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PREDICTION OF CHURN RATE FOR PREPAID CUSTOMERS IN
TURKISH TELECOM INDUSTRY

SUMMARY

Telecommunication sector is the one of the competitive markets in business world. It
is evolved from telegraph to mobile services in a short span of time due to technologic
developments. Therefore, competition between telecommunication companies has
increased rapidly over time.

As managing the competition among competitors, companies should know their
customer behaviors and act preventively. In real world, it is hard to predict customers’
behaviors and hence taking actions regarding each customer in companies’ bases.
Therefore, actions should be reduced and be focused on a specific group of customers.
Also, it is known that new acquisition cost of the customer is much more higher than
keeping the base (existing) customer not only in telecommunication but also in other
industries. On the other hand, customer churn becomes easy with Mobile Number
Portability (MNP) capability in the telecom industry. However, retention activities for
churner customers are costly too. At this point, customer churn methods help
companies to predict customers’ brand switching behaviours to the other operators.

Prediction of the churn provides detection of potential churners and helps to identify
the strategies to keep them by the companies. Some algorithms and methods are
offered in previous research for the calculation of churn possibility.

In this thesis, it is aimed that, customer churn in telecom industry can be predicted
with high degree accuracy using customer behavior dataset and decision tree method.
This method is implemented on SPSS V22.0 program and the results are analyzed. In
conclusion, behavioral and demographic dataset lead to churn rate calculation.
Especially, offnet usage minutes which means call to other operators, out of bundle
(OOB) usage minutes which means exceeded tariff minutes, customer tenure which
means stayed months in customer base and customer age are the most accurate
variables for predicting prepaid customer churn.

The main limitation of the analysis lies in the issue that prepaid customers are churn
flagged in the company system on the basis of a longer time period that is based on
number of top-ups in specific months. The longer time leads to lower accuracy of
potential churn customer since they were already gone. Because of that, decision tree
models cannot help well for detecting the link between usages and churn rate properly
in such circumstances.
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TELEKOM SEKTORUNDE FATURASIZ ABONELER iCiN ABONE
HAREKETI TAHMINLEMESI

OZET

Telekom sektorii yillar igerisindeki dijital gelismelerle birlikte tiim diinyadaki en
onemli ve en rekabetci pazar haline geldi. Telegraf ile baslayan telekomunikasyon
sektorii zaman iginde giinimiiz diinyasinda kullandigimiz mobil servisler haline
doniistii. Oniimiizdeki yillarda da daha dijital deneyimler ile miisterilerle bulusan, daha
da rekabetci sirketler ile karsilasacagiz gibi goziikiiyor.

Yakin ge¢mise baktigimizda telekomunikasyonun 4 evreden gectigini goriiyoruz.
Bunlardan ilki, sabit hat olarak adlandirilan kablolu hat ile iletisim saglanan donemdir.
Ikinci evrede ise artik sektdr, yavas yavas mobil telefona evrilmistir. Bu dénem
sirketlere en ¢ok gelir getiren evredir ve hala siirmektedir. Uglincii evre ise veri
iletisimi/ internet olarak adlandirilan sirketlere en ¢ok gelir getiren diger bir evredir.
Bu devir de giiniimiizde hala siirmektedir. Veri trafigi arttikca da sliirmeye devam
edecektir. Dordiincu ve son evre ise mobil veri evresidir. Telekom pazarinin 2005°ten
bu yana akilli telefonlarin hayatimiza girmesiyle ¢ok yogun bir sekilde biiyiidiigilinii
gormekteyiz. Bu noktada sirketler, iiriin portfoylerini genisletmis, artan talebi
karsilacak fiyat stratejileri belirlemis ve paralelde ise servis saglayicist igin siirekli
olarak yatirimlar yapmaya devam etmistir. Diinyanin dijitallesmesi ile birlikte mobil
telefonlar da artik insanligin en 6nemli iletisim araci olmustur. Bu noktada, daha da
dijitalleserek her an hayatin i¢ine “bagli” olmak insanlar i¢in 6nemli bir hedef olmaya
baglamistir.

TUm diinyada oldugu gibi Tiirkiye’de de mobil pazar biiyiik bir gelisme gostermis ve
miisterilerin sektore ve dijitallesmeye bakis agilart degismistir. Miisteriler, eskiden
tirtinlerin fiyatlarina gore se¢im yaparken, giinlimiizde bu durum miikemmel misteri
deneyimine evrildi. Bununla birlikte artik miisteriler ucuz iirin yerine kaliteli tiriin
talep etmeye basladilar. Bu noktada, sirketler igin sadik miisteriler, yeni miisteri
edinmekten daha degerli hale geldi. Arastirmalarda ise, yeni miisteri edinmenin,
halihazirda olan miisteriyi elde tutmaktan sirketler i¢cin cok daha fazla maliyetli oldugu
belirtilmektedir.

Telekomunikasyon sektorii yukarida da bahsedildigi gibi sirketlerin dijitallesmesinde
ve buna ek olarak (lkelerin sosyo-eckonomik gelismelerinde biiyiik onem teskil
etmektedir. Bununla birlikte sektor hizla biiytimektedir. Tiirkiye pazarim ele alirsak,
sabit miisteriler 11.3 milyon iken, mobil pazar miisterileri 77.8 milyona ulagmistir. Bu
misterilerin kullanim detaylarina bakacak olursak, Avrupa iilkeleri arasinda en ¢ok
konusan iilkenin 442 dakika ile Tiirkiye oldugunu gérmekteyiz. Tiirkiye pazarindaki
telekomunikasyon sirketlerinin gegtigimiz yilki pazar paylart ise Turkcell 40,5%,
Vodafone 37,9% ve Turk Telekom 21,6% olarak raporlanmaistir.

Durum boyleyken sirketler, rekabetci pazardaki yerlerini saglamlastirmak i¢in gesitli
miisteri tutundurma caligmalar1 gerceklestirmekteler. Bu ¢alismalarin igerisinde en
onemlisi de, var olan miisteriyi rakibe kaybetmemek icin yapilan caligmalardir.
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Ozellikle, sektdrde Mobil Numara Tasima isleminin yayginlasmasi ve kolaylasmasiyla
birlikte, miisteri veri analizi sirketler i¢cin daha da Onemli bir noktaya taginmis
durumda. Ornekle aciklayacak olursak, 2017 yili icerisinde 3.3 milyon numara
sebekeler arasinda tasinmis, bu sayr Mobil Numara Tasima 6zelligi hayatimiza
girdiginden bu yana ise 112.3 milyonu agmigstir.

Miisteri kaybi, telekom diinyasinda 3 farkli faza ayrilir. Birinci faz, miisterinin hala
sirlet miisterisi olarak aktif sekilde kullanim yaptigi evredir. Bu evrede sirket,
miisteriden gelir kazanmaya devam eder. Ikinci fazda, miisteri hala sirketin
misterisidir fakat kullanim siklig1 azalmistir. Ek olarak da sirkete kazandirdig gelir
azalmistir. Bu noktada kullanimlarin analizleri yapilarak ne zaman gidecegi tahmin
edilmeli ve ona uygun teklifler sunulmalidir. Ugiincii ve son asamada ise, miisteri
tamamen bulundugu operatorii kullanmay1 birakmis ve baska bir operatdre gecmistir.
Bu evreden 6nce miisterinin gitmesine miidahale edilmelidir.

Miisterinin ge¢mis verilerine dayanarak yapilan gelecek tahminlemeleri optimal
olarak hesaplandiginda, sirketlerin gelir kaybim1 onledigi bilinmektedir. Bu
tahminlemelere gore yapilan miisteri tutundurma aktiviteleri, yeni miisteri kazanimi
i¢in harcanan maliyetlerden ¢ok daha verimli oldugundan da literatiirde bahsedilmistir.
Ancak, miisteri tutundurma aktivitelerinin de dogru miisterilere yapilmasi, bir maliyet
kalemini daha diisiirerek optimizasyonu saglamamiza yardimci olur. Bu noktada
abone hareketi tahminlemesi yontemleri oldukca 6nem kazanmaktadir.

Abone hareketi tahminleme yontemleri, sirketlere miisterilerin ge¢mis davranissal
verilerini inceleyerek onlarin diger operatorlere gidiglerini tahminlemeye yardimci
olur. Bu tahminleme ile birlikte gitme ihtimali yiiksek olan miisterileri belirlenir ve bu
miisterilere 6zel yapilacak olan tutundurma aktiviteleri ve stratejileri olusturulur.

Yukarida da bahsedildigi gibi, abone hareketi tahminleme yontemleri sirketlere,
rakipler karsisinda oldukca avantaj saglar. Dogru yontemler ile miisteriye
yaksaligdiginda ve kullanimlar analiz edildiginde miisteriye uygun teklifler sunularak
miisterinin rakibe gitmesi Onlenebilir. Bu noktada, telekom sektorii halihazirda
gelismis bir sektor oldugu ve yeni miisteri kazaniminin olan miisteriyi tutmaktan
sirkete daha ¢ok maliyet getirdigini g6z onilinde bulundurursak, miisterilerden daha
fazla gelir saglayabilmek i¢in sirketlerin var olan miisteri tutundurma aktivitelerine
yonlenmesi gerektigini goriiyoruz. En temel miisteri tutundurma aktiviteleri genellikle
st tarifeyi Onerme, alt tarifeyi 6nermektir. Bu noktada goriiyoruz ki telekom sirketleri
aslinda miisterinin davranislarin1 pazarlama aktiviteleriyle etkileyerek onlarin daha
fazla kullanim yapmasini saglamaya odaklanmis durumdalar.

Telekom endiistrisinde, diger bir alternatif pazarlama aktivitesi ise miisteriyi daha
sadik tutmak adina faturasizdan faturaliya gegirmektir. Bu stratejideki en Onemli
nokta, faturali miisterilerin sirketlere cok daha fazla kisi basi ortalama gelir
getirmesidir.

