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ABSTRACT

Satisfaction of customers is the most important factor for mobile operators to be successful. This needs
effective customer segmentation and segment targeted mobile service packaging and delivery. Segmentation
differentiates customers into multiple groups that manifest different service needs and preferences, thus
different service packages. It has been traditionally performed using demographic and value-based
segmentation methods based on customer survey data. For improved efficiency, advanced clustering
techniques that exploit existing historical customer data from network management system have been applied.
Instead of using a single dimension of value-based segmentation, the historical data set with many features
was applied to assess the customer service usage behavior from different dimensions. For a dataset with many

attributes, such advanced clustering techniques have not been investigated in the Ethiopian context.

The thesis work investigates and compares the performance of K-means and expectation-maximization
algorithms for usage-based clustering using voice, SMS and internet service usage call detail record data of
mobile customers. The performance was compared using metrics such as cluster size or ratio, cluster cohesion
or compactness and separation between centroid values. These metrics were used to evaluate the quality of
the clustering result of the algorithms in identifying distinguished customer segments from each service usage
dataset for mobile service packaging purposes. Optimal cluster size per dataset was determined using elbow
method. In the study, data processing and algorithm implementations were performed using WEKA data

mining tool.

Achieved results indicate that for all the datasets the EM algorithm formed compact clusters with low level
of within cluster variance. On the other hand, K-means clustering has a better quality in assigning instances
to each cluster fairly. In general, the study identified important additional attributes from the CDR dataset
to differentiate customers for mobile service packaging purpose. These additional features enhance the insight

on customers to provide well differentiated mobile service packages.
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I Introduction

I.1 Background and Motivation

Customers are usually stated as key assets of any customer-oriented enterprises and the success of an
organization is highly correlated with the strength of relationship with customer. Hence identifying the level
of heterogeneity in the customer base enables to enhance the insight on the customer and strength the
relationship with them by effectively identifying their needs to introduce various retention mechanisms. As
discussed in [ 19] organizations have been employing Customer Relationship Management (CRM) to easily

identify the customer needs of established customers.

In this regard customer segmentation has a vital role in the CRM system to distinguish customers into
different groups. As discussed in [45,46] modern marketing is moving from mass-marketing to target-
marketing and hence customer segmentation becomes a compulsory task to propose a customer-oriented
marketing strategy. According to [30,44 ] segmentation process divides the customer base into well separated
& at the same time internally homogenous groups to develop segment targeted marketing actions. Thus, it

helps to minimize the number of individuals to deal with to limited number of groups.

The mobile customer base of ethiotelecom has reached around 40 million customers and majority of them
are prepaid customers [SS]. These customers recharge their account in advance to use the service. To
influence service usage behavior and profitability of the prepaid customer base, the mobile operator has been
offering various mobile service package options as an alternative with different volume for voice, SMS and
Internet services. The mobile service packages are provided for a discount price with a fixed validity period
and the goal of service packaging is to influence service usage and thereby enhance the company revenue by

encouraging service usage intensity.

In the mobile service package development process, traditional customer segmentation technique has been
applied on survey data to build the customer segments. But as Figure I shows, these packages have low level
of demand from customers (indicated by low & inconsistent purchase frequency). As a result, it has a little
impact on influencing the usage behavior of subscribers. It designates that the current mobile service package

options and its development process are far from being customer centric to attract customers’ need. The



attractiveness of mobile service package alternatives depends on the development process followed to propose
these products and the level of insight about customer service usage behavior. Hence an effective
implementation of customer segmentation helps to identify the needs and preferences of customer base to

provide segment targeted mobile service packages.
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Figure I : Mobile service package purchase frequency.

To influence customer usage behavior and enhance the Average Revenue Per Unit (ARPU) of the prepaid
mobile customer base, different marketing actions have been implemented such as provisioning of mobile
service package for voice, SMS and internet services in various options. Though with these efforts, the
package purchase frequency has little impact on influencing the usage behavior of subscribers. According
[55] only 21% of customers are package users and the rest 79% still uses the Pay as you go (PAG) service
usage options, which reflects the gap of the current mobile service package option in attracting the

subscriber’s attention.

ethio telecom serve large number of customers with diverse needs, usage behaviors and preferences. The
operator preserves various data about subscriber such as CDR data, which reflect the customer behavior in

terms of usage amount, usage time, usage day, usage day, and spending potential. But CDR set is large in



volume with many features and needs the application of advanced data mining technique to analyze the

customer behavior and extract full insight about the customer.

Data mining techniques such as clustering, helps to build data driven segments by analyzing behavioral or
service usage data to establish natural groupings of customers [19]. Customers differ in terms of behavior,
needs, wants & characteristics and the goal of clustering is to identify differentiated customer types and
segment the customer base into clusters for segment targeted marketing actions. As discussed in [44]
clustering technique reveals internally homogeneous and externally heterogeneous groups. This research is
motivated by the drawbacks of the existing customer segmentation approach in its process of differentiating

the customer base for the provisioning of mobile service packages.
1.2 Statement of the Problem

The level of insight on customers’ service usage behavior affects the type of products to propose and the
development process to be followed. Which in turn, affects the desirability of the product by the customer.
In this regard, customer segmentation has a vital role in enhancing the insight on the customer by
distinguishing or identifying the needs and preferences of customers to provide tailored service closed to each

segment needs and preferences.

Currently, the Ethiopian sole and incumbent mobile operator applies demographic and value-based
segmentation to distinguish the customer base and offer segment targeted mobile service packages. Statistical
technique has been applied to build customer segments using customer survey data. The downside of this
segmentation approach is the unreliability of results due to a small number of respondents to surveys,
expensiveness & time-consuming nature of survey data collection method, and survey data is less reliable in
reflecting the actual behavior of customers due to customers integrity problem to responses. Moreover, value-
based and demographic segmentation approaches as well as input datasets are inadequate for mobile service

packaging as the segmentation features fail to reveal detail subscriber service usage patterns.

In value-based segmentation, customers are simply binned into different groups based on an aggregate
monthly spending amount attribute. A single attribute is used to differentiate the heterogeneous customer
base. This feature is insufficient to fully explain the level of differentiability in the mobile customer base as
it neglects to include features such as preferred service type of customers, service usage day and time, and
weekly consumption ratio of customers. Thus, the segmentation approach missing these relevant features is

less important in effectively identifying the customers into different groups to build a suitable mobile service



package alternative. According to [45] value-based segmentation technique is less important for product

dEVEIOmeI’lt purposes.

In the same context, demographic segmentation has been applied for multiple purposes ranging from mobile
service package development to distribution channel selection. This segmentation is mainly based on survey
data sources collected from customers. Attributes used for demographic segmentation are age, sex, and
religion. These attributes are less important to objectively differentiate customers for mobile service
packaging. As discussed in [30] though it is widely applicable, it is criticized for being untrustworthy as
people with the same demographic value might have different attitudes. According to [45] customer
segmentation for product development purposes demands behavioral attributes that reflect the service usage
behavior of subscribers. Hence behavioral attributes are more relevant for the segmentation of customers for

mobile service packaging purposes.

Clustering is one of the data mining techniques widely deployed for customer segmentation and in this thesis,

clustering techniques are compared to build usage-based customer segments by using CDR data of customers.
1.3 Objectives

1.3.1 General Objective

The main objective of the thesis is to compare the performances of clustering algorithms to build
differentiated customer segments for mobile service packaging by using voice, SMS and internet service CDR

data of Ethiopian mobile customers.

1.3.2 Specific Objectives
The specific objectives of the thesis are:

*  To construct additional features relevant for usage-based segmentation.

*  To preprocess service usage CDR datasets for usage-based clustering.

*  To evaluate the clustering results based on the cluster evaluation techniques.

¢ To compare and identify a clustering algorithm suitable for segmentation of mobile customers.

* To profile and interpret the clustering results of the best performing algorithm.



1.4 Methodology

In this thesis, clustering techniques were applied to CDR data of mobile subscribers to build customer
segments. Expectation-Maximization (EM) and simple K-means clustering algorithms were compared based
on the quality of the clustering result for each service usage dataset. Fig. 2 shows the applied methodology
to undertake the comparison of EM & K-means algorithms for customer segmentation. The description of

its parts follows.

® Statistical Methods.
(mean,Variance,..etc)

e Visulization Techniques.
(eg.Histograms).

* Data Cleaning (remove
error & duplicated
values)

* Feature Construction.

e Data Aggregation.

(3 months average
value).

e Data Tranformation.

e Cluster and seed size
determination.
(elbow method)

* Apply clustering
algorithms.

o Diffretiate cluster
centroid using heatmap
table.

e Internal Methods.
(cluster compactness &
separation.)

e Other Methods.
(qualitative methods)

e Compare attribute
centroid values per
cluster.

* Profiling (cluster
size,revnue share,..etc)

® Cluster description.

(standardization or
normalization of
numerical values)

Figure 2 : Research framework.

I. Literature Review

Research works and journal papers in the area of data mining and customer segmentation were reviewed.
Besides, marketing documents and reports were analyzed for a better understanding of the marketing domain

as well as mobile service package development process.
2. Data Collection and Understanding

Mobile customers CDR data was collected from the BICP platform of the CRM system. The data required
for this study include CDR data of each service category such as voice, SMS and internet. For the data
understanding, visualization and statistical techniques such as mean, variance and histogram were used. It
gives an insight on the distribution of instance for each attribute and identity the importance of an attribute

in differentiating customers.



3. Data Preprocessing

The data preprocessing task convert the original dataset to a format suitable for clustering purpose. The
detail service usage transaction of the subscriber was aggregated, and monthly average value was utilized to
reflect subscriber usage behavior. Additional fields were also constructed to enhance the data quality and
capture essential behaviors of customers. The detail of the data preprocessing task is presented in Section 4.3
and the major tasks include data cleaning, construction of additional features, data aggregation and selection

of clustering features. The tools used for data preprocessing are MS excel, IBM SPSS and Weka.
4. Clustering Methods

Clustering tasks were implemented on each service usage dataset using an open-source data mining tool called,
“Weka 3.8.3”, to build customer segments. The cluster size with additional input parameters of the tool was
applied to the prepared dataset & the major tasks in this stage are determination of the optimal seed and
cluster size combination, and comparison of clustering results. For cluster size determination, the auto

clustering option was compared with the elbow method to identify the optimal cluster size.
5. Cluster Result Evaluation

The quality of the clustering result derived from each clustering algorithm (K-means & EM) was compared
and evaluated based on the cluster evaluation techniques mentioned in Section 5.8. The major tasks in this
stage include evaluation of clustering algorithms in terms of cluster cohesion, cluster separation, and

distribution of instances per cluster.
0. Cluster Profiling & Interpretation

The clustering process was concluded by an interpretation of clustering results using cluster profiling
techniques. Therefore, the characteristics of each segment was described using visualization techniques, in
which clusters are compared based on standardized attribute values. Moreover, clusters were labeled based
on nomenclatures that uniquely signify segment characteristics to easily identify segments instead of referring

cluster index.



1.5 Scope and Limitations

1.5.1 Scope of the Study

The study focusses on the clustering of mobile customers using CDR data of prepaid mobile customer base.
Randomly selected CDR data of mobile customers were targeted as a case study and the clustering results of

K-means and EM clustering algorithms were compared for each service usage dataset.

1.5.2 Limitations of the Study

The clustering task comprises CDR data of prepaid mobile customers, which account for most of the mobile
subscriber customer base. Besides this, in the Ethiopian context the spending potential as well as usage
behavior of the postpaid customer is distinct from the prepaid users and hence the study is limited to the
clustering of prepaid mobile customers. Moreover, due to the unavailability of detail call records for long
periods (above three months) and complexity to preprocess large volume data, the study is limited to three

months of CDR data of mobile customers.

