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PREDICTING CUSTOMERS WITH HIGHER PROBABILITY TO
PURCHASE IN TELECOM INDUSTRY

SUMMARY

Understanding customer insights, predicting their next steps, and making accurate
recommendations have become a significant issue for customer service organizations
in today's world. With the widespread use of important technologies such as Big Data
Analytics and Machine Learning, the contribution of Artificial Intelligence to digital
transformation in the industrial world has significantly affected the way businesses
work. The use of Artificial Intelligence technologies in business processes has
increased the success ratio of marketing strategies, business models and sales statistics.
Companies that provide customer services have units responsible for CRM, as known
as customer relations management. Big Data accumulated and analyzed by CRM units
can be modeled with artificial intelligence algorithms for customer centric use cases.
Thereby, outcome of such an approach guide the customer strategies built by
companies. In this article, studies on the business analytic-based understanding of
customers with high probability of purchasing by training the CRM data used in the
telecom industry will be included.
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TELEKOM SEKTORUNDE SATIN ALMA iHTiMALI YUKSEK OLAN
MUSTERILERIN TAHMIN EDILMESI

OZET

Bu tezde, telekomiinikasyon sektoriinde miisterilerin satin alma davranislarini analiz
ederek daha etkili stratejiler gelistirmek i¢in kullanilan yontemler ele alinmustir.
Ozellikle miisteri segmentasyonu, sirketlerin miisterilerini daha iyi anlamasma ve
onlara 6zel kampanyalar hazirlamasina yardimci olan 6nemli bir aragtir. Bu ¢alismada,
miisteri segmentasyonu icin RFM (Recency, Frequency, Monetary) analizi temel
olarak ele alinmis ve etkili sonuglar elde edebilmek adina farkli metodlar kullanilarak
desteklenmistir.

RFM analizi, miisterilerin son satin alma tarihlerini (recency), satin alma sikliklarini
(frequency) ve toplam harcama miktarlarini (monetary) goz oniinde bulundurarak
miisterileri 5 farkli segmente ayirmaktadir. Ornegin, son dénemde aligveris yapmis,
sik aligveris yapan ve yiiksek miktarda harcama yapan miisteriler genelde daha degerli
olarak kabul edilir. Bu analiz yontemi, miisterilerin farkli gruplara ayrilmasini ve bu
gruplara 6zel pazarlama stratejileri gelistirilmesini saglar. Calismada, Tirkiye’de
faaliyet gosteren bir telekomiinikasyon sirketine ait 13.627 miisteriye ait veri
kullanilarak analiz ¢alismasi yapilmigtir. Veri seti i¢erisinde miisteri numarasi, fatura
bilgisi, kampanyalar ve {icretleri gibi detayli bilgiler igermekte ve misteri
davraniglarin1 anlamak igin bu bilgiler zengin bir kaynak sunmaktadir.

Bu tiir CRM verilerini analiz etmek i¢in yapay zeka ve veri madenciligi yontemlerini
kullanmak olduk¢a faydali bir yontemdir. Biiyik ve karmasik veri setlerini
anlamlandirmak ve etkili analiz gergeklestirebilmek i¢in bu yontemleri kullanmak
oldukca 6nemlidir. Ornegin, bir miisterinin sadik bir miisteri mi yoksa sirketle
iligkisini kesmek tizere olan bir miistert mi oldugunu anlamak bu analizlerle miimkiin
hale gelir. Yapilan bu analiz c¢alismalar1 sayesinde, sirketler miisterilerinin
davraniglarina bagli olarak miisteri baglhiligini arttirmak veya miisterinin ayrilmasini
engellemek amaciyla belirli stratejiler gelistirebilir. Ayrica, miisterilerin ihtiyag ve
beklentilerini 6nceden tahmin ederek daha etkili kampanyalar diizenlenmesine
yardimci olur. Bu sayede miisteri memnuniyeti artarken, miisteri kayiplari1 da 6nemli
Olctlide azaltilmis olur.

Bu calismada, veriler detayli bir 6n isleme siirecinden gegirilmistir. Ilk olarak, eksik
veriler tamamlanmis ve tutarsizliklar giderilmistir. Veri setinin daha tutarli bir yapida
olabilmesi igin aykir1 veriler temizlenmistir. Daha sonra, normalizasyon teknigi
uygulanarak veri seti analiz islemine uygun hale getirilmistir. Yapilacak olan miisteri
segmentasyonu analizinde daha dogru sonug alabilmek i¢in RFM analizine ek olarak
Ana Bilesen Analizi (PCA) ve K-means algoritmalar1 kullanilmistir. K-Means
algoritmasi, RFM metrik bilesenlerini gruplandirmak amaciyla kullanilirken, PCA
algoritmasi ise bu RFM skoru hesaplanirken bu bilesenlere dogru agirlik atamasi
yapilabilmesi i¢in kullanilmistir. Bu yaklagim, analiz siirecinde daha dogru ve etkili
bir sonug elde edilmesini saglamistir.

XXi



Boyut indirgeme iglemi, karmasik veri yapilarin1 daha basit bir forma doniistiiriir ve
analizin dogru yapilmasina yardime1 olur. Ozellikle PCA ile RFM bilesenlerinin &nem
siralamasi belirlenmis, bu siralama RFM skorlarinin hesaplanmasinda kullanilmistir.
Boylece, miisterilerin daha dogru bir sekilde gruplara ayrilmasi saglanmistir. Bu siireg,
miisteri davraniglarinin daha net bir sekilde analiz edilmesine ve elde edilen her bir
miisteri grubu i¢in farkl stratejiler gelistirilmesine katki saglamistir.

