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FOREWORD

With the digital landscape becoming increasingly central to business, companies are
constantly looking for new ways to adapt and stay competitive. The
telecommunications sector, with its massive and diverse customer base, is a key player
in this shift. This study began with the goal of clearly defining what a "digital
customer" actually looks like within the telecom industry. After reviewing the existing
literature, it became clear that most definitions are quite narrow. While previous
research often focuses strictly on data usage or transaction volume, this study proposes
a much broader view. Here, digitalization isn't just about how much data a person uses;
it’s about the specific nature and variety of their activities across all digital channels.

Once the conceptual framework was set, I developed a new classification system using
real-world telecommunications data. I started by evaluating and selecting variables
commonly used in both academic literature and industry practice, transforming them
into a categorical format. These were then processed using the ELECTRE TRI-B
method—a multi-criteria sorting technique—to build the customer segments. By
analyzing the resulting classes, I was able to build distinct profiles for each group. To
test the model's effectiveness, I compared these results against existing segmentation
structures and used transition matrices to track how customers moved between
segments over time. These findings ultimately provided the basis for several practical
managerial recommendations.

Finally, I would like to express my sincere thanks to my advisor, Assoc. Prof. Dr.
Umut Asan, for his steady guidance and support throughout this project. I am also
deeply grateful to Koray Cetingdz, whose industry expertise and insights were
invaluable to the research process.

January 2026 Gokce YAVUZ
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A NEW SORTING-BASED CLASSIFICATION APPROACH TO DIGITAL
CUSTOMER SEGMENTATION

SUMMARY

As digitalization continues to expand, firms seek to adapt in order to reach customers
and respond to their needs. The telecommunications sector, as one of the industries
with the largest customer bases, has similarly focused on developing strategies to
remain competitive in this environment. This thesis aims to define the concept of
digitalization using telecommunications data and to provide sector-specific
recommendations based on this definition.

In the first stage, academic studies on digitalization, digital customers, and digital
channels were reviewed across the telecommunications sector as well as other
industries. The literature shows that research on digitalization is limited and that
existing definitions are generally narrow, most often relying on transaction volumes
and data usage. Studies from banking and e-commerce were also considered, including
segmentations based on demographic characteristics or channel preferences. Based on
these findings, this study adopts a broader view of digitalization, incorporating not
only transaction counts or channel choice but also customers’ spread across digital
channels, behavioral diversity, and depth of digital activity. Accordingly, digital
classes were constructed and analyzed in detail.

Following the establishment of the definition of digitalization and the research
objectives, the methodological framework was defined and the implementation phase
was initiated. A sample of fifty thousand customers was selected from real
telecommunications data, and a total of forty-five variables were identified based on
those frequently used in the literature and in telecommunications practice. These
variables were selected to capture customers’ total data usage, usage patterns across
different time periods, generated revenue, physical mobility, levels of social media
usage, and the frequency of visits to websites and applications across various domains
such as gaming, public services, and news.

After the variables were selected, numerical data were transformed into categorical
form using the Fisher—Jenks Natural Breaks method in order to enable their use in the
classification methodology. This method identifies breakpoints that maximize
between-class variance while minimizing within-class variance, and the optimal
number of categories was determined using the Goodness of Variance Fit (GVF)
metric. Following the categorization, the relationship between the resulting categories
and the existing digital segmentation structure was examined using chi-square and
Cramér’s V tests to ensure that the selected variables were meaningful and consistent
with the current framework.

Subsequently, the ELECTRE TRI-B multi-criteria ordered classification method was
applied. Prior to classification, variable weights were calculated using the entropy
method, which assigns higher weights to variables with greater variability. Navigation
website visits and text- and video-based social media data usage emerged as the most
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discriminative variables. Customers were then classified into six classes, consistent
with the number of segments in the existing digital segmentation structure, enabling a
direct comparison between the two approaches.

Subscribers were assigned to digital classes on a monthly basis over a six-month
period. Segment distributions were stable across periods, with no significant
seasonality effects. Approximately 36% of customers were concentrated in the third
class, followed by the fourth class at around 32%, while the first class represented the
smallest segment at roughly 2%.

Profiling analysis revealed clear differences across classes. The first class exhibited
almost no data usage, while the second class generated the lowest revenue and had the
lowest package prices. In higher classes, increases in digitalization were accompanied
by higher revenues, fees, and usage volumes. The second class consisted of the oldest
customers and had the longest subscription tenure, whereas higher segments were
characterized by younger customer profiles. Despite minimal usage, the first class
generated higher revenue and had a younger customer base compared to the second
class.

Finally, inter-period transition analysis was conducted to examine mobility between
segments. Transition matrices showed that mobility was more pronounced in upper
segments, with most subscribers moving to adjacent classes between periods. The high
level of movement observed in high-revenue segments represents a critical insight for
segment management and strategic decision-making.

After analyzing intra-segment dynamics, comparisons were conducted between the
existing segmentation structure and the ELECTRE TRI-B-based classes to identify the
distinguishing features of the new structure. Initially, similarity levels between the six
classes in both classification systems were examined. No significant seasonality
effects were detected in similarity analyses conducted for each period. While the
fourth, fifth, and sixth classes in both structures exhibited high similarity across all
combinations, the lowest segments of the two classification systems showed low
similarity. The second and third classes also demonstrated high similarity with each
other. These findings constitute one of the most important indicators that the
ELECTRE TRI-B-based classes differ substantially from the existing segmentation
structure.

The classes were also compared in terms of income levels. In the existing
segmentation, average revenue per subscriber increased progressively across higher
segments. In contrast, within the ELECTRE TRI-B classes, the lowest average income
was observed in the first class, followed by the second and third classes. Moreover,
income differences among upper segments were considerably more pronounced in the
ELECTRE TRI-B classification.

Age was another variable used for comparison, and notable differences were observed
in this dimension as well. In the existing segmentation structure, the average ages of
the first three segments were relatively similar, and customers in higher segments
tended to be younger. Conversely, in the ELECTRE TRI-B classes, the second class
exhibited a distinctly higher average age, while the average ages of upper segments
were slightly lower than those of the corresponding upper segments in the existing
structure.

Another comparison was conducted based on total data usage. While a steadily
increasing pattern was observed across segments in the existing classification, in the
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ELECTRE TRI-B structure the data usage of the second class was only marginally
higher than that of the first class, whereas the upper classes displayed significantly
higher average usage levels. In parallel with total data usage, similar trends were
observed in social media platform usage.

In the final stage, the two classification structures were compared in terms of their
ability to explain income and data usage using regression analysis. In this context,
segments were included in the models as independent variables, and revenue per
subscriber was selected as the dependent variable. Although the explanatory power of
both models was relatively low, the R? values indicated that the ELECTRE TRI-B
classes exhibited higher explanatory power for income compared to the existing
segmentation structure. It should be noted that revenue is influenced by numerous
external factors, including promotional campaigns, price changes, competitors’ offers,
and brand perception.

The same analytical steps were applied to total data usage, and similarly, the
ELECTRE TRI-B classes demonstrated greater explanatory power than the existing
classification. These findings indicate that the proposed segmentation approach
provides a stronger framework for explaining both revenue and usage behaviors
compared to the current structure.

In conclusion, the method applied in this study resulted in the development of a digital
segmentation structure that clearly differs from existing classification approaches. By
combining real telecommunications customer data with variables selected from
multiple dimensions, statistical methods, and expert judgment, the proposed
segmentation offers a meaningful contribution to both industry applications and the
academic literature. In addition to the segmentation itself, detailed profiling of the
newly formed classes and the analysis of inter-period transitions provide valuable
insights that can be used as inputs for segment management and strategic decision-
making processes.

While the study was conducted using data from existing postpaid subscribers,
extending the analysis to newly acquired and prepaid customers would increase the
generalizability of the proposed structure. Moreover, testing the results through real
business actions would be essential to assess the practical value of the segmentation
and to identify potential areas for improvement. Future research may further deepen
the analysis by experimenting with different numbers of classes. In addition, although
churn behavior could not be examined due to data limitations, incorporating such
analyses in future studies would offer important insights into segment sustainability
and customer lifecycle dynamics.
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DIJITAL MUSTERI SEGMENTASYONUNA YONELIK YENI BiR
SIRALAMA TABANLI SINIFLANDIRMA YAKLASIMI

OZET

Dijitallesmenin ve dijital diinyanin hacmi her gegen giin artarken, firmalar miisterilere
ulagabilmek ve onlarin ihtiyaglarini karsilayabilmek amaciyla bu doniisiime uyum
saglama cabas1 icindedir. Yiiksek miisteri sayisina sahip sektorlerden biri olan
telekomiinikasyon sektorii de bu alanda rekabet giiclinii artirmak ve rakiplerinin
gerisinde kalmamak adina farkli yontemler ve stratejiler gelistirmektedir. Bu tez
calismasinda, telekomiinikasyon sektoriine ait veriler kullanilarak dijitallik
kavraminin tanimlanmasi ve bu tanim dogrultusunda sektore yonelik Oneriler
sunulmasi amaclanmaistir.

Calismanin ilk asamasinda dijitallik, dijital misteri ve dijital kanallar gibi kavramlar
temel alinarak hem telekomiinikasyon sektdrinde hem de farkli sektorlerde
gergeklestirilen akademik caligmalar incelenmigtir. Yapilan literatiir taramasi
sonucunda, dijitallik kavramina iligkin ¢aligmalarin sayisinin sinirh oldugu ve mevcut
tanimlarin genellikle dar bir gergevede ele alindigi goriilmiistiir. Telekomiinikasyon
sektoriiniin yan1 sira bankacilik ve e-ticaret sektorlerine yonelik caligmalar da
degerlendirilmigtir.  Incelenen  arastirmalarda  dijitallik  tamimlarmin  ve
simiflandirmalarinin agirlikli olarak islem sayist ve harcanan veri miktar1 iizerinden
yapildig1, bunun yaninda demografik 6zellikler ya da tercih edilen kanallar temelinde
olusturulan dijital segmentlere de literatiirde yer verildigi tespit edilmistir. Bu bulgular
dogrultusunda, bu g¢alismada dijitallik kavrami daha genis bir bakis acisiyla ele
alimmigtir. Misterilerin yalmzca gergeklestirdikleri islem sayisi ya da tercih ettikleri
kanal tirii degil, dijital kanallardaki yayilim diizeyleri, hareket cesitlilikleri ve
davraniglarimin derinligi de dijitalligin bir pargasi olarak degerlendirilmistir. Bu hedef
dogrultusunda dijital siniflar olusturulmus ve yeni yap1 detayli analizlerle kapsamli
bicimde incelenmistir.

