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ABSTRACT

Mobile phone recommendation systems are of great importance for mobile operators to achieve a
profit. In a user-derived market, the number of contract users and contract phones is especially
significant for mobile service operators. The tremendous growth in the number of available mobile
cellular telephone contracts necessitates the need for a recommender system to help users discover
suitable contracts on the basis of their usage patterns. Recommender systems recommend items to
users and their primary purpose is to increase sales and recommend items that are predicted to be
suitable for individual users. There are two commonly used techniques in developing
recommender systems including collaborative- and content-based filtering. Recommender systems
make their recommendations based on data that is available on the system. These systems have
gained popularity over the years and they have been adopted in many domains. In this study a
recommender system for mobile subscriber provisioning was developed using a hybrid J48 and k-
means algorithms. The J48 algorithm was used for classifying subscribers per usage stream and
then k-means was used to cluster all the subscribers of similar usage patterns. The algorithms were
selected after being compared with other algorithms and the two performed best in their categories.
The clustering algorithm, k-means, was able to cluster the sample data as follows: Cluster 0
contained 48% (1621) of the subscribers cluster 1 contained 42% (1423) subscribers, cluster 2
contained 8% (272) subscribers and lastly cluster 3 contained 74 subscribers representing 2% of
the population and the run time of k-means is faster than that of EM. The classification algorithm
j48 performed at an average of 99.98% for correctly classifying instances and this was higher than
the Naive Bayes, zeroR and MLP algorithms. The developed recommender system was able to
successfully recommend contract packages to subscribers. A precision-recall curve was produced,
and it showed good performance of the system. This study successfully highlighted the challenges
in recommender systems, and showed that a hybrid system was better able to recommend products

to the mobile subscribers.



CHAPTER1

1 INTRODUCTION

1.1 INTRODUCTION

Recommender systems automate the process of recommending products, services or information
items (hereinafter referred to as items) to consumers (referred to as subscribers) based on several
types of data concerning users, items and previous interactions between users and items (Trewin,
2000). Deshpande et al. (2007) have revealed that there seems to be no single algorithm that is best
for this purpose and relative performances of different algorithms are largely domain- and data-

dependent.

This dissertation reports on the development of a mobile recommender system to assist
TELecommunications COmpanies (TELCOs) in making product recommendations.
Recommender systems are a subclass of what rating a user may give to a certain item. They are
widely used in the movie, shopping and other domains. In the movie domain, recommendations
are made on how other users have rated the item and the types of movies that the user has been
interested previously. The primary purpose of Recommender systems’ is to recommend to a user,
items that the user may be interested in, with a likelihood that the user may not be interested in the

recommended item.

In a web-based environment, recommender systems recommend items to a user based on item
ratings and similarity. Recent studies have shown that using a Recommender System (RS) can lead
to increased sales volumes in the short term and in the long term or help to increase sales diversity
by directing customers to other parts of the available product catalog (Fleder and Hosanagar,
2009). This technology has been successful for web users in providing targeted item

recommendations but only a few have been designed for mobile users (Ricci and Nguyen, 2007).

Recommender systems use several different technologies. These items can be classified into two
broad groups. Content-based (CB) systems which examine properties of the items recommended

and Collaborative filtering (CF) systems which recommend items based on similarity measures



between users and/or items. In a recommender system application, there are two classes of entities
which are referred to as users and items. Users have preferences for certain items, and these

preferences must be teased out of the data (Koren et al., 2009).

For a recommendation to be possible, the researcher proposes that a user inputs his/her mobile
number and the recommender system then recommends all suitable items based on factual
information retrieved from the database. After a user recharges only one Short Message Service
(SMS) should be sent with recommendations. This has the potential to be used by mobile subscribers
because it eliminates sending many SMSs to the user and recommending packages that are not relevant.
It is important that when recommendations are made from a mobile subscriber recommender system,
the recommendation is based on Call Data Records (CDR) for that subscriber. The use of CDR will
enable the recommender system to produce valuable results since the information retrieved is factual
and the user is most likely to react to the recommendation, because the recommendation will be
personal (based on user data) and not general (based on a group information). This approach will

eliminate erroneous recommendations of products that the user cannot afford.

One of the longest-standing challenges in recommender systems is how to deal with the cold start
problem for new items (Riedl and Riedl, 2013). Rather than passively consuming a set of
recommended items, users often want to be in control of their interaction with the items in a
system. The recommendations are often best used as guides through a complex item space, letting
the user choose in what directions to move at each step (Ricci,2010).

Mobile devices were first invented in 1973. The development of mobile devices was initially not
meant for ordinary consumers, but for high profile business people. They were expensive and did
not perform well. However, the devices served the primary purpose, which was to send a message
across from one subscriber to another. It has been over forty years now since the invention of the
first mobile device and there has been a transition on how the devices are currently used. Ten years
later the first mobile phones went on sale. The primary purpose of the first devices was voice and
for decades TELCOs generated their revenue from voice. However, this has changed with the
availability of the internet and the introduction of instant messaging platforms like Mxit,
WhatsApp, Imo etc. In the early 1980’s there was no use for mobile recommender systems due to
the limited services and capability of mobile devices. Currently voice is no longer the main revenue

generating activity for TELCOs. Data has gained popularity and has taken over as a revenue
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stream. It is important to note that voice is still in use by mobile subscribers and it has not faded.
Therefore, mobile recommender systems are expected to make recommendations based on a

criterion that will help increase the accuracy.

1.2 STATEMENT OF THE PROBLEM

Current mobile telecom networks store large amounts of data including the duration of the call,
the time the call was executed, the subscriber payment plan (Pre-paid or Post-paid) etc. in their
databases. There is an ever-increasing complexity of understanding behavioral patterns of
subscribers’ preferences which render the traditional recommendation approaches not efficient in
meeting customer demands. A new recommendation paradigm is required that uses techniques that
exploit user-specific information based on time, usage, interests, etc., rather than common

techniques to prioritize recommendations.

One of the greatest challenges faced by recommender systems is the lack of recommendation
accuracy. It is evident from Ricci et al. (2006) that this is caused by the ambiguity in querying of
information and or the structure of the database. Adding to the challenge is the gaining popularity
of different kinds of devices that use different communication standards. This has made it difficult
for mobile subscriber recommender systems to be accurate in recommending items to users,
leading to recommendation errors. A user might not have a device that is internet enabled and that
user then receives a recommendation that has data bundles in it. That kind of recommendation

does not address the user’s needs and the user is likely not to react to the recommendation.

1.3 RESEARCH QUESTION

How can a mobile subscriber recommender system be developed in such a way that it takes into

consideration usage patterns of the mobile subscriber to make a recommendation?

To answer the research question the following sub-questions were answered:

e What recommender systems methods and techniques are currently available?

e How can a mobile subscriber recommender system be developed in such a way that it
addresses the needs of a mobile subscriber (user)?

e How to measure the effectiveness and efficiency of the developed recommender

system?



1.4 AIM/OBJECTIVES OF THE PROJECT

The primary research objective is to explore how current recommender system algorithms can be
optimized using content and collaborative filtering for mobile subscribers.

1. To compare different recommender systems algorithms from the literature.
2. To highlight the challenges in recommender systems.

3. To develop a mobile subscriber recommender system.

4. To measure the effectiveness of the proposed recommender system.

1.5 SIGNIFICANCE OF THE STUDY

The use of CDR based recommendation is novel and little research has been done in this area,
considering that most recommender systems are based on user ratings and user history. However,
this study is expected to make a major contribution towards how TELCOs recommend products
to users. This study is also expected to benefit e-commerce sites by encouraging them to purchase
user data from TELCOS. This project is expected to also contribute in highlighting the problems,
challenges and other issues that are faced by current recommender systems for mobile subscribers. The
perception of how mobile subscriber recommender system algorithms are developed in the future is

expected to be changed.

1.6 LIMITATIONS

Although this research is being carefully prepared, the researcher is aware of the limitations and

shortcomings that might arise. The limitations and shortcomings are outlined below:

The research was conducted based on data that is gathered from one Operational Company
(OPCO) with a larger subscriber base. This research was also conducted over a period of two (2)
years, and ten thousand (10 000) subscribers were used. Also considered is that some subscribers
may move to a different network or stop using the OPCO services and the future usage might not
be available for comparisons. Ten thousand subscribers might be a low number for mobile
subscribers to be considered for this study. Another limitation is the fact that the data is massive

and some users have dual-sim enabled mobile devices. They only use the mobile carrier for



receiving calls and not for other revenue generating activities (SMS, GPRS, VOICE). This is a
limitation because it might produce low Revenue Generating Subscribers (RGS) that might lead

to less recommendations. In addition, the OPCO will provide historic data for security reasons.

1.7 RESEARCH DESIGN

This study followed a qualitative research approach and literature exploration and experiments
were conducted. The data was collected from the OPCO. The data was then loaded into a Java
data manipulation tool, pre-Processed, analyzed, and interpreted by the researcher. The pre-
processed data was thus used in experiments to produce recommendations to the subscriber. The
proposed design was expected to derive results after the data has been manipulated using data

manipulation tools. Lastly the recommendations were displayed to the subscriber.

1.8 THESIS LAYOUT

Chapter 2. Review of related works on recommender systems, mobile recommender systems and

discussion based on theoretical framework for this research work.

Chapter 3. Reviews literature on clustering and classification as well as evaluations of

recommender systems are discussed.

Chapter 4. The methodology followed for this study and algorithms proposed are discussed.

Chapter 5. Presents the experiments, results and the interpretation of experimental results.

Chapter 6. Conclusion, Contribution and Future Work. The conclusion of the research, the

achievements, shortfalls and future work is discussed.



CHAPTER 2

2  MOBILE RECOMMENDER SYSTEMS

Mobile devices are gradually increasing in popularity since the prices for these devices are
gradually decreasing and people can afford to own them (Smith and Brown, 2005). It is clear from
Polatidis and Georgiadis (2013) that the use of cellular phones as well as the rapid growth of the
internet has generated an information overload problem. However, in a mobile recommender
system space the usage of mobile devices brings about a new phenomenon and changes the focus
of recommendations to individuals, thus making personalization a key factor of these mobile
devices. It is evident from Woerndl et al. (2007) that in a mobile situation, information
personalization is more difficult for the reason that there are constrains in mobile devices regarding
displays and bandwidth etc. However, it can be said that personalization is not a new research
topic within the recommender systems theory because Amazon.com, provides a personalized web

page to each individual user (Polatidis and Georgiadis, 2013).

Mobile recommender systems increase loyalty by taking personal information as inputs from the
user and generating recommendations locally or in a distributed environment. It directs the
predictions in a form of a recommendation to the interface that the user is using. With the hasty
development of mobile computing technologies, various kinds of mobile applications gained
popularity (Gavalas and Economou, 2011). As a groundbreaking technology, mobile computing
enables access to information anytime, anywhere, even in surroundings with scarce physical
network connections. Amid others, the operative use of mobile technology in the field of mobile
tourism has been actively studied. Along this line, mobile RSs (i.e. RSs tailored to the needs of
mobile device users) represent a relatively recent thread of research with numerous potential
application fields (e.g., mobile shopping, advertising/marketing and content provisioning) (Ricci,
2011). For instance, Yang et al. (2008) proposed a location-aware recommender system that
accommodates customers' shopping needs with location-dependent vendor offers and promotions.
Yuan and Chao (2010) introduced a framework which enables the creation of tailor-made

campaigns targeting users according to their location, needs and devices' profile.

Due to the adoption of mobile devices many studies have been conducted in the mobile

recommender systems space. Yang et al. (2008) studied recommender systems that considers the



location of the mobile user and proposed a location-aware recommender system that considers a
user’s shopping needs with a location-dependent vendor’s offers. However, other researchers
such as Dunlop et al. (2004), Setten et al. (2004) and Tung and Soo (2004) states that only a few
recommender systems are designed for mobile users and very few existing mobile recommender
systems are conversational. Ricci and Nguyen (2005) illustrated a mobile recommender system
called MobyRek which has been designed to run on a mobile phone with limited input from the
user, thus reducing user interaction and making the system proactive. Proactivity for recommender

systems is a good utility.

Baltrunas et al. (2012) further argues that context is crucial in mobile recommender systems, in
their study of Context Aware Recommender Systems (CARS), they study the relationship between
an item rating and context for example an outdoor restaurant can be rated 5 in summer because it’s

hot then be given a lower rating in winter because customers feel cold when visiting the restaurant.

Polatidis and Georgiadis (2013) argued that although recommender systems are in every personal
computer and mobile device, there are many factors that users of mobile devices take into
consideration and avoid their use. These factors are related to privacy. Additionally, the internet
era has made it possible for social networks and its offshoots that involves swapping large amounts

of data daily, these can be used in recommender systems to improve personalization.

Implementations of recommender systems in literature.

Entree is a restaurant recommender system that practices case-based reasoning techniques to select
and rank restaurants (Burke, 2002; Bridge et al., 2005). The interaction with these systems works
in the following manner: a user adds as input an entry point, the input can either be a known
restaurant or a set of criteria; then the user is shown restaurants that are alike. Furthermore, the
interaction between the user as well as the system is in a manner that is a dialogue, critiquing the
system’s suggestions and interactively refining the search until an acceptable option is achieved

(Burke, 2002).

Items that can be recommended to the user are represented by a set of features, also called

attributes or properties. For example, in a movie recommendation application features that

7



describe a movie are: actors, directors, genres, subject matter, etc. Thus, ensuring that each item is
described by the same set of attributes and there is an acknowledged set of values the attributes
may take, the item is represented by means of structured data. In this case, many algorithms can
be used to learn about a user profile thus eliminating the cold start problem for many recommender

systems (Kumar and Sharma, 2016).

Informed Recommender utilizes consumer product reviews to make recommendations. The system
converts consumers' opinions into a structured form by using a translation ontology, which is
exploited as a form of knowledge representation and sharing. Sarwar et al. (2001b) studied
weighted hybrid recommender systems which were defined as systems in which the score of a
recommended item is computed from the results of all the available recommendation techniques
present in the system. The P-Tango system uses a hybrid model that initially gives collaborative
and content-based recommenders equal weight but progressively adjusts the weighting as
predictions about user ratings are confirmed or disconfirmed. A weighted hybrid has several
benefits one of which is that all the system’s capabilities are based on the recommendation process
in a way that is straightforward and easy to make recommendations (Burke, 2002). However, this
technique has an implicit assumption that the relative value of the different techniques is uniform

across possible items.

Terveen and Hill (2001) demonstrated that content information can lead to improved
recommendations. However, the content should be encoded in a manner that is appropriate
(Funakoshi and Ohguro, 2000). The Fab system tackles issues of content-based filtering and social
filtering. In the Fab system, content information is sustained by two types of agents: user agents
as well as collection agents; user agents are associated with individuals and collection agents are
those that are associated with sets of documents (Terveen and Hill, 2001).

Research on the use of clique-based and feature-based models for mobile subscribers has been
demonstrated (Greene et al., 2010). A clique is a set of subscribers whose usage patterns are almost
the same without considering data volumes or revenue but in the usage manner. A clique can also
be used to study subscriber preferences and enhance the recommendation engine thus adding more

items to the recommendation list.