Abone hareketi tahminlemenin dogrulugu sirketler i¢in olduk¢a 6nemli bir gelir
kalemidir. Abone hareketi hesaplama icin bir¢cok program ve method kullanilmaktadir.
Genellikle bu metodlar, gida ya da telekom gibi miisteri sadakatinin ¢ok dnemli oldugu
endiistrilerde kullamlmaktadir. Ornekle agiklayacak olursak,miisterinin dikkatini
¢ekmek ve onu kazanmak sektordeki yaristan otiirii gida endiistrisinde oldukca
kritiktir. Bu yogun yarisin sonucu olarak, abone kayb1 diger sektorlerden ¢ok daha
fazlardir. Bunu 6nlemek amaciyla sirketler, miisterilerin davraniglarini anlamak ve
yeni stratejiler yaratmak zorunda kalmislardir. Bu noktada da yukarida bahsedilen
abone hareketi hesaplama metodlar1 olduk¢a Oonem kazanmis ve sektorde adeta
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vazgecilemez olmustur. Bu yontemleri kullanarak sirketler, farkli stratejiler kurup yeni
teklifler sunarak miisterilerinin daha sadik olmasini saglamaya ¢alismaktadirlar.

Abone hareketi tahminlemesi i¢in literatiirde birgok yontemden bahsedilmistir. Ancak
yontemlerden Once abone hareketi tahminlemesi i¢in kullanilacak degiskenlerin
belirlenmesi oldukca onemlidir. Bu degiskenlere literatiir taranarak ve miisterilerin
kullanimlar1 incelenerek Kkarar verilebilir. Literatirde en onemli abone hareketi
tahminlemesi degiskenleri; indirim orani, servis kalitesi, arama kalitesi, tarife (icreti,
miisteri destegi olarak bulunmustur. Ancak bunlara ek olarak, miisterilerin veri, ses,
dakika kullanimlari, yurt dis1 arama oranlari, diger operatorleri arama sikliklart, kontor
yiikleme sikliginin da 6nemli degiskenler oldugundan bahsedilmistir.

Bunlara ek olarak, ¢esitli aragtirmalarda, dakika, veri ve SMS kullanim oranlari, aylik
fatura 6deme tutar1 ve faturasiz miisteriler icin aylik kontor ylikleme siklii abone
hareketinin tahminlemesinde birbirleriyle iliskisi olan degiskenler oldugundan
bahsedilmistir.

Kullanimlar ve 6deme plani haricinde davranissal sadakat ve miisterinin operatérde
bulunma siiresi, sirkete olan memnuniyeti pozitif etkilemektedir. Ancak, her ne kadar
durum bdyle olsa da, iiriin ve servislerden memnun olan miisteriler kesinlikle operatore
sadiktir gibi bir yorum yapamayiz. Miisteri memnuniyeti ve operatorde bulunma siiresi
dogrusal ve basit bir iliski degildir. Cilinkii operatérdu bulunma siiresi iizerinde
iiriin/servis kalitesi, fiyat algisi, sosyal ¢evre ve kontrat siiresi gibi diger etkenler de
vardir. Buna ek olarak, baglilik ve memnuniyet arasindaki iliski miisteri memniyet
skoruna da baghdir. Ornegin, diisiik memnuniyet skoru veren bir miisteri, baska bir
operatore gitmeye yatkindir gibi yorumlanabilir.

Tezin igerigini olusturan faturasiz miisteriler genellikle, gocmenler, gen¢ segment ve
harcamalarin1 kontrollii yapmak isteyen segmentler tarafindan tercih edilmektedir.
Faturasiz hat kullanimi, mobil numara tagimanin kolaylasmasiyla daha da
yayginlagsmstir.

Bu tez icerisinde faturasiz miisterilerin gecmis verileri SPSS V22.0 programi iizerinde
Karar Agaclar1 yontemiyle incelenmis ve sonuglarindan bahsedilmistir. Sonucta,
davranigsal ve demografik verilerin abone hareketi tahminlemesini etkiledigi ortaya
konmustur. Ozellikle, diger operatorlerdeki miisteriler ile konusma siiresi, tarife asim
sliresi, miisterinin sirket bazinda bulunma siiresi ve yast secilen degiskenler igerisinde
en yuksek dogrulugu veren degiskenler olarak bulunmustur.

Karar Agaclar yontemini veriye uygulamadan 6nce, degiskenlerin birbirleriyle olan
iligkileri incelenmis ve veri lizerindeki dagilimlarina bakilmistir. Bu dagilimlara gore
degiskenler gruplandirilarak yorumlama kolaylastirilmistir. Birbirleri ile iliskili ¢ikan
degiskenler, Karar Agaclar1 yontemi sonucunda ¢ikan verilerle de karsilastirilmistir.

Bunlara ek olarak, faturasiz miisterilerin miisteri bazindan ne zaman tamamen
gittiginin  bilinmemesi ve sirket sistemlerinde miisterilerin “giden” olarak
isaretlenmesinin belirli bir silire kontdr yiliklememesi durumuna gore verilmesi,
davranigsal verilerin dogrulugunu olumsuz etkilemektedir. Bu sebeple giden
miisterilerin kullanim bazli hareketleri Karar Agaci’ni etkilemistir.
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1. INTRODUCTION

Telecommunication sector plays an important role for the digitalization of the
companies and socioeconomic development of the nations in the last decade.
Therefore, mobile market has a remarkable growth in Turkey and customer perception
being changed. Customers used to act price sensitive in recent years. But now, they
are demanding perfect product experience and quality as well. Under these
circumstances, creating loyal customers are much more important than acquiring new
customers. According to researchers, acquiring new customers overpriced compared

to keeping existing ones (Altas and Gilpinar, 2013).

According to published studies, the usage behaviors have been represented by
measurement of MoU (minutes of usage), the rate of usage and total number of
incoming calls, (Wei and Chiu, 2002), monthly usage (Buckinx and Vanden Poel,
2005) and Mozer et al. (2000) study shows that churn rate is correlated with usage rate
and the monthly charges.

Same operator incoming or outgoing calls cost less compared with other operators’
calls. It can show that if a customer make more call with other operators’ subscribers,
(s)he tends to choose the operator which make more call. It is understood that social
network (relationships) has a very significant role in churn management (Dasgupta et
al., 2008). In addition, if the rate of VAS Usage Revenue to Total Usage Revenue is
greater than 30 percent, it is assumed that consumers are disposed to churn (Geetha
and Abitha Kumari, 2012).

According to Noyan and Simsek (2014), important components of the customers’
loyalty are discount rate and service quality. Also, as stated in Zakaria et al. (2014),
customer loyalty increase with reward and discount rate. For example, if the customer
gets reward for purchasing specific number of goods, customers tend to buy more and

reward plays a significant role for being less churner.

According to Bolton (1998) and Gerpott et al. (2001), satisfaction score of mobile

carriers’ service has three main components: call quality, tariff price and customer



support. For instance, according to Gale (1992); %90 of AT&T customers rated the
service quality as great and it represents the repurchase ratio, while other customers
rating as good, fair or poor (60%, 17% and 0%, respectively) have low repurchase
disposition. Besides, service quality experience is affected by some changes (e.g., from
fair to good). This experience generally changes the decision of repurchase
exceedingly in comparison with other factors. In this point, it should not be forgotten
that because of subjectivity of the satisfaction level, it cannot be classified equally by
customers. For instance; while call quality is a key factor for churn behavior both
Germans and Koreans, price and customer support is important only for either
Germans or Koreans. (Gerpott et al., 2001; Kim et al., 2004; Kim & Yoon, 2004).

Based on statistics, total revenue of total telecommunication sector increased from 147
billion USD in 1980 to 1200 billion USD and it is expected that it will be reach to 1290
billion USD at the end of 2019. This accelerated growth is directed mobile operators
to innovation in the services and try to find some ways to keep the customers in their
company. In a way that this supports telecommunication sector is becoming more
competitive with tariff prices, regulations and MNP (Mobile Number Portability).
Mainly brand switching trend in telecommunication sector push the companies to find

revenue-increasing activities.

CAPEX trend is increased at the same rate with global industry revenues (%5 CAGR
(Compound Annual Growth Rate) in 2005 including spectrum costs for investments.
Because of increased smartphone penetration, mobile sector has become the lead of
the digital sector indubitably.

The focus of this paper is to predict of customer churn using demographic and
behavioral customer data using Decision Tree algorithm. In addition, selected

determinants of the customer churn were analyzed according to churn status.

The structure of this paper is organized as follows. In Section 2, global and Turkish
telecommunication evaluation in years and effects with numbers. In section 3,
customer churn definition, types and phases, in section 4, methodology and previous
researches about churn prediction methods. Section 5 presents implementation,
findings, limitations and finally, in section 6, it is discussed that conclusion of the

model and further suggestions for future studies.



2. OVERVIEW TO TELECOMMUNICATION SECTOR

2.1 Evolution of the Telecommunication Market

The telecom sector includes companies which give a global communication service to
consumers operates through telephone or Internet. These firms’ IT infrastructure

provides transferring of data, call services and also short messages globally.

Telegraph advance to mobile services in time in the telecom sector and while
communication took days with telegraph, extremely high data amount can be sent
quickly at the present time due to technological evolvement.

World’s telecom sector evolved to phase of extensive changes in 1980°s. Indeed, this
phase of extensive changes was established by United States government who has own
PTTs (Post, Telegraph & Telecommunication) in the late nineteenth and early in the
twentieth century. Along the years, this situation was investigated and the problem
only could be solved that communication sector can change without any limit by
government monopoly. In this way, the “American Telephone & Telegraph” (AT&T)
was split up in 1984. The new era has begun for telecom sector with this division of
the AT&T and it provides full competition among the telecommunication companies
in USA (Lindmark et al., 2006, pp. 46).

British Telecom that held monopoly position until 1996 in U.K. market was
corporatized and faced with much competitions. The liberalization trend in the telecom
sector brought many important results. The new wireless companies demanded to use
most advanced systems to be able to take competitive advantages from potential
customers. Operators, which are not only privatized but also ex monopoly operators,
had to improve these systems in terms of technique and economy, in order to decrease
customer loss. Quick evolvement of the system innovations, competition between
operators and increase of net traffic growth in the market in the world bring about high

growing of the telecommunication sector. The companies were expecting that the



aggregate annual growth rate is rise from $588 billion in 1995 to $1,06 trillion in 2000
(Ploetner, 2004, pp. 344-345).

A phenomenal change for long-established firms where produced telecommunication
equipment has been made. Main suppliers, who are generally local ones, have been
preferred by old monopolists regarding technology and procurement processes. On the
other hand, operators started to make pressure to their suppliers. These suppliers faced
with some challenges effect of liberalization wave: Covering the intensely changing

demands of their customers and focusing on much stronger in international business.

