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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 Çetingöz, whose industry expertise and insights were 
invaluable to the research process. 
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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 R² 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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DİJİTAL MÜŞTERİ SEGMENTASYONUNA YÖNELİK YENİ BİR 
SIRALAMA TABANLI SINIFLANDIRMA YAKLAŞIMI 

ÖZET 

Dijitalleşmenin ve dijital dünyanın hacmi her geçen gün artarken, firmalar müşterilere 
ulaşabilmek ve onların ihtiyaçlarını karşılayabilmek amacıyla bu dönüşüme uyum 
sağlama çabası içindedir. Yüksek müşteri sayısına sahip sektörlerden biri olan 
telekomünikasyon sektörü de bu alanda rekabet gücünü artırmak ve rakiplerinin 
gerisinde kalmamak adına farklı yöntemler ve stratejiler geliştirmektedir. Bu tez 
çalışmasında, telekomünikasyon sektörüne ait veriler kullanılarak dijitallik 
kavramının tanımlanması ve bu tanım doğrultusunda sektöre yönelik öneriler 
sunulması amaçlanmıştır. 

Çalışmanın ilk aşamasında dijitallik, dijital müşteri ve dijital kanallar gibi kavramlar 
temel alınarak hem telekomünikasyon sektöründe hem de farklı sektörlerde 
gerçekleştirilen akademik çalışmalar incelenmiştir. Yapılan literatür taraması 
sonucunda, dijitallik kavramına ilişkin çalışmaların sayısının sınırlı olduğu ve mevcut 
tanımların genellikle dar bir çerçevede ele alındığı görülmüştür. Telekomünikasyon 
sektörünün yanı sıra bankacılık ve e-ticaret sektörlerine yönelik çalışmalar da 
değerlendirilmiştir. İncelenen araştırmalarda dijitallik tanımlarının ve 
sınıflandırmalarının ağırlıklı olarak işlem sayısı ve harcanan veri miktarı üzerinden 
yapıldığı, bunun yanında demografik özellikler ya da tercih edilen kanallar temelinde 
oluşturulan dijital segmentlere de literatürde yer verildiği tespit edilmiştir. Bu bulgular 
doğrultusunda, bu çalışmada dijitallik kavramı daha geniş bir bakış açısıyla ele 
alınmıştır. Müşterilerin yalnızca gerçekleştirdikleri işlem sayısı ya da tercih ettikleri 
kanal türü değil, dijital kanallardaki yayılım düzeyleri, hareket çeşitlilikleri ve 
davranışlarının derinliği de dijitalliğin bir parçası olarak değerlendirilmiştir. Bu hedef 
doğrultusunda dijital sınıflar oluşturulmuş ve yeni yapı detaylı analizlerle kapsamlı 
biçimde incelenmiştir. 

Dijitallik tanımı ve çalışmanın amacı belirlendikten sonra metodoloji adımları 
oluşturulmuş ve uygulama sürecine geçilmiştir. Gerçek telekomünikasyon verisi 
üzerinden elli bin müşteri örneklem olarak seçilmiş, literatürde ve telekomünikasyon 
sektöründe sıklıkla kullanılan değişkenler dikkate alınarak toplam kırk beş değişken 
belirlenmiştir. Bu değişkenler; müşterilerin toplam veri kullanımları, farklı zaman 
dilimlerindeki kullanım alışkanlıkları, oluşturdukları gelir, fiziksel hareketlilikleri, 
sosyal medya kullanım düzeyleri ile oyun, kamu, haber gibi farklı alanlardaki site ve 
uygulamalara giriş sayıları temel alınarak seçilmiştir. 

