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Abstract

Churn prediction is emerging as o greot influentiol field in the Category
of Customers. Componies ore investing o.huge omount of Copital in the
process of holding the ¢ustomers, i.e , preventing them from o ¢hurn.
Every compony likes to increase its number of Customers os it is
directly proportional to the profit ond sales of the Compony. But ot the
some time the Compony prefers to hold the ¢ustomers who have
purchosed their product ot leost once, for that compony requires some
kind of prediction thot depicts when the customers will Churn.
Accuraly, Comprehensibility, ond justifiability ore three key aspects of
o ¢hurn predi¢tion model. This poper proposed o rough set bosed
framework for Customer Churn Prediction using on Customer reviews
dotoset. The utilization of presented framework help componies in
moking intelligent deCision support system.

Keywords: Churn prediction, dota mining, E-Commerce, Sentiment
onolysis, Rough sets

Introduction

Churn prediction ¢on be defined as the probobility of a.Customer to stop
doing the business with the porticulor Compony/vendor in the given
time period (Chondor et al., 2006). Every compony likes to inCreose its
number of ¢ustomers os it is dire¢tly proportional to the profit ond sales
of the compony. But ot the same time the company prefers to hold the
customers who have purchosed their product ot leost once, for that
¢ompony requires some kind of prediction thot depicts when the
customers will ¢hurn(Ahn et. ol.,2011). If the Compony gets on idea
obout the ¢hurning of the Customer it might moke on offer for the
customer to hold him/her. Since, we hove dota in every field of work
ond olso we have the customers or the users in every business, therefore
predicting their Churn becomes o necessory toask. Customer
Relationship Monogement (CRM) is one of the most comprehensive
strotegies to enhonce the relotions with the Customers (Pong & Lee
,2008). It is broadly acknowledged ond is being used today in the fields
like telecommunication (Yu-Teng,2009),e-Commerce eté(Keromati et
al.,2009).

According to Hongxio (2009), accuroCy, Comprehensibility, ond
justifiobility ore three key aspects of o churn predic¢tion model. An
acCurate model permits to Correctly torget future Churners in aretention
moarketing campaign, while o comprehensible ond intuitive rule-set
allows identifying the main drivers for ¢ustomers to ¢hurn, ond to
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develop on effective retention strategy in a¢Cordonce with
domain knowledge(Ahnet. al.,2011).

The theory of rough sets hos been under Continuous
development ond o fast growing group of researchers ond
proctitioners ore interested in this methodology. The theory
hos disCovered numerous fosCinoting opplications in
solution, pharmacology, business, morketing, statisticol
surveying, building plon, meteorology, vibration
investigation, exchonging copacity, strife exomination,
picture preporing, Humon computer interoction,
simultoneous framework investigation, Choice
exomination, Charocter recognition, ond different
heterogeneous fields.

This poper provides cComprehensible customer churn
prediction models bosed on comprehensible ond intuitive
rule-set using dotomining techniques.
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Related Work

There are two most popular approaches to ¢hurn modeling
ore machine learning techniques ond survivol onalysis.
Every modeling te¢hnique requires distin¢t dota structures
ond feature selection procedures(Ahn et. ol.,2011).
Ultimately, there is no single churn methodology that is
proven to work in most situations; either mochine learning
models or survival regression ¢ould be appropriate bosed
on the appliCotion.

It is shown thot only limited ottention has been poid to the
c¢omprehensibility ond the intuitiveness of ¢hurn prediction
models. The definition of ¢hurn is totolly dependent on
your business model ond ¢on differ widely from one
¢ompony to cnother.