Yapilan RFM analizi sonucunda, miisteriler bes ayr1 gruba ayrilmistir: sampiyonlar,
potansiyel sadiklar, dikkat gerektirenler, riskliler ve uyuyanlar. Bu gruplarin her biri,
miisterilerin satin alma davranislar1 ve sirketle olan iliskilerine gore belirlenmistir.
Sampiyonlar grubu, sik aligveris yapan, yliksek harcamalar yapan ve sirkete aktif katk1
saglayan misterilerden olusmaktadir. Bu miisteriler, sirket icin en degerli grup olarak
goriiliir. Diger bir yandan, potansiyel sadiklar, aligveris siklig1 ve harcama diizeyleri
acisindan sampiyonlara en yakin olan gruptur. Fakat, yine de bagliliklarinin
arttirilmasi i¢in bu gruba 6zel stratejiler gelistirilmelidir.

Dikkat gerektiren grup, sirketle olan iligkisi zayiflamakta olan ancak dogru
miidahaleler ile tekrar kazanilabilecek bir gruptur. Bu grup, miisteri memnuniyeti ve
bagliliginin artirilmasina yonelik stratejik ¢aligmalarin yapilmasi gereken bir
segmenttir. Riskli ve uyuyan segmentler ise, sirket icin alarm verici miisteri gruplarin
temsil etmektedir. Riskli grupta yer alan miisteriler sirketle arasinda baglilig1 azalan,
her an gitmeye yakin olanlar1 temsil eder. Uyuyan gruptaki miisteriler ise uzun siiredir
herhangi bir satin alim yapmamis ve sirketle baglarin1 tamamen koparmak iizere
olanlardir. Bu gruplarin tekrar kazanilmasi sirketlerin 6zel stratejiler gelistirmesi,
miisterilere uygun kampanya caligmalar1 yapmasi gerekmektedir.

Her bir miisteri grubun icin sirketin 6zel stratejiler gelistirmesi dnemli bir konudur.
Sampiyon miisterilere, bagliliklarin1 daha da artiracak kisisellestirilmis odiiller ve
kampanyalar sunulabilir. Bu miisterilerin mevcut memnuniyet seviyeleri yiiksek
oldugundan, kii¢iik dokunuslarla onlarin uzun vadeli destekg¢ileri olmalari saglanabilir.
Potansiyel sadik miisteriler i¢in ise, 6zel teklifler ve onlar1 daha fazla aligverise tesvik
edecek iletisim stratejileri uygulanabilir. Bu gruptaki miisteriler, dogru yaklagimlarla
sampiyonlar segmentine tasinabilecek bir potansiyele sahiptir.

Ayrica, dikkat gerektiren misteri grubuna hizli ve etkili miidahaleler yapilmasi
oldukca onemlidir. Bu miisterilere yonelik iletisim stratejileri gelistirilmeli, onlarin
sirketle olan iliskilerinin gliclendirilmesi saglanmalidir. Riskli ve uyuyan miisteriler
icin daha dikkatli olunmas1 gerekmekte ve bu miisteri grubu i¢in net bir geri kazanim
politikasi ¢alisilmalidir. Bu miisterilere sunulacak ilgi ¢ekici kampanyalar veya onlarin
ithtiyaglaria yonelik yaklasimlar, miisteri kaybini 6nleyebilir.

Yapilan analiz ¢alismasinin sonucunda, miisterilerin davranislar1 dogru bir sekilde
gbzlemlenerek, sirketlerin olusturulan miisteri gruplarina yonelik strateji gelistirmeleri
saglanmistir. Elde edilen sonuglara dayanarak, sampiyon ve potansiyel sadik gruplara
ait miisterilerin baglilig: artirilabilir. Bu gruplar, sirketin en yiiksek potansiyele sahip
miisterilerini igerir. Sampiyon miisterilere sunulacak 6zel ddiiller ve kisisellestirilmis
teklifler, onlarin sirketle olan baglarin1 daha da arttirir. Potansiyel sadiklar grubundaki
miisteriler ise, birebir iletisim ve 06zel kampanyalarla sadik miisteriler haline
dontistiiriilebilir. Bu segmentler, sirketin biiyiime hedefleri dogrultusunda en 6nemli
katkiy1 saglayacak gruplardir.

Dikkat gerektiren segment icin ise daha hizli ve etkili adimlar atilmas: gereklidir. Bu
gruptaki miisterilerin memnuniyeti artirilarak, onlarin sirketle olan iligkilerinin
kopmamasi saglanabilir. Ornegin, bu miisterilere yonelik 6zel kampanyalar
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diizenlenebilir veya onlarin ihtiyaglarina yonelik ¢oziimler sunulabilir. Bu tiir
miidahaleler, bu gruptaki miisterilerin riskli veya uyuyan segmentlere ge¢mesini
onleyebilir.

Riskli ve uyuyan gruplar, sirketin en zorlu miisteri segmentleridir ve bu gruplara
yonelik stratejiler daha proaktif olmalidir. Riskli miisteriler icin, birebir iletisim
stratejileri veya Ozel geri kazanim kampanyalar1 uygulanabilir. Uyuyan miisteriler
icinse, sirketle yeniden bag kurmalarini saglayacak cazip teklifler sunulabilir. Bu tiir
miisterilere, ilgilerini ¢ekecek 6zel hizmetler veya avantajlar saglamak, onlar1 tekrar
kazanmanin en etkili yollarindan biridir. Bu segmentler iizerinde yapilan ¢aligmalar,
miisteri kaybin1 6nlemenin yani sira uzun vadede gelir artisina da katki saglayabilir.

Bu tezde kullanilan RFM analizi ve boyut indirgeme yontemleri, miisteri
segmentasyonu icin etkili bir temel olusturmustur. Ozellikle, RFM gdstergelerinin
PCA ve K-means algoritmalariyla igslenmesi hem analiz siireglerinin dogrulugunu
artirmis hem de verilerin daha anlasilir hale gelmesini saglamistir. Bu yontemler,
bliyiik ve karmasik veri kiimelerinde bile etkili sonuglar alinmasina olanak
tanimaktadir. Ayrica, segmentasyon siireci boyunca kullanilan bu teknikler, miisteri
davraniglarini daha derinlemesine anlamay1 miimkiin kilar.

