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Abstract

It has become imperative in the current internet based era to advance tech-
nology in such a way that the preferences of individuals/users’ could be
learned from the existing data and recommendations be made on unseen
data wherein the user is satisfied with the recommended data/items to a
large extend. Recommender systems technology have been put forward
by keeping this idea in mind and several multinationals make use of this
paradigm to expand their business initiatives. In this thesis we are mainly
focused on devising methods that can improve the recommendation as well
as prediction accuracy in collaborative filtering (CF) based recommender
systems. To achieve this end we propose a variety of algorithms in which
metaheuristic techniques are combined with matrix factorisation methods
and the combined framework is tested on two main approaches used for
collaborative filtering in recommender systems, namely, model based and

neighbourhood based collaborative filtering.

In the case of model based collaborative filtering we demonstrate how
metaheuristic techniques like Particle Swarm Optimisation (PSO) and Ge-
netic Algorithm (GA) can be combined with matrix factorisation tech-
niques like Maximum Margin Matrix Factorisation (MMMEF). The meta-
heuristic algorithms such as PSO and GA are exploratory in nature which
enhance the traditional model-based collaborative filtering techniques like
MMMF with exploitatory nature of gradient descent. The gradient descent
approach may get trapped in local optima which is why we plan to employ
metaheuristic techniques. Our algorithm starts from multiple initial points
and uses gradient information and swarm-search as the search progresses.

We show that by this process we get an efficient search scheme to get near

vi



optimal point for maximum margin matrix factorization. Our experimen-
tal results on benchmark datasets demonstrate that when the exploration
capability of popula- tion based search algorithms is combined with gra-
dient search direction of MMME, the proposed models are able to achieve
better accuracy as can be evidenced from the derived RMSE and MAE

values .

We extended the neighbourhood based collaborative filtering technique
by adopting the concept of discovering highly correlated user-item sub-
groups. Our proposal of constructing the user-item-subgroup based col-
laborative filtering can be done in two ways, namely, through a two-step
approach and a fuzzy c-means clustering approach. In the two-step pro-
cess, we proposed different algorithms to identify the highly correlated
user-item subgroups. Then, we used least squares method to predict the
missing ratings by using the rating information of the highly correlated
user-item subgroups. In fuzzy c-means clustering based user-item sub-
group algorithm, the highly correlated user-item subgroups are discov-
ered in one step. We optimized the initialization of centroids in fuzzy c-
means by using particle swarm optimization to accurately discover highly
correlated user-item subgroups in CF. We observed that our proposed al-
gorithms in the two step approach outperforms all the CF models under
comparison for all benchmark datasets. Our findings in terms of MAP
suggest that the correlation of the subgroups discovered by GA that eval-
uates fitness by calculating mean squared residue and row variance is sig-
nificant though the effectiveness is less for smaller dataset. In the case of
fuzzy c-means approach, the metaheuristic optimization algorithm acts as
a booster to improve the fuzzy c-means clustering in discovering highly
correlated user-item subgroups by initializing the initial centroid of the
clusters to the nearest optimal solutions. Our experimental results have
shown a promising way of making use of user-item subgroups in helping

to capture highly similar user preferences on a subset of items.
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Chapter 1

Introduction

These days it is quite evident that the world wide web plays a significant role in our
everyday life. It can be said indisputably that a number of popular applications exist-
ing today, which we use on a daily basis, for web search are enhanced by the Recom-
mender Systems (RS) technology. Many of these applications have to deal with massive
amounts of data and this leads to the information overload problem wherein the target
information gets buried in an enormous amount of irrelevant information. The task of
a recommender system is to suggest possibly interested unseen items to users and
help them in their decision making process. For instance, in a movie recommender sys-
tem, one way of doing the recommendation would be that if two users have both liked
certain common movies, then the movies that the first user has liked but the second
one has not yet seen/rated can be recommended to the second person. This type of rec-
ommendation is collaborative in nature wherein similarities between users/items are
taken into consideration for making recommendations. Machine learning techniques
have been heavily used by researchers in solving the challenges involved in building
collaborative filtering based Recommender Systems.