1.6 Contribution of the Study

The study and its results will help ethiotelecom to identify an algorithm suitable for clustering of customers
from each service usage datasets and identify additional attributes besides the monthly spending amount to
differentiate customers. This enables the operator to properly recognize the level of differentiability in the

mobile customer base for the provisioning of targeted service package options.

Since the CDR dataset is accessible, customer segmentation based on these data source can be easily
implemented. Besides, the dataset reflects the actual behavior of the customer and hence mobile service
packaging based on such dataset appears to be more customer centric. Moreover, the clustering result will be

used as a preprocessing step for further analysis.

1.7 Related Works

Various research works conducted in the area of customer segmentation are discussed here. Most of the
literatures applied clustering techniques to build customer segments and among the various clustering
algorithms K-means, two-step, and SOM clustering algorithms are mainly applied to the dataset to build
customer segments. Pertinent works of literature in the marketing domain of the telecom sector are reviewed

as follows.



In [31] the study used CDR data of customers to build customer segments for product development and
business planning conducted using nine days CDR data of 5,000 subscribers based on service usage and
revenue share attributes. Data preprocessing techniques such as correlation analysis was applied to eliminate
highly correlated attribute values & two-step clustering algorithm applied to the prepared dataset. The
algorithm helps to determine the cluster size automatically. In the paper, the silhouette measure of cluster
quality was used to evaluate the cluster quality and the resulting clusters are profiled in terms of cluster size
and revenue share. And the cluster index was labeled based on unique names to reflect the group behavior.
Based on the cluster results, marketing actions were defined according to each segment's unique behavior.
However, the study targeted a small number of customers with a few days of usage information. Besides this,
the feasibility of the cluster size was not properly assessed from the business perspective as it is automatically

determined by the algorithm.

In [6] the study assessed the call behaviors of customers using three-dimensions called RFM techniques. The
objective of the study was to identify the profitability of telecom customers for the provisioning of
personalized services. The study applied K-means clustering for its simplicity and ability to handle large
datasets. RFM model was used as a dimension reduction technique to minimize the dimension of the input
dataset into three attributes named R, F & M and capture different behavior of the customers. In the study,
the REM model was preferred over simply using a single attribute i.e. revenue to determine customer
profitability and additional two features were used to identify the customer profitability. For optimal cluster
size determination, the elbow method or distortion curve technique was applied. The clusters were compared
based on weighted RFM variables. Accordingly, the K-means clustering identified four clusters of different

profitability levels helpful for designing of suitable marketing strategies.

In [21] the study used the SOM algorithm on the customer service usage behavior dataset to define targeted
marketing strategies and enhance customer satisfaction. Six months period usage behavior data of randomly
selected subscribers were used in the study. Ten attributes were used to represent subscriber service usage
behavior and the average value is used. Data preprocessing techniques like normalization was used to avoid
biases towards large values. Visualization techniques available in SOM clustering such as D-matrix and
component planes are applied to easily analyze the clustering results. The study used the auto cluster size
determination of the SOM algorithm and K-means clustering technique applied to the component plane to
identify the cluster boundary easily. Accordingly, six clusters were identified, and analyzed using the key

values of each segment. Besides this, each segment was profiled based on the segment size and the value of



each segment to the operator and compares clusters based on the loyalty rate. The study also highlighted the

importance of clustering knowledge to build classification models.

1.8 Thesis Organization

The remaining part of the research paper consists of six chapters. Chaprer 2 presents an overview, type and
benefits of customer segmentation and its application in the telecom and other sectors. Chaprer 3 introduces
data mining techniques, different clustering methods and the detail on the working principle of clustering
techniques or algorithms applied to this research. Chapter 4 presents the detail on problem domain
understanding, dataset description and preprocessing of CDR datasets. Chaprer S'is the core part of the
thesis and mainly focuses on cluster size determination, and implementation of clustering
algorithms. Chapter 6 focuses on the result, evaluation and interpretation of clustering results and Chaprer

7 covers conclusion and future work.



2 Opverview on Customer Segmentation

This chapter discusses the basics of customer segmentation, types of customer segmentation and its

importance in business analytics.
2.1 Customer Segmentation

Customer segmentation technique is widely used to partition the customer base of the company into different
groups and customers within a group should be cohesive but well separated from the other groups [31]. As
discussed in [ 13] segmenting means putting the population into segments based on shared characteristics and
the process of segmentation illustrates the group(cluster) characteristic within the data. It is usually used as
a data preprocessing step for supplementary study and occasionally as a standalone technique to establish

targeted relationship with customers.

2.2 Benefit of Customer Segmentation

According to [30,45] customer segmentation is used in many business firms to propose important marketing
actions by distinguishing the heterogenous customer base into few groups for targeted service provisioning.
As shown in [13] customer segmentation is used to differentiate customers for a better management by
designing of tailored marketing actions. It is being used as a decision support tool for the provisioning of
new or customized products. Moreover, it is also serving as an analytical tool to establish an effective
relationship with various customer groups through a better understanding of customers value to the business
and enhancing the insight on behavior. Therefore, customer segmentation helps to understand customer

preferences and establish strong relationship with them.

In general, as discussed in [30] the benefits of customer segmentation for business enterprise can be
summarized as: to better understand customer, to identify the attractive customer segments, efficiently

prioritize resources, form personalized campaign and select the best performing distribution channels.
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2.3 Types of Customer Segmentation

Customers can be segmented into different groups based on their buying behavior, usage frequency,

demography. Hence the basis for segmentation vary with its purpose and application. According to [30] each

type of segmentation has its own goals. The most common and well-known segmentation types are

summarized in the Table I:

Segmentation

Type

Behavioral
Segmentation

Loyalty
segmentation
Socio
Demographic
Geographic

segmentation

Psychographic

segmentation

Table I : Types of segementation adapted from [30]

Description

Grouping based on usage, attitude &
behavior regarding a product or
promotion.

Grouping of customers based on
degrees of loyalty to the company or

brand.

Demographic or social characteristics.

Group customers based on geographic
factors.

Group customers according to different
degrees of lifestyle, social behavior and

personality.

11

Attributes

product ownership, type & frequency of
transactions, revenue, payments, and
utilization

Loyalty score, frequency of purchases,
number of complains, new or old
customer.

Age, gender, income, marital status,
education & other personal details.
Opverlap with socio demographic
segmentation

preferences, interests, values &
consumers believe, social class, political

orientation and personality



3 Data Mining Techniques for Customer Segmentation

This chapter mainly discuss about data mining techniques, data mining process, clustering techniques and
various cluster evaluation techniques used to assess the quality of the derived clusters. Furthermore, the

working principle of the clustering algorithms used in the study are also presented here.

As a data mining task, clustering technique was applied to the CDR data set of mobile customers to build
customer segments based on service usage behavior for mobile service packaging purpose. According to [2]
CDR s a record that contains detail information about a telecom transaction, such as call start and end time,
duration, call parties, cell ID, requested web sites and other related information when a call is placed on a
telecommunication network. CDR data is generated when usage event occurs and updated accordingly by
retrieving the information from different network elements. CDR data has no class label attributes and hence
the clustering technique is used to build cluster labels according to the level of similarity in the dataset. The
attributes of CDR data reflect the actual behavior of subscribers and hence segmentation based on such data
source are reliable and can be implemented using an easily accessible data source. But the challenge with these

datasets are lack of skills and appropriate technologies to analyze voluminous data.

3.1 Data Mining Process

Data mining is the process of extraction of important information, rules and patterns from large databases.
It helps companies to predict customers’ future trends and behaviors using the available data, allows to assess
the existing situation and make an informed decision. Data mining tools can solve complex and time-
consuming task easily and promptly [47]. As discussed in [13,45] data mining tasks are categorized into
classification, clustering, estimation, prediction, defining association rules and data visualization. An

informed decision-making process based on data mining is shown in Fig 3.
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Figure 3 : Business decision making process [ Olszak].

Data Mining Application

In (Mitra, Pal, & Mitra, 2002) data mining is explained as a stage in Knowledge Discovery in Databases
(KDD), involving the application of specific algorithms for pattern extraction. It is applied in different areas
such as banking and finance, insurance and telecom marketing domains. Data mining brings various
techniques together to discover patterns or rules and to construct models from databases. As discussed in
(Rygielski et al., 2002), it is a part of CRM and business intelligence to support companies in their effort to
become more customer centric. It is also widely applied in the telecommunication sector for the following

purpose:

e Call Detail Record Analysis: identify customer segments with similar usage pattern by analyzing
CDR data of subscribers. It is used to develop attractive pricing and targeted promotions.
e Customer Loyalty: in a competitive telecom market, it helps to identify the characteristics of loyal

customers and switching customers and their profitability.

Models for Data mining

The model refers the steps to be followed to meet of the objective of the data mining task. Most of the data
mining models corresponds on the common tasks and put the data mining steps as data gathering, data
analysis, implementation of results. One of the well-known models is, CRISP (Cross-Industry Standard
Process for data mining) was proposed in the mid-1990s by a European consortium of companies to serve
as a non-proprietary standard process model for data mining. The general approach of the model is shown

in Figure 4.
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Figure 4: CRISP model adapted from, Larose,2006.
According to Fayyad et al,1997, the other data mining model is the KDD, follows steps such as data
collection, data preprocessing, data transformation, data mining, evaluation and knowledge extraction. Both
data mining models follow almost the same procedure in terms extracting essential knowledge from dataset.

Specially the data preprocessing and evaluation of modeling results are the common tasks to extract

knowledge. The KDD data mining model is depicted in Fig S.
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3.2 Clustering as a Data Mining Technique

..--.......-....’

Figure § : KDD steps in data mining process (Fayyad et al.19970).

Customer segmentation helps to distinguish the heterogenous customer base into a few manageable groups

based on their similarity to arrange targeted communication with customers. According to [4] clustering is

14



known as unsupervised learning because the class label information is unavailable, and it is widely used for
customer segmentation purposes. It categorizes a set of instances into various groups or clusters and objects
within a cluster are highly cohesive and dissimilar with the other clusters. Usually, the similarity or
dissimilarity is measured based on the distance between attribute values per cluster. As discussed in [4]
clustering also called data segmentation used to facilitate the development of marketing actions to improve
the relationship with the customer. As a data mining function, cluster analysis can be used as a standalone
tool to extract patterns in the dataset and distinguish customers based on their characteristics. On the other
hand, it can also serve as a preprocessing step for other tasks such as classification, attribute selection, and

characterization.

There are different types of clustering techniques and the next section discusses the type of clustering

techniques and the working principle of the clustering algorithms used in the study.

3.2.1 Types of Clustering Techniques

Clustering algorithms mainly concentrate on identification of clusters or class labels based on the similarity
exist in the dataset. According to [4, p.448] clustering methods are classified into the following categories

and discussed as follows:

3.2.1.1 Partitioning Methods

Given a set of n objects, a partitioning method constructs k partitions of the data, where each partition
represents a cluster and k < 12 which means, it splits the data into k groups such that each groups or clusters
at least have an instance as a member. This method naturally builds mutually exclusive clusters, or each object
must belong to exactly one group. In this method, the criteria of the cluster quality are closeness to the cluster
centroid and separation between centroid values for different clusters. The well-known partitioning methods

are k-means and k-medoids.

3.2.1.2 Hierarchical Methods

This method builds a hierarchical breakdown of the datasets or instances in a dataset. It can be classified as
agglomerative clustering or divisive clustering based on the decomposition type formed. In agglomerative
clustering it starts with every instance building a distinct group and successively merge the instances or

clusters close to one another to the top level till the termination condition satisfied. However, the divisive
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clustering begins with all the objects in the similar cluster then successively in each iteration, a cluster is split
g beg ] y P

into smaller groups, till every instance are assigned to a cluster or a termination condition satisfied.