Sonug olarak, bu ¢alisma, telekomiinikasyon sektoriinde miisteri segmentasyonu i¢in
uygulanabilir bir model sunmaktadir. Calismada elde edilen sonuglar, sirketlerin
miisteri iligkileri yonetimini daha etkili hale getirmek icin veri odakli yaklasimlar
nasil  kullanabilecegini  gdstermistir. Bu  segmentasyon modeli, sadece
telekomiinikasyon sektoriiyle sinirli kalmayip, miisteri davranislarinin 6nemli oldugu
diger sektorlerde de kullanilabilir. Gelecekte, bu calismaya derin 6grenme ve diger
gelismis yapay zeka yontemlerinin eklenmesi, miisteri segmentasyonu siireglerinin
daha da gelistirilmesine olanak saglayabilir. Bu da hem miisteri memnuniyetinin
artirilmasina hem de sirketlerin is hedeflerine ulasmasina 6nemli katkilar sunacaktir.
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1. INTRODUCTION

1.1 Overview

With the development of digitalization, companies that run businesses with customer-
centric understanding have shown the significance of technology-oriented approaches.
Many of the large telecom companies operating today have Customer Relationship
Management (CRM) departments. Customer transaction data are stored by the CRM
units. These data are also known as big data which is processed with data analyzing
methods to determine necessary strategic moves accordingly since knowing the
customers, serving their needs better and understanding the next move of a customer
using the big data is an important issue in the business-to-customer (B2C) industries.
Various data mining methods and machine learning algorithms can be used by such
companies for this purpose since the dataset kept in the CRM systems includes the

entire history of customers, or in other words, the journey of customer.

Lemon and Verhoef (2016) claims that the customer journey can be defined as the
different interactions between customers and companies during the process of making
a purchase. Increasing communication channels and engagement enables the customer
journey to be described individually by measuring actions, movements and behavior.
In a previous research, Santos and Morales (2013) defines that customers propensity
to buy certain products has successfully been predicted using statistical models in

multiple industries.

To further enhance customer segmentation strategies, integrating advanced machine
learning techniques into traditional approaches, such as RFM analysis, has proven
effective in improving prediction accuracy and scalability. Recent studies emphasize
that leveraging hybrid methods, including dimensionality reduction techniques like
Principal Component Analysis (PCA), can avoid challenges associated with high-
dimensional data and enable businesses to better identify actionable customer insights
(Alkhayrat et al., 2020). Moreover, customer retention strategies have been shown to

be significantly more cost-effective than acquiring new customers since retained



customers contribute higher long-term value to businesses (Wu et al., 2021). These
approaches underscore the critical importance of combining data-driven methods with

strategic frameworks to maximize customer engagement and business outcomes.

Briefly, the research offers different statistical models applied to relate the data in

terms of the companies’ requirements.

1.2 Purpose

As stated above, the insights can be gained by applying a similar methodology on a
dataset that contains journey of customers and various actions such as product
recommendation and customer segmentation. These actions can be taken by
companies with the aim of having a positive reflection to certain type of business
metrics such as customer engagement. There are lots of customer segmentation
methodologies and one of the well-known customer segmentation models is RFM
model. RFM is used for customer value analysis in terms of the customer journey in
the company. The RFM value, which is determined by calculating the recency,
frequency and monetary values, helps to determine the best customer group by

segmenting the customers.

This study applies RFM analysis to customers who have made purchases of different
campaigns at various times. By segmenting customers based on their recency,
frequency and monetary value of purchases, the study aims to identify distinct
customer groups with unique behavioral patterns. Additionally, the study determines
the best customer group for future purchases, enabling targeted marketing strategies
and personalized campaigns. This research provides valuable insights into customer
behavior and facilitates the development of effective marketing strategies in the

telecom industry.

The data used in this article is sourced from a prominent telecommunications company
in Turkey, known for its internet infrastructure and GSM services. The article focuses
on exploring machine learning-based methodologies for prioritizing customers with a
high probability of making purchases. By leveraging these methodologies, the study
aims to develop effective strategies for targeting and engaging customers in the

telecom industry.



2. LITERATURE REVIEW

In the study of customer segmentation, different methods have emerged to understand
customer behavior for targeted marketing. In this section, the study explores various
customer segmentation methodologies such as RFM analysis for a detailed and

comprehensive exploration of this field.

2.1 Customer Segmentation in Telecom Industry

Customer segmentation in the telecom industry plays a critical role in understanding
diverse customer behaviors and developing tailored marketing strategies. The
application of segmentation models enables telecom operators to classify their
customer base into distinct groups based on specific criteria, such as usage patterns,

engagement levels and purchasing behaviors.

One effective approach to customer segmentation is the use of hybrid models that
integrate advanced analytics techniques. Posedel Simovi¢ et al. (2021) introduced a
mixed-penalty logistic regression model to analyze customer behavior and predict
churn within telecom companies. Their findings underscored the importance of
segmenting customers based on multidimensional behavior data to enhance prediction
accuracy and prevent churn. This approach highlights how segmentation models can
contribute to a deeper understanding of customer value by allowing telecom operators

to maintain customer loyalty.

Another innovative approach is the integration of graph-based analytics for customer
segmentation. Henna and Kalliadan (2021) demonstrated the effectiveness of using
graph databases and graph-based deep learning techniques to identify patterns and
relationships in customer data. This method provides a visual representation of
customer interactions and engagement. Thereby, it allows telecom companies to
identify high-value customer groups and optimize resource allocation for targeted

campaigns.



These studies illustrate the value of applying segmentation methods designed for the
unique dynamics of the telecom industry. By leveraging advanced analytics techniques
such as hybrid models and graph-based learning, telecom companies can identify
actionable customer insights, reduce churn rates and enhance customer engagement.
These insights form the foundation for building effective customer relationship

management strategies and achieving long-term business success.

2.2 Artificial Intelligence in CRM and Big Data Analytics

Artificial Intelligence (Al) integrated with Customer Relationship Management
(CRM) systems has redefined how telecom companies analyze customer data and
create strategic initiatives. Al-powered CRM systems enable businesses to process
vast amounts of data, uncover hidden patterns and predict customer behaviors with
greater accuracy. The adoption of these systems has become essential in the telecom

industry where customer retention and satisfaction are critical to success.