In general, there are two strategies for developing Recommender System algo-
rithms, namely Collaboraive Filtering (CF) [46] and Content-Based (CB) [49]. The
CB approach basically builds profiles for users or items based on the explicit informa-
tion provided and perform profile matching to make recommendations. The CB ap-
proach needs external information about the users or items that might be unavailable.
On the other hand, the CF approach, as mentioned above relies only on the user-item

interactions to make recommendations [43]].



Collaborative filtering algorithms can further be subdivided into 1) model-based
and 2) neighbourhood-based algorithms [11]. In the model-based approach, machine
learning algorithms are used to first develop a model of user ratings so as to predict the
user’s rating of unrated items. Matrix factorization methods are the most successful
techniques developed for model-based collaborative filtering algorithms in which a
factor model is built so as to fit the data for prediction of missing ratings. To get
such an accurate model, the objective function of the model has to be minimized to
reduce the errors of the predictions of the missing ratings. In the neighbourhood-based
approaches, similarities between users or between items are measured for further use
of the information in the prediction or for computing the recommendation. The most
widely applied techniques in neighbourhood based approach are user-based and item-
based approaches. In a typical neighbourhood based approach, an assumption is made
that all the items that are liked by a group of users’ who are similar to the active user
(user to whom recommendation is to be made) will be recommended to the active
user also. This assumption is sometimes not tenable [[12,68]] and therefore researchers
aim at finding highly correlated subgroup of users and items to develop recommender
systems that helps in improving the accuracy in the recommendations. Biclustering
technique has been widely used to identify such correlations among users and items as
can be seen from the literature [5, [17, 36, 59].

The main aim of the current study is to explore how metaheuristic techniques like
Particle Swarm Optimisation (PSO) and Genetic Algorithm (GA) can be combined
with collaborative filtering methods to address accuracy issues in recommender sys-
tems. For instance, from the literature it can be seen that, particle swarm optimisation
technique has been used in recommender systems that are usage-based [4][22] as well
as in recommender systems that learn personal opinions to make specific recommen-
dations [64]. Similarly, PSO techniques have also been used to enhance scalability
issues in recommender systems as can be evidenced from [6) 66]. In [20] matrix
factorisation based collaborative filtering model is combined with PSO wherein Sin-
gular Value Decomposition (SVD) is used for factorisation of the matrix. The SVD
kind of factorisation approach cannot be equated with the recent matrix factorisation
techniques like maximum margin matrix factorisation (MMMEF) being deployed in col-
laborative filtering because SVD do not address the issues wherein the solution space

has multiple local minima [60]. It should be kept in mind that most of the benchmark



datasets that are currently being used to validate recommender system algorithms are
usually sparse. Therefore it is worth exploring the benefits of combining metaheuristic
techniques with matrix factorisation methods like MMME.

There is also evidence for combining evolutionary methods like genetic algorithm
with collaborative filtering as proposed in [47]. What we have noticed is that though
few works as outlined above have addressed the problem of combining metaheuritics
and collaborative filtering in model-based strategies this is not the same with neigh-
bourhood based strategies. We found very little research that analyzes the neighbour-
hood method in capturing the duality between users and items with the help of meta-
heuristic techniques like PSO/GA. Although, as mentioned earlier, [[17] presented an
immune inspired algorithm of biclustering in collaborative filtering and [S7] employed
a modified cuckoo search technique by combining with fuzzy c-means in recommender
systems, combining metaheuristic techniques with different clustering strategies has
not been explored yet. We aim to fill this gap by exploiting metaheuristic techniques
in finding partial matching preferences of users in a collaborative filtering model so as
to improve the accuracy in the recommendations.