3.2.1.3 Density-Based Methods

Partitioning methods build clusters based on the distance among objects. It works well when a spherical
shaped cluster formed and challenged to discover clusters of arbitrary shapes. But in density-based clustering,
it divided instances into mutually exclusive clusters or hierarchy of clusters. The clusters continue to grow in
a given cluster if the density (number of objects or data points) near to a given radius exceeds some threshold
or minimum number of points. This method is effective in identifying outlier values and clusters of arbitrary

shape. Typically, density-based methods consider exclusive clusters only, and do not consider fuzzy clusters.

DBSCAN, OPTICS.

Table 2 : Overview on clustering methods adapted from [4].

Method General Characteristics

¢ Find mutually exclusive clusters of spherical shape.
e Distance based.

Partitioning
Methods

e May use mean or medoid to represent cluster centers.

e [Lffective for small-medium sized datasets.

e Clustering is a hierarchical decomposition (i.e. multiple levels).

Hierarchical °

Cannot correct erroneous merges or SphtS.

Methods e May include techniques like micro clustering or consider object linkages.

e Can find arbitrary shaped clusters.

e Clusters are dense regions of objects in space that are separated by low
Density-Based density regions.
Methods

e  Cluster density: each point must have a minimum number of points within

its neighborhood.

e  May filter out outliers.
y
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3.2.2 Clustering Algorithms Used in The Study

In this thesis partitioning based clustering methods were applied on each dataset to build mutually exclusive
assignment of instances to each cluster. This method is efficient in handling small-medium size datasets and
as well as numerical attribute values [4]. Because of these and other merits, partitioning based clustering
algorithms were used in the study. Among the variants of this clustering method, the performance of K-
means and EM algorithms were compared based on the quality clustering results for each dataset. Both
algorithms use centroids as representative of the cluster, and this is suitable to compare the clustering results.
According to [45] a cluster centroid is derived by the averaging value of the input fields over the number of
instances per cluster and it is considered as a prototype or representative of the cluster. Other clustering
algorithms such as the hierarchical algorithm look unsuitable for large dataset and lacks flexibility in
determining the cluster size. Thus, the cluster comparison was implemented only using the two clustering
algorithms. The detail on the working principle of K-means and expectation maximization (EM) clustering

algorithms are illustrated in the next section.

3.2.2.1 K-means algorithm

As discussed in [4] K-means is a centroid based method. For example, for a data set, [, containing 11 objects
in Euclidean space. Partitioning methods distribute the objects in D into £ clusters, CI, ... ,Ck, that is, C7
C Dand GG G = tor (I < 4, j < k). The objective function is to maximize within cluster similarity
and minimize between cluster similarity. As a partitioning method, K-means uses the centroid of a cluster,
(i, to represent that cluster. The difference between an object p € Crand ¢ the representative of the cluster,
is measured by dist (p, cr), where dist(x,p) is the Euclidean distance between two points xand y. The quality
of cluster C7 can be measured by the within cluster variation, which is the sum of squared error between all

objects in Crand the centroid ¢z, defined as:

k
E= Zi:l 2 pec; Aist(p, ci)? (3.0)

Where, E is the sum of the squared error for all objects in the data set, p is the point in space representing a
given object, and ci is the centroid of cluster ¢/ (both p and ci are multidimensional). Instead, for each object
in each cluster, the distance of an object from cluster centroid is squared, and the distances are summed. The
objective function tries to make the resulting k clusters as compact and as separate as possible. The working

principle of & -means algorithm is depicted in Fig 6.
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Figure 6 : K-means clustering algorithm, adapted from [4].
3.2.2.2 Expectation-Maximization (EM) Algorithm.

According to [12] EM algorithm is an iterative procedure to compute the maximum likelihood (ML)
estimate of data distribution usually for incomplete or missing datasets. In estimating the maximum
likelihood, the objective is to estimate the model parameter for which the data distribution is most likely. As
presented in [12,34], each iteration of EM algorithm has two steps. i.e. the E-step and the M-step. The
algorithm begins with estimating an initial parameter. Then, an expectation step is applied where the known
data values are used to compute the expected values of the unknown data. While in the maximization step
where the known and expected values of the data are used to generate a new estimate of the parameters. The
expectation and maximization steps are run iteratively till convergence. The detail working process is

described as follows:

E (Expectation step) step - is responsible to estimate the probability of each element belong to each cluster
P(C 5] Xk) . Each element is represented by an attribute vector X, . The relevance degree of the points of
each cluster is given by the likelihood of each element attribute in comparison with the attributes of the other

elements of cluster C 3.
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Where:
X is the input dataset.
M is the total number of clusters.

t is an instance and initial instance is zero.

M (maximization) step — in this step the parameters of the probability distribution of each group estimated
for the next step. First it computes the mean (1)) of class j obtained through the mean of all points in function
of the relevance degree of each point. The covariance matrix for each iteration is computed by using Bayes
theorem. The probability of occurrence of each class is computed through the mean of probabilities (C_j)
in function of the relevance degree of each point from the class. The mathematical formula for the EM

algorithm is:

Pj(t+1)=%ip(cj %) (3.3)

Where:

X is input dataset

N is the total number of clusters

t is an initial instance and initial instance is zero.

The general flow of the expectation maximization algorithm is diagrammatically represented as follows:
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Figure 7 : EM clustering algorithm, adapted from [34].

3.3 Cluster Interpretation

In [45] cluster interpretation is used to understand the resulting clusters and it comprises tasks such as
identification of the differentiating characteristics of each cluster through profiling using descriptive statistics

and charts. In general, cluster profiling mainly includes tasks like:

e  Compare clusters using clustermg fields — compare clusters based on centroid value to identify
attributes that differentiate each cluster.

e  Comparison of clusters with respect to other KPIs — the cluster can be profiled using external fields
not used for clustering such as KPIs and demographic variables.

e Visual exploration — visualization techniques such as charts and scatter plots are important to easily
identify the most differentiating fields.

e Labeling the segments - profiling and interpretation usually conclude by labeling of the clusters with

an informative nomenclature that reflect the unique characteristics of the segment.
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3.4 Cluster Result Validation or Evaluation Techniques

As shown in [S1], the evaluation of clustering results is not a developed process because clustering is usually
used as a data preprocessing step for other data mining tasks. Moreover, each clustering algorithm define its
clusters and there is a lack of commonly applied evaluation techniques. According to [2] cluster validation
refers to evaluating the appropriateness of the clusters derived from the dataset and conduct various
experiments by altering parameters for a better cluster solution. Additionally, cluster validation also indicates
determining the appropriate number of clusters. As shown in [4,51] cluster evaluation measures are

categorized as follows:

I. Unsupervised — measures a clustering structure with respect to internal information like SSE.

e  (luster Cohesion - measures cluster compactness or tightness and determine how closely related
the objects in the cluster are.
o  Cluster Separation — measures the distance or separation between clusters.

2. Supervised - measures the extent of similarity between the cluster result of an algorithm and the
external structure. It evaluates the level of similarity between the cluster label with externally supplied
class labels. It uses information outside of the dataset or out of the clustering attributes.

3. Other methods- methods used to assess the cluster result using qualitative cluster evaluation
techniques. According [45] cluster evaluation should also be supported by qualitative cluster
evaluation criteria. Such as:

®  Measurability: the characteristics of the segments can be measured and identified.

®  Substantiality: the segments should be large and profitable enough, worth to invest and
feasible to reach with a tailored marketing program.

®  Accessibility: the segments should be meaningful to the company to be effectively reached
and served.

o Differentiability: each segment needs to be distinguishable from others and to respond
differently to a marketing program.

®  Actionability: effective marketing programs can be carried out for the selected segments by
considering the objectives and resources of the company.

e Stability: is a key factor to be considered while evaluating the appropriateness of a

segmentation model.
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4 Business Domain Understanding and Data Preprocessing

Data mining commonly starts with an understanding of the problem domain and assessment of the gap in
the problem area to be addressed by the data mining task [45]. The key tasks accomplished for domain
understanding embrace document analysis, analysis of mobile service package development procedures or
templates and discussion with marketing experts. Then it is followed by identification or acquisition of
datasets and attributes essential for usage-based segmentation. The major tasks in the chapter are presented

in the following subsections.

4.1 Understanding of Business Domain

Understanding of the problem domain starts by doing critical activities like defining the business objectives,
selecting the segmentation criteria and determining the segmentation population [45]. Telecom marketing
assumes key responsibilities such as influencing customer usage behavior by offering mobile service packages.
The objective of offering these packages is for efficient utilization of network resources, improve customer
satisfaction and enhance the company revenue. In order to meet these objectives, the operator should apply
an efficient technique of identifying the level of differentiability in the customer base to enhance the insight
on the customer and propose segment targeted services to customers. However, the Ethiopian sole mobile
operator still concentrates on mass marketing strategy with little implementation of targeted marketing.
Identifying customers with a single dimension or attribute in the current segmentation approach has
limitations in fully extracting insight about customers’ needs, preferences, and usage behaviors. However,
mobile service package provisioning demands an effective assessment of the usage behavior of subscribers in

terms of preferred usage time, service preference and spending patterns of customers.

In this regard, CDR datasets comprise important features that reflect the actual usage behavior of subscribers
and hence the application of advanced clustering techniques is appropriate for handling large datasets with
many features and build the customer segments. The goal of segmentation is to group customers into a few
and manageable segments in order to design feasible marketing actions. The overall mobile service package

development process and its purpose are shown in Fig 8.
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Figure 8 : ethiotelecom marketing service package development process.

As presented in Fig 8, customer segmentation has been applied in the service packaging process to identify
different customer groups based on the similarity in behavior. The data sources of the segmentation were

mainly from survey data and summarized subscriber database data sources such as spending amount.
ly fi y data and d subscriber database dat h as spending t

4.1.1 Purpose of Customer Segmentation in ethiotelecom

Different segmentation techniques have been applied for various purposes such as enhancing the customer
insight and implement various marketing actions on the key marketing pillars of (Product, Pricing,
Places/sales channels, Promotion also called 4Ps). Though it is traditional and generic, customer
segmentation has been predominantly applied to distinguish customers into different segments for the

purpose of developing new products and customization of existing products.

4.1.2  Gaps in the Existing Segmentation Method.

The gaps in the existing customer segmentation approach was assessed from different perspectives such as
data sources used, segmentation techniques followed and flexibility or simplicity of the approach. It is

summarized as follows:

e Customer segmentation has been based on the easily inaccessible dataset and hence it is difficult to
conduct segmentation easily to assess the impact of new offers (mobile service packages) on the

customer service usage behavior. In addition, survey data collection is time-consuming and expensive.
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e The dataset and features used for customer segmentation are insufficient to reflect the actual usage
behavior of the customer.

® The segmentation type applied for the mobile service packaging process are less applicable.
According to [45] behavioral or usage-based segmentation is usually preferable for product
development since data sources for such type of segmentation can be directly accessible from the

company data warehouse or data store.

4.2 Initial Data Understanding

In this study, mobile subscribers CDR data was used to build usage-based customer segments. CDR data
reflects the actual subscribers’ usage behavior and mobile service packaging demand understanding of the
customer usage behavior, preference and potential. Attributes used as an in input to the clustering algorithm
were related to subscribers’ service usage amount, usage frequency, usage day and time, spending amount,
week to week usage plan, ...etc. In the study, attribute values were aggregated or summarized in a record to
indicate the usage behavior of subscribers. Hence information about each subscriber was summarized using
sum, average, frequency, and ratio. The main tasks in this subsection are discussion on the data acquisition,

data set description and data quality verification.

4.2.1 Data Acquisition

CDR data was extracted from the BICP platform of the CRM system. The database consists of a different
table on customer profile, customer type, usage time, usage amount, charge amount and other information
of the subscribers. The customer profile was aggregated with CDR information of each subscriber during
extraction and the service number of the subscriber was used to aggregate detail customer usage information

and uniquely identify the customers.