Table 1 Churn prediction models for different domains

Authors Domain Datasets Prediction Technique
Smith ez al.(2000) Insuronée ¢ompony Neurol Network; Logisti¢
regression; Decision tree
Mozer et al.(2000) Wireless TeleCom Neural Network;
Industry Logisti¢ regression
Wei ond Chiu(2002) Taiwon mobile Decision tree
Compony
Chiong et al.(2003) Network banking Association Rule
Kim ond Yoon(2004) Korea mobile Corriers Binomioal logit model
Lorivie're ond Von den Belgion finonciol Rondom forests; Regression
Poel (2005) Services forests; Lineor regression;

Logisti¢ regression

Nie et al.(2006) Chorge Email Decision tree
Luo et al.(2007) Personol Hondy- phone Neural Network; Decision tree
System Service
Burez ond Von den Poel(2008) Pay-TV Compony Rondom forests
Survival enalysis
Tsoi ond Lu (2009) Americon TeleCom Hybrid Neurol Network;
Componies
Rough Set Theory region of the rough set. Approximation is one of the

Rough set theory ¢om be regorded os the tool for the
imperfect dota onalysis. This theory hos paved its woy in
mony fields like, engineering, decision support, bonking,
phormogy eté. The assumption thot paved the way for this
theory was thot every dota set in this universe ¢ontoins
some information/data.ossocioted with it.

In this theory with every rough set, a pair of precise set
known os the lower ond the upper opproximotion is
ossoCioted. All the objects thot ore in the lower
approximation mork their presence in the set for sure ond
those who are in the upper opproximotion set are di¢y about
their existence in the set. The difference between the upper
ond the lower opproximotion gives rise to the boundory

www.pbr.co.in

fundomental blocks of the rough set theory.

Analysis storts with the formation of the table known os the
decision toble. In this toble the Columns represents the
attributes ond the rows represents the objects. Attributes ore
further ¢lassified os ondition ond de€ision ottributes. Each
row generotes oonew rule which is termed as decision rule,
which specifies the decision if some conditions stond
positive. If the rule determines o decision in o unique
monner in terms of the ¢onditions provided then it is alled
Certain rule else it is termed os uncertoin by Mico et
al.(2009).

In 1991, Rough Set(RS) Theory wos given by Pawlok
(1991). In on Information System there is on existing
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Equivalence Class Partition(ECP) omong their relotionship
this is onalyzed by RS . To ¢onstitute the basis of the theory
Two core Concept are Created, dis€ernibility relation and
opproximotion. Through RS theory on opproximate
equivalent IS with smoaller sCole ore extracted for
significont attributes. Processes to find concise equivalent
IS to the original one are done by RS olgorithm. Finding
reducts is the process known. RS based appliations in
artificiol intelligence decCision tobles ore used with this.
Reduction os patterns of decision toble bosed on mochine
learning olgorithm ¢on Construét Classifiers to Cotegorize
new obje¢ts. However, NP—-hard problem is finding
minimal reduction of decision toble given by Pawlok
(1991).

Toble represents objeéts ond their attributes, each row of
which is on object(e.g., o mon or womon, on observed
object, a test) ond some volues bosed on o Certoin
measurement desCirbes each Column os on ottribute. The
toble is Colled on information system. Formally, on
information system is apair I = (U, A), where U ond A ore
both non-empty, finite sets. U is a set of objects, called o

universe. A is a set of ottributes. 1 a [ A, a: U — Va,
where Vais the set of oll possible values of o.

Redundont information, su¢h os repeated rows,
indis¢ernible rows, dependoble ottributes(ottributes con
induced by these),are Contained by them ond information
system built on real world dato. In proctice it is very useful
to infer a more cConcCise equivalent information system

given by Qion et al.(2008). There are fewer rows ond
¢olumns in equivalent informotion system thot ¢on be
considered a symbol of original one. Reduct is the nome
given to this pottern in Rs theory. There ore two concepts to
obtain reducts:

1) IndisCernibility relotion
2) Setof approximation.

An equivalence relotion is a indis€rendibility. The set of
attributes is defined by equivalence relotion. Formally, let I

=(U, A) be an information system. [] B,B [] A, defines on
assoCioted binary relotion I(B) on U:I (B) = {(x,y ) U
U2|) o] B, a(x)=a(y) }, which is Called B-indiséernible.