Dijitallik tanimi ve caligmanin amaci belirlendikten sonra metodoloji adimlari
olusturulmus ve uygulama siirecine gegilmistir. Gergek telekomiinikasyon verisi
iizerinden elli bin miisteri 6rneklem olarak se¢ilmis, literatiirde ve telekomiinikasyon
sektoriinde siklikla kullanilan degiskenler dikkate alinarak toplam kirk bes degisken
belirlenmistir. Bu degiskenler; miisterilerin toplam veri kullanimlari, farkli zaman
dilimlerindeki kullanim aligkanliklar, olusturduklan gelir, fiziksel hareketlilikleri,
sosyal medya kullanim diizeyleri ile oyun, kamu, haber gibi farkli alanlardaki site ve
uygulamalara giris sayilar1 temel alinarak secilmistir.

Degiskenlerin belirlenmesinin ardindan, simiflandirma yonteminde kullanilabilmesi
icin veriler kategorik hale getirilmistir. Bu asamada Fisher Jenks Natural Breaks
yontemi tercih edilmistir. Fisher Jenks yOntemi, siniflar arasi varyansi maksimize
ederken smif i¢i varyanst minimize eden kirilma noktalarini belirleyerek veriyi
siiflara ayirmaktadir. Goodness of Variance Fit (GVF) degeri araciligiyla sinif
sayisinin, smif i¢i ve smiflar arasi varyans agisindan en uygun olup olmadigi
degerlendirilmis ve buna gore kategori sayisi belirlenmistir. Bu yontem sayesinde
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sayisal degiskenler kategorik forma doniistiiriilmiis ve elde edilen kategoriler ile
mevcut dijital segment yapist arasindaki iligki ki-kare ve Cramér’s V testleri
kullanilarak analiz edilmistir. Her ne kadar bu ¢alismada dijitallige farkli bir tanim
getirilmesi amaclansa da mevcut segment yapisi ile olan iliskinin incelenmesinin temel
nedeni, hem mevcut yapmin daha iyi anlasilmasi hem de segilen degiskenlerin
gercekei ve anlamli oldugunun dogrulanmasidir.

Degiskenlerin kategorik hale getirilmesinin ardindan, ¢ok kriterli sirali siniflandirma
yontemi olan ELECTRE TRI-B asamasma gecilmistir. ELECTRE TRI yontemi,
belirsiz ve bulanik iligkilerin tercih, veto ve kayitsizlik esikleri araciligiyla ele
alinmasinda uygun bir yaklasim olarak 6ne ¢ikmaktadir. ELECTRE ydntemlerinden
biri olan ELECTRE TRI-B uygulanmadan o6nce, degiskenlerin agirliklar1 entropi
yontemi kullanilarak hesaplanmistir. Entropi yontemi, miisteri bazinda degiskenlik
diizeyi yliksek olan degiskenlere daha yiiksek agirlik vererek, girdiler arasinda en fazla
ayristirict giice sahip degiskenlerin daha etkili olmasini saglamaktadir. Bu kapsamda,
navigasyon sitesi ziyaretleri ile yazili ve video temelli sosyal medya kullanimina
iligkin veri miktarlar1 en yiiksek agirliga sahip degiskenler olarak belirlenmistir.
ELECTRE TRI-B yontemi i¢in gerekli parametreler tanimlanmis ve miisteriler altt
sinifa ayrilmistir. Sinif sayisinin alti olarak belirlenmesinin temel nedeni, halihazirda
kullanilan dijital segment yapisinin da alt1 siniftan olusmasidir. Bu sayede olusturulan
yeni yapi, mevcut segmentasyon ile karsilastirilabilmis ve gelistirilen yaklagimin
sagladigi katkilar test edilebilir hale gelmistir.

Alt1 aylik veri seti kapsaminda aboneler her ay i¢in ayr ayr dijital siniflaria atanmis
ve elde edilen sonuclar detayli bicimde analiz edilmistir. ilk asamada her dénem
0zelinde segment bazli dagilimlar incelenmis ve belirgin bir mevsimsellik etkisinin
bulunmadigi goriilmiistiir. Miisterilerin yaklasik yiizde otuz altisinin tigiincii sinifta yer
aldig1 gozlemlenirken, bu sinifi yiizde otuz iki oraniyla dordiincii sinif takip etmistir.
Birinci sinif ise yaklagik ylizde iki ile en diisiik abone sayisina sahip segment olmustur.

Siiflarin temel O6zelliklerini ortaya koymak ve birbirlerinden ayrisan yonlerini
belirlemek amaciyla profil haritas1 ¢aligmasi gerceklestirilmistir. Bu kapsamda her
sinif i¢in degiskenlerin ortalama degerleri hesaplanmistir. En diisiik dijitallik diizeyine
sahip olan birinci sinifin neredeyse hi¢ veri kullanimi gerceklestirmedigi goriilmiistiir.
En diisiik gelir yaratan ve ayn1 zamanda en diisiik paket {icretine sahip segment ise
ikinci simf olmustur. Diger smiflarda dijitallik seviyesi arttikca elde edilen gelir,
Odenen iicretler ve kullanim miktarlarinin da paralel bigimde arttig1 tespit edilmistir.

Miisterilerin abonelik yaslar incelendiginde, en yliksek ortalama abonelik yasina
ikinci sinifin sahip oldugu, bu sinifi ii¢iincii sinifin takip ettigi goriilmistiir. Abonelerin
yaslart degerlendirildiginde ise en yash miisteri grubunun ikinci sinifta yer aldigi, tist
segmentlere dogru gidildikge miigteri kitlesinin daha geng hale geldigi
gozlemlenmistir. Buna ek olarak birinci sinifin, firmanin dijital uygulamasini1 yogun
bicimde kullanan ve bu yoniiyle diger segmentlerden ayrisan bir yapi sergiledigi, ayni
zamanda uygulama kullaniminda dordiincii smifin ardindan en yiiksek kullanim
seviyesine sahip oldugu belirlenmigtir. Bu bulgular birlikte degerlendirildiginde,
ticiincll ile altinct siniflar arasinda dijitallik diizeyinin arttigi, kullanim hacminin
yiikseldigi ve daha geng¢ bir miisteri kitlesinin olustugu goriilmektedir. Buna kargilik
birinci sinifin kullanim diizeyi neredeyse sifira yakin olmasina ragmen ikinci sinifa
kiyasla daha fazla gelir iireten ve daha gen¢ bir miisteri grubunu barindirdig: tespit
edilmistir.
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Bir sonraki agamada segmentler aras1 donemsel gecisler analiz edilmistir. Bu asamanin
temel amaci, segmentler arasindaki hareketliligi anlamak, bu hareketliligi
etkileyebilecek faktorlere odaklanmak ve segmentlerin daha etkin yonetilebilmesine
yonelik girdiler olusturmaktir. Ornegin, bazi segmentler icin abonelerin alt siniflara
diismesinin engellenmesi istenebilir. Bu dogrultuda alt1 donem boyunca ardisik
donemler arasindaki degisimler incelenmis ve toplamda bes adet gecis matrisi
olusturulmustur. Gegis matrislerinin analizi sonucunda, iist segmentlerdeki
hareketliligin alt segmentlere kiyasla daha yiiksek oldugu tespit edilmistir. Abonelerin
biiylik cogunlugunun bir sonraki dénemde ya bir iist sinifa ya da bir alt siifa gegis
yaptigi gézlemlenmistir. Ozellikle iist segmentlerde ddénemler arasinda belirgin
farklilagmalar yasandigi gortilmistiir. Yiksek gelir yaratan bu segmentlerin
hareketliliginin fazla olmasi, segmentlerin yonetimi agisindan 6énemli ve dikkat ¢ekici
bir bulgu olarak degerlendirilmistir.

Segmentlerin kendi iclerindeki hareketliligi analiz edildikten sonra, mevcut
siniflandirma yapist1 ile ELECTRE TRI-B yontemiyle elde edilen siniflar
karsilastirilmis ve yeni yapinin ayrisan yonleri ortaya konmustur. Ik asamada her iki
smiflandirma yapisinda yer alan alti sinifin birbirleriyle olan benzerlik diizeyleri
incelenmistir. Her donem igin gerceklestirilen benzerlik analizlerinde belirgin bir
mevsimsellik etkisine rastlanmamigtir. Bununla birlikte her iki yapinin doérdiincii,
besinci ve altincr smiflarinin tim kombinasyonlarinda yiiksek benzerlik oranlarina
sahip oldugu, buna karsilik her iki siiflandirma yapisinin en alt segmentlerinin
birbirleriyle diisiik benzerlik gosterdigi tespit edilmistir. ikinci ve iigiincii siniflarin da
kendi aralarinda yiiksek benzerlik oranina sahip oldugu goriilmiistiir. Bu bulgular,
ELECTRE TRI-B yontemiyle olusturulan simiflarin mevcut segmentasyon yapisindan
belirgin bicimde farklilagtigim1 gosteren en Onemli kanitlardan biri olarak
degerlendirilmistir.

Siniflar gelir diizeyi agisindan da karsilastirilmistir. Mevcut segmentasyon yapisinda
ist siniflara ¢ikildik¢a abone basmna ortalama gelirin kademeli olarak arttigi
goriiliirken, ELECTRE TRI-B smiflarinda en diisiik ortalama gelirin birinci sinifta
gerceklestigi, bu sinifi ikinci ve tigiincii siniflarin takip ettigi tespit edilmistir. Ayrica
iist segmentler arasindaki gelir farklarinin ELECTRE TRI-B simniflarinda ¢ok daha
belirgin oldugu gézlemlenmistir.