Ledro et al. (2021) emphasize that Al applications in CRM systems significantly
enhance customer engagement by leveraging predictive analytics and machine
learning algorithms. These tools lead telecom companies to personalize customer
interactions, predict churn and design targeted marketing campaigns based on
individual preferences and behaviors. Al-driven CRM systems also facilitate real-time
decision-making by analyzing customer data streams for ensuring timely responses to

customer needs.

Big Data Analytics further strengthens CRM capabilities by offering insights derived
from structured and unstructured data sources. Etemadi et al. (2024) highlight that Big
Data solutions provide telecom companies with a comprehensive view of customer
journeys from initial contact to post-purchase engagement. By integrating Al with Big
Data, CRM systems can process high-dimensional data and deliver actionable insights

for customer segmentation, loyalty programs and revenue optimization.

The combination of Al and Big Data Analytics is particularly effective in addressing
challenges unique to the telecom sector such as high churn rates and competitive
pressures. By automating routine tasks and enabling predictive capabilities, Al-driven
CRM systems reduce operational costs, enhance the effectiveness and optimization of

marketing strategies. These systems enable telecom companies to not only understand



customer behavior but also predict future trends. Therefore, they offer proactive

engagement and improved customer satisfaction.

In summary, the use of Al and Big Data Analytics within CRM systems delivers
various opportunities to telecom companies for enhancing customer relationships.
Through advanced data processing, predictive modeling and personalized marketing
strategies, these technologies transform traditional CRM practices into dynamic

systems increasing competitive advantage.

2.3 Predictive Analytics in Customer Behavior

Predictive analytics enhanced understanding and forecasting customer behavior due to
its use by telecom companies to understand customer needs and improve decision-
making. By leveraging advanced statistical and machine learning techniques,
predictive analytics help businesses to identify patterns in customer data and make

strategies that enhance customer satisfaction and loyalty.

Etemadi et al. (2024) highlight the role of predictive analytics in CRM and emphasize
its ability to process vast amounts of historical and real-time data to forecast customer
behaviors such as purchase likelihood, churn probability and engagement trends.
These insights are invaluable for telecom companies that need to design proactive
strategies such as personalized marketing campaigns and tailored retention initiatives.
The application of predictive analytics not only reduces churn but also optimizes

resource allocation by focusing efforts on high-value customer segments.

Another significant application of predictive analytics offers ability to assess and
predict customer lifetime value (CLV). By analyzing past purchasing behaviors and
estimating future transactions, predictive models provide telecom companies with
actionable insights into the long-term value of customers. These insights enable the
prioritization of high-value customers and the development of loyalty programs to

strengthen their relationship with the brand.

The integration of predictive analytics in customer behavior modeling also extends to
real-time decision-making. Al-powered analytics systems process live data streams to
predict customer actions and preferences dynamically for ensuring that telecom
companies can respond to changes in customer behavior. This capability enhances

customer experience and long-term engagement.



In conclusion, predictive analytics serves as a tool in understanding and influencing
customer behavior in the telecom industry. By combining advanced data processing
techniques with behavioral modeling, telecom companies can identify key trends,
predict future behaviors and implement targeted strategies for customer satisfaction

and business growth.

2.4 Customer Lifetime Value

“Customer Lifetime Value (CLV or LTV) is defined as the sum of revenues gained
from a company's customers over their lifetime of transactions after deducting the total
cost of attracting, selling and servicing these customers while considering the time
value of money.” (Hwang, Jung, & Suh, 2004).

“Colombo and Jiang (1999) developed a stochastic Recency Frequency Monetary
model to rank customers in terms of their expected contribution” (Hwang, Jung, &
Suh, 2004). In addition to that, “Chan (2008) proposed an approach that combines
customer targeting and customer segmentation for campaign strategies using RFM to
identify customer behavior and a CLV model to evaluate the proposed segmented
customers” (Wei et al., 2010). Furthermore, Sohrabi and Khanlari (2007) utilized the
K-means clustering algorithm to develop a CLV model where the model determined
customers' CLV by taking RFM measures into account by providing a segmentation

based on the projected lifetime value.

To sum up, integrating CLV with RFM analysis can enhance the understanding of
customer behavior and their long-term value for customer segmentation. However,
“the evaluations of customer value in previous studies have treated prediction method
with regression models simply based on profits from customers to calculate the future
value of customers. That is to say, considering the changing profit contribution
obtained from customers in the past, the existing models calculate the future worth and
then define the CLV of customers with the projected value of the future worth.
Therefore, the CLV model [...] is not capable of considering potential values of
customers, not available from the past profit contribution, which would be able to be

the profits of companies” (Hwang, Jung, & Suh, 2004).



2.5 Algorithms

2.5.1 RFM analysis

RFM (Recency, Frequency, Monetary) analysis is a commonly used method in
customer segmentation for enabling businesses to evaluate customer value based on
three key metrics: recency (time since the last purchase), frequency (number of
purchases within a given period) and monetary value (total spending). This model
assigns scores to each metric to rank customers and group them into distinct segments.
By prioritizing customers with high recency, frequency and monetary scores, RFM
analysis offers companies to identify loyal and profitable customers, optimize
marketing strategies and enhance customer engagement. Its simplicity and adaptability
make RFM analysis a foundational tool for data-driven decision-making in the telecom

industry.

The assignment of weights to recency, frequency and monetary indicators is crucial in
customer segmentation estimation using RFM analysis, especially when dealing with
large datasets. To explore the usefulness of RFM in grouping customers, valuable
research in the field can be considered. For instance, Cheng and Chen (2009) propose
an altered version of RFM that is called the RFMD model. The "D" represents
discount-price products, allowing for clear identification of customer value within the
RFMD model. Cheng and Chen's (2009) work highlights the effectiveness of the
RFMD model in understanding customer value, particularly in relation to discount-
price products. Similarly, Chiang (2015) combines RFM analysis with a different
model by presenting an expanded version of the analysis in addition to the typical RFM
analysis. This hybrid approach uses additional factors and rules to enhance the

identification of customers and their behavioral patterns.

