most important features of a churn prediction tool. It
provides the user, the ability to visualize the data in terms of its distribution, presence of
outliers and a statistical overview. The tool also provides the facility to visualize the
churn results along with the prediction accuracies.

3.2  Pre-BfpcessingSteps
It was obsenved that ‘more ‘prélbrocessing-stéps wWere réadirdd to mline the current
framewc Ear & 1R T e math b ae-+ah values.

3.2.1. Outlier handling
For a given dataset, certain few data points could be identified as outliers claiming (most
often) that those data points fall beyond a legitimate range. If classification is performed
by training a model with datasets which outliers are present, it is very often probable that
the model compromise its accuracy, because of the influence of outliers on the other
training data. Therefore, regardless whether those outliers are due to errors in data it may
remove before classification. Because removal of such data being counted to few data
points among the whole dataset and would not make a significant impact on the size

representation of data.

As it was shown in the work carried out by Osborne and Overbay [28],removal of the

outliers has a strong effect on the classification result. Therefore the two methods,
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removal and truncation were used in designing strategies to handle outliers. The removal
method was designed to remove the outliers which fell beyond some accepted extreme
values and the truncation method was designed to replace the outliers with the accepted
extreme values. In both the cases, accepted extreme values refer to the boundary values

which are not identified as outliers.

A number of attempts have been made to detect and handle outliers and extreme values
with different approaches. As a common practice in most of the outlier handlers, the
values falling 1.5 x IQR beyond the third quartile (Q3) and below the first quartile (Q;)

were considered outliers;
where Inter Quartile Range (IQR) = Q3_ Q4

As stated by Songwon [32], work carried out by Tukey had suggested a similar method
that can detect outliers. In his method he had introduced the concepts of inner fence and
outer fence (hox plot concept). Inner fences lie at a distance 1.5 X IQR below Q;and
1.5 X IQR aBove Q3 while/outeri fencesVie atialdistance 3 XdQRelow @ and 3 X IQR
above Q;. A?yalue feH'between the inner-antd odter'fences'was considered a possible
outlier and a vatue fell beyond the outer fence which is an extreme value was considered

a probable outlier.

WEKA machine learning tool uses a similar approach to detect and handle outliers. It
has defined lower and upper outlier thresholds as well as lower and upper extreme value
thresholds.

lower outlier threshold = Q; — 3 X IQR
upper outlier threshold = Q3 + 3 X IQR
lower extreme value threshold = Q1 —3 X 2 X IQR

upper extreme value threshold = Q3+ 3 X 2 X IQR
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Based on the technique in WEKA, we designed inner fences and outer fences to detect
outlier and extreme value thresholds. In one of our methods, we designed to remove the
values falling beyond and below the upper extreme value threshold and lower extreme
value threshold respectively. In the other method it was designed to replace the values
falling beyond the upper extreme value threshold with the upper outlier threshold value
and the values falling below the lower extreme value threshold with lower outlier

threshold value.

In the meantime, it was stated that [32] [33], those outlier detection methods might not
be very suitable when data is skewed. Hubert and VVandervieren [33] suggest a method to
improve standard boxplot to detect outliers in skewed data. In their adjusted boxplot
they have defined the fences to be asymmetric around the box. They have used the
concept of MedCouple (MC) [34] to define the new thresholds.

Given a dataset X,, = {x, x5, ..., x,,} from a univariate distribution where it is sorted

asxy <

) 3 ) 8 L1 JC 1. GUU . 1 U Ao
n?

Where med),- median of X,,
x; < medy < x; X; # X;
The value of MCshould lie between -1 and 1(—1 < MC < 1)
when, MC = 0 ; distribution is symmetric
MC > 0; distribution is skewed right
MC < 0; distribution is skewed left

IfMC =0

lower outlier threshold:Q; — 1.5 x e3¢ x IQR
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upper outlier threshold: Q5 + 1.5 x e*M¢ x IQR

IfMC <0
lower outlier threshold: Q; — 1.5 x e ™*M¢ x IQR
upper outlier threshold: Q5 + 1.5 x e3°M¢ x IQR

When MC = 0, it produces the standard box plot. In both the other cases, values that fell

outside the threshold values were considered outliers.

We incorporated the same principles in our tool and based on the new detection
criterion, outliers were handled by replacing and removing as it was done in the standard

way.

3.2.2. Missing value handling
The missing Malue handienafithe gakinnvirafiieworkireplaced:thedmissing values with the
default valuﬁaN Reptaceivent-of alt the missing valies'belonging to any data type
with common- NaN, led to other cfassification errors. Hence we introduced a missing
value filter to handle the missing values. From that filter, instances with missing values

were filtered out.

3.2.3. Data discretization
We decided that the theory introduced in the work carried out by Liu and Chawla [27] to
be used in our tool (Section 3.4). In order to build and learn the DAG for Bayesian
Network estimations, data required to be discrete. Experiments have shown that Naive
Bayesian classifiers work well with discretized features. Therefore a function was

designed to discretize the data.

In data mining context, discretization refers to converting the continuous features into
discrete features. Continuous values are reduced to ranges and each instance is given the

label of each such range. Discretization could broadly categorize as supervised and
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unsupervised. In supervised discretization, it uses information about the class labels
while in unsupervised discretization, it does not. Binning, histogram analysis, entropy-

based discretization are some of the popular discretizing mechanisms.

Equal width binning and equal frequency binning are two unsupervised binning
methods. In equal width binning, it divides the data into intervals of equal size and in
equal frequency binning, it divides the data into groups each of which contain equal
number of values. Binning is the simplest method for discretization and in our tool we

incorporated equal width binning as the discretization mechanism.

3.3  Distance Function and Similarity Calculation

Real world data are highly diverse hence can contain various types of data (numeric,
nominal, string etc.). It was observed that the gaKnn framework was not well
customized for different data types in similarity calculations. It addressed only nominal
data separately while all the other variable types were considered in one category. Hence

it was d 180 rean \larity cé n method so it could address

more types of Bdia separately,

Distance functic )ere designed” for nomi separately and a
default function was designed to manage other data types. Decision was taken to address
numeric data separately since, in a real world dataset most common types of data

represent the two types nominal and numeric.

Similarity between two instances x; and x; of attribute n was calculated as;

m(x, 1) = ——
sim(x;, x; _dist(xl-,xj)

3.4  Data Skew
Data skew is a major issue in classification. We introduced two instance weighting

methods to address the biasing issue.
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3.4.1. Class confidence weights

The concept suggested by Liu and Chawla [27] was incorporated in to our tool. The
theory and concept was built as follows.

As it was stated in Section 2.5.1, mixture modeling was used to calculate ccw values of

numeric data while Bayesian Networks were used to get ccw values of nominal data.