Yas degiskeni de karsilastirma amaciyla ele alinmis ve bu degisken agisindan da dikkat
cekici farklhiliklar ortaya ¢ikmistir. Mevcut siniflandirma yapisinda ilk {i¢ segmentin
yas ortalamalarinin birbirine oldukga yakin oldugu ve iist segmentlerde yer alan
miisterilerin daha geng bir profile sahip oldugu goriilmiistiir. Buna karsin ELECTRE
TRI-B siniflarinda ikinci smifin belirgin bicimde daha yiiksek bir yas ortalamasina
sahip oldugu, iist segmentlerdeki yas ortalamalarinin ise mevcut yapinin {ist siniflarina
kiyasla bir miktar daha diisiik oldugu tespit edilmistir.

Bir diger karsilastirma toplam veri kullanimi iizerinden gergeklestirilmistir. Mevcut
smiflandirma yapisinda segmentler arasinda giderek artan bir veri kullanim egilimi
gozlemlenirken, ELECTRE TRI-B siniflarinda ikinci sinifin veri kullaniminin birinci
smiftan yalnizca ¢ok siirlt bir farkla daha yiiksek oldugu, buna karsilik iist siniflarin
veri kullanim ortalamalarinin belirgin bigimde daha yiiksek oldugu goriilmiistiir.
Toplam veri kullanimindaki bu farklilagmaya paralel olarak sosyal medya
platformlarindaki kullanim egilimlerinin de benzer bir yap1 sergiledigi tespit
edilmistir.
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Son asamada, her iki siniflandirma yapisi regresyon analizi kullanilarak, gelir ve veri
kullanimini agiklama diizeyleri agisindan karsilagtirilmistir. Bu kapsamda segmentler
bagimsiz degisken olarak modele dahil edilmis, abone basina gelir ise bagimh
degisken olarak secilmistir. Regresyon sonuclari incelendiginde, her iki siniflandirma
yapisi icin de aciklama oranlarinin gorece diisiik oldugu goriilmekle birlikte, R?
degerleri dikkate alindiginda ELECTRE TRI-B siniflarinin gelir degiskenini agiklama
giicliniin mevcut segmentasyon yapisina kiyasla daha yiiksek oldugu tespit edilmistir.
Bu noktada, gelir iizerinde kampanyalar, fiyat giincellemeleri, rakip firmalarin
sundugu teklifler, marka algist ve benzeri bir¢ok digsal faktoriin etkili oldugu goz
oniinde bulundurulmalidir.

Ayni analiz adimlar1 toplam veri kullanimi degiskeni icin de uygulanmis ve benzer
sekilde ELECTRE TRI-B smniflarinin bu degiskeni agiklama gliciiniin mevcut
siniflandirma yapisina gore daha yiiksek oldugu belirlenmistir. Bu bulgular, 6nerilen
segmentasyon yaklagiminin hem gelir hem de kullamim davramiglarini acgiklamada
mevcut yapiya kiyasla daha gii¢lii bir ¢cerceve sundugunu gostermektedir.

Sonu¢ olarak, bu c¢alismada wuygulanan yontem ile mevcut smniflandirma
yaklagimlarindan ayrisan yeni bir dijital segmentasyon yapisi gelistirilmistir. Gergek
telekomiinikasyon miisteri verisinin, farkli boyutlardan secilen degiskenlerin,
istatistiksel yontemlerin ve uzman goriisiiniin birlikte kullanilmasi sayesinde ortaya
konulan bu yap1, yalnizca sektdr uygulamalarina degil, ayn1 zamanda literatiire de
onemli bir katki sunmaktadir. Caligma kapsaminda, olusturulan yeni siniflarin ayrintili
profillemeleri yapilmis ve donemler arasi gecisleri analiz edilerek segment yonetimi
ve strateji gelistirme siireclerinde girdi olarak kullanilabilecek anlamli bulgular elde
edilmistir. Bu yoniiyle calisma, miisteri sayisi ve veri hacmi yliksek olan bankacilik ve
e-ticaret gibi sektorler i¢in de drnek teskil edebilecek niteliktedir. Arastirma mevcut
ve faturali aboneler {izerinden gerceklestirilmis olmakla birlikte, yeni kazanilan
aboneler ve faturasiz miisteri gruplarinin da kapsama dahil edilmesi, segmentasyon
yapisinin  genellenebilirligini artiracaktir. Elde edilen sonuclarin  mevcut is
aksiyonlarinda uygulanarak test edilmesi, segment yapisinin katkisini dlgmek ve
gerekli iyilestirmeleri gergeklestirmek agisindan 6nem tagimaktadir.

flerleyen caligmalarda farkli smif sayilarinin  denenmesiyle bulgularin daha
derinlemesine degerlendirilmesi miimkiindiir. Ayrica, veri kisitlar1 nedeniyle bu
calismada abonelerin smif bazli churn davranislari analiz edilememistir. Bu kisitin
ortadan kaldirilmast durumunda, s6z konusu analizlerin gerceklestirilmesi
segmentlerin siirdiiriilebilirligi ve miisteri yagsam dongiisii agisindan 6nemli i¢goriiler
saglayacaktir.
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1. INTRODUCTION

With the steadily increasing number of subscribers, telecommunications companies
have evolved from being mere providers of voice communication services into key
actors that facilitate customers’ integration into the digital ecosystem. As data
consumption and time spent on digital channels continue to rise, managing customers
through their digital interactions and experiences has become a critical strategic
priority. The substantial heterogeneity of customers in terms of both digital
engagement and purchasing power requires each customer group to be analyzed with

particular precision.

In both the existing literature and sectoral applications—especially within the
telecommunications industry—the concept of the digital customer is predominantly
defined through data consumption metrics such as how frequently they recharge and
the channels that they use (Sood and Sharma, 2023, p. 418). In other words, customers
are typically categorized as low or high digital users solely based on the volume of
data consumed or the time spent on digital platforms. However, such a narrow
operationalization overlooks the multidimensional nature of digital customer behavior
and disregards other determinants that shape digitalization levels. The limited number

of studies addressing this topic remains largely confined to this restricted viewpoint.

The aim of this study is to evaluate customers’ digitalization levels from a broader
analytical perspective, going beyond metrics based solely on data usage, and to model
the digital diffusion of the customer base more effectively, thereby generating more
accurate and behaviorally coherent customer segments. To eliminate conceptual
ambiguity, a refined definition of the digital customer was proposed, and a
comprehensive set of variables—including voice usage, website visits, package type,
package price, age, and SIM card attributes—was identified in addition to data
consumption. By examining digital behaviors through multiple dimensions, the study
seeks to develop a measurement and classification model that captures the dynamics

of digital diffusion more accurately.



Methodologically, the study employs the sorting method ELECTRE TRI-B—a variant
of the ELECTRE TRI multi-criteria decision-making approach—to evaluate and
segment customers according to their digitalization levels. First, the variables were
selected and Fisher—Jenks Natural Breaks algorithm was applied to determine the
threshold values of each variable based on the targeted number of classes, enabling
categorical transformation. The weights of the variables were then derived using the
entropy weighting method, ensuring an objective assessment of the relative importance
of each criterion. Subsequently, the ELECTRE TRI-B sorting procedure was used to
assign customers to the defined segments according to their digitalization levels. The
resulting digital customer segments were systematically compared with the digital
segmentation structures currently employed in industry practice. In this comparison,
distinctions between the models, variations in the characterization of low- and high-
level digital users, and the dynamics of inter-segment transitions were examined in
depth. In addition, managerial implications were derived by proposing segment-
specific strategic recommendations. Finally, regression analyses were performed to
assess the extent to which the proposed segmentation approach improves the
explanatory power for key outcomes, namely customer revenue and data consumption,

relative to the existing segmentation structure.

In conclusion, the proposed classes have potential to enhancing customer loyalty,
increasing customer lifetime value, and managing inter-segment transitions more
strategically within the telecommunications sector. With the newly introduced
definition and the expanded set of variables, firms are better positioned not only to
retain their existing customers but also to guide them toward higher levels of digital
engagement. As no prior study has examined digital customer segmentation from this
perspective within the telecommunications domain, this research provides deeper
insights into digital customer preferences and behaviors in light of heightened
competitive pressures and revenue-driven objectives. Considering the scarcity of
academic work on digital customers, this study—grounded in real telecommunications
data, expert insights, and data-driven analytical techniques—offers valuable
contributions to both academic research and industry practice, generating

comprehensive insights into digital customer management.

The rest of this thesis is organized as follows. Section 2 presents a comprehensive

review of the literature, focusing on how digitalization and the concept of the digital



customer are defined and discussed across different industries, supported by examples
from various sectors. Section 3 describes the methodology employed in the study,
including the variable selection process, the categorization of variables using the
Fisher—Jenks Natural Breaks algorithm, and the theoretical and practical foundations
of the ELECTRE TRI -B method. Section 4 is devoted to the empirical application,
where the categorization results and the implementation of the ELECTRE TRI -B
approach are presented. In this section, customer profiles are constructed based on the
resulting classes, and the proposed classification is compared with the existing
segmentation structure. Finally, Section 5 discusses the main findings of the study,

outlines managerial implications, and offers suggestions for future research.






2. LITERATURE REVIEW

Despite the growing importance of digitalization for the companies in different
industries, the literature on this topic remains relatively limited. Existing research on
digitalization, digital customers, and digital segmentation has predominantly focused
on the banking and e-commerce sectors, largely concentrates on how digital channels
can be used more effectively and on identifying the main factors that shape customer
segmentation. Organizations have increasingly begun to formulate their strategies by
considering digital customers, channels, and processes from multiple perspectives in
order to expand their operations. The main objective is to reach more customers, get
insights about their preferences, and organize their communication. For instance, one
of the well-known digitalization strategies is to use social media to be able to manage
their marketing. Organizations build their customer segments based on customers’
behaviors on social media, how they interact with organizations; and by understanding
these behaviors and needs, they improve the effectiveness of these channels (Miiller et
al., 2018, p. 80). Another digitalization approach adopted by the companies is to make
processes more digital to segment the customers and services more efficient. With 7/24
service opportunity and chatbots the services become faster; moreover, with the help
of data analyses, the problems can be predicted beforehand. Consequently, potential
solutions can be proposed, and products can be refined in line with customers’ needs.

