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Abstract 

The primary aim of this thesis is to investigate the unsupervised learning 

potentials of novel neural networks for the trend analysis of calls made by users 

over a period of time in a mobile telecommunication network. Specifically, this 

study provides a comparative analysis and application of Self Organizing Maps 

(SOM), Learning Vector Quantization (LVQ) and Adaptive Resonance Theory 

(ART) competitive neural networks algorithms to user call data records in order to 

conduct a descriptive data mining on users call patterns. 

Huge amounts of data arc being collected as a result of the increased use of 

mobile telecommunications. Insight into information and knowledge derived 6om 

these databases can give operators a competitive edge in terms of customer care 

and retention, marketing and fraud detection. 

IJnsupervised neural networks, with their remarkable ability to derive meaning 

from complicated or imprecise data, can be used to extract patterns and detect 

trends that are too complex to be noticed by either humans or other computer 

techniques. A trained neural network can be thought of as an "expert" in the 

category of information it has been given to analyze. Unsupervised learning is 

very useful and remarkable technique when dealing with large volumes of raw 

data with little or no knowledge of the inter relation between the various fields in 

a vector. This network can create its own organization or representation of the 

information it receives during learning time. 
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Introduction 

1. Introduction 

1.1 Overview 

Over the past decade, academic as well as commercial databases have been growing 
at exceptional rates. Gaining new knowledge from such databases is difficult, costly 
and time-consuming if done manually. It may even be impossible when the data 
exceeds certain limits of size and complexity. As a result, the automated analysis and 
visualization of massive multi-dimensional datasets has been the focus of much 
scientific research during the last years. The principal objective is to find regularities 
and relationships in the data, thereby gaining access to hidden and potentially useful 
knowledge. Artificial Neural Networks are a promising part of this broad field. 
Inspired by advances in biomedical research, they form a class of algorithms that aim 
to simulate the neural structures of the brain [Jost (2003)l. 

There are several criteria to classify Neural Networks; the two that are most 
important are the training mode and the feed back mechanism. The training mode 
could be supervised and unsupervised. In Supervised learning mode Neural 
Networks rely on a previously compiled and sanitized data "training set". The 
network then tweaks its internal "weights" such that it will try to accurately classify 
the largest majority of training vectors. The benefit of this technique is that it has a 
more generalized coverage of its problem domain. In Unsupe~Sed  learning mode, 
instead of being told what they should be looking for or what to report, network hy 
to find patterns within a data set and seeks to group them according to the most 
relevant features. This technique is very useful when dealing with large volumes of 
raw data with little or no knowledge of the inter relation between the various fields in 
a vector [Hussam (2002)J. 

The Self-organizing Map (SOM) is a fairly well-known neural network and indeed 
one of the most popular unsupervised learning algorithms. Since its invention by 
Finnish Professor Teuvo Kohonen in the early 1980s [Kohonen (1981); Kohonen 
(1983)], more than 4000 research articles have been published on the algorithm, its 
visualization and applications. The maps comprehensively visualize natural 
groupings and relationships in the data and have been successfully applied in a broad 
spectrum of research areas ranging from speech recognition to financial analysis. 
The Self-Organizing Map perfoms a non-linear projection of multidimensional data 
onto a two dimensional display. The mapping is topology-preserving, meaning that 
the more alike two data samples are in the input space, the closer they will appear 
together on the final map. This allows the user to identify "clusters", i.e. large 
goupings of a certain type of input pattern. Further examination may then reveal 
what features the members of a cluster have in common [Jost (2003)l. 

Adaptive Resonance Theory (ART) architecture is another unsupervised neural 
network that cames out stable self-organization of recognition codes for arbitrary 
sequence of input pattern. . It allows increase in number of clusters only if required. 
Adaptive Resonance Theory first emerged from an analysis of the instabilities 
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inherent in feed fonvard adaptive coding structure [Grossberg (1976a), 1976b)l. 
More recent work has led to the development of three classes of ART neural network 
architecture, specified as system differential equations: ARTl and ART2 [Carpenter 
& Grossberg (1987a), (1987b)l. By especially ART2 self-organizes recognition 
categories for arbitrary sequences of either binary or analog inputs. ART2 is 
designed to perform for continuous-valued input vectors the same type of tasks as 
ARTl does for binary input vectors. The differences between ART2 and ARTl 
reflect the modifications need to accommodate patterns with continuous-valued 
components. The more complex F1 field of ART2 is necessary because continuous- 
valued input vector may be arbitrarily close together. The F1 field in ART2 includes 
a combination of normalization and noise suppression, in addition to the comparison 
of the bottom-up and top-down signals needed for the reset mechanism. [Carpenter et 
a]. (1991)]. 

1.2 Literature Survey 

Literature Survey is an important and unavoidable part of research, as without 
literature survey we cannot understand the scenario that till what point the 
researchers have reached and what are the loopholes in the topic and what can be 
enhanced in that area. 

1.2.1 Mark W. Craven, Jude W. Shavlik, 1998: Using Neural Networks for 
Data Mining [Craven and Shavlik (1998)l 

In this paper, authors describe neural network learning algorithms that are able to 
produce comprehensible models and that do not require excessive training times. 

Contribution 

The authors have presented algorithms that are able to extract symbolic rules from 
trained neural networks, and algorithms that are able to directly learn 
comprehensible models. The authors have used competitive learning algorithm and 
argued that it is the most used algorithm for data mining. It is an on-line algorithm, 
meaning that during training it updates the network's weights after every example is 
presented. Thus online makes it more suitable for very large data sets as compared to 
statistical model K-means clustering. 

1.2.2 Portia A. Cerny, 2002: Data mining and Neural Networks from a 
Commercial Perspective [Cerny (2001)1 

In this paper, the authors have discussed that Neural networks have proven useful for 
a wide range of Commercial Applications including fraud detection, 
telecommunications, medicine, marketing, bankruptcy prediction, insurance etc. 
They have discussed the following advantages: 
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High Accuracy, Noise Tolerance, Independence from prior assumptions, Ease of 
maintenance, Neural networks can be implemented in parallel hardware, Neural 
networks performance can be highly automated, minimizing human involvement. 

1.2.3 Jost Schatzmann, 2003: Using Self-organizing Maps to Visualize 

Clusters and Trends in Multidimensional Datasets [Jost (2003)l 

The author tells about the use of SOM algorithm for clustering and information 
visualization in the past. He argues that although work has been done in this field but 
a system has been lacking that combines the fast execution of the algorithm with 
powerful visualisation of the maps and effective tools for their interactive analysis. 

Contribution 

The author has given system which is Java implementation of SOM algorithm which 
is controlled through a graphical user interface. It unites many successful ideas that 
were only implemented independently so far. In addition, it offers new features that 
have not been published elsewhere such as the option to isolate selected clusters. 

1.2.4 Pavel Berkhin, 2004: Survey of Clustering Data Mining Techniques 
[Pave1 (2002)] 

The author has carried out a survey that focuses on clustering in data mining. The 
authors found out that unlike traditional hierarchical methods, in which clusters are 
not revisited after being constructed, relocation algorithms gradually improve 
clusters. With appropriate data, this results in high quality clusters. On the other 
hand, K-means method provides better results in case of numerical values. Centroids 
have the advantage of clear geometric and statistical meaning. 

1.2.5 Olusola Adeniyi Abidogun, 2005: Call Pattern Analysis with 
Unsupervised Neural Xetworh [Abidogun (2005)] 

In this paper the authors have noted that unsupervised neural networks can mainly be 
used in exploratory data analysis. They act on unlabelled data in order to extract an 
efficient internal representation of the structure implicit in the data distribution. The 
author's main focus has been to investigate the unsupervised learning potentials of 
two neural networks - Self-Organizing Maps (SOM) and Long Short-Term Memory 
(LSTM) recurrent neural networks for the profiling of calls made by users over a 
period of time in a real mobile telecommunication network in order to conduct a 
descriptive data mining on the users call patterns. 
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Contribution: 
The authors showed that LSTM recurrent neural network algorithm provides a better 
discrimination of call patterns than the SOM algorithm in terms of long time series 
modeling and group them according to certain features. The ordered features were 
later interpreted and labeled according to specific requirements of the mobile service 
provider. Thus, suspicious call behaviors' were isolated within the mobile 
telecommunication network. 

1.2.6 Gary M. Weiss, 2005: Data Mining in Telecommunications [Gary (2005)l 

In this paper the author has described how data mining can be used to uncover useful 
information buried within telecom data sets. There are three main sources of 
telecommunication data (call detail, network and customer data). Most common data 
mining applications for telecommunication data are 1) Fraud Detection, 2) Customer 
profiling and 3) Network Fault Detection. One Big problem with Call Detail Data is 
that it is impossible to use all of it for data mining, due to immense storage and 
processing challenges. So important fields need to be identified and used to find 
often rare patterns in the data. 

1.2.7 Martin Hynar, Michal Burda, and Jana Sarmanov, 2005: Unsupervised 
Clustering with growing self-organizing neural network - a comparison 
with non-neural approach [Martin et al. (2005)l 

In this paper the authors have stated that non neural approaches like K-means 
methods are too static in a particular point of view; at the beginning we have to 
specify the number of expected clusters and the algorithm is then responsible to find 
them in the data set. But, what if we could not determine this number? Therefore 
they have preferred SOM as SOM has its topology preserving behaviour. This 
means, that SOM tries to adapt weights of neurons to cover the most dense regions 
and therefore SOM naturally finds data clusters. The limitation of SOM lies in fact 
that it is designed to have number of neurons specified as the input parameter and 
immutable during the learning process. The most important feature of such neural 
networks is their natural ability to find dense areas in the input space. 