As seen Figure 2.1 (Lindmark et al., 2006, pp. 50), dependent on two important trends,
which are towards mobile telephony and data communications, four different

segments, were defined:
e Main and evolved segment: Fixed Telephony,
e Revenue generator segment: Mobile Telephony,

e Another revenue growth- generating segment (especially data traffic) which
has disruptive effect on the market: Data Communications/Internet

e Revenue growth potential: Mobile Data
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Figure 2.1: Main growth trends in telecom in 1970-2003.

Importance on economic growth of these segments was relatively transform in time
and it is expected that this evolution will continue mainly shaped by innovation
(Lindmark et al., 2006, pp. 50).




The telecom business evolved extremely since 2005 because of consumers who
consumed data enormously with their smart devices. In this time, operators have
extended their product portfolios and arranged its prices to cover the excessive demand
with increasing network capability expenditures. Operator performance relies on the
region. North America and Asia regions have outstanding performance comparing
with other regions in terms of using increased scale and powerful secular growth
opportunities, respectively. However, Operators in Europe region performance have
increased on expectation of the merger, whereas Latin America region carriers have

affected the worsening macroeconomic status.

Furthermore, most of the operators are comprehend the revenue channels, it is a
challenge whether new product and services provides profit or not. Also, firms divide
their business using new offerings, discompose the elements of the industry in process.
Stakeholders of the digital environment are trying to find that new ways for
differentiation in order to increase the consumer spend of money. During operators
still appreciate the ecosystem revenues; OTT contents have increased their revenue
share up to 10% in a couple of years, also competition between companies in retail and
distribution got more excited. The telecom sector has diversified without being noticed
since 2005 together with customer needs and competitive situation are differentiated

in many ways, which are not predictable.
EY Global Telecommunications study (2015) shows to findings of the industry and
what expecting about future.
2015 key findings of global telecommunication industry:
e Destructive competition is the main challenge for industry.
e OTT is the one of the popular content for changing the customer demand.
e Regulative uncertainties still disconcert to sector.
e Customer Experience is hot topic for the companies strategically.

e Quality of service and customization are one of the key factors for customer

focus.
¢ Network Quality is the distinctive factor of differentiation.

e A new interaction between customers and processes can increase agility level.



e One of the main drivers of the M&A is in market consolidation.
¢ Digital services will be key revenue-generator until 2020.

e While IoT revenue growth expectation is low, TV and cloud have more

certainty.

2.2  Turkey Market Statistics

Telecom sector is the main driving sector for all data related industries in the last few
years and all data gathered from mobile customers force other sectors to co-operate
with operators. Non-telecom sectors are going to be ambulance chaser behind the
telecom sector. As in the example of Yandex, Technology Company models its

navigation app through using the customer location data.

According to records, while all market players’ Net Sales Revenue was 45.4 billion
TL in 2016, Net Sales Revenue was 51.1 billion TL at the end of 2017,

In Turkey market, while number of fixed customers was 11.3 million, mobile services
were extended to 77.8 million subscribers and also mobile penetration rate has reached
to 96,3%.

In the 3rd quarter of 2017, average MoU (Minutes of Usage) per month was 442
minutes which is the first place among the European countries. At the same time, 3.3
million number has ported during this period. On the other hand total number of
Mobile Number Portability (MNP) has exceeded 112.3 million until today.

Broadband Internet subscribers, which were around 6 million in 2008, increased to

more than 68,9 million as from end of 2017.

When market shares of the carriers were examined in detail according to 2017 results,
market shares of Turkcell, Vodafone and Avea were 40,5%, 37,9%, and 21,6%
respectively (Bilgi Teknolojileri ve Iletisim Kurumu Pazar Verileri Report 4th Quarter,
2017).



3. CUSTOMER CHURN

Customer churn efficiency is one of the most important variable for generating income
for companies. Churn management tools are commonly used in various industries such

as food industry or telecommunication sector.

Attracting and gaining the customers in the food industry is notably critical because of
the competition in the sector. As a result of this intense competition and entity of
several stores, customer churn rate is much more higher than the other sectors
(Khodabandehlou and Rahman, 2017). These companies try to understand their
customer behavior and create strategies for gaining customers. In this point, churn
management methods are becoming irreplaceable for this industry. With these
methods, companies can monitor their customers’ behavior and they can provide better

services to keep them loyal.

Companies in the competitive markets, should identify their retention strategies and
decide method of customer churn management. For example, Business Intelligence
(BI) tools are used in the businesses for better decision-making (Turban et al., 2008).
These tools (e.g. data mining or machine learning) not only help them to categorize
the customers as churner or non-churner but also lead to targeted marketing strategies
for potential churner customers. Previous studies about churn prediction modelling is

also shown in Table 3.1.

Vafeiadis et al. (2015) study about frequently used churn prediction techniques which
are ANN, Support Vector Machines, Decision trees, Naive Bayes and Logistic
regression and evaluation of their performances using performance classifiers in
telecommunication industry. Comperative results indicated that the best method

named boosted SVM for the churn prediction in telecom industry was founded.

Inoue et al. (2017) mainly focused on pattern of customers through corporate social
responsibility. Frequency of attendance of the social responsibility was affected by

gender, age, tenure and perceived performance.



Kim and Moon (2012) study aims to create successful retention activities for win the
customers back. Developed retention models which are based on churn
probability,retention probability, expected revenues and combination of these models
are compared between them using different algorithms. Model CP which based on

churn probability was determined as most accurate model for churn forecasting.

Amin et al. (2017) study aims to forecasting of the customer behavior while using rule
generation methods which are Exhaustive Algorithm, Genetic Algorithm, Covering
Algorithm and LEM2 Algorithm implemented on benchmark telecom dataset. Rough
Set Classification was applied for measurement of the methods. As a result of this
process, Genetic Algorithm gave the best churn probability rate.

Zorn, Jarvis and Bellman (2010) study mainly mentioning about different perspective
of churn prediction methods while using a DVD firm customer dataset. Cox regression
model was implemented for this study and variable effects were investigated in depth.

In conclusion, payment per month had a remarkable impact of customer churn rate.

Customer churn explained in literature in Telecom industry that subscription from
existing company is ended up by the customer and transportation of number or
subscription to another carrier is entitled ‘churner’. Since, exponential increase of the
competition among telecommunication companies, customer churn become
significant problem for the companies which are not only in telecom industry but also

insurance and banking.

Three types of customer churn are described in the literature as seen below (Lazarov
and Capota, 2007):

e Active Churner (Volunteer): Costumers who prefer to quit existing carrier and
want to switch another carrier. Termination reasons can be listed, for instance,
subscription termination, mobile phone device upgrade/downgrade, network

quality, competitors marketing activities, regulations etc.

e Passive Churner (non-volunteer): Customers who are thrown by the company

because of the irregularity in invoices.

e Rotational Churner (Silent): The contract is ended up by company or customers

unexpectedly without any pre-notification.



Table 3.1: Previous studies about churn

Author Source Factors Methodology Results
Vafeiadis et al.(2015) Simulation No. of months active user ANN Comparison between the algorithms are
Modelling Total charge of evening/day/night/international calls Support Vector Machine shown. Accuracy of ANN, Support Vector
Practice And Total minutes of evening/day/night/international calls Decision Trees Machine and Decision Tree is higher than
Theory Total number of evening/day/night/international calls Naive Bayes Niave Bayes and Logistic Regression.
No. of voice-mail messages/customer service Logistic Regression
Inoue et al. (2017) Journal of Gender Confirmatory Factor Attendance to the Corporate Social
Business Research  Age Analysis Responsiblity can only moderate by
Commitment objective data. CSR initiatives can increase
Involvement behavioral loyalty.

Kim and Moon (2012)

Amin etal. (2017)

Zorn, Jarvis and Bellman (2010)

Expert Systems
with Applications

Neurocomputing

Journal of
Research in
Interactive

Churn probability
Retention probability

Churn and retention probability

Successful retention satisfaction
Switching cost

Existance of international plan
Existance of VVoice mail plan
Customer service calls

No. of minutes international calls

No. of customer visit to the website
No. of up or downgrades between offers

Average rental time

Number of title reviews
Payment per month

Naive Bayes
Neural Networks

Decision Tress
Random Forest

Logistic Regression

Genetic Algorithm
Exhaustive Algorithm
Covering Algorithm
LEM2 Algorithm

Cox-regression Analysis

Cultural differences demographic variables
and social characteristic of the customer
can impact of the satisfaction and switching
costs.

Genetic algoritm with RST classification
results are much more accurate compare
with other methods. These results can be
based on retention activities.

Visit count, number of title reviews and
average rental time does not have
significant effect on behavioral data. But,
payment per month has.
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Customer churn types except rotational churner are predicted using several approaches
in the literature. Rotational churners are not easy predictable, because it depends on

probability.

In Figure 3.1 (Geetha and Abitha Kumari, 2012) , as seen below, the customer churn
modeling and also shaded region specified in this study .Majority of past researches
targeted on to determine the direct effect of independent variables on customer churn
except Ahn et al. (2006) who examine the consumer position as an intermediary for
churn determinants and customer churn. Consequently, any consumer churn could
occur in three stages, which are shown in Figure 3.1. The initial and final stages are
explained in details in the literature. Nevertheless, the intermediary stage consists of
active and non-—active states. For instance, the company can not bring in revenue in

dormant stage from the customers who do not use network. (Ahn et al., 2006).

Other phase is examined as seen in Figure 3.1. This is called as the revenue churn
phase or dormant phase. The stream of consumer form revenue earning to non-revenue
earning can be defined as revenue churn. Non-revenue earning consumers (NREC) are
the class of consumers in this related phase who do not recharges, makes calls or do
not operates any of the services of the service provider. This class of consumers are
categorized as present but dormant. These consumers are intend to generate revenue
loss to the firm. Thus, preventing revenue loss of these, NREC and to evaluate their

delicacy to churn, the usage routine has to be examined.

Customer Churn Stages

Inactive State/Non
User (Churned
Customer)

Active State/User
(Revenue Earning
Customer)

Figure 3.1: Phases of churn.,

When looked up to overall performance of the market, SAS Institute (2001) published
that the cost of churn is approximately $4 billion per year in EU and US

telecommunication market, also global costs reached $10 billion each year.

It has been observed that company’s performance is affected by customer churn as

described below (Amin et al., 2017):
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e Negative impact on company performance in terms of customer number.

e Another impact on sales is that new customers are willing to purchase less

services compared to others.

e Business promotions by competitors’ effect unsatisfied customers’ decisions

on carrier services.
e Customer churn has a negative impact on companies’ revenues.
e It might alter with long-term customer’s opinion.

e It can cause unpredictability, which decreases the ratio of the potential new

customers.

e Gaining new customers from other carriers are more costly when compared to

preserving existing customers.
e Company’s reputation is effected from losing customers to competitors.