(Brunner et al., 2025, p. 2930).

Since the primary objective of the study is to build a digital segmentation framework,
segmentation approaches in both telecommunication and other businesses were
examined. The literature indicates that research on digital segmentation within the
telecommunications sector remains limited. The segments are mostly built according
to the number of transaction or data usage; however, this study aims to challenge and
broaden that perspective. In the study by Sood and Sharma (2023, p. 421), customers
are classified into three groups, which are digitally engaged, partially digitally engaged
and digitally unengaged, determined by how frequently they utilize digital channels.
They suggest firms to manage their marketing activities in line with customers’

channel preferences. Customers uses digital channels to get more information about



the products, campaigns of competitors, and discuss the satisfaction level of the brand
they prefer or consider to use (Suradi et al., 2023, p. 38). The evidence from these
studies suggests that digital segmentation practices in the telecommunications industry

have been predominantly limited to this conceptual scope.

Similar to the telecommunication sector, studies aiming to segment customers in the
e-commerce domain predominantly employ the number of purchases as the primary
variable. Creating inaccurate customer segments in e-commerce can lead to errors in
marketing activities, such as mismatches or conflicts in channel selection. As can be
seen in other areas, a correct segmentation helps to increase customer satisfaction and
profit since the companies know their customers better (Wang, 2022, p. 2). There are
also studies that examine the reasons behind customers’ channel preferences. Some
customer groups view online channels as more suitable for purchasing products, while
face-to-face channels more advantageous for obtaining information about the product
(Neslin, 2022, p. 125). Ballestar et al. (2018, p. 413) argue that customers who transact
more often are typically more loyal, profitable, and engaged. Consistently, as indicated
in the reviewed literature, digitalization decisions are based on the selection of

channels and the number of transactions in most of the studies.

Another industry which is frequently compared to telecommunication is banking;
since, both of them have an enormous number customers and extensive data sources.
Digital channels have become highly significant within banking, prompting numerous
studies on customers’ digitalization levels. The respective studies that were conducted
for digitalization on banking mainly focused on factors that influence customers’
channel decision. Hidayat (2023, p. 53) identifies two crucial factors that drive this
decision: usefulness and benefit. When a customer believes that the apps will help
them to reach better results or thinks that the channel is not hard to manage, they prefer
digital channels. Beyond the frequency of purchases on digital channels, several
studies emphasize that the nature of the product or service also shapes customers’
digital engagement levels. While some products are still preferred through face-to-face
channels, others encourage customers to use and adopt digital channels.
(Schoenbachler and Gordon, 2002, p. 49). Moreover, customer demographics are
examined to determine how they influence customers’ digitalization levels.
Tanuwijaya and Oktavia (2023, p. 130) discussed the factors that influence digital

channel usage by examining the generation the customer belongs to. Given the



substantial impact of digital banking on millennials, studies have focused on how to
manage both customers and related processes. As a result, it is stated that perceived
usefulness, service quality and price of service play a significant role in customers’
shift to digital channels. Beyond generational classifications, several studies
incorporate general demographic characteristics to assess customers’ digital potential.
For instance, married people, youths and females are better adapting new technologies
(Apergis, 2019, p. 8). In studies that consider demographic criteria, age is consistently
identified as a crucial factor influencing the level of digitalization. Older individuals
tend to resist adopting digital channels, often perceiving the required learning effort as
disproportionate to the expected benefits (Thangavel and Chandra, 2024, p. 14).
Meanwhile, some analyses show that age cannot be considered the most important
factor while categorizing individuals as digital natives or digital immigrants
(Kesharwani, 2020, p. 14). Moreover, related studies also examined psychographic

and socio-demographic features of customers (Wolf and Steul-Fischer, 2022, p. 1602).

Another subject discussed in the literature on customer digitalization is whether every
customer should be digital. This question is also crucial for the aim of this thesis, since
understanding digital characteristics and managing customer segments are central to
its purpose. Vaillant and Lafuente (2024, p. 3) suggest that digitalization influences
business performance positively, largely because it builds better interactions between
firms and their customers. Also, it helps get richer data to use in analysis in order to
manage decision making. Despite the advantages of digitalization, including easier
access to information, opportunities for product comparison, and enhanced
customization, potential challenges may arise, including feelings of disconnection,
reduced personalization, and the provision of generic solutions (Véisénen, 2024, p. 2).
Because customers can easily access the information about the companies, products
and reviews, there is a risk for damaging the relation between the company and their
customers. Consequently, it is imperative for companies to carefully manage digital

channels and customer interactions to maintain engagement and relationship quality

(Sheth, 2023, p. 733).

According to the existing literature, firms aim to enhance the level of digitalization
across customers, channels, and overall customer management practices. However,
several studies emphasize that customers differ significantly in their preferences for

digital channels and that digital adoption is inherently heterogeneous across customer



groups. Consequently, research on channel management is also reviewed to examine
the related arguments, frameworks, and managerial recommendations regarding
heterogeneity in customer channel preferences. Customers have multiple options to
interact with a company, which causes challenges for companies in managing
customer experience. Some firms prefer a single-channel strategy even though there
are studies that show building an omnichannel strategy is much more efficient (Weber
and Chatzopoulos, 2019, p. 209). When a firm offers both online and offline channels,
customers feel more comfortable because they are not limited and choose the option
that best meets their needs (Goraya et al., 2022, p. 9). These studies show that dealing
with different channels is crucial since there are customers with different
characteristics, which influence their digital behaviors. Having the right strategies for
managing customers, their purchasing methods, and their interaction channels is
essential for profitability, customer satisfaction, and effective segment management.
For instance, physical channels provide customers with more information about the
product; also, these channels can be used to attract the customer to adopt digital
channels, thereby shifting their digital segment. (Neslin et al., 2021, p. 181). These
reasons highlight the importance of understanding how to manage the digital segment
to which customers belong. An example in banking sector states that customer
satisfaction in digital banking depends on delivering accurate information, timely
updates, and error-free transactions through appropriate communication channels such
as advertising, SEO, drip campaigns, and social media. The literature emphasizes that
banks must provide convenient, easy-to-use, and visually appealing digital services to
enhance customer experience and responsiveness (Kaur et al., 2021, pp. 15-16). Rich
in-store experiences are more effective for converting new or inactive customers to
active status by educating them and clarifying the retailer’s value proposition. In
contrast, online channels are more effective for retaining already active customers who
no longer require immersive store experiences. These differences stem from the

varying service outputs offered by each channel (Chang and Zhang, 2016, p. 89).

The key contribution of this paper lies in proposing an alternative conceptualization of
digitalization. While existing literature predominantly defines digitalization through
transaction frequency and, to a lesser extent, customer demographics, this study
extends the concept by explicitly incorporating behavioral dimensions. Moreover,

despite the telecommunication sector serving a large customer base, empirical research



examining customers’ digital behaviors remains limited. In this respect, the study
contributes to the literature by offering a deeper understanding of digital customer
behavior within the telecommunication industry. The details of the studies reviewed

can be found in Table A.1.






3. METHODOLOGY

This study employs a multi-stage methodology to define and evaluate customer
digitalization and to develop an analytically grounded segmentation framework that
captures meaningful differences in customers’ digital behaviors. First, a conceptual
definition of digitalization is established, followed by the development of a process
aligned with this definition. Relevant variables—both descriptor and basis variables
that may influence digitalization—are then identified. Following this step, the
ELECTRE TRI-B sorting method is employed, which requires the variables to be
expressed in categorical form. Therefore, the Fisher—Jenks Natural Breaks algorithm
is first applied to discretize the variables into meaningful categories. To confirm the
categorizations, the associations between the newly formed categories and existing
segments are examined using chi-square tests and Cramér’s V. Subsequently, an
ELECTRE-based sorting method is applied, incorporating entropy weighting to derive
objective criterion weights. A profile map is generated to characterize the resulting
segments. To examine temporal dynamics, transition matrices are constructed among
different periods and compared with existing segments in terms of income, age, and
data usage, complemented by regression analyses to assess explanatory power. Finally,
strategic recommendations are developed based on the empirical insights obtained

from these analytical steps (Figure 3.1).

3.1 Definition and Variable Selection

In the first stage, the definitions of digitalization presented in the existing literature
were systematically reviewed, and several conceptual gaps were identified. Based on
these observations, an improved and more comprehensive definition of customer
digitalization was formulated. This study seeks to assess customers’ levels of
digitalization through a more comprehensive analytical framework that extends

beyond data-usage-based indicators, and to more effectively model the diffusion of
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Figure 3.1 : Methodological steps.

digital engagement within the customer base, thereby producing customer segments
that are more precise and behaviorally consistent. Following this definition, the
variables to be used in the analysis were selected to reflect both customers’ data usage
behaviors and their interactions with digital channels. Accordingly, a set of 45
variables capturing these dimensions was identified, forming the basis for the

subsequent analytical procedures.

3.2 Variable Categorization

In order to segment the customers, ELECTRE TRI-B method is chosen; hence, the
variables should be categorized. While some of the variables are binary, most of them
are continuous. Since the sorting method groups the inputs according to their score and
order, the variables should be in form that allows their effective use. Fisher Jenks
Natural Breaks algorithm helps divide n observations into k classes by minimizing
within-class variance and maximizing between-class variance (Rey et al., 2016, p.

798).

The classical Fisher-Jenks algorithm uses a dynamic programming framework that
builds k classes from n observations. The optimal solution is obtained by minimizing
the total sum of squared deviations or the sum of absolute deviations from the class
means (Rey et al., 2013, p. 1027). The algorithm has three main steps (Laure and Rey,
2013, p. 201):
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1. Diameter matrix computation: All diameters (D;;) are calculated for 1 < i <

j < n. Each diameter represents the sum of squared deviations from the mean
within that interval. The resulting matrix stores the within-class variance for
every possible class.