1.2.8 Gail A. Carpenter, Stephen Grossberg, David B. Rosen, 1991: ARTZ-A: 
An Adaptive Resonance Algorithm for Rapid Category Learning and 
Recognition [Carpenter et al. (1991)l 

The authors have discussed the importance and its placement for large problem 
solving. They have presented the following advantages of using ART2. 

Advantages: 
1) ART 2 is better suited for large problem solving on conventional computers. 

It can also be efficiently implemented on parallel systems for even greater 
performance boost. 
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2) It retains both distant and recent past information. It can learn fast with both 
Linear and Non-linear STM (Short term Memory) feedback 

3) At Intermediate level, it is good for LTM 

1.2.9 Sauli Kivikunnas, 1998: Overview of Process Trend Analysis Methods 
and Applications [Kivikunnas (l998)] 

This paper surveys trend analysis methods and their applications in process industry. 
Basic principles of several methods are presented together with known applications 
in process monitoring, diagnosis and control. In the first place, the methods 
presented analyse process measurements or some calculated quantities as time series 
using various pattern recognition methods. Also computationally much lighter 
methods such as linear regression based methods are included. Researchers with 
different background, for example from pattern recognition, digital signal processing 
and data mining, have contributed to the trend analysis development and have put 
emphasis on different aspects of the field 

1.2.10 Hilary K. Browne,William A. Arhaugh John McHugh,William L. Fithen, 
2001: A Trend Analysis of Exploitations [Hillary et al. (2001)l 

The authors have discussed different types of security issues in computer systems 
and how much they are vulnerable to such exploitations. 
CERTJCC data is the best available source for an analysis of this type. 

Contribution: 
In this paper, authors have presented a statistical model that relates the rate at which 
intrusions accumulate, and provided evidence to support it. The result is a model that 
assists in predicting the severity of an exploitation cycle. The existence of a severity 
predictor allows incident handling organizations to plan and staff accordingly. 
Additionally, the knowledge of the severity of an incident can assist operational 
organizations in performing more effective risk management. The model, indicates 
that each of the vulnerabilities that we have studied accumulate in a similar, and near 
linear, fashion. Identifying and validating the model requires a regession analysis on 
the intrusion data for each vulnerability. 

Given the results of the regression analyses above, a linear regression model using a 
square root transformation on time appears to provide very good predictive power 
for the accumulation of security vulnerability incidents following the release of a 
script for the vulnerability. 

Advantage: 
Such analysis permits the organization to plan it's staffing requirements rather than 
reacting. Operational organizations can benefit from the knowledge of the severity of 
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continuing incidents. For instance, most operational organizations test vendor 
supplied patches prior to deployment to ensure that the fix for the vulnerability does 
not produce unwanted side effects. In the case of security related patches, a time-bar 
is usually established as to when the patch must be deployed. 

1.2.1 1 K. Rajaraman and Ah-Hwee Tan, 2001: Topic Detection, Tracking and 
Trend Analysis Using Self-organizing Neural R'etworks. [Kanagasabi 
and Ah-Hwee (2001)1 

The authors have used ART for the purpose of detection of text streams and then 
their trend analysis is camed out to predict for future. ART formulates recognition 
categories of input patterns by encoding each input pattern into a category node in an 
unsupe~sed  manner. Thus each category node encodes a cluster of patterns. In 
other words, each node represents a topic. 

Trend analysis 

The topic detection and tracking setup together with the time ordering of the 
documents provides a natural way for topic-wise focused trend analysis. In 
particular, for every topic, suppose we plot the number of documents per segment 
versus time. This plot can be thought of as a trace of the evolution of a topic. The 
'ups' and 'downs' in the graph can be used to deduce the trends for this topic. 

1.2.12 R Inokuchi and S. Miyamoto, 2004: LVQ Clustering and SOM Using a 
Kernel Function. [lnokuehi and ~Miyamoto (2004)) 

The authors have discussed clustering algorithm based on Learning Vector 
Quantization (LVQ) using a kemel function (K-LVQC). They argue that when 
standard methods are used for clustering, these give linear cluster boundaries. On the 
other hand, real world situations request us clusters having nonlinear boundaries. To 
obtain nonlinear classification boundaries, a powerful method is the use of kernel 
functions, where original data are mapped into a higher dimensional feature space; 
data are classified linearly in the feature space but in the original data space the 
boundary appear nonlinear. Moreover an SOM using the kernel visualizes how the 
data is separated in the feature space. 

Four other methods of fuzzy cmeans, i.e., the standard fuzzy c-means sFCM, entropy 
based fuzzy c-means eTCM without a kernel function, K-sFCM (the standard fuzzy 
c-means with the kernel), and K-eFCM (the entropy-based fuzzy e-means with the 
kernel) were tested. Results showed that the number of misclassified objects found 
by K-LVQC were as good as other methods and the use of the kernel is effective in 
the real data sets. Also processor time taken showed that K-eFCM is time consuming 
while K-LVQC is much more efficient, while the classification capability is not 
worse than K-eFCM and eFCM. 
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1.2.13 Dolnicar, S., & Leisch, F., 2001: Behavioral market segmentation of 
binary guest survey data with bagged clustering. [Dolnicar and Leisch. 
(2001)l 

The authors have discussed the problems of traditional hierarchial and partitioning 
approaches and therefore presented Bagged clustering technique to overcome the 
problems. They have applied bagged cluster algorithm to a binary data set from 
tourism marketing. 

Drawbacks in previous techniques 

Hierarchical clustering techniques require the data sets to be rather small, as all 
painvise distances need to be computed in every single step of the analysis. 
Partitioning approaches like learning vector quantization (LVQ) typically give less 
insight into the structure of the data, as the number of clusters has to be specified a- 
priori and solutions for different number of clusters can often not be easily 
compared. 

Contribution 

Bagged clustering overcomes these difficulties by combining hierarchical and 
partitioning methods. Clusters can be split into sub-segments, each branch of the tree 
can be explored and the corresponding market segment identified and described. 
Learning vector quantization was used as base method. For stability checks, standard 
K-means and LVQ with bagged versions were compared. K-Means and LVQ were 
independently repeated 100 times using K = 3 to 10 clusters. 

Results 

Results showed that Bagging considerably increases the mean agreement of the 
partitions for all number of clusters while simultaneously having a smaller variance. 
Hence, the procedure stabilizes the base method. Results also showed that LVQ is 
more stable than K-Means on the given binary data set. 

1.3 Problem Formulation 

During Literature Survey, we have seen that although SOM has been used for Trend 
Analysis of different types of data including Telecom but LVQ and ART have not 
been used as a basis where unsupervised learning in a dynamic model fashion is 
applied to Telecom data for trend analysis. Also comparative study of these 
unsupervised neural network algorithms has not yet been carried out. Hence the 
effectiveness and comparative analysis of these different techniques has not yet been 
explored in detail. Therefore, until and unless we implement these techniques on the 
data, we will be unable to predict accurately the selection and application of 
individual algorithms in different cases on telecom data. 
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1.4 Motivation 

Before describing importance of unsupervised neural network methods for data 
mining, we first make an argument for why one might want to consider using neural 
network for the task. The essence of the argument is that, for some problems, neural 
networks provide a more suitable inductive bias than competing algorithms. Let us 
briefly discuss the meaning of the term inductive bias. Given a fixed set of training 
examples, there are infinitely many models that could account for the data, and every 
learning algorithm has an inductive bias that determines the models that it is likely to 
return. There are two aspects of the inductive bias of an algorithm: its restricted 
hypothesis space bias and its preference bias. The restricted hypothesis space bias 
refers to the constraints that a learning algorithm places on the hypothesis that it is 
able to construct. For example, the hypothesis space of a perceptron is limited to 
linear discriminant functions. The preference bias of a learning algorithm refers to 
the preference ordering it places on the models that are within its hypothesis space. 
For example, most leaming algorithms initially try to fit a simple hypothesis to a 
given training set and then explore progressively more complex hypothesis until they 
find an acceptable fit. 

One appealing aspect of many neural network learning methods, however, is that 
they are on-line algorithms, meaning that they update their hypothesis after every 
example is presented. Because they update their parameters kequently, on-line 
neural network learning algorithms often converge much faster than batch 
algorithms. This is especially the case for large data sets. Often, a reasonably good 
solution can be found in only one pass through a large training set. For this reason, 
we argue that training-time performance of neural network learning methods may 
often be acceptable for data mining tasks, especially given the availability of high 
performance, desktop computers. [Craven and Shavlik (1 998)] 

Unsupervised neural networks, with their remarkable ability to derive meaning from 
complicated or imprecise data, can be used to extract pattems and detect trends that 
are too complex to be noticed by either humans or other computer techniques 
[Dimitrios and Christos (1997)l. A trained neural network can be thought of as an 
"expert" in the category of information it has been given to analyze. Unsupervised 
learning is very useful and remarkable technique when dealing with large volumes of 
raw data with little or no knowledge of the inter relation between the various fields in 
a vector. This network can create its own organization or representation of the 
information it receives during learning time. 