Değişkenlerin belirlenmesinin ardından, sınıflandırma yönteminde kullanılabilmesi 
için veriler kategorik hale getirilmiştir. Bu aşamada Fisher Jenks Natural Breaks 
yöntemi tercih edilmiştir. Fisher Jenks yöntemi, sınıflar arası varyansı maksimize 
ederken sınıf içi varyansı minimize eden kırılma noktalarını belirleyerek veriyi 
sınıflara ayırmaktadır. Goodness of Variance Fit (GVF) değeri aracılığıyla sınıf 
sayısının, sınıf içi ve sınıflar arası varyans açısından en uygun olup olmadığı 
değerlendirilmiş ve buna göre kategori sayısı belirlenmiştir. Bu yöntem sayesinde 
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sayısal değişkenler kategorik forma dönüştürülmüş ve elde edilen kategoriler ile 
mevcut dijital segment yapısı arasındaki ilişki ki-kare ve Cramér’s V testleri 
kullanılarak analiz edilmiştir. Her ne kadar bu çalışmada dijitalliğe farklı bir tanım 
getirilmesi amaçlansa da mevcut segment yapısı ile olan ilişkinin incelenmesinin temel 
nedeni, hem mevcut yapının daha iyi anlaşılması hem de seçilen değişkenlerin 
gerçekçi ve anlamlı olduğunun doğrulanmasıdır. 

Değişkenlerin kategorik hale getirilmesinin ardından, çok kriterli sıralı sınıflandırma 
yöntemi olan ELECTRE TRI-B aşamasına geçilmiştir. ELECTRE TRI yöntemi, 
belirsiz ve bulanık ilişkilerin tercih, veto ve kayıtsızlık eşikleri aracılığıyla ele 
alınmasında uygun bir yaklaşım olarak öne çıkmaktadır. ELECTRE yöntemlerinden 
biri olan ELECTRE TRI-B uygulanmadan önce, değişkenlerin ağırlıkları entropi 
yöntemi kullanılarak hesaplanmıştır. Entropi yöntemi, müşteri bazında değişkenlik 
düzeyi yüksek olan değişkenlere daha yüksek ağırlık vererek, girdiler arasında en fazla 
ayrıştırıcı güce sahip değişkenlerin daha etkili olmasını sağlamaktadır. Bu kapsamda, 
navigasyon sitesi ziyaretleri ile yazılı ve video temelli sosyal medya kullanımına 
ilişkin veri miktarları en yüksek ağırlığa sahip değişkenler olarak belirlenmiştir. 
ELECTRE TRI-B yöntemi için gerekli parametreler tanımlanmış ve müşteriler altı 
sınıfa ayrılmıştır. Sınıf sayısının altı olarak belirlenmesinin temel nedeni, hâlihazırda 
kullanılan dijital segment yapısının da altı sınıftan oluşmasıdır. Bu sayede oluşturulan 
yeni yapı, mevcut segmentasyon ile karşılaştırılabilmiş ve geliştirilen yaklaşımın 
sağladığı katkılar test edilebilir hale gelmiştir. 

Altı aylık veri seti kapsamında aboneler her ay için ayrı ayrı dijital sınıflarına atanmış 
ve elde edilen sonuçlar detaylı biçimde analiz edilmiştir. İlk aşamada her dönem 
özelinde segment bazlı dağılımlar incelenmiş ve belirgin bir mevsimsellik etkisinin 
bulunmadığı görülmüştür. Müşterilerin yaklaşık yüzde otuz altısının üçüncü sınıfta yer 
aldığı gözlemlenirken, bu sınıfı yüzde otuz iki oranıyla dördüncü sınıf takip etmiştir. 
Birinci sınıf ise yaklaşık yüzde iki ile en düşük abone sayısına sahip segment olmuştur. 

Sınıfların temel özelliklerini ortaya koymak ve birbirlerinden ayrışan yönlerini 
belirlemek amacıyla profil haritası çalışması gerçekleştirilmiştir. Bu kapsamda her 
sınıf için değişkenlerin ortalama değerleri hesaplanmıştır. En düşük dijitallik düzeyine 
sahip olan birinci sınıfın neredeyse hiç veri kullanımı gerçekleştirmediği görülmüştür. 
En düşük gelir yaratan ve aynı zamanda en düşük paket ücretine sahip segment ise 
ikinci sınıf olmuştur. Diğer sınıflarda dijitallik seviyesi arttıkça elde edilen gelir, 
ödenen ücretler ve kullanım miktarlarının da paralel biçimde arttığı tespit edilmiştir. 