2. Error matrix construction: Using the diameter matrix, the algorithm builds
an error matrix E that stores the minimum achievable within-class variance for
partitioning n observations into k classes (3.1). Each element, L, of the error

matrix is computed dynamically as:

E[P,,] = min(D;;_; + E[Pi_1,-1]) G.)

meaning the optimal partition at step j depends on the previously computed
optimal partitions for j — 1.
3. After the error matrix is completed, the algorithm traces back through the

pivots that minimize (3.2):

E[Poi] = E[Pj-1-1] + Djn (3.2)

yielding the set of class boundaries that produce the globally optimal k-class

partition.

The method described above requires selecting the number of classes a priori. To
determine the optimal number of classes, the study employs the goodness of variance
fit (GVF) criterion. GVF is defined as the ratio between the sum of squared deviations
from the class means (computed for each possible class partition) and the sum of
squared deviations from the overall mean of the full dataset. GVF values range from
0 (no fit) to 1 (perfect fit), indicating how effectively a given partitioning captures the

underlying variance structure (Vohnoutova et al., 2023, p. 9).
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3.3 Comparison with Existing Clusters

The relationship between the selected variables and existing digital segments is
examined to determine whether it is meaningful. The is necessary since the proposed
approach builds upon and improves the existing method rather than replacing it with a
fundamentally new framework. This step aims to confirm that the variables are
meaningfully related to digitalization. To examine these relationships, the chi-square

test and Cramér’s V' are applied.

The chi-square test examines whether there is a statistically significant association
between two categorical variables. Following the previous step explained before, the
first step of the chi-square test involves constructing a contingency table where the
rows (i) and columns (k) represent the two variables being compared. Then, the
observed frequency (0;;) is counted for each cell, and the expected frequency (Ej) is
calculated for every row-column combination. The chi-square value ((x?)) is
calculated according to the formula below (3.3).

e — . )2
X2 = T Tp (3.3)

Using the computed chi-square statistic and the degrees of freedom, calculated as
((i = 1) * (k — 1)), the chi-square distribution table is consulted to assess statistical

significance (Siregar et al., 2023, p. 1290).

Another measure used is Cramér’s ¥, which is a normalized measure derived from the
chi-square statistic. Cramér’s V test has two advantages, first one is that it is divided
by the sample number (M) which makes it insensitive to the sample size (3.4). The
other advantage is that since the result varies between 0 and 1, it is easy to define the
relationship between two variables. The equation is given below (Wu et al., 2014, p.
2595). Higher values indicate stronger associations; for example, values between 0.8

and 1.0 suggest a very strong relationship between the variables (Hu et al., 2020, p. 5).

- X 3.4
V= \[M-min ((i-1),(k=1)) (34)
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3.4 Sorting with ELECTRE TRI-B

The aim of using this method is to classify the customers according to their digital
level; thus, ELECTRE TRI is chosen which serves as a sorting method. With
predefined classes, sorting methods in multicriteria decision analysis (MCDA) builds
segments based on evaluation criteria. Classical sorting assumes precise and accurate
criterion scores, which is often unrealistic in real decision-making contexts.
ELECTRE TRI is particularly suitable for handling imprecision, uncertainty, and
fuzzy preference relations through the use of indifference, preference, and veto

thresholds (Sahin et al., 2020, p. 2312).

The objective of ELECTRE TRI is to assign each alternative a € A = {aq, ..., a,},
evaluated according to a predefined set of criteria G = {g, ... ,gm}, to one of p ordered
categories Cjy, ..., C,, as shown in Figure 3.2. These categories are ordered from worst

to the best, such that C;,; > C; (Corrente, et al., 2016, p. 191).

Category 1  Category 2 Category p-1 Category p Category p+1

AR N

\
............. N/,

bl bp—l b:,

Figure 3.2 : Definition of categories using limit profiles, adapted from (Mousseau
and Slowinski, 1998).

After the main structure is established, the sorting analysis is carried out. Before
ELECTRE TRI-B, the weights of the variables are determined using the entropy
method, which assigns greater importance to variables with higher variability. Zhu et
al. explains the first parameter x;; as the measured value of the indicator i in the sample
J, while m symbolizes indicators and n is the number of samples. The first step is to
calculate the standardized values which denoted with p;; and with equation below

3.5).
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XL']'

pij = S % (3.5)
Secondly, the entropy value E; for each index i is found as (3.6):
E, = Ziz1PulnPy (3.6)

Inn

For computational convenience, p;; is generally defined as zero when its value is equal
to zero. The entropy value E; ranges between 0 and 1. A higher value of E; indicates a
greater degree of differentiation for criterion i, implying that more information can be
extracted from that criterion. Consequently, criteria with higher entropy values should
be assigned greater weights w; (3.7) which are calculated as follows (2020, pp. 1-2).
Wi o (3.7)
i=1(1-E;
Next, a performance matrix is constructed to represent how each alternative performs
across the criteria. For each class, threshold values are defined; an alternative falling
below that value cannot be assigned to that class. Moreover, the preference threshold
(p) specifies the minimum difference required for one alternative to outrank another,
while the indifference threshold (g) represents the level of difference between
alternatives that is tolerated as long as it does not affect the preference relation between
them. Another parameter that must be determined in advance is the veto threshold (v),
which sets a maximum allowable level of preference for an alternative, even if it
performs poorly on certain criteria. Finally, the cutting level (1) is chosen to define the
minimum credibility index required for an alternative to move to a higher class or
remain in a lower one (Baseer et al., 2023, p. 2023). The calculation steps are presented

as follows (Mousseau and Slowinski, 1998, p. 163).

1. Computation of the partial concordance indices which is c;(a,by),V ;€ F

where « is the alternatives and by, is the reference point (3.8).
If 0,if gj(bp) — gj(a) = p;(bp),
1,if gj(bp) — gj(a) < p;(bp),
(a,by) =
(a:bn) 4, p(b) + 9;(@) — g;(bw)
L pijbr) —aq;(b)

otherwise (3.8)
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2. The next step is calculating the comprehensive concordance index c(a, by)

(3.9).

Yjer kjci(a, by)
Yjerk; (3.9)

c(a, by) =

3. Partial discordance index d;(a, by)V;€ F can be found as below equation

(3.10).

0,if gj(a) < gj(bp) + pj(bp),
dj(a,by) = 1,if gj(a) > g;j(by) + v;(bp),

(3.10)
€ [0,1] otherwise
4. Lastly, credibility index a(a, by,) can be found as follows (3.11).
1-— d-(a, b-)
b)) = b 1_[ e F—J\" 7/
ota,bn) = cab) | |1 € Py ®
(3.11)

where F = {j € F:d;(a, by) > c(a, by)}

ELECTRE TRI has several variants, including ELECTRE TRI-B and ELECTRE TRI-
C. In ELECTRE TRI-B, categories are bounded by two reference profiles, b,_; and
by, while in ELECTRE TRI-C, categories are defined by a single reference profile
(Corrente et al., 2016, p. 191). In this study, ELECTRE TRI-B is chosen because both
the data structure and the application framework are better suited to this variant, as

each segment is required to have explicit minimum and maximum bounds.

Moreover, ELECTRE TRI offers two assignment procedures: pessimistic and
optimistic. In the pessimistic procedure, each alternative is compared sequentially with
the reference profiles, starting from the best profile, in order to identify the profile by,
associated with the alternative A. Assuming that alternative A is assigned to category
Cn+1,and that by,_4 and by, represent the lower and upper reference profiles of category
Cy, the pessimistic rule assigns A to the highest category €}, such that A outranks by,_;.
In contrast, the optimistic procedure assesses each alternative sequentially with
different profiles, starting from the worst profile to locate the profile bj,. Consequently,
A is assigned to category Cp; the optimistic rule assigns A to the lowest category Cj,

for which the upper profile by, is preferred over A4, i.e., by > A. The pessimistic
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approach is typically applied in situations requiring caution or where resources are
limited, whereas the optimistic approach is employed to favor alternatives with

particularly attractive or exceptional characteristics (Ramezanian, 2019, pp. 50-51).

Given the nature of the data and the application context in this study, the pessimistic
procedure is deemed more appropriate, as resources are constrained and customers

should not be classified as more digital than their actual level.

3.5 Profile Map

After obtaining the sorting results, the mean values of each variable are computed for
every category, and the main differences among categories are identified. This analysis
facilitates a clearer understanding of the characteristics and defining features of each
profile. Also, the results help to verify whether the chosen number of profiles and the
parameter values specified prior to implementing the ELECTRE TRI algorithm leads

to meaningful and well-differentiated classes.

3.6 Transition Matrices Between Periods

Managing changes in the distribution of customers across classes is essential for
understanding customer behavior and the factors influencing it. To examine shifts
between classes, transition matrices are constructed for each period. In these matrices,
rows represent the class in the previous period, while columns represent the { number

of classes in the subsequent period, as illustrated in the structure below (3.12).

th month classes

n
ap; - 4y

(n — 1" month classes

(3.12)

(275 BN )
3.7 Comparison with Existing Segments

To assess whether the new classification method leads to improved explanatory
performance, regression models are constructed. In these models, the independent
variables are the assigned classes, while the dependent variables vary across

specifications and include income and data usage. Although multiple factors influence
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the selected dependent variables, digitalization emerges as a significant determinant.
Therefore, conducting statistical tests to evaluate changes in explanatory power can
provide useful evidence regarding the improvement achieved by the proposed

classification system.
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4. APPLICATION

After defining the study’s aim, variables, procedures, and methods, the relevant
algorithms and tests were implemented using Python. Data used contains real
telecommunication customers and their qualifications. The results obtained from each
method were subsequently analyzed, leading to the construction of six classes.
Furthermore, the classes, their comparisons, and the variations observed across periods

were examined in detail.