It was considered that the datasets which the tool has to handle follow a Gaussian
Mixture Distribution. Then, to obtain the ccw values of each instance, pdf of the

distribution is to be calculated. The pdf of the mixture distribution could be denoted as in
Equation 2.5-5.

q

P(x10) = )t P(xI0m)

m=1
Whereg - number of components
M ;ﬂpln AF +rqinii'!g dﬁ'ﬁ'ﬂ
-3
=rree,, - MIXimEvprobabilities
0 ={61,..,0q, a1, ...,a4}

Gaussian distribution of data could be given as in Equation 3.4-1

—(xg—rcy)?

Za%i

1
p(xlc;) = 21:1\/2—73 Equation 3.4-1
¢

Where c; — value of the class 7
o, — standard deviation of class 7
K¢~ mean of class 7

x,, - value of the k" attribute

40



In churn prediction context, we consider only the possibilities; churning and non-
churning. Therefore, it is a two class problem. In applying the mixture model concept,
we considered it a 2-component mixture. In this text, the 2 components have been
numbered ‘1’ and ‘2°. We consider that the parameters of component 1 category
represent the churners and the parameters of component 2 category represent the non-

churners.
Therefore, g =2 and Equation 2.5-5 could be written as,
p(x|0) = $n=1 a,p(x|0,,) Equation 3.4-2

= a1p(x6y) + azp(x(6;,)

—(xg Mel) —(xk—ﬂez)

202
o [ Y
0'91 0'92

2092

p —number gfattributes (features) of the train sample

e
Equation 3.4;—%fcould beapplied to alt thesiristances in'the‘training data through all the p

attributes.

The log-likelihood of a g-component mixture could be stated as;

n
log p(/9) = lognp(xilé)
i=1

n q
= Y 10g ) @up(ul6,)
i=1 m=1

Therefore, for 2-component mixture,

n 2
logp(Q|d) = Zlog Z A D (X;|On)
i=1 m=1
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n
log[ayp(x;[61) + axp(x;162)]
i=1
Where n—number of instances in the train data
The log-likelihood was calculated using the EM algorithm.

During the E-step, the expected values (y;) are calculated for each g = 2 components.

Expected value of instance 7 when the class label is one, could be given as in Equation
3.4-3

i ai1p(xi|61) .
e Equation 3.4-3
V1= Sk ap(ailon ‘
a1p(x;16,)

g p(x161) + aap(x)6)

Wheg—%lrepresent the! rrean ‘and“varfance' oP‘thecrespective attribute given the

class-'lﬁa:bel one
M-step:

During the M-step, the mean and variance were updated with weighted means and

variances.

n iy

U= % Equation 3.4-4
i=1Y1
n ol 2

o'% = 2—1_11’;( ‘2"1) Equation 3.4-5

Y11

n i

a, = %},l Equation 3.4-6
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E-step and M-step has to be repeated for each instance in the train dataset, until y! is

maximized for each instance.

The results obtained were to be substituted in Equation 3.4-2 in order to get the ccw; of

each instance.

Bayesian network was designed similar to that in WEKA, for the estimation of
conditional probability values of nominal attributes. Then according to the breakdown in

Section 2.5, the ccw; values were calculated.

3.4.2. Naive Bayesian probability weights
We designed naive Bayesian probabilities to be added to the predicting vote in order to
increase the voting power of the neighbors. Class conditional probabilities of each
instance would be calculated based on the relevant prior probabilities obtained from the
training set. It should be noted that we do not predict the class label with naive Bayesian
approach. We supposed to take onty the calculated probability value which we would

consider as aVbte forithd predictionimade BYCAWPLiMized - KINN:tlassifier.

With naive Béyésian, we-Gould, calculate ppsteriori probabilities of a variable, based on

the prior probability of the given hypothesis.

To reduce the complexity of the calculation which increases with the number of
attributes, class conditional independence was assumed. Thus, the posteriori probability

could be given as in Equation 3.4-7
p(xlcy) = [lg=1p(xxlc) Equation 3.4-7
Where x—an instance of dataset
i—class label

n — number of attributes
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The class conditional probabilities are to be computed, also considering the types of

each attribute. If the attribute kis categorical,

number of instances of class c;having the attribute value x;,

x c. p— .
p(xilc) number of instances of class c;

If the attribute k& is continuous valued then, assuming the Gaussian distribution with

mean p and standard deviationa, p(x;|c;)could be defined as

p(xilc) = g(x, pe, 0c,) Equation 3.4-8

—(xg—pcy)?
1 Za%i

Whereg(x, te, 0¢,) = o€

Laplacian correction was incorporated to avoid the issue of zero probability.

Laplacian correction:If zero probabilities were encountered it increases the count by

one consequently increasing the denominator by one.

Final value fﬁ?garobability is calculated.as.givenrify Eguation 3.4-9 which would be used

as the Naive;'B;a_yesian weight i thetool;

conditional probability = p(x|c;).p(c;) Equation 3.4-9
3.5 Testing and Validation Options

The classifier was designed to validate classification under several categories. Three

more options were introduced.
i.  Use the training set

The dataset used for training the classifier was used as the validation set. Use of same set
for training and evaluation may lead to over-fitting but a proper trained classifier would
give 100% accuracy when the same set is used. This method evaluates how well the
classifier can perform on data which it was trained. This method is used when there is

only one data set which is not very large.
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ii.  Use cross validation

Cross fold validation was implemented as another mechanism to evaluate the goodness
of the model. Cross validation is useful and proven to be accurate in validating a model

when only one dataset is available and it is comparatively small.

In k-fold cross validation, the known dataset is divided into k folds. The entire dataset is
divided into non overlapping k folds roughly of the same size and one such fold is taken
as the test set and the remaining k-1 folds are taken as the training set. This entire
process is repeated for k times hence each instance in the dataset is considered as a test

instance only once and as training instance in k-1 times.

In gaKnn framework, GA algorithm has been used to optimize the k value and to
prioritize the attributes by weighting them. The k value is decided by the fitness of each
instance in the population. A repeated process is carried out to find the best fitted
chromosome and thereby decide the k value as well as the weights obtained for each

attribute
AT

€3

The con "wn}ra e_far_cress. validatiomis llated for each of

the itera
iii.  Use a separate test set

In this method a separate dataset is used for evaluation independent of the train set
which would be used to train the classifier. When the test data is different from the train
set, the evaluation is more reliable. Preferably be used when two or more datasets are

available which are drawn from the same domain.

3.6  Graphical User Interface (GUI)

Interpretability is one of the very important aspects in a churn prediction tool. We
introduced a GUI to the framework in order to make it more user friendly and business
oriented. Business personnel should be able to make business decisions with the support

of the tool. GUIs are used to simplify the interaction between the computer program and
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the user by representing them as visual elements. Thereby most of the technical details
are masked to the user and he can freely interact with the program which is then

attractive to non-technical people. Integration of GUIs could enhance the productivity as

it facilitates multitasking.

Feed the training data

Y
|: Proceed for trainning
Wiew data distribution
«69[ parameters, test options and evaluation ap{lm%

Handle missing values

Handle outliers

- _\“— —-’/ .