There is a direct connection between customer loss and loyalty. In today’s business
world, price cuts are not enough for loyalty. Customers become more loyal if the
companies add a new value to the original product. The main objective for churn
analysis is to identify the customers likely to be lost and compute the total cost for the

effort to win them back.

3.1  Behavioral Loyalty

Churn rates can be 30% per year in saturated markets. (Thomas et al., 2004; Wei and
Chiu, 2002). As explained above sections, churn rate defined as ratio of disconnected
customers from their company. Because of the high churn rates, companies should
create loyalty to their products (Kamakura et al., 2003). On the other hand, higher
churn rate causes the decreasing of customer acquisition (Bonfrer et al., 2008).
However, as it mentioned before, customer acquisition activities has high expenditure
and acquiring each customer back is not profitable. In some cases, acquisition activity
costs can be higher than the customer lifetime ARPU (Average Revenue per User)
especially for temporary customers (Reinartz and Kumar, 2002; Novak and Hoffman,
2000). Owing to long commitment period and product awareness, long-term customers

can be more profitable than the short-term customers (Reichheild, 1996). In addition,
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customer acquisition number is affected by negative word of mouth from detractors of
the company (Allenby et al., 1999; Lopez et al., 2006).

Brand loyalty is defined in previous studies as loyalty of customers to a specific brand
without any dependency to marketing action of the company (Oliver, 1999). It has two
types loyalty as attitudinal and behavioral. While, attitudinal loyalty is described as
consumers’ attitude against particular brand, behavioral loyalty is defined as
repurchase tendency for a particular products or services (Kumar and Reinartz, 2006).
It has been also described that loyal customers in terms of behavior are not always act
attitudinally loyal and competitors cannot faced with any difficulty while enticed to
customers for purchasing their products (Giovanis and Athanasopoulou, 2018) Also,
behaviorally loyal customers cannot be genuine customers in repurchasing activity of

the products or services just due to their specific situations.

Companies have challenges about accessing behavioral data. Only few data can easily
accessible, such as call frequency in telecom industry (Wei and Chiu, 2002).
Although, churn rate can be calculated adding other affective measurements such as
customer characteristics and attitude (e.g satisfaction score obtained via surveys).
However, satisfaction score is occasionally added as measurement to the data
considering that it is sample of total customers and not real time. On the contrary,

behavioral data is consistently up-to-date for each customer (Zorn et al., 2010).

Prediction of customer behavior and customer value is made more accurately with past
behavioral data in comparison with customer demographics (Hughes, 2005). Hence,
score models on historical purchasing data (e.g customer billing) is used for calculation

of customer value and classify the customers accordingly (Reinartz and Kumar, 2002).

Some researchers consider that behavioral loyalty and customer tenure affect to
satisfaction score positively (Dover and Merthi, 2006; Ganesh et al., 2000).
Nevertheless, customers, who satisfied with the product or services, have not certainly
loyalty to company (Oliver, 1999). Generally, satisfaction and customer loyalty does
not have a linear and simple relation because of other effects on customer tenure, such
as product/services quality, price perception, social network (Oliver, 1999) and
commitment period (Bolton et al., 2004). In addition to this, relationship between
satisfaction and loyalty is affected by customers’ satisfaction judgement. For example,

low satisfaction score is less likely to transform to customer loyalty (Chandrashek et
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al., 2007). Another example is that if the companies create service failure uncertainty,
satisfaction score of the company decreases, even after the problem is solved (Zeithaml
etal., 1996).

3.2 Churnin Telecom Industry

New markets are developing in economy, as a consequence of this competition
evolving between companies. Evolving competition, force companies to make more
innovation. For survival, they need to differentiate. Customer care is the ultimate

answer for loyalty and customer satisfaction.

Predicting the consumer behavior provides a core competence for the companies.
Analyzing and implementing a related model for customer needs is essential to
maintain the relationship between the consumer and the company. Since, the
telecommunication sector is already a developed market and gathering customers from
competitors are overpriced, companies are more focused on existing customers, which
are named cross-selling and up-selling in Customer Relationship Management in
order to gain more profit. Therefore, telecommunication companies try to affect

customer’s behavior with marketing activities for managing the usage of tariffs.

Commonly, prepaid tariffs are preferred generally by immigrants, youths and
customers who would like to control their spending. This trend is becoming popular

due to easy number carrying options while switching the brands.

According to Kisioglu and Topcu (2011) study results, for instance, for an efficient
churn management in telecom industry, average MoU (Minutes of Usage), average
invoice payment, number of interconnection calls and tariff type are most significant

factors in order to analyze customer churn rate.

3.3 Churn Management Methods

Churn management is operating in several sectors with dynamic actions. Each sector
has different methods for dealing with churn customers. Churn management should be
considered analytically. Consumer behaviors and actions leave a hint for the
companies as they can be tangible to churn in upcoming period. Sectors including
from online broadcasting to online retails, also from credit card services to carrier

providers and etc. have different symptoms for customer churn prediction and the
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different solutions should be implemented for each sector. In online broadcasting
business such as Netflix, customers are mostly contractual customers, and they paid
the service with their credit cards, based on consumer reports consumers have not paid
their last two subscription fees are tangible to cancel the service. Netflix detect these
consumer and offer a reasonable deal for future service. In non-contractual sectors,
such as online fashion retailers (e.g. Alibaba), consumers are tangible to churn if they
do not have make any action at the platform for two months time. To avoiding churn
in this manner, online retailers offer them a deal with their possession of interest. In
the type of voluntary churn, mostly credit cards are facing with this consume churns
and it is hardly detect before the action. However, for voluntary churns, credit card
companies, create a method of “rewarding”. When a consumer wants to leave, these
companies offer a last time deal such as bonus credit balance for shopping. Involuntary
churn is another problem mostly credit companies faced with. When a consumers
credit card expires, it involuntarily dropped out from the system, thats why credit card

companies send new credit cards months before expiration dates.

In telecom industry, one of the alternative activity for turn it to advantages is pre-to-
post strategy which means activities for prepaid customers to migrate to postpaid, in
order to gather customers that are more loyal. Most important point in this strategy is
postpaid customers bring much greater ARPU (Average Revenue per User) than the
prepaid customers. Another alternative activity is that focusing on loyalty of existing
customers. Many studies are written up both behavioral an attitudinal loyalty of
prepaid and postpaid customers; also evaluate the customers using data mining in the

literature.

When looked up the Turkish Telecom sector, it is found that important relationship
between subscription type and customer income level (Aydin, 2004). Another survey
on the graduate students indicated that important relationship is found between
subscription type and objects like faculty, graduation year, age, gender, education level
of the family members and income level of the family (Oktay et al., 2006). Also, other
researches are indicated that prepaid customers are more effected from price changes
when it’s compared to postpaid customers (Karacuka et al., 2011). Other results of the
researches, behavior of the peers about the brand switching also shows that social
network of the customer make much more remarkable impact on subscribers’ brand

decision when it is compared to mobile network quality.
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4. RESEARCH DESIGN

4.1  Aimand Scope of the Research

As mentioned in previous section, carriers can use several retention activities to
prevent customer churn. However, it is the key point for when and how will be touched
to customers. Especially behavior of prepaid customers who have low commitment

rate hard to examine.

This paper aims to predict to churn rate of prepaid customers, and create an action plan
before they abounded to carriers. An algorithm is selected and implemented for
analysis. A dataset is obtained from a Turkish telecom company for determined period

and results are examined as seen below sections.

4.2  Data Preparation and Sampling

In first step, a dataset is obtained from a carrier including churner and non-churner
customers’ behavioral data, which has totally 429 samples. In Table 4.1, type of
customer and sample numbers are seen below. Churner customers are selected from
March 2018 data randomly, which was totally 400 customers sample. However, for
gathering more accurate results, behavioral data is collected from December 2017 and
127 customers have movement on December’17. Prepaid customers churn flag is
given 9 months after last top-up. Therefore, remaining 273 churner customers were

already gone from carrier customer base before getting churn flag.

Non-churner customers are collected from another data, which is called “Net Promoter
Score” time between April’17 and November’17. Detractors of the company who are
willing to abandon to company is selected and 302 non-churner customers’ Dec.”17

behavioral data is examined as seen Table 4.1.
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Table 4.1: Training dataset with numbers

Customer Type Sample Number Data Time Period
Churner 127 Dec.'17
Non-churner 302 Dec.'17

After selection of customer sample and period, variables of the behavioral data has

been chosen based on recent researches on literature, which mentioned above sections

and 15 different variables has been examined as seen below Table 4.2. Defined

variables are effected churn and contribute to prediction of churn rate.

Table 4.2: Definition of the selected variables

Variables Data Type Defination
Age Demographic Age belong to user
Tenure Demographic Months stay on the carriers' base
Duration Usage Rate Behavioral Total minutes of usage divided by jcarrff bundle (g_lvlng from carrier within the
scope of tariff package) minutes
Data Usage Rate Behavioral Total data usage divided by tarrff_ bundle (giving from carrier within the scope
of tariff package) data
SMS Usage Rate Behavioral Total SMS usage divided by tarrff bundle (giving from carrier within the scope
of tariff package) SMS
OOB Duration Rate Behavioral Total minutes of usage _removal from _ta_rrff bundle (gwl_ng from carrier within
the scope of tariff package) divided by total minutes of usage
OOB Data Usage Rate Behavioral Total data usage removal_from tariff bur_1d_ le (giving from carrier within the
scope of tariff package) divided by data usage
. Total SMS usage removal from tariff bundle (giving from carrier within the
OOB SMS Usage Rate Behavioral . L
g scope of tariff package) divided by SMS usage
Offnet Usage Rate Behavioral Other carriers customers' call divided by total outgoing call
Incomlng/OLFj:gtzlng Duration Behavioral Call record interaction rate between recipient and caller
VAS Product Rate Behavioral Number of value added services (VAS) belong to customer divided by total
VAS
# of Migration (annual) Behavioral Number of tariff change in a year
# of Top-up (annual) Behavioral Number of added airtime minutes to customer line in a year
# of Port in (annual) Behavioral Number of subscribed times to selected carriers' base in a year
# of Port out (annual) Behavioral Number of unsubscribed times to selected carriers' base in a year
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4.2.1 Dataset interpretation

Variable similarities and differences on churner and non-churner data are analyzed
separately. As seen in the Table 4.3, customer behavior in terms of offnet usage, almost
equal to onnet usage on non-churner data sample. On the other hand, offnet usage of

the customers is higher than onnet usage on churner data. This variable may have
encouraged the customer to abandon the carrier.