4.1 Creating the Classes

4.1.1 Variables

The first step after defining the aim is to identify the variables that may influence
customers’ digital engagement levels. During this process, the variables widely used
in telecommunication and variables that can be found in the studies in literature such
as transaction amount (Ballestar et al., 2028, p. 413) and age (Apergis, 2019, p. 8) are
selected. The variables considered include income, age, data usage on social media
and music platforms, incoming and outgoing call minutes, weekly gift claims and
amounts, package price, package usage ratio, tenure, digital application transactions,
daily activity patterns, the digital capability level of the mobile device, and usage
suspension in case of exceeding limits. In addition, visit frequencies on various
platforms—such as navigation, travel, marketplace, streaming, translation, second-
hand shopping, news, public services, gaming, banking, shopping, and websites or
applications that provide services through large language models (LLMs)—were

incorporated.

Subsequently, a random sample of fifty thousand real customers of a
telecommunication company with forty-five variables was selected, and data were
collected over a six-month period (Table 4.1). The selected customers were postpaid,
individual users with active voice subscriptions, meaning they had access to voice

services. While weekly gift claims and amounts, mobile device digital level, and usage
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suspension in case of excess are categorical, all remaining variables are numeric and

continuous.
Table 4.1 : Definition of variables.
Variable Definition
Public Visit Number of visits to platforms in the public/governmental services

Invoice Amount
Package Usage Ratio

Package Price

App Transaction Count

Shopping Visit
Bank Visit

Usage Business Hour
Total Usage
Usage Early

News Visit
Second Hand Visit
Visual Social MB
Usage Late Hour
Usage Night Hour
Video Social MB
Music MB
Incoming Min
Outgoing Min

Tenure Month

Translate Visit

Instant Visual Social
Visit

Navigation Visit
Travel Visit
Streaming Visit
Videocall Visit
Social Network MB

Total Movement
Movement Weekday
Movement Weekend

Movement Workhr
Total Social MB
Market Visit

Game Visit

Trend Social MB
Llm Visit

category.
Monthly total invoice amount billed to the customer.
The utilization rate of the data allowance provided within the tariff.

The fixed monthly price of the subscriber’s package/tariff.

Number of logins or transactions performed via the brand’s official
mobile application.

Number of visits to platforms in the e-commerce/shopping category.
Number of visits to platforms in the banking and financial services
category.

Total data usage volume during official business hours.
Total monthly data consumption across all categories.

Data usage volume during early morning hours.

Number of visits to platforms in the news and media category.
Number of visits to platforms in the second-hand marketplace
category.

Total data usage (in MB) on visual-based social media platforms.
Data usage volume during late evening hours.

Data usage volume during night-time hours.

Total data usage (in MB) on video-centric social media platforms.
Total data usage (in MB) on music streaming platforms.
Total duration of received voice calls in minutes.

Total duration of initiated voice calls in minutes.
Total duration of the customer's relationship with the operator in
months.
Number of visits to platforms in the translation and language services
category.
Number of visits to instant visual sharing and messaging platforms.

Number of visits to platforms in the navigation and maps category.
Number of visits to platforms in the travel and tourism category.
Number of visits to video/audio streaming service platforms.
Number of visits/sessions for video conferencing and calling platforms.

Total data usage (in MB) on general social networking platforms.
Total cumulative distance traveled by the customer within the specified
period.

Average distance traveled by the customer during weekdays (measured
in kilometers/meters).

Average distance traveled by the customer during weekends (measured
in kilometers/meters).

Average distance traveled by the customer during working hours
(measured in kilometers/meters).

Cumulative data usage (in MB) across all social media categories.
Number of visits to platforms in the online grocery or supermarket
category.

Number of visits to platforms in the gaming and esports category.
Data usage (in MB) on trending or newly emerging social media
platforms.

Number of visits to Large Language Model (Al) platforms.
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Table 4.1 (continued) : Definition of variables.

Variable Definition

Total monthly revenue generated from the customer (Average Revenue

Income Per User - ARPU).

Weekly Gift GB Total data volume (in GB) received through weekly gift or loyalty
programs.

Weekly Gift Count Total number of weekly gifts or promotional rewards claimed.

Equipment Digi Level Digital sophistication level or technical specifications of the user's

device.
Cust Age The chronological age of the customer.
Auto Payment Flag Shows if the customer pays the invoice automatically or manually.
Current Digital Segment The digital level the customer is in the current segmentation structure.
Text Social MB Total data usage (in MB) on general text based social platforms.
Usage Stop Flag Shows if the customer activatesszsgaége stop in order to avoid excess

4.1.2 Categorization with Fisher Jenks Natural Breaks

The classification method employed in this study is ELECTRE TRI-B; therefore, the
input data must be transformed into categorical form. Since a data-driven approach is
preferred and the original variables are continuous, the Fisher—Jenks Natural Breaks
algorithm was selected for discretization. The number of classes were decided to be
six; since, the current digital segmentation structure in data has six classes as well and,
comparisons can be executed. As the customers are to be categorized into six groups,
the maximum number of classes was set to six. To determine the optimal
configuration, a Python script was developed to examine how the Goodness of

Variance Fit (GVF) values and breakpoints change across different class options.

Two alternative approaches were considered during this process: assigning zero values
to a separate class, and including zeros directly in the calculation. This distinction is
necessary because a value of zero carries different meanings depending on the
variable. For instance, for the Package Price variable, a zero indicates that the customer
did not purchase any package during the period, whereas non-zero values indicate a
purchase, regardless of price. A similar interpretation applies to domain visit variables:
a zero denotes no visits to any websites or applications within the relevant category,
while non-zero values indicate at least one visit. In contrast, for the income variable, a
zero may represent a very low monetary amount (e.g., ten liras); therefore, zero values

were not separated into an additional class for this variable.

After running the code for each variable and evaluating the outputs, the optimal
number of classes was determined. One example in which zero values were placed into

a separate class is the ‘Public Visit’ variable (Figure 4.1). As previously explained, a

23



zero indicates no activity at all in that category. Excluding zeros, five classes yielded
the highest GVF value; therefore, this configuration was selected, and classes were
assigned accordingly for each input variable (Figure 4.2). Based on the resulting

distributions, customers predominantly fall into the lower-level categories.

Suggested number of classes (excluding @): 5
Class boundaries (excluding ©): [1.0, 8.0, 24.0, 65.0, 307.0, 656.0]
Total number of categories (including ©): 6

GVF and class boundaries for all k values:

k=1, GVF=0.0849, Class boundaries=[1.0, 656.0]

k=2, GVF=0.4972, Class boundaries=[1.0, 19.0, 656.0]

k=3, GVF=0.6593, Class boundaries=[1.0, 11.0, 44.0, 656.0]

k=4, GVF=0.7996, Class boundaries=[1.0, 10.0, 37.0, 220.0, 656.0]

k=5, GVF=0.8750, Class boundaries=[1.0, 8.0, 24.0, 65.0, 307.0, 656.0]

Figure 4.1 : Class boundaries for Public Visit variable.

PUBLIC_VISIT_CAT Count

0 1 24523
1 2 16739
2 3 4350
3 4 827
4 5 74
5 6 1

Figure 4.2 : The distribution of Public Visit class.

After defining the classes for each variable, comparisons with the currently used
segment structure were conducted to determine whether an association exists. For the
Public Visit variable, the chi-square test indicates a statistically significant
relationship; however, Cramér’s V suggests that the strength of this relationship is
weak. This result is expected, as actions performed in digital channels are not as
influential as those captured in the new classification approach (Figure 4.3).
Nonetheless, it should be noted that the original segmentation model likely
incorporates a large number of variables, similar to the methodology employed in this

study.

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 4 5 6
PUBLIC_VISIT_CAT

122 4358 10722 6310 2264 747
504 2387 7002 4744 2102
131 107 1323 1700 1089

AUV A WN R
OO0

23 7 183 334 280
3 1 16 21 33
0 1 0 0 0

Chi-Square Test Results:
Chi2: 13876.2505, p-value: 0.0000, Degrees of Freedom: 25
Cramer's V: 0.2443

Figure 4.3 : Chi-square and Cramér’s V results between Public Visit categorization
and existing classes.
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Invoice Amount is another variable where zeros are divided from the rest. The results

show the best number of classes is six as the previous class (Figure 4.4). After the

classes were assigned (Figure 4.5), it can be seen that middle classes have more

customers.

Suggested number of classes (excluding ©): 5
Class boundaries (excluding ©): [4.3, 594.5, 1204.407202, 2430.2, 4629.2, 12921.0]
Total number of categories (including ©): 6

GVF and class boundaries for all k values:
GVF=0.0000, Class boundaries=[4.3, 12921.0]

GVF=0.6496, Class boundaries=[4.
GVF=0.8248, Class boundaries=[4.

2371.5, 12921.0]
1044.8, 3333.0, 12921.0]

3)
3)

GVF=0.8945, Class boundaries=[4.3, 784.5, 1931.3, 4268.9, 12921.0]
3)

GVF=0.9287, Class boundaries=[4.

594.5, 1204.407202, 2430.2, 4629.2, 12921.0]

Figure 4.4 : Class boundaries for Invoice Amount variable.

INVOICE_AMOUNT_CAT Count
206
28479
12864
3510
951
504

VA WNRO
AV A WN

Figure 4.5 : The distribution of Invoice Amount class.

Moreover, as with the previous variable, the statistical test indicates a weak

relationship between this variable and the existing segments (Figure 4.6).

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 a 5 6
INVOICE_AMOUNT_CAT

1 8 156 12 14 13 3
2 113 4202 10482 8520 3765 1397
3 © 537 2343 4922 3485 1577
a 1 91 265 1006 1290 857
5 o 22 81 245 336 267
6 o 11 42 127 174 150

Chi-Square Test Results:
Chi2: 8354.1301, p-value: 0.0000, Degrees of Freedom: 25
Cramer's V: 0.1895

Figure 4.6 : Chi-square and Cramér’s V results between Invoice Amount

categorization and existing classes.

Another variable that was classified with the same approach is Package Usage Ratio,

which has a high GVF value when Fisher Jenks is applied, and has six classes (Figure

4.7).

Suggested number of classes (excluding 0): 5

Class boundaries

(excluding 0): [3.25520833333333e-05, 0.21, 0.43, 0.65, 0.87, 1.0]

Total number of categories (including 0): 6

GVF and class boundaries for all k values:

k=1, GVF=0.

k=2, GVF=0
k=3, GVF=0

0001,

.7735,
.9069,
k=4, GVF=0.
k=5, GVF=0.

