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1 Introduction 

1.1 Context  

 

The mobile communications industry is one of the top growing industries of the 

XXI Century. Handheld devices are now widely spread among communities and are 

becoming one of the top ways to communicate. Value-added services such as produc-

tivity applications, text-based notifications, games, and ringtones are being offered to 

satisfy the growing number of customer needs. 

For companies in this industry, competition is fierce. As communities grow and 

acquire handheld devices the number of new customers to reach in a population de-

creases. Therefore, the need for companies to retain customers is critical. Availability 

of the latest smartphones, price differences among plans, and value-added services are 

becoming the criteria a customer may use to select his mobile communications pro-

vider. It is within this context that companies are looking for innovative ways to add 

new services, increase their productivity and provide a better service in general. 

 

A mobile communications company in Colombia, which we will refer as 

MOBILE, is currently facing a challenge that, if solved correctly, will allow them to 

provide a better service to their customers.  In order to offer new and innovative val-

ue-added services, MOBILE has created a platform in which third-party companies 

provide services to customers within MOBILE. This platform allows third-party com-

panies to offer different kinds of products to customers, allows customers to sub-

scribe/consume these services, and gives MOBILE a variety of services to offer with 

almost a zero cost. For customers to know which services or products are available 

MOBILE sends out different text messages daily with publicity.  

The problem arises when the number of services available grows as it is impossible 

for MOBILE to send out a SMS for each new service added and the existing services 

to each client. Such behavior would be careless from MOBILE as it would hassle 

their customers and possibly increase the number of churners in the company. This 

problem is known as content targeting.  

The current strategy MOBILE is using is to limit the number of text messages sent 

to the client to maximum 2 in a daily basis. The products offered to that client through 

those 2 messages are chosen randomly or using a basic behavior pattern. (e.g. A client 

who has sent a large number of  texts messages in this month is likely to receive an 

offer for a packet of text messages). In the same way, if a new product is available, 

clients are chosen randomly or based on the purchase of a likely product. (e.g.  A 

client who is subscribed to receive jokes from a third-party provider is likely to re-

ceive a text message of a new joke-related product). With that strategy MOBILE is 

currently having an average 0.9%
1
 feedback.  

 

                                                           
1  Percentage of customers reached out that consumed a product from the total of customers 

reached out in a day. 
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A new strategy must be implemented in MOBILE, a strategy that will increase the 

effectiveness of the publicity being used.  Such strategy should have in account the 

purchases done by a client and his behavior pattern in order to determine which prod-

ucts are more likely to be bought by a client. It should use these patterns to create a 

segmentation that will allow MOBILE to target their clients in a more appropriate 

way.  

In order to create such strategy it is necessary to understand what behavioral pat-

terns customers have and relate those patterns with a purchase behavior. This project 

is the development of a segmentation based on behavioral patterns. 

1.2 Motivation 

 

The problem presented in the previous section can be expressed as a data mining 

problem.  

Our main objective is to create a new strategy for value-added service advertise-

ment. This new strategy must be effective in terms that a product offered to a line 

should not be chosen at random.  Understanding the patterns between a purchase and 

the behavior expressed by a line could reveal insight about which lines are more like-

ly to buy a certain product based on behavior or recent purchases. These patterns can 

be revealed using a data mining strategy such as association rules. 

In order to create these rules it is necessary to understand first the behavioral pat-

terns a line has while using the basic services.  For example, a line may have a specif-

ic behavioral pattern while using voice, another pattern while using SMS and another 

type of behavior while using data navigation. Being able to understand how these 

behaviors relate to each other and what are the most common behaviors throughout 

the population will allow MOBILE to easily classify their lines according to a specific 

behavior. This type of classification into groups of likely characteristics is known in 

data mining as clustering. Creating a group of clusters according to behavior will not 

only allow MOBILE to advance towards fulfilling its main objective but also gain a 

deeper understanding of how their clients use their services.  Such knowledge could 

improve current business processes and even guide new marketing campaigns. 

The application of data mining within MOBILE represents an opportunity of im-

provement by using one of the most vital resources a company has: its information.  
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1.3 Document organization 

This document presents the development and results of a data mining project with-

in MOBILE to create a behavioral segmentation according to the use of several ser-

vices.  The document gives a general and detailed description of the process, the deci-

sions and the results. 

The document is organized as follows: 

 

 In Chapter 2, the objectives of this project are defined and a short review 

of the most important data mining techniques applied in telecommunica-

tion is presented. 

 Chapter 3 defines the problem formally in terms of input, output and ex-

pected results. Chapter 3 also introduces and describes the methodology 

used throughout the development of the project. 

 Chapter 4 describes the input of this project in more detail and the initial 

data considerations and decisions taken. Alternatives for the data mining 

model are proposed and analyzed. The tools used throughout the devel-

opment are also described in Chapter 4.  

 Chapter 5 gives out a detailed description of the development process and 

the application of the data mining model alternatives to the problem. Each 

alternative is presented with its results and conclusions. 

 Chapter 6 is all about validation. The results obtained are analyzed and 

verified from a business perspective and initial insights obtained are pre-

sented. 

 Chapter 7 closes the document with a short reflection of the results ob-

tained, the fulfillment of the initial objectives and a short description of 

future work. 

 

 

1.4 Acknowledgements 
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2 Objectives and State of Art 

2.1 Project Objectives 

 

The main objective of this project is: 

 

 Create a data mining model that will segment customers based on the be-

havior they exhibit on the use of basic services
2
.  

 

The secondary objectives of this project are: 

 

 Investigate the main data mining techniques used in telecommunications 

to segment according to costumer behavior. 

 Present and evaluate different strategies when the numbers of fields or 

dimensions used in clustering algorithms are numerous.  

 Understand each segment created from a business perspective. This will 

include definition of the main characteristics each segment has. 

2.2 State of Art  - Telecommunications and Data Mining 

 

Applications of data mining in the mobile communications industry are common as it 

is an industry with a rich base of information and a variety of opportunities in which it 

can be applied.  

 

In this section most common uses and techniques will be described briefly while those 

of importance to the project will be described in more detail. 

Churn Models  

 

Churn Models, as presented in (Berry & Gordon, 2000), are data mining models 

used in the telecommunications industry to determine which customers are likely to 

leave the company based on their recent behavior. As explained in section 1.1, the 

number of new members of a mobile communications company decreases with time 

therefore it is vital for a company to retain its current customers.  

A churn model is trained in order to determine which customers are exhibiting a 

behavior that may indicate possible churning in the future. Using this model the com-

pany can implement business processes with the objective of reaching out to possible 

churners before they leave the company. This type of model is built using a super-

vised learning technique such as decision trees.  

                                                           
2 Within this document, basic services will be defined as a set of all the services used by a 

customer not including Value-added services. (i.e. Voice usage, SMS/MSM usage, data us-

age, promotional usage of voice, SMS and data and use of additional phone credit) 
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Churn models can be seen as an important part of behavioral understanding of lines 

as it seeks to understand which specific behavior may lead to an upcoming dropout of 

the company. Even though its main objective is not behavioral understanding of lines, 

it uses behavior as a platform in which it can build onto.  

The main type of behavior studied through Churn Models is activity and the de-

cline of usage in services through time but not the services itself. Therefore an im-

portant conclusion of the application of Churn Models in telecommunications is how 

a line can be seen throughout a number of different behavioral perspectives. The use 

of a specific behavioral perspective can have different applications and usages within 

an organization. 

Value-Based Segmentation 

 

Value-based segmentation in Telecommunications has the objective of clustering 

clients according to their average revenue for the company (Konstantinos & 

Chorianopoulos, Segmentation Applications in Telecommunications, 2009). This type 

of segmentation is normally used to give insight about which customers are the most 

profitable in the company, their characteristics and needs. Using this segmentation the 

company is able to create segment-specific promotions and processes which may 

prioritize customers with a higher profitability. Understanding each segment may also 

bring insight on which pattern of basic service usage (i.e. voice usage, SMS usage, 

data, etc.) is the most profitable and which pattern is the least profitable. 

Segmentation according to profitability is created using an unsupervised modeling 

technique such as clustering (e.g. K-means) to create close segments according to a 

distance function. The distance function is normally defined according to the data 

mining objective. In this case, as the segmentation is looking to group up customers 

according to their profitability, the distance function may be defined on an indicator 

of revenue, such as Average Revenue per User or ARPU.  

The ARPU indicator is a measure of how profitable a customer is considering all 

sources of revenue and ignoring costs (e.g. monthly fees, international connection 

fees, data navigation fees, etc.). Alternatively, Marginal Average Revenue per User or 

MARPU may be used to include the costs of providing services.  

 

An important conclusion of value-based segmentation in terms of behavior is how 

a line’s behavior is resumed in only a dimension of interest, in this case, revenue. 

Using this approach can be seen as both limiting as rewarding. Rewarding as it repre-

sents an easy and fast way to reach out interesting customers and limiting as it loses 

important information for the organization. Even though the most profitable custom-

ers are known, the different service usage patterns for creating revenue are lost and 

only a global perspective of behavior can be analyzed. Using a behavioral segmenta-

tion as well can lead to understand the underlying behaviors and guide to the creation 

of new marketing and upselling strategies.  
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Behavior-Based Segmentation 

 

Behavior-based segmentation in Telecommunications has the objective of grouping 

costumers according to their basic service usage patterns (Konstantinos & 

Chorianopoulos, Segmentation Applications in Telecommunications, 2009). Costum-

ers will be grouped on segments that will have a similar behavior of outgoing, incom-

ing calls, outgoing and incoming messages, use of data and promotional packets. Us-

ing this segmentation companies are able to create segment specific promotions and 

publicity, improving their effectiveness and reception.  