2.1 ISSUES AND GENERAL CHALLENGES FACING MOBILE DEVICES AND
MOBILE RECOMMENDER SYSTEMS

Most of the issues that are highlighted when designing recommender systems for mobile users
refer to mobile devices in the class of mobile phones and sim-card enabled tablets. It is imperative
to note that recommendations on small screen devices can be difficult and frustrating for end-users.
It is evident that users are able to read and understand information on small interfaces; however
the size of the screen has an impact on performance (Jones and Marsden, 2005). In web-based
recommender systems for mobile users, a user might have to scroll down to find the item on
recommendation. However, the longer the user takes to scroll the lower the chances of the item
being clicked by the customer (Yeung et al., 2012). In addition, a user on a small screen is less

effective in completing an assigned task when compared to users with large screens.

Another issue associated with mobile recommender systems is data costs. Most mobile
recommender systems are run online and a user must have data to interact. The cost of data often
impacts how much time a user will spend on a site. Due to the limitations stated above, information
search browsing, and in particular item recommendations, is a problem on mobile devices.
Likewise, it is difficult for users to process the result lists returned especially on small screens.
Church and Smyth (2008) scrutinized the variances between browsing and search behavior on the
internet using mobile devices as compared to the using of personal computers. They revealed that
browsing remains to be dominant for mobile information access; however, they also stated that
search is gaining popularity as an alternative to information access especially in relation to certain
types of mobile handsets and information needs. Due to the above reasons, many search models

have been designed specifically for mobile devices and mobile recommender systems.

Publicly-accessible adaptive systems such as collaborative recommender systems present a
security problem. Attackers, who cannot be readily distinguished from ordinary users, may inject
biased profiles to force a system to “adapt” in a manner advantageous to them. Such attacks may
lead to a user losing trust in the objectivity and accuracy of the system. Recent research has begun
to examine the vulnerabilities and robustness of different collaborative (Chee et al., 2001)
recommendation techniques in the face of “profile injection” attacks (Bamshad et al., 2007).

Before making recommendations to users’, security must be in place and a communication channel



should be secured so that the recommendation is not tampered with and reaches the target in its

original state.

It is evident from Chakraborty and Karforma (2013) that recommender systems are vulnerable to
different types of profile-injection attacks where a number of fake user profiles are inserted into
the system to influence the recommendations made to the users. However, when the data is
analyzed offline injected profiles can be detected before data is processed further thus making

offline data manipulation worth considering for non-real-time recommender systems.

2.1.1 COLD START ISSUES

The "cold-start" issue depicts circumstances in which a recommender system cannot make
significant recommendations because of an underlying lack of ratings. This issue can
fundamentally corrupt the framework execution. It can happen under three situations: new user,

new item and new group (Riedl and Riedl, 2013):

New User. When a user first registers with a Collaborative Filtering (CF) service, no rating is
available for that specific user. Thus, predictions cannot be personalized. The cold-start issue may
be solved in several ways. For example, by:

e Forcing the user to rate a few items before allowing that user to use the service.
e Displaying the global average until there is enough ratings by the user to personalize the
recommendations.

e Asking the user for demographic information.

New Item. This is particularly more troublesome for new items because they will not be
recommended till someone gives the item a rating and therefore it is unlikely that users will rate
an item that is not recommended to them. However, in domains where there may be many unrated

items that are very good numerous methods can be used, including:

e recommending items through non-CF techniques such as content analysis or metadata
e using a selection criterion and requesting users to rate unrated items

10



New group. A huge cold-start problem is bootstrapping another group. On the off chance that another
administration's esteem is in its customized CF suggestions, at that point without ratings it might
not have adequate different ratings in this manner not retain users sufficiently long to develop
evaluations. The most well-known arrangement is to give rating motivating forces to a little
"bootstrap” subset of the group before welcoming the whole group to utilize the service. Different
methodologies are used to keep up users' enthusiasm through exchange service (Kumar and
Sharma, 2016).

2.1.2 COMPARISON OF COLLABORATIVE FILTERING AND CONTENT BASED
FILTERING

Both collaborative filtering and content-based techniques have their own strengths and
weaknesses. The combination of the two techniques allows the strength of the one technique to
overcome the weakness of the other technique; hence they are usually combined and a hybrid is

formed.

Table 1. Is a comparison of the different techniques.
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Table 1. Comparison between collaborative filtering and content based

Focus area Collaborative filtering Content based
No need for domain Yes Yes
knowledge

Adaptive Yes Yes
Quality improves as new data | Yes Yes
is loaded

Implicit feedback adequacy Yes Yes
Impacted by cold start Yes No
problem

Susceptible to new subscriber | Yes Yes
problem

Susceptible to new product | No Yes
problem

Quality of the Yes Yes
recommendation depends on

the size of the data

Both CF and Content Based Filtering (CBF) techniques have no need for domain knowledge. This
means. Both content based and collaborative filtering are of adaptive nature and can build

recommendations with implicit feedback and no domain knowledge (Kumar and Sharma, 2016).
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However, both techniques improve as there is more data. CF is susceptible to new products which
is a problem that CBF addresses. The more data there is on the system the better the quality of the

recommendation.

2.2 KNOWLEDGE BASED RECOMMENDER SYSTEMS

Knowledge based recommender systems contain knowledge about the product and the need that
the product satisfies. The recommendation is based on the functional knowledge about the product
and the user (Ricci, 2011). One of the systems that adopted the method is the Personal Logic
recommender system which is a system that bargains a dialog that effectively guides the user
through a discrimination tree of product features (Trewin, 2000). The knowledge is then used for

the recommendations that the system produces.

2.3 COLLABORATIVE FILTERING

Collaborative filtering (CF) is rooted in what people have been engaged with for a very long time,
i.e. making recommendations from past experiences. A typical example would be students
discussing a book that they have enjoyed in the past. If the student has enjoyed reading similar
books in the past the others will also have interest in reading the book. Chandramouli et al. (2011)
argued that collaborative filtering is a popular and heavily used recommendation method. The
collaborative filtering method recommends the items to the target user on the foundation of
historical penchants of other users with a comparable sense of taste (Schafer et al., 2007b). CF
works similarly to word of mouth because it uses the opinion of others. CF techniques are
classified into two categories, namely, memory based methods and model based methods (Liu et
al., 2016).

e memory-based methods - exploit the complete user database to make recommendations.
e model-based methods- first fit a model based on the user database and then use the fitting

to make a recommendation.

Even though collaborative filtering is a good technique it has challenges when new items are added
onto the system. One of the well-known implementations of collaborative filtering in the movie
domain is Movielens. Basically, a user rates a movie using a rating scale from 1-5, where 1 is an

indication that the movie is bad and 5 indicates that it is extremely good thus making 3 the average.
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Collaborative filtering systems are used by users for one or more of the following tasks:

e Finding items that the user might like.
e Getting advice on a specific item.
e finding items that add to a whole group, not just an individual

e getting help with domain specific tasks
The two main objectives of any collaborative filtering system are prediction and recommendation.

e Prediction: a recommender system need to be prepared to offer alternatives to users and
present them to the user

e Recommendation: this part of the system is more dependent on the prediction. Firstly, the
system has to predict what the “rating” on the item would be before recommending the

item to the user (Sarwar et al., 2001b).

24 RECOMMENDER SYSTEM ALGORITHMS

Many studies have been conducted on the provision of context-aware information services such as
personalized news delivery (Wang et al., 2010; Yeung et al., 2012).Mobile information
recommendation is becoming very popular due to the growing diversity, availability and use of
mobile information services (Yeung et al., 2012). However, most systems are user driven and
require users to express their interests and input the keywords. Collaborative filtering methods
encompasses probabilistic and non-probabilistic methods. It can be said that non-probabilistic
models are expansively used by practitioners and Probabilistic models have been widely used in
the machine learning community (Schafer et al., 2007a).

Non-probabilistic algorithms: it is evident from Schafer et al. (2007a) that the most well-known
CF algorithms are nearest neighbor algorithms. However, nearest neighbor algorithms are not
limited to neighbor algorithms. There are also graph-based algorithms (Sarwar et al., 2001a),
neural networks (Shams and Haratizadeh, 2016), and rule-mining algorithms (Lin et al., 2001).
Neighborhood algorithms are computationally expensive. For example, to accurately get the
distance between two neighbors the whole table must be scanned, and the distance must be
calculated for different items. There are many studies in the literature that try to reduce the

shortcomings of neighbor algorithms. The studies include clustering, which is used to identify
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neighbors in a quicker way (Sarwar et al., 2001a). Mutually k-means clustering, and hierarchical
divisive and agglomerative clustering can segment users/items into clusters. However, another
challenge in employing clustering is that clustering schemes employ distance functions, like
Pearson correlation, to form the clusters and measure distance from a cluster (Schafer et al.,
2007a).

Cho et al. (2002) also stated that Collaborative filtering identifies customers (neighbors) whose
interests are similar to those of a given customer and recommends products neighbors of a given
customer. However, despite their success their widespread use has exposed two major limitations
(Godfrey, 2007). The first is related to sparsity. The number of ratings already obtained is very
small compared to the number of ratings that need to be predicted because typical collaborative
filtering requires explicit non-binary user ratings for similar products. As a result, collaborative-
filtering based recommendations cannot accurately compute the neighborhood and identify the

products to recommend.

Algorithms to find the neighborhood usually require very long computation times that grows
linearly with both the number of customers and the number of products. With millions of customers
and products of real world situations, existing collaborative-filtering based recommendations

suffer serious scalability problems (Sarwar et al., 2001b).

2.5 TRUST IN RECOMMENDER SYSTEMS

The Trust-Aware Recommender System (TARS) is the recommender system that suggests the
meaningful information to the users on the root of trust. Trust is the measure of readiness to be
certain in a user based on their aptitude (e.g. goodness, strength, ability) and conduct within a
precise context at a given time. It is a directional relationship from the trustor — the user that
assesses its trust on the target user — to the trustee — the user that is the target of the trust evaluation.
Massa and Avesani (2007) stated that an empirical appraisal on Epinions.com dataset showed that
recommender systems that make use of trust information are the most effective in terms of
accuracy while preserving a good coverage. This is especially evident on users who provided few
ratings.

In the pursuit to embody trust in recommender systems a technique emerged to deal with the

quality assessment in open environments and to ask users to explicitly specify which other users
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they trust. For example, on Epinions.com, a site where users can review products, users can also
specify which other users they trust i.e. “reviewers whose reviews and ratings they have

consistently found to be valuable”. This then helps with creating trust nodes.

Trust-based recommender systems (Massa and Avesani, 2007) is an developing turf to bargain
users personalized item recommendations (e.g., movies, books, etc.) based on historical ratings
given by users and the trust relationships among users (the users can be friends on social media).
In general, RSs will recommend items based on past experiences and assume that the information
is reliable but, in reality, this assumption is untrue and thus makes the evaluation of content
provided by users an important issue (Avesani et al., 2005). Current studies reveal that current
trust metrics cannot deliver substantial performance and indicate that future metrics should be

designed wisely (Bamshad et al., 2007).

Trust is a complex term and therefore for recommender systems it is coiled differently. It can be
said that trust is mostly defined as correlated with analogous likings towards items normally rated
by more than one user (Pitsilis and Marshall, 2004a; Papagelis et al., 2005: Lathia et al., 2008). It
is evident from Guo et al. (2014) that trust has properties including Asymmetry, Transitivity,
Dynamicity and Context Dependence.

Asymmetry. Trust is subjective and personal. Therefore, user A can trust user B and user B does
not necessarily trust user A.

Transitivity. This is the most important property of trust that is heavily used in trust-based
recommender systems. It says if user u trusts v, and v trusts p, it can be inferred that user u trusts
p to some extent. It is in line with real life situations in which people tend to trust the friend of a
friend rather than a stranger. Predictive performance is improved by improving or increasing more
trusted friends.

Dynamicity. Generally, trust is built cautiously and over time. Another commonplace is that trust
is hard to establish but easy to destroy.

Context Dependence. Trust is context-specific. A user that is trusted in one domain may not

necessarily be trusted in another domain.
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2.5.1 TRUST METRICS

There are numerous trust metrics that are put forward to compute contained trust using ratings
from users. These are mainly based on the instinct that the users whose ratings are similar or close
to each other, tend to be frank (Jamali and Ester, 2009). For discussions to be facilitated an
introduction of several notations is necessary. Thus, Denote U,| and R as the users, items and

ratings, respectively. For ease, the symbol u,v are held in reserve for users and i, j for items;

hence . represents a valuation given by user uon itemi. Let | = be the set of items rated by

user U, and t _be the trustworthiness of user v towards user U.

Five (5) trust metrics denoted by M1-M5 are elaborated as follows:

M1- Lathia et al. (2008) stressed the worth of acquiring scores provided by other users. This
entails that a user who makes available opposite ratings is a trustworthy user as compared to a user
who is not eager to take part in sharing views. Trust is defined as the average of the values provided

by users over all items rated.

1 [ O
tu,v =— Z Q-——). 1

telu,v
‘ I u,v max

where | = ],M|, is the set of commonly rated items by user’s Uand V, and __ is the

maximum rating scale predefined by a recommendation system. According to Equation 1. It is

frivolous to find that trust is symmetric, i.e., t  =t,, and there is no consideration of time and

contextual information.

M2- Papagelis et al. (2005) defined trust through user similarity computed by Pearson correlation
coefficient (PCC)

S = Zt(ru,t_ru)(ru,t_ru)
\/Zt(ru,t_ru) \/Zt(ru,t_ru)
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where Su v is the similarity between users uand Vv, and trust is assigned as similarity, i.e.,

tu,v = Su,v '

More generally, researchers lean towards the use of a threshold to figure out if a user with a specific
similarity is trustworthy. To support this, Yuan et al. (2010) used threshold similarity to form

binary trust ideals without lack of generality and proposed the formalization below:

. ifs,,>0s[],/>01
0, otherwise;

where 6, @lare the threshold of the user similarity and the number of co-rated items, respectively.

One characteristic of similarity measures is symmetry, i.e., S, , =3, . Hence, the trust based on

PCC is also symmetric, In addition, Castro Sotos et al. (2009) in their study hypothesized that PPC

is not transitive unless under stringent conditions i.e. S,, >0,707 when users are extremely

correlated. Thus to enable the transitivity of trust it is obligatory to set similarity threshold
65 =0.707. Further, Guo et al. (2013) reported that PCC is not reliable when the length of rating
vectors is short; hence, the threshold @lis to ensure that the computed PCC value is more

dependable.

M3 Hwang and Chen (2007) simplified Resnick’s prediction formula and computed a predicted

rating using a simple version of only based on a single user:

P =T+l 1) 4

where Fuand Fv are the mean ratings of users uand Vv, respectively. The trust score is then

derived by averaging the prediction error on co-rated items:

tu,v:iz(l_‘Pu,i_ru,i).

5
“ UV telu,v rmax
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where B, ; is the predicted rating for asingle userand  _ is the maximum rating scale predefined

by a recommendation system.

Shambour and Lu (2012) adopted the same strategy but computed trust based on Mean Squared
Distance (MSD).

1.,
Huulv

Z(\Put ruly,

telu,v max

tu,v: ) 6

\Iu,v

The user who has trust values that are above the threshold 4,i.e., t > Ais viewed as a trusted
neighbor. It is noted that both Equations 5 and 6 results in symmetric trust. However, both

equations do not consider the dynamics and context property of trust.