9502,
9695,

Class boundaries=[3.25520833333333e-05, 1.0]

Class boundaries=[3.25520833333333e-05, 0.58, 1.0]

Class boundaries=[3.25520833333333e-05, 0.37, 0.75, 1.0]

Class boundaries=[3.25520833333333e-05, 0.27, 0.55, 0.83, 1.0]

Class boundaries=[3.25520833333333e-05, 0.21, 0.43, 0.65, 0.87, 1.0]

Figure 4.7 : Class boundaries for Package Usage Ratio variable.
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PACKAGE_USAGE_RATIO_CAT Count
1 6992
2 6244
3 6794
4 6955
5 7091
6 12438

Vh wWwWNEO

Figure 4.8 : The distribution of Package Usage Ratio class.

When chi-square and Cramér’s V' were applied, a relationship was identified, although
it was not strong. However, this association is stronger than those observed for the
previous variables. Moreover, the variable reflects customers’ usage behavior, which

is a commonly adopted approach across many sectors. (Figure 4.9).

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 4 5 6
PACKAGE_USAGE_RATIO_CAT

120 3527 1308 1230 578 229
730 3705 1304 396 107
147 2468 2578 1168 433
146 1620 2720 1754 715
144 1256 2649 1998 1044
325 2868 4353 3169 1723

OV H WN
OO O ON

Chi-Square Test Results:
Chi2: 19921.1334, p-value: 0.0000, Degrees of Freedom: 25
Cramer's V: 0.2927

Figure 4.9 : Chi-square and Cramér’s V results between Package Usage Ratio
categorization and existing classes.
To determine whether a stronger association exists with usage-related variables, they
were examined in greater detail. For the Business Hour Usage variable—which reflects
the amount of data consumed by a customer during business hours within the selected
period——classes were constructed (Figure 4.10). After assigning the classes, the
distribution revealed that a larger proportion of customers fall into the middle classes

(Figure 4.11).

As expected, the usage-related variable exhibited a stronger association with the
current classes. The Cramér’s V value shows that the relationship among them can be

considered almost strong (Figure 4.12).

Suggested number of classes (excluding ©): 5
Class boundaries (excluding @): [0.01, 5.93, 14.02, 25.23, 43.21, 163.37]
Total number of categories (including ©): 6

GVF and class boundaries for all k values:

k=1, GVF=0.0062, Class boundaries=[0.01, 163.37]

k=2, GVF=0.6434, Class boundaries=[0.01, 16.29, 163.37]

k=3, GVF=0.8120, Class boundaries=[0.01, 10.06, 26.86, 163.37]

k=4, GVF=0.8841, Class boundaries=[0.01, 7.32, 18.06, 35.33, 163.37]

k=5, GVF=0.9208, Class boundaries=[0.01, 5.93, 14.02, 25.23, 43.21, 163.37]

Figure 4.10 : Class boundaries for Business Hour Usage variable.
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USAGE_BUSINESS_HOUR_CAT Count

VA WNREO

3769
20287
12731

6359

2766

602

VA WN R

Figure 4.11 : The distribution of Business Hour Usage class.

Contingency Table:
CURRENT_DIGITAL_SEGMENT 1
USAGE_BUSINESS_HOUR_CAT

1

AV A WN

121 3281

Chi-Square Test Results:
Chi2: 50436.5920, p-value: ©.0000, Degrees of Freedom:
Cramer's V: 0.4657

1082

428
165
58
5

3 4

367 0
11412 6488
1286 6170
139 1754
18 386

3 36

0
1194
3760
2740
1144

225

2]
110
1087
1561
1160
333

25

Figure 4.12 : Chi-square and Cramér’s V results between Business Hour Usage
categorization and existing classes.

Another variable that reflects customers’ usage behavior is Total Social Media Usage,

which represents the amount of data (in megabytes) consumed on social media

platforms. The classes for this variable were constructed, and the resulting class

structure was found to be meaningful (Figure 4.13). Furthermore, the distribution

across the classes produced a pattern consistent with expectations, yielding a familiar

and plausible result (Figure 4.14).

Suggested number of classes

Class boun

daries (excluding 0):
Total number of categories

(excluding 0): 5
[5.7220458984375e-05, 6721, 16450, 30391, 53856, 303745]
(including 0): 6

GVF and class boundaries for all k values:

k=1, GVF=0

k=2, GVF=0.
k=3, GVF=0.
GVF=0.

GVF=0

.0000, Class
6353, Class
8013, Class
8729, Class
.9107, Class

boundaries=[5

boundaries=[5.
boundaries=[5.
boundaries=[5.
.7220458984375e-05, 6725,

boundaries=[5

.7220458984375e-05,
7220458984375e-05,

7220458984375e-05, 11538,
7220458984375e-05, 8437,

303745]
19467, 303745]
32060,

21740,
16450,

43638,
30391,

303745]

303745]
53856,

Figure 4.13 : Class boundaries for Total Social Media Usage variable.

TOTAL_SOCIAL_MB_CAT

nh wNEO

AV A WNE

Count
3708
21778
12081
5801
2636
510

Figure 4.14 : The distribution of Total Social Media Usage class.

303745]

The Cramér’s V test, as previous variable, gives higher result than the other variables

(Figure 4.15). In the next steps, consistent with the study’s objective, usage will be

defined not only by data consumption but also by users’ actions.
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Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 4 5 6

TOTAL_SOCIAL_MB_CAT

122 3444 142 7] 2] 0
2] 967 11538 7373 1656 244

1
2
3 0 398 1336 5580 3688 1079
4 0 145 182 1530 2462 1482
5 0 57 26 318 1076 1159
6 0 8 1 33 181 287

Chi-Square Test Results:
Chi2: 51528.5523, p-value: ©.0000, Degrees of Freedom: 25
Cramer's V: 0.4707

Figure 4.15 : Chi-square and Cramér’s V results between Total Social Media Usage
categorization and existing classes.

There are variables that zero values are not collected in the separate class, and one of
them is Income. As previously explained before, in the telecommunication sector, zero
and other values close are considered low income per customer gained. As shown on
Figure 4.16, zero is the lowest boundary for the classes, and it can be understood that

the classes are meaningful with the value of GVF.

Suggested number of classes: 6
Class breaks: [0.0, 367.520253776362, 666, 1177, 2395, 6810, 22612]

GVF and class breaks for all k values:

k=1, GVF=0.0014, Class boundaries=[0.0, 22612]

k=2, GVF=0.4906, Class boundaries=[0.0, 743, 22612]

k=3, GVF=0.6684, Class boundaries=[0.0, 598, 1682, 22612]

4, GVF=0.7657, Class boundaries=[0.0, 453, 952, 2523, 22612]

5, GVF=0.8353, Class boundaries=[0.0, 417, 832, 1852, 6810, 22612]

6, GVF=0.8799, Class boundaries=[0.0, 368, 666, 1177, 2395, 6810, 22612]

Figure 4.16 : Class boundaries for Income variable.

After calculating the classes and examining their distribution to see if there is any
unexpected result (Figure 4.17), the tests were conducted. The results indicate that the

GVF value reflects a week relationship (Figure 4.18).

For the Age variable, zero values were not examined since none existed; therefore, all
observations were included directly in the categorization process. Although the GVF
value was highest when the number of classes was set to six, alternative class numbers
were also evaluated, as the intervals in the six-class configuration were notably narrow
(Figure 4.19). The six-class version was tested first, and the results indicated a weak
relationship with the existing segments (Figure 4.20). In this study, age is considered
one of the key variables, as supported by several studies in the literature suggesting
that age may influence individuals’ interactions with digital channels (refer to Section
2). Although the aim is to construct a new classification approach, the current

segmentation structure still provides useful insights.
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Figure 4.17 : The distribution of Income class.

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 4 5 6
INCOME_CAT

1 115 4054 9085 7019 2923 994
2 7 786 3627 5724 3470 1506
3 0 143 433 1746 2120 1258
4 0 31 61 313 487 459
5 0 5 18 30 63 33
6 0 0 1 2 0 1

Chi-Square Test Results:
Chi2: 8613.6870, p-value: 0.0000, Degrees of Freedom: 25
Cramer's V: 0.1924

Figure 4.18 : Chi-square and Cramér’s V results between Income categorization and
existing classes.

Suggested number of classes: 6
Class boundaries: [2.0, 20.0, 32.0, 43.0, 54.0, 67.0, 115.0]

GVF and class boundaries for all k values:

k=1, GVF=0.0001, Class boundaries=[2.0, 115.0]

k=2, GVF=0.6866, Class boundaries=[2.0, 41.0, 115.0]

k=3, GVF=0.8510, Class boundaries=[2.0, 34.0, 55.0, 115.0]

k=4, GVF=0.9070, Class boundaries=[2.0, 28.0, 43.0, 59.0, 115.0]

k=5, GVF=0.9390, Class boundaries=[2.0, 23.0, 36.0, 49.0, 63.0, 115.0]

k=6, GVF=0.9574, Class boundaries=[2.0, 20.0, 32.0, 43.0, 54.0, 67.0, 115.0]

Figure 4.19 : Class boundaries for Age variable.

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 a 5 6
CUST_AGE_CAT

1 12 455 1244 1857 1150 561
2 8 665 1749 3256 2671 1555
3 25 1033 2172 2982 1976 889
a 32 1037 3115 3666 2024 807
5 23 832 3194 2384 986 361
6 22 997 1751 689 256 78

Chi-Square Test Results:
Chi2: 4423.2357, p-value: 0.0000, Degrees of Freedom: 25
Cramer's V: 0.1379

Figure 4.20 : Chi-square and Cramér’s V results between six-category Age and
existing classes.

Five-category (Figure 4.21) and four-category (Figure 4.22) results were compared,
and Cramér’s V test gives better results. When the boundaries of four-category version
are examined, it can be seen that each class represents a generation; hence, customers

were divided into four groups according to their ages.
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Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 4 5 6
CUST_AGE_CATS

15 592 1618 2597 1799 946
13 841 2038 3526 2725 1498
36 1366 3188 4142 2506 1050
28 983 3814 3338 1598 622
30 1237 2567 1231 435 135

VA WN =

Chi-Square Test Results:
Chi2: 3908.7223, p-value: 0.0000, Degrees of Freedom: 20
Cramer's V: ©.1449

Figure 4.21 : Chi-square and Cramér’s V results between five-category Age and
existing classes.