Kim et al. (2006) highlighted the importance of segmenting customers based on
profitability. They argue that highly profitable customer segments should be targeted
through retention and loyalty programs while unprofitable customer segments should
be reconsidered for marketing efforts to ensure a balance between cost and benefit.
This perspective enhances the understanding of how customer profitability can drive
segmentation strategies and business decisions. Moreover, Jahromi et al. (2014)
emphasize the dependency of segmentation methods like RFM on advanced data

mining techniques by claiming that machine learning algorithms perform better than



traditional statistical approaches in identifying non-parametric patterns within large
datasets.

The studies contribute to the understanding of RFM analysis and its applications in
customer segmentation. By considering the insights from these literature reviews along
with the methodological approaches of PCA and K-means clustering, the weight
assignment process in this thesis ensures that the resulting weights accurately reflect
the underlying structure and significance of the indicators within the dataset. This
comprehensive approach contributes to a deeper understanding of customer
segmentation and aims to develop effective strategies for targeting customers with
higher probabilities of purchase.

2.5.2 PCA

Principal Component Analysis (PCA) is a dimensionality reduction method that
simplifies complex datasets by converting multiple correlated variables into a smaller
set of independent variables, known as principal components. Thereby, there are
previous studies utilized PCA to embed data into fewer dimensions by preserving key
information while reducing computational complexity (Alkhayrat et al., 2020). This
method is particularly useful in customer segmentation where it reduces redundancy
and computational complexity to enable clustering algorithms like K-means to operate

more effectively.

For instance, Wu et al. (2020) use PCA to indicate weights for the RFM model in their
research. “Principal component analysis [...] transforms multiple indicators into a few
comprehensive ones through dimensionality reduction technique. The weight of each
indicator is equal to the variance contribution rate of the principal component. The
greater the variance contribution rate, the higher the importance of the principal

component.” (Wu et al., 2020).

Further supporting the role of PCA in customer segmentation, Alkhayrat et al. (2020)
explored how dimensionality reduction can improve the efficiency of clustering
algorithms. By transforming raw data into a compact feature space, PCA minimizes
redundancy and computational overhead. Thence, it is a valuable tool for analyzing
high-dimensional customer data. This transformation allows clustering methods like
K-means to operate more effectively on representative features, thereby enhancing the

interpretability and scalability of segmentation models.



2.5.3 K-means

The K-means clustering algorithm is used to group data points into a predefined
number of clusters based on their similarity. The algorithm assigns each data point to
the closest cluster center and iteratively updates the cluster centers until they reach a
stable configuration. It is often used in customer segmentation to find patterns in
behaviors like buying habits by grouping similar customers. Figure 2.1 shows the

process of the K-Means algorithm.

v

‘ Data points, no. of clusters, maximum iterations

\
v

[ Determine initial centers of clusters |
Based on distance to cluster center, allocate data
points to initial clusters

v

Calculate average of data points as new center

Are the centers
unchanged or max
iteration reached?

End

Figure 2.1 : Flowchart of the K-means algorithm.

The K-means algorithm is used together with RFM analysis to develop targeted
marketing strategies. The algorithm integrated with RFM analysis provides a robust
framework for customer segmentation. Cheng and Chen (2009) introduced a
combination of the RFM model and K-means clustering to perform customer
relationship management for demonstrating that this combined approach effectively
analyzes customer value (Cheng & Chen, 2009; Mesforoush & Tarokh, 2013; Wu et
al., 2020).

The K-means algorithm is preferred over other clustering algorithms due to its speed
and efficiency in computation as well as its ability to reduce the misclassification rate
of data. However, the accuracy of the K-means algorithm depends significantly on the
initialization conditions and the number of clusters chosen (Wu et al., 2020; Shahri et
al., 2019; Namasudra & Roy, 2018; Jiang et al., 2017; Stone, 1995).



Olle Olle and Cai (2014) extend the application of K-means by depending on hybrid
models for predictive data mining. Their approach integrates clustering with
classification techniques such as Decision Trees to reduce dimensionality before
applying clustering algorithms. This sequential hybrid methodology not only
optimizes the segmentation process but also facilitates the detection of new patterns

within labeled customer groups. Thus, it produces more actionable insights.
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3. METHODOLOGY

The methodology used in this study is a data-driven segmentation technique called
RFM (Recency-Frequency-Monetary) analysis which is widely used in customer
segmentation studies (Verhoef, Franses, & Hoekstra, 2001). During the customer
segmentation process, accurately ranking customers based on their likelihood of
purchasing a product becomes crucial. RFM analysis achieves this by considering
customers' past behaviors within the company. It utilizes three key indicators: recency,
representing the time passed since the latest purchase; frequency, indicating the rate of
acquisition within a specific period; and monetary, reflecting the amount spent on
product purchases. By leveraging these factors, RFM analysis provides valuable
insights into customer behavior and supports effective customer segmentation and

targeted marketing strategies.

3.1 Data

This study is based on a dataset comprising 13,627 customer transaction records,
covering a period from August 24, 2022 to November 27, 2022. These records provide
valuable insights into customer behavior over a three-month span. The dataset includes
several key features such as CustomerID, InvoicelD, InvoiceDate, CampaignCode,
CampaignName, Price, Quantity, and CityID, each offering unique information for
customer segmentation analysis. The dataset comes from a well-known Turkish
telecom company and is derived from its Customer Relations Management (CRM)
system. It focuses on transactions related to products and promotional campaigns
connected with internet services. The Table 3.1 below provides a breakdown of these
features, their data types and descriptions for understanding the comprehension of the

dataset's structure and content.
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Table 3.1 : Dataset description.

# Features Data Format Description
1 CustomerID numerical Customer’s unique identification
number.
. . Invoice’s unique identification
2 InvoicelD numerical
number.
3 InvoiceDate timestamp Invoice creation date.
4 CampaignCode string Unlq_ue identification number of
service purchased by customer.
5  CampaignName string Name of service purchased by
customer.
6 Price numerical Total amount charged to customer.
. . Total number of services purchased
7 Quantity numerical W A
within invoice.
8 CitylD nuatiieal Customer’s registered location’s

unique identification number.