M4 O'Donovan and Smyth (2005) considered a rating provided by others as accurate if the

absolute difference between the foreseen rating F,; and the ground truth, p . is less than a

threshold €

c:orreCt(ru,i’ rv,i) < ‘ Pu,i - ru,i <e

where P .is given by Equation 4. Then two kinds of trust are defined using the notion of

correctness: profile-level and item-level trust. The former trust is defined as the ratio of correct
ratings over all the ratings provided to generate predictions:

_ |CorrectSet (v))
uv RecSet(v)

where CorrectSet (v) represents the set of correct ratings provided by user v, and RecSet(v)

denotes the set of recommendations that user vV has been involved in.

The item-level trust of a user for a certain item to be consistent with other metrics, trust is only
considered at user level, that is, profile-level trust rather than item-level trust. Since the absolute

value is adopted in Equation 7, the proposed trust metric is too symmetric. Note that setting a low
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value of < is not in favor of trust formation whereas setting a high value will tend to treat other

users equally trusted.

M5 Pitsilis and Marshall (2004b) adopted the subjective logic (Jgsang, 2001) to define trust. The
uncertainty is redefined as the inability to make accurate predictions:

s IP.r.

v telu,v rmax

where |, is the illustration of ambiguity towards user Vv, and P.. is derived from equation 4.
Then the belief and disbelief are defined as:

1 :
bv = E(1— u,) @+ Su,v)’

dv=> -y )e-s, )

10

where g is the parallel between users uUand v computed by Equation 2. Hence, it satisfies the

requirement for subjective logic: h +(,+u, =1 The belief |y is used as the direct trust that
user Uhas on user v, i.e., t,, = bv. The benefit of this metric is that it considers disbelief rather

than only taking belief into consideration.

The TARS notations can be found in Table 2.
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Table 2. Notations that are used in the TARS

Symbol Explanation

i Item

a Current user

u Recommender

r. Average rating of the current user

r, Recommender’s rating on the item

I, current user’s rating on item

W.., Current user’s weight to the recommender
P.. Predicted rating for the current user on item

Figure 1 shows the architecture of TARS where the inputs are trust matrix and rating matrix and
the outputs are predicted rating. The rating prediction mechanism of the conventional TARS model
is like that of CF. The difference of opinion is that CF weights each recommendation based on the
active user’s similarity with the recommender, while TARS weighs each recommendation based

on the active user's trust on the recommender.
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‘ Pure Collaborative Filteving T

Figure 1. The rating prediction mechanism of conventional TARS of a pure collaborative filtering.

The predicted rating for the active user on the item can be calculated as in equation 11 and the Current

user’s weight to the recommender can be found on equation 12.

ZWa,u(ru,i _r_u)

u=1

paj = ra + k 11
2 W,
u=1
W can be calculated as given in equation 12:
- +1
Wa , — d max d a,u , 12
’ d max

where ( _ is the Maximum Allowable Propagation Distance (MAPD) between users of the
recommender system. The value of MAPD is present by the administration of TARS. (] isthe

active users’ (@) trust propagation distance to the recommender (U ).

In TARS, the trust propagation distance refers to the number of hops in the shortest trust

propagation path from the trustor to the executor.

As shown in the prediction mechanism of the conventional TARS model, MAPD is the
fundamental parameter for the rating prediction. However, the works of TARS did not provide any

mechanism to set MAPD. just arbitrarily select some value for this extremely important parameter.
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For example, in Massa and Avesani (2009), the authors randomly set the value of MAPD as 1,2,3
and 4 to conduct different experiments of TARS. They did not consider the relationship between
the value of MAPD and the scale of TARS. On one hand, if the value of MAPD is set too small,
TARS might lose some valuable recommendations. On the other hand, the computational

complexity of constructing trust networks for TARS is o(de), in which k is the number of trust
stated per user, and ¢ _ is the value MAPD, so if the value of MAPD is set too high the

computational of TARS increases exponentially. Spontaneously, the optimized value of MAPD
for TARS should have some relationship with the topology of the trust network and optimizes the

conventional TARS model based on the topology of the trust network (Massa and Avesani, 2009).

2.6 SIMILARITY IN RECOMMENDER SYSTEMS

Below is a representation of three (3) types of similarities that are applicable in recommender
systems depending on the specific objective. These three are, namely, cosine-based similarity,

adjusted cosine-based similarity and correlation-based similarity.

2.6.1 COSINE-BASED SIMILARITY

In cosine-based similarity two items are thought of as two vectors in the m dimensional user-space.
The similarity between them is measured by computing the cosine of the angle between these two

vectors. Formally, in the m* nratings matrix below the similarity between items iand j, denoted

by sim(i, j) is given by:

sim(i, j) = cos(i, j) = ——3— 13
I *|]

2 2

where "." Denotes the dot-product of the two vectors and sim(i,j) is the similarity between the item i and item j.

2.6.2 CORELATION-BASED SIMILARITY
In this case, the similarity between two items i and j is measured by computing the Pearson—r
correlationcQry, ;- To make the correlation computation accurate, co-rated cases (i.e., cases

where the users rated both i and j) must be isolated, as depicted in equation 14. Let the set of

users who both rated i and jare denoted by U then the correlation similarity is given by:
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2.0(Ru-RIR.,-R)
\/ZUGU (Ru,i_Ri) \/(Ru, j_R j)

sim(i, j) =

14
where R, ; denotes the rating of user uonitemi, R, is the average rating of the i-th item

and R, j denotes the rating of user u on item j, R,— is the average rating of the j-th item.

2.6.3 ADJUSTED COSINE SIMILARITY

One vital difference between the similarity computation in user-based CF and item-based CF is
that in case of user-based CF the similarity is computed along the rows of the matrix but in case
of the item-based CF, the similarity is computed along the columns, i.e. each pair in the co-rated
set corresponds to a different user. Computing similarity using basic cosine measure in item-based
case has one important drawback-the differences in rating scale between different users are not

considered. The adjusted cosine similarity offsets this drawback by subtracting the corresponding

user average from each co-rated pair. Formally, the similarity between items land using this

scheme is given by:

zueu (Ru,i_ﬁi)(Ru,j _ﬁj)
\/ZUEU (Rui—R}j) \/(Ru,j_Rj)

where ﬁu is the average of the u —th user’s ratings and R_J is the mean average rating given by

15

sim(i, j) =

user j.

2.7 PREDICTION COMPUTATION

The most crucial step in a collaboration filtering system is the generation of the output interface in
terms of prediction. Once the set of related items based on the similarity measures is isolated, the

next step is to consider the target user’s ratings and adopt a method to obtain predictions.

Sarwar et al. (2001b) in their study considered these two techniques namely, weighted sum and

regression.
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2.7.1 WEIGHTED SUM

As the name implies, this method computes the prediction on an item of i for a user Uby

computing the sum of the ratings given by user on the items similar toi . Each rating is weighted

S

by the corresponding similarity ~'J between items i and j. Formally, using the notion shown in

equation 16 we can denote the prediction pu . as

Zall similaritens.N (Si’ N> Ru1 N)
Zall similaritems.N (‘S| ! N ‘) 16

where R N is similar item N’s ratings values, iis the target ittems and N is the similar item.

P.i=

Basically, this approach tries to capture how the active users rate similar items. The weighted sum
is scaled by the sum of the similarity terms to make certain that the prediction is within the
predefined range.

2.7.2 REGRESSION

This approach is similar to the weighted sum methods but instead of directly using the ratings of
similar items it uses an approximation of the ratings based on the regression model. In practice,
the similarities computed using cosine or correlation measures may be misleading in the sense that
two ratings vectors may be distant (in Euclidean sense) yet may have very high similarity. In that
case using the raw ratings of the “so-called” related items may result in poor prediction. Sarwar
et al. (2001b) stated that the basic idea is to use the same formula as the weighted sum technique,

but instead of using the similar item N’s “eaw” ratings values R N's this model uses their
approximated values R N based on a linear regression model. If the respective vectors of the

target items i and the similar item N by R.and R are denoted, the linear regression model can

be expressed as:

§N=a§i+ﬂ+e 17
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where «and g are the regression model parameters that are determined by going over both the

rating vectors and < is the error of the regression model.

2.8 HYBRID ALGORITHMS

Hybridization is the combination, or the use of all, features from different algorithms in order to
make a recommendation. While each of the algorithms described above is dominant in their
respective fields, the need for hybridization is gaining more attention (Massa and Avesani, 2009;
Ghazanfar and Prugel-Bennett, 2010). Moreover hybrid algorithms have been categorized

according to their design (Jannach et al., 2010).

Combining two or more recommendation methods is called hybridization. Hybridization is not a
novel concept in recommender systems but it has been applied differently in theory. Woerndl et
al. (2007) stated that a hybrid recommender system is a combination of different recommender
systems to improve the retrieval of information. In their study, they combine collaborative filtering
with other recommendation methods to account for the complexity in context. Different
combinations can be fused together to achieve a hybrid for example: weighted, switching, mixed,
feature combination or augmentation or cascading (Burke, 2002).

Below is a discussion of some of the algorithms found in literature:

2.8.1 MONOLITHIC

A monolithic algorithm is an algorithm that integrates unique features from each algorithm. It
could possibly use every feature that an algorithm has or just support a number of them. How a

monolithic algorithm works is shown in Figure 2.
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Figure 2. Monolithic Recommender Approach (adapted from Jannach et al., 2010)
2.8.2 PARALLELIZED

A parallel algorithm runs all the predefined algorithms in parallel, then takes the output from each
one and passes it to a predefined hybridization stage. A pictorial view of the algorithm is shown

in Figure 3.

) Recommender 1

Input< Hybridisation Step P Output

B Recommender 2

Figure 3. Parallel Recommender Approach (adapted from (Jannach et al., 2010)
2.8.3 PIPELINED

A pipelined algorithm runs each algorithm one after another, in sequence and takes the output from
the previous and uses it as the input for the next one until the required outcome has been achieved.

A pictorial representation of the algorithm is found in Figure 4.
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Figure 4. pipelined Recommender Approach (adapted from Jannach et al., (2010))

2.9 RATING MATIX FOR SIMILARITY COMPUTATION

Table 3. Example of a rating matrix for three (3) users

User Item 1 Item 2 Item 3
James 3 2 4

Lucy 3 4 4
Andrew 5 4 No rating

As seen in Table 3, a user-item matrix allows for the creation of a neighborhood that can be used
to create similarity between users for whom we wish to generate recommendations. The user-item

matrix is usually sparse since most users do not rate every item or may have used the specific item.

Sparsity can be an issue that can lead to weak recommendations. Two common processes that can

reduce the use of sparsity and improve the satisfaction of the recommender systems are:
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1. Default Voting: setting an appropriate rating for all items that have not been rated. The
cost of applying a default rating is low (Adomavicius and Tuzhilin, 2005).

2. Pre-processing using averages: Scans through missing items and either averages user’s
votes or averages the item votes and placing the resulting average as the rating value for
the missing user-item matrix entry (Bhaidani, 2008). Looking at Table 2. Andrews’ ratings

average to 4.5 therefore his rating for item 3 can be pre-processed

2.9.1 NEIGHBORHOOD FORMATION

Generating a neighborhood involves calculating the similarity between the given users within the

user-item matrix. Similarity will be used to generate a recommendation for a specific user.

The algorithm folows these steps:
1. Compare the similarity between all users with the active user.
2. Select n Users that have the highest similarity to build a neighbourhood

3. Compute the prediction based on this similarity matrix.

Within the user-based recommendation systems, the similarity between two users is calculated
using the Pearson’s correlation coefficient. Pearson’s correlation (also called the Pearson’s product

moment correlation after Karl Pearson’s) has become a standard way of calculating correlation.

Similarity between users y.and |y, are calculated below:

Z(rij _E)(rkj _E)
V(G _r_i)2 Z(rkj _E)z

where i is the total number of items, r; is the rating given by j, and F, is the mean average rating

sim, =corr, = 18

given by user i.

Using Table 3, calculations can be computed and similarities between the users can also be
computed, thus enabling prediction. Calculating the similarity between user Lucy and James is

calculated as follows using Equation 18:
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3+2+4 3+4+4
james T:3 rIucy T =3.666

3
Z (rjames—j - rjames)(rlucy—j - rIucy)
sim -

james—lucy = 3
2 2
\/Z(rjamesj - r-james) (rlucy—j - rlucy)

j=1

(3—3)(3—3.666) + (2 — 3)(4 —3.666) + (4 — 3)(4 — 3.666)

Sim'ames— uey —
e (3=3)2 + (2-3)% + (4—3)2)((3—3.666)2 + (4—3.666)° + (4 3.666)%)
. —4
SImjames—lucy = E
sim =-0.610

james—lucy —

Table 4. Example of a similarity calculation between three users

User James Lucy Andrew
James 1 0.25 -0.610
Lucy 1 -0.539
Andrew 1

The formula presented in equation 18 can be used to calculate the similarity and the results are
displayed in Table 4.
2.9.2 PREDICTION GENERATION

The prediction is a numerical value that represents a predicted opinion of the active user about a
specific item. The prediction for a user-based collaborative filtering algorithm needs both the user-

item matrix (Table 1) and the similarity matrix (Table 2).
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Equation 19 shows how a prediction represents the predicted opinion for the active user _ about

item .

3 —
Z(rij —1,) xsim,,
praj - ra+ = 3 v

> |sim,|

j=1

where I represents the rating that user [y gives item ijand E represents the average rating for

user |, - Equation 19 retrieves similarity gjm, from Equation 18 which represents the similarity

between the active user | and user . (Bhaidani, 2008).

This prediction formula is based on a weighted average of similarities between the active user and

all other users combined with the average of the active users’ other ratings.

Using Table 2 and Table 3 and based on the ratings found in these two tables, Andrews rating on

Item 3 can be achieved using the calculation below.

5+4
rAndrew 2 = 45
2
Z (r i3 rl) X SIM, e i
— t=1

Prandrew—items - rAndrew + 2

Z|S|mandrew—i |

t=1
Pr —r n (r lucy—item3 - rIucy) X Slmandrew—lucy + (r james—item3 - r.james) X SImandrew—james

andrew—item3 — " Andrew . .
‘Slmandrew—lucy + ‘Slmandrew—james
4-3.666)*—-0.539+ (4 —-3)x0.610
Prandrew—item3 = 45 + ( ) ( )
|-0.539| +|-0.610|

I:)randrew—item3 = 4

Based on the above calculation it is evident that the recommender based algorithm has predicted

that Andrew will rank item 3 with a rating of 4.
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2.10 USING TIME SERIES IN RECOMMENDER SYSTEMS

Time series can be used as a tool to identify profile injections in recommender systems. However,
it can also be used as a measurement for other aspects like measuring the frequency of occurrence
over time. Burke et al. (2006) stated that the insertion of a rating that contains a certain profile
denotes a time-series. They argue that a profile that is constructed at a speed that is too fast for a
human being (for example, 100 ratings in a single minute) is sure to be a profile injection attack.
Similarly, ratings on an item can also represent a time series, should an item represent a rapid
rating at high speed that could also signal that the item is nuked, thus making a time series an
important identifier in nuked profiles. Time series differ in how they are represented. A time series
can be constructed as a stochastic or a moving average; the way it is represented is solely dependent
on the purpose of use for the time series.

A time-series can only be seen at a predetermined number of periods, and in that occasion the

underlying sequence of random variables (X, X, .- X ) is just a n-dimensional haphazard

variable (also known as a random vector). However, it is convenient to allow the number of

observations to be infinite. In that case (yx , =123..) is named a stochastic progression.