Table 4.3: Offnet usage rate similarity

Offnet Usage Rate Similarity on

Offnet Usage Rate Similarity on
Non-churner Data

Churner Data

Offnet Usage Rate [# of samples Offnet Usage Rate [# of samples
0 34 0 53

0-0,5 107 0-0,5 33

0,5-1 161 0,5-1 41

As seen in Table 4.4, OOB usage is lower than total minutes usage not only in non-

churner, but also in churner data. In addition, customers generally keep away from
exceeding their tariff as expected.

Table 4.4: OOB usage minutes similarity

OOB Usage minutes Similarity on

OOB Usage minutes Similarity on
Non-churner Data

Churner Data

OOB Usage minutes |# of samples| |OOB Usage minutes [# of samples
0 149 0 53

0,01-0,1 58 0,01-0,1 18
0,1-0,5 34 0,1-0,5 15
0,5-1,00 61 0,5-1,00 41

Another analysis about customer behavior as seen below, while customer tenure is

higher on non-churner data, customers are willing to abandon the company in a year
on churner data.

Table 4.5: Tenure similarity

Tenure (month) Similarity on Non- Tenure (month) Similarity on
churner Data Churner Data
Tenure # of samples Tenure # of samples
0-12 52 0-12 68
13-27 105 13-27 35
28+ 145 28+ 24
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Youth and older segments have shown same behavior on non-churner data and they

willing to stay in their existing carrier. However, older segment willing to abandon the
existing company on churner data.

Table 4.6: Age similarity

Age Similarity on Non-churner Age Similarity on Churner Data
Data
Age # of samples Age # of samples
0-26 123 0-26 15
27-35 51 27-35 35
36+ 128 36+ 77

Non-churner customers made top-up nearly twice a month while churner customers

did not make top-up even every month. Also, 15 customers in churner data has made
top-up twice a year.

Table 4.7: Top-up similarity

Top-up Similarity on Non-churner Top-up Similarity on Churner
Data Data
# of Top-up (annual) [# of samples # of Top-up (annual) [# of samples
0-15 268 0-15 93
16-24 32 16-24 34
25+ 2 25+ 0

As seen in Table 4.8, rate of incoming/ outgoing calls are similar on churner and non-

churner data. It is prooven that, outgoing calls is higher than incoming calls in the
dataset.

Table 4.8: Rate of incoming/ outgoing calls similarity

Rate of incoming/outgoing Calls

Rate of incoming/outgoing Calls
Similarity on Non-churner Data

Similarity on Churner Data

Incoming/Outgoing [# of samples Incoming/Outgoing [# of samples
0-0,5 51 0-0,5 22
0,5+ 251 0,5+ 105

Minute usage and SMS usage rate distribution are similar in the data. Most of

costumers in churner and non-churner data are using their tariff content with the
percantage of % 50 as seen in the Table 4.9.
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Table 4.9: Duration and SMS usage rate similarity

Duration Usage Rate Similarity on
Non-churner Data

Duration Usage Rate Similarity on
Churner Data

Duration Usage Rate [# of samples| |Duration Usage Rate [# of samples
0-0,5 150 0-0,5 62
0,5-1,00 96 0,5-1,00 41

1,00 + 56 1,00 + 24

SMS Usage Rate Similarity on
Non-churner Data

SMS Usage Rate Similarity on
Churner Data

SMS Usage Rate [# of samples SMS Usage Rate [# of samples
0-0,5 259 0-0,5 109
0,5-1,00 10 0,5-1,00 4
1,00 + 33 1,00 + 14

While data content of the tariffs are used more than percantage of %50 in non-churner

data, churner customer usage distribution is irregular as seen Table 4.10.

Table 4.10: Data usage rate similarity

Data Usage Rate Similarity on
Non-churner Data

Data Usage Rate Similarity on
Churner Data

Data Usage Rate [# of samples Data Usage Rate |# of samples
0-0,5 32 0-0,5 53
0,5-1,00 108 0,5-1,00 33
1,00 + 162 1,00 + 41

Non-churner customers try to find a suitable tariff for themselves and staying in the

existing carrier, while churner customers can either abandon the company or not as
seen in the Table 4.11.

Table 4.11: # of Migration similarity

# of Migration Similarity on Non- # of Migration Similarity on

churner Data

Churner Data

# of Migration  [# of samples # of Migration  [# of samples
0 110 0 69
1+ 192 1+ 58

Non-churner customers do not move to other carrier mostly in selected year or come
from another carrier. They can mostly labelled as loyal customers. Churner customers

in the dataset act similar with non-churner data unexpectedly as seen Table 4.12.
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Table 4.12: # of Port-in and Port-out similarity

# of Port-in Similarity on Non- # of Port-in Similarity on Churner
churner Data Data
# of Port-in # of samples # of Port-in # of samples
0 253 0 91
1+ 49 1+ 36
# of Port-out Similarity on Non- # of Port-out Similarity on
# of Port-out # of samples # of Port-out # of samples
0 294 0 122
1+ 8 1+ 5

in non-churner nor churner data.

Table 4.13: VAS product rate similarity

As seen in the Table 4.13, VAS Product Usage Rate is not cumulative on 0 or 1 neither

VAS Product Rate Similarity on
Non-churner Data

VAS Product Rate

Churner Data

Similarity on

VAS Product Rate [# of samples VAS Product Rate [# of samples
0 145 0 71
0-1,00 157 0-1,00 56

their tariffs excessively in terms of Data and SMS content.

Most of customers in not only non-churner but also churner data are not exceeding

Table 4.14: OOB Data and SMS usage similarity

OOB Data Usage Similarity on
Non-churner Data

OOB Data Usage Similarity on
Churner Data

OOB Data Usage [# of samples OOB Data Usage [# of samples
0-0,5 229 0-0,5 104
0,5-1,00 73 0,5-1,00 23

OOB SMS Usage Similarity on
Non-churner Data

OOB SMS Usage S

Churner Data

imilarity on

OOB SMS Usage [# of samples OOB SMS Usage [# of samples
0-0,5 292 0-0,5 108
0,5-1,00 10 0,5-1,00 19
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4.2.2 Relation of variables

Dependancy to the churn status of each variable has been analyzed usin SPSS v22.
Churn status (churner or non-churner) has been accepted as a constant and Hypotesis
was defined as seen below. Each variable has been tested based on this constant using

Pearson Chi-Square and Mc Nemar as seen below tables.
Hypothesis (HO): Variables and churn status are independent from each other.

As seen Table 4.15 and Table 4.16, Pearson Chi-square asymptotic significance value
was found as 0,00 which is less than 0,05. Therefore, HO is rejected which means that
there is a relation between age and churn status. Results are shows that youth and older

customers are not abondon the company when it is compared to 27-40 ages customer

segment.
Table 4.15: Age-churn status test
New Age *churnstatus Crosstabulation
churnstatus
0 1 Total

New Age 27-40 Count 81 &3 144
Expected Count 1014 42.6 144.0
%% within New Age 56.3% 43,8% 100,0%
% within chumstatus 26,8% 40 6% 33.6%
% of Total 18.9%; 14,7% 33.6%
40+ Count 08 40 147
Expected Count 1035 435 147.0
% within New Age 66.7% 33,3% 100,0%
% within churnstatus 32.5% 38.6% 34.3%
% of Total 22.8% 11 4% 34.3%
0-26 Count 123 15 138
Expected Count 97.1 40.9 138.0
% within New Age 89.1% 10,9% 100,0%
% within churnstatus 40, 7% 11,8% 32.2%
% of Total 28, 7% 3.5% 32.2%
Total Count 302 127 420
Expected Count 302.0 127.0 42010
%% within New Age 70.4% 20.6% 100,0%
% within chumstatus 100,0% 100.0% 100,0%
% of Total 70.4% 20 6% 100,0%
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Table 4.16: Age-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value df (2-sided)
Pearson Chi-Square 38.050= 2 000
Likelihood Ratio 41,820 2 000

N of Valid Cases 420
a. 0 cells (0,0%) have expected count less than 5. The
minimum expected count 1s 40,83

Asseen Table 4.17 and Table 4.18, OOB minutes usage and churn status are dependent
from each other.

Table 4.17: OOB usage-churn status test

New 00BUsagemin * churnstatus Crosstabulation
new churnstatus

0 1 Total

New 0,501-1 Count 61 41 102
QOBUszagemin Expected Count 718 30,2 102.0

% within New 59.8%  40.2%  100,0%

Q0EUsagemin

% within chumstatns 202%  323%  238%

% of Total 14 2% 9.6%  23.8%

0 Count 99 39 138

Expected Count 971 40,9 138.0

% within New T1.7%  283% 100,0%

Q0EUsagemin

% within chumstatns 32,8%  30,7%  322%

% of Total 23.1% 9.1%  323%

0,01-0,5 Count 142 47 189

Expected Count 133.0 56,0 189.0

% within New 75,1%  24.9%  100,0%

Q0OEBUsagemin?

% within new 47.0% 37.0%  44.1%

churnstatus

% of Total 33,1% 11,0%  44.1%
Total Count 302 127 420

Expected Count 302,0 127.0 4290

% within New 704%  29.6% 100,0%

0O0OBUsagemin?

% within new 100.0% 100,0% 100,0%

churnstatus

% of Total 704%  29.6%  100,0%
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Table 4.18: OOB usage-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value df 2-zided)
Pearscn Chi-Square 7645 2 022
Likelihood Ratio 7412 2 L0235
N of Valid Cases 429

a. 0 cells (0,0%) have expected count less than 5. The
minimum expected count 15 30,20.

As seen in the tables below, Offnet usage rate and churn status are dependent from
each other as a result of probability of Chi-Square test statistic which is less than %5.
Test results indicate that customers who have high and medium amount of offnet usage

rate willing to not abandon the company.