As we are doing Trend analysis of telecom data, where the data is huge and structure 
is unknown, therefore u n s u p e ~ s e d  learning helps in extracting different pattems 
and come out with trends in the form of cluster building which are helpful for the 
telecommunication industries to make and adjust their future policies on the basis of 
the results. Hence this is the basis of motivation for the selection of unsupervised 
neural network algorithms for finding trends in the Telecom data. 
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1.5 Objective of the Project 

The objective is to build a generic system based on the unsupenised neural network 
algorithms for the trend analysis of Telecom data and cany out a comparison 
between them giving their efficiencies. The system must be capable of generating 
and visualizing graphs, thus displaying the trend and cluster relationships hidden in 
the data. 

1.6 Contribution 

The contribution of our work is two-fold. Firstly we have designed a system in 
MATLAB by implementing SOM, LVQ and ART algorithms. Implementation has 
been done using two scenarios. In the first scenario, the clusters are generated on the 
basis of user revenues while in the second scenario, network usage is considered. 
Each algorithm takes input and then categorizes it into different clusters based on the 
above three NN techniques. These clusters form the basis for data and trend analysis. 
The graphs generated portray the trends hidden in the data within a cluster as well as 
across the clusters. 

Secondly, we have provided a comparative analysis of the outputs/results generated 
by Self-Organizing Maps (SOM), Learning Vector Quantization (LVQ) and 
Adaptive Resonance Theory (ART) u n s u p e ~ s e d  neural networks algorithms. Our 
research found important characteristics and advantages of one algorithm over the 
other. SOM algorithm categorizes data basically with respect to first component of 
input vector (First component is revenue while second is call time in our case). It 
means that the algorithm considers only the revenue component to carry out the 
clustering. LVQ algorithm is fast and the degree of correctness of its categorization 
depends on the number and type of learning data. Also it is fast as it takes the output 
of SOM as its input. As far as ART algorithm is concerned, it depends on all the 
components of input vector (in our case two only) for the creation of clusters. It does 
not categorize data if input vector has only one component. We see that the choice of 
the parameter 0 has a significant effect on the performance of the network Also, the 
value of vigilance parameter p determines how many clusters will be formed. 

Organization of the Thesis 

This thesis is organized into 6 chapters. 

Chapter 1 introduces the overall idea of the project, covers the Literature survey 
relevant to the project. It explains a comprehensive review of the published and 
unpublished work from secondary sources data in the areas of Data Mining, 
Artificial Neural Network and Telecom related research work. It sketches out the 
motivation that led to its initial proposal and outlines the contribution of the work 
presented in this report. 
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Chapter 2 covers the overview of the techniques relevant to the project. Starting with 
the more general concepts of Trend Analysis, Data Mining, Artificial Neural 
Networks and Clustering and then moves on to explain Self-organizing Maps, 
Learning Vector Quantization and Adaptive Resonance Theory. 

Chapter 3 covers the Requirement Analysis. It means that the chapter aims to specify 
what exactly the system is expected to deliver. 

Chapter 4 covers the design of the system. Again, we start with more general design 
priorities and design choices before we move on to specific details of the design and 
implementation. In particular, the chapter covers the clustering and trend analysis 
with graphical representations. 

Chapter 5 describes the implementation and results of some case studies. The studies 
demonstrate various aspects of the system in application to real-world problems. 

Chapter 6 summarizes the report findings and draws a conclusion. 
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2. Overview of the Techniques 

In this chapter, we have explored different techniques upon which our thesis is 
based. 

2.1 Trend Analysis 

The term "trend analysis" refers to the concept of collecting information and 
attempting to spot a pattern, or trend, in the information [Trend analysis (2007)l. 
Although trend analysis is offen used to predict future events, it could be used to 
estimate uncertain events in the past. Trend analysis is based on the idea that what 
has happened in the past gives companies an idea of what will happen in the future. 

2.1.1 Importance of Trend Analysis 

Timely identification of emerging trends is a key factor of success for any business. 
Data analysis including Trend Analysis is essential for a firm's competitive 
intelligence program. The ability to accurately gauge customer response to changes 
in business and other environmental parameters is a powerful competitive advantage. 

Trend Analysis Methods are essential to running an organization's value chains and 
in acquiring and consolidating corporate success. It allows business users to make 
analytical decisions about what direction the business should target its resources on 
and to focus on those business processes that maximize revenue from core 
customers. 

With the information explosion, an incredible amount of information is available to 
organizations. However, raw data by itself does not provide much information. It is 
the conversion of this raw data into significant facts, relationships, trends and 
patterns that could otherwise go unobserved. 

2.1.2 Benefits of Trend Analysis 

Trend Analysis provides an insight into the following [Trend analysis (2008)l: 

Changes and trends in customer needs and behavior, and shifts in the 
customers' perception of value 
Trend in price change and cost drivers for the industry andlor specific 
segments 
Change and evolution of the industry in terms of new entrants, and 
competition, threat of substitutes and relationship with buyers and suppliers 
Upcoming business models and changing best practices of the industry and 
related emerging sectors 
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In depth analysis of long term industry, domestic and global economic cycles 
and trends. 
Insight into services and product purchasing trend patterns 
Analyzes common characteristics of a consumer base 
Identifymg those consumers who are most likely to discontinue that service 
or product 
Predetermining those transactions that are most likely to be fraudulent, taking 
into account previous trend analyses 
Predicting in advance the products or services a person is most likely to use 
based on past and present trends 

2.2 Data Mining 

Data mining is frequently described as "the process of extracting valid, authentic, 
and actionable information ffom large databases." 
Data Mining, or Knowledge Discovery in Databases (KDD) as it is also known, is 
the nontrivial extraction of implicit, previously unknown, and potentially useful 
information from data [Frawley et al. (1991)l. 

Data mining is the search for relationships and global patterns that exist in large 
databases but are 'hidden' among the vast amount of data. These relationships 
represent valuable knowledge about the database and the objects in the database and, 
if the database is a faithful mirror, of the real world registered by the database 
[Holsheimer and Siebes (1994)l. 

Data mining derives patterns and trends that exist in data. These patterns and trends 
are stored and defined as a mining model. Mining models can be applied to specific 
business scenarios. You can use this model to extrapolate trends. 

The research field of data mining has developed sophisticated methods for 
identifying patterns in data in order to provide insights to users. Identifymg temporal 
relationships (e.g., trends) in data constitutes an important problem that is relevant in 
many business and academic settings, and the data mining literature has provided 
analytical techniques for some specialized types of temporal data [Clementine 
(2008)l. 

2.2.1 Data Mining Process 

The process of data mining consists of three stages [Statsoft (2007)l: 

(1) The initial exploration, 
(2) Model building or pattern identification with validation/verification, and 
(3) Deployment (i.e., the application of the model to new data in order to 

generate predictions). 
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Stage 1: Exploration. 

This stage usually starts with data preparation which may involve cleaning data, data 
transformations, selecting subsets of records and - in case of data sets with large 
numbers of variables ("fields") - performing some preliminary feature selection 
operations to bring the number of variables to a manageable range (depending on the 
statistical methods which are being considered). Then, depending on the nature of 
the analytic problem, this first stage of the process of data mining may involve 
anywhere between a simple choice of straightforward predictors for a regression 
model, to elaborate exploratory analyses using a wide variety of graphical and 
statistical methods (see Exploratoly Data Analysis (EDA)) in order to identify the 
most relevant variables and determine the complexity and/or the general nature of 
models that can be taken into account in the next stage. 

Stage 2: Model building and validation. 

This stage involves considering various models and choosing the best one based on 
their predictive performance (i.e., explaining the variability in question and 
producing stable results across samples). This may sound like a simple operation, but 
in fact, it sometimes involves a very elaborate process. There are a variety of 
techniques developed to achieve that goal - many of which are based on so-called 
"competitive evaluation of models," that is, applying different models to the same 
data set and then comparing their performance to choose the best. These techniques - 
which are often considered the core of predictive data mining - include: Bagging 
(Voting, Averaging), Boosting, Stacking (Stacked Generalizations), and Meta- 
Learning. 

Stage 3: Deployment. That final stage involves using the model selected as best in 
the previous stage and applying it to new data in order to generate predictions or 
estimates of the expected outcome. 

Task-relevan 
Data 

Data 

I Databases 

Figure I: Data Mining Process [Frawley et al. (I99I)J 
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2.2.2 Data Mining Approaches 

Traditionally, the data mining community has focused on algorithms, which are 

specific techniques to approach a task. Many algorithms have been developed and 

extensively tested both in practice and in the academic community. Algorithms that 

are in wide use fall into the following broad categories: 

Classification 

Estimation 

Prediction 

. Association 

Clustering 

2.3 Clustering 

In many practical situations, vast sets of unknown multi-dimensional data are 
present. Clustering is an approach to identify natural goupings of similar entries in 
such sets of unclassified data - often without any a priori knowledge as to what that 
similarity may involve. The principal idea is to partition the dataset into meaningful 
sub-classes, called clusters. Especially if good visualization support is available (see 
Figure 2), clustering can provide a helpful .first impression. of the way the data is 
distributed. It is therefore often undertaken as an exploratory exercise before doing 
further data mining. 

Figure 2: Clustering provides an overview of the data 

Trend Analysis of Telecom data using Unsupem'sed Neural Networks I4 



Overview of the Techniquer 

23.1 Clustering Methods 

The two major clustering methods are Partitioning and Hierarchical Clustering [Jost 
(2003)l. 