Stochastics are very good for identifying trends; hence a time series becomes a useful tool for
recommender systems. The information on how a time-series has been used in this study can be

found in Chapter 4.

2.11 ITEM BASED AND CONTENT RECOMMENDATION METHODS

There are two major factors that come into play when talking about how user-based recommender
systems compare to item-based recommender systems- the quality of the results and the
performance results. In an experiment performed by the GrouplLens research group, it was
concluded that based on building a user-based and item-based recommender system, the item-
based recommender system provided better quality of results with a lower MAE (Mean Accuracy

Error) than the user-based recommender system (Sarwar et al., 2001b)

2.11.1 ITEM-BASED RECOMMENDATION

This form of collaborative filtering is computed based on item relations and not user relations. An

item based collaborative filtering algorithm looks at the set of items that an active user has rated
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and computes how similar the set of items are to the target item. The item-based algorithm thus
utilizes the similarity and computes the prediction based on weighted averages of the active user’s

ratings on those similar items (Sarwar et al., 2001b).

Item-based collaborative filtering and prediction algorithm follow the same process as the user-
based CF. Item-based collaborative filtering trails the same three processes: representation,
neighborhood formation, and prediction generation. Within representation item-based CF uses the
user-item matrix seen in Tablel. The neighborhood formation creates a similarity matrix. This
similarity matrix uses the Pearson Correlation Coefficient; however, it determines the correlation

between two items.

Z(rij - E)(rik - E)

Z(rij _r_i)ZZ(rkj _E)z

= j=1

sim,, = 20
Equation 20 is used to find the similarity between items j and k, where I and ,, are the ratings

that items j and k have been given by user i. The calculations are done over | users who have

rated both items.

Using equation 20, a similarity matrix similar to Table 3 can be developed in which all the items

will have a similarity value to each other.

Finally, a prediction can be generated through the use of a weighted sum in which a prediction can

be generated a prediction pr foruser a and item j. This equation captures how the active user
aj

rates the similar items. The weighted sum is scaled by the sum of the similar items (Sarwar et al.,
2001b).

;rokXSimik
praj = I
;‘S|mjk‘

where k=1,2,...and | is the total number of items taken from the neighborhood.

21
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2.11.2 CONTENT-BASED RECOMMENDER SYSTEMS

Content-based recommendation systems or content-based filtering is based on textual information
such as documents. These items are typically described with weights and keywords. Using nearest
neighbor functions or clustering methods can allow the recommendation system to analyze the
keywords, document content and then use it as a basis to recommend a suitable item. This will also
be based on the items characteristics. The different techniques used in this method of information
filtering follow two approaches: Heuristic-based and model-based methods. Heuristic based
methods include KNN algorithms and clustering methods while model-based methods include
Bayesian filtering, artificial neural network, and clustering. Content based filtering systems are
limited by their content. If they lack sufficient keywords or overspecialization problems, they yield

weak recommendations (Shishehchi et al., 2011).

2.12 CHAPTER SUMMARY

In this chapter the literature on mobile devices was reviewed on how they have increased
popularity and how their use has rapidly changed over the year. Literature on recommender
systems, domains in which recommender systems have been employed and how they have been
employed has been explored. Furthermore, an intensive exploration of challenges that are facing
recommender systems daily has been explored in this chapter. Recommender system challenges
revealed that collaborative filtering systems are impacted by cold; however, by implementing a
hybrid it is possible to overcome the challenges. Different approaches, namely, collaborative

filtering, content-based approaches were discussed.

Different algorithms were discussed in this chapter. The chapter also outlined how trust is relevant
in recommender systems and how it plays a role in the use of recommender systems. This chapter
also highlighted different similarity measures and how they are relevant in the study. Having
studied the different approaches, hybrid algorithms were also explored. The next chapter focuses

on clustering algorithms as well as classification algorithms.
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CHAPTER 3

3 DATA CLUSTERING, CLASSIFICATION AND RECOMMENDER SYSTEMS
EVALUATIONS

3.1 CO-CLUSTERING

Co-clustering is mostly used because of its low computational cost as compared to other
collaborative filtering approaches. It is evident from Banerjee et al. (2007) that co-clustering of
rows and columns has rapidly become a powerful data analysis technique. Co-clustering is also
known as bi-clustering (Cheng and Church, 2000). Clustering is a learning technique that does not
need to be supervised while it learns the latent structure of the data matrices. In this case the data
matrices are of two objects, namely, subscribers and products in literature. A large number of
clustering algorithms such as k-means and agglomerative clustering have been studied (Gosh,
2003). It can be said that co-clustering has received recognition and attention in practical
applications such as simultaneous clustering of documents in text mining (Takamura and
Matsumoto, 2003). In the document retrieval and search engines co-clustering has been used to
group documents that contain the same words, enhancing the retrieval rate and accuracy of the

retrieval system.
Collaborative filtering using co-clustering
In this co-clustering approach, there are three main steps that needs to be taken into consideration.

1. Calculating the average of the matrix
2. Assigning the row cluster

3. Obtaining the row cluster.
3.2 CLUSTERING

The choice of clustering similarity metric is critical for training high-quality clustering solutions.
In domains where more than one similarity metric are appropriate, several approaches have been
proposed for combining multiple similarities using machine learning techniques (Cohen and
Richman, 2002; Bilenko and Mooney, 2003; Bilenko et al., 2005; Chen et al., 2009). Other metric

learning approaches use optimization techniques to learn a similarity metric from labeled examples
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directly (Xing et al., 2003; Davis et al., 2007). Clustering is a procedure of information mining in
which comparable objects are assembled into clusters. Clustering methods/systems are broadly
implemented in various fields like information retrieval, image processing, etc. (Mahmud et al.,
2012). There are two sorts of methodologies in clustering: various leveled also known as
hierarchical and partitioning. In various leveled, the clusters are consolidated in light of their
nearness or how close they are. This blend is anticipated when additional process prompts
unwanted clusters. In partition clustering approach, one dataset is isolated into clear number of
little sets in a solitary emphasis (Dunham, 2006). The exactness and nature of clustering depends

on how the calculations are actualized and their capacity to discover concealed information.

Cluster analysis (Xia and Xi, 2007) groups objects (perceptions, events) based on the information
found in the data portraying the items or their connections. The objective is that the items in a
group shall be similar to one other and unique in relation to (or inconsequential to) the objects in
other groups. The more prominent the resemblance (or homogeneity) inside a group, and the more
noteworthy the uniqueness between groups, the better or more particular the clustering.
Knowledge discovery is broadly utilized as a part of different domains like retail and
telecommunication industry, fraud detection, spatial data analysis and other scientific applications
(Virmani et al., 2015).

An imperative inquiry is how to choose what constitutes great clustering, since it is normally
agreed that there is no outright 'best’ set of rules which would be applied in order to come up with
the best way of clustering (Shukla et al., 2012; Singh et al., 2008). Therefore, the client must
supply the foundation that best suits their specific needs, and the consequence of the clustering

calculation can be deciphered in various ways.

3.1 CLUSTERING ALGORITHMS
3.1.1 K-MEANS

The K-means algorithm is generally picked over other clustering algorithms as it is extremely
proficient in preparing vast/large datasets. It often terminates at a local optimum and generates
tighter clusters than hierarchical clustering, especially if clusters are globular. It is a famous
algorithm because of its detectable speed and effortlessness. k-means utilizes the idea of Euclidean

distance to figure the centroids of the clusters. This strategy is less successful when new
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informational indexes are included and have no impact on the deliberate separation between
different information objects. The computational density of k-means algorithm is high (Mahmud
et al., 2012; Sharma et al., 2012). Similarly, k-means is incapable of handling noisy data and
absent values. To overcome this, data pre-processing is necessary to ensure that the data is clean
and does not have noise. Normalization is used to eradicate laid off data and ensures that decent
quality clusters are produced which can improve the efficacy of clustering algorithms. So it
becomes an essential step before clustering because Euclidean distance is highly sensitive to the
changes in the differences (Patel and Mehta, 2011). Amid flat clustering methods, k-means is the
most broadly used and is considered the most significant algorithm (Schutze et al., 2008). The
algorithm attempts to classify all elements into k clusters by lessening the average squared

Euclidean distance to the closest centroid.

This measure effectively calculates the distance between two elements in Euclidean space by

calculating an absolute difference between the elements for every dimension:

‘;_y‘: %:(Xl_y)z 22

Initially, the k centroids are positioned arbitrarily, or according to some rule of parting. Over
several reiterations, each element is then assigned to a centroid, or cluster, and a new position for
each centroid is calculated. The algorithm is complete after N reiterations. This is the point where
the centroids do not move, or when the algorithm falls below a certain threshold of improvement.

The complexity of the k-means clustering algorithm is O(IKNM), where | is the fixed amount of
repetitions, K the number of clusters, N the number of elements, and M the dimensionality of the
data.
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Figure 5. K-means example representing cluster centroids

Figure 5. Shows how the k-means algorithm works according to the above image k=3 and the

black circles show centroids while the square boxes depict the clustered instances.

3.1.2 EM CLUSTERING

Like the k-means clustering method, EM for Gaussian Mixtures needs the number of clusters (k)
to be stated. The covariance matrices are each set as the identical sloping matrix, where the jt"
element on the slope is equal to the variance of the j" dimension of the entire dataset. Likelihood
circulations for cluster assignments are computed for every single data point, based on the initial
parameter approximations (means and covariance matrices). Using these likelihood circulations,
EM finds the probable log-likelihood function and computes new parameter estimate that
maximizes that log-likelihood function. With the new parameter estimates, new probability
distributions for cluster assignments are calculated and therefore a new expected log-likelihood
function is derived. New parameter estimates are once again obtained by maximizing the new
expected log-likelihood function. This is iterated until the enhancement in the parameter estimates

is reduced to a point whereby it falls below a certain threshold (Sharma and Sharma, n.d).
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3.2 CLASSIFICATION ALGORITHMS

Classification complications target to find common characteristics that specify the group to which
each instance fits. This can be utilized both to recognize the existing data and to predict how new
cases will perform. Data mining produces classification models by examining the data that is
already classified and inductively discovering a predictive pattern. The existing cases may be
derived from ancient databases. They may also be a result of an experiment in which a model of
the entire database is tested in the real world and the fallouts used to design a classifier. Sometimes
an expert is required to classify a sample of the database, and that sample is used to create the
model which will be applied to the entire database (Rajput et al., 2011). Different classification
algorithms are applied and used with different datasets, some of these algorithms are discussed

below:

3.21 MULTI-LAYER PERCEPTRON

A Multi-layer Perceptron (MLP) is a class of feedforward artificial neural network. MLP consists
of at least three layers of nodes. Except for the input nodes, each node is a neuron that uses a
nonlinear activation function. MLP utilizes a supervised learning technique called back-
propagation for training. It can distinguish data that is not linearly separable. Multilayer
perceptrons are sometimes colloquially referred to as "vanilla” neural networks, especially when

they have a single hidden layer (Hastie et al., 2009).

Artificial Neural Network (ANN) is a unified group of nodes by means of mathematical
approaches to process information. It is a self-adaptive system, which can change its construction
based on the internal or external influences. Multiple ANN models have been developed and the
most prevalent one is the Multi-Layer Perceptron (MLP) feed forward network (Kavzoglu and
Mather, 2003). MLP consists of many layers. The most widely used structure was the three-layer
structure, due to its capability to solve most image classification problems. The multiple layers

include one input layer, one hidden layer, and one output layer as on shown in Figure 6.
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Figure 6. Illlustration of how a MLP nodes look like.

Each layer is composed of artificial neurons. It is visible in Figure 6 that all the nodes are linked
with each other, excluding the nodes in the same layer. The input layer, the hidden layer and the
output layer are used for data input, processing, and output, respectively. The downside of this

algorithm is that creating a neural network is time consuming.

3.2.2 LOGISTIC REGRESSION

Logistic regression, by use of a linear combination of independent variables, is a statistical
technique used to predict the possibility of occurrence of an event, i.e. its probability (Jung et al.,
2014). However, it is evident that the algorithm yields low accuracy with high-processing speed,
indicating that classification using only a logistic algorithm cannot guarantee the accuracy of the
results (Jung et al., 2014). For this purpose, logistic algorithms need to be used in conjunction with

other algorithms to validate the results.

3.2.3 JRIP

JRip also known as (RIPPER) is one of the straightforward and most popular algorithms. It
examines classes in increasing size and it generates an initial rule set using incremental reduced

error. JRip proceeds by treating all the samples of a specific ruling in the training data as a class,
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thus discovering a set of rules that conceal all the members of the class. This process is iterated

until all classes have been covered (Rajput et al., 2011).

3.24 J48

J48 is a tree classifier. A tree is moreover a leaf node labeled with a class, or a structure containing
a test, then linked to two or more nodes also known as subtrees (Shepperd and Kadoda, 2001). To
classify some instance, first there is a need to identify its attribute-vector and apply this vector to
the tree. The tests are done on the attributes, reaching one or other leaf, to complete the

classification process, as illustrated in Figure 7.

Apple
orange Banana

Figure 7. Simple example of a tree classifier classification process.

Let us consider this example above and
let n=5

Then n>5 = true

n>10 =true

therefore, the above will be classified as a banana.
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3.3 EVALUATING RECOMMENDER SYSTEMS

Evaluation is an exceptionally significant and monotonous task in data recovery or information
retrieval. There are numerous retrieval models, systems and algorithms in writing so to be able to
select the best among many, and enhance there is a need to assess them. One approach to assess is

to gauge the viability of the algorithms (Zuva, 2012).

There are many ways to evaluate recommender systems and this part is a discussions about ways
in which different recommender systems are assessed and the types of results produced by each
evaluation method. It is evident that the amount of information in the world accessible to human
beings has increased far more quicker than anyone can ever be able to process it, thus requiring
the employment of strategic calculations on how information is filtered to narrow it down and
how it is made accessible to people in a more eloquent way (Sarwar et al., 2001a). Massa and
Avesani (2007) discovered that the most widespread and widely used technique for evaluating
Recommender Systems is based on a technique called leave-one-out. Leave-one-out is an offline
technique that can be run on a historical dataset and encompasses concealing one rating and then
trying to predict it with a specific algorithm

3.3.1 ACCURACY IN RS

There are multiple ways to evaluate the predictive quality of recommender systems. However,
accuracy is one of the most commonly measured metrics. Accuracy is a measure of how effective
the system’s predictions are to real results. A communal way to measure accuracy is by using a

statistical accuracy metric called Mean Accuracy Error (MAE) (Herlocker et al., 2004).
3.3.1.1 MEAN ABSOLUTE ERROR

MAE is measured for items that the user rated and it can be computed using equation 23 (Vozalis
and Margaritis, 2003).

n;
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where . is the number of items the user has rated I is the representation of predictions

generated for the chosen items and ar represents the actual ratings provided by the user for those

chosen items.

It can be said that in RS research, the use of several types of procedures for evaluating the quality
of a recommender system have been adopted and used and can be mainly categorized into two

classes (Ziegler et al., 2005).