For this study, initially around 39,000 unique subscribers CDR data for a month period was collected. But
acquiring detail data on many subscribers for above a I-month period was impossible and as a result, CDR
data of samples customers were selected randomly. The sample was selected carefully to include customers
from each group based on spending amount. Then, using Weka resampling technique random sample of
7,502 subscribers were chosen and finally three months CDR data for the sample size was collected based
on the attributes prepared for the data request template. The data was saved from the source in a CSV file

format and converted to an excel file format for preliminary data preparation.
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4.2.2 Data Set Description

Data understanding is a critical step in the data mining process to grasp broad information about the dataset.
Visualization and statistical techniques were applied to understand the behavior of the dataset and the
distribution of customers. Weka has visualization options to understand the data using the histogram of each
attribute. Statistical techniques like minimum, maximum, mean, variance and standard deviation of attribute
values were also helpful in illustrating the dataset at least at a conceptual level. Moreover, the researcher's
experience in the domain was advantageous in identifying datasets and attributes relevant to usage-based

customer segmentation. Fig 9 shows the distribution of customers for a sample of voice dataset attribute
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Figure 9 : Histogram of distribution of instances for each attribute -voice dataset.
Figure 9 demonstrates the frequency of instance for each clustering attribute value and the differentiating

capability of variables to be used for clustering.

The dataset was extracted and prepared separately for each service type of voice, SMS and internet usage.
Since the CDR data consist of detail usage information, the data was aggregated based on service number
and additional attributes were constructed from the raw data to enrich the data quality. Therefore, the final

attributes used as an input for clustering purpose were briefly described as follows:
Voice Usage Dataset

The voice dataset comprises attributes that indicate the voice service usage behaviors of subscribers.

Attributes used for clustering of customers based on voice usage were vorusg min, avervorc_usgdays,
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aver_voicspend_br,

nightvocie_perc,

Wor](mg]zoarvozb_ perc,

ave_weekendvoicusg_perc and

avg_wroweekusgint. These attributes with other clustering input parameters such as cluster size and seed

value were provided to distinguish customers from the voice service usage dataset. The cluster size was

determined according to the cluster size determination step mentioned in Section 5.6. The description of

attributes used in the voice usage datasets are:

Table 3 : Description of voice service usage dataset.

Data
Attribute Type Description Unit Purpose

Monthly average voice service Usage  amount  in
voiusg_min Numeric = usage amount. Minutes = minute.
(Vum)

The average # of days of voice
usgdays_num Numeric | service usage per month. Number = Usage Frequency
(Udys)

The average monthly spending
voi_spen_br Numeric | on voice service. Br. Spending on voice.
(VSpBr)

The average of percentage of The proportion of
nighvoi_per night voice calls per month. night (0:00-7:00)
(NvP) % Usage during night hour. % voice call from their

(0:00 — 7:00) total minute.

The percentage of weekend The proportion  of
weekendvoci_per voice calls per month. Usage weekend (Sat. & Sun.)
(WvP) % during weekend days. % voice call from their

(Saturday & Sunday) total minute.
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The average of percentage of

calls made during working

The proportion of
working hour (9 -18)

workhrvoic_per % hours of the day. Usage during = % voice call from their
(WoVp) working hour. total minute.

(9:00— 18:00)

The average week to week The proportion  of
wtoweekusginte_voi  String voice service consumption plan =~ Yes/No | usage in a given week
(avg_wtoweekugint) from the total month usage. from the monthly

usage.
SMS Usage Dataset

The SMS dataset contains attributes insightful of the SMS usage behaviors of subscribers. The attributes

used for the clustering of customers based on SMS service usage were ror_smsusg_num, sms_usgdays,

tot_sms_spend_br, nightsms_perc, weekendsms_per, workinghrsms_per. These attributes with other

clustering input parameters such as cluster size and seed value are provided to establish customer segments

based on SMS service usage behavior. The attributes values of SMS usage dataset are described as follows:

Table 4 : Description of SMS service usage dataset.

Monthly average SMS service

SMS Usage amount

tot_smsusg num  Numeric usage amount. Number in number.
(SMSUN)

The average # of days of SMS
sms_usgdays Numeric service usage per month. Number Usage Frequency
(SMSUdys)

The average monthly spending
tot_sms_spend_br Numeric  on SMS service. Br. Spending on SMS.
(SMSSpBr)

The average of percentage of The proportion of
nightsms_perc % night SMS calls per month. % night (0:00-7:00)
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(NSMSP) SMS call from their
total number.

The average of percentage of The proportion of
weekendsms_per % weekend SMS calls per month. % weekend (Sat. & Sun.)
(WSMSP) SMS call from their

total number.

The average of percentage of The proportion of
wortkinghtsms_per % SMS sent during working hours = % working hour (9 -18)
(WoSMSP) of the day. SMS call from their

total number.

The average week to week voice the proportion of
wtwusginten_sms  String service consumption plan. Yes/No  usage in a given week

from the monthly
usage.

Internet Usage Dataset

This dataset contains attributes that reflect the internet usage behaviors of subscribers. Attributes used

clustering of customers based on internet usage are aveintusg MB, aver_Inter_usgdays, aver_intspend_br,

ave_weekendinrusg_perc, avg_wtoweekusgint. These attributes with other clustering input parameters such

as cluster size, seed size was provided to establish customer segments based on internet usage behavior. The

abbreviation of the values of the attributes of internet usage dataset are described as follows:

Table S : Description of internet service usage dataset.

Monthly average internet service Internet  Usage
Intusg MB Numeric  usage amount. MB amount in MB.
(TOMB)

The average # of days of Usage Frequency
Inter_usgdays Numeric internet service usage per month. = Number
(Udys)
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The average monthly spending Spending on

Intspend_br Numeric on internet service. Br. Internet.
(ISpBr)

The average of percentage of The proportion
weekendintusg_perc weekend internet usage per % of weekend (Sat.
(WIntP) % month. & Sun.) Internet

usage from their
total usage.

the  proportion

wtoweekusg_int String The average week to week of usage in a
(avg_wtoweekugint) internet service ~consumption given week from
plan. the monthly

usage.

4.2.3 Data Quality Verification

The CDR data was extracted from the BICP system as per the data request template prepared by the
researcher. However, minor computational errors and inconsistency on some attribute values were addressed
using manual computation by multiplying the usage amount with the tariff amount. Besides, attributes
irrelevant to the study were manually excluded from the dataset and instances with incomplete or missing
attribute value were excluded from the sample. The data quality was further enhanced by constructing

additional attributes to the original datasets.

4.3 Data Preparation

Data gathering methods are loosely controlled and might result in out of range values, wrong combinations,
missing values, and computational errors. Data quality highly affects the quality of the derived results and
hence the role of data preparation is vital in determining the quality of the results [33]. For data preprocessing
and visualization of clustering results tools such as Ms Excel, IBM SPSS and Weka were used. The explorer
environment of Weka comprises various features supportive of the data preprocessing tasks. The key data
preprocessing tasks supported by the filtering option of the tool includes resampling, feature selection,

dimension reduction, supervised and unsupervised standardization, discretization, correlation analysis, .. .etc.
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A considerable amount of time was spent for data processing and the main data preprocessing tasks applied

to prepare the data were presented as follows:

4.3.1 Data Cleaning

Data can be incomplete or lacking attribute values or containing errors, outlier and inconsistent values
[33,45]. Though it is possible to extract meaningful patterns from outlier values however, in this case, the
number of subscribers with extremely high attribute values was insignificant and hence these values were
manually excluded from the dataset. Thus, the data cleaning task was applied to the original dataset before
constructing additional features. The tasks in this stage include removing incomplete, erroneous, unnecessary

and redundant values manually.

4.3.2 Feature Construction

The original CDR data holds a few attributes directly used for clustering and hence additional fields were
constructed to further explain the customer behavior and improve data quality. It was constructed by using
sum, average, and percentage or ratio on the original dataset and additional attributes such as monthly

spending, usage amount, usage percentage were constructed.

4.3.3 Data Integration

The dataset used for customer segmentation in this study was extracted from a single source and the data
integration process was accomplished during the data extraction stage. The database expert integrated data
from the different tables such as customer base, customer profile, usage and charging system to generate the

requested data using the service number as a unique identifier.

4.3.4 Data Aggregation

To extract meaningful patterns, data aggregation task was applied to summarize the average value of each
attribute per subscriber in a single record. The value for each attribute indicates the average of the three

months value and hence every usage information about a subscriber is completed in a record.

4.3.5 Data Transformation

Data transformation means transforming the data in a way suitable for the data mining process. According
to [33] the key data transformation tasks include normalization, standardization, binning, data aggregation,

... etc. Standardization of values helps to adjust large difference in measurement values to be within a small
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range and minimize the effect of extremely different values on an algorithm [2]. Standardized values are
utilized to compare clusters using visualization techniques and identify the differentiating attributes. The
attribute values were standardized or normalized using Weka preprocessing standardization technique, which
was applied to numerical attribute values using the z-score standardization technique. It is mathematically

described as follow:

xX—p
o

(4.1)

Where:
X — The attribute value of an instance in the dataset.

4 - The mean value of a given attribute.
0 - Standard Deviation

Moreover, cluster centroid values were normalized to visualize separation between cluster centroid values for

each attribute simultaneously or to plot separation between attribute values per cluster in a single figure.

4.3.6 Attribute Selection

CDR data has no predefined class label to apply supervised attribute selection filter in Weka and hence the
attribute selection process was conducted during the data acquisition process to include essential attributes
for usage-based clustering. But EDA or visualization technique was applied to differentiate the customer
based on each attribute value. As Fig 9 shows, visualization technique like histogram slightly displays the
distribution of instances per attribute and it helps to consider attributes that can be used to distinguish
customers. Weka has a visualization option that indicates the difference in the usage behavior of the

subscriber.

4.3.7 Data Formatting

Data formatting was used to convert the file format of the dataset into a format suitable for the data mining

tool. Weka 3.8.3 is the main data mining tool used for clustering implementation. The tool supports data
of different formats such as CSV or ARFF file format. Nevertheless, Weka prefers the ARFF file format.
Thus, the CSV file format is converted into ARFF using the tool menu of Weka.
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S Usage Based Clustering Method and Implementation

In this study, K-means and EM algorithms were implemented to each service usage dataset to build usage-
based customer segments. Visualization and cluster profiling techniques were utilized to interpret the cluster
results. For the purpose of evaluation of the clustering results and to compare the performance of clustering
algorithms, different techniques were applied such as visualization, distribution of instances per cluster and
separation between cluster centroid. The major tasks in this chapter are summarized as cluster size
determination, comparison of the results of clustering algorithms, identifying cluster evaluation metrics and

cluster labeling.

5.1 Data Mining Tool Utilized in the Study

In this study Weka 3.8.3 is used for data preprocessing as well as implementing the clustering techniques to
CDR dataset. It supports various data mining tasks such as preprocessing, clustering, classification,
association rule, and visualization. The tool has suitable filtering options for data preprocessing purposes
with both a GUI and a command-line interface to support various clustering tasks. Besides this additional
packages or algorithms can be installed from the online repository. The tool was selected for clustering
implementation due to compatibility with the existing operating system and support for a wide variety of

clustering algorithms & data preprocessing capability.

5.2 Implementation Conditions

The clustering experiment was conducted on a separate voice, SMS, and internet usage datasets to build
customer segments. Attributes used for the clustering purpose were related to service usage amount, usage
time, usage day, usage frequency, spending amount and week to week usage plan of subscribers. The
conditions to be satistied for the implementation of clustering algorithms to each service usage CDR dataset

are:

32



® The cluster and seed size are used as an input parameter for each algorithm to build the clusters and
different experiments should run for each dataset to identify the optimal cluster and seed size
combination. Moreover, the same cluster size should be used in both K-means and EM algorithms.