One common problem while trying to create a behavior-based segmentation is the 

number of data dimensions that describe it. Behavior is often described at the most 

granular level with an excess of detail of what each costumer has consumed. For ex-

ample, voice usage is described separately on minutes and number of calls. Minutes 

and number of calls are also described separately as incoming and outgoing. For each 

of these directions, incoming or outgoing, the description is further subdivided into 

the network of origin. Incoming minutes are separated by incoming minutes in 

owned-network, incoming minutes of network-A, incoming minutes international 

networks, incoming minutes from PSTN and much more. Using the lowest level of 

detail to describe behavior can frequently define a large number of dimensions. (e.g. 

40 + in our case) 

Creating a segmentation using all dimensions will create a complicated solution 

with each cluster having a specific behavior for each column. In order to create a 

more adequate solution, three common recommendations are: 

 

1. Defining the level of granularity acceptable for the solution: According to 

the objective of the data mining study, it can be acceptable to have a high-

er level of granularity. (e.g. Detail of the number of minutes received on 

each network is not necessary for the analysis, and it can be described as 

only a single dimension) 

2. Applying a data reduction technique: Data reduction techniques look to 

describe data in a reduced number of dimensions by finding new compo-

nents on which to describe data. One of these techniques is called Princi-

pal Component Analysis or PCA which will be described in section 2.3. 

3. Segmentation by subsets: In order to avoid having to segment all dimen-

sions at once, dimensions are subdivided into smaller groups, clustered 

and then, using the cluster indexes, are clustered in the global group. For 

example voice-usage can be clustered by itself and using the cluster index 

to describe the voice-usage component it can be further clustered with the 

other cluster-indexed-dimensions.  

 

Once the number of data dimensions has been reduced a clustering algorithm is 

used to group patterns according to their likelihood. However this reduction of fields 

represents a challenge in which different approaches can be taken, each with its own 

limitations and advantages. This project explores two of those strategies, PCA and 

segmentation by subsets. (i.e. Service Sets such as voice usage, SMS usage, etc.) 
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Content Targeting for Value-Added Services 

 

Content targeting for value-added services as described in Chapter 1, Context is a new 

arising problem for telecommunications. New value-added services are available; 

however, which customers are more likely to consume them is still a mystery for most 

companies. Content targeting as presented by (Giuffrida, Giovanni; Sismeiro, 

Catarina; Tribulato, Giuseppe;, 2008) is resolved by using an unsupervised algorithm 

to cluster clients according to their past purchases on categories of value-added ser-

vices. The distance function for this clustering algorithm is defined as follows: 

 

                        
     (  )                                                          

 
  (  )   [             ]  
                                                        
 

 (     )     (  )
    (  ) 

        (  )
                                (  )   

 

 

This measure of distance guarantees customers with an equal pattern of purchases will 

be grouped closely. Using this segmentation new value-added services were offered 

to clients who were most likely to buy to it according to its category.  

 

Even though this segmentation procedure does define a better targeting strategy it 

does not include a customer’s behavioral pattern which may influence which products 

will be likely consumed. If one client has never purchased a value-added service it 

will be possible to target him by studying the purchases of customers with a likely 

behavioral pattern. 

 

2.3 State of Art – Data Mining Techniques 

  

In the following section the main data mining techniques used in this document will 

be described in full detail. The techniques described will be PCA and K-Means. 

Principal Component Analysis - PCA 

 

Principal Component Analysis is a data reduction technique with the main objec-

tive to reduce the number of dimensions the information is currently expressed on. It 
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fulfills this objective by finding a new set of basis or dimensions which are complete-

ly uncorrelated with each other. This new set of dimensions is known as the principal 

components of the data. A full demonstration of the technique is presented at (Shlens, 

2009). 

 

This technique assumes that the dimensions the data is currently expressed have 

correlations with each other and finds a new basis, that is a linear combination of the 

initial dimensions, to express the data without redundancy. In order to achieve this, 

one possible implementation is to transform the initial correlation matrix into a diago-

nal matrix using its corresponding eigenvectors and eigenvalues.
3
  

The diagonal matrix found is the correlation matrix of the new basis. Each eigen-

value corresponds to the variance of a new dimension and the transposed eigenvectors 

are used to transform the initial data expressed in the initial basis to the data expressed 

in the new uncorrelated basis.  

In order to reduce the number of dimensions, a selection is made according to the 

variance each dimension (Konstantinos & Chorianopoulos, 2009). There are several 

criteria which guide this selection. For brevity, only the eigenvalue criterion and tol-

erance level will be described: 

 

1. Eigenvalue criterion
4
: The eigenvalue criterion selects the dimensions 

that have a variance value equal or more than 1. The idea is to select those 

components that carry more information than a single field.  

2. Tolerance level: The tolerance level criterion defines an acceptable 

threshold of variance to be used. The criterion can be stated as follows: 

 

                                              
                                     

                       
  

  

                  

 

Once the dimensions have been selected, they must be understood from a business 

perspective. Each dimension or component can be studied using the eigenvectors. For 

one component the eigenvector expresses how correlated it is to the initial dimen-

sions.  A higher correlation value indicates the initial dimension is positively correlat-

ed to the component and vice versa. Using these correlations, the business meaning 

of the components can be understood. If the components are not significant from a 

business meaning the use of PCA is discouraged as it will create complicated solu-

tions further in the data mining project. (e.g. Using PCA to express the data and then 

using a clustering technique will derive segments that are characterized using the 

                                                           
3 Note that the correlation matrix is a n x n matrix in which n is the number of dimensions. This 

is a symmetric matrix in which it’s always possible to find a complete set of eigenvectors. 
4 In order to use the eigenvalue criterion the data should be standardized. That is, each dimen-

sion has mean 0 and variance of 1. 
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principal components. If the components are not well understood then interpretation 

of each segment will be problematical). 

Another, more mathematical way, of evaluating the components is to use commu-

nalities. “Communalities represented the total amount of variance of a specific field 

(initial dimension) that is jointly accounted for by all components”
5
. It’s a measure of 

how much of the initial dimension variance is being expressed through all compo-

nents. It is calculated as the sum of squared correlations of a field with each of the 

components.  If the value of this sum is less than a given value (0.5 is recommended) 

the field is not being represented in the new data and the use of the components must 

be revaluated.    

 

Principal Component Analysis assumes 4 basic assumptions. To apply the tech-

nique correctly the 4 assumptions must be proved true on a specific data set. Applying 

this technique on datasets that do not hold the assumptions will lead to unsatisfactory 

and probably wrong results.  This assumptions are presented here briefly, for more 

detail please refer to (Mankin, 2011) or (Shlens, 2009). 

 

1. Linearity: Principal Component Analysis assumes the only interactions 

occurring between the initial dimensions can be expressed using a linear 

function. If the initial data is correlated in a non-linear way, PCA will de-

rive an incomplete solution. 

2. Interesting components those with high variance: By creating a diagonal 

matrix, PCA is eliminating the existing correlation among the data by se-

lecting a new basis that is orthogonal. The components are then selected 

by their highest variance which may not be convenient in all cases. 

3. Data is expressed with only two statistical momentums (mean and vari-

ance): Mean and variance are the only statistics used to describe the data. 

Depending on the distribution the data follows this may not hold in all da-

ta sets. 

4. The underlying components are orthogonal: The new components derived 

are orthogonal to each other. This selection is made to eliminate com-

pletely the correlation among the data but it may not be convenient in all 

cases. When this assumption does not hold ICA – Independent Compo-

nent Analysis is required. 

 

In conclusion, PCA is a non-parametric technique that reduces the number of fields 

the data is currently expressed on. Being non-parametric can be seen as a doubled-

edged sword, as it can be applied easily on data sets but it will not always create sig-

nificant and correct results. In order to apply it correctly, the assumptions have to be 

proved true. Once applied, the results must be evaluated by understanding their busi-

ness meaning and statistically by using communalities. 

 

                                                           
5 Extracted from (Konstantinos & Chorianopoulos, 2009), page:  78. 
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K-Means 

 

K-Means is an unsupervised machine learning algorithm that can be applied to data 

sets in order to find segments or clusters in the data (Linoff & Berry, 2011). As the 

name implies, the algorithm finds k clusters where k is treated as a parameter. 

 

The best assignment of clusters is the assignment that minimizes the sum of the 

distance squared of each member to its nearest cluster center. That is, it would mini-

mize the cluster variance. K-Means does not directly try to find such assignment but 

instead takes a guess and improves its guess over time. Initially the algorithm chooses 

k initial centers or centroids known as the cluster seeds. Using these initial centroids 

the algorithm assigns each record to the nearest center. This step is known as the as-

signment step. Once each record has been assigned the algorithm updates each cen-

troid by calculating the average of each cluster. This new centroid may not necessari-

ly exist as a record in the dataset.
6
 The algorithm executes these steps alternatively 

until no record in the assignment step changes cluster.  Once this condition is met the 

algorithm finishes and the segmentation is complete. 

The algorithm is sensible to its k parameter and its selection of initial seeds. Several 

algorithms have been developed to guide the selection of the initial seeds as their 

selection may produce different clusters for the same choice of k. In order to known if 

the algorithm is producing different results for different choices of initial seeds, it is 

recommended to execute it a number of times with the same choice of k. If the results 

of each new execution are similar it is said the algorithm is finding a consistent solu-

tion. If the results of each new execution are leading to very different results the se-

lection of the initial seeds may have to be guided.  