The basic concept of partitioning methods is to divide a large dataset of n objects 
into a small set of k clusters. Generally, some partitioning criterion is defined and 
given a k, we aim to find a partition of k clusters which optimizes this criterion. The 
criterion is often formulated as an objective function (cost function.) which is to be 
minimized as much as possible. K-Means, which is perhaps the most commonly used 
partitioning method. 

In hierarchical clustering, one can either follow a divisive (top-down.) or 
agglomerative '%bottom-up" approach. In the latter, we start with each data item in its 
own cluster and iteratively combine the clusters to form larger and larger ones. More 
precisely, we determine the two most similar clusters in each step and merge these 
into one. The procedure terminates when there is only a singe cluster left. Divisive 
methods on the other hand start with a single cluster containing all data items. 
During each step, the least coherent cluster is determined and split into two. This can 
be repeated until the number of clusters equals the numbers of items in the dataset. 

2.4 Artificial Neural Networks 

An artificial neural network (ANN) or commonly known as neural network (NN) is 
one of the methods used in Data Mining. ANN is an interconnected group of 
artificial neurons that uses a mathematical model or computational model for 
information processing based on a connectionist approach to computation. In most 
cases an ANN is an adaptive system that changes its structure based on external or 
internal information that flows through the network [Olubunmi (2004)l. 

The commonest type of artificial neural network consists of three groups, or layers, 
of units: a layer of "input" units is connected to a layer of "hidden" units, which is 
connected to a layer of "output" units. The activity of the input units represents the 
raw information that is fed into the network. The activity of each hidden unit is 
determined by the activities of the input units and the weights on the connections 
between the input and the hidden units. The behaviour of the output units depends on 
the activity of the hidden units and the weights between the hidden and output units. 
This simple type of network is interesting because the hidden units are free to 
construct their own representations of the input. The weights between the input and 
hidden units determine when each hidden unit is active, and so by modifying these 
weights, a hidden unit can choose what it represents. [Siganos and Stergiou (1997)l. 

In more practical terms neural networks are non-linear statistical data modeling 
tools. They can be used to model complex relationships between inputs and outputs 
or to find patterns in data. 
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Hidden 

Figure 3: A Neural Network: An interconnected group of nodes [Olubunmi (2004)] 

It is an interconnected assembly of simple processing nodes, whose functionality is 
based on the animal neuron. Thus, neural networks are an attempt to create systems 
that work in a similar way to the human brain. These systems are built by using 
components that act like biological neurons. An artificial neural network can be 
described as a class of generic filters that stores information in a distributed form. 

The processing ability of the network is stored in the inter-unit connection strengths 
(weights). These weights are obtained by a learning process, which is from a set of 
training patterns. A system of artificial neural networks may range from a single 
node to a large collection of nodes in which each node is connected to every other 
node in the net. 

A classification, which is based on the type of learning, architecture and connectivity 
of the network and learning algorithm, is illustrated in following figure. 

Trend Analysis of Telecom data using Unsupemised Neural Networks 16 



Overview ofihe Techniques 

Recurrent i 

Figure 4: Art~ficial Neural Network classification model [Olubunmi (2004)JI 
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The learning process can be competitive, meaning that during each training step the 
particular node is determined that is already closest to the input signal. The node is 
rewarded by being allowed to adapt even further to the input. in other words: to learn 
more. If the map receives feedback from the database or outside intervention from 
the user is necessary, the learning phase is said to be supervised. It is called 
unsupervised, if the algorithm learns about the data merely by inspecting it. 

Supmised 
Leaminp 

2.4.1 Supervised Learning 

Unsupen-ired 
Learning 

In supervised learning known class labels help indicatc whether the system is 
performing correctly or not. This information can be used to indicate a desired 
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response, validate the accuracy of the system, or be used to help the system learn to 
behave correctly. The h o w n  class labels can be thought of as supervising the 
learning process; the term is not meant to imply that you have some sort of 
interventionist role. ANN Classification is an example of Supervised Learning. 

2.4.2 Unsupervised Learning 

Consider a machine (or living organism) which receives some sequence of inputs x l ,  
x2, x3, . . ., In supervised learning the machine is also given a sequcnce of desired 
outputs yl ,  y2, . . . , and the goal of the machine is to learn to produce the correct 
output given a new input. This output could be a class label (in classification) or a 
real number (in regression). 
Finally, in unsupervised learning the machine simply receives inputs x l ,  x2, . . ., but 
obtains neither supervised target outputs, nor rewards from its environment. It may 
seem somewhat mysterious to imagine what the machine could possibly learn given 
that it doesn't get any feedback from its environment [Zoubin (2004)l. However, it is 
possible to develop a formal framework for unsupervised learning based on the 
notion that the machine's goal is to build representations of the input that can be used 
for decision making, predicting future inputs, efficiently communicating the inputs to 
another machine, etc. In a sense, unsupervised learning can be thought of as finding 
patterns in the data above and beyond what would be considered pure unstructured 
noise. Two very simple classic examples of unsupervised learning are clustering and 
dimensionality reduction. 

In unsupervised learning the class labels are not presented to the system that is trying 
to discover the natural classes in a dataset. The purpose of an algorithm for 
unsupervised leaning is to discover significant patterns or clusters in the input data 
without teacher. Clustering often fails to find known classes because the distinction 
between the classes can be obscured by the large number of features which are 
uncorrelatcd with the classes. A step in ANN classification involves identifyrng 
genes which are intimately connected to the known classes. This is calledfeature 
selection or feature ertraclion. Feature selection and ANN classification together 
have a use even when prediction of unknown samples is not necessary: They can be 
used to identify key genes which are involved in whatever processes distinguish the 
classes. 

2.5 The Self-Organizing Map (SOiM) 

The Self-Organizing Map belongs to the class of unsupervised and competitive 
learning algorithms. It is a sheet-like neural network, with nodes arranged as a 
regular, usually two dimensional grids [Jost (2003)l. As explained in the previous 
section on Neural Networks, we usually think of the node connections as being 
associated with a vector of weight.. In the case of Self-Organizing Maps, it is easier 
to think of each node a s  being directly associated with a weight vector. See Figure 5 

Trend Analysis of Telecom data using Un5:ipem'sed Neural Networks 18 



Overview ofthe Techniques 

below for an illustrative representation of a 4 by 3 map with 3-dimensional weight 
vectors. 

I 

Figure 5: Each map node is associated with a vector of weights [Jost (2003)l 

The items in the input data sct are assumed to be in a vector format. If n is the 
dimension of the input space, then every node on the map g i d  holds an n- 
dimensional vector of weights. 

The basic principle of the Self-Organizing Map is to adjust these weight vectors until 
the map represents "a picture" of the input data set. Since the number of map nodes 
is significantly smaller than the number of items in the dataset, it is needless to say 
that it is impossible to represent every input item from the data space on the map. 
Rather, the objective is to achieve a configuration in which the distribution of the 
data is reflected and the most important metric relationships are preserved. In 
particular, we are interested in obtaining a correlation between the similarity of items 
in the dataset and the distance of their most alike representatives on the map. In other 
words, items that are similar in the input space should map to nearby nodes on the 
gid.  

2.6 The Adaptive Resonance Theory (ART) 

The adaptive resonance theory (ART) has been developed to avoid the stability- 
plasticity dilemma in competitive networks learning. The stability-plasticity dilemma 
addresses how a learning system can preserve its previously learned knowledge 
while keeping its ability to learn new patterns. ART architecture models can self- 
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organize in real time producing stable recognition while getting input patterns 
beyond those originally stored. 

ART nets are designed to allow the user to control the degree of similarity of patterns 
placed on the same cluster. These nets cluster inputs by using unsupenised learning. 
Input patterns may be presented in any order. Each time a pattern is presented, an 
appropriate cluster unit is chosen and that cluster's weights are adjusted to let the 
cluster unit leam the pattern. 

As the net is mined, each training pattern may be presented scveral times. A pattern 
may be placed on one cluster unit the first time it is presented and then placed on a 
different cluster when it is presented later (due to changes in the weights for the first 
cluster if it has learned other patterns in the meantime.) A stable net will not return a 
pattern to a previous cluster; in other words, a pattern oscillating among different 
cluster units at different stages of training indicates an unstable net. 

The first and most basic architecture is ARTl (Carpenter and Grossberg, 1987a). 
ARTl is designed to cluster binary input vectors, allowing for geat  variation in the 
number of nonzero components and direct user control of the degrce of similarity 
among patterns placed on the same cluster unit. The architecture of an ARTl net 
consists of two fields of units ----the F1 units(an input processing field) and the 
F2(cluster) units--- together with a reset unit to control the degree of similarity of 
patterns placed on the same cluster unit. The F1 and M layers are connected by two 
sets of weighted pathways. In addition, several supplemental units are included in the 
net to provide for neural control of the learning process. 

ART2 (Carpenter and Grossberg, 1987b) is a class of architectures categorizing 
arbitrary sequences of analog input patterns. ART2 is designed to perform for 
continuous valued input vectors the same tqpe of tasks as ARTl does for binary 
valued input vectors. The differences between AK'r1 and ART2 reflect the 
modifications needed to accommodate patterns with continuous valued components. 
The more complex field F1 field of ART2 is necessary because continuous valued 
input vectors may be arbitrarily close together. The F1 field in ART2 includes a 
combination of normalization and noise suppression, in addition to the comparison 
of the bottom-up and top-down signals needed for the reset mechanism. [Fauscn 
(1994)l. 