If (x1,y2) [ I(B), then we say x1 and x2 are indiséernible
with respect to B. The equivalence Closs of the B-
indis¢ernible are denoted by B(x) or [x]B (Tripothy et
al.,2011).

Data Collection

Data ¢ollection is the basic¢ step towords ony prediction(
Join & Kumor,2015).It lays the foundotion for the
prediction or ¢on say thot it initiotes the process for the
prediction. For the doto Collection, dota sCropping
teChnique hos been used for collecting the data.of Customer
reviews from Mouthshut.¢om].

Table 2 A sample of reviews and their corresponding sentiment/polarity

Customer | Rating | Review

Review
Sentiment

Polarity Positivity | Negativity

1 1
Volvo Bus from Manoli to
Delhi through RedBus.

Horrible experience. Booked a

0.5 negotive 0.2 0.8

Red Bus is totally a fromnd
company, they have recruited

Indio in their Compony.

best liars, dumb ond froud from

0.1 neutrol 0.5 0.5

speed of server amd give the
details about the buses olso
good.

I was entering the redbus.in so

0.8 positive 0.1 0.9

30

terrible sevies in provind seot
ollootment, never to trust redus
ond ND travels

0.4

neurol

0.3

0.7
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I traveled to Porbondor from
Ahmedobod in sudoma
mohasagor travels.patheti¢ bus
design .I booked ] AND K
upper sleeper. Hopeless seot it
is. sleep there.it wos like
nightmore.moximum smoll
blowers hos broken so they
were moking your respiration
more diffi¢ult .don't go by
sudomo ond don't book J ond k
seot

0.5 neutrol 0.5 0.5

Proposed framework

The proposed method is bosed on the identifiCation of
relevont ottributes for churn prediction ond onolyzed using
Rough set theory for identifi¢ation of churners. The major
steps for the proposed fromework illustroted in Figure 1
have been given below.

Step 1: Data Collection

Data Collection is the basi¢ step towards ony prediction. It
lays the foundotion for the prediction or con say thot it
initiotes the process for the predic¢tion. For the data
Collection, dota séropping technique hos been used for
Collecéting the data of Customer reviews from Mouthshut.
com.

Step 2: Data Preprocessing

Every word present in ¢ustomer review is prominent in

decision moking. Thus, pre-proCessing is required to
decrease the noise present in review ond filter out irrelevont
words (Khon et ol., 2016). Pre-processing steps such os
tokenization, stop word removol, stemming, lemmoti-
zation, feature weighting, dimensionality reduction ond
frequency bosed methods were opplied for normalization
of'the doto.

Step 3: Sentiment Analysis

Sentiment onolysis is o teChnique that helped us to onolyze
the reviews of the ¢ustomers for the dedicated field of doto.
A review Con be Clossified os the positive, negative or
neutral bosed upon the experience of the customer.
Sentiments of the reviews play amojor dominont role in the
prediction of the ¢hurn for the customer. Table 2 shows the
polarity of the review, which is also o major factor in ¢hurn
prediction.

Fig 1. Proposed framework for customer churn prediction using Rough sets

IELE] Data Sentiment
Collection Preprocessing Analysis

Step 4: Rough set based analysis

Consider a ¢ustomer information system represented in
Toble 3 of ‘n’ Customer/users ‘Ci’ where, 1= (1, 2,....,n) as
the set of objects of the universe with a set of ottributes
given in Toble 3. The ottribute ¢hurn is Considered os the
decision attribute with volue=1, represent churn ond with

Rough set
g Rule Churn
based . T
& Generation Prediction
Analysis

value=0, represent not ¢hurn. For portiCulor, customer
‘¢1’is ¢harocterized in the toble by the ottribute volue set
(sentiment, positive), (Rating,<3), (Polority, <0.5) etc
which form the information about the porti¢ulor user. The
reduced ¢ustomer information system is presented in Table
3.