P
l'\ Load the model |
y W

o

Evaluate the model Wiew results

- — Y/
(Hi—'- weight options —| Feed the unknown daiasei} 4
—

e ™y
|L Save the model )

. .y

Edit and save

Figure 3.6-1Activity flow
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The designed GUIs contain only the most important features of the system which a
business user has to handle. But it could be extended with the addition of new features to
the tool.

Figure 3.6-1 illustrates the basic functionality flow of the Tool. GUIs were designed in
order to cater all those main aspects shown by the figure. Indicated in blue color are the

processes which are optional to be carried out.

3.7  Saving the Model for Re-Use
By saving the model, we expect that the Tool could be used on similar test samples

without training the Tool to obtain the optimized parameters at each run.

The optimized k value and the attribute vectors are stored in an xml file. But, such a
model which is to be used in KNN classification requires information regarding the data
which it was trained on. Therefore we designed to store information regarding the

training data along with the optimized parameters.

Then the us?"gan directly load the-saved magdelyyhich contains the optimized k value,
weight vectq‘ﬁ‘_é_hd infermationkegarding. training data to predict the class label of a test

sample of the same domain.
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CHAPTER 4- IMPLEMENTATION

4 Implementation
This chapter elaborates the technologies used in implementing the design described in
the previous chapter. The chapter also explains how the Tool could be used for churn

prediction.

4.1  Implementation Environment and Process
The gaKnn framework was implemented in java and has used JGAP 3.3.3 library for GA
implementation. Hence, additional enhancements as well as the Tool were implemented

in the java environment using the technologies which are compatible with java.

The R language (Section 4.1.1) was used in implementing certain modules for statistical
calculations and graphing. R 3.1.3 was configured in the Tool. After installing the R
platform, rJava package has to be installed which has the three important libraries;
JRIENgi

- m v 114 ) e\ l £ 1 1
The libraryi&esircsv-23dgant was usellio handle CHY datafilesith the GUI. Itis an
open source=gSV parsan torljavalNVhed. usi to make sure its

COmpatiLJlllLy vviui Ju.vu. Citviiviniicli.

4.1.1. R language
R is a programming/ scripting language which has convenient features for statistical
evaluations and graphing. It performs on variety of platforms including windows

environment, UNIX based platforms and MacOS.

JRI is the Java to R interface and rJava is the R to java interface which facilitate
communication with R and java. As rJava is installed, it adds-up the three important
libraries JRIEngine.jar, JRI.jar and REngine.jar.

R code could be included within the java code or it can be written as R scripts which
could be called from the java code. Both the methods have been used in our work.
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4.1.2. Process implementation
Outlier handling
All the four outlier handling techniques were implemented with R language. Constraints
of each technique were programmed into R scripts which were called from the java

code.

Missing value handler

This was implemented with java.

Data discretization
Equal width binning technique was implemented with R language.

Similarity measurement/ distance function
Numeric representation of data was used for the distance and similarity calculations.

Distance fungfr?n for numerical .attriQutes was, defined as a Euclidean distance function.
Since the standard Euclidean distance, may not perform well in high dimensional data,

attribute vvelghts were incorporated in the distance function as follows.

distance(xy,y,) = Z wy (g, — i )?

Where x, and y, are data values of k" attribute
n - number of attributes
wj, - weight of k" attribute

Manhattan distance is an alternative to Euclidean distance with less computation cost.

Hence, it was defined as the default distance function.
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distance(xy, yi) = wi | (xx — yio)l
The similarity value was obtained as

1
h=q distance(xy, yi)

Similarity(x,, yy) =

Fitness function

The following fitness function was used.

fitness = /1/ Til(l - Conﬁ-)z\X 100
/e

Where m is the number of instances in test data

~ yal 4 Ci A V. Artrmmilavidi s mmAmmrirAn ~L snsdaiAle Y77/ 1A
€) ¢ | f whicl the vote on class

index C; ™

abd

Instance weighti

1. Class Confidence Weights
The design in equations 3.4-1, 3.4-2, 3.4-3, 3.4-4, 3.4-5 and 3.4-6 were
implemented with java. Equation 3.4-3 to 3.4-6 denote the relevant values when
the class label is one, hence similar implementation was carried out for class
label zero.
For the Bayesian Network implementation [39], initially the conditional
probability values were calculated and stored in a separate file which could be

used while traversing through the instances.

2. Naive Bayesian Weights
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The design in equations 3.4-7, 3.4-8 and 3.4-9 were implemented with java. The
values obtained by Equation 3.4-9 were used during KNN label prediction as a

weight.
Training and validation options
The three techniques described in the Chapter 3 were implemented.
Data/Results analysis and graphing

The Tool provides a graphical overview of the data read to it. Thereby the user is

provided with an overview of the distribution of the data (Figure 4.1.1).

| Scatter Plot wiew [{Bar Plot View |

|

areacode internationalplan

20

u ]
a0

a0 100

1]

408 415 510 1] 1

values values

Figure 4.1-1 Graphical View of Data

The main Interface of the Tool is where the user could set necessary optimizing

parameters as well as select the optimizing options (Figure 4.1.2).
Tool has simple GUIs for data preprocessing (Figure 4.1.3).

The Tool provides a better interpretation of the results of all the tests performed. The
most important result from the Tool is the predicted churners (Figure 4.1.4, Figure
4.1.6).
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Most of the graphs were sketched using R Language. Accuracy measurements were also
implemented with R providing a graphical view (Figure 4.1.7).

Input & knonn deta sample...

View Statistics

visualizz All

Pre Process Data

Figure 4.1-2 Interface to feed data
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i/ Rligsing Vetue pamdief < Save F\s..j
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Select outlier detection method:

Qutlier Remover

Outlier Replacer

Figure 4.1-3 Data Preprocessing Window
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Saving the model for re-use

The model is saved as an xml file. That contains the optimum k value, weights on each
attribute and information about the training dataset such as the name of the dataset.

KNN classification relies on classifying an unknown tuple based on some known data.
That is, it requires training data during the classification of the class labels of the
unknown data. Therefore when saving the model it has to consider the fact that
information regarding the training data are also saved in the model since the training

data is required during the classification.

The model is automatically saved with the completion of the optimization and training
process. The model is saved as an xml file with the file extension .prm of which the

name is the file name of train data file.
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CHAPTER 5- TESING AND EVALUATION

5 Testing and Evaluation
This Chapter describes how the Tool was tested on different sets of data and the

performance of the Tool in different situations.

51 Testing the Tool
In order to test the goodness of the Tool, test goals were set up based on our objectives.
Then the designed tests were performed and the results were gathered to check whether

the goals are met or any deviation thereof.
5.1.1 Testgoals
The Tool was tested for the following features.

1. Usability and adaptability

This featureids ESwhethanther teal, ean bandle differant n datasets when

different patameter valles are pravide:
2. Accl
This feature is to check whether the Tool provides a satisfactory level of accuracy.

The churn prediction Tool was built based on the gaKnn framework which was proved
to provide a good level of accuracy for general datasets. Hence we have tested whether
the Tool could also provide a good level of accuracy for churn prediction.