 

i
 

Figure 1 Scatter Plot of an Example dataset 

 

The selection of k may also prove difficult if it’s not known. Normally, it is recom-

mended to use trial and error to find the most meaningful clusters according to the 

business objective. Figure 1 represents an example dataset. Colors represent the un-

derlying classes to be found using the clustering algorithm. Figure 2, show below 

                                                           
6 Several variants of the K-Means algorithm exist. One example, K-Mediods, produces clusters 

in which the center is a record existing in the data set. 
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represents different possible results of executing the algorithm with different choices 

of k.  The only way to find the best possible segmentation is through experimentation 

or use of a heuristic. 

 

 
Figure 2 Segments resulting of an execution of K=3 & K=5  

In order to understand segments, a comparison approach is recommended. The sta-

tistics of each cluster should be compared with the population and each other to de-

termine the defining characteristics of each cluster. Comparison with the closets clus-

ters is also recommended to gain insight of the key differences among them.  
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3 Problem Specification and Methodology 

3.1 Problem Definition 

The main challenge in the development of this project is the creation of clusters that 

will segment the customers according to their use of basic services. Basic services 

include: voice usage, SMS usage, data navigation usage, purchasing of additional 

phone credit and use of content packets. One cluster should express clearly the behav-

ioral characteristics that define it. A clear difference among clusters should also be 

defined.   

3.2 Specifications 

Input 

 

For the development of this project MOBILE is providing monthly records for each 

line during a period of six months. The monthly record describes the usage a line has 

had of the basic services in a month. (i.e. it describes the number of calls done, the 

number of minutes spent, text messages sent, text messages received, etc.)  The rec-

ords correspond to a six month time frame. 

 

The full description of what a record is composed of is presented on section 4.1.  

 

Output 

 

As an output, a segmentation or clustering of lines according to behavior is expected.  

Each client should belong to only one specific segment. Each segment should have a 

detailed description according to its characteristics.  

Methodology 

 

The selected methodology for the development of this project is the Cross Industry 

Standard Process for Data Mining methodology (CRIPS- DM) presented in 

(Chapman, et al., 2000). This methodology is a hierarchical process which describes 

an abstract data mining process at four levels of abstraction. A brief description of 

how the methodology was adapted for this project is presented in this section. 
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Figure 3  Phases of the CRISP-DM Methodology 

The methodology defines 6 phases with different tasks and objectives on each 

phase. This methodology is cyclical as the discoveries made on a phase can lead to 

new insight in the project and new objectives. Each phase defines an objective and a 

set of generic tasks to help fulfill this objective. The phases used in this project and 

specific tasks used are presented in Table 1.  
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Table 1 - CRISP-DM Phases and Tasks for this project 

Validation of Results 

In order to evaluate correctly the results of the project, it is necessary to define a 

validation and quality measure. As the output of the project is an expected segmenta-

tion of lines, the validation measure will be defined on such segments. The validation 

measure is defined as follows: 

1. Clusters should be meaningful from a business perspective.  

2. Clusters should be significantly different from each other. The difference 

among them should be adequate from a business perspective. 

 

 

 

 

3. Define Data Mining Objectives

3. Initial quality validations

3. Build the final data set

3. Execute the Model

1. Create report describing the 

model and the results

2. Deploy model with the business

2. Review decisions taken so far 

and their possible impact on the 

model.

1. Selection of data mining 

techniques to be used

2. If necessary, create a test set 

and training set.

1. Evaluate models from a business 

perspective.

3. Define next steps in the project

1. Description of the gathered data

2. Data exploration

1. Select data to be used

2. Clean initial data using a quality 

measure

Modeling

Evaluation

Deployment

Understanding the project 

objectives and requirements 

from a business perspective. 

Translating the business 

objectives to data mining 

objectives

Understanding the data, 

detecting initial quality problems 

and acquire first initial insights 

of the data.

Applying transformations to the 

data to build the final dataset. 

Application of data mining 

techniques and parameter 

tuning.

Evaluate the model and review 

parameter choices.  Does the 

model solve the data mining  and 

business objectives?

Create the objects necessary to 

present results to the client. (In 

some data mining projects the 

deployment step will be more 

complex)

PHASES OBJECTIVE TASKS

Business Understanding

Data Understanding

Data Preparation

1. Define Business Objectives

2. Evaluate risks and restrictions

4. Data Mining Project Plan
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4 Designing a Solution to the Data Mining Problem 

4.1 Collection of Data 

The data that was used in this project corresponds to the monthly records describ-

ing customer behavior from September/2011 to February /2012. Each record de-

scribes the use of basic services for a client during a month. 

 

 

 

The attributes used to describe behavior are listed in the following tables. 

 

 
Table 2  - Characteristics of a given line in a record 

MSISDN
The Mobile Suscriber Integrated Services Digital Network Number identifies uniquely each 

line.

PERIOD The period of which the line is reporting it's behavior. (i.e. 09/2011-02/2012)

ACTIVATION_DA

TE
The date in which the line was activated.

The current data plan the line had in the period specific in the PERIOD attribute.DATA_PLAN

WIRELESS_PLAN The current wireless plan of the line. (i.e Prepaid or Contract)

MONTHS_SINCE_

ACTIVATION
The months past since the activation_date. (i.e. monthsPast(CurrentDate - ActivationDate))

VOICE_PLAN The voice plan the line had in the period specified in the PERIOD Attribute.

TYPE_OF_ACCES

S_NETWORK_TE

CHNOLOGY

The type of access technology used in this line. (e.g. 2G or 3G)

REGION Region of the country in which the client holding the line currently resides.



Page 20 of 48 

 

  
78Table 3 - Attributes explaining Voice Usage in each record 

                                                           
7 PSTN references the Public Switched telephone network.  

CALLS_INCOMING_PSTN Number of calls incoming from the PSTN.

CALLS_INCOMING 

_INTERNATIONAL

Number of calls incoming from international 

networks.

CALLS_INCOMING 

_ON_NETWORK

Number of calls incoming from MOBILE's 

network.

CALLS_INCOMING 

_OFF_NETWORK_A

Number of calls incoming from a specific 

network. 

CALLS_INCOMING 

_OFF_NETWORK_B

Number of calls incoming from a specific 

network. 

CALLS_INCOMING_OFF 

_TOTAL

Number of total calls incoming from other 

networks. (i.e. Network A + Network B)

CALLS_OUTGOING_PSTN Number of calls outgoing to PSTN.

CALLS_OUTGOING 

_INTERNATIONAL

Number of calls outgoing to international 

networks.

CALLS_OUTGOING 

_ON_NETWORK Number of calls outgoing to MOBILE's network.

CALLS_OUTGOING_OFF 

_NETWORK_A Number of calls outgoing to a specific network. 

CALLS_OUTGOING_OFF_NET Number of calls outgoing to a specific network. 

CALLS_OUTGOING_OFF 

_TOTAL

Number of calls outgoing to other networks (i.e. 

Network A + Network B)

CALLS_OUTGOING_OFF 

_OTHERS

Number of calls outgoing to phone services. (e.g. 

123 emergency line)

MINUTES_INCOMING_PSTN Total of minutes incoming from the PSTN.

MINUTES_INCOMING 

_INTERNATIONAL

Total of minutes incoming from international 

networks.

MINUTES_INCOMING_ON 

_NETWORK

Total of minutes incoming from MOBILE's 

network.

MINUTES_INCOMING_OFF 

_NETWORK_A

Total of minutes incoming from a specific 

network.

MINUTES_INCOMING_OFF 

_NETWORK_B

Total of minutes incoming from a specific 

network.

MINUTES_INCOMING_OFF 

_TOTAL

Total of minutes incoming from other networks. 

(i.e. Network A + Network B)

MINUTES_OUTGOING_PSTN Total of minutes outgoing to the PSTN.

MINUTES_OUTGOING 

_INTERNATIONAL

Total of minutes outgoing to international 

networks.

MINUTES_OUTGOING_ON 

_NETWORK Total of minutes outgoing to MOBILE's network.

MINUTES_OUTGOING_OFF 

_NETWORK_A Total of minutes outgoing to a specific network

MINUTES_OUTGOING_OFF 

_NETWORK_B Total of minutes outgoing to a specific network

MINUTES_OUTGOING_OFF 

_OTHERS

Total of minutes outgoing to phone services. (e.g. 

123 emergency line)

MINUTES_OUTGOING_OFF 

_TOTAL

Total of minutes outgoing to other networks. 

(Network A + Network B)
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Table 4 – Attributes explaining SMS Usage in each record. 

 

 

 

 

 

 
Table 5 – Attributes explaining PACKET usage. 

 

 

 

 

 
 Table 6 – Attribute used to describe DATA usage.  

 

 

 

 

 
Table 7 – Attributes describing additional phone credit usage 

                                                                                                                                           
8 Network A and Network B are other companies providing wireless communication services in 

Colombia. MOBILE uses this information to study patterns of calls among its network and 

its competitor’s network. 

SMS_OUTGOING_ON_NETWORK Number of text messages outgoing to MOBILE's network.

SMS_OUTGOING_OFF_NETWORK Number of text messages outgoing to other networks.

SMS_OUTGOING_PSTN Number of text messages outgoing to the PSTN.

SMS_OUTGOING_INTERNATIONAL Number of text messages outgoing to international numbers.

SMS_INCOMING_ON_NETWORK Number of text messages incoming from MOBILE's network.

SMS_INCOMING_OFF_NETWORK Number of text messages incoming from other networks.

VOICE_PACKET_ON_NETWORK Number of voice packets, with minutes for calls on MOBILE's network, used.

VOICE_PACKET_OFF_NETWORK Number of voice packets, with minutes for calls on other networks, used.

VOICE_PACKET_INTERNATIONAL Number of voice packets with minutes for calls on international networks.

SMS_PACKET_ON_NETWORK Number of sms packets, with text messages to be used on MOBILE's network, used.