The main role of a recommender system is in either performing prediction or rec-
ommendation. In the prediction task, the algorithm estimates the possible ratings that
the user may give to an item. In the recommendation task, the algorithm predicts rat-
ings for all the unseen items and recommends a list of top rated items from the group
of unseen items assuming that the user will like it. To develop a good collaborative
filtering algorithm that can solve various recommendation/prediction tasks, one needs
to know the type of feedback he/she is dealing with. The type of feedback can effect
the performance of an algorithm. An algorithm that works well with a dataset having
one type of feedback may not work well with another algorithm developed to perform
a particular task but has a different type of feedback. Therefore choosing the right type
of feedback for a specific task is preferred in evaluating the performance of recommen-
dation algorithms. There are two types of feedback in recommender systems, namely
explicit feedback and implicit feedback. In explicit feedback the user gives feedbacks
intentionally for items. It is further classified into two types such as numerical feed-
back and binary feedback. In numerical feedback the user expresses feedback in the
form of ratings whereas in binary feedback the user gives information based on his/her

likes/dislikes of items. Implicit feedback is derived based on user actions like browsing



1.1 Motivation

history, purchase history, wish-list etc. on the system [43]]. In this thesis we make use
of the explicit feedback in the form of numerical ratings which helps in improving the
prediction accuracy of the recommender system.

The evaluation measures used for evaluating the performance of recommender sys-
tem algorithms are borrowed from statistics and information retrieval. There are sev-
eral measures to evaluate recommender systems from different aspects such as cov-
erage, accuracy, novelty, serendipity, diversity, confidence etc. as proposed in the lit-
erature [58]. Among the measures mentioned, the most widely used measure is the
accuracy measure despite the possibility of evaluation from different perspectives. In
prediction computation, accuracy measures such as Root Mean Squared Error (RMSE)
and Mean Absolute Error (MAE) are the most widely employed metrics whereas in
recommendation task metrics like precision, recall and F1-Score are the most popular
ones. The key points involved in developing and evaluating recommender system al-
gorithms are choosing the right accuracy measure for evaluation based on a particular
task and right type of feedback in datasets. In this thesis we deal with both recommen-
dation and preiction task and therefore the accuracy measures used for the prediction
task are RMSE and MAE whereas for recommendation precision, recall, and F1-Score

are used.

1.1 Motivation

As explained above, collaborative filtering algorithms are the most popular recommen-
dation algorithms as it can make decently accurate predictions by only finding and an-
alyzing users’ past behaviour. The key points that motivate us to employ metaheuristic
techniques in both model-based and neighbourhood based collaborative filtering algo-

rithms can be outlined as follows:

e Users give ratings to items in the form of explicit feedback in collaborative filter-
ing based recommender systems. The ratings are given based on a scale of how
much the user likes the item and this makes the algorithm easier to judge the
preferences of users. For example, in a rating scale of [1-5] the rating 1 repre-
sents the least preferred item and the rating 5 represents the most preferred item.

However in reality, the number of items that receive ratings are less leading to
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the data sparsity problem and therefore it is challenging to build a good recom-
mendation algorithm that gives accurate result by working on a sparse dataset.
In recommender systems, only partial truth about the users and items are avail-
able and the recommendation algorithms need to work with this imprecise data
and partial information to find an optimal solution. Hence we need to explore
appropriate techniques that are tolerant to imprecise data and develop algorithms
that can provide near optimal solutions to solve such problems. Metaheuristic

techniques can help us in this endeavour.

Metaheuristic optimization algorithms are known for successfully solving real
time complex problems with partial truth efficiently as compared to traditional
optimization techniques. Metaheuristic algorithms start by randomly initializ-
ing a set of candidate solutions called population, on a high dimensional search
space instead of starting from a single point as in the case of traditional opti-
mization techniques. Metaheuristic algorithms take advantage of the dynamics
of population of candidate solutions that cooperate with each other to find better
solutions. In addition to that, metaheuristic algorithms perform well even when
only partial information about the problem is known, and come up with a near-
optimal solution in which the traditional optimization techniques fail to do so
without fulfilling the standard conditions. Thus, it is a good idea to leverage the
capability of the metaheuristic algorithm in a problem domain like recommender
system wherein based on only the partial information about the users there is a

need to find approximate ratings for the unseen items.

In model-based collaborative filtering, the accurate prediction in recommender
system is obtained by minimizing the loss function of fitting a target matrix
to an approximate matrix. We employ matrix factorization, as it is one of the
most successful realizations of model based collaborative filtering. We focus on
finding a suitable way to combine metaheuristic algorithms with search direction

of factor matrices to improve the performance.