We have introduced two instance weighting mechanisms to the Tool and we tested the
variation of accuracy when those weights are used against when no such weight has

been applied during the prediction process.

The gaKnn framework has used the percentage split as the option for obtaining the

training and validation sets during training and we have introduced another three
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methods similar to WEKA. In this scenario we tested only the variation from the original
option between the new methods.

Then, the four outlier handling mechanisms were also tested for accuracy. In this
scenario, variation of accuracy when outliers were handled versus when outliers were

not handled was tested.
3. Interpretability and user-friendliness

This feature checks three aspects of the Tool. They are,
i.  whether the graphical user interface provides useful guidance in proceeding
through the process
ii.  whether the user can use any churn data set for churn prediction with
minimal effort
iii.  whether the churn results are presented in an effective manner
4. Suitability
This feattife checks iwhethér the Vool dould beyused:efitectively for the churn
pred fio&sk

512 7

The Tool was tested for the features described in Section 5.1.1 with three data sets
(Table 5.1-1).

Among the three datasets, Datasetl has been widely used in researchers carried out for
churn prediction [35][36].

Testing Environment

Processor: Intel(R) Core(TM) 2 Duo CPU, 2.00 GHz, 2.99 GB of RAM

Operating System: Microsoft Windows XP, professional version 2002, service
pack 2

Supplementary Software: jdk 1.6, R 1386 3.1.3
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Dataset Dataset 1 [19] Dataset 2 [37] Dataset 3 [38]
Name of the Dataset | sgi-churn data churnReduced unitedReducedChurn
Number of Instances | Train set: 3333 42,909 7344
Test set: 1667
Number of Attributes | 19 6 3
Types of Attributes Numeric, Numeric, Numeric,
Nominal Nominal (only the | Nominal
class label)
Missing Values No No Yes
Class Distribution Positive: 483 Positive: 3153 Positive: 3672
Negative: 2850 Negative: 39,756 Negative: 3672
(only train set)

Testing Process

Table 5.1-1Tested Data

Initially, the ghree datasets were tested with WEKA and.campated the results by testing

the same da%éts with-the-daok Thenceacdate setwas iested for accuracy of each

voting methbtjseparately. Outfienhandled land missing value handler were tested each

with one data set.

Comparison to WEKA

Six random samples were drawn from the three datasets as train sets and test sets. Those

sample data sets were tested with the Tool and with WEKA to compare the level of

accuracy produced by the Tool.
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Number of Instances in train set: 1199

Distribution - Positive: 149

Negative: 1050

with Tool with WEKA
Evol: 4, pop: 15 . _
Weight: no weight [elkiliss
AUC 0.651 0.644
Lift 2.834199 -
Ereeilion 0.344828 0.389
Recall 0.410959 0.096
ERETE 0.375 0.153995876
TP 30 7
TN 470 516
FP 61 11
EN 58 66
Correctly Classified 87 17%
Instajiees 83:38%
é‘“’é Table 5.1-2.Results for sample drawn from dataset 1
Number o{Rstangssin trainsgt: 1500
Distribution - Positive: 96 Negative: 1404
with Tool with WEKA
Evol: 5, pop: 15 : _
weight: Bayesian Bk / k=5
AUC 0.515 0.588
Lift 2.901354 -
Precision 0.1818182 0
Recall 0.04255319 0
F1 Measure 0.068966 0
TP 2 0
TN 694 702
FP 9 1
FN 45 47
Correctly Classified 92.80% 93.6%
Instances

Table 5.1-3 Results for sample drawn from dataset 2
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Number of Instances in train set: 1200
Distribution - Positive: 607 Negative: 593
with Tool with WEKA
Evol:4 pop:15 ; _
Weight:no weight IBKYKSS
AUC 0.779 0.573
Lift 1.672175 -
Precision 0.8458418 0.539
Recall 0.6869852 0.55
F1 Measure 0.75818184 0.544444444
TP 417 322
TN 517 340
FP 76 275
FN 190 263
Correctly Classified 77.83% 55.17%
Instances

Table 5.1-4 Results for sample drawn from dataset 3

Training set?@ used-as the test.optign in both instances. In.WEKA k value was set to 5
as Tool’s iniﬁ:ai k value . was;iset, to: 3, ~-Igsts performed and results were recorded as

denoted from _Table 5.1-2 to Table 5.1-4

Three data sets were tested separately for accuracy of each voting method, outlier and

missing value handling.
Dataset 1:

Random sample of 1199 from the train data were taken and tested under the 12 test cases
denoted in Table 5.1-5 and the model was evaluated on a random sample of 600 taken

from the test data. Evaluation results were recorded in Table 5.1-6
Class distribution of the train set: Positive — 149, Negative - 1050

Parameters:- Number of Evolutions: 20 Size of population: 20  Mutation: 1000

60



Instance Weights

No Weight Bayesian Weight CCw
1) AUC: 1.000 2)AUC: 1.000 3)AUC: 1.000
Train set Lift: 8.04698 Lift: 8.04698 Lift: 8.04698
Time: 17 mins Time: 14 mins Time: 2 hr 38 mins
4) AUC: 1.000 5) AUC: 1.000 6) AUC: 0.570
s
= CVv Lift: 8.040268 Lift: 8.040268 Lift: 3.654667
@)
c
'S Time: 2 mins Time: 4 mins Time: 40 mins
|_
7) AUC: 1.000 8) AUC: 1.000 9) AUC: 1.000
Perggﬂttage Lift: 9.068182 Lift: 9.068182 | Lift: 9.068182
7 Time: 4 mins Time: 10 mins Time: 1 hr 14 mins
() 1OpAUC OH98cs & TM)iAUEaER3NS 12) AUC: 0.523
e Lift: 0 Lift: 1.315068 Lift: 1.33284
Time: 19 mins Time: 26 mins Time: 1 hr 35 mins
Table 5.1-5 Comparison between different training options
Train | Weight | AUC Lift Precision Recall F1 Measure | FN
case option Value
No:
1 no weight | 0.518 | 4.109589 0.5 0.04109589 | 0.075949366 | 70
bayes 0.618 | 1.730353 0.210526316 | 0.493150685 0.295081967 | 37
ccw 0.54 | 1.761252 0.214285714 | 0.164383562 0.186046512 | 61
2 no weight | 0.525 | 5.479452 0.666666667 | 0.054794521 0.101265824 | 69
bayes 0.623 | 1.820704 0.221518987 | 0.479452055 0.303030303 | 38
ccw 0.573 | 2.680167 0.326086957 | 0.205479452 0.25210084 | 58
3 no weight | 0.565 | 1.967972 0.23943662 | 0.232876712 0.236111111 | 56
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bayes 0.565 | 1.967972 0.23943662 | 0232876712 0.236111111 56
cew 0.579 | 2.27608 0.276923077 | 0.246575342 0.260869565 | 55
4 no weight | 0.607 | 6.921413 0.842105263 | 0.219178082 0.347826087 | 57
bayes 0.621 | 1.718133 0.209039548 | 0.506849315 0.296 | 36
ccw 0.616 | 2.630137 0.32 0.328767123 0.324324324 | 49
5 no weight | 0.554 | 4.35133 0.529411765 | 0.123287671 02| 64
bayes 0.621 | 1.797945 0.21875 0.479452055 0.300429185 | 38
cew 0.61 | 2.589604 0.315068493 | 0.315068493 0.315068493 | 50
6 no weight | 0.565 | 3.287671 0.4 0.164383562 0.233009709 | 61
bayes 0.6 1.71003 0.208053691 | 0424657534 0.279279279 42
ccw 0.599 | 2.538276 0308823529 | 0287671233 0.29787234 52
7 no weight | 0.506 | 1.643836 0.2 0.02739726 0.048192771 71
bayes 0.541 | 1.268392 0.154320988 | 0342465753 0.212765958 48
ccw 0.531 | 1.494396 0181818182 | 0164383562 0.172661871 61
8 no weight | 0.535 | 1.590809 0102549297 | 0 164282552 0.177777778 | 61
bayt%s 0.535 | 1.590809 0/1.93548387| 164833562 0.177777778 61
Cé]ﬁ% 0:523 .1 .1.369863 0166686467 401506684982 0.158273382 62
9 no w(i_i'ght 0,499 0 0 0 0| 73
bayes 0.567 | 1.418787 0.172619048 | 0.397260274 0.240663901 44
ccw 0.522 | 1.393081 0.169491525 | 0.136986301 0.151515151 63
10 no weight | 0.522 | 1.315068 016 0164383562 0.162162162 61
bayes 0.522 | 1.315068 016 0164383562 0.162162162 61
ccw 0.522 | 1.315068 016 0164383562 0.162162162 61
11 no weight | 0.523 | 1.33284 0.162162162 | 0.164383562 0.163265306 | 61
bayes 0.523 | 1.33284 0162162162 | 0164383562 0.163265306 61
ccw 0.523 | 1.33284 0162162162 | 0.164383562 0.163265306 61
12 no weight | 0.497 0 0 0 0| 73
bayes 0.538 | 1.211247 0147368421 | 0383561644 0.212927757 45
ccw 0.511 | 1.157631 014084507 | 0.136986301 0.138888888 | 63