SMS_PACKET_OFF_NETWORK Number of sms packets, with text messages to be used on other networks, used.

NAVIGATION_PACKET Number of navigation packets used.

NAVIGATION_GPRS_KB Number of KBs navigated by a line during the month.

PURCHASES_ADDITIONAL 

_PHONE_CREDIT Number of additional phone credit purchases.

TOTAL_VALUE_OF_PHONE 

_CREDIT_PURCHASED The total value of the additional phone credit bought during a month.
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Table 8 – Attributes explaining free content usage. 

 

 

 
Table 9 – Additional information regarding a line9 

 

In total 53 fields were used to describe basic service usage and 9 fields were used 

to describe characteristics regarding a specific line during a period. With a total of 

6,226,248 lines the number of monthly records during the timeframe was close to 30 

million. For this data to be available for the data mining model, a phase of data under-

standing and data preparation was needed. The result of these two phases is described 

in the following section. 

  

                                                           
9 MOBILE has a range of buckets in which a client could be classified according to its ARPU. 

Each bucket defines a minimum ARPU and a maximum ARPU. This classification is done 

each month. 

MINUTES_OUTGOING 

_PSTN_NON_BILLABLE Total of non billable minutes outgoing to the PSTN.

MINUTES_OUTGOING 

_INTERNATIONAL_NON_BILLABLE Total of non billable minutes outgoing to international networks.

MINUTES_OUTGOING 

_ON_NETWORK_NON_BILLABLE Total of non billable minutes outgoing to MOBILE's network.

MINUTES_OUTGOING 

_OFF_NETWORK_A 

_NON_BILLABLE Total of non billable minutes outgoing to a specific network

MINUTES_OUTGOING 

_OFF_NETWORK_B 

_NON_BILLABLE Total of non billable minutes outgoing to a specific network

MINUTES_OUTGOING 

_OFF_OTHERS_NON_BILLABLE

Total of non billable minutes outgoing to phone services. (e.g. 123 

emergency line)

MINUTES_OUTGOING 

_OFF_TOTAL_NON_BILLABLE

Total of non billable minutes outgoing to other networks. (Network A 

+ Network B)

SMS_OUTGOING 

_ON_NETWORK_NON_BILLABLE Number of non billable text messages outgoing to MOBILE's network.

SMS_OUTGOING _ 

OFF_NETWORK_NON_BILLABLE Number of non billable text messages outgoing to other networks.

SMS_OUTGOING 

_PSTN_NON_BILLABLE Number of non billable text messages outgoing to the PSTN.

SMS_OUTGOING 

_INTERNATIONAL_NON_BILLABLE

Number of non billable text messages outgoing to international 

numbers.

ARPU_CLASSIFICATION ARPU Bucket in which the client is classified during this month.
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4.2 Data Preparation and Data Understanding 

 

Data understanding helps the data miner gain some initial insight of the problem. It 

allows him to identify quality problems and understand the underlying relationships 

of the data. The application of a data understanding phase gave way to interesting 

facts that had a vital impact on the development of the project. 

 

By studying the number of prepaid lines and contract lines the distribution found 

was not uninform. As shown in Figure 4, 5 million were prepaid lines and 1 million 

were contract lines. As prepaid lines and contract lines have normally different plans 

for voice and data, and therefore different usage behavior, it was decided that segmen-

tation for behavior would be dependent on the wireless plan.  That is, a different seg-

ment for basic service usage would be created for prepaid lines and contract lines.  

 

 
Figure 4 – Distribution of lines according to wireless plan 

 

As the objective of the project was to find behavioral patterns on the six month 

timeframe, it was decided an average for each basic service usage would be used to 

characterize each line. By using an average a stable behavior for each line could be 

found as it would avoid one or two period’s irregularities. For example, consider a 

line that during the first three months has a number of outgoing calls close to 100. 

However during the fourth month, due to the holidays, the number of outgoing calls 

jumped to 200.  Finally on the last two months the line returned to its normal 100 

outgoing calls. By using an average of the number of outgoing calls done his constant 
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behavior is being captured correctly (116.667) and classification by seldom behavior 

is being avoided. 

Using this procedure for each line an average for each column would be found by 

summing the values of the six month reports done by the line on that column and 

dividing by six. Using this procedure, each line would have an average report of be-

havior for each column.  Note that this procedure assumes each line reports a monthly 

behavior during the six months timeframe to find a stable behavior. This assumption, 

when examining the data, does not hold.  Figure 5 presents the distribution of periods 

reported against the number of lines. 

 

 

 
Figure 5 – Distribution of periods reported 

 

By examining the data most lines report the six months required in the six months 

timeframe, however there is a significant number of lines that do not report all peri-

ods. As it was necessary for the segmentation to include all lines a new aggregation 

procedure was needed.  

The new defined procedure would not divide the total found by six but instead 

would divide on the number of periods a specific line has reported. The intuition be-

hind this idea is to judge each line by what is known of its behavior. Using this proce-

dure, a line that has not reported correctly the six periods is being classified on what it 

has reported of its behavior. This procedure is judging behavioral patterns only and 

not including a line’s activity. 

 

Throughout the data exploration phase another interesting and important fact was 

found.  Data within different fields had different numerical ranges. In data mining 



Page 25 of 48 

 

several techniques are sensible to different numerical ranges and the result could be 

influenced negatively by this fact.  (e.g. An algorithm minimizing the squared error 

within a data set is more likely to decrease the variance of variables with larger nu-

merical ranges than variables with smaller numerical ranges). On clustering algo-

rithms such as K-Means the implementation of the distance function used can be af-

fected by numerical ranges.  

A common process used to standardize fields is the Standard Score or Z-Score. 

 

                                                     
                                          
                         
                                       
       

 

  
   

 
 

 

Standardized fields through the Z-Score have a mean of 0 and a variance of 1. 

 

Last, by studying the distribution of values each of the specific dimensions had and by 

studying the relationships between them, the following decisions were taken in which 

some fields were eliminated and some others aggregated. 

 

1. Detail of whether the incoming/outgoing network was NETWORK A or 

NETWORK B was not necessary in the project. A level of detail in which 

NETWORK A and NETWORK B were classified as OFFNETWORKS was 

more adequate in the analysis.  Therefore the fields were not used and the 

fields with incoming/outgoing network as OFF_TOTAL were used instead. 

2. The field SMS_OUTGOING_PSTN was not used as its mean and standard 

deviation were close to 0
10

. This field is kept in MOBILE due to historical 

reasons but represents a service no longer available in the company. 

3. Instead of using the columns that described the purchasing of additional 

phone credit, the ARPU_CLASSIFICATION was used instead as it included 

information regarding purchasing of additional phone credit and other 

sources of revenue. 

4. Columns describing the use of NON_BILLABLE content were not used in 

the analysis as they were not needed in further steps in the project. 

5. Due to the low use of packets within the population and the need the project 

had for a segment describing the use of packets, a discretization of these col-

umns was applied. The buckets used to discretize were ‘YES’ or ‘NO’. A 

line had a ‘YES’ value in use of a specific packet if it had consumed at least 

one packet during the time frame.   

 

                                                           
10 |   |   |   |      
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The following columns were also not used in the analysis as less than 10% the to-

tal population had used these services during the timeframe: 

 

 SMS_OUTGOING_INTERNATIONAL in both prepaid and contract seg-

mentations. 

 MINUTES_OUTGOING_INTERNATIONAL, 

CALLS_OUTGOING_INTERNATIONAL in prepaid and contract segmen-

tations. 

 MINUTES_OUTGOING_OTHERS only in prepaid segmentation. 

 

4.3 Data  Mining Model Alternatives 

Two model alternatives were defined in order to solve the data mining problem: PCA 

Analysis and K-Means Segmentation, and Division of basic services by service 

sets and k-means segmentation of each set. 

Both of these alternatives fulfill the main objective by creating segments according 

to behavioral patterns of basic service usage. Their main difference is how they ap-

proach and use the multiple dimensions that describe the basic service usage. 

Alternative 1 - PCA Analysis and K-Means Segmentation 

 

This approach uses the average aggregation described in 4.2 and applies a PCA 

analysis to transform the initial data (40+ columns) into a new set of data using an 

uncorrelated and orthogonal basis.  Using a segmentation algorithm on the 40+ col-

umns directly would create a complicated solution, as clusters would have to be char-

acterized according to each dimension and besides the number of clusters would be 

large to express all the different behavioral patterns. Transforming the initial data 

using the components found through PCA can create a better segmentation with fewer 

fields. Each of these components needs a description from a business perspective to 

understand its meaning. 

After applying PCA, a clustering algorithm is applied; the selected algorithm is K-

Means.  

The final result through this alternative would be 2 segmentations that divide the 

lines according to behavioral patterns (2 segmentations; one for prepaid and one for 

contract wireless plans). Each cluster would be characterized using the new compo-

nents. 
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Alternative 2 – Division of basic services by service sets and k-means segmenta-

tion of each set. 

 

Instead of approaching the whole set of fields that describe use of basic services, a 

division of fields according to their service is used. For each of these subsets, a seg-

ment is created using a clustering algorithm. This segmentation explains the different 

behavior patterns of a specific service.  

A line’s complete behavioral pattern is defined by each of the clusters the line be-

longs to in the different services.  4 service segmentations are defined: Voice, SMS, 

Data and promotional packets.  Each of these 4 service segmentations has to be done 

for prepaid and contract wireless plans. 

The segments will be created using the K-Means algorithm. 