2.7 The Learning Vector Quantization (LVQ) 

Learning Vector Quantization (LVQ) is a pattern classification method in which each 
output unit represents a particular class or category. The weight vector for an output 
unit is often reoffered to as a reference (or codebook) vector for the class that the 
unit represents. During training, the output units are positioned (by adjusting their 
weights) to approximate the decision surfaces of the theoretical Bayes classifiers. It 
is assumed that a set of training patterns with known classification is provided, along 
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with an initial distribution of reference vectors. After training, an LVQ net classifies 
an input vector by assigning it to the same class as the output unit has its weight 
vector closest to the input vector. 

There are a number of improved LVQ algorithms, known as LVQ 2, LVQ2.1 and 
LVQ3. In the original LVQ algorithm, only the reference vector that is closest to the 
input vector is updated. The direction it is moved depends on whether the winning 
reference vector belongs to the same class as the input vector. In the improved 
algorithms, two vectoe [the winner and runner-up) learn if several conditions are 
satisfied. The idea is that if the input is approximately the same distance from both 
the winner and the runner-up, then each of them should learn [Fausett (1994)l. 
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3. Requirement Analysis 

This chapter aims to specify what exactly the system is expected to deliver. 

3.1 Introduction 

The telecommunications companies generate and store a tremendous amount of data. 
This data include:- 

* Call detail data, which describes the calls that traverse the telecommunication 
networks, 
Network data, which describes the state of the hardware and software 
components in the network, and 
Customer data, which describes the telecommunication customers. 

The amount of data is so great that manual analysis of the data is difficult, if not 
impossible. Insight into information and knowledge derived from these databases can 
give operators a competitive edge in terms of customer care and retention, marketing 
and fraud detection. 

In software engineering, requirement analysis encompasses those tasks that go into 
determining the needs or conditions to meet for a new or altered product, taking 
account of the possibly conflicting requirements of the various stakeholders, such as 
beneficiaries or users. Systematic requirements analysis is also known as 
requirements engineering. It is sometimes referred to loosely by names such as 
requirements gathering, requirements capture, or requirements speczjkafion. The 
term requirements analysis can also be applied specifically to the analysis proper (as 
opposed to elicitation or documentation of the requirements, for instance). 
Requirements analysis is critical to the success of a development project. 

Requirements must be actionable, measurable, testable, related to identified business 
needs or opportunities, and defined to a level of detail sufficient for system design. 

3.2 Problem Statement 

Although SOM has been used for Trend Analysis of different types of data including 
Telecom but LVQ and ART has not been used as a basis where unsupervised 
learning in a dynamic model fashion is applied to Telecom data for trend analysis. 
Also comparative study of these unsupervised neural network algorithms has not yet 
been camed out. Hence the effectiveness and comparative analysis of these different 
techniques has not yet been explored in detail. Therefore, until and unless we 
implement these techniques on the data, we will be unable to predict accurately the 
selection and application of individual algorithms in different cases on telecom data. 

The telecommunications industry generates and stores a tremendous amount of data. 
These data include call detail data, which describes the calls that traverse the 
telecommunication networks, network data, which describes the state of the 
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hardware and software components in the network, and customer data, which 
describes the telecommunication customers. The amount of data is so great that 
manual analysis of the data is difficult, if not impossible. The need to handle such 
large volumes of data led to the development of knowledge-based expert systems 
[Jacome and Lanca (1989); Kim et al. (1992b)l These automated systems performed 
important functions such as identifying fraudulent phone calls and identifying 
network faults. The problem with this approach is that it is time consuming to obtain 
the knowledge from human experts (the "knowledge acquisition bottleneck") and, in 
many cases; the experts do not have the requisite knowledge. The advent of data 
mining technology promised solutions to these problems. 

Unsupervised neural networks, with their remarkable ability to derive meaning from 
complicated or imprecise data, can be used to extract patterns and detect trends that 
are too complex to be noticed by either humans or other computer techniques. A 
trained neural network can be thought of as an "expert" in the category of 
information it has been given to analyze. Unsupervised learning is very useful and 
remarkable technique when dealing with large volumes of raw data with little or no 
knowledge of the inter relation between the various fields in a vector. This network 
can create its own organization or representation of the information it receives during 
learning time. 

An unsupervised learning algorithm can analyze and cluster call patterns for each 
subscriber in order to facilitate the trend analysis. Our study provides a comparative 
analysis and application of Self-organizing Maps (SOM), Learning Vector 
Quantization (LVQ) and Adaptive Resonance Theory (ART) neural networks 
algorithms to user call data records in order to conduct a descriptive trend analysis in 
the hidden data. 

The objective is to build a generic system based on the unsupervised neural network 
algorithms for the trend analysis of Telecom data. The system must be capable of 
generating and visualizing gaphs, thus displaying the trend and cluster relationships 
hidden in the data. 

3.3 Problem Scenarios 

In the telecommunications industry, it is often useful to profile customers based on 
their patterns of phone usage, which can be extracted from the call detail data. These 
customer profiles can then be used for marketing purposes, or to better understand 
the customer, which in turn may lead to better forecasting models. In order to 
effectively mine the call detail data, it must be summarized to the customer level. 
Telecom operators of today have access to a lot of data regarding their subscribers. 
This includes among many other things subscription data, service usage, and location 
data. This data can be analyzed using different data mining techniques to better 
understand the end-user behavior and the end-user needs. The gained knowledge 
about the end-users can then be used to improve existing services, target specific 
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user groups with service offerings or to simply share this knowledge with 3rd party 
service providers to improve the services they are offering. 

The telecommunications companies generate and store a tremendous amount of data. 
This data include:- 

* Call detail data, which describes the calls that traverse the telecommunication 
networks, 
Network data, which describes the state of the hardware and software 
components in the network, and 
Customer data, which describes the telecommunication customers. 

The amount of data is so great that manual analysis of the data is difficult, if not 
impossible. The need to handle such large volumes of data led to the development of 
knowledge-based expert systems. Insight into information and knowledge derived 
from these databases can give operators a competitive edge in terms of customer care 
and retention, marketing and fraud detection. 

One of the strategies for marketing campaign analyzes the patterns or trends of the 
most I least revenue generating customers. Although the customer and their amount 
of revenue changes over time, their common characteristics and attributes are 
reflected in the customer and call detail data. Over the period of time, customer 
revenue is collected eom its call detail data and other characteristics are available in 
customer data. Further analysis is thus, required to be able to analyze trend in 
customer data w.r.t revenue. 
Another strategy for marketing campaign analyzes the patterns or trends of the 
network usage with time. Different customers use network in different timings as 
per their requirement. For better usage of network and load balancing, it is necessary 
to analyze the network usage with respect to time. Further analysis is thus, required 
to be able to analyze trend in network usage data w.r.t time. An unsupervised 
learning algorithm can analyze and cluster call detail records for each subscriber in 
order to analyze trends in customer revenue generating process. Also this can 
analyze and cluster network usage data for time in order to analyze trends in network 
usage process. 

Specifically, we are taking two problem scenarios: 

1. How to find the pattern or trend in the collected information of the most or 
least revenue generating customers over a time period? 

2. How to find the pattern or trend in the collected information of the network 
usage with time? 
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4. System Design 

During Literature Survey, we have seen that although some work has been done on 
the Trend Analysis of Telecom data using SOM but LVQ and ART have not been 
applied to Telecom data for trend analysis. In addition, comparative study of these 
unsupervised neural network algorithms has not yet been carried out. 

Hence we have proposed a solution in MATLAB by implementing SOM, LVQ and 
ART algorithms. The clusters will be generated on the basis of user revenues and 
network usage. Each algorithm will take input and then categorize into different 
clusters based on the above three NN techniques. These clusters will form the basis 
for data and trend analysis. The graphs generated will portray the trends hidden in 
the data within a cluster as well as across the clusters. Also we will provide a 
comparative analysis of the outputs/results generated by Self-organizing Maps 
(SOM), Learning Vector Quantization (LVQ) and Adaptive Resonance Theory 
(ART) unsupervised neural networks algorithms. Important characteristics and 
advantages of one algorithm over the other will be analyzed. 

In this chapter we will discuss the System Design methodology. 

4.1 Introduction 

Systems design is the process or art of defining the architecture, components, 
modules, interfaces, and data for a system to satisfy specified requirements. The data 
mining process must be reliable and repeatable by people with little data mining 
skills. We have used the CRISP-DM (Cross Industry Standard Process for Data 
Mining) methodology for the system design. 

4.2 Reference Architecture 

The CRISP-DM is an industry- and tool-neutral data mining process model [CRISP- 
DM (2007)l. Starting from the embryonic knowledge discovery processes used in 
early data mining projects and responding directly to user requirements, this project 
defined and validated a data mining process that is applicable in diverse industry 
sectors. This methodology makes large data mining projects faster, cheaper, more 
reliable and more manageable. Even small scale data mining investigations benefit 
from using CRISP-DM. 