Table 5.1-6 Comparison on different test options
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The Outlier handler was tested with the original train data set (the dataset with 3333

instances). The tests denoted in Table 5.1-7 were performed and the results were

recorded. Along with the tests by the Tool outlier handled files were also tested with

WEKA and the results were recorded in Table 5.1-8.

Both the tools were trained with the outlier handled data set and were evaluated on the

test set.

Churn Prediction Tool was trained and tested with the following parameters:

Number of evolutions: 30 size of the population: 20 mutations:
1000
Num.
Outlier Instances Lift Correctly
Handling in AUC value TP TN FP | FN | Recall | Classified
Method resultant Instances
file
Original fi , BAiveka3ty 8729983 4111Y 26| |l 0.07589 | 86.56%
Outlier Remoyal™, ‘
- Ve %‘fj I (
with Tuke =
Method = 331V v A.6051116(392728 0.22321 | 88.42%
Outlier Re
with MedCouple 2511 0.618 | 5.41234 56 1422 21 168 0.25 88.66%
Outlier Replace
with Tukey's
Method 3333 0.577 | 1.993383 | 60 | 1279 | 164 | 164 | 0.26786 | 80.32%
Outlier Replace
with MedCouple 3333 0.518 | 1.517294 | 21 1361 | 82 | 203 | 0.09375| 82.90%

Table 5.1-7 Comparison outlier detection/handling methods- with Tool

WEKA was trained and tested with iBk classifier for k=5 and no distance weight was

used.
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Num.
. . Instances . Correctly
O“t",f/lret"'hirc‘jd"”g in | AUC Vlzlllflje TP | TN | FP | EN |Recall | Classified
resultant Instances
file
Original file 3333 0.722 | N/A | 31 | 1415 | 28 193 | 0.13839 | 86.74%
Outlier Removal with
Tukey's Method 3331 0.727 | N/A | 31 | 1415 | 28 193 | 0.13839 | 86.74%
Outlier Removal with
MedCouple 2511 0.688 | N/A | 30 | 1421 | 22 194 | 0.13393 | 87.04%
Outlier Replace with
Tukey's Method 3333 0.913| N/A | 135 | 2824 | 26 348 | 0.27950 | 88.78%
Outlier Replace with
MedCouple 3333 0.636 | N/A 9 |1433 | 10 215 | 0.04018 | 86.50%

Table 5.1-8 Comparison outlier detection/handling methods- with WEKA

Dataset 2:

Two samples were drawn from the dataset of 1500 instances and 750 instances where

the first sample was taken as the train dataset (ChurnReducedTrainSet_sample.arff) and

the later as the test dataset (ChurnReducedTestSet_sample.arff).

Class distrib%h of thd draincseti PoSHivec<98; Negativera 404

The tests in Table 5.1-9 were performed and results were recorded

Parameters:- Number of Evolutions: 4

Size of population: 15 Mutation: 1000

instance weight

Train Option

no weight Baye3|an CCw
weight
) 1) AUC: 1.000 | 2)AUC: 1.000 | 3)AUC: 1.000
Train set
Lift: 15.625 Lift: 15.625 Lift: 15.625

Table 5.1-9 Results of training phase

64




Train AUC Lift Precision | Recall FN
case Value
No:
1 no 0.510 1.77305 | 0.11111 | 0.04255 | 45
weight
bayes | 0.512 2.12766 | 0.13333 | 0.04255 | 45
ccw 0.505 1.055038 | 0.06611 | 0.17021 | 39

Dataset 3:

The dataset was divided in to two parts as unitedReducedChurn_train.arff and
unitedReducedChurn_test.arff where the first file contained 6000 instances and the later
contained 1344 instances. The unitedReducedChurn_train.arff was used as the training

Table 5.1-10 Results of evaluation with test data

dataset while unitedReducedChurn_test.arff was used as the test dataset.

Class distribution of the train set: Positive — 3022, Negative - 2978

The tests in Table 5.1-11 were performed and results were recorded

Parameters:-?Nymber of'Evolutions:! 20 Swze-of popuiation: =20 Mutation:
1000 ==
instance weight
. Bayesian
no weight weight CCW
1) AUC: 0.755 | 2)AUC: 0.755 | 3) AUC: 0.773
Train set
) Lift: 1.685565 | Lift: 1.685565 | Lift: 1.663718
Train
Option
4) AUC: 0.801 | 5) AUC: 0.776 | 6) AUC: 0.786
CVv
Lift: 1.824151 | Lift: 1.613216 | Lift: 1.679289

Table 5.1-11 Results of training phase
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CaTSZa,'\I”O: AUC | LiftValue | FN
1 no weight | 0.515 1.042498 | 409
Bayes 0.523 1.048095 | 319
ccw 0.517 1.056267 | 438
2 no weight | 0.515 1.042498 | 409
Bayes 0.523 1.048095 | 319
ccw 0.517 1.056267 | 438
3 no weight | 0.515 1.042498 | 409
bayes 0.523 1.048095 | 319
ccw 0.517 1.056267 | 438
4 no weight | 0.555 1.135501 | 385
bayes 0.552 1.123793 | 376
ccw 0.572 1.114078 | 224
5 no weight | 0.524 1.051643 | 325
bayes 0.52 1.039822 | 302
ccw 0.54 1.118151 | 398

Table 5.1-12 Evaluated with test data

Since this dataset contained missing values, the missing value handler was tested with

the training %a{gset (unitedReducedChurn “train:arff):

First, the mi,'sSi‘ng values werelramoved-by the handler and then the resultant file was

trained to evaluate with the test dataset (unitedReducedChurn_test.arff)

The tests were performed and the results were recorded.