Table 4.19: Offnet usage rate-churn status test

offnet Usage Rate * churnstatus Crosstabulation
new churnstatos

0 1 Total
New offnet Usage  high Count 158 41 199
Rate Expected Count 140.1 589 1990
U within New offnet 79.4% 20.6% 100,0%
Usage Rate
% within chumetatns  52,3%  323% 464%
% of Total 36.8% 9.6% 464%
low Count 24 3B &2
Expected Count 43.6 18.4 62,0
% within New offnet 38,7% 61.3% 100,0%
Usage Rate
% within chumstatus ~ 7.9%  29.9% 145%
% of Total 56%  B9% 145%
medin  Count 120 48 163
m Expected Count 118.3 49,7 1680
% within New offnet  71.4% 28.6% 100,0%
Usage Rate
% within chumstatus  39.7%  37.8% 392%
% of Total 2807  11.2% 392%
Total Count 302 127 429
Expected Count 3020 270 4290
% within New offnet  70,4% 29.6% 100,0%
Usage Rate
% within churnstatus  100,0% 100.0%  100,0%
% of Total 70.4%  29.6% 100,0%
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Table 4.20: Offnet usage rate-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
WValue df (2-s1ded)
Pearson Chi-Square 37,6932 2 000
Likelihood Ratio 34,986 2 000

N of Valid Cases 429
a. 0 cells (0,0%) have expected count less than 5. The

mimimum expected count 1s 1835,

As seen Table 4.21 and Table 4.22, Incoming/outgoing rate and churn status are
independent from each other. Pearson Chi-Square asymptotic significance value which
is found 0,00 is lower than 0,05. It means that HO hypothesis is rejected and there is a

relation between incoming/outgoing rate and churn status.
Table 4.21: Incoming/outgoing rate-churn status test

new Inmmingoutgning * churnstatus Crosstabulation
new churnstatus

0 1 Total

new Count 20 5 25

Incomingoutgoing Expected Count 17.6 7.4 25.0

% within new 80,0%  20,0% 100,0%
Incomingoutgoing

% within churnstatus G.6% 3,9% 5.8%

% of Total 4. 7% 1,.2% 5.8%

0.501-1  Count 245 100 343

Expected Count 2450 1030 45,0

% within new 71,3%  237% 100,0%
Incomingoutgoing

% within churnstatus 321% T8T%  81.1%

% of Total 57.8% 233% 81.1%

D Count 0 T 7

Expected Count 449 21 7.0

% within new 0,09 100,0% 100,0%
Incomingoutgoing

% within churnstatus 0.0% 5,5% 1,6%

% of Total 0.0% 1,6% 1.6%

0,01-0.5 Count 34 15 49

Expected Count 345 145 49.0

% within new 69.4% 30,6% 100,0%
Incomingoutgoing

% within churnstatus 11.3%  118% 11.4%

% of Total 7.9% 35% 11.4%

Total Count 302 127 429

Expected Count 3020 1270 4290

% within new T0.4%  296% 1000%
Incomingoutgoing

% within churnstatus  100,0% 100,0% 100,0%

% of Total 70 4%  296% 100.0%
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Table 4.22: Incoming/outgoing rate-churn status Chi-square results

Chi-Square Tests
Asymptotic
Significance
Value di (2-sided)
Pearson Chi- 17,9022 3 ,000
Square
Likelihood Ratio 16,386 3 000
N of Valid Cases 429

a. 2 cells (25,0%) have expected count less than 5.
The minimum expected count is 2,07.

As seen Table 4.23 and Table 4.24, Duration usage rate and churn status are
independent from each other. Because, Probability of Pearson Chi-Square value is

higher than %20. Duration usage rate does not change according to churn status.

Table 4.23: Duration usage rate-churn status test

new DuratinnUsageRate * churnstatus Crosstabulation
new churnstatus

1] 1 Total

new Count 2 0 2

DwrationUsageRate Expected Count 1.4 i3 2.0

% within new 100,0% 0,0% 100.0%
DurationUsageRate

% within churnstatus 0.7% 0,0% 0.5%

% of Total 0,5% 0,0% 0.5%

0,501-1 Count 150 65 215

Expected Count 151.4 63,6 2150

% within new 69.8% 302% 100,0%
DurationUsageRate

% within churnstatus 49 7% 512% 501%

% of Total 350% 152% 501%

0 Count & 3 11

Expected Count 7.7 3.3 11.0

% within new T2,7%  273% 100.0%
DwrationUsageRate

% within churnstatus 2.6% 2 4% 2.6%

% of Total 1,9% 0,7% 2 6%

0,01-05 Count 142 59 201

Expected Count 141.5 585 2010

% within new T06%  294% 100.0%
DurationUsageRate

% within churnstatus 470% 455%  46.9%

% of Total 331%  138% 469%

Total Count 302 127 429

Expected Count 3020 127.0 4290

% within new 7043 2986% 100.0%
DurationUsageRate

% within churnstatus  100,0% 100 0% 100.0%

% of Total 7043  296% 100.0%
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Table 4.24: Duration usage rate-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value af (2-sided)
Pearson Chi- 917s 3 821
Square
Likelihood Ratio 1,480 3 687
N of Valid Cases 429

a. 3 cells (37,5%) have expected count less than 5.
The minimum expected count is |59

Data usage rate and churn status are independent from each other and there is no
relation between these variables as seen Table 4.25 and Table 4.26.
Table 4.25: Data usage rate-churn status test

new DataUsageRate *churnstatus Crosstabulation
new churnstatus

0 1 Total
new Count 1 0 1
DatalsageRate Expected Count i 3 1.0
% within new 100,0% 0,0% 100.0%
DatalUsageRate2
% within churnstatus 0,3% 0,0% 0,2%
% of Total 0.2% 0,0% 0.2%
0,501-1 Count 194 69 263
Expected Count 1851 779 2630
% within new T3,8%  252% 100,0%
DatalsageRate
% within churnstatus 64.2% S543% 613%
% of Total 452%  1681%  61,3%
0 Count 42 27 69
Expected Count 43,6 20,4 69,0
% within new 60.9% 391% 100,0%
DatalsageRate
% within churnstatus 13.9% 21.3% 161%
% of Total 9 8% 653% 16,1%
0,01-0,5 Count 65 31 95
Expected Count 67,6 254 96,0
% within new 67.7% 323% 100,0%
DatalsageRate
% within churnstatus 21.5% 244% 22.4%
% of Total 15,2% T2% 224%
Total Count 302 127 429
Expected Count 3020 1270 4290
% within new T0.4%  296% 100,0%
DatalsageRate
% within churnstatus  100.0% 1000% 100,0%
% of Total T04%  296% 100,0%
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Table 4.26: Data usage rate-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value df (2-sided)
Pearson Chi-Square 5.190= 3 158
Likelihood Ratio 53,347 3 148

N of Valid Cases 429
a. 2 cells (25,0%) have expected count less than 5. The
minitmum expected count 1s 30,

SMS usage rate and churn status do not have a relation as seen Table 4.27 and Table
4.28. Probability of Pearson chi-square value which is 0,298 is higher than 0,05. SMS

usage rate does not change according to churn status.

Table 4.27: SMS usage rate-churn status test

New SMS Usage Rate * churn status Crosstabulation
churn status
nonchurner churner Total

New SMS Usage Count 0 1 1
Rate %o within New SMS 0.0% 1000%  100,0%
Usage Rate
%o within churn status 0.0% 0.8% 0.2%
% of Total 0.0% 0.2% 0.2%
high Count 43 17 60
%o within New SMS 71.7%  283% 100,0%
Usage Rate
%o within churn status 14.2%  134% 14.0%5
% of Total 10,0% 4.0% 14 0%
low Count 239 109 368
%o within New SMS 704%  29.6% 100,0%
Usage Rate
%% within churn status 85.8%  B5.8% 83.8%%
% of Total 60.4%  254% 85,8%
Total Count 302 127 429
%o within New SMS 704%  29.6% 100,0%
Usage Rate
%% within churn status 100,0% 100.0%  100,0%
% of Total 704%  296% 100,0%
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Table 4.28: SMS usage rate-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value df (2-sided)
Pearson Chi-Square 24242 2 298
Likelihood Ratio 2,481 2 289
MecNemar-Bowker . : b
Test
N of Valid Cases 429

a. 2 cells (33.3%) have expected count less than 5. The
mimimum expected count 15 30.

b. Computed only for a PxP table, where P must be greater
than 1.

As seen Table 4.29 and Table 4.31 below, Pearson Chi-Square values of migration and
tenure which are 0,00 and 0,003 respectively are lower than 0,05. Therefore, these
variables have a relation between churn status separately. Results in Table 4.29 shows
that loyal customers who are 25+ months tenure willing to stay in the existing carrier’
customer base. In addition, Table 4.31 indicate that if customers have low or medium

rate of migration, they are more loyal to existing carrier.

Table 4.29: Tenure -churn status test

New Tenure *churnstatus Crosstabulation
new chumstatus

0 1 Total

New Tenure 25+ Count 157 25 182
Expected Count 128.1 53,9 182.0

% within New Tenure 86,3%  137% 100,0%

% within chumstatus 520% 197%  42.4%

% of Total 36.6% 58% 424%

0-12 Count 52 63 120

Expected Count 845 355 120.0

% within New Tenure 43.3%  56,7%  100,0%

% within chumstatus 172%  53.5% 28.0%

% of Total 12,1% 159% 28.0%

13-25 Count 03 34 127

Expected Count 804 37.6 127.0

% within New Tenure 73.2%  268% 100.0%

% within chumstatus 30.8%  26,8% 29.6%

% of Total 21.7% 7.9% 29.6%

Total Count 302 127 429
Expected Count 302.0 127.0 4200

% within New Tenure 704%  296% 100.0%
% within chumestatus 100,0% 100,0% 100.0%
% of Total T04% 206%  100.0%

30



Table 4.30: Tenure-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value df {2-sided)
Pearson Chi-Square 64,6502 2 000
Likelihood Ratio 63,772 2 000
N of Valid Cases 429

a. 0 cells {0,0%) have expected count less than 5. The

minimum expected count is 35,52,

Table 4.31: Migration -churn status test

New Migration * churn status Crosstabulation

churn status
nonchurner churner Total
New Migration high Count g 2 10
% within New 80,0% 200%  100.0%
Migration
% within chum status 2.6% 1.6% 2.3%
% of Total 1.9% 0,5% 2.3%
Low Count 110 a9 179
% within New 61.5% 38.53%  100.0%
Migration
% within chum status 36.4% 343% 41.7%
% of Total 25.6% 16,19%  41.7%
medium  Count 134 56 240
% within New 76, 7% 233%  100.0%
Migration
% within chum status 60.9% 44 1% 55.0%
% of Total 42 0% 13,19 55.0%
Total Count 302 127 420
% within New 70,4% 206% 100.0%
Migration
% within chum status 100,0%  1000%  100.0%
% of Total 70.4% 206% 100.0%
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Table 4.32: Migration-churn status Chi-square results

Chi-Square Tests

Asymptotic
Significance
Value df (2-s1ded)
Pearson Chi-Square 11.841= 2 003
Likelihood Ratio 11,758 2 003
McMNemar-Bowker . . b
Test
N of Valid Cases 420

a. 1 cells (16,7%) have expected count less than 5. The
minimum expected count is 2,96,

b. Computed only for a PxP table, where P must be greater
than 1.