® The performance of clustering algorithms should be compared for the same input parameters such
as cluster size, seed value, and other important parameters. The cluster quality is evaluated based on
the cluster evaluation techniques discussed in Section 5.8.

e Weka 3.8.3 is used for clustering implementation as well as data preparation with Ms-excel, and

IBM SPSS for data preparation. The installation of the data mining tool was done on a laptop with

the specification of Window 10,64-bit OS, core i7 with CPU of 1.9 GHz and 8 GB RAM.

5.3 Clustering Methods

Weka supports various clustering algorithms. In this study, the performance of K-means and EM clustering
algorithms were compared in terms of the quality of clustering results in differentiating customers based on
service usage behavior. These algorithms were selected because of the similarity or flexibility in determining
the required input parameters such as cluster size. Both algorithms use centroids as a cluster representative
and have lower execution time as well as memory requirements. Besides, both algorithms can handle a
combination of numeric and categorical attribute values. The detail on the working guides of K-means and

EM algorithms is discussed in Section 3.2.2.

5.4 Assumptions and Input Parameters

® The customer segments or the clusters should have well-separated centroid values for most of the
attributes and clusters with similar centroid values for most of the attributes indicate an overlapping
cluster. Moreover, customer class labels should be unique or non-overlapping.

e Customers in a segment or a cluster are assumed as homogenous to be treated under a common
service package offering regardless of variation within a cluster.

®  The distribution of instances per cluster should be large and feasible enough to propose viable service
packages and hence clusters with very small or large instances are not feasible for the study. As
discussed in [S3] the ratio of largest to the smallest cluster should be small to be good.

e Finally, the principal inputs for the clustering algorithm are preprocessed data set, clustering

attributes, seed value, and cluster size.
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5.5 Cluster Class Labeling

Cluster labeling aims to represent each cluster uniquely by a name representative of each segment behavior.
The class labels were allocated to each cluster based on a unique feature and it helps to easily identify the
derived cluster, compare cluster assignments and to make cluster analysis easily [45]. So, identifying

customers by a class label is easier than using the clustered index.

The usage amount attribute together with an additional unique feature was used to uniquely identify the
cluster through cluster labeling. Standardized values of each attribute were used to build graphs and label
clusters based on the unique features that differentiate the cluster. Attribute values were compared based on
the distance from the total dataset mean value. Hence, a value above the mean of the total dataset indicates
a very high or high value based on the bar length. While values below the mean of the total indicate very low

or low values. So, the length of the bar indicates the magnitude or deviation from the total mean value.

5.6 Cluster Size Determination.

Identifying the optimal cluster size is a critical task. One of the key input parameters in the clustering process
for the algorithms were the cluster size, which determines the number of customer segments to derive from
the dataset. Since the mobile service packages are offered based on the differentiability of the clusters, the
cluster size should not be too small or too large. At the same time, the distribution of instances per cluster
should be substantial to design a package. As discussed in [22,53] the distribution of instance per cluster
should be substantial or large and profitable enough to invest and hence the cluster ratio (largest to the

smallest cluster) recommended to be in 2:1.

K-means clustering algorithm requires the cluster size and seed value (data points) as a compulsory input to
derive clusters and hence identifying the optimal K needs conducting different experiments. For different
values of K, the clustering algorithm resulted in clusters with distinct instance distribution, iteration,
execution time and within-cluster SSE values. On the other hand, the EM clustering algorithm has both
manual and auto clustering options. The auto clustering option was used to decide on the maximum number
of clusters that could exist in the dataset. In the auto cluster size determination option, the cluster size was
determined by the clustering algorithm while for the manual option, it needs priori information on cluster

size to insert manually.
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In this study, the elbow method or distortion curve technique was used to identify the optimal K value in
the dataset, which depicts within-cluster SSE for each cluster. SSE value shows the variance within a cluster
and a cluster size with minimum within-cluster SSE value is preferable. As presented in [2] elbow criterion
is a rough rule of thumb to determine the number of clusters to be chosen. Depending on this method,
increasing cluster size beyond a certain value has little impact on reducing the SSE value and the point where
the marginal gain is low is called the optimal point. But in the service usage CDR dataset, the method was
not free from doubt to identify the elbow point easily. So, the cluster size derived from the auto clustering
option was used to set a threshold K value and it receives the judgment of the researcher to decide the elbow

point by considering the clustering purpose.

5.7 Clustering of Customers Based on Service Usage Dataset

The clustering algorithms were applied to each service of voice, SMS and internet usage datasets to analyze
the differentiability in service usage behaviors of customers. The sample size and number of attributes for

each service usage dataset were described as follows:

e Voice dataset has 7,501 unique instances and seven attributes.
e SMS dataset has 7,501 unique instances and seven attributes.

e Internet dataset has 7,501 unique instances and five attributes.

5.7.1 Clustering of Voice Usage Dataset

Cluster Size Determination on Voice Dataset

Based on the cluster size determination technique mentioned in Section 5.6, from different trials of K-means
algorithm to voice usage dataset, the cluster size K=5 and seed value of 1000 provides in minimum within-
cluster SSE. Therefore, it is identified as the optimal cluster size for voice usage dataset. Figure 10 shows

results of the elbow criterion for voice usage dataset.
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Figure 10 : Elbow curve of voice dataset

The auto cluster size determination option of the EM algorithm was applied to the same dataset and
identified about 13 overlapping clusters indicated by very close centroid values for most of the attributes.
Based on the qualitative cluster evaluation techniques mentioned in Section 5.8, the cluster size was vast and
inefficient to design differentiated voice service packages. Therefore, the auto cluster size result of the EM
algorithm was abandoned, and the cluster size determined from the elbow curve as K=5 will be used as an
optimal cluster size for voice dataset. As Figure 10 indicates, increasing cluster size beyond K=S5 has little
impact in reducing the marginal within cluster SSE and it results in overlapping clusters indicated by similar
centroid values. Therefore, highly cohesive (indicated by low SSE) and separated clusters can be derived from

the voice usage dataset when K=35.

To build the customer segments, the clustering attributes with cluster size and seed values were provided to
each clustering algorithms. The detail on the working principles of both algorithms were addressed in Section

3.2.2.
K-means Clustering on Voice Dataset.

Based on the cluster size, seed value and other input parameters the clustering results of the K-means
algorithm are presented in Table 6, with a heat map table comprising centroid values. A heat map is a table
in excel used to show the difference between values using colors. The green color indicates “Highest” values
and red color indicates the “lowest” values. The clustering result consists of numeric centroid value for each
attribute per cluster, distribution of instances per cluster, time taken to build the model, the number of
iterations done to complete the execution and within-cluster SSE. But in this study, the most important
values to compare the cluster solution were the distribution of instances, within-cluster SSE and attribute

centroid value. These metrics used to compare and evaluate the quality of the clustering results.
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Table 6 : Behavioral distribution of voice service usage - K-means Clustering.

Cluster #
0 I 2 3 4
Attributes 658(9%) | 1867(25%) | 1206(16%) | 2273(30%) | 1497(20%)

VUM 924
Udys 12

VSpBr 447
NvP 0.IT
WvP 0.33
WoVp 0.63
avg_wtoweekugint Yes

PATMErmurm ridpoint Maximurm

| S ” |Percentile | S " |Highest WwWalue | T "

walue: |(Lowe5‘t walue) |£ I |50 | -~ I |{Highe5t walue) | - I

Color:

Tywpe: | Lowest Walue

As Table 6 demonstrates, from the total instances 30% of customers were assigned to C3 and 25% were
assigned to C2 while 9% assigned to CO. The separation between clusters is indicated by colors for each
clustering field (green color-highest values & red- lowest values). According to the heat map table, customers
in Cluster] had the highest VUM, NvP & Udys values. On the other hand, customers in Cluster2 had the
lowest VUM, Udys & other values. Customers in CO consume above 50% of their voice service in a given

week of the month.
Expectation-Maximization (EM) Algorithm

To compare the performance of the clustering algorithm, the same datasets and input parameters used for
K-means were applied to the EM algorithm to build customer segments and Table 7 shows the clustering
result of the EM algorithm.
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Table 7 : Behavioral distribution of voice service usage - EM clustering.

Cluster #
0 I 2 3 4
Attributes 2052(27%) | T471(20%) | 1402(19%) | 856(11%) | 1720(23%)
VSpBr 109.6 -— 56.8
i o >
e | e | o [ oo
avg_wtoweekugint No No ‘ﬁﬁﬁ

As Table 7 demonstrates, 27% of customers were assigned to CO and 1% were assigned to C3. All clusters
had a proportionate week to week usage plan. According to the heat map table, customers in Cluster3 had
the highest VUM, Udys & NvP values. On the other hand, customers in Cluster2 had the lowest VUM &
Udys.

5.7.2 Clustering of Internet Usage Dataset

Cluster Size Determination on Internet Dataset

Based on the cluster size determination technique mentioned in Section 5.6, from the different trials of the
K-means algorithm to the Internet usage dataset, the cluster size K=6 and seed value of 100 resulted in
minimum within-cluster SSE and hence it is identified as the optimal cluster size for internet usage dataset.

Fig. IT shows the results of the elbow criteria for internet usage dataset.
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Figure 1T : Elbow curve of internet dataset.
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The auto cluster size determination option of the EM algorithm was also applied to the same dataset and
identified about 8 clusters of overlapping centroid values. It is closed to the results obtained from the elbow
method. But for a better cluster quality with dissimilar centroid values, the auto cluster size of the EM was
rejected, and the cluster size determined from the elbow curve at K=6 used as an optimal cluster size for the
internet dataset. Fig 11 shows within-cluster SSE per cluster and according to the figure, increasing the
cluster size beyond 6 has little impact in reducing the marginal within-cluster SSE and it results in
overlapping clusters of similar centroid values. Hence compact (indicated by low SSE) and separated clusters
can be derived from the internet usage dataset at K=0. Thus, the clustering attributes with cluster size and
seed values were provided to the clustering algorithms to build the customer segments. The clustering result

of K-means and EM algorithm for Internet usage dataset are presented here.
K-means Clustering

Based on the input parameters such as cluster size, seed value and other input parameters, Table 8 presents
the clustering result of K-means clustering algorithm. It consists of numeric centroid values per attribute for
each cluster, distribution of instances per cluster, time taken to build the model, the number of iterations
done to complete the execution & within-cluster SSE. But the most important values to compare the cluster
solution was the distribution of instances, within-cluster SSE and attribute centroid value. These values were

useful in evaluating the feasibility of the clustering results and the separation between customer segments.

Table 8 : Behavioral distribution of internet service usage - K-means clustering.

Cluster #
0 I 2 3 4 S
1924 647 1426 1350 352 1302

Attributes (26%) (9%) (19%) (18%) (11%) (17%)
IUMB
IUdys
ISpBr
WintP
avg_wtoweekugint




As Table 8 shows, 26% of customers were assigned to CO and 19% are assigned to C2 while 9% were
assigned to CI. According to the heat map table, customers in Cluster2 had highest IUMB & IUdys values.
On the other hand, customers in ClusterO had lowest IUMB & IUdys values. Customers in CO, C3 & C4
had very close or similar internet usage amount but vary on at least one of the remaining attributes. Customers

in CI & C3 consumed above 50% of their internet service in a given week of the month.
Expectation Maximization (EM)

To compare the performance of the clustering algorithm, the same datasets and input parameters used for
K-means are used the EM algorithm to build customer segments and Table 9 shows the clustering results of

EM algorithm.

Table 9 : Behavioral distribution of internet service usage - EM clustering.