Statistical accuracy metrics: these metrics are used to evaluate the accuracy of a system by
comparing the numerical recommendation scores against the actual user ratings. Mean Absolute
Error (MAE) between ratings and predictions is a widely used metric. MAE is a measure of the

deviation of recommendations from their true user-specified values. For each ratings-prediction

P. ~ A/ equally. The MAE

is computed by the first summing these absolute errors of the N corresponding ratings-prediction

pair = P.- 9. = this metric treats the absolute error between them, i.e.,

pairs and then computing the average. Formally MAE is calculated as:

MAE = M 24
N

The lower the MAE, the more accurately the recommendation engine predicts user ratings. Root
Mean Squared Error (RMSE), and correlation are also used as statistical accuracy metric.

Decision support accuracy metrics evaluate how effective a prediction engine is at helping a user
select high-quality items from the set of all items. These metrics assume the prediction process as
a binary operation-either items are predicted (good) or not (bad). With this observation, whether
an item has a prediction score of 1.5 or a five-point scale is irrelevant if the user only chooses to
consider predictions of 4 or higher.

Another way to quantity unbiased accuracy is by computing the R-score which is a measure based
on the assumption that the value of a recommendation declines exponentially with the position of
an item. The score for a user u, choosing and item i at position j is computed as follows (Myrberg,
2016).
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where [ . refers to the rating of a user u for item i. Here, the rating . is 1 if the user selected

the item and O if not. A higher R-score refers to a better ranking of the item. d is a task-dependent
neutral rating and « is a half-life parameter which controls the exponential decline of the rating

value.

All recommender systems, whether they are in the e-commerce world or any other application

have these attributes in common according to Vozalis and Margaritis (2003):

1. They all consume inputs,
2. They all have a goal and,
3. They all produce an output.

There is significantly no best algorithm and every algorithm depends on the purpose and the nature
of the recommender system (Herlocker 2004). Identifying the best algorithm for a given purpose
has proven challenging, in part because researchers disagree on which attributes should be
measured, and which metrics should be used for each attribute (Herlocker, 2004). According to
Moreira et al. (2015) offline evaluation is usually done by recording the items users have interacted
with, hiding some of this user-item interaction and training algorithms on the remaining

information to assess the accuracy.

The accuracy of a recommender system cannot be based on the manipulation, whether it is online
or offline. Whether a recommender system is accurate or not depends on the recommendation
algorithm and it can be argued that the correct selection of the recommendation variables is
essential for every kind of recommender system. The recommendation accuracy can be measured
by how often a user accepts a recommendation; however, the disadvantage is that if data is studied
offline the accuracy cannot be measured against the user’s immediate response but the test set
(Schafer et al. 2007).

It is evident from Beel et al. (2013) that offline evaluations are the most common evaluation

methods for research paper recommender systems. This does not validate the accuracy, nor does
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it standardize offline evaluation of recommender system data. The study of Beel et al. (2013) is
contradictory for the offline and online evaluation. Beel et al. (2013) argued that offline evaluations
are meant to identify the most promising recommendation approaches. These most promising
approaches should then be evaluated in more detail with a user study or an online evaluation to

identify the best approaches.

Although there are several published evaluations of recommender systems, most of them measure
accuracy. Researchers have discovered that accuracy is not the only criteria of interest and in other
cases it may be the least important measure. Below are some of the evaluations that can be

considered besides measuring accuracy.

3.3.2 LEARNING RATE

This is a measure of how fast the CF system can become effective in predicting the taste of users
as new data comes in. Under normal circumstances these are calculated per-user, as a measure of
the number of ratings that a user has to provide prior to getting high quality personalized
predictions (Schein et al., 2001).

3.3.3 COVERAGE

Coverage is the percentage of items/users in which the system can make predictions. It is also
possible to calculate variations such as the percentage of items that have the potential of being
recommended to users, since performance optimizations in recommendations could prevent certain

items from not being recommended (Sarwar et al., 2000).

3.34 USER SATISFACTION METRICS.

The above metrics are only a sample. However, there are many more metrics that can be calculated

provided that the researchers could present a system to users, and measure how users see the
system. This is achievable by surveying the users. Good examples include that by Swearingen and
Sinha (2001).

3.4 EVALUATING UNRANKED RECOMMENDER SYSTEM RETRIEVAL
RESULTS

The most commonly used and important elementary measures for information retrieval

effectiveness are precision and recall. Precision can be defined as the portion of recovered items
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that are relevant to all recovered items or the prospect given that an item is recovered it will be
pertinent and recall can be defined as the fraction of relevant items that are retrieved to relevant
items in the entire database (Manning et al., 2008). The value of recall to users indicates the ability
of the system to find relevant items and precision indicates the ability to output top ranked relevant
items. In the real world, the user of a system is concerned about relevant items retrieved. Thus the
measures of precision and recall focuses on the evaluation of the relevant output of the system.
Low and high values would indicate bad and good performance of the system, respectively. Under
normal circumstances, as the number of retrieved items increases the precision decreases and recall

increases.

There are other measures that are derived from them. F-measure is also a known measure derived
from precision and recall measures. This is a scalar amount that trade off precision against recall
which is the weighted harmonic mean of precision and recall (Zhou and Yao, 2010). More

information on F-measure can be obtained in Powers (2011).
3.4.1.1 EVALUATION OF RANKED RETRIEVAL RESULTS

This section describes techniques for evaluation of ranked information retrieval results that use
precision and/or recall measures. Some of these techniques include Precision-Recall curve (P-R-
curve), R-precision, Mean Average Precision (MAP) and Precision at k. Most current systems
present ranked results and therefore to use the precision and recall measures there is need to pair
them at each given position. Precision at k and R-precision can be used. Precision at k reduced as
P@K is the precision calculated at a cut-off point k. This measure does not take into consideration
recall. It is criticized because relevance items for a query partake a ration of influence on P@k but
are ignored. To improve this issue R-precision measure was introduced. In this measure the
number of relevant items is known and that becomes the cut-off point. The formula is given in

equation 26 below:

n(Re)
R —Precision = Re
n( e) 2. Re,

26
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The Receiver Operating Characteristics (ROC) curve is also useful in information retrieval systems
for performance evaluation. The ROC curve always moves from the bottom left to the top right of
the graph. Performance of a model is represented as a point in ROC curve. A good system produces

results that generate a graph that climbs steeply on the lift side.

Receiver operating characteristic example
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Figure 8. graph illustrating Receiver operating characteristic example

Non-graphical evaluation techniques related to precision and/or recall include MAP which has
gained popularity among the Text Retrieval Conference (TREC) members (Manning et al., 2008).
MAP is one of the various ways of combining precision and recall into a single scalar value
measure which is defined as an average of the average precision value for a set of queries.

MAP = Re L
n(R e)Z ‘
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where n(Re) is the number of relevant items, Re, and Re, take 0 or 1 indicating not relevant or

relevant at position k and i, respectively.

3.5 CHAPTER SUMMARY

In this chapter various clustering methods, including co-clustering and how it applies for rows and
columns have been discussed. An exploration of the hierarchical and partitional algorithms has
been done and it was shown that k-means is the simplest partitional algorithm indicating the reason
for wide use. The clustering algorithms including J48 and JRip (RIPPER) have been discussed.
These classification algorithms perform differently but they are all used for the sole purpose of

classification.

Furthermore, in this chapter a brief discussion of how clustering is different from classification
was provided. Visual illustrations and an example of how a tree classifier works was also provided
in this chapter. Lastly, literature on evaluation methods for recommender systems unranked and
ranked results evaluations were discussed including R-precision. Graphical representations of
ROC in its acceptable state was illustrated. The next chapter the methodology has been discussed
and how this study has used J48 together with k-means in preparation for the recommendation

system.
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CHAPTER 4

4 RESEARCH METHODOLOGY

41 INTRODUCTION

In this section, an introduction of the research methodology and the techniques that are used in
recommender systems is done. Research methodology is a methodical analysis of the procedures
applied to a field of study. It encompasses the notional analysis of the methods and principles
associated with a knowledge body. Archetypally, it can be classified into quantitative or qualitative
techniques (Ishak and Alias, 2005). This study follows a qualitative approach whereby literature
exploration, development of the recommender systems and evaluation was done. The
recommender system in this study can be viewed as a client-server architecture, and therefore the

system was evaluated both on the client-side as well as on the server-side.

Recommender systems can be classified into four distinct categories, that is, content based,
collaborative filtering, knowledge based and hybrid. Hybrid systems employ two or more
recommendation methods. In this study, a hybrid system has been employed which includes
collaborative filtering for usage patterns and subscriber classification as well as content based by
using subscriber usage history. In application, content-based filtering systems can be implemented
in two diverse ways or grouped in two different classes, namely, memory based, and model-based
algorithms as described in chapter 2. For this project, model-based algorithms have been used
because they reduce runtime complexities. Subscriber nearest neighbor algorithms have been used
to generate recommendations. Based on the subscriber usage patterns and cluster assignments the

nearest neighbor has been used to obtain suitable recommendations.

This study follows the steps as illustrated in Figure 9. The data was collected, then converted into
the correct format, after which it was pre-processed. After completion of the above steps the data
was then classified, and prediction took place. The data was then loaded into the recommender
system and the recommendations computed. After recommending to the subscriber the last steps

involve evaluating the system and analyzing the results.
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Figure 9. lllustration of how the methodology flows

42 HYBRID RECOMMENDER SYSTEMS

Hybrid recommender systems employ more than one technique because deficiencies of one
method can overcome with the strength of the other. It is evident from Burke (2002) that the most
commonly used collaborative filtering is combined with some other technique in an attempt to
avoid the ramp-up problem. Some of the hybrid combinations include weighted, switching, mixed,

feature combination, cascade, meta-level etc. Mixed recommender systems represent
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recommendations from different recommenders simultaneously. Feature combination combines
features from different recommendation data sources into a single recommendation algorithm.
Meta-level uses models learnt by another recommender system an input to the next one. In this
study, two separate sets of recommendations were generated and merged them together to develop

a final set of recommendations.

421 COLLABORATIVE FILTERING IN SUBSCRIBER RECOMMENDER SYSTEMS

Mobile subscriber data was collected from the OPCO and used in experiments to predict the future
usage patterns and recommendations. The system performance results were evaluated using
precision and recall. A comparison was done between the recommendation generated and the
usage patterns of the subscribers. Mobile operators have Base Transceiver Stations (BTS) located
at different areas to collect subscriber data. The BTS sends data wirelessly to different systems
and data is collected from the BTS through these systems. Subscribers are grouped through their

usage patterns.
4.2.1.1 MEASURING USER SIMILARITY

The subscribers have been clustered according to how they use certain items, that is, by checking
how they use DATA, VOICE and SMS. In this case a utility matrix that was proposed in Table 10
has been used. The focus is to see how the users are using these categories and compare them with
a user that is using a postpaid item. The system is made a recommender system by using the data
from weka and predicting what the subscriber usage for a certain item would be then recommend

a product based on the predicted usage similarity.

After correctly classifying the subscribers as well as obtaining satisfactory results on all datasets,
the data from weka was then used as the source data to simulate the recommender system. Using
the results from weka J48 classification algorithms, the recommender system was able to

recommend the products to the subscribers based on the classification as well as the usage rating.
4.2.1.2 SUBSCRIBER BASED NEAREST NEIGHBOUR

In subscriber based nearest neighbor collaborative filtering algorithm, the prediction of a possible
contract is based on the usage patterns of the subscriber in comparison to the contract users. There
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must be similarity between the two subscribers for a recommendation to be possible. The crucial
part of subscriber nearest neighbor will be that the subscriber is to identify the nearest neighbor of
the target subscriber. The formula for Pearson correlation coefficient similarity is given in
Equation 28.

¥ (R,-RJR,-R.)

1l

\/<Ru,i— R) J_Z(RM— R.)

1€l

Subscribersim(u,,u) =

28

where Subscribersim(u,,u) is a representation of the similarity between subscriber U andU,,

| = I(u) N 1(y,) means the product is used by both the subscribersand U ,u, , and Ru;

' t
are the usage totals for product i used by subscriber U and U respectively, R and Rut

represents the average usage amounts over a time of users U and U, , respectively.

4.2.1.3 PRODUCT NEAREST NEIGHBOUR

Product based nearest neighbor algorithms works the same as subscriber based nearest neighbor;
however, the difference lies significantly on the product. The recommendation is made purely on
the basis of the product nearest neighbor. The similarity is calculated based on the product that is
common between two different subscribers. The formula for adjusted based cosine which is mostly

used is given in equation 29 below:

> (R~ RJR,;-R.)

productsim(i, , j) = usy., 2

J > (R,-R) J > (R,,-RY
usy .

usy .
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where R, and R, ; epresents the usage amounts of subscriber U on product j . Ru is the mean

th
ofthe L]  subscriber’s usage amount over a certain time and | ; represents all the subscribers

that have used product i andj.

The prediction for product based nearest neighbor algorithm for subscribers is carried out using

equation 30 below.

2 prodsim(i, )* R, ;
Pup = — *
productLbased Z prOdSIm(le)
ieR ¢

Where prodsim(i, j) is the product similarity between product i and product j and Ruhj is the

usage amount of user ut on product j.

If the predicted future usage amount is within the product range, then the product is recommended
to the subscriber.

4.2.2 TIME SERIES

An element of any product and any Subscriber is the time of the day at which the Subscriber
interacts with the mobile device. Different pricing options are applied to prepaid users depending
on the time of the day that a transaction/interaction occurs. A method to evaluate usage based on
time is thus derived. As part of the methodology a measure when most of the transactions are
performed is computed and come up with a time series of events for a postpaid subscriber as well
as for a prepaid subscriber. The time series then becomes a crucial factor of the similarity, in such
a way that similarity can mean that the two or more subscribers have similar usage patterns at
similar times of the day. For example subscriber A and subscriber B can both make more calls

during off peak hours (peak and off-peak hours) are found in Table 5.
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Table 5. lllustration of peak and off-peak times

Period Time Day

Peak period 07h00-20h00 Monday-Friday

Off-Peak period 20h00-07h00 Monday-Friday

Off-Peak period 00h00-24h00 Saturday, Sunday and public
holidays

To obtain a time series, the usage data is divided into different time intervals and for each interval
the usage totals are computed for each stream, be it DATA, VOICE or SMS. An analysis of how

similar the usage patterns are at different time intervals was done.
4.2.2.1 USING TIME INFORMATION IN RECOMMENDER SYSTEMS

Having time stamped usage data brings in the prospect to check and verify at what time of the day
most usage happens and verifies that the prescribed product is suitable with the usage times of the
subscriber. It is evident from Min and Han (2005) that using the ratings of a user on products of a
particular category enables one to compute ratings value on the category; thus in this instance the

usage on a specific category will average the usage on that category as shown in equation 31.

Cat - ru,cat = Z ru,i

k 31
lecat ru i |

where cat _y__ is the categorical usage of a postpaid subscriber to the product category cat . In

order to obtain a time series, the usage data are divided into different time intervals, and for each
interval the category usage averages are computed. As soon as a time series is constructed, many
of the existing methods of time series analysis may be used. Thus this study incorporated the
method proposed in Min and Han (2005) which identifies the moment when content drift occurs

by analyzing how similar are the category usage at different time intervals. For this purpose, a
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Pearson correlation coefficient on category usage of the same subscriber but on different time

intervals is calculated as shown in equation 32.