The life cycle of a data mining project consists of six phases. The sequence of the 
phases is not strict. Moving back and forth between different phases is always 
required. It depends on the outcome of each phase which phase, or which particular 
task of a phase, that has to be performed next. The arrows indicate the most 
important and frequent dependencies between phases. 
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Figure 6: CRISP-DM (Cross Industry Standard Process for Data MiningJ [CRISP- 
DM (2007U 

The outer circle in the t i y r e  symbolizes the cyclic nature of data mining itself. A 
data mining process continues after a solution has been deployed. The lessons 
learned during the process can trigger new, often more focused busincss questions. 
Subsequent data mining processes will benefit from the experiences of previous 
ones. 

Below follows a brief outline of the phases: 

Business Understanding 

This initial phase focuses on understanding the project objectives and requirements 
from a business perspective, and then converting this knowledge into a data mining 
problem definition, and a preliminary plan designed to achieve the objectives. 

Data Understanding 

The data understanding phase starts with an initial data collection and proceeds with 
activities in order to get familiar with the data, to identify data quality problems, to 
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discover first insights into the data, or to detect interesting subsets to form 
hypotheses for hidden information. 

Data Preparation 

The data preparation phase covers all activities to construct the final dataset (data 
that will be fed into the modeling tool(s)) from the initial raw data. Data preparation 
tasks are likely to be performed multiple times, and not in any prescribed order. 
Tasks include table, record, and attribute selection as well as transformation and 
cleaning of data for modeling tools. 

Modeling 

In this phase, various modeling techniques are selected and applied, and their 
parameters are calibrated to optimal values. Typically, there are several techniques 
for the same data mining problem type. Some techniques have specific requirements 
on the form of data. Therefore, stepping back to the data preparation phase is often 
needed. 

Evaluation 

At this stage in the project we have built a model (or models) that appears to have 
high quality, from a data analysis perspective. Before proceeding to final deployment 
of the model, it is important to more thoroughly evaluate the model, and review the 
steps executed to construct the model, to be certain it properly achieves the business 
objectives. A key objective is to determine if there is some important business issue 
that has not been sufficiently considered. At the end of this phase, a decision on the 
use of the data mining results should be reached. 

Deployment 

Creation of the model is generally not the end of the project. Even if the purpose of 
the model is to increase knowledge of the data, the knowledge gained will need to be 
organized and presented in a way that the customer can use it. Depending on the 
requirements, the deployment phase can be as simple as generating a report or as 
complex as implementing a repeatable data mining process. In many cases it will be 
the customer, not the data analyst, who will carry out the deployment steps. 
However, even if the analyst will not carry out the deployment effort it is important 
for the customer to understand up front what actions will need to be carried out in 
order to actually make use of the created models? 
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4.3 Design Methodology 

Figure 8 illustrates design methodology. 

Transformed 

Figure 7: Data Mining Design Methodology 

4.4 Algorithms Implemented. 

We have implemented three algorithms namely Self-organizing Maps (SOM), 
Learning Vector Quantization (LVQ) and Adaptive Resonance Theory (ART). 
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4.4.1 The Self-organizing Map (SOM) 

Figure 8a: Typical SOM architecture [Fausett (199411 

ALGORITHM 

Step 0. Initilize weights wij. Set topological neighborhood parameters. Set 
learning rate parameters 

Step 1. While stopping condition is false, do Steps 2-8. 

Step 2. For each input vector x, do Steps 3-5. 

Step 3. For each j,compute: 

2 
D ( j )  = Ci(wi, - x i )  ... ... ... ... ... ... ... ... ... ... ... ... (4.4.1.1). 

Step 4. Find index J such that D Q  is a minimum. 
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Step 5. For all units j within a specified neighborhood of J, and 
for all i: 

wij(new) = wii(old) + a[x i  - wij(old)]  ...... ...( 4.4.1.2) 

Step 6. Update learning rate. 

Step 7. Reduce radius of topological neighborhood at specified 
times. 

Step 8. Test stopping condition. 

The choice of parameters 

training vector (x ,  ...... . x i  ...... x,, 

correct category o r  class for the training vector. 

weight vector for jth output unit (wIj ....... wi, ...... wn, 

category or class represented by jth output unit. 

Euclidean distance between input vector and (weight 
vector for) jth output unit. 

learning rate. 

The learning rate a is a slowly decreasing function of time. [Kohonen (1989% 
p.133)J indicates that a linearly decreasing fimction is satisfactory for practical 
computations. The radius of the neighborhood around a cluster unit decreases as the 
clustering process progresses. 

The formation of the map occurs in two phases: the initial formation of the correct 
order and the final convergence. The second phase takes much longer than the first 
and requires a small value for the learning rate. 

Random values may be assigned for the initial weights. If some information is 
available concerning the distribution of clusters that might be appropriate for a 
particular problem, the initial weights can be taken to reflect that prior knowledge. 
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4.4.2 The Adaptive Resonance Theory (ART) 

We have selected ART2 algorithm for continued-valued inputs 

Figure 86: Typical ART2 architecture [Fausett (1994)] 

This section provides a description for the mining algorithm for ART2 (for 
both fast and slow learning) and a step by step statement of the algorithm. 
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ALGORITHM 

Step 0. Initialize parameters: 

Step 1. Do Step 2-12 N-EP times. 
(Perform the specified number of epochs of training.) 

Step 2. For each input vectors, do Steps 3-1 1. 

Step 3. Update F1 unit activations: 

Vi = f ( x i )  ................ (4.4.2.6) 

Update F, unit activations again: 
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a, b fixed weights in the F1 layer, sample values are a = 10, b = 10. Setting 
either a = 0 or b = 0 produces instability in the net; other than that, the 
net is not particularly sensitive to the values chosen. 

fured weight used in testing for reset; a sample value is c = . l .  A small 
c gives a larger effective range of the vigilance parameter 
activation of winning F2 unit; a sample value is d =.9. Note that c and d 
must be chosen to satisfy the inequality 

(in order to prevent a reset from occuning during a learning trial). The 
ratio should be chosen close to 1 to achieve a larger effective range for 
vigilance. 

a small parameter introduced to prevent division by zero when the 
norm of a vector is zero. This value prevents the normalization to unity 
fkom being exact. A value of zero is typically used in the hand 
computations and derivations that follow and may be used in the 
algorithm if the normalization step is skipped when the vector is zero. 

1 noise suppression parameter, a sample value is 0 = / The sample fi 
value may be larger than desired in some applications. Components of 
the normalized input vector (and other vectors in the F, loop) that are 
less than this value are set to zero. 

learning rate. A smaller value will slow the learning in either the fast or 
the slow learning mode. However, a smaller value will ensure that the 
weights (as well as the placement of patterns on clusters) eventually 
reach equilibrium in the slow learning mode). 

vigilance parameter. Along with the initial bottom-up weights, this 
parameter determines how many clusters will be formed. Although, the 
theoretically, values fiom 0 to 1 are allowed, only values between 
approximately 0.7 to I perform any useful role in controlling the 
number of clusters. (Any value less than 0.7 will have the same effect 
as setting p to zero.) Some choices of values for c and d will restrict the 
effective range of values for p even further. 
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4.4.3 The Learning Vector Quantization (LVQ) 

Figure 8c: Typical ART2 architecture (Fauseft (1994)j 

ALGORITHM 

Step 0. Initialize reference vectors. Initialize learning rate, a@). 

Step 1. While stopping condition is false, do Steps 2 - 6. 

Step 2. For each training input vector x ,  do Steps 3 - 4. 

Step 3. Find J so that (1 x - wJ 11 is a minimum. 

Step 4. Update wl as follows 

If T = CJ, then 

W J ( ~ ~ W )  = wj(0Ld) + a [ x  - w,(~ld)] . ... ... ... . . (4.4.3.1) 
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Implementation and Results 

5. Implementation and Results 

During Literature Survey, we have seen that although some work has been done on 
the Trend Analysis of Telecom data using SOM but LVQ and ART have not been 
applied to Telecom data for trend analysis. In addition, comparative study of these 
unsupervised neural network algorithms has not yet been carried out. 

Hence we have proposed a solution in MATLAB by implementing SOM, LVQ and 
ART algorithms. The clusters will he generated on the basis of user revenues and 
network usage. Each algorithm will take input and then categorize into different 
clusters based on the above three NN techniques. These clusters will form the basis 
for data and trend analysis. The graphs generated will portray the trends hidden in 
the data within a cluster as well as across the clusters. Also we will provide a 
comparative analysis of the outputs/results generated by Self-organizing Maps 
(SOM), Learning Vector Quantization (LVQ) and Adaptive Resonance Theory 
(ART) unsupervised neural networks algorithms. Important characteristics and 
advantages of one algorithm over the other will be analyzed. 

We have used the CRISP-DM (Cross Industry Standard Process for Data Mining) 
methodology for the system design. The initial phase focuses on understanding the 
project objectives and requirements from a business perspective, and then converting 
this howledge into a data mining problem definition, and a preliminary plan 
designed to achieve the objectives. The data understanding phase starts with an 
initial data collection and proceeds with activities in order to get familiar with the 
data. The data preparation phase covers all activities to construct the final dataset 
(data that will be fed into the modeling tool(s)) from the initial raw data. Then, 
various modeling techniques (SOM, LVQ and ART) are selected and applied, and 
their parameters are calibrated to optimal values. 

The implementation process is mainly consisted of three phases: 

1. Data Selection and Preparation 
2. Model Building 
3. Evaluation 

5.1 Data Selection and Preparation 

The first phase is data selection and preparation, where the data and variables of 
interest are selected, transformed and normalized from the data warehouse of the 
enterprise. The data used in the project was from a Pakistani GSM operator. 