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 a 5 6
CUST_AGE_CAT4

1 17 873 2401 4107 3076 1710
2 28 1280 2764 3988 2721 1295
3 40 1365 4400 4770 2520 1601
a 37 1501 3660 1969 746 245

Chi-Square Test Results:
Chi2: 3563.9211, p-value: 0.0000, Degrees of Freedom: 15
Cramer's V: 0.1598

Figure 4.22 : Chi-square and Cramér’s V results between four-category Age and
existing classes.

Because some of the variables are categorical, there is no need to apply the Fisher—
Jenks classification step. For example, the values of weekly gift count variable which
show how many times a customer requested the gift varies between zero and five is
already six categories. Thus, only chi-square and Cramér’s V tests were applied, and

the results show that there is a relationship but weak (Figure 4.23).

Contingency Table:

CURRENT_DIGITAL_SEGMENT 1 2 3 4 5 6
WEEKLY_GIFT_COUNT_CAT

118 4073 8920 6471 3323 1253
272 1644 2245 1381 606
191 966 1863 1194 569
177 790 1706 1157 660
282 842 2320 1824 1062
24 63 229 184 101

VA WNE
[V

Chi-Square Test Results:
Chi2: 5701.1185, p-value: 0.0000, Degrees of Freedom: 25
Cramer's V: 0.1566

Figure 4.23 : Chi-square and Cramér’s V results between Weekly Gift Count and
existing classes.

There are several additional variables that were categorized and tested to examine their
relationships with the existing segments. Variables such as Package Price (Figure C.1),
Application Transaction Count (Figure C.2), Tenure (Figure C.3); Visit Of Shopping
(Figure C.4), Banks (Figure C.5), News (Figure C.6), Navigation (Figure C.7), Travel
(Figure C.8), Streaming (Figure C.9), Videocall (Figure C.10), Translate (Figure
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C.11), Second Hand (Figure C.12), Market (Figure C.13), Game (Figure C.14), LLM
(Figure C.15); Total (Figure C.16), Early (Figure C.17), Late (Figure C.18), Night
Usage (Figure C.19); Total (Figure C.20), Weekday (Figure C.21), Weekend (Figure
C.22), Work Hour Movement (Figure C.23); Usage Amount On Visual (Figure C.24),
Text (Figure C.25), Video (Figure C.26), Instant Visual (Figure C.27), Social Network
(Figure C.28), Trend Social (Figure C.29) Media and Music domain (Figure C.30)
Usage, Incoming (Figure C.31) and Outgoing Minutes (Figure C.32) were divided into
six categories and zeros were assigned to a separate group. Weekly Gift Given Amount
(Figure C.33) and Equipment Digital Level (Figure C.34) are already categorical
variables; hence, only chi-square and Cramér’s V tests were applied. Furthermore,
because Auto Payment and Usage Stop in Case Of Excess Flags have two categories,
no test were applied. Lastly, the tests were applied all variables that were categorized

(Table 4.2), and with these result, ELECTRE TRI-B step was conducted.

Table 4.2 : Test results of the variables.

Variable Chi-Square p-value Cramér’s V
Public_Visit_Cat 13876.25 0.0 0.2443
Invoice_ Amount_Cat 8354.13 0.0 0.1895
Package Usage Ratio Cat 19921.13 0.0 0.2927
Package Price Cat 11239.17 0.0 0.2198
App_Transaction_Count_Cat 7596.75 0.0 0.1807
Shopping_Visit Cat 30130.10 0.0 0.3599
Bank Visit Cat 25682.47 0.0 0.3323
Usage Business Hour Cat 50436.59 0.0 0.4657
Total Usage Cat 52086.32 0.0 0.4732
Usage Early Cat 24926.35 0.0 0.3274
News Visit Cat 16250.89 0.0 0.2643
Second Hand Visit Cat 15877.53 0.0 0.2613
Visual Social MB_ Cat 37546.10 0.0 0.4018
Usage Late Hour Cat 26484.69 0.0 0.3375
Usage Night Hour Cat 41545.57 0.0 0.4227
Video Social MB_Cat 33693.55 0.0 0.3806
Music MB_Cat 12407.70 0.0 0.2310
Incoming Min_Cat 2612.39 0.0 0.1060
Outgoing_Min_Cat 11045.48 0.0 0.2179
Tenure_Month_Cat 848.88 0.0 0.0604
Translate Visit Cat 11855.66 0.0 0.2258
Instant Visual Social Visit Cat 26505.31 0.0 0.3376
Navigation_Visit_Cat 8413.75 0.0 0.1902
Travel Visit_Cat 12131.40 0.0 0.2284
Streaming_Visit Cat 10698.156 0.0 0.2145
Videocall Visit Cat 20932.24 0.0 0.3000
Movement_Weekend Cat 8081.36 0.0 0.1864
Movement Workhr_Cat 7415.87 0.0 0.1786
Total Social MB_Cat 51528.55 0.0 0.4707
Social Network MB_Cat 30958.88 0.0 0.3649
Total Movement Cat 9338.98 0.0 0.2004
Movement Weekday Cat 9108.17 0.0 0.1979
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Table 4.2 (continued) : Test results of the variables.

Variable Chi-Square  p-value Cramér’s V
Market Visit Cat 8874.65 0.0 0.1953
Game_Visit_Cat 15094.18 0.0 0.2548
Trend_Social MB_Cat 28186.15 0.0 0.3481
Llm_Visit Cat 14967.49 0.0 0.2537
Income Cat 8613.69 0.0 0.1924
Weekly Gift GB Cat 5614.55 0.0 0.1737
Weekly Gift Count Cat 5701.12 0.0 0.1566
Equipment_Digi_Level 15979.66 0.0 0.2621
Cust_Age Cat4 3563.92 0.0 0.1598
Text Social MB_Cat 20491.55 0.0 0.2968

4.1.3 Classes Derived Using ELECTRE TRI-B

Based on the results of the Fisher—Jenks discretization and the subsequent statistical
tests, the sorting algorithm was employed. The selected method, ELECTRE TRI-B,
requires defining the weights of the variables as the first step. In this study, a data-
driven weighting approach was adopted, assigning higher weights to variables that
exhibit greater variability among customers; therefore, entropy method was used to
determine the weights. The findings indicate that variables reflecting customers’
actions in the digital environment carry higher weights, which aligns with the primary
objective of the study. Navigation visits, text-based data usage, and social media data
usage are the three variables with the lowest entropy values, resulting in the highest

assigned weights (Table 4.3).

Table 4.3 : Entropy values and weights.

Variable Entropy Weight
Navigation_Visit Cat 0.407 0.036134
Text_Social MB_Cat 0.425 0.035066
Video Social MB_Cat 0.432 0.034586
Music MB_Cat 0.444 0.033900
Travel Visit Cat 0.449 0.033568
Market Visit Cat 0.469 0.032390
Streaming_Visit_Cat 0.488 0.031219
Incoming Min_Cat 0.497 0.030642
Translate Visit Cat 0.500 0.030500
Total Movement Cat 0.507 0.030037
Movement Weekday Cat 0.509 0.029950
Movement Workhr_Cat 0.515 0.029553
Videocall Visit Cat 0.519 0.029320
Trend_Social MB_Cat 0.531 0.028606
Instant_Visual_Social Visit_Cat 0.541 0.027988
Movement Weekend Cat 0.549 0.027502
Social Network MB_Cat 0.551 0.027382
Second Hand_ Visit Cat 0.554 0.027200
Invoice_ Amount_Cat 0.560 0.026814
News_Visit_Cat 0.562 0.026645
Public_Visit_Cat 0.563 0.026623
App Transaction Count Cat 0.568 0.026306
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Table 4.3 (continued) : Entropy values and weights.

Variable Entropy Weight
Equipment Digi Level 0.569 0.026239
Usage Late Hour Cat 0.599 0.024468
Income_Cat 0.605 0.024054
Game_Visit_Cat 0.627 0.022701
Bank Visit Cat 0.687 0.019055
Usage Early Cat 0.696 0.018526
Outgoing_Min_Cat 0.697 0.018472
Shopping_Visit Cat 0.712 0.017538
Llm_Visit Cat 0.715 0.017364
Visual Social MB_ Cat 0.726 0.016682
Usage Night Hour Cat 0.750 0.015206
Tenure_Month Cat 0.765 0.014328
Weekly Gift GB Cat 0.766 0.014268
Total Social MB_Cat 0.770 0.014044
Total Usage Cat 0.771 0.013968
Weekly Gift Count Cat 0.779 0.013494
Usage Business Hour Cat 0.790 0.012770
Package Price Cat 0.800 0.012189
Autopayment F1 Cat 0.813 0.011380
Current_Digital Segment 0.846 0.009406
Package Usage Ratio Cat 0.982 0.001114
Cust_Age Cat4 0.987 0.000799
Usage Stop F1 Cat 0.999 0.000006

After calculating the weights, the next step was to implement the ELECTRE TRI-B
algorithm. Accordingly, the entire computation process was coded in Python. The
indifference threshold ¢ was set to 0, as even the smallest difference is considered
meaningful. The preference threshold p was assigned a value of 1, indicating that a
clear preference is established only when one alternative exceeds the other by at least
1 unit on a given criterion. Additionally, the veto threshold v was set to 2; therefore, if
the performance gap exceeds 2, the alternative is rejected on that criterion even if it

performs well on others.

The credibility threshold 4 was defined as 0.5, meaning that an alternative must achieve
at least 50% credibility to be considered as outranking the reference profile. Finally,
the cutting points—determined through multiple iterations—were set to 0.6, 0.9, 1.5,
1.75, and 2. Using these thresholds, the distribution across the classes for all periods
was obtained (Figure 4.24). The results indicate that there is no substantial difference

between the periods.
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