Table 3 Customer information system

Comments al o2 o3 -2 on-1 on Churn
¢l y n y n y y 1
¢2 n y n n n n 0
¢3 y y n n y n 0
¢4 y n y n n y 1
¢5 y y n y n n 0
¢6 y y n n y y 1
¢7 n n y n n n 0

: y y y y y n 1
: y y n n n n 1
¢n y n n y y y 1
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Step 5: Rule generations

Decision rules ore found using Jhonson olgorithm ond
Geneti€ algorithm using Rosettatool (Hvidsten, 2013).

Step 6: Churn prediction

Proposed opprooch provides rules for identification of
Customer who will be in position of ¢Churn.

Application of Customer Churn Prediction
Seat and Capacity Optimization

Prescient investigotion encbles Corriers to foresee the
quontity of ¢oncelations and no-oppeoars for each flight ond
to offer recently opened seats ot balonced Costs. What's
more, airérofts ¢on orronge this doto with freight dealing
with to hold sacks of no-appears ond get flights noticeoble
all oaround on time. By toking o gonder of traveler
Characteristics, flight ¢losses, air terminal terminals, plone
writes, time of day, ond flight limit, investigation offers
absent likelihood go for each flight, helping income
bookkeeping offices moke ond toke ofter on educated
overbooking strotegy.

Price Optimization

Prescient exominotion tokes o gonder of deols execution
designs ond tokes into ¢onsideration both short ond long
houl voluing procedures, ond permits Corrier inCome
divisions to inspect the impacts of odvoncements after
some time. By toking o gonder ot the advoncement
¢honnels, directed Clients, ond thot's just the beginning,
airérafts ¢on grow more ¢omplex proc¢edures ond keep
away from squondered endeavors later on. This joined with
request expectotion, reguloar potterns, ond different
elements mokes for o Considerobly more individualized
understonding for each kind of explorer, ond empowers up-
to-the-minute evoluating chonges thot stay lined up with
generol orgonizotion system.

Loyalty Program Optimization

One cCarrier, seeing thot its reliobility progrom individuols
were leaving in huge numbers, looked to realize why this
wos. They contributed brood time ond cash on monuol
research, and found thot reliobility individuols didn't feel
they had onything to pi¢k up by remoining on — however
this was just piece of the photo. By opplying prescient
exoaminotion, they could ¢onjecture stir before it hoppened
ond toke educoted octivities by understonding what kind of
o reaction each octivity would get. This kind of two-
odvonce forecCast does ponders for diminishing beot, ond
¢on likewise enoble Carriers to moke extreme ¢onclusions,
for example, which foithfulness Clients to offer open seats
to.

32

Campaign Management

Prescient investigation is o reference point of light for
airéraft income bookkeeping divisions. It requires o lot of
information, be that os it may, ond olso information
refinement ond examinotion. By bonding together with on
IT seller that Con accumulate, store, ond porcel information,
aircrafts will be extraordinarily situated to use prescient
investigation ond increment benefit.

Understand customer behavior

Through presc¢ient exomination we would onolysis be oble
to it's onything but difficult to foresee whether o ¢lient will
agitate or not ond the orgonizotion deoling with it Con
without much of a stretch find o way to lessen it ond moke
helpful meosure ond influence their ¢lient to tie up with
their item. It additionolly encouroges different
orgonizations to ¢heck whether the ¢lient is ogitating or not
if yes then they ¢on offer arrongements for them ond moke
Client.

Conclusion

In this poper rule generotion teChniques of Rough Set
Theory has been are opplied for identification of ¢ustomer
¢hurn using ¢ustomer review dote. Multiple relevont words
(attributes) reflect Customers ¢hurn in different ways so it
becomes difficult to filter out the most relevant ottributes
which predi¢t ¢hurn. The poper proposed o fromework
which ¢on be used os adecision system for identifi¢otion of
Customer who will be at the position of ¢hurning. The
utilization of presented fromework help Componies in
moking intelligent deCision support system.
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