Every time a call is placed on a telecommunications network descriptive 
information about the call is saved as a call detail record. The number of call detail 
records that are generated and stored is huge. Call detail records include sufficient 
information to describe the important characteristics of each call. At a minimum, 
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each call detail record will include the originating and terminating phone numbers, 
the date and time of the call, and the cost and duration of the call. 

Telecommunication companies, like other large businesses, may have millions of 
customers I subscribers. By necessity this means maintaining a database of 
information on these customers. This information include name and address 
information and may include other information such as product and service plan and 
contract information, credit score and other historical information. 

We extracted only Mobile Originating Calls for two weeks and only three attributes 
of subscriber. Call detail records are not used directly for data mining, since the goal 
of data mining applications is to extract knowledge at the customer level, not at the 
level of individual phone calls. Thus, the call detail records associated with a 
customer must be summarized into a single record that describes the customer's 
calling behavior. 

The finalized selected data after normalization contained the following fields. 

1. Subscriber Number (MSISDN) 
2. City for the location of the subscriber (CITY) 
3. Product / Service used by Subscriber (PACKAGE) 
4. Date and time the call was made (CallDateTime) 
5. Cost of Call (Revenue) 
6. Duration of Call (Minutes) 

The subscriber number was not used in training but to identify the trends and 
patterns of each subscriber. 

5.2 Model Building 

In this phase, the actual data mining begins. Unsupenised neural network technique 
is selected for model building. The following three algorithms are selected and 
implemented using MATLAB. 

1. Self Organizing Map (SOM) 
2. Learning Vector Quantization (LVQ) 
3. Adaptive Resonance Theory (ART) 

5.2.1 Self Organizing  map (SOW 

Kohonen Self Organizing Map is used and the empirical values selected for different 
parameters and techniques are as follows: 

1. Initial Radius: R = 0 
2. Learning Rate: a = 0.6 
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3. Total Number of Iterations = 100 
4. Weight Initialization = Random 
5. Topology = Linear 

5.2.2 Learning Vector Quantization (LVQ) 

1. Weight Initialization Method = SOM 
2. Number of Training Vectors = 100 
3. Learning Rate: a = 0.1 
4. Total Number of Learning Iterations = 100 
5. Topology = Linear 

5.2.3 Adaptive Resonance Theory (ART) 

ART2 algorithm is an extension of ARTl. The main difference between these two is 
that ART2 is designed to perform for continuous-valued input vectors where as the 
ARTl is only for binary input vector. The empirical values selected for different 
parameters and techniques are as follows: 

1. Fixed Weights in F1 layer: a = b = 10 
2. Fixed weight used in testing for reset: c = 0.1 
3. Activation of winning F2 unit: d = 0.9 
4. Noise suppression parameter: 0 = 0.3 
5. Learning Rate: (v = 0.39 
6. Vigilance parameter: p = 0.9 
7. Learning Technique = Fast Learning 

5.3 Evaluation 

5.3.1 Clustering Evaluation 

In this phase model is evaluated on input data and resultant clusters are 
analyzed with input data. 
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Figure 11: LVQ based Clusters according to Revenue 

Figure 11 shows the categorization formed by LVQ algorithm. LVQ has 
categorized the input data into 5 clusters of subscribers based on their 15 
days revenue. The data is categorized into five clusters i-e Subscribers with 
Most High Revenue, High Revenue, Average Revenue, Low Revenue and 
Least Revenue. 
The only difference between SOM and LVQ segmentation is the order of 
categorization of subscribers in different clusters is opposite to the order of 
clusters of SOM. 
Also it shows that the 10,000 subscribers are segmented as follows: 

Cluster No. of Subscribers Cluster Explanation 
1 800 Most High Revenue producing 

customers 
2 1,000 High Revenue producing customers 
3 1,900 Average Revenue producing 

customers 
4 2,200 Low Revenue producing customers 
5 4,100 Least Revenue producing customers 
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Figure 12: LVQ based Cluster Ranges according to Revenue 

The range of revenues of subscribers in different clusters by LVQ is shown in 
Figure 12 

Cluster Range of Revenue Cluster Explanation 
1 40-500 Most High Revenue of customers 
2 25-60 High Revenue of customers 
3 >20-40 Average Revenue of customers 
4 >lo-20 Low Revenue of customers 
5 0-10. Least Revenue of customers 

The analysis is same as of SOM which shows that Most High Revenue 
generating customers are very short in numbers but they are most valuable 
customers to the business and a special care is reyuired to retain these 
customers. 

Similarly, the number of Least/Low Revenue generating customers is very 
high hence there should be marketing promotions to get more and more 
revenue from these subscribers. 
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Cb.1.4 

Figure 13: ART based Clusters acwrding to Rnrenue 

Figure 13 shows the categorization formed by ART algorithm. The clusters 
formed by ART are totally different to the clusters formed by SOM and LVQ. 
The reason of this difference is that ART segments data based on aU the 
given components of input vector. So a slight variation in second component 
of input data will be place in different cluster/segment by ART algorithm. 
ART categorizes the input data into 5 clusters of subscribers based on their 
15 days revenue. The data is categorized into five clusters on the basis of 
different input vectors not ranges of revenue data. Also it shows that the 
10,000 subscribers are segmented as follows: 

Cluster No. of Subscribers Cluster Explanation 
1 7,100 Most High Revenue 
2 1,300 High Revenue 
3 1,200 Average Revenue 
4 300 Least Revenue 
5 100 Low Revenue 
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Figure 14: ART based Cluster Ranges according to Revenue 

The range of revenues of subscribers in different clusters is shown in Figure 
14. 

Cluster Range of Revenue Cluster Explanation 
1 0-500 Most High Revenue of customers 
2 0-380 High Revenue of customers 
3 0-280 Average Revenue of customers 
4 0-10 Least Revenue of customers 
5 0-40 Low High Revenue of customers 

The analysis obtained by ART algorithm is not satisfied with given data 
because of input measures selected for analysis with this algorithm. 
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5.3.1.2 Clustering of Time of call Data 

Figure 15: SOM based Clusters for Tinre of Call 

Figure 15 shows the categorization formed by SOM algorithm. SOM 
categorizes the input data into 5 clusters of Subscribers with respect to their 
Call T i g s  based on their 15 days CDR data. The data is categorized into 
five clusters i-e Subscribers with Call Time 7 P.M. to 11 P.M, 5 P.M. to 6 P.M, 
1 P.M. to4P.M,11 A.M. to12P.M, lA.M. to10A.M. Alsoitshowsthatthe 
10,000 subscribers are segmented as follows: 

Cluster No. of Subscribers Cluster Explanation 
1 2,600 Most Busy Network w.r.t Traffic 
2 1,500 Average Network w.r.t Traffic 
3 2,400 Busy of Network w.r.t Traffic 
4 1,300 Not Busy Network w.r.t Traffic 
5 2,200 Busy Network w.r.t Traffic 
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F i p r e  16: SOM based Clusfer Ranges for Time o f C ~ I l  

The range of Hours w.r.t Call Time in different clusters by SOM is shown in 
Figure 16. 

Cluster Range of Hours Cluster Explanation 
1 7 P.M. to 11 P.M Most Busy Network w.r.t Traffic 
2 5 P.M. to 6 P.M Average Network w.r.t Traffic 
3 1 P.M. to 4 P.M Busy Network w.r.t Traffic 
4 11 A.M. to 12 P.M Not Busy Network w.r.t Traffic 
5 12 A.M. to 10 A.M Busy Ketwork w.r.t Traffic 

The analysis shows that Network is Most Busy w.r.t Traffic from 7 P.M to 11 
P.M so special care is required during these Peak Hours for Network 
maintenance. Also the call rate should be adjusted during these Peak Hours 
of Traffic. Similarly, the Non Peak Hours for Network Traffic are 11 A.M to 
12 P.M. Marketing campaigns should address these Hours and different rates 
are offered for these Off Peak hours for better utilization of network and 
hence to produce more revenue for business. 
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Figure 17: LVQ based Clusters for Time of Cull 

Figure 17 shows the categorization formed by LVQ algorithm. This 
clustering is some what different with the SOM c l u s t e ~ g .  LVQ categorizes 
the input data into 5 clusters of Subscribers with respect to their Call Timings 
based on their 15 days CDR data. The data is categorized into five clusters i-e 
Subscribers with C d  Time 12 A.M. to 10 A.M, 11 A.M. to 1 P.M, 2 P.M. to 4 
P.M, 5 P.M. to 6 P.M, and 7 P.M. to 11 P.M. Also it shows that the 10,000 
subscribers are segmented as follows: 

Cluster No. of Subscribers Cluster Explanation 
1 2,200 More Busy Network w.r.t Traffic 
2 1,900 Busy Network w.r.t Traffic 
3 1,800 Busy of Network w.r.t Traffic 
4 1,500 Not Busy Network w.r.t Traffic 
5 2,600 Most Busy Network w.r.t Traffic 
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Figure 18: LVQ based Cluster Rangesfor Time of Cnll 

The range of Hours w.r.t Call T i e  in different clusters by LVQ is shown in 
Figure 18. 