Müşterilerin abonelik yaşları incelendiğinde, en yüksek ortalama abonelik yaşına 
ikinci sınıfın sahip olduğu, bu sınıfı üçüncü sınıfın takip ettiği görülmüştür. Abonelerin 
yaşları değerlendirildiğinde ise en yaşlı müşteri grubunun ikinci sınıfta yer aldığı, üst 
segmentlere doğru gidildikçe müşteri kitlesinin daha genç hale geldiği 
gözlemlenmiştir. Buna ek olarak birinci sınıfın, firmanın dijital uygulamasını yoğun 
biçimde kullanan ve bu yönüyle diğer segmentlerden ayrışan bir yapı sergilediği, aynı 
zamanda uygulama kullanımında dördüncü sınıfın ardından en yüksek kullanım 
seviyesine sahip olduğu belirlenmiştir. Bu bulgular birlikte değerlendirildiğinde, 
üçüncü ile altıncı sınıflar arasında dijitallik düzeyinin arttığı, kullanım hacminin 
yükseldiği ve daha genç bir müşteri kitlesinin oluştuğu görülmektedir. Buna karşılık 
birinci sınıfın kullanım düzeyi neredeyse sıfıra yakın olmasına rağmen ikinci sınıfa 
kıyasla daha fazla gelir üreten ve daha genç bir müşteri grubunu barındırdığı tespit 
edilmiştir. 
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Bir sonraki aşamada segmentler arası dönemsel geçişler analiz edilmiştir. Bu aşamanın 
temel amacı, segmentler arasındaki hareketliliği anlamak, bu hareketliliği 
etkileyebilecek faktörlere odaklanmak ve segmentlerin daha etkin yönetilebilmesine 
yönelik girdiler oluşturmaktır. Örneğin, bazı segmentler için abonelerin alt sınıflara 
düşmesinin engellenmesi istenebilir. Bu doğrultuda altı dönem boyunca ardışık 
dönemler arasındaki değişimler incelenmiş ve toplamda beş adet geçiş matrisi 
oluşturulmuştur. Geçiş matrislerinin analizi sonucunda, üst segmentlerdeki 
hareketliliğin alt segmentlere kıyasla daha yüksek olduğu tespit edilmiştir. Abonelerin 
büyük çoğunluğunun bir sonraki dönemde ya bir üst sınıfa ya da bir alt sınıfa geçiş 
yaptığı gözlemlenmiştir. Özellikle üst segmentlerde dönemler arasında belirgin 
farklılaşmalar yaşandığı görülmüştür. Yüksek gelir yaratan bu segmentlerin 
hareketliliğinin fazla olması, segmentlerin yönetimi açısından önemli ve dikkat çekici 
bir bulgu olarak değerlendirilmiştir. 

Segmentlerin kendi içlerindeki hareketliliği analiz edildikten sonra, mevcut 
sınıflandırma yapısı ile ELECTRE TRI-B yöntemiyle elde edilen sınıflar 
karşılaştırılmış ve yeni yapının ayrışan yönleri ortaya konmuştur. İlk aşamada her iki 
sınıflandırma yapısında yer alan altı sınıfın birbirleriyle olan benzerlik düzeyleri 
incelenmiştir. Her dönem için gerçekleştirilen benzerlik analizlerinde belirgin bir 
mevsimsellik etkisine rastlanmamıştır. Bununla birlikte her iki yapının dördüncü, 
beşinci ve altıncı sınıflarının tüm kombinasyonlarında yüksek benzerlik oranlarına 
sahip olduğu, buna karşılık her iki sınıflandırma yapısının en alt segmentlerinin 
birbirleriyle düşük benzerlik gösterdiği tespit edilmiştir. İkinci ve üçüncü sınıfların da 
kendi aralarında yüksek benzerlik oranına sahip olduğu görülmüştür. Bu bulgular, 
ELECTRE TRI-B yöntemiyle oluşturulan sınıfların mevcut segmentasyon yapısından 
belirgin biçimde farklılaştığını gösteren en önemli kanıtlardan biri olarak 
değerlendirilmiştir. 