3.2 Data Preprocessing

In a big data analysis, initial set of data collected is referred as the raw data and it is
required to be preprocessed with the aim of enhancing accuracy of the analysis
outcome. Thus, the data in this study is cleansed after detecting duplicate and
erroneous values to make the features understandable and proper for use during the
analysis. Afterwards, the following preprocessing steps are applied:

— OQutliers are data points significantly different from other observations.
Thereby, outliers and missing values are removed manually based on a domain-

specific knowledge.

— Values that broke the distribution but are not outliers are manually edited in a
way that they don’t break the integrity of the data. For instance, as shown in
Figure 3.1, data instances with extremely high frequency values compared to

the general distribution are set to a certain value.

— Data normalization which is an application of scaling to ensure that values are
shifted into a specific range is used. In this study’s case, the range is between
1 and 5. Therefore, the three numerical indicators of RFM are scored to end up

within a standard interval for the later use in RFM score calculation formula.
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Figure 3.1 : Distribution for frequency indicator’s values. Values larger than 4 are
outside the range of 99% and set to 5.

3.3 Indicators

The initial step in the analysis of customer segmentation through RFM involves the
assignment of appropriate weights to the indicators. This is a critical process for
accurate estimation, particularly with large datasets. After completing the initial data
processing steps, a dataset suitable for analysis is obtained. Then, Principal Component
Analysis (PCA) is used to determine the relative importance of different features.
“Principal Component Analysis is a statistical analysis method that transforms
multiple indicators into a few comprehensive ones through dimensionality reduction
technique. The weight of each indicator is equal to the variance contribution rate of
the principal component. The greater the variance contribution rate, the higher the
importance of the principal component.” (Wu, Shi, Lin, Tsai, Li, Yang, and Xu, 2020).
This method facilitated the identification of principal components within the dataset,
thus shedding light on the importance of individual features (Abdi & Williams, 2010).
Dimensionality reduction techniques like PCA have been widely recognized for their
efficiency in transforming complex datasets into representative features and allowing
for improved segmentation models. Alkhayrat et al. (2020) emphasize that applying
PCA not only reduces computational complexity but also eliminates irrelevant
information which enhances the overall accuracy of customer segmentation processes.

Furthermore, hybrid approaches that combine dimensionality reduction with clustering

13



methods have demonstrated significant potential in improving predictive capabilities.
Subsequently, K-means clustering is applied to categorize indicator values.

There are several machine learning algorithms built for making unsupervised
clustering over processed datasets. After determining the weights of the indicators, one
of these clustering methods is applied to group the features into different categories as
Is stated above. K-Means clustering is used to identify and aggregate data points
together by certain similarities based on Euclidean-based distance formula. This
clustering analysis enabled binning of distinct values, providing smooth intervals to
reduce the complexity. Figure 3.2 shows an example of one recency value binning to
disting values by using K-Means algorithm.

recency recency_category

81.0 4
98.0 3
127.0 2
66.0 4
29.0 5

Figure 3.2 : Recency values and recency categories.

The weight assignment process integrated methodologies such as data processing,
PCA analysis, K-means clustering and a manual validation procedure to ensure their
accuracy. Incorporating hybrid models into clustering methodologies can further
refine segmentation processes. For instance, Olle Olle and Cai (2014) propose a
sequential hybrid approach, where data preprocessing and classification are followed
by clustering to identify outliers and detect new behavioral patterns. This approach is
particularly effective in telecom customer segmentation where the complexity of
customer behavior requires adaptable methodologies. These sort of hybrid models can
outperform traditional statistical approaches in handling non-linear and high-
dimensional datasets. The resulting weights accurately reflect the importance of
indicators in predicting customer behavior in the telecom industry by enhancing
understanding of customer segmentation and facilitating the development of focused
strategies for customer engagement. Figure 3.3 presenets the processing steps of

applied methods.
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Figure 3.3 : Processing steps.
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4. CASE STUDY

4.1 Business Problem

One of the most significant goals among the commercial objectives of companies
serving in the telecommunication world is to develop customer-oriented businesses.
They work on marketing strategies to group customers, predict future behaviors,
understand consumption characteristics and develop business models. “Using the data
mining technique of clustering analysis, we can group the target customers,
characterize each group and analyze their properties.” (Qiuru, Ye, Haixu, Yijun, and
Guangping, 2012). Thereby, these kind of marketing strategies can be briefly described
as customer segmentation analysis which intends to decrease customer turnovers to
minimum and increase profits on customer basis. This study offers an analysis and

grouping of customers in the telecom sector to develop a suitable marketing model.

4.2 Customer Segmentation

In this empirical case study, RFM analysis is used to calculate a score regarding the
segmentation of customers. As the initial step of the analysis, recency, frequency and
monetary values are calculated. Figure 4.1 represents the recency, frequency and

monetary values of the the unique customers.

recency frequency monetary

CustomeriD
10 - 05 81 2 260
10 - 90 98 1 250
10 - 73 127 1 130
10 - 96 66 1 690
10 - B4 29 2 500

Figure 4.1 : Recency, frequency, and monetary values.