Parameters: Number of evolutions: 20 Size of population: 20 Mutation:
1000
Num.
Instances Lift Correctly
The file used in AUC TP | TN | FP | EN Recall | Classified
Value
resultant Instances
file
Original file 6000 0.523 | 1.048095 | 331 | 372 | 322 | 319 | 0.509231 | 52.31%
Missing value
filtered data
set 5805 0.533 | 1.072737 | 331 | 387 | 307 | 319 | 0.509231 | 53.42%

Table 5.1-13 Results for missing value handled data
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5.2 Evaluation
Test results were analyzed based on the features explained in Section 5.1.1. This section

elaborates the results for each of the feature so explained.
1. Adaptability

The three different datasets could be read by the Tool and could present their
distribution graphically. The Tool could also produce a statistical summary in terms of
mean, median, minimum, maximum, first and third quartiles for numerical data and

number of occurrences for nominal data.

The outlier detection module could handle all the three datasets. The Tool produced
similar accuracy with WEKA for Tukey’s method for outlier detection. For the
MedCouple outlier detection method all the three datasets produced better outcome. It
was observed that, removal methods scored better than outlier replacing methods in most

instances

Only on l‘i%’fgf}*@. G-H LSS Y ‘jl.tai HeS_dild. LNe 5i§\s:}:\gb Valu€ Nal 20U|d handle that

<)
.

dataset propetiy.
2. Accuracy

Comparison to WEKA

Table 5.1-2, 5.1-3 and 5.1-4 illustrate the comparison of the accuracy of the Tool with
WEKA. Table 5.1-2 shows that the AUC, Recall and the FN count are better in the Tool
than those of WEKA. The Precision and the amount of total correct classifications are
higher in WEKA. But the F1 measure shows better results with the Tool. The closer the
F1 measure to 1, the better the model is. Results show that most important factors of a
churn model were shown by the Tool.

67



Table 5.1-3 shows that the Precision and Recall are higher and the amount of FNs is less
for the Tool compared to WEKA. Therefore the results indicate that the Tool is better as

a churn tool than as a general classification tool like WEKA.
Table 5.1-4 shows that for all the metrics Tool produced better results for data set 3.

During the above comparison for Data set 1 and Data set 3 no weighting method was
used. That is because even without any voting on the prediction it could provide a

satisfactory solution.

Voting and training option

The Table 5.1-5 and Table 5.1-6 illustrate the results obtained at each train and test case
to test the vote weighting method when the Dataset 1 is used. Table 5.1-9 and Table 5.1-
10 shows the tests performed and results obtained for Dataset 2. Table 5.1-11 and Table

5.1-12 illustrate the relevant results obtained for Dataset 3.

According t@iTablel bulisbe rit pradiicedothel 1 highest it vallue. when trained using
percentage ﬁ andCitCgroduced the Coptimym  AUCTVAlleTat all the three training
instances ex-éébt whenh"it'used - the ‘teSt-sét during training. But when the model is
evaluated on the test data, the modei buiit by cross vaiidation produced the most

accurate results.

Comparisons of the results for different weights are shown in Table 5.1-6, Table 5.1-10
and Table 5.1-12. It was observed that the accuracy increases when the Bayesian

Weights or CCW were added to the prediction vote.

Figure 5.2-1 shows the deviation of AUC for the top five AUC values when different

weights were applied.
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Figure 5.2-1 AUC for different weighted votes
When the Lift value is considered, the highest lift values has been produced when no

weight is applied (Figure 5.2-2).

£ University of Moratuwa, Sri Lanka.
eI s & [Dissertations
& WW ks llb gt ac.lk
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o
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(]
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no weight =3
mil
0 2 4 6 8
Lift Value

Figure 5.2-2 Change of Lift value

False Negatives and Recall

The most critical factor in churn prediction is the prediction of churning customers as

non-churning customers. Because it avoids the service provider receiving any indication
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regarding the churning customer, thereby avoiding the retention campaigns reaching
them. Therefore the amount of False Negatives (FN) in a prediction plays an important
role in a churn tool. The lower the FN the better the churn model is. Table 5.1-6 shows
that Bayesian weight based predictions have the lowest FN values which were followed
by the CCW based predictions.

Recall is important in a churn model as the model needs to minimize the amount of FNs.
That indicates the amount of predicted churners out of the amount actual churners. Table
5.1-6 illustrates that Bayesian weight based predictions have high recall which were
followed by the CCW based predictions.

ccw

g
= m6
= bayes s
§° rivercitv of Maratuwa Sri T ank; ,

“ cciromic 'Thases (& (Dissertat
S ol . l [ | ml
Sy@aweighty W, 110, D117

HoaweightV WW 110 111 wa

0 0.1 0.2 0.3 0.4 0.5 0.6

Recall

Figure 5.2-3 Change of Recall

Outlier handling

The four outlier handling methods were applied to the original dataset and four different
output files were obtained. The files obtained were used for training the Tool and were
evaluated on some test data. The results were recorded in Table 5.1-7 and Table 5.1-8.

Table 5.1-7 indicates the results obtained by evaluating the Churn Prediction Tool. It
shows that the outlier detection method which uses the MedCouples has detected
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considerable amount of outliers. MedCouple method was proven to be suitable for
outlier detection when data set is skewed. Because, MedCouples are based on adjusted

box plots.

Removal of outliers detected with MedCouples produced better results in terms of AUC
when evaluated with the test data. At the same time, the MedCouple outlier handled files
produced the lesser number of FNs compared to other methods. It must be noted that for
a churn model, it is neither the amount of accuracy in terms of correct classification nor

the AUC alone indicate the most suitable method.

Table 5.1-8 depicts the results obtained when the outlier handled files created by the
Churn Prediction Tool were tested with WEKA. The results show that WEKA also
produces similar results. Therefore it could be stated that the outlier detection method

incorporated with the Tool is effective.

Missing vialiin handlina

The rest ;igﬁ[a. 5,1-13 shows that t \LJC_value and.the LI lue have slightly

-
\ s/

improved Whgithe missing. vialues are hangile
3. Interpretabiiity and usability

Tool was evaluated with several mechanisms and all such results are presented to the
user graphically as well as textually through the GUI. As the dataset is read in to the
Tool, the user is provided with the facility to view summary of the data graphically. A
statistical evaluation in terms of minimum, maximum, median, mean and first and third
quartile values for numeric data and number of occurrences for nominal data was also

provided.