Sınıflar gelir düzeyi açısından da karşılaştırılmıştır. Mevcut segmentasyon yapısında 
üst sınıflara çıkıldıkça abone başına ortalama gelirin kademeli olarak arttığı 
görülürken, ELECTRE TRI-B sınıflarında en düşük ortalama gelirin birinci sınıfta 
gerçekleştiği, bu sınıfı ikinci ve üçüncü sınıfların takip ettiği tespit edilmiştir. Ayrıca 
üst segmentler arasındaki gelir farklarının ELECTRE TRI-B sınıflarında çok daha 
belirgin olduğu gözlemlenmiştir. 

Yaş değişkeni de karşılaştırma amacıyla ele alınmış ve bu değişken açısından da dikkat 
çekici farklılıklar ortaya çıkmıştır. Mevcut sınıflandırma yapısında ilk üç segmentin 
yaş ortalamalarının birbirine oldukça yakın olduğu ve üst segmentlerde yer alan 
müşterilerin daha genç bir profile sahip olduğu görülmüştür. Buna karşın ELECTRE 
TRI-B sınıflarında ikinci sınıfın belirgin biçimde daha yüksek bir yaş ortalamasına 
sahip olduğu, üst segmentlerdeki yaş ortalamalarının ise mevcut yapının üst sınıflarına 
kıyasla bir miktar daha düşük olduğu tespit edilmiştir. 

Bir diğer karşılaştırma toplam veri kullanımı üzerinden gerçekleştirilmiştir. Mevcut 
sınıflandırma yapısında segmentler arasında giderek artan bir veri kullanım eğilimi 
gözlemlenirken, ELECTRE TRI-B sınıflarında ikinci sınıfın veri kullanımının birinci 
sınıftan yalnızca çok sınırlı bir farkla daha yüksek olduğu, buna karşılık üst sınıfların 
veri kullanım ortalamalarının belirgin biçimde daha yüksek olduğu görülmüştür. 
Toplam veri kullanımındaki bu farklılaşmaya paralel olarak sosyal medya 
platformlarındaki kullanım eğilimlerinin de benzer bir yapı sergilediği tespit 
edilmiştir. 
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Son aşamada, her iki sınıflandırma yapısı regresyon analizi kullanılarak, gelir ve veri 
kullanımını açıklama düzeyleri açısından karşılaştırılmıştır. Bu kapsamda segmentler 
bağımsız değişken olarak modele dâhil edilmiş, abone başına gelir ise bağımlı 
değişken olarak seçilmiştir. Regresyon sonuçları incelendiğinde, her iki sınıflandırma 
yapısı için de açıklama oranlarının görece düşük olduğu görülmekle birlikte, R² 
değerleri dikkate alındığında ELECTRE TRI-B sınıflarının gelir değişkenini açıklama 
gücünün mevcut segmentasyon yapısına kıyasla daha yüksek olduğu tespit edilmiştir. 
Bu noktada, gelir üzerinde kampanyalar, fiyat güncellemeleri, rakip firmaların 
sunduğu teklifler, marka algısı ve benzeri birçok dışsal faktörün etkili olduğu göz 
önünde bulundurulmalıdır. 