Cluster Range of Hours Cluster Explanation 
1 12 A.M. to 10 A.M Busy Network w.r.t Traffic 
2 11 A.M. to 1 P.M Not Busy Network w.r.t Traffic 
3 2 P.M. to 4 P.M Busy Network w.r.t Traffic 
4 5 P.M. to 6 P.M Average Network w.r.t Traffic 
5 7P.M. to 11 P.M Most Busy Network w.r.t Traffic 

The analysis shows that Network is Most Busy w.r.t Traffic from 7 P.M to 11 
P.M so special care is required during these Peak Hours for Network 
maintenance. Also the call rate should be adjusted during these Peak Hours 
of Traffic. Similarly, the Non Peak Hours for Network Traffic are 11 A.M to 
12 P.M. Marketing campaigns should address thew Hours and different rates 
are offered for these Off Peak hours for better utilization of network and 
hence to produce more revenue for business. 
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Figure 19: ART based Clusters for Time of Call 

Figure 19 shows the categorization formed by ART algorithm. Although the 
clustering / segmentation done by this algorithm is totally different from 
other two but the analysis of results shows the same. ART categorizes the 
input data into 5 clusters of Subscribers with respect to their C d  Timings 
based on their 15 days CDR data. It shows that the 10,OM) subscribers are 
segmented as follows: 

Cluster No. of Subscribers Cluster Explanation 
1 8,100 Most Busy Network w.r.t Traffic 
2 1,300 Average Network w.r.t Traffic 
3 300 Not Busy of Network w.r.t Traffic 
4 200 Not Busy Network w.r.t Traffic 
5 100 Not Busy Network w.r.t Traffic 
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Figure 20: ART based Cluster Rangesfor Tim of Call 

The range of Hours w.r.t Call Time in different clusters by ART is shown in 
Figure 20. 

Cluster Range of Hours Cluster Explanation 
1 12 A.M. to 11 P.M Most Busy Network w.r.t Traffic 
2 5 A.M. to 9 A.M Average Network w.r.t Traffic 
3 12 A.M. to 1 A.M Not Busy Network w.r.t Traffic 
4 3 A.M. to 5 A.M Not Busy Network w.r.t Traffic 
5 12 A.M. to 1 A.M Not Busy Network w.r.t Traffic 

The analysis obtained by ART algorithm is not satisfied with given data 
because of input measures selected for analysis with this algorithm. 
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5.3.3 Trend Analysis 

The following are the results for trend analysis. 

5.3.3.1 Trend Analysis of Revenue Data 

Trend Analysis w.r.t Service Package and Subscribers 

Figure 21 shows trend of most revenue generating subscribers that belong to 
Cluster No. 1 (Figure 9). Further analysis of these customers shows that most 
of these subscribers contain service Package No. 7, 5, 2 & 10. So we can say 
that most revenue generating customers belong to these service packages. 
There is a potential for marketing campaign for these packages. 

Figure 21: SOM based Trends of Most Reuenuegenerating Packages 
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Figure 22 shows trend of most revenue generating subscribers that belong to 
Cluster No. 5 (Figure 11). Further analysis of these customers shows that 
most of these subscribers contain sewice Package No. 8, 6 ,3 ,  11, 20 & 21. So 
we can say that most revenue generating customers belong to these service 
packages. There is a potential for marketing campaign for these packages. 

Figure 22: LVQ based Trends ofMost Revenue generating Packages 
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Figure 23 shows trend of most revenue generating subscribers that belong to 
Cluster No. 1 (Figure 13). Further analysis of these customers shows that 
most of these subscribers contain service Package No. 10,7,3,14,32 & 33. So 
we can say that most revenue generating customers belong to these service 
packages. There is a potential for marketing campaign for these packages. 

Count of PadrageKIuster 
m, 

Package 

Figure 23: ART based Trends of Most Revenrte generating Packages 
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Trend Analysis w.r.t City and Subscribers 

Figure 24 shows trend using SOM algorithm of most revenue generating 
subscribers that belong to Cluster No. 1 (Figure 9). Further analysis of these 
customers shows that most of these subscribers belong to City No. 41,52,63 
and 94. So we can say that most revenue generating customers belong to 
these cities. There is a potential for marketing campaign for these cities. 

Figure 24: SOM based Trends of Most Revenue generating Cities 
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Figure 26 shows trend using ART algorithm of most revenue generating 
subscribers that belong to Cluster No. 1 (Figure 13). Further analysis of these 
customers shows that most of these subscribers belong to City No. 43,54, 65 
and 99. So we can say that most revenue generating customers belong to 
these cities. There is a potential for marketing campaign for these cities. 

Count of CAytCluder 
I I I I I 

Figure 26: ART based Trends of Most Revenue generating Cities 
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Figure 28: LVQ based Trends of Most Busy Hours 

Figure 29: ART based Trends ofMost Busy Hours 
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Trend Analysis w.r.t City and Total Call Time 

Figure 30 shows trend using SOM algorithm of most busy hours of Telecom 
Network Traffic w.r.t City. Further analysis of Network Traffic shows that 
there are specific cities that are generating much traffic on network on Peak 
Times (06 P.M to 09 P.M) (Figure 27). These cities are City No. 51, 64 and 41. 
S i a r l y  there are specific cities that are not contributing as much traffic in 
Peak Hours. On the basis of this trend, we say that there is potential for 
marketing campaigns for the utilization of this time period in specific cities 

Figure 30: SOM based Trends ojCitiPs with Most Busy Hours 
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Figure 31 shows trend using LVQ algorithm of most busy hours of Telecom 
Network Traffic w.r.t City. Further analysis of Network Traffic shows that 
there are specific cities that are generating much traffic on network on Peak 
Times (06 P.M to 09 PM) (Figure 28). These cities are City No. 51, 64 and 41. 
Similarly there are specific cities that are not contributing as much traffic in 
Peak Hours. On the basis of this trend, we say that there is potential for 
marketing campaigns for the utilization of this time period in specific cities 

Count of Ci/lauMr 
m1 I I 

l am l r n t  

Figure 31: LVQ based Trends of Cities with Most Busy H o l m  
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Figure 32 shows trend using ART algorithm of most busy hours of Telecom 
Network Traffic w.r.t City. Further analysis of Network Traffic shows that 
there are specific cities that are generating much traffic on network on Peak 
Times (06 P.M to 09 P.M) (Figure 29). These cities are City No. 55,66 and 44. 
Similarly there arc specific cities that are not contributing as much traffic in 
Peak Hours. On the basis of this trend, we say that there is potential for 
marketing campaigns for the utilization of this time period in specific cities 
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Figur~ 32: ART based Trends ofcities with Most Busy Hours 
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6 .  Conclusion and Outlook 

6.1 Conclusion 

The primary objective of this project has been to investigate the unsupervised 
learning potentials of novel neural networks for the trend analysis of calls made by 
users over a period of time in a mobile telecommunication network. And, build a tool 
for the visualization of natural groupings in the multidimensional data and trcnds 
Gom these groupings. A requirement was to base this tool on unsupervised neural 
network algorithms, where similar items from the data space appear close to each 
other, thus inherently clustering the data. 

Specifically, this study provides a compamtive analyses and application of Self 
Organizing Maps (SOM), Leaming Vector Quantization (LVQ) and Adaptive 
Resonance Theory (ART) competitive neural networks algorithms to user call data 
records in order to conduct a descriptive data mining on users call patterns. 

Our investigation shows the learning ability of both neural networks to discriminate 
user call patterns with the SOM neural network algorithm providing a better 
discrimination of call pattcrns than the ART algorithm. 

Following are the tables showing the comparison for the three different algorithms. 

Comparison of Parameter values for three tvpes of Unsupervised Neural 
Nehvork algorithms 
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Accuracy 

80% 
90% 
100% 
100% 

Algorithm 

SOM 
SOM 
SOM 
SOM 

No. of 
Input 
Records 
100 
1000 
10000 
20000 

Parameter 
No. of 
Clusters 
5 
5 
5 
5 

T e a m i n g  
Rate (a) 
0.6 
0.6 
0.6 
0.6 

Total 
Iterations 
50 
75 
100 
> 100 
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The comparative analysis findings are as follow: 

SOM is much better in term of results. The reason is that SOM categorizes data 
basically with respect to first component of input vector. 

The degree of correctness of categorization with LVQ depends on the number and 
type of learning data. Also result show that LVQ is faster in term of execution time. 
The reason behind this is that the out put of SOM is given as input to LVQ which 
increases its efficiency. 

ART is good in term of results. ART algorithm depends on all the components of 
input vector. In ART, parameter 6 have a significant effect on the performance of the 
net. The value of vigilance parameter p determines how many clusters will be 
formed. It allows increase in number of clusters only if required 

Following table shows the results of the three algorithms showing their efficiencies 
and accuracy of clusters. 

Results showing Execution Time and %age of Accuracy of Clusters of three 
tvpes of Unsupervised Neural Network algorithms 

Algorithm 

This table shows that although total number of input records for all the three 
algorithms were same i-e 20,000 but time taken by them to make clusters is different. 
SOM took maximum time but its result is 100%. LVQ took less time for execution 
as compared to SOM because it gets its input fiom SOM (1000 records) and 
therefore its training gets completed in very short timc. Remaining time which it 
takes for execution is to make clustering on the basis of this training. Also ART took 
less time than SOM but its clustering is not as good as of SOM. 
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SOM 
LVQ 
ART 

No. of Input Records 

20000 
20000 
20000 

Execution Time (Approx.) Accuracy 
of Clusters 

25 Minutes 
15 Minutes 
20 Minutes 

100% 
97% 
90% 
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