For each training effort and for each evaluation effort the evaluation metrics ROC curve,
Precision Recall curve, Lift curve, area under ROC curve, precision, recall and lift value

were recorded. These results could be accessed through the GUI. During the training

71



phase, by observing the patterns in fitness and other evaluation metrics the user could
get the optimal model for evaluating.

The churn results were produced in an editable format so that the user could change data
by analyzing the trends in the original data. Thereby the user can re-check the edited
data for churn. The user was provided with the facility to view the trends in data while

editing the results.

The most probable churners could be viewed at the top of the list so that they could be
promptly targeted. Along with the list of churners, the probability each prediction is
provided. Therefore the service provider can specifically target retention programs

towards such customers.

The trained and optimized model could be saved and it could be used later. Thereby it

reduces the time spent on training the model.
Refer A|

X
4. Suitability’

The Too du counts which are

most important measures in a churn model.
The Tool showed better accuracy as a churn tool when compared with WEKA.

Therefore it could be recommended that this Tool is suitable for the churn prediction
task.

5. Performance

The time taken in completing the entire training and evaluating/ predicting tasks was
highly depend on the number of instances in the training data set and the number of

attributes in the dataset.
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Figure 5.2-5 Performance — Dataset 3
Figure 5.2-3 and Figure 5.2-4 shows that time taken rapidly grows as weighting option
changes from no weight, Bayesian weights to ccw. Time taken for the Dataset 1 was

larger than the time taken for Dataset 3.

Number of instances in Dataset 1 was lesser than that of Dataset 3 but number of
attributes in Dataset 1 was larger than the number in Dataset 3. When the number of
attributes increases it takes much time for the process of genetic algorithm features.
When the number of instances increases the computation of CCW takes much time.
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Therefore when both the number of attributes and the number of instances increases it

requires much computation time.
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CHAPTER 6- CONCLUSION AND FUTURE WORKS

6 Conclusion and Future Works

This Chapter concludes the work carried out in implementing the Tool and its
contribution for churn prediction tasks. Later part of the Chapter suggests extensions to
the current Tool.

6.1. Conclusion
Incorporation of the Bayesian weights and class confidence weights as votes for
prediction improved the accuracy of the classification. One of the most important factors
of a churn model which requires having lesser number for false negatives was achieved
by the incorporation of Bayesian weights and class confidence weights. That is mostly
by addressing the class skew nature which is inherent to most churn data sets.

Proper handling of missing values and outliers play a key role in classification. Results
also show impsovement when those-fastars were addressed. An gur scenario the datasets
that were u@fcontained eompardtively-a nvenylows amawit cof missing values and
outliers. The_kg-f_ore thevresults obtamediio the above tests improved slightly. But it could

have a significant impact when used with very large datasets.

Similarity calculation is also an important part in the implementation. Improvements

made to the similarity measurement had also contributed for better results.

Therefore, this Tool could be recommended as a comprehensive initiation for a churn
Tool which is consisted with,
v" Pre processing modules to handle missing values and outliers
v’ Data visualization facility
v Module for prediction with customizable value added feature
v' Data editing facility for further predictions with minimal effort
v

Presentation of churn results in human readable format
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The Tool also makes room for future enhancements.

6.2. Future Works
The Tool is implemented with the basic principles of KNN rules and GA. In KNN
classification, selection of k neighborhood plays a major role. With GA, an optimum
value for k is calculated and the evaluation process was supported by instance
weighting. For GA, definition of the stopping condition is an important task. In our
Tool, the user has to specify the number of generations the GA should evolve before
termination. Researchers have used different mechanisms for defining the stopping
condition [4]. Hence, a new more improved criterion could be introduced for the

stopping condition.

Our Tool provides a user about the future churners along with the confidence level
assigned to each of the predictions. Therefore, the user can immediately attend to the
most probable churners. This facility could be more extended to provide the user a time

frame as to when a particular customer would churn.

7
The outlier Eaﬂ'dling mechanisims indorporated Lin the ITaol atdress only the numeric

data. A modtietould'beintroddctd’to Rantlte outliers in nominal data.

Stratified 10-fold cross-validation is recommended over general k- fold cross validation
for accuracy estimation [12]. Hence, the Tool’s cross validation module could be

improved for stratified cross validation.

The calculation of the class confidence weights (ccw) was a repetitive task. Time taken
for calculations rapidly increases as the training data set grow. Therefore, the module

may be re-engineered to optimize the calculation task.

GUI could be enhanced with features which are more attractive to non-technical people.
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APPENDIX A — User Manual

gaKnn Churn Prediction Tool Version 1.0

User Manual

gaKnn Churn Prediction Tool is an easy way that you can get to know about the future
churners of your product or service. This provides simple and easy to handle, user
interfaces to get your work done. The Tool uses the key concepts of k nearest neighbor
classification and genetic algorithms; supported by the concepts of Naive Bayesian
Weights and Class Confidence Weights (ccw).

= JDK 1.6 orabove
» Jgap library
= R 3.1.3orabove with rJava Package installed

Qé”@ther R~ hibraries | required: Nyikeseigtne ROCR,  gplots,
:grobustbase, infothep, hexbin, colorspace, ggplot2

= opencsv 3.1.2 library (should be compatible with the jdk version)

------------------------ Working with the Tool

Start the Tool

The Tool starts with the interface Figure A-1. Proceed with the instructions given at each
step.

81



gaKlm Churn Prediction E||E\E|

gaknn Churn Prediction Tool

This Toolis develpoed based on the Genetic Algarithim Optimized K Nearest Neighbor framework

(c) 2015

Figure A-1 First Interface

Selecting the Dataset

Select the dataset through window in Figure A-2. As the dataset is selected it provides a
graphical as well as a statistical overview of the selected dataset.

To get the statistical data follow the ‘“View Statistics’ button.

o niversitv of Moratnwa. Sri Lanka. 3

BB S knouth dAfmblon
TR
Relation Hame:
i Statisti
Number of Instances: G
Humber of Attrboes: ||
Visualze Al
Pre Process Data Praceed to Classification

Figure A-2 Data selection
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Data Visualizing

You can get several views about the distribution of data through *Visualize Al1l’
section.

Scatter plot view
Bar plot view
Data Pre-processing

If you proceeded to the preprocess module via preprocess button in the ‘Churn’
window, the window in Figure would be shown.

The ‘Preprocess’ window provides you the ability to handle missing values and
outliers. Click on the button ‘Missing Value Handler’ and it will remove the
missing values in the selected data file. The data instances which contain missing values
could be viewed by clicking the button ‘View Missing Values’.