 

On both alternatives, ARPU will also be used to classify clients. An average ARPU 

of the periods the line has reported will be used.
11

  

Selection of Alternative to use  

 

The selection of alternative 1 over alternative 2 represents a gain in a less number 

of clusters but a loss of simplicity. The new components derived by PCA are often 

difficult to understand from business perspective. The selection of alternative 2 over 

alternative 1 represents a gain in simplicity and interpretability but a loss in the num-

ber of clusters.  

Both alternatives fulfill the objective by creating a segmentation of lines according 

to their behavioral patterns and the selection of one alternative over other is a tradeoff 

between simplicity, interpretability and the number of clusters.  

 

Initially Alternative 1 was selected; however, due to the unsatisfying results of the 

PCA results Alternative 2 was finally developed. The details of the results of the PCA 

analysis are presented in Chapter 5. The results of applying the second alternative are 

in Chapter 5 also. The characterization and final results are presented in Chapter 6.  

4.4 Selected Data Mining tools 

The selected data mining tools were Microsoft Business Intelligence Development 

Studio (BIDEV) and R. BIDEV was used in the data preparation stages and in the 

segmentation phases while R was used in the statistical analysis of the dimensions and 

the PCA analysis.  

 

 

                                                           
11 Note, that in this case, the decision to use the periods a line has reported is not the best 

choice. In monetary analysis, frequency (How often does the client have that ARPU behav-

ior) and recency  ( How long has it been since the client has been active?) have a vital im-

portance. An improvement of this approach would be using an RFM analysis. 
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5 Applying the  Solution to the Data Mining Problem 

5.1 PCA analysis 

The PCA analysis was developed using the statistical tool R. A quick reference 

guide for performing PCA analysis can be found in (Mankin, 2011). Before applying 

PCA to the data set, it is important to recall that the objective of PCA is to find a new 

set of basis which re-expresses the components by using linear combinations to max-

imize variance and eliminate correlations. This analysis was considered appropriate in 

this case as its application would have derived new components that would have min-

imized the redundancy from the initial data set.  

The two main PCA assumptions were proved true in the data set: 

 

1. Linearity:  Interactions between fields within the data set were null or linear 

functions.  

2. Interesting Components are those with high variance: As the objective of the 

project was to characterize lines according to behavioral patterns, compo-

nents with high variance represented interesting fields as they represented 

values that differed among lines.  

 

The other two assumptions were assumed true. The columns used in the analysis 

were the columns that described voice, SMS, data and packet usage (42 fields). Selec-

tion of the new components was made with the eigenvalue criterion and the tolerance 

level criterion. Evaluation of PCA results was made using communalities. 

 

 

 
Figure 6 – Results of PCA Analysis 
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 In Figure 6 the results of PCA analysis are presented. As seen on the figure 

most of the components carried a significant variance and there was no sharp drop of 

the variance. This result was unexpected as normally, fewer components carry more 

of the total variance which allows for the elimination of the rest of the components.   

 

The results of the application of the eigenvalue criterion are show on Table 10. Note 

that the table was cut off at the 30
th

 component for briefness. The selected compo-

nents, those whose variance is greater than 1 are in bold light blue. Using these com-

ponents the cumulative variance found was 74.48%  

 

 
Table 10 Eigenvalue Criterion 

 

However if by evaluating this result using communalities the result found was less 

than satisfactory.  37 of the 42 initial fields were not represented statistically through 

the transformation. The use of the transformation in the project would have created 

incomplete and inconsistent results.  

 

Component Variance Acumulative Variance

1 4.7648299 11.6215%

2 3.0994328 19.18%

3 2.9431297 26.36%

4 2.7184431 32.99%

5 2.2720524 38.53%

6 2.1212992 43.71%

7 1.7823516 48.05%

8 1.6898292 52.17%

9 1.5759058 56.02%

10 1.4587703 59.58%

11 1.3892661 62.96%

12 1.2870021 66.10%

13 1.2485583 69.15%

14 1.1867432 72.04%

15 1.0011341 74.48%

16 0.992128134 76.90%

17 0.949781288 79.22%

18 0.916917034 81.46%

19 0.879598868 83.60%

20 0.837607412 85.65%

21 0.819615554 87.64%

22 0.748379181 89.47%

23 0.729798131 91.25%

24 0.649673389 92.83%

25 0.603857727 94.31%

26 0.503974973 95.54%

27 0.277141527 96.21%

28 0.258338298 96.84%

29 0.249342004 97.45%

30 0.212929197 97.97%
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Using the tolerance criterion, the results found were different but reached the same 

conclusion. The results of the tolerance criterion are presented in Figure 7. Selected 

components are presented in light-blue and ignored components in black. 

 
Figure 7 – Tolerance level Criterion Results (t = 10%) 

With the tolerance criterion, 26 components with 95.54% total variance were selected. 

These components had a higher cumulative variance however when the result was 

evaluated with communalities, the results were similar to the previous case. 15 of the 

42 initial fields were not statistically represented in the principal components. 

Conclusions of PCA Analysis 

 

The results of the execution of the PCA analysis were not the expected results. 

Even though the resulting components were less in both cases (15 & 26 < 42) they 

were not representing the initial fields completely. Using these components in the 

segmentation would have created a complex and incomplete solution as most of the 

fields would not have been represented statistically in the analysis. 

Analyzing the data set it was found that the most probable reason the PCA analysis 

was ineffective in the data set was the low correlation among the fields. Even though 

some of the initial fields were correlated (e.g. CALLS_OUTGOING_ONNET and 



Page 31 of 48 

 

MINUTES_OUTGOING_ONNET) most of them had small correlations or zero cor-

relation to other fields.  A PCA analysis needs such correlations as it finds a new basis 

that maximizes the variance based on the current correlations of the fields.  

Possible improvements could have been done by dividing the data into service sets 

and executing PCA in each data set as the data within the service sets was more corre-

lated in overall.  This approach was not taken as the division created sets of a small 

number of fields allowing segmentation to be executed directly.  

 

5.2 Segmentation by Service Set 

 

As the results obtained from PCA were not satisfactory, alternative 2 was used in-

stead. In this alternative the whole set of columns describing basic service is divided 

into service sets. The service sets are VOICE USAGE, SMS USAGE, DATA 

USAGE, and PACKETS used.  

 

Table 11 presents the columns describing each of the service sets. 

 

 
Table 11 – Division of fields into service sets for service segmentation 

These columns were discretized
12

 to allow for easier analysis and classification.  

                                                           
12

 The discretization procedure is normally done through two procedures. One proce-

dure is one-dimensional clustering and the other is equal-areas. In our case the equal-

area procedure was applied. The selection of this procedure is explained further in this 

section. 
 

CALLS_INCOMING_PSTN

CALLS_INCOMING_INTERNATIONAL

CALLS_INCOMING_ON_NETWORK

CALLS_INCOMING_OFF_TOTAL

CALLS_OUTGOING_PSTN

CALLS_OUTGOING_ON_NETWORK

CALLS_OUTGOING_OFF_TOTAL

CALLS_OUTGOING_OFF_OTHERS

MINUTES_INCOMING_PSTN

MINUTES_INCOMING_INTERNATIONAL

MINUTES_INCOMING_ON_NETWORK

MINUTES_INCOMING_OFF_TOTAL

MINUTES_OUTGOING_PSTN

MINUTES_OUTGOING_ON_NETWORK

MINUTES_OUTGOING_OFF_OTHERS ( only used in contract segmentation )

MINUTES_OUTGOING_OFF_TOTAL

SMS_OUTGOING_ON_NETWORK

SMS_OUTGOING_OFF_NETWORK

SMS_INCOMING_ON_NETWORK

SMS_INCOMING_OFF_NETWORK

VOICE_PACKET_ON_NETWORK ('YES' or 'NO)

VOICE_PACKET_OFF_NETWORK ('YES' or 'NO)

VOICE_PACKET_INTERNATIONAL ('YES' or 'NO)

SMS_PACKET_ON_NETWORK ('YES' or 'NO)

SMS_PACKET_OFF_NETWORK ('YES' or 'NO)

NAVIGATION_PACKET ('YES' or 'NO)

DATA NAVIGATION_GPRS_KB 

VOICE USAGE

SMS USAGE

USE OF PACKETS
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For each of these services sets a segment was created for prepaid wireless plan 

lines and another segment was created for contract wireless plan lines. The algorithm 

used to create these segments was the K-Means Algorithm. 

Before applying the algorithm to each of the service sets, a statistical study of the 

distributions of each of fields was done. In overall the same type of distribution was 

found with few exceptions
13

; one example of this distribution is presented on Figure 

8. 

 

 
Figure 8 – Distribution of SMS_OUTGOING_OFFNEWORK 

By looking at Figure 8, one important fact can be stated.  There was a tendency of 

the overall population to barely use the service. If a clustering algorithm was applied 

to discretize this field, more than 80% of the total population would have ended up in 

the same discretization bucket. This type of aggregation would not have allowed for 

different patterns of behavior to be found within the same bucket. (e.g. Low usage of 

SMS outgoing would be clustered together with zero usage. Even if low usage of 

outgoing SMS had a high incoming SMS usage the clustering algorithm would fail to 

find such pattern, because in this type of discretization low usage is equal to zero 

usage.)  

 

In order to avoid such discretization pattern, an equal-areas procedure was used. In 

this procedure buckets were created with the same number of lines. The number of 

lines was selected in order to create enough buckets to allow different range of values 

                                                           
13  Exceptions were found on the most used services, such as CALLS_OUTGOING or 

CALLS_INCOMING. 
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to be used. An example of the results obtained through this discretization procedure is 

presented in Figure 9. 

   

 

 
Figure 9 – Discretized field SMS_OUTGOING_OFFNETWORK 

 

The discretization procedure was effective in creating an uninform range of values 

in which different behavioral patterns could be described.  