Cluster #
0 I 2 3 4 5
2141 1065 2127 1020 923 225
Attributes (29%) | (14%) | (28%) | (14%) | (12%) | (3%)

7.2
WintP 0.23 -‘ 0.25 0.27 ‘: 0.29
avg_wtoweekugint No ‘ Yes ‘ Yes No ‘ No No

According to Table 9, from the total instances, 29% of customers were assigned to CO and 3% were assigned

to CS. Customers in CI & C2 had unproportionally week to week usage intensity per month. According to
the heatmap table, customers in CS had high ITUMB, WlntP & IUdys values. On the other hand, customers
in Cluster4 had the lowest IUMB & IUdys values. The algorithm resulted in clusters of closed centroid value

for most of the attributes such as CO & CI.

5.7.3 Clustering of SMS usage dataset

Cluster Size Determination on SMS Usage Dataset
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Based on the cluster size determination technique mentioned in Section 5.6, from the different trials of K-
means algorithm to SMS service usage dataset, the cluster size K=6 and seed value of 10 resulted in minimum
within cluster SSE and hence it is identified as an optimal cluster size for SMS usage dataset. Fig. 12 shows

the results of the elbow criterion for SMS usage dataset.
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Figure 12 : Elbow curve of SMS dataset.

The auto cluster size determination option of the EM algorithm is tested on the same SMS usage dataset
and identified six customer segments. The auto clustering result of the EM exhibit similar results with the
elbow method and hence the result identified by the elbow method can be used as a cluster size input
parameter for clustering. Fig 12 shows within-cluster SSE per cluster and according to the figure, increasing
the cluster size beyond 6 has little impact in reducing the marginal within-cluster SSE and it can also impact
the cluster quality by identifying overlapping clusters of similar centroid values. Hence compact and well
separated clusters can be derived from the SMS usage dataset at K=6. The clustering results of K-means and

EM algorithm on the SMS usage dataset are presented here.
K-means Clustering,

Based on the input parameters such as cluster size, seed value and other input parameters Table 10 displays
the clustering results of K-means clustering. The clustering results consists numeric centroid value per
attribute for each cluster, distribution of instances per cluster, time taken to build the model, the number of
iterations done to complete the execution & within cluster SSE. But in this research the most important
values to compare the cluster solution were the distribution of instances, within cluster SSE and attribute
centroid value. These values were helpful to evaluate the feasibility of the clustering results and the separation

between customer segments’
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Table 10 :

Behavioral distribution of SMS service usage - K-means Clustering.

Cluster #

Attributes

0

I

2

3

4

S

1112(15%)

SMSUN

SMSUdys

SMSSpBr

NSMSP

WSMSP

WoSMSP

WtWint

844(11%)

3572(48%)

584(8%)

858(11%)

531(7%)

According Table 10, from the total instances 48% of customers were assigned to C2 and 7% were assigned

to CS. According to the cluster result heatmap table, customers in CI had highest SMSUN & SMSUdys

values. On the other hand, customers in Cluster2 had lowest SMSUN & SMSUdys values. Customers in CO,

C3 & C4 consumed above 50% of their SMS service in a given week of the month which means

unproportionate weekly usage plan.

Expectation-Maximization (EM) Algorithm

To compare the performance of the clustering algorithm, the same datasets and input parameters used for

K-means are used by the EM algorithm to build customer segments and Table 11 displays the clustering
results of EM algorithm.




Table 11 : Behavioral distribution of SMS service usage - EM Clustering.

. 0 I 2 3 4 5
Actributes 3862(51%) | SI4(7%) | 705(9%) | 795(11%) | 1028(14%) | 597(8%)
SMSUN 14.1 14 121
L BRSNS
s [ e e ey
v mMA o e o
wowr [N e o [em [wm o0
L I B B N B I

According to Table I1, from the total instances SI1% of customers were assigned to CO and 7% were assigned
to CI. Customers in CI, C2, C3 & C4 had unproportionally week to week usage intensity per month.
According to the heatmap table, customers in ClusterS had highest SMSUN & SMSUdys values. On the
other hand, customers in ClusterO had lowest SMSUN & SMSUdys values. The algorithm resulted in

clusters of closed centroid value for most of the attributes such as CO & C4.

5.8 Cluster Results Evaluation Methods

The goal of clustering is to build customer segments with differentiated service usage behavior. According
to [S1]agood clustering result is highly cohesive internally and well separated from the other clusters. Within
cluster variance is used to evaluate the internal quality of the cluster and distance between centroid value
reflects the separation of the resulting clusters. In this thesis, different cluster evaluation techniques and
metrics are applied to validate cluster results as well as compare the performance of clustering algorithms for
each service usage dataset. The purpose of cluster evaluation is to assess the suitability of the clustering results
and compare clustering algorithms' performance in building quality customer segments. The detail of cluster
evaluation techniques is mentioned earlier in Section 3.4. The CDR data has no class label feature to be used
as a ground truth in evaluating the cluster quality using extrinsic or supervised techniques. Hence, internal
methods of cluster quality evaluation techniques will be applied to the study. The cluster evaluation

techniques applied in this study to evaluate the clustering results are summarized as follows:
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5.8.1 Internal Methods of Cluster Evaluation

Within Cluster Sum of Squared Error (SSE)

It shows the variance in a cluster for each attribute value and small variance is expected for compact clusters.
According to [S1] one of the internal measures of cluster quality is Within cluster Sum of Squared Error. It

was applied before to determine the optimal cluster size in the dataset in the cluster size determination step.
Cluster Distribution

It shows the number of instances assigned per cluster and cluster labels are used to identify the distribution
of instances per cluster instead of the cluster index. Mobile service packages are offered per segments and
hence the cluster size should be large enough and feasible. Therefore, clusters should not be extremely small
or too large. According to [22] qualitative cluster evaluation techniques are used to evaluate the cluster
distribution as well as applicability of the clustering results to propose an applicable marketing action. The

qualitative criteria are:

®  Measurable: the attributes used to distinguish customer are measurable as the most important
attributes  used to build the cluster are related to usage amount, usage time, spending amount.

®  Substantial: the distribution of instances per cluster should be substantial and feasible enough to
mvest in.

®  Accessible: the customer segments are built using easily accessible CDR data that indicates
substantial usage behavior and hence the derived results applicable for offering customer centric
mobile packages.

e  Differentiable: as indicated in the cluster result table, customers in each segment have differentiated
centroid value for most clustering attributes and hence the segments are distinguishable. It is
indicated by different colors in the heatmap table for each attribute value per clustering algorithm.

®  Actionable: the number of clusters in this study is less than 6 and this segment size is manageable

and easily actionable.
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Separation of Attribute Values

The separation between cluster is indicated by distance between centroid values. According to [2] the

attribute values per cluster should be well separated. Very close or similar centroid values are an indicator of

poor clustering results or overlapping clusters.
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6 Results, Evaluation and Interpretation

This chapter discuss and compare the clustering results of K-means and EM algorithm. Clustering algorithms
were compared based on the cluster evaluation techniques presented in Section 5.8 to identify an algorithm
suitable for the clustering of customers. Moreover, the cluster results were interpreted for a better

understanding of the results using descriptive methods and visualization techniques.

6.1 Evaluation of Clustering Results

The clustering results of K-means and EM clustering algorithm were compared for each service usage dataset
based on the key metrics such as distribution of instances, within cluster cohesion, & separation between

cluster centroid values per attribute.

6.1.1 Comparison of Clustering Results for Voice Dataset

Different cluster evaluation techniques were used to compare the algorithm’s result for the voice usage dataset.
One of the techniques to evaluate the clustering result was based on the distribution of instances in each
cluster or cluster ratio. To make the cluster comparison identifiable, cluster labels were used instead of the
cluster index. Because the cluster labels indicate the type the customer segment, the cluster labeling was mainly
based on the usage amount level and other unique features. Based on the cluster centroid of Table 6 and 7,

Figure 13 shows the distribution of instances.
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Figure 13 : Distribution of instances per cluster -voice dataset.
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According to Figure 13, five clusters of unique class labels were derived from the voice dataset by both
clustering algorithms. Based on the distribution of instances per cluster the smallest cluster size for K-means
was 9% and 11% for EM clustering. The cluster ratio of K-means was 3.3:1 while for EM, it was 2.4:1.
Hence the cluster ratio of EM algorithm was closed to the recommended value mentioned in Section 5.8.
The clusters were also compared based on the compactness of the cluster indicated by low variance for
clustering attributes as the box plot or Fig 14 shows. Mobile services are designed for segments and it should

be close to instances in a cluster to meet the needs of customers in a segment.
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Figure 14 : Within cluster variance per cluster for VUM attribute.

According to the Fig 14, based on the VUM attribute the clustering results of K-means clustering algorithm
had high level of within-cluster variance (deviation from cluster centroid value) for all customer segments
but the EM built compact clusters except to cluster 3. Thefore, EM algorithm established compact clusters

for the voice usage dataset.

The other technique was the separation between clusters. According to [45] well-derived clusters should have
well-separated centroid value for most attributes per cluster. For this purpose, visualization technique was
used to compare the separation between clusters and normalized numeric attributes values were used as input
for clustering. Weka has a filtering option to normalize the numeric attribute value. According to [2]
normalization of used to minimize the difference between very large and small values in a small range i.e.
between [0,1]. This helps to easily visualize large and small values in a single figure to make comparison

simpler. Figure 15 shows the separation between attribute values.
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Figure IS : Separation of cluster centroid value per attribute -voice dataset.

Both clustering algorithms (K-means & EM) build well separated customer segments for most of the centroid
values of voice dataset. As Fig IS indicates, based on VUM attribute K-means derived two clusters of closed
centroid values such as C2 & C4. But for the same attribute, EM identified relatively well-separated clusters.
In the figure, the value of WoVp was very close for most of the clusters in both algorithms and hence it
shows that the variable is a weak predictor to differentiate customers based on their service usage as majority

of customers made most of their voice calls during working hours.

The quality of results of both clustering algorithms on the voice service usage dataset are compared based on

the evaluation metrics summarized in Table 12.

Table 12 : Summary of performance of clustering algorithms - voice dataset.

Evaluation Metrics K-means EM Better Values
[2,3,53]
Cluster Ratio
(largest ro smallest) 3.3:1 2.4:1 2.0:1
Cluster Cohesion
(Variance) High Low Low
Cluster Separation Good Good well separated

In general, for most of the cluster evaluation techniques, the EM clustering algorithm exhibited better
g q g alg
performances in establishing quality clusters for the voice usage dataset than the K-means clustering. The

clustering result of the EM algorithm is discussed in the next subsection.
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6.1.2 Comparison of Clustering Results for Internet Dataset

Clustering results for internet dataset was evaluated using various metrics. One of the techniques to evaluate
the clustering result was based on the distribution of instances in each cluster. Just like the voice dataset
cluster labels were used instead of the cluster index. Based on Tables 8 and 9 of the clustering results of

Internet dataset, Figure 16 shows the distribution of instances.
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Figure 16 : Distribution of instances per cluster - Internet dataset.

According to Fig 16, both clustering algorithms established six clusters with six unique class labels. Based on
the distribution of instances per cluster the smallest cluster size for K-means was 9% and 3% for EM
clustering. The cluster ratio of K-means was 2.8:1 while for EM, it was 9.6:1. Hence the cluster ratio of K-
means was closed to the recommended value mentioned in Section 5.8. Based on this metric, the clustering
results of the K-means algorithm is suitable for mobile service packaging. Furthermore, clusters should be
internally cohesive indicated by low variance on clustering attributes as Figure 17 demonstrates with a box

plot.
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Figure 17 : Within cluster variance per cluster for IUMB attribute.