The values are also categorized and scaled from 1 to 5 as is stated before. Thereafter,

company priorities are determined and weights are manipulated accordingly for RFM
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score calculation due to the fact that each RFM indicator is multiplied by their weights
which are simply boost ratios based on not only the data instances but also the
company’s needs. “[...] the importance of the three variables varies among industries
due to their different characteristics, suggesting unequal weights of these variables.”
(Wu, Shi, Lin, Tsai, Li, Yang, and Xu, 2020). To give an example, recency and
monetary can be more determinant for a company where customers’ frequency values

are consistent. In this study, RFM score is calculated with the following formula:
RFM Score = (Recency x 0.4) + (Frequency x 0.1) + (Monetary x 0.5)  (3.1)

The weights determined through PCA are used in the formula above to calculate a
composite score for each data with the aim of segmenting telco customers and

conducting further analysis.
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5. FINDINGS

Certain segments are assigned to the customers individually by taking RFM scores into
the consideration. While performing the customer segmentation, customer groups are
labelled according to the RFM score range. Therefore, there are 5 segments which are
hibernating, risky, need attention, potential loyalties and champions in order of
increasing loyalty level. At the end of the calculation, RFM scores of some customers

are presented in Figure 5.1.

recency frequency monetary recency_category frequency_category monetary_category RFM_Score

81.0 2.0 260.0 4 5 2 31
98.0 1.0 250.0 3 1 1 1.8
127.0 1.0 130.0 2 1 1 1.4
66.0 1.0 690.0 4 1 4 3.7
29.0 2.0 500.0 L 5 2 35

Figure 5.1 : RFM scores.
5.1 Analysis of the Segment Characteristics

Customers with the RFM score between 1 and 1.5 are hibernating which means that
they are close to leaving the company. Customers with a score between 1.5 and 2 are
in the risky group while those with a score between 2 and 3 are in the customer group
that needs attention. On the other hand, customers with the RFM score from 3 to 4 are
potential loyal customers meaning that they are likely to keep using the company’s
services. Lastly, customers scored between 4 and 5 are in the champions segment and
among the most loyal customers of the company. Therefore, this group of customers
can be called as the ones with higher probability to purchase. Figure 5.2 shows the
average monetary values across different customer segments, providing insights into

their spending behavior.
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Figure 5.2 : Average monetary values based on customer segments.

Considering the customer data studied, it is observed that 4,224 customers are potential
loyal customers representing the majority of the analyzed data. Total of 4,123
customers are classified as the attention-needed group. This segment indicates that
company needs to establish a marketing strategy to increase customer happiness and
loyalty in this group. So that, the second largest group of customers don’t turn out to
be risky or hibernating. There are already 2,702 customers in both risky and
hibernating segments which can be flagged as the alarming cluster for a company.
Considering the number of champions is half as this cluster, the company should
update their strategies to provide a balance between different segments and increase

the positive business metrics.

The findings align with previous research emphasizing the importance of tailoring
strategies to different customer segments to maximize profitability and customer
satisfaction. Gerpott et al. (2001) observed that loyal customers are more likely to
contribute to long-term business growth due to their trust in the brand and continued
engagement. Additionally, Kim et al. (2006) suggested that targeted retention
programs for profitable customer segments can significantly enhance customer loyalty
and reduce churn rates. These insights underline the need to focus on both retaining

high-value customers and addressing the concerns of at-risk groups.

Hybrid approaches can also be employed to enhance the segmentation process for
businesses to better differentiate between customer groups. Proactive marketing
strategies are crucial for segments like the hibernating and risky customers identified

in this study, where early intervention can prevent significant revenue loss.
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5.2 Company Benefits and Actions

The challenges of customer churn, especially in the telecom industry, highlight the
critical need for effective segmentation and retention strategies. Ullah et al. (2019)
emphasized that churn prediction models based on machine learning techniques can
significantly enhance the ability of businesses to identify customers at risk of leaving.
By leveraging such models, companies can actively address potential churn through
targeted interventions and improve customer satisfaction and loyalty. Furthermore,
Wu et al. (2021) demonstrated that maintaining existing customers is far more cost-
effective than acquiring new ones with the added benefit of a reduced churn rate among
loyal customers. These insights underscore the importance of integrating data-driven
segmentation techniques like RFM analysis to decrease churn rate and maximize

customer lifetime value.

Within the context of the findings above, which identify potential loyal customers as
the largest segment comprising 4,224 individuals and the attention-needed group as
the second largest with 4,123 customers, specific actions can be taken to address the

needs of each segment and maximize business outcomes.

— Enhanced Customer Understanding and Targeting: For the potential loyal

customer segment having high recency, frequency and monetary values, the
company can leverage RFM analysis to enhance the understanding of these
valuable customers' preferences and behaviors. Customized marketing
initiatives and loyalty programs designed to strengthen brand connection and
promote repeat purchases can be introduced to increase loyalty and enhance

the long-term value of those customers.

— Optimized Resource Allocation: The company should focus its marketing

efforts on the attention-needed segment which includes customers needing
proactive engagement to prevent them from leaving and to encourage loyalty.
By investing resources in specific strategies aiming to retain these customers
like personalized communication and special offers, the company can reduce
the risk of losing them and build stronger relationships. This can increase the

effectiveness of the company's marketing investments.

— Reducing Churn Risk: To reduce the risk of customers leaving, it's important

to focus on the risky and hibernating groups which include 2,702 customers
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detected as concerning. Taking proactive steps like reaching out to them
personally and implementing strategies to regain their interest can help. This
includes addressing any issues causing the reduced engagement. By detecting
and handling with churn risk early, the company can protect the income and

ensure the continued health of the customer base.

In summary, based on the segmentation results from RFM analysis, the company can
develop practical plans for each segment separately. For customers likely to be loyal,
efforts should focus on making them happier and more loyal to strengthen their role as
supporters of the brand. For the attention-needed group, strategies should aim to keep
them satisfied and prevent them from leaving. Similarly, steps need to be taken to
reconnect with customers in the risky and hibernating segments to reduce the risk of
losing them and maintain income levels. The application of RFM-based customer
segmentation enables companies to tailor their strategies to the unique needs and
behaviors of each segment, thereby leading to improved business performance and
profitability.

5.3 Evaluation

The evaluation of the segmentation results provides critical insights into the behavioral
patterns of the identified customer groups, their potential risks and their overall value
to the business. This section presents key metrics to assess the effectiveness of the

analysis in this study and its applicability to the telecom industry.

The segment-specific metrics reveal distinct customer behaviors that are essential for
designing targeted marketing strategies. For instance, champions representing
customers with the highest engagement and spending levels are expected to have
significantly lower average recency value along with higher average frequency and
monetary values compared to other groups. The reason is that recency measures the
time since the last purchase meaning that a lower value indicates that a customer made
a purchase very recently. Additionally, a customer from this group is expected to be
characterized by frequent purchases and high monetary spending. The Table 5.1 below

reveals the average values for each indicator for corresponding customer groups.
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Table 5.1 : Average RFM metrics’ values for customer groups.