 

Once the final data preparations were ready, the segmentation process began.  

 

This process was done through Microsoft BIDEV tool. A guide for using this tool 

for different data mining models is presented in (MacLennan, Tang, & Crivat, 2008).  

The algorithms used for the segmentation were K-Means in contract wireless plan 

segmentations and scalable K-Means in prepaid wireless plan. The difference between 

the two algorithms is their scalability. Scalable K-Means uses a heuristic in which 

throughout the iterations only the points likely to change cluster are brought to 

memory.  

 

The selection of K-parameter was done through trial and error and the use of a heu-

ristic. BIDEV’s implementation of clustering allows data miners to use a heuristic to 

find the best number of clusters (K).  The configuration of parameters within the tool 

is presented in the following figure:  
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Figure 10 – Configuration of parameters in BIDEV 

 

CLUSTER_COUNT references the number of clusters. 0 represents the use of Mi-

crosoft’s Heuristic.  

CLUSTERING_METHOD: Selects the clustering method to use. A value of 4 repre-

sents non-scalable K-Means while a value of 3 represents scalable K-Means. 

MODELLING_CARDINALITY: Modeling cardinality represents the number of 

clusters to build before deciding on the best one. Comparison between clusters is done 

through different cluster validation measures.  

 

 The main validation tools for measuring the quality of a solution were difference 

between clusters and business interpretability of the clusters found.  Only the segment 

created for VOICE usage is presented as a figure in this document, however all seg-

ments will be characterized on section 6.2.  

 

 

 

Figure 11 – Segmentation for Voice USAGE for Contract Lines 

 

The colors in each segment represent the amount of population each cluster has. A 

deep blue represents a higher percent of the population while a light blue represents a 

lower percent of the population.  
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Of the different clusters found for the wireless contract plan lines the one with less 

uniformity was the packet usage cluster. Through different trial and error phases the 

overall uniformity of the cluster would not increase as the use of packets throughout 

the population was not uninform. This segmentation, even though it’s not uniform, is 

significant from a business perspective.  

Between the segments created for CWP lines and PWP lines the most different 

segment is the segment of DATA NAVIGATION. This difference can be attributed to 

the particular usage of DATA NAVIGATION by prepaid wireless plan lines and 

contract wireless plan lines. Contract wireless plan lines tend to have a monthly data 

plan, however prepaid plan lines are less likely to have a full data plan and are there-

fore less likely to use the data navigation services.  

5.3 Classification of ARPU 

 

As explained in section 4.3 an average of the ARPU a line had reported was used 

to classify lines according to their ARPU throughout the time frame. As it was clari-

fied in Footnote
11

 the approach used in this project for ARPU classification was not 

the best approach as monetary analysis often needs the use of other variables.  The 

RFM analysis was not included due to time restrictions.  

 

Each month a line reported, the line was classified into a range of ARPU by 

MOBILE. The different ranges were defined by MOBILE with a specific level of 

granularity. Prepaid wireless plan lines tend to have a more granular number of ranges 

as it’s the first source of income for MOBILE. 

 

In order to classify a line during the timeframe it was necessary to find an average 

of the ARPU classifications it had during the months it reported. As the values in 

which a client was classified were a range of values, a median of this range was taken 

for each month. (i.e. Suppose the range is less than 10 USD and more than 2 USD, the 

median value is 6 USD.). The average of these median values was found for the num-

ber of periods the line reported.  

 

The results found are presented in the figures 12 and 13 for both prepaid and con-

tract wireless plans. Both results will be analyzed on section 6.2. 
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Figure 12 – ARPU classification for Prepaid Wireless Plan Lines 

 

 

 
Figure 13 – ARPU Classification for Contract Wireless plan Lines 
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6 Verifying the Solution 

 

6.1 Validation Methods 

In this chapter a verification of the proposed solution is presented. 

 

 The solution was verified from a business perspective, understanding the meaning 

of each cluster and the difference between them. A correct solution was defined as a 

solution that would approve the validation measures defined previously. 

 

1. Clusters should be significant from a business perspective. Each cluster should be 

easily interpreted and meaningful. 

2. Clusters should be significant from each other. The difference between clusters 

should have a significant business meaning.  

 
Even though this verification was a qualitative verification, it was significant as the 

clusters would only fulfill their objective if they were useful from a business perspec-

tive.  

 

6.2 Cluster Characterization 

 

In order to classify each cluster, the mean of each field was used as a reference 

point. Values with a tendency to be higher than the mean were classified as HIGH and 

values with a tendency to be lower were classified as LOW. Values close to the mean 

were classified as MEDIUM.  More detailed classifications such as MEDIUM HIGH 

or MEDIUM LOW were also used and should be interpreted as a value close to the 

mean but with a tendency to be higher or lower respectively. Last, if a cluster didn’t 

have a significant behavior in a dimension it was classified as AVERAGE as it fol-

lowed the same distribution the initial population had. 
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Contract wireless plan (CWP) segments description.  

 

 The characterization of the voice segments is presented on the following table. 

 

 
Table 12 – Segment description of voice usage CWP lines 

In general the clusters presented in the voice usage characterization have unique 

characteristics that define them. Similar clusters such as CLUSTER 8 and CLUSTER 

10 have different characteristics regarding their usage of INTERNATIONAL voice 

services and OTHER voice services. Cluster 8 has an average behavior while 

CLUSTER 10 has a low behavior. Cluster 10 has a HIGH use of voice services on 

ONNETWORK however Cluster 8 has a MEDIUM HIGH usage. 

 

 

 

 

 

CLUSTER 1 SIZE 341094 CLUSTER 2 SIZE 79900 CLUSTER 3 SIZE 62905

CLUSTER 4 SIZE 88532 CLUSTER 5 SIZE 89867 CLUSTER 6 SIZE 437960

CLUSTER 7 SIZE 63010 CLUSTER 8 SIZE 105571 CLUSTER 9 SIZE 110320

CLUSTER 10 SIZE 64601

BEHAVIOR

LOW_VOICE_USAGE. Lines within this 

segment have a LOW usage of voice services 

in general.

BEHAVIOR

HIGH_LOW_ONNET_USERS. Lines 

within this segment have a HIGH usage of 

incoming/outgoing calls/minutes in 

ONNETWORK. However they have a low 

usage of all the other voice services.

BEHAVIOR

MID_HIGH_NON_SPECIAL_USERS. 

Lines within this segment to have a 

MEDIUM HIGH usage of phone services in 

ONNETWORK, OFF_NETWORK AND 

PSTN. However they have low usage of 

services  in INTERNATIONAL 

NETWORKS and OTHER_NETWORKS.

BEHAVIOR

OUT_FIXNET_CALLERS. Lines within this 

segment have a tendency a HIGH tendency in 

calls/minutes outgoing to the PSTN. They 

have a low usage of calls/minutes 

incoming/outgoing on the ONNETWORK. 

They have an average behavior on the rest of 

voice services.

BEHAVIOR

MID_OFFNET_USERS. MEDIUM HIGH 

usage of calls/minutes incoming/outgoing in 

OFFNETWORK.  LOW usage of services 

to/from PSTN and MEDIUM LOW use of 

services on OFFNETWORK.

BEHAVIOR

MID_ONNET_USERS. MEDIUM HIGH 

usage of calls/minutes incoming/outgoing in 

ONNETWORK. Has a LOW use of 

calls/minutes incoming/outgoing in 

OFFNETWORK and PSTN. Average use 

on other voice services.

HIGH_NON_ONNET_VOICE_USER. 

Lines within this cluster tend to have a HIGH 

use of voice with incoming/outgoing of PSTN 

and OFFNETWORK. However they have a 

medium use of calls 

OUTGOING/INCOMING to 

ONNETWORK.

BEHAVIOR

ONNET_&_LDI_USERS.  Lines within this 

cluster tend to have a high use of 

incoming/outgoing calls/minutes with destiny 

in ONNETWORK and INTERNATIONAL 

NETWORK. Has an average use of the rest 

of voice  services. 

BEHAVIOR

MINIMUM_VOICE_USERS. Lines within 

this cluster have the lowest usage of voice of 

the population.

BEHAVIOR

HIGH_VOICE_USERS. Lines within this 

cluster have the highest usage of voice in 

ON NETWORK, OFF NETWORK, 

INTERNATIONAL NETWORK, and 

PSTN.

BEHAVIOR
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The characterization of SMS usage is presented on the following table.  

 

 
Table 13 – Segment description of SMS usage in CWP lines 

Using the behavioral segments found so far, interesting analysis can be done. For 

example by taking Cluster 2 of SMS usage and crossing it with voice usage segments, 

it was found that more than 51.36% of these lines had a NON ONNET voice usage 

behavior.  Also comparing Cluster 3 of SMS usage with segments on voice usage it 

was found that 44.93% of these lines had a tendency to also use voice with a HIGH 

tendency. 

 

 
Table 14 – Segment description of data usage in CWP lines 

CLUSTER 1 SIZE 437960 CLUSTER 2 SIZE 127257 CLUSTER 3 SIZE 132655

CLUSTER 4 SIZE 91544 CLUSTER 5 SIZE 150250 CLUSTER 6 SIZE 169148

BEHAVIOR

HIGH SMS_USERS.  Lines within this 

segment are characterized by having the 

HIGHEST usage of SMS services in all 

fields.

LOW SMS_USERS.  Lines within this 

segment have a low usage of SMS services.

HIGH_ONNET_SMS_USERS. Lines 

within this segment have a high usage of 

incoming/outgoing SMS services from 

ONNETWORK. They have a low SMS 

usage of OFFNETWORK services.