Aynı analiz adımları toplam veri kullanımı değişkeni için de uygulanmış ve benzer 
şekilde ELECTRE TRI-B sınıflarının bu değişkeni açıklama gücünün mevcut 
sınıflandırma yapısına göre daha yüksek olduğu belirlenmiştir. Bu bulgular, önerilen 
segmentasyon yaklaşımının hem gelir hem de kullanım davranışlarını açıklamada 
mevcut yapıya kıyasla daha güçlü bir çerçeve sunduğunu göstermektedir. 

Sonuç olarak, bu çalışmada uygulanan yöntem ile mevcut sınıflandırma 
yaklaşımlarından ayrışan yeni bir dijital segmentasyon yapısı geliştirilmiştir. Gerçek 
telekomünikasyon müşteri verisinin, farklı boyutlardan seçilen değişkenlerin, 
istatistiksel yöntemlerin ve uzman görüşünün birlikte kullanılması sayesinde ortaya 
konulan bu yapı, yalnızca sektör uygulamalarına değil, aynı zamanda literatüre de 
önemli bir katkı sunmaktadır. Çalışma kapsamında, oluşturulan yeni sınıfların ayrıntılı 
profillemeleri yapılmış ve dönemler arası geçişleri analiz edilerek segment yönetimi 
ve strateji geliştirme süreçlerinde girdi olarak kullanılabilecek anlamlı bulgular elde 
edilmiştir. Bu yönüyle çalışma, müşteri sayısı ve veri hacmi yüksek olan bankacılık ve 
e-ticaret gibi sektörler için de örnek teşkil edebilecek niteliktedir. Araştırma mevcut 
ve faturalı aboneler üzerinden gerçekleştirilmiş olmakla birlikte, yeni kazanılan 
aboneler ve faturasız müşteri gruplarının da kapsama dâhil edilmesi, segmentasyon 
yapısının genellenebilirliğini artıracaktır. Elde edilen sonuçların mevcut iş 
aksiyonlarında uygulanarak test edilmesi, segment yapısının katkısını ölçmek ve 
gerekli iyileştirmeleri gerçekleştirmek açısından önem taşımaktadır. 

İlerleyen çalışmalarda farklı sınıf sayılarının denenmesiyle bulguların daha 
derinlemesine değerlendirilmesi mümkündür. Ayrıca, veri kısıtları nedeniyle bu 
çalışmada abonelerin sınıf bazlı churn davranışları analiz edilememiştir. Bu kısıtın 
ortadan kaldırılması durumunda, söz konusu analizlerin gerçekleştirilmesi 
segmentlerin sürdürülebilirliği ve müşteri yaşam döngüsü açısından önemli içgörüler 
sağlayacaktır. 
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 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. 
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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 
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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. 
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 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 (Müller 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 
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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 
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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 (Väisänen, 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 
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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 
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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.  
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 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). 

 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. 

 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: 

 

𝐄ൣ𝑃௜,௅൧ = mi n൫𝐷௜,௝ିଵ + 𝐄ൣ𝑃௝ିଵ,௅ିଵ൧൯ 
(3.1) 

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): 

𝐄ൣ𝑃௡,௞൧ = 𝐄ൣ𝑃௝ିଵ,௟ିଵ൧ +  𝐷௝,௡ 
(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 (Vohnoutová et al., 2023, p. 9). 



14 

 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 (𝑂௜௞) is counted for each cell, and the expected frequency (𝐸௜௞) is 

calculated for every row-column combination. The chi-square value ((χଶ)) is 

calculated according to the formula below (3.3). 

χଶ = ∑ ∑
(ை೔ೖି ா೔ೖ)మ

ா೔ೖ
௞௜  (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 V, 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).  

𝑉 = ට
ఞమ

ெ∙୫୧୬ ((௜ିଵ),(௞ିଵ))
 (3.4) 
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 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 (Şahin et al., 2020, p. 2312).  