49



According to Figure 17 based on the IUMB attribute, the clustering results of the K-means clustering
algorithm had a high level of within-cluster variance (deviation from cluster centroid value) for all the clusters.
However, the EM algorithm resulted highly cohesive clusters except to cluster 5. Therefore, EM established
compact clusters for the internet usage dataset. The other metric to compare the derived cluster was using
separation between clusters. It is based on the distance between clustering attributes centroid value. According
to [45] clusters are expected to have well-separated centroid value for most of the attributes per cluster.
Visualization technique was used to compare the separation of clusters and for this purpose, normalized

numeric attribute values were used as input for clustering. Figure 18 shows the separation between attribute

values.
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Figure 18 : Separation of cluster centroid value per attribute - Internet dataset.

Both clustering algorithms (K-means & EM) built customer segments highly separated by most of the
centroid values from internet usage dataset. But the clustering result of the EM algorithm were relatively
well-separated. According to Figure 18 based on the IUMB attribute, both algorithms identified three
clusters of closed centroid values such as CO, C3 & C4 for K-means and CO, CI & C4 for EM algorithm.
But they were differentiable for the rest of the attributes. This indicates different usage behavior regardless
of similarity in usage amount. In both algorithms, the IUdys was well separated and hence it was a good
predictor to differentiate customers based on internet usage behavior. In both algorithms, the usage amount

attribute was a weak variable to differentiate customers.

Table I3 presents the summary of the clustering algorithms performance compared based on the evaluation

metrics.
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Table 13 : Summary of performance of clustering algorithms - Internet dataset.

Evaluation Metrics K-means EM Better Values
2,3,53]
Cluster Ratio
(largest to smallest) 2.8:1 9.6:1 2.0:1

Cluster Cohesion
(Variance) High Low Low

Cluster Separation
Good Good Well Separated

In general, both algorithms build clusters of separated centroid values. But K-means builds clusters with fair
distribution of instances per cluster. On the other hand, EM algorithm establish compact clusters with low
level of within cluster variance. Since cluster ratio is an essential metrics to propose feasible service package
offers, the results of K-means algorithm preferable than the EM algorithm for the internet dataset. Therefore,

the clustering result of the K-means algorithm was further discussed in the next section.

6.1.3 Comparison of Clustering Results for SMS setvice usage Dataset

Clustering results for SMS dataset was evaluated using various metrics. One of the techniques to evaluate the
clustering result was based on the distribution of instances in each cluster. Just like the voice and internet
dataset cluster labels were used instead of the cluster index for SMS dataset. Based on Table 10 and 11 of

the clustering results of the SMS dataset, Figure 19 shows the distribution of instances.
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Figure 19:Distribution of instances per cluster - SMS dataset.
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According to Figure 19, both clustering algorithms established six clusters of unique class labels. Based on
the distribution of instances per cluster the smallest cluster size for both clustering algorithms was 7% but
the cluster ratio of K-means was 6.8:1 while for EM, it was 7.2:1. Hence the cluster ratio of K-means is
closed to the recommended value mentioned in Section 5.8. Hence, based on this qualitative metric, the

clustering results of K-means algorithm is suitable for mobile service packaging.

Furthermore, the compactness of clusters was indicated the variance within a cluster for each clustering filed
using box plot of Figure 20. Mobile service packages designed for each segment should address the needs of

most of the instances in the segment.
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Figure 20 : Within cluster variance per cluster for SMSUN variable - SMS dataset.

According to Figure 20, based on the SMSUN attribute both algorithms identified clusters with a high level
of variance. Relatively the clustering results of the EM clustering algorithm had compact clusters with
minimum within-cluster variance for most of the customer segments except to cluster S but the clustering
results of K-means had a high level of within-cluster variance for most of the clusters. Therefore, EM

established highly cohesive clusters for the SMS usage dataset.

The other technique to compare the derived cluster is a separation of customer segments. It is based on the

distance between clustering attributes centroid value. Figure 21 shows the comparison of the attribute values.
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Figure 21 : Separation of cluster centroid value per attribute - SMS dataset.

The application of clustering algorithms (K-means & EM) on the SMS usage dataset established customer
segments highly separated by most of the centroid values. According to Figure 21, based on SMSUN
attribute K-means algorithms identified differentiated clusters with separated centroid value. But for the same
attribute EM clustering identified clusters with very close value such as CI, C2 & C3 though they were
differentiable on the remaining attributes. In both algorithms, WoSMSP & WSMSP values were well
separated and hence these attributes are a good predictor to differentiate customers based on SMS usage

behavior. In both algorithms, the usage amount attribute was a weak variable to differentiate customers.
The clustering algorithms were compared based on the evaluation metrics and summarized in Table 14.

Table I4 : Summary of performances of clustering algorithms on SMS dataset.

Evaluation Metrics K-means EM Better Values
[2,3,53]

Cluster ratio (largest to
smallest) 6.8:1 7.2:1 2.0:1

Cluster cohesion
(Variance) High Low Low

Cluster separation well separated
Good Good

In general, both algorithms build clusters of separated centroid values. But K-means builds clusters with fair

distribution of instances per cluster. On the other hand, EM algorithm establish compact clusters with low
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level of within cluster variance. Since cluster ratio is an essential metrics to propose feasible service package
offers, the results of K-means algorithm preferable than the EM algorithm for the SMS dataset. Therefore,

the clustering result of the K-means algorithm was further discussed in the next section.

6.2 Interpretation of Clustering Results.

The cluster profiling technique was used to interpret and understand the clustering results of each algorithm.
Thus, cluster attribute values were standardized to minimize the large difference between values and visualize
in a graph. Weka’s filtering options support the standardization of numeric attribute values. The
characteristics of the customer in each segment and differentiating attributes were represented using bar
charts. The value in the Y-axis shows standardized attribute value, the x-axis shows the cluster index and the
horizontal line with zero value shows the total population mean value. Hence any value above the total mean
value shows the highest value and below it indicates lower values based on the deviation of the bar from the
horizontal line. The length of the bar indicates the deviation from the total mean value. As discussed in
Section 5.5, the cluster labeling was done based on the deviation of the cluster from the total mean value for
each attribute. This was helpful to uniquely identify the characteristics of each cluster and attributes to

efticiently differentiate each cluster.

6.2.1 Cluster Profiling and Interpretation-Voice Dataset

Based on the cluster evaluation techniques applied to the voice usage dataset, the EM clustering algorithm
derived well separated, and highly cohesive clusters and it was described using cluster profiling technique.
Figure 22 illustartes the behavioral profile of the EM clustering algorithm for voice service usage dataset,

which describe the difference in usage behavior between cluster.
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Figure 22 : Segment characteristics of EM clustering-voice dataset.

54



The segment revenue contribution, cluster size and other characteristics of the clustering result of the EM
algorithm were described and the preferred service package options are forwarded after analyzing the
customer usage behavior in each segment. The behavioral profile of the derived customer segments of the

EM clustering algorithm on voice usage dataset are described as follows:

Cluster_0: light weekend voice user
Contribution to voice revenue — 10%
According to Table 7, it is the largest cluster with 27% of customers assigned to this segment and they have
a proportionate week to week consumption plan. Figure 22 shows that customers in this segment have a low
voice usage amount with a few days per month usage frequency. Customers have very high weekend voice
calls and high working hours and night voice calls. VUM in negative and WvP in a positive direction are

most differentiating attributes.

Cluster_I: frequent heavy voice users
Contribution to voice revenue — 29%
Table 7 shows that 20% of customers are assigned to this segment and they had a proportionate week to
week usage plan. Figure 22 shows that customers have high VUM and very high Udys frequency per month.
A medium volume monthly voice package is the preferred marketing approach. Udys is the most
differentiating attribute.

Cluster_2: very light voice user
Contribution to voice revenue — 2%
Table I1-shows that 19% of customers are assigned to this segment and proportionate week to week usage
plan. According to Figure 22, customers have a very low VUM and Udys frequency and very low WvP, NvP
& WoVp call usage. Udys variable is the most differentiating in a negative direction. Low volume voice
packages, especially on working hours, is a suitable approach.

Cluster_3: Exclusive voice users
Contribution to voice revenue — 41%
Table 7 shows that 11% of customers are assigned to this segment and they had a proportionate week to
week voice usage plan. Customers had high VUM, Udys, and VSpBr. The WvP voice call ratio is relatively
low. Premium monthly voice packages are preferable. VUM in positive and WvP in negative direction were

the most differentiating attributes.
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Cluster_4: medium frequent voice users
Contribution to voice revenue — 18%
According to Table, 7,23% of customers are assigned to this segment and they had a proportionate week to
week voice usage plan. Customers in this segment had low VUM with high Udys frequency per month.
Customers in this segment have relatively high WvP. VUM and Udys frequency are the most differentiating
variables in positive and negative direction respectively. Offering weekend and working hour voice packages

are more suitable.

In general, the VUM or VSpBr & Udys are the most important predictors to differentiate customers from
the voice dataset. Figure 23 shows the inter-cluster difference of clustering results of the EM algorithm based
on the two attributes or predictors (VUM & Udys). It shows the distribution of instances based on the

monthly voice usage amount and usage day frequency of customers.
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Figure 23 : Distribution of instances per cluster for VUM(a) & Udys (b) attributes-EM.

Based on Figure 23, Customers in C3 have high VUM with very high usage days frequency per month. On

the other hand, customers in C2 have very low voice usage with a few days per month usage frequency.

6.2.2 Cluster Profiling and Interpretation-Internet Dataset

Based on the cluster evaluation techniques applied, the K-means clustering algorithm established well
separated, substantial and relatively stable customer segments than EM for internet datasets. The segments
were described using the cluster profiling technique. To profile the cluster, the standardized attribute values

of the internet usage dataset were provided for the K-means clustering algorithm. Figure 24 illustrates the
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clustering results of the K-means clustering algorithm, which describe the difference in usage behavior

between cluster.
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Figure 24 : Segment characteristics of K-means clustering -Internet dataset.

The segment revenue contribution, cluster size and other characteristics of the derived customer segments of
the K-means algorithm was described and the service package options are forwarded after analyzing the
customer usage behavior in each segment. The behavioral profile of the derived customer segments of the K-

means clustering algorithm on internet usage dataset were described as follows:

Cluster_0: occasional Light internet users
Contribution to internet revenue — 3%
According to Table 8, It is the largest cluster with 26% of customers are assigned to this segment and they
have a proportionate week to week consumption plan. Figure 24 indicates that customers in this segment
have low IUMB with very few days IUdys per moth usage frequency. Moreover, customers in this segment
have very low WIntP usage. IUdys frequency and WIntP are the differentiating attributes on the negative
side. Low volume daily internet packages are suitable.

Cluster_1I: heavy frequent internet users
Contribution to internet revenue — 4%
According to Table 8, the smallest cluster with 9% of customers are assigned to the cluster. Customers in
this segment have high IUMB with very high IUdys frequency. They also have high WIntP. IUdys is
differentiating variable in a positive direction. Consume >50% of total internet usage in a given week of the

month. Medium volume fortnight internet packages are preferable.
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Cluster_2: Exclusive internet users
Contribution to internet revenue — 62%
According to Table, 8,19% of customers are assigned to this cluster. Based on Figure 24. Customers have
high IUMB, IUdys & WIntP and proportionate week to week consumption plans. IUdys frequency is a

differentiating variable in a positive direction. large volume monthly internet packages are preferable.

Cluster_3: light internet users
Contribution to internet revenue — 3%
According to Table 8,18% of customers are assigned to this segment Consume >50% total internet usage
in a given week of the month. Based on Figure 24 customers in this segment have low IUdys frequency and
high WIntP. These variables are the cluster differentiating in the negative and positive direction respectively.

Small volume of weekly internet packages is preferable.

Cluster_4: light weekend internet users
Contribution to internet revenue — 2%
According to Table, 8,11% of customers are assigned to this segment and they have a proportionate week
to week internet usage plan. Based on Figure 24 customers in this segment have low IUMB with few days
per month IUdys and they prefer internet usage on weekends. WlntP is the differentiating variable of the

cluster. Small volume weekend internet packages are suitable.