Typically, neighbourhood-based collaborative filtering algorithms assume that
the entire preferences of users that are similar will be matching with those of

an active user. However, this assumption is not always reasonable and possibly
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may lead to less accurate predictions due to the inclusion of irrelevant informa-
tion in the prediction computation. Therefore, we focus on identifying highly
correlated group of users based on a subset of items for an active user to predict
the missing ratings accurately. We propose user-item subgroup based frame-
work and compare with traditional collaborative filtering algorithms to judge the

performance.

1.2 Thesis Contributions

This dissertation aims in exploring the performance of collaborative filtering algo-
rithms when combined with metaheuristic optimization techniques for recommenda-
tion/prediction in recommender systems. It also aims in discovering highly correlated
user-item subgroups to find closer relationships among the Users/Items so as to im-
prove the accuracy in recommender systems. We compare the proposed metaheuristic
based frameworks and user-item subgroup based algorithms with the standard (bench-
mark) algorithms to judge the performance of the proposed framework. We have sum-

marized the contributions below:

1. Metaheuristics for Matrix Factorization
We combine different variants of metaheuristic optimization techniques with ma-
trix factorization to observe the corresponding improvements in the prediction of
missing ratings. Metaheuristic algorithms are problem independent algorithms
wherein the objective function is derived according to the problem at hand.
Therefore metaheuristic techniques can be applied to any collaborative filtering
algorithms for enhancing the search process so as to find the optimal solution.
We employ popular metaheuristic algorithms such as PSO and GA, and propose
four collaborative models by combining the population based search algorithms
with the most successful matrix factorization technique, namely Maximum Mar-
gin Matrix Factorization (MMMEF). In particular, we propose three variations
of PSO based MMMEF, each varying in social structure of particles that results
in increasing swarm diversity. We have applied such population based search

algorithms to find low rank latent factors for prediction of missing ratings in a
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user-item rating matrix. The different variants of the metaheuristic algorithms

that we adopt in order to find the latent factors are summarized below.

e Local Best Structure of PSO [7]: In this variant, initial neighbourhoods
of particles in the swarm are created randomly. The particle with the best
fitness value in a neighbourhood is selected as the local best particle, and
navigation is done towards the rest of the particles in the neighbourhood.
All local best particles share their information and the one with the best
fitness value is selected as the global best particle. Entire population is
updated with the best particle’s position in each step and therefore there is

an influence to move towards the global best solution effectively.

e PSO with Mutation Operator [7, 48]: To avoid getting trapped in the local
optima due to the loss of diversity in the swarm, an operator called mu-
tation operator from evolutionary algorithms is adopted in the base PSO
method. In this variant of PSO, particles are randomly initialized based on
the unsatisfactory criteria of the swarm threshold so as to preserve diversity

in the swarm.

e Hierarchical Neighbourhood based PSO [23]]: The social structure of the
particles is constructed based on a hierarchical tree structure wherein a
neighbourhood is formed by a parent with immediate children such that
the parent becomes the local best particle in the neighbourhood and the

root of the tree represents the global best particle.

e Genetic Algorithhm [47]: Evolutionary algorithm is used to find the opti-
mal latent factors through the powerful searching imitation of genetic evo-

lution wherein the principle followed is that of survival of the fittest.

The main objective of the proposed framework is to find whether there is any
significant improvement in the performance of the collaborative filtering algo-
rithms when combined with heuristic search in a model-based framework. The
proposed algorithms and experimental analysis related to metaheuristic based
MMMF are discussed in Chapter 3.

2. A Two-Step Process of Discovering User-Item Subgroups Using Metaheuristics
in Neighbourhood based Collaborative Filtering.
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In the neighbourhood-based approach, traditional collaborative filtering consid-
ers the entire ratings of similar users or items in the prediction of missing rat-
ings. This seems not reasonable because if the preferences of two users are only
matching on some items then that does not necessarily mean that their prefer-
ences will be matched on the entire set of items. Therefore, for prediction of
missing ratings, we propose collaborative filtering based frameworks that con-
sider information only about a subset of similar users based on a subset of items.
A subset of similar users based on a subset of items are termed as user-item sub-
group. The proposed algorithm basically takes two steps to discover correlated
user-item subgroups. First, it discovers a group of similar users based on the
entire consumed items of the active user. Then, it selects only a subset of similar
items based on the selected subset of users. Finally, the rating information of the

subgroup is used to predict the missing ratings by using least squares approach.