Y. (cat_r .,—cat_r)(cat_r, .., —cat_r,)

u,catti uti u,catj U tj

AS(U,t;,t)) =

\/ cat(cat_r  -cat_r x\/ cat(cat_r  -cat_r )"

ucatt ~ ugcaty; ug

where AS(u,t;,t;) is the auto similarity of subscribers of ,between time intervals ¢ andt;,

cat _r

u,cat,t

is the category rating of user y on category cat during time interval t. Given a
similarity threshold value tsim, if AS(u,t;,t;) < tsim, it can be stated that subscriber u changed

his/her usage at time intervalt.

Equation 33 has been used to obtain the trend equation using regression analysis.

y =a+hx 33

b can be calculated as follows

o LY ZXZV
nzx _ Z 34

where n is the sample size and ); xy is the sum of xy

a is calculated in equation 35

-2y
n n

35

X
%is the mean of y and ZT

where is the mean of x. Therefore the above equation can be

represented as a =y —bx
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where x is the instance number and y is the usage amount.

4.3 CONTENT BASED FILTERING

Content based filtering approaches recommend products to subscribers based on the content within
the data. For subscribers, the usage content is compared with how the postpaid user content has
been and the recommendation is based on sorely on that content. The postpaid data is similar to
the prepaid data in content; however, for the products there are dissimilarities. A product may have
minutes and data but no airtime (monetary value) and another product may have all three
components. All products are represented by attributes profile, including whether the product has

voice minutes, data-bundles, SMSs etc. The formula for cosine similarity is given in 36.

XY,

sim(x, y) = 36

Zx Zy

where X and y are product vectors containing n elements, and sim(x, y) measures the distance

closeness.

With Euclidean dissimilarity, the distance between the products based on how different or
dissimilar the products are can be obtained. The formula for Euclidean dissimilarity is given in

equation 37.

n
o 2
dissim(x—y) =, [D> (x —y,)* =|x—y], 3
i=1
where X and y are product vectors of » elements and measures the distance apart.

This approach is known to be suitable with different domains, and thus works well in the mobile

subscriber domain as well. These approaches are information retrieval based.

56



44 DATA CLASSIFICATION

Data classification is a form of collaborative filtering. To fulfill the objectives of this study the
algorithms used were able to classify the different datasets. J48 algorithm is used due to its

consistency and has been demonstrated by (Jung et al., 2014).

4.4.1 DATASETS

After data cleaning and pre-processing, there were four different datasets. The original dataset
from the OPCO had many empty columns that were unnecessary, and it also included keys which
had to be changed into meaningful information and descriptions. The mobile subscriber data comes
in different forms streams, although it is usually combined by OPCOs. For revenue reporting, the
data still needs to be analyzed in isolation before combining them. This is necessary because
although the streams are all revenue generating, they are different in terms of usage. The datasets

are described in Table 6.
4411 VOICE DATASET

The voice dataset contained the following parameters/attributes: subscriber, minutes, average
minutes/day, group, deviation to average, usage group, usage Rating. Table 6 has details about all

the attributes of the voice dataset.
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Table 6. Voice dataset, parameter explanations.

Parameter Description

Subscriber A subscriber as defined on the system
Minutes The number of minutes

average Average minutes per day

minutes/day

group The group number in which the subscriber is categorized from the source
data

deviation to average | The difference between the group average and the subscriber minutes

usage group The usage classification for the subscriber

Usage Rating The rating on a scale of 1-5 as per the usage matrix defined.

Figure 10 shows a sample of the data that was used as part of the training set after some of the

attributes were removed using the weka remove function.
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frelation "Voice dataszet-weka.filters.unsupervized.attribute.Remove-RS5"

@attribute
@attribute
@attribute
Eattribute
@attribute
@attribute
fattribute

@data

subscriber numeric

minutes numeric

'average minutes/day’

group numeric

'deviation to average' numeric

'usage group' {'High Usage', "Moderate Usage', "Low Usage'}
'Usage Rating' numeric {1,2,3,5,5}

224660000000, 600, 42:51:26,1,179.4999, 'High Usage',5
224660000400, 600,42:51:26,1,179.5, 'High Usage',5
224660001500, 429,30:38:34,1,8.5, "High Usage', 4
224660002300, 365,26:04:17,1,55.5, "High Usage"', 4
224660004000, 288,20:34:17,1,132.5, '"High Usage’',2
224660004200, 288,20:34:17,1,132.5, 'High Usage',2
224660004%00,199,14:12:51,2,8.8, 'Moderate Usage',1
224660005300,199,14:12:51,2,8.8, 'Moderate Usage',1
224660005800,199,14:12:51,2,8.8, 'Moderate Usage',1
224660008300,199,14:12:51,2,8.8, 'Moderate Usage',1
224660008400,199,14:12:51,2,8.8, "Moderate Usage',1
224660008800,189,13:30:00,2,18.8, "Moderate Usage',1
224660010900,187,13:21:26,2,20.8, "Moderate Usage',1
224660011100,185,13:12:51,2,22.8, "Moderate Usage',1
224660011400,180,12:51:26,2,27.8, "Low Usage',1
224660012000,120,8:34:17,3,38.4, "Low Usage',1
224660012200,120,8:34:17,3,38.4, 'Low Usage',1
224660012500,120,8:34:17,3,38.4, "Low Usage',1
224660012700,120,8:34:17,3,38.4, "Low Usage',1
224660016700,120,8:34:17,3,38.4, 'Low Usage',1
224660018500,120,8:34:17,3,38.4, "Low Usage',1

Figure 10. Part of the voice subscriber dataset used as training data for the J48 algorithm.

4412 SMS DATASET

The SMS dataset contained the following parameters/attributes: subscriber, NO_SMS, average

SMS per day, group, deviation to average, Group AVG, usage group, Usage Rating. Table 7 shows

the details about all the attributes.
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Table 7. Parameter explanations on SMS dataset

Parameter Description
Subscriber A subscriber as defined on the system
NO_SMS Total number of SMSs

average SMS per day

Average number of SMSs per day

Group

The group number in which the subscriber is

categorized from the source data

deviation to average

The difference between the group average and

the subscriber minutes

usage group

The usage classification for the subscriber

Usage Rating

The rating on a scale of 1-5 as per the usage

matrix defined.

Group average

The average number of SMSs sent from the

specific group
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@relation "gms data=zet’

[@attribute Subscriber numerici

@attribute NO_SMS numeric

Battribute 'average SMS per day' numeric

Gattribute group numeric

@attribute 'deviation to average' numeric

@attribute 'Group AVGE' numeric

@attribute "u=age group' {'High Usage', "Low Usage', 'Moderate Usage'}
@attribute 'Us=zage Rating' numeric

Rdata

224660000000,540,35,1,131,405, "High Usage',5
224660000400,500,36,1,51,40%, "High Usage"',
224660001500, 420,30,1,11,40%, "High Usage"',
2246600023200,388,28,1,21,405, "High Usage"',
224660004000,360,26,1,49,405, "High Usage"',
224660004200,300,21,2,280,20, "High Usage',S
2246600045%00,2959,21,2,275,20, "High U=sage',5
224660005300,2595,21,2,275,20, "High U=zage',5
224660005800,252,21,2,272,20, "High U=sage',5
2246600083200,250,21,2,270,20, "High Usage',5
224660008400,238,17,2,218,20, "High Usage'
224660008800,175%,132,2,155%, 20, "Low U=sage"',
224660010%00,160,11,2,140, 20, "Low U=sage"',
224660011100,155%,11,2,139, 20, "Low Usage’',
224660011400,152,11,2,132,20, "Low Usage”',
224660012000,140,10,2,120, 20, "Low Usage',
224660012200,140,10,2,120, 20, "Low U=sage’',
224660012500,140,10,2,120, 20, "Low U=sage"',
224660012700,140,10,2,120, 20, "Low U=sage',
224660016700,140,10,2,120,20, "Low U=sage',
224660018500,140,10,2,120, 20, "Low U=sage',Z

Figure 11. Part of the SMS subscriber dataset used as training data for the J48 algorithm.

tnownononos

N

| e T e T e T e Y e Y TS O S Y N |

4413 DATADATASET

The DATA/GPRS dataset contained the following parameters/attributes: subscriber, MB, GB,
AVG_MB/D, Group, deviation to average, Usage Rating, Group AVG. Table 8 has details about

all the attributes.
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Table 8. Parameter explanations on data dataset

Parameter Description

Subscriber A subscriber as defined on the system

MB The number of megabytes

GB The number of Gigabytes

AVG_MB/D The average number of megabytes used by the
subscriber.

Group The group number in which the subscriber is

categorized from the source data

deviation to average

The difference between the group average and

the subscriber minutes

Usage Rating

The rating on a scale of 1-5 as per the usage

matrix defined.

Group AVG

The average number of MB used by an

individual subscriber on that group
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In figure 12. Part of the DATA stream dataset that was used for after using the weka remove

function can be found.

frelation "'data dataset-wegka.filters.unsupervised.attribute.Remove-R5-10"

fattribute subscriker numeric

fattribute ME numeric
Rattribute GB numeric

@attribute AVG ME/D numeric

fattribute Group numeric

fattribute 'deviation to average' numeric

fattribute "Group AVGE' numeric

fattribute "usage group'
fattribute 'Uszage Rating'

@data

P2466D865234,2D4Eﬂ,20,1462.857143,l,7293.?G6162,7313.706162,
224661258458,20480,20,1462.857143,1,7253.706162,7313.706162,
224660001502,20480,20,1462.857143,1,7253.706162,7313.706162,
224660002305,20480,20,1462.857143,1,72%3.706162,7313.706162,
224660004552,20480,20,1462.857143,1,725%3.706162,7313.706162,
224668004223,20480,20,1462.857143,1,7253.T706162,7312.706162,
224668004945,20480,20,1462.837143,1,72%3.706162,7313.706162,
224668005312,15360,15,1097.142857,1,72%8.706162,7313.706162,
224668005885,15360,15,1097.142857,1,72%8.706162,7313.706162,
224668008314,15360,15,1097.142857,1,72%8.706162,7313.706162,
224668008485,15360,15,1097.142857,1,72%8.706162,7313.706162,
224668008823,15360,15,1097.142857,1,72%8.706162,7313.706162,
224668010%45,15360,15,1057.142857,1,725%8.706162,7313.706162,
224668011112,15360,15,1097.142857,1,72%8.706162,7313.706162,
224668011411,15360,15,1097.142857,1,7258.706162,7313.706162,
224668012852,13312,13,550.857143,1,7300.706162,7313.706162,
224668122025,13312,13,550.857143,1,7300.706162,7313.706162,
224668212517,13312,132,550.857143,1,7300.706162,7313.706162,
224668012723,13312,132,550.857143,1,7300.706162,7313.706162,

{'"High Usage', "Moderate Usage', 'Low Usage'}

numeric {'1,2,3,4,5}

'"High
"High
"High
"High

224668016778,13312,13,550.857143,1,7300.706162,7313.706162, "High

IEiﬁgure 12. Part of the DATA subscriber dataset used as training data for the J48 aléoﬁthm. '

'High Usage',5S
'"High Usage',5
'High Usage',5
'High Usage', 3
'"High Usage',5S
'High Usage',5S
'High Usage',5
'High Usage', 3
'High Usage',3
'"High Usage',3
'High Usage',3
'"High Usage',3
'High Usage', 3
'"High Usage',3
'"High Usage',3

Usage", 3
U=zage',3
Uzage ', 3
Uzage',3
Usage',3

In table 9. A sample of the products that are loaded in the database is found. These products can

be recommended to a subscriber.
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Table 9. Part of the 100 products to be recommended to subscribers

Contract No Price Minutes SMS5s DATA

1 R250 230 500 500
2 R350 800 limitless 2048
3 R1E9 a0 25 2048
4 R150 120 300 300
5 R160 a0 25 2048
6 R190 100 A00 1024
f/R229 100 200 2045
8 R179 a0 0 2048
9 R200 100 200 2048
10 R250 200 limitless 2048
11 R120 a0 0 1024
12 R130 100 0 1024
13 RA00 limitless limitless 1024
14 R379 a00 0 1024
15 R120 0 150 200
16 R250 J00 100 1024
17 R229 300 200 500
18 R145 a0 300 500

Table 9 shows part of the products that are on the database, these are some of the products that
can be recommended to the mobile subscriber.
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=2

eifion; Combined Dataset

“Subscriber MB | GB |AVGMBD|Dataqroup | DataRating | Monthly usage | Montly GB | minutes | average minutes/dy | graup | deviation to average | CLUSTER_AVG | Vaice group | Vaice Rating | NO_SME | average SMS per day | SMS qroup | SHSRe
Numeric | Numeric| Numeric | Numeric | Nominal | Numerc | Numeric | Mumeric | Numerc Nominal Nueric Humeric Nomeric | Mominal | Numerc | Numerc Numeric Nominal | Numet
1| D2EEL| 04600 20.0|1462857... Hih 50| 43385.71425| 4285714, 600.0/4251:2 10 178,499 420,5High S| D 3.0Hgh A
0| L2466EL] 048000 20.0|1462.857... Hion 50| 43385.71425| 4285714, 600.0/4251:2 10 113 420,5High S0 S0 %.0High

3| L2EELL 2048000 20.0(1462857... Hih 50| 4338571428 4289714, 4.0030:38:34 10 8.3 40,5k 40 400 3.0Hich

4| L2EEND 204800 20.0(1462857... Hoh 50| 4338571429 4285714, 3650280417 10 5.5 420.5kgh 40 380 18.0Hich

5| L2461 048000 M.0|1462.857... Hioh 50| 4338571419 4285714, 283.0[0:34:17 10 1325 4205k 200 X0 16.0Hich

b | J2466EL] 048000 20.0/1462.857... Hion 50| 433857148 4285714, W00AN7 10 1323 420,5High 200 300 .0High

7| L2466EL] 048000 20.0/1462.857... Hion 50| 4338571428 4285714, 199.014:12:51 0 88 1078 Maderate L 280 .0High

B | 22466EL] 1556000 15.0/1097.142... Hion 30| IBI4BET 321485, 1990141251 0 88 207‘8|Moderate L B0 .0High

0| L2EELD 153600 15.0(1097. 142 Hh 30| 3W4B571 321485 198.0(1412:51 20 88 2078 Moderate 10 10 21.0Hich

10| 22406E01] 1538000 15.0]1097.142... High 30| 39428571 31485 190.0(14:12:51 20 38 2078 Moderate 10 200 L.0Hich

11| L2466EN] 1536000 15.0]1097.142... Hioh 30| 3914.28571) 3214285, 199.0(14:12:51 20 38 1078 Moderate 10 1380 17.0High

12| D24EEN| 153000 15,0107, 14, Hih 30| IBI4B5T1 3214285, 189.0[13:30:00 0 138 1078 Maderate L 1R 13.00ow

13| L2EELN| 153000 15,0107, 14, Hih 30 BB 321485, WTO[2L3 0 03 207‘8|Moderate L1800 11.0Low

14| D24EL| 15300 15,0107, 140, Hih 30| IBI4B5T 321485, 180131251 0 03 207‘8|Moderate L 150 11.0Low

15 | 22486E01] 1536000 15.0]1097.142...High 30| 3/4.H571 321485 1800125128 20 03 2078w 10 1520 11.0Low

16 | 22466601 1331200 13.0/950.857L.. High 30| BB 78574 100EKT 3 B4 B16]Low 10 40 10.0Low

17| L246EN] 1331200 13.0/950.857L. Hioh 30| BSST48( 2785744, 100817 Kl B4 B1L6|Low 10 40 10.00ow

15| L246ELN[ 13120 13.0930.8571. Hieh 30| BIL7AB 78714, 10081 3l B4 BL6Low L 40 10.0Low

19| L246ENN[ 13120 13.0930.8571. Hih 30| BIL7AB 78714, 10081 3l B4 BL6Low L 40 10.0Low

0| 22466EN) 131200 13.0950.857L. Hoh 30| BIL7AB 78714, 10081 3l B4 BL6Low L 40 10.0Low

11| L2GEELY 1331200 1309508971, Hih 30| BT8R4, 00RRYT 30 B4 BL6|Low 0 40 10.00ow

1| L2GEN) 11200 130350897, Hih 30| BB 78574 100EKT 3 B4 B16]Low 10 40 10.0Low

13| L26EN) 131200 130350857 Hih 30| BOLT4B| 2785744, 10087 kL] B4 B16]Low 10 920 T0Low

4 | L2466EN) 11200 13.0950.857L. Hioh 30| BIL7AB 78714, 10081 3l B4 BL6Low L 8 £.0Low

05 | L2466EN 131200 13.0950.857L.. Hion 30| BIL7AB 78714, 10081 3l B4 BL6Low L 8D £.0Low

% | L2466EN 131200 13.0950.857L. Hoh 30| BIL7AB 78714, 10081 3l B4 BL6Low L 7D 5.0/Low

17 | L2GEELL) 1331200 130950897, Hih 30| BT8R4, 00RRYT 30 B4 BL6|Low 10 680 5.0Low

08| L24GEN 11200 130950897 Hih 30| BB 78574 100EKT 3 B4 B16]Low 10 67l 5.0Low

19| L246EN) 131200 130350857, Hih 30| BOLT4B| 2785744, 10087 kL] B4 B16]Low 10 el 5.0Low

3| L2466EN) 11200 13009508571 Hoh 30| BL.7I48 78714, 108K 30 B4 BL6Low L D 5.0lLow ¥
{ }

Figure 13. The full dataset after pre-processing

Figure 13 shows the full dataset after it has been combined and pre-processed. The full dataset has

all the attributes and streams.