BEHAVIOR

OFFNET USERS. Lines within this segment 

have a MEDIUM HIGH usage of SMS 

services incoming/outgoing in OFF 

NETWORKS. They have a low usage of 

SMS services on ONNETWORK.

BEHAVIOR

OFFNET_RECEIVERS. Lines within this 

segment have a tendency to have 

MEDIUM/HIGH reception of messages 

incoming from OFFNETWORKS. However 

they have low usage of all other SMS 

services.

BEHAVIOR BEHAVIOR

BEHAVIOR

MINIMUM SMS USERS. Use of SMS 

services is the lowest on each field. (< 1 

SMS on average per month) 

CLUSTER 1 SIZE 369515 CLUSTER 2 SIZE 246403

CLUSTER 3 SIZE 123290 CLUSTER 4 SIZE 246403

CLUSTER 5 SIZE 123203

SUPERIOR usage of navigation. Data 

usage was greater than  2.972 GB 

montly.

BEHAVIOR

Low usage of navigation data. Usage 

was between 99KB and 4.6 MB

BEHAVIOR

MEDIUM usage of data navigation.  

Usage was between 177.766 MB and 

2.972 GB

BEHAVIOR

MINIMUM usage of data. Navigation 

was less 99 KB monthly.

BEHAVIOR

MODERATE usage of data. Usage was 

between 4.6 MB and 177.738 MB

BEHAVIOR
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Note the high usage of data navigation in Cluster 5 in Table 14. Using the other 

two segments of SMS usage and VOICE usage it was found that 93.73% of lines in 

that cluster had the lowest usage of SMS and VOICE in general. The most likely rea-

son behind this behavioral pattern is that these lines use only the SIM for navigation 

in devices such as tablets.  

 

 

 
Table 15 – Segment description of packet usage in CWP lines 

 

Some of the clusters found in packet usage had a direct impact on how the lines 

within those segments used other services. For example, 63% lines within Cluster 4 of 

packet usage were within a HIGH SMS usage cluster.  41% of lines within Cluster 3 

of Packet usage were in a HIGH voice usage cluster.  Note however that a usage of a 

specific service packet does not imply a high usage of that service.  

An example of this is the lack of use of data navigation packets by the CWP lines 

even though these lines have the highest data navigation rates. One possible explana-

tion of this behavior is that most CWP lines have an established navigation plan for 

each month; therefore the use of data navigation packets is low. 

 

 

CLUSTER 1 SIZE 830826 CLUSTER 2 SIZE 149957 CLUSTER 3 SIZE 43987

CLUSTER 4 SIZE 23160 CLUSTER 5 SIZE 11672 CLUSTER 6 SIZE 13299

CLUSTER 7 SIZE 7947 CLUSTER 8 SIZE 9942 CLUSTER 9 SIZE 12322

CLUSTER 10 TAMANO 2702

BEHAVIOR

100% of lines in this segment use 

SMS_OUT_OFF_NETWORK_PACKET

BEHAVIOR

 Lines within this segment use 

VOICE_PACKET_INTERNATIONAL, 

SMS_OUT_OFF_NETWORK_PACKET 

and have a high tendency (>50%) of using 

VOICE_OFF_NETWORK_PACKET 

SMS_OUT_ONNET_PACKET and 

VOICE_ONNET_PACKET.

BEHAVIOR

Lines within this segment have a high 

tendency to use 

SMS_OUT_ONNET_PACKET and 

SMS_OUT_OFF_NETWORK_PACKET

BEHAVIOR

100% of lines within this segment use 

VOICE_ONNET_PACKET and 

VOICE_OFF_NETWORK_PACKET 

There is a high tendency of using 

SMS_OUT_ONNET_PACKET (81%)

BEHAVIOR

All lines within this segment use 

VOICE_OFF_NETWORK_PACKET and 

VOICE_PACKETS_INTERNATIONAL. 

Half of the lines in this segment have a 

tendency to use 

SMS_OUT_PACKET_ONNETWORK and 

VOICE_ON_NETWORK_PACKET.

BEHAVIOR

All lines within this segment use 

SMS_OUT_PACKET_ONNETWORK

BEHAVIOR

All the lines within this segment use 

VOICE_PACKETS_INTERNATIONAL

BEHAVIOR

The line within this segment do not use any 

type of packets.

BEHAVIOR

All lines within this cluster use a  

VOICE_ONNET_PACKET. 63% of lines 

use  SMS_OUT_ONNET_PACKET y 31% 

use VOICE_OFF_NETWORK_PACKET

BEHAVIOR

All lines within this segment use 

VOICE_ONNET_PACKET and 

VOICE_OFF_NETWORK_PACKET
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Prepaid wireless plan (PWP) segments description 

 

 
 

Table 16 – Segment description of voice in PWP lines 

Comparing the segments found in Table 12 with the segments found in Table 16 

some noticeable differences can be seen. Prepaid line segments have a new behavioral 

pattern of voice usage, a higher tendency of incoming calls than outgoing calls. This 

type of behavior can be explained by the type of wireless plan used. Prepaid lines 

normally do not have an established voice plan assigned and in order to make calls, 

they buy phone credit.
14

 This type of behavior is expected from lines that do not have 

any current credit for performing outgoing calls and rely on incoming calls for com-

munication. 

 

                                                           
14 In Colombia, calls are only billed to the caller and not also the receiver of the call. 

Cluster 1 SIZE 1,293,149.00   Cluster 2 SIZE 463,294.00   Cluster 3 SIZE 459,929.00   

Cluster 4 SIZE 574,883.00      Cluster 5 SIZE 328,019.00   Cluster 6 SIZE 512,642.00   

Cluster 7 SIZE 290,462.00      Cluster 8 SIZE 382,791.00   Cluster 9 SIZE 428,032.00   

Cluster 10 SIZE 320,883.00      

MILD_RECIEVERS. Lines within this 

segment have a MEDIUM/MEDIUM  usage 

of incoming calls/minutes from 

OFFNETWORK and ONNETWORK.  

Outgoing usage of calls/minutes is LOW on 

the rest of voice services.

BEHAVIOR

MILD_OFFNET_USERS. Lines within this 

segment have a MEDIUM/MEDIUM LOW 

usage of voice services from/to 

ONNETWORK. LOW usage on the other 

voice services.

BEHAVIOR

BEHAVIOR

HIGH_SPECIAL_RECEIVERS. HIGH usage 

of incoming calls/minutes from PSTN, 

INTERNATIONAL and OFFNETWORKS.   

Average use of outgoing calls/minutes to OFF 

NETWORKS. LOW use of ONNETWORK 

services.

BEHAVIOR

HIGH_NON_SPECIAL_VOICE_USERS. 

HIGH use of OFF_NETWORK and 

ON_NETWORK voice services. MEDIUM 

behavior on the rest of voice services.

HIGH_OFFNET_MEDIUM USERS. HIGH 

usage of calls/minutes incoming/outgoing 

to/from OFFNETWORKS. MEDIUM usage 

of calls_outgoing to PSTN but also a LOW 

usage of calls_incoming to PSTN. Medium 

low usage of ONNETWORK services. 

MILD_ONNET_CALLERS. Lines within 

this segment have a MEDIUM, MEDIUM 

LOW usage of outgoing calls/minutes to 

ONNETWORK.  However they have a 

LOW usage of calls/minutes incoming from 

ONNETWORK.  Minimum usage of PSTN 

and International services usage. Average on 

Outgoing calls to Others.

LOW_NO_CALLERS. Lines within this 

segment have a MINIMUM behavior on most 

voice usage services with the exception of 

incoming calls/minutes from ONNETWORK 

and OFFNETWORK. On those four 

behaviors, their classification is LOW.

BEHAVIOR

ONNET_VOICE USERS. Lines within this 

segment have a HIGH usage of calls/minutes 

incoming/outgoing on ONNETWORK.  They 

have MEDIUM LOW usage of calls/minutes 

incoming/outgoing from /to OFF_NETWORKS. 

Minimum usage of international and PSTN voice 

services.

BEHAVIOR

BEHAVIOR

BEHAVIOR

Lines within this segment have the lowest voice 

usage behavior. For each field their behavior is 

on the minimum category.

BEHAVIOR

HIGH_VOICE_USERS.  Lines within this 

segment have a HIGH and MEDIUM HIGH 

voice usage behavior for all voice services. 

BEHAVIOR
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Table 17 – Segment description of SMS usage in PWP lines 

 

Using the segments found for SMS usage and voice usage of PWP lines, some ini-

tial relationships were found. 65% of HIGH SMS users belonged to a HIGH voice 

usage segment (either Cluster 2 or Cluster 8).  62.5% of members of Cluster 3 of SMS 

usage belonged to a HIGH OFFNET segment in voice usage which implied a tenden-

cy for OFFNETWORK SMS service users to use OFFNETWORK services in voice 

also. Finally 62.5% members of Cluster 2 of SMS usage (only receivers from 

Cluster 1 SIZE 1,752,528.00   Cluster 2 SIZE 836,131.00         

Cluster 3 SIZE 303,760.00     Cluster 4 SIZE 698,090.00         

Cluster 5 SIZE 260,217.00     Cluster 6 SIZE 849,276.00         

Cluster 7 SIZE 390,082.00     

OVERALL HIGH USERS. Lines in this 

segment have a HIGH SMS usage to/from 

OFFNETWORKS and ONNETWORKS.

BEHAVIOR

Lines within this segment have a minimum 

usage of SMS services

BEHAVIOR

OFFNET_RECEIVERS. Lines within this 

segment have a HIGH incoming SMS usage 

from OFFNETWORKS and a MEDIUM 

outgoing SMS usage to OFFNETWORKS. Low 

usage of incoming/outgoing messages to/from 

ONNETWORK.