The proposed algorithms are based on several techniques such as (1) using a
threshold to find the highly correlated subset of items among selected k similar
users, (2) having an iterative approach to enhance the selection of k subsets of
similar users, (3) utilizing metaheuristic algorithms like Genetic Algorithm to
select the correlated subset of items, and (4) a hybrid approach of the iterative
technique and the Genetic Algorithm. Popular similarity measures like Pearson
correlation, Adjusted cosine and Euclidean distance measures are used with the
proposed algorithms and a performance comparison is done with the existing
subgroup based recommendation algorithms as well as the traditional collabo-
rative filtering algorithms. The proposed algorithms are evaluated for both the
prediction and recommendation accuracy to show robustness of the proposed
method. The details of these algorithms and the evaluation results are discussed
in Chapter 4.

. Discovery of User-Item Subgroups through Co-Clustering and Metaheuristic in
Neighbourhood based Collaborative Filtering.

As mentioned above, in Chapter 4, we discovered highly correlated user-item
subgroups through a two step process in neighbourhood based collaborative fil-
tering algorithms. To avoid the two-step process, we employ Fuzzy C-Means

(FCM) clustering which is further enhanced by Particle Swarm Optimization to
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discover correlated user-item subgroups in one step though the method is exe-
cuted through several iterations in order to refine the selected subgroups. The
metaheuristic algorithm, PSO, is applied to obtain optimal centroid positions for
FCM clustering. We initialize the initial centroids of the FCM clustering to the
optimal positions found by PSO to achieve an effective clustering method in
finding highly correlated user-item subgroups. Once the correlated subgroups
are found, the missing ratings in the subgroups are predicted by using rating in-
formation of the subgroups rather than including irrelevant information from all
the consumed items of the active user as in the case of traditional collaborative
filtering methods. The proposed algorithm is compared with existing subgroup
based collaborative filtering algorithms and traditional collaborative filtering al-
gorithms . The proposed algorithms are evaluated for recommendation accuracy

and the details are discussed in Chapter 5.

1.3 Structure of the Thesis

The thesis is organized in the following way: Apart from Chapter 1 which is intro-
ductory in nature, Chapter 2 discusses the basic information related to recommender
systems, the purpose for which such systems are built as well as an explanation related
to some of the existing recommendation algorithms. It also discusses metaheuristic
optimization algorithms and some of the recent metaheuristic based recommendation
algorithms. Different similarity measures and evaluation measures for collaborative
filtering are also discussed. Chapter 3 presents our proposed work on model-based
collaborative filtering, namely matrix factorization, combined with several variants of
metaheuristic algorithms such as gradient descent based particle swarm optimisation,
mutation based particle swarm optimisation, hierarchical particle swarm optimisation
and genetic algorithm. The experimental analysis of the proposed algorithms have
also been discussed. In Chapter 4, we present recommendation algorithms that focus
on identifying partial matching of the preferences among the users and the items in a
two-step process by using various techniques including metaheuristic algorithms like
Genetic Algorithms. The identified information regarding partial matching of prefer-
ences is further used in the computation of prediction and recommendation of items. In

Chapter 5, we propose a method for identifying such partial matching of preferences
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through co-clustering. The proposed method makes use of co-clustering in the first
step and thereafter combines it with metaheuristic techniques such as PSO to further
analyze the performance. We conclude with Chapter 6 wherein a summary of the re-
search contributions related to the thesis is outlined as well as pointers for future work

is provided.
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Chapter 2

Fundamental Concepts and Related
Work

In this chapter we introduce the fundamental concepts of recommender systems and
also outline some existing research that tries to address the recommendation problem
from various directions. We initially explain the most widely used strategy in recom-
mender system algorithms, namely collaborative filtering wherein both model-based
and neighbourhood-based collaborative filtering are discussed at length. Thereafter,
we outline two metaheuristic approaches (Particle Swarm Optimisation and Genetic
Algorithms) that can be combined with collaborative filtering and point out some of
the earlier works in this direction. We also talk about the various datasets being used in
our experiments and describe in detail the evaluation measures suitable for prediction

and recommendation in recommender systems.