Figure 14 shows the predicted contracts for subscribers using binary whereby true and false means
that the contract has been correctly and not correctly predicted, respectively.
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7.03,107.028353, 7822355541, High *,5, 234850, 7062, 228 46471, 199, 14:12:31, 2, 8.2, 207.2, "Mrderate ',1,6,0, 'Low ', 1, "' High, Noderate, Low'™, "', 1,1', 'Contract 22", 'Cantract 22, True
(6,201.172463, 1548614434, "Righ ', 5, 4645043302, 45. 369563, 30, 2:08:54,3, 50 €, 81.€, "Low ',1,30,2, 'Low ', 1," High, Low, Low'", "5, 1, 1", 'Contract 22, Contract 22',True

3.78, 80706812, 3503, 126837, 'High ', 5, L77053.8081, 172543169, 120, 8:34:17,3,36.4, 816, 'Law ', 1,81, €, 'Low ', 2, "'High, Low, Law'", "5, 1,2'", 'Contract 25', " Contract 28", True
£0.43,197.658¢75, 13725 83L 64, "High ', 5, 410776.7483, 402. 125782, 75, 5:20:26, 3, 6.6, 8.6, "Law ', 1,3,3, 'Lew ', 1, " Biah, Low, Low'™, "5, 1, 1" Contract 22!, 'Contract 22', True

88, £3.178667, 4£21. 14136, "Bigh ', 5, 1386342409, 135. 385001, 120, 2:34:17, 3, 38,4, 8L, 'Low ', 1,196, 14, "Moderate *,3,""High, Lo, Hoderate'™ ™'5,1,3'", "Contract 24", 'Contract 24", True
5.34, 15245353, 1115.36168, "High ', 3, 33461.4504, 32. 67718, 75, 5:21:26, 3, €.€,61.€, 'Low *,1,531,§, 'Law ', 2, "'High, Low, Law'","'3,1,2'", 'Contracs 10°,'Contract 10", True

£.64, 60104142, 435¢. 160634, 'High ', 5, 131685, 660¢, 125794851, 120, 8:34:17,3,36.4, 816, "Law ', 1,50, €, 'Low ', 2, "'High, Low, Law'", "5, 1,2'", 'Contract 25", Contract 28", True
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Figure 14. Combined dataset used for predicting the contracts based for subscribers
45 DATA CLEANING AND PREPARATION

All the four datasets were cleaned but still maintaining the data integrity before experimenting
with them. After establishing which parameters to use for the algorithm, the data was then pruned.
Each dataset contained over four thousand (4000) records. The reason for the separation of the
datasets before evaluating the full data set is to ensure that each dataset is fully analysed and
classified before it is combined into a single set. Also, in the mobile subscriber space the streams

are always separated and only combined for reporting purposes.
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The pre-processing stages consisted of four main steps:
I.  Opening the csv file
Il.  Removing attributes that are not necessary for the experiment
I1l.  Converting the file to .arff
IV.  Manually choosing the usage group attribute as a class attribute.
These pre-processing steps were crucial to ensure that the appropriate data were used in

experiments.

After pre-processing all the datasets namely, VOICE, SMS, DATA and the full or combined
dataset, it was ensured that 30% of the entries were blank so that predictions can be formed. For
the VOICE, SMS and DATA dataset, the algorithm was used to predict the usage class. There are

only three (3) usage classes which are mainly ("High Usage’, 'Low Usage', 'Moderate Usage").

It is imperative to note that every stream has been individually evaluated and the performance of
the algorithms differ for every stream.

Table 10. Proposed utility matrix showing five (5) point scale

DATA VOICE
1MB-20.95MB 1-15:59
21IMB-30.95MB  [16:00-20:35

21IMB-100.99MB |21-25:59
101IMB-459.99MB | 26-30:33Min
S00MB+ 31:00+Min

Table 10 illustrates a proposed utility matrix that has been used together with the usage
classification. For example, a subscriber might be classified as high usage for data but have a rating
scale of four (4) and another similar subscriber might also be high usage for DATA, but the rating

scale can be five (5). The utility matrix is used in conjunction with the usage classification.
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Table 11. Example of subscriber data represented using the utility matrix in table 10

Subscriber |Voice |[Data |sms
Subscriber 1 1 4 -
Subscriber 2 5
Subscriber 3
Subscriber 4
Subscriber 5
Subscriber 6
Subscriber 7
Subscriber 8
Subscriber 9
Subscriber 10
Subscriber 11
Subscriber 12
Subscriber 13
Subscriber 14
Subscriber 15
Subscriber 16
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As shown in Table 11 a utility matrix has been employed to make the system function like a
recommender system and use the matrix of 1-5 to recommend products that are within the usage

range.

The recommender system in this study there were two classes of entries which are referred to as
subscribers and products. Subscribers have a usage history for a certain product and the usage
history is then represented as a number rating ranging from one to five (1-5) with five (5) being
the highest and one (1) being the lowest and (-) representing that the subscriber has not made use

of the product for the time range in question.

Usage ratings could be ignored and only focus on the usage classification (High Usage, Moderate
Usage, Low Usage). However, to increase the accuracy of the recommendation engine the matrix
was employed. Looking at Table 11 subscribers 4 and 5 both used VOICE, SMS and DATA but
their usage levels are not comparable. Similarly, subscriber 8 and 9 both had a high usage for
VOICE and SMS but both used little to or data.
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45.1 COMBINATIONS AND PERMUTATIONS

The usage categories, namely, high usage, moderate usage and low usage can be represented as a
combination of three strings (H, M, L). Permutations and combinations are part of a branch of
mathematics called combinatorics, which involves studying finite, discrete structures. (Nelson,
2013). Permutations are specific selections of elements within a set where the order in which the
elements are arranged is important, while combinations involve the selection of elements without
regard for order. A typical combination lock, for example, should technically be called a
permutation lock by mathematical standards since the order of the numbers entered is important;
1-2-9 is not the same as 2-9-1, whereas for a combination any order of those three numbers would

suffice.

The generalized equation for a permutation can be written as:

n!
Pr=——
e (n—r)! &

where n is the number of items you are choosing from and r is the number of items.
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Permutations with repetition for the string H,M,L that represents usage of a subscriber

H M L
(H H H] [m  H H | I H H ]
W) (MW il
o B
M H )

[z
2
=)
BEE
2
=

L
EL
[t
C wm W
I
[L
L
(L

[H L L] [(m L L ]

Figure 15. String permutation for usage.

To arrive at the permutations in Figure 15, a permutations generator with repetition has been used,
which can be found on Dcode (2017). This is an essential part of this study because a subscriber
can be categorized according to the above permutations. Two or more subscribers can be
categorized in a similar way but still use different contracts. This is one of the reasons why the
utility matrix in Table 10 was used together with the above permutations as illustrated in Figure
15.

Due to the nature of this study both classification and clustering have been proposed and therefore
one algorithm was used for clustering and another used for classification. Classification was
applied for individual streams and only after that was clustering incorporated for the full dataset.

The algorithms used are explained below.
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45.2 THE PROPOSED J48 DECISION TREE ALGORITHM FOR CLASSIFICATION

Classification is a way of building a model of classes from an arrangement of records that contain
class labels. A decision Tree Algorithm is used to discover the way the characteristics vector acts
for several instances. Likewise, on the bases of training instances the classes for the produced
occurrences are found (Korting, 2006). This algorithm generates the rules for the prediction of the
target variable (the target variable is selected by the user). With the assistance of the tree
characterization algorithm the basic circulation of the data is effectively justifiable (Korting,
2006).

J48 is an extension of ID3. The additional features of J48 are accounting for missing values,
decision trees pruning, continuous attribute value ranges, derivation of rules, etc. J48 can be used
as an open source Java implementation of the C4.5 algorithm. There are several options associated
with tree pruning for this algorithm. In case of potential over fitting pruning can be used as a tool
for précising. In different algorithms the classification is performed recursively till each and every
leaf is unadulterated so that characterization of the information ought to be as impeccable as could
be allowed. This algorithm produces the tenets from which specific identity of that information is
created. The goal of the J48 algorithm is to continuously speculate on a decision tree until the point

when it élites harmony of adaptability and exactness (Kaur and Chhabra, 2014).

Basic Steps in the Algorithm:
e In case the instances belong to the same class the tree represents a leaf and so the leaf is
returned by labeling with the same class.
e The potential information is calculated for every attribute given by a test on the attribute.
Then the gain in information is calculated and this would result from a test on the

attribute.
e Then the best attribute is found on the basis of the present selection criterion and that

attribute selected for branching (Korting, 2006).
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45.3 THE PROPOSED DATA CLUSTERING USING K-MEANS ALGORITHM

The objective of data clustering, otherwise called cluster analysis, is to find the common
grouping(s) of an arrangement of examples, focuses, or questions. Sharma et al. (2012)
characterized cluster analysis as "a measurable arrangement procedure for finding whether the
people (thus referred to as subscribers) of a populace fall into various gatherings by making

quantitative examinations of different attributes."

The most well-known hierarchical algorithms are single-link and complete-link; the most popular
and the simplest partitional algorithm is k-means (Jung et al., 2014). Since partitional calculations
are favored in design acknowledgment because of the idea of accessible information, the scope
here is centered on these calculations. k-means has a rich and varied history as it was autonomously
found in numerous research papers and commercial projects. Even though k-means was first
proposed more than 50 years back, it is still a standout amongst the most broadly utilized
calculations for grouping. Simplicity of execution, effortlessness, proficiency, and observational
achievement are the primary explanations behind its fame.

In data mining, k-means clustering (Gao and Shrinkage, 2009) is a method of cluster analysis
which aims to partition n observations into k clusters in which each observation belongs to the
cluster with the nearest mean. This results into a partitioning of the data space into Verona cells.
k-means is one of the most straightforward unsupervised learning algorithms that makes provision
for the notable grouping issue (Sharma et al., 2012). The procedure follows a straightforward and
simple approach to arrange a given informational collection through a specific number of clusters
(assume k clusters) fixed a priori. The fundamental thought is to characterize k centroids, one for
each group. These centroids ought to be put cleverly since of various area causes diverse outcome.
In this way, the better decision is to put them however much as could reasonably be expected far
from each other. The subsequent stage is to take each direct having a place toward a given
informational collection and partner it to the closest centroid.

At the point when no point is pending, the initial step is finished, and an early gathering age is
finished. Now k new centroids must be recalculated as ban focuses of the groups coming about
because of the past step. After getting these new k centroids, another coupling must be done

72



between similar informational collection focuses and the closest new centroid. A loop has been
generated. As a result of the loop it can be seen that the k centroids change their position until they

are well-ordered, and no more changes are done. As such, centroids do not move any more.

The algorithm is composed of the following steps:

1. Place K points into the space represented by the objects that are being clustered. These points
represent initial group centroids.

2. Assign each object to the group that has the closest centroid.

3. When all objects have been assigned, recalculate the positions of the K centroids.

4. Repeat Steps 2 and 3 until the centroids no longer move. This produces a separation of the

objects into groups from which the metric to be minimized can be calculated.

The system is a hybrid system therefore each recommendation process follows these simple steps
below
I.  Usage content characteristics are computed.
Il.  Atime series is constructed.
1. Similarity with other subscribers is computed.
IV. Prediction computation.

V. Recommendation.
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Figure 16. K-means algorithm in Weka showing the use of Euclidean distance function and

number of clusters

The simple k-means algorithm supports four distance functions, this study used the Euclidean

Distance function in this study as it can be seen in Figure 16.

The Euclidean Distance formula can be represented as follows

dist = Z(Pk -q,)°
k=1

39

where n is the number of dimensions (attributes) pk andqk are, respectively, the kth attributes

(components) of records pandq.
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4.6 CLIENT-SIDE EVALUATION OF THE RECOMMENDER SYSTEM

There are several evaluation methods that can be applied and used in recommender systems. These
methods differ depending on the goal that the researcher wishes to achieve. The evaluation of this
study is two-fold: the first part of the evaluation is offline, on the server side and the other part is
done online and on the client side. It is imperative to note that the recommender system in this
study can be seen as a client server architecture whereby the client side is the subscriber mobile
device and the server side is equipped with the database and recommendation system. used a
graphical evaluation precision and recall in evaluating the system from the client side has been

used.

To effectively evaluate the system precision and recall were calculated as measures of
effectiveness. In this research, precision is defined as the total number of all relevant products

divided by the total number of all retrieved products. Precision and recall is represented as follows.

Precision = ——— .0
A+C

Recall = A "
A+ B

where A is the number of relevant items recommended, C is the number of relevant items in the

database and B is the number of all irrelevant items recommended.

To the user the scalar value of recall indicates the ability of the system to find relevant items as
per query from the collection of different products. Precision demonstrates the capacity to yield
pertinent products according to the query. When all is completed, the subscriber is keen on the
pertinent prescribed products. Thus, the measures of precision and recall become measures of
interest to the subscribers. The lower the value the more undesirable is the performance of the
system. The Precision-Recall graph gives a visual performance of the recommender system and
the graph is given in the next chapter. These performance measures were used to measure the

recommender system.
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Figure 17. Pictorial representation of precision and recall.

Figure 17 shows the precision and recall in a pictorial manner. The orange components within the
circle show a predictive value while the ones labelled recall show the fraction of relevant instances

that have been retrieved.