If you need to use the missing value handled data file as your training data file, select
that data file through the *Churn’ window.

d i7" Electranic Theses & Dissertations BETES

[issing ¥ apse Handling & Cutlier Handling

Missing Yalue Handling Viewe Mizzing Walues
Iissing Yalue Handler

Outlier Handling

Select outlier detection methad:

Outlier Remaover
CQutlier Replacer

Figure A-3 Data pre-processor
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Outliers in the selected data file are visualized as box plots. You can view them through

the button ‘View Outliers’.
The Tool provides two outlier detection methods;

1. Tukey’s Method
2. MedCouples

Outlier handler provides two handling methods; removal and replacement.

First select the detection method from the dropdown menu and then click on the

preferred handling method.

Please note that the visualized outliers are determined by the whiskers extend to the
most extreme data point which is no more than range times the inter quartile range from
the box.

Optimi: qgﬁe N-Glassifier

You car NREAT Hhe'ontimtzimao nhace Ny ssification’

button.

The Prediction window allows you to perform both the optimizing and prediction

tasks.

The optimizing task involves genetic algorithm techniques. It is by this step the Tool
finds an optimum value for k and a weight vector for the attributes considering their

importance.

The number of times which genetic algorithm is required to iterate is read by the
Number of Evolutions and the size of the population considered by genetic
algorithm is read by Size of the Population fields inthe Set Parameters

section.
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Prediction

Set Parameters

Help!
MNumber of Evolutions 20

Size of the Population 20

Training Phase

Test Cptions
Weighter Selector

(%) Train Set
() Mo weight

() Cross Yalidation 10 (%) Baysiean Weights

() Class Confidence Weights Get CPT Data

(") Percentage Split (66,66%)

() Test Set Test Setk...

train process completed! evaluation completed! Yiew Results

weighting instance 6000 of 5000

Prediction Phase

Cpen File.., Load Model Predict Class Labels

Seleck the data file bo predict the chupners in a dataset

Conel!!

AN WAIAAL B BB EEEE R oBL . BN

Figure A-4 Predictor

The population estimated with genetic algorithm is evaluated with KNN.

KNN classification relies on classification of unknown data based on known data.
Therefore to test the KNN classifier it requires having two data sets; train set for training
and test set for validating. In the Training Phase the Tool introduces four options
to define the train set and test set; Train Set, Cross Validation,

Percentage Split and Test Set.

If Train Set option is selected the dataset read into the Tool is used as both train set
and test set. The Cross Validation option partitions the dataset, into specified k

number of folds which would be used iteratively for k times where one fold is taken as
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the test set while the remaining k-1 folds are used as the train set. The option
Percentage Split partitions the dataset into two folds of which one fold contains
two-third of the dataset and the other fold contains the remaining one-third. If you use
the test set option then you are required to select a separate dataset which is from
the same domain as the dataset already read into the Tool. The first dataset is used as the

train set while the second fed is used as the test set.

To get a better result on prediction with KNN, instance voting is introduced. Two voting
methods were introduced; Bayesian Weights, Class Confidence
Weights. You may either perform the classification without either of the two methods
by selecting ‘No Weight’ option. Bayesian Weights add a vote to each
prediction based on the Bayesian probability of getting a particular class label. Class
Confidence Weights add a vote to each prediction based on the probability of

attribute values given the class labels.

After selectirigi the désired eptions fioM/ TgsitOpt ond andlijeight Selector,
click on the%%timize buttor) i wvilllevaluaie the 1dataread (nte the Tool with genetic
algorithm ahd—':KNN t0 protuce’theoptimumm value for k as well as a weight vector for
the attributes. Resuits obtained with reievant to the optimization process could be

viewed through the View Results buttoninthe Training Phase section.

The model is automatically saved as an xml file with the optimized k value and the
weights for each attribute. The location of the file is the same as where the training
dataset is located and with the same file name as the training dataset with .prm

extension.

The classifier could be re-evaluated with the Train set or with a separate test set. If you
need to re-evaluate the model with the Train set simply click on the Evaluate button
without changing any other option. If you need to re-evaluate the model with a separate

test set, select the Test set option from the Test Options and choose another
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known set from the same domain as the initial dataset (Train Set). Results could be

viewed through the View Results buttoninthe Training Phase section.
Prediction

From the Prediction Phase section of the Prediction window choose the
dataset with unknown class labels. You can predict the class labels through Predict

Class Labels and view the churn results through Vview Results button.

View Results

‘Weight Distribution | Fitness Distribution || Model Accuracy | Churners in the Evaluate Data E.ﬁé i.UIHEIUIH.Eﬁéiaéiﬁéﬁgfg.; Correlation between Attributes

Record 10 Prediction Confidence
1 0,9994402552736066
1 0,9999475522163587
1 0.9976292270905251
1 0.9999572055124252
1 0,9999265876367418
1 0, 99607399657 05743
1 0.99605490632093554
1
1
1
1
1
1

3

0. 004481 0465604048
0. 009375627 6345033
03963644 05030223
theogs] 1o faessaE] |
oS e i o
SP%aapaa140093640

i RET T T s

1 0. 999550036 2546571

1 0. 00324 34626740258

¥ 05991 220856596554

1 0. E44£ 38275667 LEED

1 0.6 1 B00E3IF9B625053

1 0. 5OE0920ET 4325562
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1 0. 99657010060 1 8466

1 0.994745575617 1412

1 0. S9AE3EFATILZAEST
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I
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0.999943364 2093965
1.0
1.0
0.9999310656966311
1.0
1.0
0,93375659653460580

Figure A-5 Result analyzer
Results could be viewed for different stages of the process. Viewing the results under the
Training Phase provide the distribution of attribute weights, fitness distribution
and evaluated predictions. By selecting the required tab you can easily get the relevant

results.
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Weight distribution shows the importance that has on each attribute when
training the classifier. Attributes with high weight values are the most contributing

attributes for the final prediction.

Fitness distribution shows whether the fitness value is stabilized for the
Number of Evolutions specified in Prediction window. The model provides

better results if the fitness value is stabilized at a maximum value.

B EEX

weight Distribution ; Fitness Distribution ;| mModel Accuracy | Predictions on the Evaluate Data | Churners in Evaluate Daka

fithess distribution

0.2270
|

0.2265
|

Fitrfe=s
022858  0.2260
L |

f1.22508
|

0.2245
|

0.2240

Figure A-6 Fitness distribution

Accuracy of the model could also be viewed in terms of four criteria (Figure A-7).

‘Churners in the evaluated data’ tab shows the predicted churners along
with their details which were considered for the prediction. You can by examining the
trend in data under ‘Visualize A11’ section, edit the values of attributes of the

churners. Edited file could be saved and re-used for prediction.
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Prediction phase allows you to load an existing model to predict churners. Select
the Load Model button to select the saved model. The model loading should be saved as

an xml file in .prm extension to be able to use with the Tool.

‘Weight Distribution | Fitness Distribution |; Model Accuracy | Predictions on the Evaluate Data | Churners in Evaluate Data
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Figure A-7 Model accuracy
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APPENDIX B - Source Code
The source code of the Tool could found in the CD attached with the title Appendix B.
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