Variables named OOB Data Usage Rate, OOB Usage Rate, Port-in, Port-out and # of
Top-up (annual) were analyzed using Mc-Nemar test in SPSS program. Churner and

non-churner dataset are seperately analyzed unlike Chi-Square test.

As seen Table 4.33 and Table 4.34, there is a relation between OOB Data Usage Rate
and OOB SMS Usage Rate using non- churner dataset. The results are indicated that

if the rate of OOB Data Usage is low, OOB SMS usage rate is also low.

Table 4.33: OOB Data usage - OOB SMS usage test using non-churner dataset

New OOBData * New O0OBSMSUsage Crosstabulation

New OOBSM3Usage
low high Total

MNew OOBData low Count 19 38 2129

% within New (WOBData 83 4% 166% 100,00

%o within New 13, 7% 88 4% 75,8%
OOBSMEUsage

% of Total 63.2% 12.6% 75.8%

high  Count 68 3 73

%o within New OOBData 83,2% 6.8%  100,0%

Yo within New 26,3% 11.6% 24.2%
OOBSMSUsage

%o of Total 21.5% 1.7% 24.2%

Total  Count 259 43 302

%o within New OOBData §3.8% 142%  100,0%

Yo within New 100.0% 100.0%| 100.0%
OOBSMEUsage

% of Total 83,8% 142% 100,0%
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Table 4.34: OOB Data usage rate- OOB SMS usage rate results using non-churner
dataset

Chi-Square Tests
Asymp. Sig. Exact Sig. Exact 5ig.

Value df {2-sided) {2-sided) {1-sided)
Pearzon Chi-Square 43044 1 038
Continuity Correction® 3,543 1 060
Likelihood Ratio 4018 1 027
Fisher's Exact Test 033 L0253
Linesr-by-Linear 4,240 1 L0358
Association
hicNemar Test A5t
M of Valid Cases 302

2. 0 cells (,07%) have expected count less than 5. The minimum expected count iz 10,39.

b. Computed onlv for a 2x2 table
c. Binomial distribution used.

As seen Table 4.35 and Table 4.36, variables named port-in and port-out have a
relation using non-churner dataset. The test result shows that when port-in and port-

out are both “0”, customers are willing to stay in the company customer base.

Table 4.35: Port-in- port-out test using non-churner dataset

New Portin * New port out Crosstabulation

MNewd port out
negative | positive Total

MNew Portin~ negative  Count 247 ] 253
Y within New Portin 97.6% 24%( 100.0%

Ve within New port out 84.0%4 75.0% 83.8%

Y of Total 81.8% 2.0% 83.8%

positive Count 47 2 49
Y within New Portin 93.9% 4.1%( 100.0%

%% within New port out 16,084 25,0% 16.2%

%% of Total 15.6% % 16.2%

Total Count 294 8 302
Yz within New Portin 97.4% 26%( 100.0%

Ve within New port out 100059 100.0%|  100,0%

%% of Total 97.4% 268%( 100.0%
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Table 4.36: Port-in- port-out results using non-churner dataset

Chi-Squoare Tests
Azymp. Sig. Exact Sig. Exact Sig.

Value df {2-zided) {2-zided) {1-zided)
Pearzon Chi-Square ABee 1 4935
Continuity Correction” J03a 1 844
Likelihood Ratio 414 1 20
Fisher's Exact Test 620 382
Linear-by-Linear A54 1 A%6
Aszociation
MhicNemar Test 00
M of Valid Cazesz 302

2. 1 cells (23,0%2) have expected count less than 5. The minimum expected count is 1,30.

b. Computed onlv for a 2x2 table
¢. Binomial distribution used.

As seen Table 4.37 and Table 4.38, OOB Data Usage Rate and # of Top-up (annual)
are dependent from each other using non-churner dataset. The results are indicated that

customers who do not top-up are not exceed their data tariffs.

Table 4.37: OOB data usage- top-up test using non-churner dataset

New Q00BData * New topup Crosstabulation

New topup
200 1,00 Total

New OOBData low Count 138 91 29
% within New OOEData 60,3% 30.7%  100.0%

% within New topup 74.6% 77.8% 75,8%

% of Total 45, 7% 30,1% 75.8%

high  Count 47 26 73
% within New OOEData 64 4% 356%| 100,0%

%2 within New topup 254% 22,2% 24.2%

% of Total 15,6% B.6% 24.2%

Total  Count 185 117 302
% within New OOEData 61,3% 3BT 100,0%

Y= within New topup 100,0%]  1000%|  100.0%

% of Total 61,3% 3BT 100,0%
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Table 4.38: OOB data usage rate- top-up results using non-churner dataset

Chi-Square Tests
Asymp. Sig. Exact Sig. Exact Sig.

Value df {2-zided) {2-zided) {1-zided)
Pearson Chi-Square 3960 1 529
Contmuity Correction” 242 1 623
Likelthood Ratio 2399 1 323
Fisher's Exact Test 382 513
Linear-by-Linear 395 1 330
Asszociation
hcIWemar Test 000
I of Valid Cases 302

2. 0 cells (,0%%) have expected count less than 5. The minimum expected count is 28,28,

b. Computed onlv for a 2x2 table
¢. Binomial distribution used.

As seen Table 4.39 and 4.40, OOB Data Usage Rate and and OOB SMS Usage rate
are independent from each other using churner data. There is no relation between two

variables.
Table 4.39: OOB Data usage- OOB SMS usage test using churner dataset

New OOBSMSUsage * New OOBData Crosstabulation

New QOBData
low high Total
New OOBSMSUsage low Count 91 18 109
%% within New 83,5% 16,5%|  100.0%
OOBSMSUsage
%% within New OOBData 88.3% 78,3% 86.3%
%% of Total 72.2% 14.3% 86.5%
high  Count 12 5 17
% within New 70,6% 204%|  100.0%:
OOBSMSUsage
%% within New OOBData 11,7% 21,7% 13.5%
%% of Total 9.5% 4.0% 13.5%
Total Count 103 3 126
%% within New 81.7% 18.3%  100.0%
0OOBSMSUsage
%% within New OOBData 100,05  100.0%  100.0%
%% of Total 81,7% 18.3%|  100.0%
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Table 4.40: OOB Data usage- OOB SMS usage results using churner dataset

Chi-Squoare Tests
Asymp. Sig. Exact Sig. Exact Sig.

Value df {2-zided) {2-zided) {1-zided)
Pezrzon Chi-Square 1,640 L2200
Continuity Correction” L8890 J3e
Likelihood Fatio 1475 423
Fisher's Exact Test 196 AT
Linear-by-Linear 1,627 202
Aszzociation
McMNemar Test 362
M of Valid Cazes 126

a. 1 cells (25,0%%) have expected count less than 5. The minimum expected count is 3,10.

b. Computed onlv for a 2x2 table
¢. Binomial distribution used.

As seen Table 4.41 and Table 4.42 below, port-in and port-out are dependent from
each other using churner data. There is a relation between two variables. The test result

indicates that when port-in and port-out are both “0”, customers are willing to stay in

the company customer base like on non-churner data as seen Table 4.35.

Table 4.41: Port-in- port-out test using churner dataset

New Portin * New port out Crosstabulation

New port out
negative | positive Total

New Portin -~ negative  Count a ] a1
% within New Portin 100,0%4 A% 100,0%

Y& within New port out 74.6%, 0% T1.7%

%% of Total T1.7% 0% 71,7%

positive  Count £} 5 36
%2 within New Portin 86.1% 13.9%3  100.0%

% within New port out 254%  100,0% 28.3%

% of Total 24 4% 3.9% 28.3%

Total Count 122 5 127
%2 within New Portin 96,1%4 3.9% 100.0%

Y& within New port out 100,05 100.0%|  100,0%

%% of Total 96,1% 3.9% 100,0%
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Table 4.42: Port-in- port-out results using churner dataset
Chi-Square Tests
Asymp. Sig. Exact Sig. Exact Sig.
Value df {2-sided) {2-sided) {1-sided)
Pearson Chi-Square 13,1574 Lon0
Contmuity Correction” 274 o0z
Likelihood Fatio 13,1346 000
Fisher's Exact Test 001 001
Linear-by-Linear 13,053 000
Association
hcIWemar Test 000
N of Valid Cases 127

2. 2 cells (50,0%%) have expected count less than 5. The minimum expected count iz 1,42,

b. Computed onlv for a 2x2 table
¢. Binomial distribution used.

As seen Table 4.43 and Table 4.44, OOB Data Usage Rate and Top-up (annual) are
independent from each other using churner data. There is no relation between two

variables using Pearson Chi —Square test.

Table 4.43: OOB data usage rate- top-up test using churner dataset

New OOBData * New Topup Crosstabulation

New Topup
High low Total

MNew OOBData low Count 28 8 104
Ve within New OOBData 23,0% 75,0%|  100,0%

Ve within New Topup 76.5% 839% 81.9%

Ve of Total 20,5% 61,4% 81.9%

hgh  Count 8 15 3
Ve within New OOBData 34.8% 652%| 100.0%

Yo within New Topup 23,5% 16,1% 18,1%

Y2 of Total 6.3% 11,8% 18,1%

Total  Count 34 93 127
Ve within New OOBData 26.8% 73.2%| 100,0%

Ve within New Topup 100.0%  100,0%  100.0%

Ve of Total 26.8% 732%| 100,0%
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Table 4.44: OOB data usage rate- top-up results using churner dataset

Chi-Square Tests
Asymp. S1g. Exart Big. Exart Big.