4.7 CHAPTER SUMMARY

In this chapter the researcher has illustrated and explained the dataset because the mobile
subscriber dataset is different from other datasets that are available from databases. This chapter
has outlined how the classification together with clustering algorithms played a role in preparation
for the recommendation system. An illustration of how the hybrid works using content as well as
collaborative filtering approaches and the incorporation of a time series was also done. This
chapter also summarised the steps of how to get to the recommendation in five (5) simple steps. A
utility matrix was introduced, and its’ relevance explained in conjunction with the combinations.
The use of a Euclidean distance function was illustrated in this chapter and lastly an illustration of
how precision and recall are calculated has been illustrated. The next chapter discusses

experiments and results.
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CHAPTER 5

5 EXPERIMENTS, RESULTS AND INTERPRETATION

This chapter describes and explains the experiments and all the work done in evaluating the
recommender system including all the steps taken and how the evaluation was done on the system.
The dataset for the mobile subscriber was also analyzed and the results are provided below. The
results are separated into two: client-side results and server-side results. The purpose of these

experiments are to:

e Measure effectiveness of the system
e Group similar subscribers

e Simulate the recommender system

Weka makes available an atmosphere for comparing learning algorithms, graphical user interface,
comprehensive set of data pre-processing tools, learning algorithms and evaluation methods.
Furthermore, Weka makes available the enactment of Regression, Clustering, Classification,
Association rules and feature selection. As part of the experiment the classification algorithm J48
which is an open source Java implementation of the C4.5 algorithm in Weka was used. The Weka
algorithms can be directly applied to a dataset or called from a Java code (Hall et al., 2009). Weka
also provides numerous means for loading data such as (ARFF) or (CSV) files. This is done before
the data is loaded in the recommender system, as illustrated in chapter four (Figure 9). The data

from weka then serves as the source to the recommender system.

SERVER-SIDE RESULTS
5.1 RESULTS FOR CORRECTLY CLASSIFYING THE SUBSCRIBER INSTANCES.

From the results in Table 12 it is evident that J48 has correctly classified all the voice subscribers
with a 0% incorrectly classified instances. This high accuracy may be due the multiple subscribers
with similar voice usage. However, during training of the algorithm the parameters were adjusted
to ensure that the algorithm performs at an optimum level. DATA stream test set was also classified
with 100% correctly classified instances with 0% incorrectly classified. SMS test set has a 99.98%

correctly classified. Overall this high accuracy of the classifier was needed so that the
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combinations can be applied properly and the recommendation accuracy to improve. The

respective classifier trees are found in Figure 18, Figure 19 and Figure 20, respectively.

Table 12. Results for correctly classifying subscriber instances.

Dataset Correctly classified Incorrectly classified instances
instances (percentage)

VOICE 100% 0%

DATA 100% 0%

SMS 99.9853% 0.0147%

J48 Tree classifier has given us the following tree for classifiying minutes.

78



Tree View

==120 =120

.,-'-"'"_FF'H

== 1894 =149

,_#"'ﬁ K'\-__

Figure 18. J48 Tree classifier for voice model

Figure 18 is shows that a subscriber with a usage of less that 120 minutes is classified as medium
to low, and a subscriber that has a usage that is greater than 120 minutes but less than 200 minutes

is classified as moderate usage and that with 200 minutes or more is classified as high usage.

Tree View

== 196 =196
- -—.:
== 210 =210
== 190 =190

Figure 19. Tree visualizer for J48 algorithm on SMS dataset
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Figure 19 shows how the J48 algorithm has learned the data and how datasets have been classified.
From all the attributes, the J48 algorithm has used the No SMS attribute as well as the deviation
average to classify the subscribers. The number of SMSs does determine the usage group, but it is
uses the deviation to average attribute as well to see how far the usage is from the group average

so that as new data comes through, it can adjust group averages and subscriber classification as

well.

| £ Weka Classifier Tree Visualizer: 17:20:27 - trees.J48from file 'J48.model’

Tree View
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Figure 20. Tree visualizer for J48 algorithm on DATA dataset

Figure 20 shows how the J48 algorithm classified the data from the dataset provided. From all the
attributes, the J48 algorithm has used the MB attribute to classify the subscribers because that is

the attribute that determines which category a subscriber falls into.

After obtaining satisfactory results on all three datasets as shown in Table 12, a test was also done

on the data on three other different algorithms and the results were captured as follows.
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Figure 21. Results for correctly classifying the voice instances

To make the recommendations the datasets needed to be classified. It is of outmost importance
that the subscribers are correctly classified therefore the above algorithms were tested on all
datasets after they have been clustered on k-means and EM and subscribers classified according to
their usage groups. Figure 21 shows the results for correctly classifying the voice subscribers. It is

visible on figure 21 that k-means together with J48 outperformed all other algorithms.
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Figure 22. Results for correctly classified DATA instances

By correctly classifying the instances for the DATA dataset, the results in Figure 22 show that the
J48 on k-means clustered dataset outperformed the other algorithms by yielding 100%.
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Figure 23. Results for correctly classified SMS instances

By correctly classifying the instances for the SMS dataset, figure 23 show that the J48 on k-means
clustered dataset outperformed the other algorithms.

COMPARISON OF ALGORITHM RUN TIME

Table 13. Comparison of EM and K-means clustering run time

Number of clusters Algorithm run time

EM K-means
1 0.15 seconds 0.2 seconds
2 0.29 seconds 0.3 seconds
3 0.36 seconds 0.3 seconds
4 0.34 seconds 0.2 seconds
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Table 13 shows details of how the two algorithms performed in terms of the runtime on the full
dataset. In our dataset, EM runtime was relatively faster than k-means when the number of clusters
was between one (1) and two (2). However, when the number of clusters were between three (3)
and four (4) k-means ran faster than EM. With an increase in number of subscribers the number of
clusters can be increased and based on the results in Table 13. EM clustering would impact

performance of the system with an increase in number of clusters.

5.2 RESULTS CLUSTERING USING K-MEANS

Figure 24 shows the results that were obtained using k-means clustering algorithm in weka. The
number of clusters have been set to four so that the interpretation of the results can be clearer, and
the dataset can be fully represented. The experiments started with two clusters that were congested,
then gradually increased the number of clusters till a point of purity i.e. cluster four (4) was
reached. Cluster 0 contains 48% (1621) of subscribers), cluster 1 contains 42 % (14233) of
subscribers, cluster 2 contains 8% (272) of subscribers) and lastly cluster 3 contains 2% (74) of
the population. This study used up to four clusters and the results on the Figure 24 can be

interpreted as follows.
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Figure 24 simple k-means clustering algorithm results

Sixty six percent (66%) of the subscribers has been used for this experiment and the number of
iterations has been set to two. The algorithm is set to replace the missing values with mean or mode

even though there were no missing values.

5.21 FULL DATASET

The full data set contained six thousand five-hundred and ninety-nine (6599) subscribers and these

subscribers used similar data with some using different products.
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5.2.2 CLUSTERO

In this cluster there were three thousand, one hundred and nine (3109) subscribers; these
subscribers are similar in terms of usage patterns not usage amounts. In cluster 0, one hundred

percent (100%) of subscribers used voice and SMS but only eighty nine percent (89%) used GPRS.

5.23 CLUSTER1

Cluster 1 contained two thousand, seven hundred and fifty-nine (2759) subscribers. In this cluster
99% of them used voice and GPRS while 0% used SMS.

Cluster 2

This cluster had six hundred and four (604) subscribers. While 0% of the subscribers used voice
100%) of them use SMS and GPRS. The conclusion is that no subscriber used voice while there
was high usage of SMS and GPRS.

524 CLUSTERS3

In this cluster there were one hundred and twenty-seven (127) subscribers with the following usage
patterns: 0% uses voice, 100% used SMS and none (0%) used GPRS. This is a pure SMS cluster.

5.3 THE SUBSCRIBER DATA

After analyzing the dataset provided by the OPCO, the following results were obtained. Table 13
illustrates the different combinations that were found on the subscriber data. From Table 13, it can
be concluded that 93% of all the subscribers used DATA and only 7% of the subscribers did not
use any data for the term. A further 89% used VOICE while 11% of the dataset did not use
VOICE. While 64% used SMS a large population of the subscribers up to 36% did not use SMS
for the period of the data provided.
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Table 14. Dataset results analysis

DATA VOICE ~ SMS VOICE&SMS hybrid DATA&VOICE Hybrid ~ DATA&SMS Hybrid
3% 8% 64k 59% 26% 2%

Table 14 shows that these usage streams were further classified into different hybrid systems and
different combinations are revealed within the data. Since not all subscribers are using the same
products, further classifications and combinations are possible. Therefore, the combinations have
been broken down into different hybrids. It was discovered that the VOICE&SMS hybrid has 59%
usage, while DATA&VOICE has a twenty-six percent (26%) usage. Only 2% used DATA&SMS
hybrid. A graphical representation of Table 14 can be found in Figure 25.

Usage statistics by category

100%
90%
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60%
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40%
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DATA YOICE Voice 3MS Data,Voice Data,SM S
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Figure 25. Results for usage statistics and hybrids.
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5.4 RESULTS FOR SUBSCRIBER TIME SERIES

Figure 26 is the average usage time series for subscriber 5 per day. The results show how the
current data has been averaged and used to predict the future usage. This is then used to check the
similarity in usage patterns for the subscribers. The time series in Figure 27 shows that subscriber
5 does not use much data between 23h00 and 05:00AM but the usage increases between 15h00
and 23h00. This suggest that subscriber 5 is not on a contract that allows free night internet surfing
or that the subscriber does not prefer to use the mobile device after midnight. The usage pattern
remains the same over the weekend (Saturday and Sunday). The time series also illustrates how
the usage may change in future, and to achieve this, the 4-period moving average was used to

smooth the time series.
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Figure 26. Results for time series for a subscriber averaged per day
CLIENT-SIDE RESULTS
55 RESULTS FOR THE RETRIEVAL PART OF THE RECOMMENDER SYSTEM

Query based recommendation
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Hybridization allows for the retrieval part of the system to display recommendations based on
collaborative filtering and content-based approaches and therefore yields recommendations that
may be desirable to the mobile subscriber. Figure 27 represents the recommendations upon a
subscriber query. The database is loaded with 100 products and precision and recall were

evaluated.

Mobile Subscriber Contract Recommender

Enter cellphone number below for contract recommendations

MSISON | 22460126802

Recommended Producsts for you please select the appropriate one

Wonthly minutes Monthly data Monthly SMSs Price

0 0168 a0 R0
Monthly minutes Monthly data Mgf'tm! imss Price:
800 ZGB Hlimitless R360.00 Select

Monthly minutes Monthly data Monthlv SMSs Price:
600 266 0 R329.00 select

Figure 27. Results for recommendations based on query results

The products are displayed in the order of importance and a binary precision is calculated. A
subscriber may have more than three items that may fit in based on the combinations, but they are
only using one product. The first product on the list is the endeavor to be precise and the second

and third products are within the rank. The precision-recall graph is shown in Figure 28.
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5.6 SYSTEM EVALUATION

Pt

Precision

Recall

Figure 28. Precision and recall curve of a binary classifier for correctly predicting the products.

The nature of the precision and recall in this study is for a binary classifier whereby the product
recommended can either be correct or not correct. If the recommended product matches the usage,
then it is classified as correct and when the product does not match the usage it is classified as
incorrect. The precision-recall performance in Figure 28 is exceptional, as the precision increases

the recall decreases.

(Ricci, 2011) in their study found the precision of their system to be performing around 93%.
(Baltrunas et al., 2012a) in their study the system was performing at 75% precision. Therefore, the
precision-recall curve represented in figure 28 show good performance of the system with

precision of 98%.

5.7 OVERALL RESULTS ANALYSIS

The proposed J48 algorithm has shown excellent classification statistics with an average of 99.9%

classification accuracy. The J48 algorithm has been extensively studied and thoroughly evaluated
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simple k-means clustering has also been studied and cluster assignments have been analyzed. It
has revealed that it fulfils the objective. Both the J48 and k-means algorithms have been compared
with other algorithms and the hybrid has proven to be the best to fulfil the objectives of this study.
From the results obtained the inaccuracy of the recommendation cannot be linked to the classifier
nor the clustering algorithm. The system was evaluated on how well it can predict and recommend
the correct products, and the issues of cold start were resolved by incorporating a hybrid system
of the J48 and k-means algorithms. The precision-recall curve has shown a good performance of
the recommender system. The recommender system was able to recommend the products to the
subscribers. The recommender system in this study performed better than other mobile

recommender system that were considered for comparison
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CHAPTER 6

6 CONCLUSION AND FUTURE WORK

This chapter provides the conclusion, contribution and future recommendations of this research.
In chapter one the main objective of the research was stated as follows “To explore how current
recommender system algorithms can be optimized using content and collaborative filtering for
mobile subscribers”. In this chapter an evaluation of whether that goal was met, will be done and

discuss future work.

6.1 CONCLUSION

In this research, the use of CDRs for mobile subscribers as the source of recommendation was the
main interest. An effective and efficient recommender system for mobile subscribers involves
having a well classified dataset. The fundamentals of the mobile subscriber recommender system
for mobile subscribers’ entail having a well-tested methodology for developing the system. In the
endeavor to fulfil the objective of this research the literature was reviewed and the construction
and evaluation of the recommender systems was done. The section that follows is aa summary of
the research to fulfil the primary objective of developing a mobile subscriber recommender System
using the data that is stored by the OPCOs.

Collaborative filtering, content-based methods and similarity methods were reviewed. The
importance of the assessments and revisions are to understand the difficulties and issues involved
in these techniques. An in-depth understanding of issues, advantages and disadvantages of these
techniques were highlighted so that they could be applied with knowledge of what short comings
they may present as well as how to deal with those short comings. In this research the mobile

subscriber dataset was used as provided by the OPCO.

The primary research question was detailed as follows: How can a mobile subscriber recommender
system be developed in such a way that it takes into consideration usage patterns of the mobile
subscriber to make a recommendation? To answer this question, extensive literature exploration
was done in chapter 2. A comparison between collaborative filtering and content-based approaches

was done as shown in Table 1. After the extensive literature exploration, it was discovered that a
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mobile subscriber recommender system can be built using a hybrid. Different hybrid approaches

were also discussed in this study.

Another important question that was immediately addressed was how to measure the effectiveness
and efficiency of the developed recommender system? The developed recommendation system
was then evaluated using precision and recall. The nature of precision and recall used in this study
is that of a binary classifier that uses Boolean values (true and false). If the recommender system
predicted the correct products the value is true, otherwise false. The precision-recall curve can be

found in chapter 5 and it shows that the system performed well.

This study successfully highlighted the challenges in recommender systems, and were able to
implement a hybrid system that was able to recommend and use both content based and
collaborative filtering approaches. The mobile subscriber recommender system can recommend
the correct products. The performance measurements reveal that the applied methods yielded
satisfactory results. The classification algorithm used also outperformed other classification
algorithms on mobile subscriber dataset. The incorporation of a time series for subscriber

similarity computation and future usage prediction using a four-period moving average was done.

6.2 FUTURE WORK

Future research on this topic involves making the recommender system a location-based by using
subscriber location that can be retrieved from the CDR and including more components to the
system. These components can be the mobile dealers as well as different handset models nearest
the dealer. Further research can also include how the recommender system can be made proactive
instead of query based or reactive. In a proactive recommendation system scenario, the

recommender will proactively push the recommendations to the subscriber.
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