The objective of ELECTRE TRI is to assign each alternative 𝑎 ∈ 𝐴 = {𝑎ଵ, … , 𝑎௡}, 

evaluated according to a predefined set of criteria 𝐺 = {𝑔ଵ, … ,𝑔௠}, to one of 𝑝 ordered 

categories 𝐶ଵ, … , 𝐶௣ as shown in Figure 3.2. These categories are ordered from worst 

to the best, such that 𝐶௛ାଵ ≻ 𝐶௛ (Corrente, et al., 2016, p. 191).  

 

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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𝑝௜௝ =
௫೔ೕ

∑ ௫೔ೕ
೙
ೕసభ

 (3.5) 

Secondly, the entropy value 𝐸௜ for each index 𝑖 is found as (3.6): 

𝐸௜ =
∑ ௣೔ೕ ௟௡ ௣೔ೕ

೙
ೕసభ

௟௡ ௡
 (3.6) 

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). 

𝑤௜ =  
ଵିா೔

∑ (ଵିா೔)೘
೔సభ

 (3.7) 

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 (𝑞) 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 (𝜆) 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, 𝑏௛), ∀௝∈ 𝐹 

where a is the alternatives and 𝑏௛ is the reference point (3.8). 

𝑐௝(𝑎, 𝑏௛) =

⎩
⎪
⎨

⎪
⎧

0, 𝑖𝑓 𝑔௝(𝑏௛) − 𝑔௝(𝑎) ≥ 𝑝௝(𝑏௛),

1, 𝑖𝑓 𝑔௝(𝑏௛) − 𝑔௝(𝑎) ≤ 𝑝௝(𝑏௛),

𝑝௝(𝑏௛) + 𝑔௝(𝑎) − 𝑔௝(𝑏௛)

𝑝௝(𝑏௛) − 𝑞௝(𝑏௛)
 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
 

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

(3.9). 

𝑐(𝑎, 𝑏௛) =
∑ 𝑘௝𝑐௝(𝑎, 𝑏௛)௝∈ி

∑ 𝑘௝௝∈ி
 

 

(3.9) 

3. Partial discordance index 𝑑௝(𝑎, 𝑏௛)∀௝∈ 𝐹 can be found as below equation 

(3.10). 

𝑑௝(𝑎, 𝑏௛) = ቐ

0, 𝑖𝑓 𝑔௝(𝑎) ≤ 𝑔௝(𝑏௛) + 𝑝௝(𝑏௛),

1, 𝑖𝑓 𝑔௝(𝑎) > 𝑔௝(𝑏௛) + 𝑣௝(𝑏௛),

∈ [0,1] 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
 

(3.10) 

4. Lastly, credibility index 𝜎(𝑎, 𝑏௛) can be found as follows (3.11). 

𝜎(𝑎, 𝑏௛) = 𝑐(𝑎, 𝑏௛) ෑ 𝑗 ∈ 𝐹
1 − 𝑑௝൫𝑎, 𝑏௝൯

1 − 𝑐(𝑎, 𝑏௛)
  

𝑤ℎ𝑒𝑟𝑒 𝐹ത = ൛𝑗 ∈ 𝐹: 𝑑௝(𝑎, 𝑏௛) > 𝑐(𝑎, 𝑏௛)} 

 

(3.11) 

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௛ିଵ and 

𝑏௛, 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 𝑏௛ 

associated with the alternative 𝐴. Assuming that alternative 𝐴 is assigned to category 

𝐶௛ାଵ, and that 𝑏௛ିଵ and 𝑏௛ represent the lower and upper reference profiles of category 

𝐶௛, the pessimistic rule assigns 𝐴 to the highest category 𝐶௛ such that 𝐴 outranks 𝑏௛ିଵ. 

In contrast, the optimistic procedure assesses each alternative sequentially with 

different profiles, starting from the worst profile to locate the profile 𝑏௛. Consequently, 

𝐴 is assigned to category 𝐶௛; the optimistic rule assigns 𝐴 to the lowest category 𝐶௛, 

for which the upper profile 𝑏௛ is preferred over 𝐴, i.e., 𝑏௛ > 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.  