Recency Frequency Monetary
Champions 56,154 1,62 993,65
Potential Loyalties 76,47 1,10 676,31
Need Attention 106,83 1,02 507,62
Risky 103,39 1,07 239,47
Hibernating 137,55 1,00 223,20

For the technical algorithms used in the analysis such as K-means clustering algorithm,
specific methodologies can be used to assess the performance. For that reason, the
elbow method is deployed to understand the process of selecting the number of clusters
that best align with the behavioral patterns of the telecom customers. Using too few
clusters could cause oversimplification and missing critical distinctions among
customer groups while too many clusters could lead to overfitting and reduce the
interpretability. The elbow in this methodology refers to the point on the distortion
score graph where the rate of decrease slows down. This point is expected to be
visually identifiable as a change in the curve's direction. In the Figure 5.3 below, the
elbow is at k=5 where the distortion score drops. The fit time shows an increase with
higher k but selecting k=5 balances model simplicity, computational efficiency and

clustering quality.

Distortion Score Elbow for KMeans Clustering
25000 - .
""" elbow at k =5, score = 9870.310

20000 -

15000 -

distortion score

'
10000 - N

]

H ~
5000 - : -

2 4 6 8 10 12

Figure 5.3 : Graphical representation of finding the optimal k value for the K-means
model.

5.4 Validation

For the model validation process, a new dataset spanning from 27 November 2022 to
27 May 2023 is used. To evaluate the real-world performance of the RFM model, the
customers included in the training data are tracked during this period.
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The champions segment representing highly loyal customers has a small increase in
the recency value. This observation aligns with the nature of the purchased services
which often involve contracts that temporarily limit reneging behavior. Despite this,
these customers remained engaged and continued to make frequent and high-value
purchases. This pattern demonstrates the model's ability to effectively identify and
track loyal customers in this group. The Table 5.2 below is to compare the average

values for each indicator for the champions customers in the train and test sets.

Table 5.2 : Comparison of average values for each indicator for the champions
customers in the train and test sets.

Recency Frequency Monetary
Champions in Train Set 56,154 1,62 993,65
Champions in Test Set 67,64 2,73 808,04

For the hibernating segment, 98% of the customers did not make any purchases during
the validation period. This outcome suggests that the actions recommended in the
study for this segment are not implemented but could potentially avoid this inactivity.
Among the small proportion of customers who did make purchases, the frequency
remained consistent with the training data but a slight increase in monetary value is
noted. However, given the low frequency (typically a single purchase in the time
frame) and the absence of most hibernating customers, direct comparisons between the
training and validation datasets for this segment may lack meaningful insight. The
following Table 5.3 reflects the average values of the RFM indicators for comparison

of the hibernating customer group in the train and test sets.

Table 5.3 : Average values of the RFM indicators hibernating customer groups in
train and test sets.

Recency Frequency  Monetary

Hibernating in Train Set 137,55 1,00 223,20
Hibernating in Test Set 89,33 1,00 302,50

In the attention-needed segment, 6.6% of the customers transitioned to the risky group
based on test data and none were re-categorized as potentially loyal. This highlights
the urgency of taking actions to increase engagement for this group. For the remaining
customers in this segment, the values for recency, frequency and monetary remained

largely consistent with the training data. These findings emphasize the need for
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proactive strategies to reduce the likelihood of losing customers in this segment over
time. In the following Table 5.4, the average values for recency, frequency and
monetary of the attention-needed customers in both the train and the test sets are

presented.

Table 5.4 : Average values for recency, frequency and monetary of the attention-
needed customers in both the train and the test sets are presented.

Recency Frequency  Monetary

Need Attention in Train Set 106,83 1,02 507,62
Need Attention in Test Set 103,42 1,01 360,55
Need Attention to Risky in Test Set 81,33 1,00 250,00
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6. CONCLUSION

“Telco operators have gone way beyond traditional segmentation based only on
standard market criteria, such as prepaid versus postpaid and consumer versus
business. Advanced use of segmentation allows each customer to be part of a micro-

segment.” (Bayer, 2010).

This study provides insights into how customers are grouped in the telecom industry
by using RFM analysis on a dataset of customer interactions. The aim is to find the
best customer groups or those with higher probability to make purchase for focused
marketing plans. The study shows the importance of using data to understand how
customers behave and to make marketing plans better in terms of customer
engagement. By focusing on particular groups based on their past purchases,

companies can make customers more involved and grow their business in short.

According to the outcome of the study, 42.2%, of the telecom company's customers
are in groups called champions and potential loyalties. It means that there's a big
chance to market to them effectively as they are more likely to buy the company's
products. Figure 6.1 represents the distribution of customer segments concluded at the
final stage of the study, highlighting the grouping of customers based on the analysis

results.
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Figure 6.1 : Distribution of customer segments.

The findings from this study align with previous research emphasizing the critical role
of advanced analytics in enhancing customer segmentation. Jahromi et al. (2014)
highlighted that multi-algorithm approaches, which integrate data mining techniques
with predictive modeling, provide superior insights into customer behavior compared
to traditional statistical methods. Additionally, Gerpott et al. (2001) stated that
customer loyalty and retention strategies are crucial in maintaining long-term
profitability and reducing the costs associated with acquiring new customers. By
integrating hybrid models and machine learning techniques, businesses can achieve a
competitive advantage in customer management, particularly in dynamic industries

like telecommunications.

While this study marks a significant step forward, researchers can publish more
research into how customers are segmented as well as using advanced analytics can
help improving marketing plans and making customers more valuable in the
competitive telecom industry as future research and exploration. They can explore the
application of advanced hybrid methods combining deep learning and clustering
techniques as suggested by Alkhayrat et al. (2020). These approaches hold significant
potential for uncovering hidden patterns in customer data and further enhancing
segmentation models, thereby driving more effective marketing strategies and

customer engagement initiatives.
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