Cluster_5: medium frequent internet users
Contribution to internet revenue — 16%
According to Table 8, 7% of customers are assigned ton this segment and they have a proportionate week
to week internet usage plan. Based on Figure 24 they have medium IUMB with high IUdys frequency per
month. IUdys variable differentiates the cluster. A small volume of monthly internet packages week is

suitable.

In general, IUdys and WlntP are the most important predictors to differentiate customers from internet
usage dataset. Figure 25 shows the difference in usage behavior of the clustering results of the K-means
clustering algorithm based on these attributes. It shows the distribution of instances based on the monthly

internet usage amount and usage days frequency of customers' attributes.
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Figure 25 : Distribution of instances per cluster for IUdys(a) & WIntP(b) attributes-K-means.

Based on Figure 25 Customers in Cluster2 have high usage days frequency per month. On the other hand,

customers in CO have very low internet usage on weekends with few days per month usage frequency.

6.2.3 Cluster Profiling and Interpretation-SMS Dataset

Based on the cluster evaluation techniques applied to the SMS usage dataset, the K-means clustering
algorithm established well separated, substantial, relatively stable customer segments than EM. The resulting
segments were described using the cluster profiling technique. To profile the cluster the standardized
attribute values of the internet usage dataset were provided for the K-means clustering algorithm. Fig 26
illustrates the clustering results of the K-means clustering algorithm, which describe the difference in usage

behavior between cluster.
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Figure 26 : Segment characteristics of K-means clustering - SMS dataset.
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The segment revenue contribution, cluster size and other characteristics of the derived customer segments of
the K-means algorithm was described and the preferred service package options were forwarded after
analyzing the customer usage behavior in each segment. The behavioral profile of the derived customer

segments of the K-means clustering algorithm on the SMS usage dataset was described as follows.

Cluster_0: Heavy night SMS users
Contribution to SMS revenue — 22%
According to Table 10,15% of customers are assigned to this segment and they Consume >50% total SMS
usage in a given week of the month. And based on Figure 26 customers in this segment have high SMSUN,
SMSUdys, and NSMSP. Weekly SMS packages are suitable since their usage frequency is relatively high.

Cluster_I: Exclusive SMS users
Contribution to SMS revenue — 40%
According to Table 10, I1% of customers are assigned to this segment and they have a proportionate week
to week usage per month. Customers in this segment have relatively very high SMSUN and SMSUdys
frequency per month. Customers have low NSMSP. Medium usage on weekends and working hours.

Oftering monthly SMS packages.

Cluster_2: Very light SMS users
Contribution to SMS revenue — 3%
According to Table 10,48% of customers are assigned to this segment and they have a proportionate week
to week usage. Based on Figure 26 customers have very a low value for almost all attributes and customer in
this segment has low preference for the SMS service and it is the largest cluster. Subsidized daily SMS
packages are preferable.

Cluster_3: Heavy Weekend SMS users
Contribution to SMS revenue — 12%
According to Table 10,8% of customers are assigned to this segment and they Consume >50% of total
SMS usage in a given week of the month. Based on Figure 26 customers have high SMSUN and high
SMSUdys. Customers in this segment have very high WSMSP usage and WoSMSP. Offering high volume

working hour packages.

Cluster_4: Medium working hour SMS users

Contribution to SMS revenue — 10%
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According to Table 10, I11% of customers are assigned to this segment and they Consume >50% total SMS
usage in a given week of the month. Customers have medium SMSUN and Low WSMSP, but they have
very high WoSMSP. Offering medium volume weekly working hour packages.

Cluster_5: Heavy weekend & night SMS users
Contribution to SMS revenue — 13%
According to Table 10, 7% of customers are assigned to this segment and they Customers Consume >50%
total SMS usage in a given week of the month. Customers in this segment have high SMSUN and high
SMSUdys frequency per month. Customers have very high WSMSP and high NSMSP. Low WoSMSP and

it is the smallest cluster. Weekend packages preferable.

In general, WoSMSP & WSMSP are the most important predictors to differentiate customers based on
SMS service usage behavior. The difference in usage behavior of the clustering results of the K-means

clustering algorithm based on these attributes is shown in Figure 27. It shows the distribution of instances

based on the two attributes of WoSMSP & WSMSP.
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Figure 27 : Distribution of instances per cluster for WoSMSP(a) & WSMSP(b) attributes - K-means.

Figure 27 shows the distribution of instances based on working hours and weekend SMS service usage ratio.
Customers in C3 & C4 have relatively high SMS usage during working hours. On the other hand, customers
in C3 & CS have very high SMS usage during weekend days.
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7.0 Conclusion and Future work

7.1 Conclusion

Currently, mobile customers have diverse needs and preferences for services and effectively identifying their
needs, preferences, and potentials have very essential to offer customer-centric mobile service packages. In
this regard, customer segmentation has a crucial role in distinguishing customers according to their similarity
and differentiability in service usage behavior. Hence it can be used as a tool to identify the level of
heterogeneity in the customer base and categorize them into a few manageable groups for segment-based

service packaging.

In this thesis, the advanced clustering technique was applied to the CDR dataset of mobile customers to
build customer segments. The performance of the clustering results of two clustering algorithms (K-means
and EM) were compared based on the cluster quality evaluation metrics. The clustering technique was applied
to mobile subscribers CDR data that can reflect the actual usage behavior of the mobile customer and the
cluster size was identified only based on the differentiability that should exist in the dataset. The study is

unique as it is applied to real CDR data of mobile subscribers.

In the study, data preprocessing tasks were applied to preprocess the original data for clustering purposes.
One of the tasks was construction of additional fields (such as attributes that indicate service usage day &
hour) to the original dataset to include features that can reflect customer behavior. Besides this, numeric
attribute values were standardized or normalized to easily visualize the distribution of instances for each
attribute using a single figure. The refined dataset was provided to the clustering algorithms to build customer
segments. The primary task to build customer segment was cluster size determination and the elbow method
or distortion curve technique was applied and compared with the auto clustering of the EM algorithm.
Besides this qualitative cluster evaluation techniques were used to decide on the optimal cluster size.
Consequently, the clustering algorithms were applied on each dataset and the derived clusters were compared

based cluster evaluation metrics such as cluster ratio, cohesion, and cluster separation.

Based on the cluster evaluation metrics such as cluster distribution and within-cluster variance, the EM

algorithm established quality clusters than K-means clustering for voice usage dataset. On the other hand,
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for SMS and internet usage datasets, the K-means clustering algorithm derived quality cluster indicated by
highly cohesive and well separated segments than the EM algorithm. In general, the EM algorithm is efficient
in establishing cohesive or compact clusters with a low level of within-cluster variance for all the datasets.

On the other hand, K-means clustering build clusters with fair assignment of instances in each cluster.

Finally, the results of the study help offer customer centric mobile service packages and build a strong
relationship with customers by enhancing the insight on the customer. In the existing value-based
segmentation, monthly spending amount attribute is mainly used to build the customer segments and with
this approach it is difficult to fully capture the behavior of customers and propose differentiated and
customer centric mobile service packages. However, this study identified additional attributes to enhance
insight on customer service usage behavior for a better segmentation purpose. The most important predictors
or attributes to distinguish the cluster are VUM & Udys for voice dataset. The IUdys and WIntP for internet
dataset and WoSMSP & WSMSP for the SMS dataset.

7.2 Future Work

The thesis was conducted using a small sample of subscribers CDR for a short period (3 moths detail data).
But the results of the study can be more strengthened by increasing the sample size targeted for the study
and the CDR period by including longer periods of above 3 months. In addition, combined CDR attributes
of each service type can be utilized to analyze the combined service usage behavior of customers to propose

combined service packages.
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APPENDIX A
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Table A.I I: Sample CDR data.
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APPENDIX B

Mumrlber of clusters:

s

Humlb>er of iterations performed:

Cluster

Clustering Implementation Results
Table B I: Clustering result of EM algorithm for voice usage dataset.

a3

Artribute a 1 2 3 4
(0.27) (O.19) {O.19) {(0.12) {0.23)
aver wolusg min
e & 56.3003 225.625%9 17.6972 536.0336 117.004%
std. dew. 15.5865 50.0821 l0.58442 235.7704 23.7254
aver usgdays_num
e & 15.324 23.9585 S.2618 26.541 [a] o047
std. dew. 5.0141 5.1466 755 3.9131 5.4463
aver woli spen br
mean 27.3057 109.&6174 8.5691 261 .48321 56.383254
std. dew. T.ST23 24.11 5.27 117.9178 11.4217
avg nighvoi per
mean 0.1103 0.11 0.0304 0.1137 0.1146
std. dew. 0.0711 0.0594 0.0913 0.05&5 0.0&7
avg weekendvoci per
mean 0.327 0.3193 0.2632 0O.2966 0.3257
std. dewv. o.122 0.051% 0.1741 0.o0723 O.10&82
avg_ workhrvoic per
mean 0.6053 o.6097 0.5058 0.5921 0.6118
std. dewv. 0.1323 0.1131 0.2205 0.1121 o.1227
avyg wtowsekusginte
HNo 1861.3751 1378.2902 1163.4541 B858.2998 1586.5807
Yes 1s9.&87 TS .937T7T 235.683 26.5831 132.1262
[cotal] 2051.0451 1457.2272 1399.1372 554.88529 171s5.706%9

Time tTtaken Tto build

Final cluster centroids

model ({(full training data)

o)

seconds

Table B 2 : Clustering result of K-means algotithm for internet usage dataset.

Clusterg

Lttribute Full Data [u] 1 2 3 4 5

(7501.0) (1924.0) (647.0) (1426.0) (1350.0) (852.0) (1302.0)
aveintusg MB 253.0808 28.3154 424.2448 g .1288 44.0711 34.4415%5 233.3595
aver_Inter_ usgdays 11.7386 3.3043 13.2983 6.5137 6.4453 5.081 14.38388%
aver_intspend br 50.650% 5.6617 5.032% 165.1157 8.8341 §.9185 46.6571
ave_weekendintusg perc 0.2304 0.0327 0.2504 0.232 0.2399 0.33086 0.2491
avg_wroweskusgint Ho Ho Tes Ho Tes Ho Ho

Time taken to build model (full training data)

=== Model and swvaluation on training set ===

Clustersed Instances

0 1924 ( 26%)
1 647 ( a%)
2 1426 { 19%)
3 1350 { 18%)
4 552 { 11%)
5 1302 ( 17%)

0.09 seconds

Table B 3 : Clustering result of K-means algorithm for SMS usage dataset.
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Final cluster centroids:

Clusters

Attribute Full Data [u] 1 2 3 4 5

{7501.0) (111z.0)} {844.0) (3572.0) {584.0) 858.0) {531.0)
toT_Smsusg_num 10.1145 14.0854 39.343¢ 0.3877 15.5154 7.724% 5.693
sms_usgdays 2.442¢ 3.4577 8.933¢6 0.1337 3.6627 2.646% 3.5235
tot_sms_spend br 1.4504 2.2392 5.3621 0.0781 2.242%9 1.3337 2.6579
nightsms_perc 0.02% 0.0704 0.0415 0.003% 0.0113 0.00583 0.1427
weekendsms_per 0.1384% 0.057%9 0.333%9 0.0088 0.8137 0.0833 0.34086
workinghrsms_per 0.2815 0.1338 0.5525 0.0029% 0.352 0.9017 0.1223
wtwusginten No Yes No Ho Yes Yes Yes

Time taken to build model (full training data)

=== Model and evaluation on training set

Clustersed Instances

0 1112 { 15%)
1 544 { 11%)
2 3572 { 48%)
3 524 [ 8%)
4 258 ( 11%)
5 531 (  7%)

0.06 seconds
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