 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. 

 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 𝑖 number 

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

                                                                                    𝑛௧௛  𝑚𝑜𝑛𝑡ℎ 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 

(𝑛 − 1)௧௛ 𝑚𝑜𝑛𝑡ℎ 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 ൥

𝑎11 ⋯ 𝑎1𝑖

⋮ ⋱ ⋮
𝑎𝑖1 ⋯ 𝑎𝑖𝑖

൩ 
(3.12) 

 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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 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. 

 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 

category. 
Invoice Amount Monthly total invoice amount billed to the customer. 

Package Usage Ratio The utilization rate of the data allowance provided within the tariff. 

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

App Transaction Count 
Number of logins or transactions performed via the brand’s official 

mobile application. 
Shopping Visit Number of visits to platforms in the e-commerce/shopping category. 

Bank Visit 
Number of visits to platforms in the banking and financial services 

category. 
Usage Business Hour Total data usage volume during official business hours. 

Total Usage Total monthly data consumption across all categories. 

Usage Early Data usage volume during early morning hours. 

News Visit Number of visits to platforms in the news and media category. 

Second Hand Visit 
Number of visits to platforms in the second-hand marketplace 

category. 
Visual Social MB Total data usage (in MB) on visual-based social media platforms. 

Usage Late Hour Data usage volume during late evening hours. 

Usage Night Hour Data usage volume during night-time hours. 

Video Social MB Total data usage (in MB) on video-centric social media platforms. 

Music MB Total data usage (in MB) on music streaming platforms. 

Incoming Min Total duration of received voice calls in minutes. 

Outgoing Min Total duration of initiated voice calls in minutes. 

Tenure Month 
Total duration of the customer's relationship with the operator in 

months. 

Translate Visit 
Number of visits to platforms in the translation and language services 

category. 
Instant Visual Social 
Visit 

Number of visits to instant visual sharing and messaging platforms. 

Navigation Visit Number of visits to platforms in the navigation and maps category. 

Travel Visit Number of visits to platforms in the travel and tourism category. 

Streaming Visit Number of visits to video/audio streaming service platforms. 

Videocall Visit Number of visits/sessions for video conferencing and calling platforms. 

Social Network MB Total data usage (in MB) on general social networking platforms. 

Total Movement 
Total cumulative distance traveled by the customer within the specified 

period. 

Movement Weekday 
Average distance traveled by the customer during weekdays (measured 

in kilometers/meters). 

Movement Weekend 
Average distance traveled by the customer during weekends (measured 

in kilometers/meters). 

Movement Workhr 
Average distance traveled by the customer during working hours 

(measured in kilometers/meters). 
Total Social MB Cumulative data usage (in MB) across all social media categories. 

Market Visit 
Number of visits to platforms in the online grocery or supermarket 

category. 
Game Visit Number of visits to platforms in the gaming and esports category. 

Trend Social MB 
Data usage (in MB) on trending or newly emerging social media 

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

Variable Definition 

Income 
Total monthly revenue generated from the customer (Average Revenue 

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 activated usage stop in order to avoid excess 

usage. 

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 
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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. 

 

Figure 4.1 : Class boundaries for Public Visit variable. 

 

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.  

 

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. 

 

Figure 4.4 : Class boundaries for Invoice Amount variable. 

 

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). 

 

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). 

 

Figure 4.7 : Class boundaries for Package Usage Ratio variable. 
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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). 

 

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). 

 

Figure 4.10 : Class boundaries for Business Hour Usage variable. 
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Figure 4.11 : The distribution of Business Hour Usage class. 

 

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). 

 

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

 

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

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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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. 

 

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. 

 

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

 

Figure 4.19 : Class boundaries for Age variable. 

 

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

 

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). 

 

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 ın 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_Fl_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_Fl_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 q 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 λ 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.  