BEHAVIOR

LOW_ONNET_RECEIVER. Lines within this 

segment have a minimum outgoing number of 

messages and a LOW, LOW HIGH number of 

incoming sms from ONNETWORK.

BEHAVIOR

MILD_ONNET_USERS.  Lines within this 

segment have a MILD usage of incoming/outgoing 

SMS usage on/from ONNETWORKS. They have 

a low usage of SMS services to/from 

OFFNETWORKS.

BEHAVIOR

HIGH_OFFNET_USERS. HIGH usage of 

SMS services from/to OFFNETWORK. LOW 

usage of SMS services from/to 

ONNETWORK.

BEHAVIOR

HIGH_ONNET_USERS. HIGH usage of SMS 

services to/from ONNETWORK. LOW usage of 

SMS services from/to OFFNETWORK.

BEHAVIOR
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ONNET) belonged to a voice usage segment that was characterized for only receiving 

calls.  

 

 
Table 18 – Segment description of Data usage in PWP lines 

 

The first noticeable difference between the segments found for CWP lines in data 

navigation and PWP lines is the different range of values used by each wireless plan. 

Contract wireless plan users tend to have a higher usage of data navigation by using 

the data plans they have available. Prepaid wireless plans instead have a lower data 

navigation average.  

Using the previous segments found, a behavioral pattern for Cluster 6 of data navi-

gation was found. 27% of the lines within Cluster 6 of data navigation had a HIGH 

voice usage pattern, and 15% had a MINIMUM voice usage behavior.  23% of the 

lines within Cluster 5 had a HIGH usage of SMS however 23% also had a 

Cluster 1 Tamaño 2,805,797.00  Cluster 2 Tamaño 561,146.00 

Cluster 3 Tamaño 339,751.00    Cluster 4 Tamaño 340,796.00 

Cluster 5 Tamaño 363,846.00    Cluster 6 Tamaño 509,018.00 

Cluster 7 Tamaño 169,730.00    

LOW - HIGH Use of DATA NAVIGATION. 

Monthly average is between  20.66 KB and 

99.3334 KB

LOW - LOW use of DATA NAVIGATION. 

Monthly average is between 1.5 KB and 4.833 

KB.

LOW use of DATA NAVIGATION.  

Monthly average is between 4.83 KB  and 

20.66 KB

MEDIUM AND HIGH Usage of DATA 

NAVIGATION. Monthly average is superior 

than 306.5 KB.

CARACTERIZACION

MILD use of navigation. Monthly average is 

between 99.3334 KB and 306.5 KB

CARACTERIZACION CARACTERIZACION

CARACTERIZACION CARACTERIZACION

CARACTERIZACION

NULL use of DATA NAVIGATION. 

Average mensual usage is less than 0.16 KB

MINIMUM use of  DATA NAVIGATION. 

Monthly average is between 0.16 and 1.5 KB

CARACTERIZACION
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MINIMUM usage of SMS. Initially no behavioral patterns were found, however a 

more in depth study of this specific cluster could lead to new business insight. 

 

 
Table 19– Segment description of PACKET usage in PWP Lines 

Cluster 1 SIZE 2,519,545.00   Cluster 2 SIZE 1,326,570.00 

Cluster 3 SIZE 619,985.00      Cluster 4 SIZE 81,859.00     

Cluster 5 SIZE 176,510.00      Cluster 6 SIZE 179,960.00   

Cluster 7 SIZE 51,724.00       Cluster 8 SIZE 87,998.00     

Cluster 9 SIZE 45,993.00       

ONNET_VOICE_PACKET_USERS. All lines 

within this segment have used 

VOICE_ONNET_PACKET

OFFNET_VOICE_PACKET_USERS. All 

lines within this segment have used 

VOICE_OFF_NETWORK_PACKET

BEHAVIOR BEHAVIOR

BEHAVIOR BEHAVIOR

Lines within this segment do not use Packets.

ONNET_PACKET_USERS.  100% Lines 

within this segment have used 

VOICE_ONNET_PACKET and 

SMS_OUT_ONNET_PACKET.

BEHAVIOR

SMS_PACKET USERS. All lines within this 

segment have used 

SMS_OUT_ONNET_PACKET and 

SMS_OUT_OFF_NETWORK_PACKET

BEHAVIOR BEHAVIOR

BEHAVIOR BEHAVIOR

100% of lines within this segment have used 

SMS_OUT_ONNET_PACKET, 

VOICE_ONNET_PACKET and 90% of lines 

have used 

SMS_OUT_OFF_NETWORK_PACKET.

All lines within this segment use 

SMS_OUT_ONNET_PACKET,. 66.3% use 

NAVIGATION_PACKETS and 78% use 

VOICE_ONNET_PACKET.

(OFFNET_SMS_USERS) All lines within this 

segment use 

SMS_OUT_OFF_NETWORK_PACKET

ALL lines within this segment use 

VOICE_OFFNET_PACKET, 

NAVIGATION PACKET and a 93% of lines 

use VOICE_ONNET PACKET. 
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Comparing the segments from Table 15 and Table 19 similar clusters can be found. 

However in PWP lines Data Navigation packet usage has a presence within the clus-

ters unlike CWP lines.  Analyzing one of the clusters with data navigation packet 

usage, Cluster 8, and crossing it with data navigation segments an interesting result 

was found. 75.52% of lines within Cluster 8 had a MEDIUM and HIGH usage of data 

navigation. This implies that data navigation packets are effectively used on 

MOBILE. A possible marketing strategy for increasing data usage in PWP lines 

would be lowering the price of data navigation packets or making them known among 

the clients through publicity.  

 

ARPU Classification Description 

 

The results found in the ARPU Classification for both PWP and CWP lines were 

analyzed using the segments found in the previous sections. A special analysis was 

made for lines in the most profitable ranges. 

 

In PWP, lines within the most profitable range, over $50 USD of ARPU, had a 

high usage of other services. More than 75% of users in this classification had a 

HIGH overall usage of voice services, especially those on MOBILE’S network. 74% 

of those lines also had a MEDIUM/HIGH usage of SMS services. However, use of 

DATA NAVIGATION was not an important source of ARPU in this segment. (i.e. 

Only 27% of these lines had a high usage of DATA NAVIGATION) Use of packets 

was apparently an important source of revenue, as 86.03% of lines had used at least 

one packet during the timeframe. 

 

In CWP the most profitable range was also over $50 USD of ARPU.  72% of lines 

within this segment had a HIGH usage of voice. Also 72% of lines also had a HIGH 

usage of SMS services. 48% of the most profitable lines had a MEDIUM usage of 

data navigation. However 71.42% of lines within this segment didn’t use any kind of 

packet. This implied that for CWP lines HIGH revenue didn’t imply a HIGH packet 

usage. The most probable reason behind this is that the use of an established voice 

and data plan by CWP lines eliminates the use of packets. 

 

Even though the analysis presented in this section is short and only for profitable 

lines, interesting conclusions can be drawn. One important way of creating more prof-

itable customers in PWP lines could be through campaigns that seek to boost the use 

of packets. In CWP lines, the use of packets is not important and therefore to boost 

revenue, promotion of different voice and data plans can be done. 
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7 Conclusions 

 

7.1 Final words 

Behavioral segmentation in wireless telecommunications organizations is a way in 

which companies can understand different patterns of service usage. It allows them to 

understand which types of behaviors are associated with each other and why such 

relationship exists. Using this information companies can decide on how to use it to 

boost their sales, their revenue and improve their marketing strategies.  

An important problem faced during behavioral segmentation in a wireless tele-

communication organization is the number of fields or dimensions that describe be-

havior. In this case more than 57 fields were used initially and after the data prepara-

tion stages 42 fields remained.  The main strategy for tackling this problem was 

through two alternatives: PCA analysis and segmentation by service sets.  

PCA as a data reduction technique is a non-parametric procedure and therefore its 

use and results must be evaluated on different situations. In this case, the results of 

performing PCA were unsatisfactory (both statistically and from a business perspec-

tive) due to the small reduction of fields obtained. Segmentation by service sets was a 

more adequate approach to face multiple fields which gave satisfactory results.   

The segmentation algorithm used, K-Means, is a powerful algorithm that allows 

experimentation of results by varying the K parameter. Validation and comparison 

between results is important as the best clustering should be selected according to the 

business meaning the segmentation has. In order to understand the business meaning 

of a segmentation it’s necessary to understand the business meaning of each cluster 

and its difference to the population and other clusters. The procedure used throughout 

this project, labeling and defining a behavior for each of the fields affecting a cluster, 

was an effective process of finding the business meaning of each cluster.   

 

The final results are interesting and fulfill the main objective defined initially. The 

segments allow for different patterns of behavior to be found.  Whether these patterns 

of behavior are surprising or useful for MOBILE is yet to be seen, however interest-

ing initial discoveries were made by a simple analysis. If found surprising the discov-

eries made could have a huge impact on how MOBILE handles customers and could 

guide new more effective marketing strategies.  

7.2 Future Work 

The project described here is only a step in fulfilling the main objective MOBILE 

currently has. A behavioral segmentation on use of basic services has been defined; 

however the impact of a behavioral pattern on the purchasing of value-added services 

is yet to be discovered. The next steps in the project are the creation of association 

rules between a specific behavioral pattern, a specific purchase pattern and the content 

each client has purchased. These rules will associate a specific behavioral pattern to 

some content which could create a better marketing strategy for MOBILE. 
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9 Appendix 

 

 

                                                           
i
 Images generated using Machine Learning Demo, created and developed by 

Basilio Noris. Program available at [http://mldemos.epfl.ch/] 

http://mldemos.epfl.ch/