Value df {2-zided) {2-zided) {1-zided)
Pearzon Chi-Square B1ee 1 338
Contmuity Correction® (488 1 A3
Likelthood Ratio 882 1 348
Fisher's Exact Test A33 238
McNemar Test =
I of Valid Cases 127

a. 0 cells (0%%) have expected count less than 5. The minimum expected count is §,16.

b. Computed only for a 2x2 table
c. Both variables must have identical values of categories.

4.3 Churn Prediction Methods

Previous studies indicated that churn prediction in telecommunication sector primarily
is calculated by using Artificial Neural Network, Decision Trees, Logistic Regression,

Support Vector Machine, Random Forest, Naive Bayes, Gradient Boosting and etc.

Altas D. and Gulpinar G. (2013) identify the factors of the churn prediction, studying
on Artificial Neural Network and find patterns of churn in Turkish telecommunication
market. Also, Nie et al. (2011) study compare that credit card churn prediction by
logistic regression and decision tree algorithms using a data set collected from Chinese
Bank. On the contrary, Lemmens and Croux (2006) study explore that bagging and
boosting classification techniques for implementing to telecommunication industry

churn prediction.

In the following section, commonly used methods explained briefly.

4.3.1 Artificial neural network

Avrtificial Neural Network is a common method is being used not only for prediction
of customer churn but also in complex problem solving. Neural Networks can be based
on hardware which represent the physical components or software also can be used
several learning algorithms. In some researches, neural networks have better

performance than the prediction of churn compare with Decision Tree (Au et al., )
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4.3.2 Support vector machine

Support Vector Machine Algorithm is generally used for analyzing data and patterns
of the customers. This method is known as functional risk hedger. In some cases,
Support Vector Machine method provides more accurate results depending on data
variations compared to Decision Tree and ANN.

4.3.3 Naive bayes

Naive Bayes is called as a simple probabilistic classifier using Bayes theorem. This
classifier helps to specific characteristic of a class (e.g churn) relation between other
features in terms of presence or absence. This method is widely used in

telecommunication industry for churn prediction.

4.3.4 Decision tree algorithm

In this paper, customer churn is shaped by Decision Tree algorithm, which is also used
in literature. Nie et al. (2011) explained that decision tree is a learning technique that
organizes variables from a sample dataset in a functional model consist of nodes and
ramifications. It is easy to understand that the form of output of the decision tree thanks
to its hierarchical structure. According to Lorena & Carvalho (2007), Decision Tree
algorithm can be used numerical and categorical data for building models. Target
variable values are consist of nodes and its aggregated values. Each node has a
probability for each class in a decision tree. Also, this method is commonly used in
specific functions like supplier choosing (Wu, 2009) or churn of internet company
users (Nie, Zhang, Li, & Shi, 2006).

In the light of these researches, Decision Tree method is not widely used in
telecommunication industry. Nevertheless, this method has meaningful structure as
interpreting and implementing the results rapidly. For this reason, in this thesis

Decision Tree algorithm is selected for data analysis.
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5. ANALYSIS AND FINDINGS

5.1 Implementation

Firstly, training dataset is run in SPSS V22.0 using Decision tree model Chaid
algorithm effectively. In this algorithm, as seen below Table 5.1, churn rate probability
of prepaid customers using non-churner data is found %95,7, and possibility of being
churn of the customer using churner data is found %70,9 which is acceptable. This
result means that if the model labelled the customer as non-churner, the customer will
not abandon the company with a probability of %95,7. Also general probability of
churn rate is predicted as %88,3 by the model for this sampling.

The detail results are displayed in Figure 5.1 for this algorithm. Algorithm is selected
most meaningful and accurate variable in first ramification, which is called offnet
usage rate. Offnet usage rate is basically defined as making other operators’ customers
call. In Node 1 which is offnet usage rate lower than 0,0129, churn probability of
customers is %65,9. That means, if customers make few call to other operators, they
willing to abandon the existing carrier. It conflicts with literature, because the training
dataset is selected 3 months in advance. It is shows that, it would be better to be
selected earlier for accuracy of behavioral data. The results can be different if the
dataset choose 6 or 9 months before the churn flag. In addition, prepaid customers does
not have a commitment compare to postpaid customers. As seen Node 2 and Node 3
that if offnet usage rate between 0,0129 and 0,977, customer churn rate %44,2 and %7
respectively. Node 4 shows that making calls to other operators in %97 rate, customer

churn probability increases to %79,1 which is in line with previous researches.

Node 1 samples are ramified to Node 5 and Node 6 using OOB (Out-of-Bundle)
minutes usage defined that exceeded tariff bundle minutes. If OOB minutes usage
lower than 0,0158, churner customer probability reaches to %93,3. This node can be
eliminated. Because, these group of customers cannot have a tariff and all usages could

be labeled as OOB by the system. Also, in Node 9, churn probability increased
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compare to Node 7. It shows that, prepaid customers cannot manage their minutes
usage and they preferred to abandon the company. In Node 9, churn probability
decreased again. Because, prepaid customers can exceed their tariff until the end of

their credit.

Table 5.1: First churn probability chart

Classification

Predicted
Observed 0 NON CHURN | 1CHURN Percent Correct
0 NON CHURN 289 13 95,7%
1 CHURN 37 90 70,9%
Overall Percentage 76,0% 24,0% 88,3%

Growing Method: CHAID
Dependent Variable: CHURN

Secondly, training dataset was run again in SPSS V22.0 using decision tree model
CRT algorithm for comparing the two results. In this algorithm, as seen below Table
5.2, churn rate probability of prepaid customers using non-churner data is found to be
%095,7, and possibility of being churn of the customer using churner data is found to
be %23,6 which is not acceptable. This result confirms the hypothesis that churner data

is not accurate and it should be selected in historical data from 6 or 9 months before.

Table 5.2: Second churn probability chart

Classification

Predicted
Observed 0 NON CHURN 1 CHURN Percent Correct
0 NON CHURN 289 13 95,7%
1 CHURN 97 30 23,6%
Overall Percentage 90,0% 10,0% 74,4%

Growing Method: CRT
Dependent Variable: CHURN
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Figure 5.1: First result of churn probability.

As seen in Figure 5.2, customer tenure and age are another important variables in

addition to offnet usage and OOB usage minutes. Customer tenure means that the spent

months in the carrier base as explained Table 4.2.

First ramification shows that customer tenure and churn probability are inversely

proportional. More than 27 months tenured customers are more loyal to carrier with %

85,8 probability which is an expected result.

Second ramification explains that youth and older customers are more loyal than the

others. Group of 25-34 and 34-42 ages act similar in terms of churn movement. These

age groups need different retention activity for staying in the carriers’ customer base.
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Figure 5.2: Second result of churn probability.

5.2 Interpretation of the Findings

Churn flagging time in the systems is an important finding for this thesis for many

reasons:

e Customers who flagged as churner in 9 months after last top-up get damaged

the non-churner dataset accuracy and probability of churn is decreasing.

e Churner customer probability are affected on other customers who actually

gone from carrier before taking churn flag.

Retention activities are planned by customer relationship management depending on

churn probability results. Misidentified customers as non-churner or churner have an

extra retention cost to the companies. For managing this cost, dataset should be taken

from the system in different periods (e.g. 3,6,9 months after last top-up) for comparing

the movements.
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Out of bundle minutes usage is another important parameter for churn probability.
Although prepaid customers do not faced with bill shock compare with postpaid
customers, they can be feel “pissed off” the company about decreasing their credits
because of exceeding their tariff. Because of that, they can abandon the company as
seen in test results above. Under this circumstance, reacquisition rates might decrease.
Some studies show (Kumar et al., 2015) that positive first-lifetime experience directly

affects the acceptance of win-back offers.

Offnet usage rate is another important variable for prepaid churn prediction. As
mentioned in the first sections, social network of the customers give us a hint about
customer movement to other carriers. According to Oliver (1999), analyses show that
the customer satisfaction is a key factor for creating loyalty, but loyalty is less

important compared to other factors which are personal determinism and social
network. Also, Dasgupta et al. (2008) found important results using Social Network

Analysis techniques called Call Data Records which also can be named social ties in

the literature, belong to customers effected to churn significantly in telecom industry.

As managerial implications, every way use content in terms of tariff minutes can
decrease churn rate from the company. Also, most churned months can be detected
with further analysis. In these months, tariff usages can be investigated in depth. In the
light of in-depth analysis, different proposals including minutes or data can be gifted

to the customer for win them back.

Another significant parameter, customer tenure affects the customer churn probability
inversely proportional. In line with this finding, Kumar et al. (2015) indicated that
customer tenure has positive effect on churn rate calculation and profitability in
industries.

5.3  Limitation of the Research
It should be noted that this study was run on a specific dataset and results could change

depending on varying datasets and with different variables.

For future research; using historical data older than 3 months period will be more
accurate for predicting prepaid customer churn. Also, as a diagnosis for defining
prepaid churners in the company system, top-up period correlation is an important

factor for behavioral data accuracy.
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6. CONCLUSION

Telecommunication sector continuously enlarged their businesses in years. Therefore,
competition between companies is increased and they tried to find a way to expand
their market share. Churn prediction methods are started to be used frequently for

keeping existing customers in company base.

This study represents a research on churn prediction methods and interpretion of
variables in churn calculation. In this study, decision tree model using SPSS V22.0
program has been implemented to a sample dataset gathered from a telecommunication
company in Turkey for forecasting customer churn behavior. Variable correlation
which are defined in Section 4, and relation among them were analyzed deeply using
Pearson Chi-Square and Mc Nemar test. It has been found that Duration usage rate,
incoming/outgoing usage rate, SMS usage rate and data usage rate are not dependent
from churn status respectively. In addition, OOB data usage rate do not have a relation
between and OOB SMS usage rate or # of top-up respectively when analyzed using

Mc Nemar analysis.

Substantial insights regarding reasons of prepaid customer churn are found so that
retention activities can planned depending on these findings as suggested in Section
5.2. According to the results, the variables; offnet usage minutes, out of bundle usage,
customer tenure and age are directly affecting the customer churn compared to other
variables that are data/SMS usage, out of bundle data/SMS usage, incoming/outgoing

minutes, number of migration, top-up, port-in and port-out.

It has been noticed in the findings that abandonment date is not known exactly because
of the nature of the prepaid customers. Churner samples are not examined most
correctly. It is selected 3 months before churn flag in this thesis. But it is proven that
selection of 3 months before is not enough for analyzing behavior of the customer.
Most of the sample data is eliminated as explained previous section because of no

movement in selected month.
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