2.1 Recommender Systems

Recommender Systems (RS) are software tools that deal with massive amount of data to
filter irrelevant information and suggest only items that are matching with users’ opin-
ions. RS are widely used in several website-based applications to make the users uti-
lize the applications efficiently. Well known companies likes Twitter, Netflix, Google,
Amazon etc. are able to improve their performance so as to attract more consumers
by enhancing their technology with that of the recommender systems technology. The

objective of recommender systems is to provide suggestions of items that are most
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2.1 Recommender Systems

likely relevant to the users, thereby easing the decision making process of the users.
With the help of recommender systems technology, it becomes easier for the user to
find interesting items from the available pile which in turn will also help him/her in
saving time as well as tackle the problem of information overload. Information over-
load occurs when a user is fed with massive amounts of data and he/she is not able to
make a decision as to which item to buy/consume. Recommender systems technology
helps to address the problem of information overload. For example, let’s consider a
movie web-based scenario such that a user is recommended an unseen movie called
Captain Marvel, given that the user watched and liked the prequel of the movie
called ITron Man. Itis assumed that the user will like the recommended movie which
is based on his/her past preferences. The successful recommendation of the movie/item
is due to the accurate prediction of the underlying algorithm that the recommender sys-
tem makes use of.

Two common filtering techniques that the recommender systems technology use
to accomplish such accurate recommendations are Content-Based (CB) filtering and
Collaborative Filtering (CF). The CB strategy operates by explicitly gathering infor-
mation/content about users and items to build profiles, and perform a profile matching
to make suggestions related to the most interesting items for the users. For example,
in a scenario wherein we want to recommend books to a user who has read a particular
book A, then all the books related to that particular author/genre/publisher etc. can be
recommended by using a content based approach. In the case of collaborative filtering,
items are recommended to a new user by collecting preferences information from many
other users (collaborating) over the items as in the case of books wherein all books read
by people who have read book A will be considered and the one with the highest count
on the top of the list will be recommended. The content-based strategy tends to fail if
the information about the user or the item is not sufficient to define the preferences of
the users whereas the collaborative filtering strategy depends only on the relationships
between users and items to generate unseen interesting items. The basic difference
between CB and CF strategies is the way they obtain information about the users/items
to make recommendation wherein CB does so by considering matching features in the
user and item profiles. CF does in two ways: one by finding a group of similar users
or items, and the other by characterising user and item vectors in latent feature space.

In this thesis, we focus on collaborative filtering for finding unseen interesting items

12
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for recommendation to users [46]. The collaborative filtering approach is discussed at

length in the following sections.

2.2 Collaborative Filtering

The collaborative filtering approach depends on past user behaviours and also analyzes
the behaviour of other users with an aim to make recommendations. As mentioned in
Section 2.1} CF can be categorized into two approaches, namely model-based and
neighbourhood-based. The model-based strategy learns hidden features of past activ-
ities of users in order to build a model for recommendation. In neighbourhood-based
strategy, the relationships between users and items are analyzed to find a group of
similar users or alternatively items. The two strategies are thoroughly analyzed in the

following sections.

2.2.1 Model-Based Collaborative Filtering

The model-based collaborative filtering strategy applies machine learning techniques
to build a model by using past information of users and items where the model is learnt
and thereby missing ratings are accurately predicted. The model can be developed by
applying a variety of machine learning techniques like 1) matrix decomposition such as
SVD [54]], PCA [26], 2) Latent Semantic techniques (30|, 3) Bayesian Networks [11],
4) Matrix Factorization [43),45,152, 53] and 5) Clustering techniques [56 165, 68 69].
Of these, the Matrix Factorization (MF) method is one of the most popular model-
based CF strategies [67]. The framework of MF allows to have an infinite number of
hidden features of the users and items that indicate their characteristics, while only a
small number of features can actually influence the preferences to make suggestions. In
ME, the users and items are characterized in a hyper-dimensional latent space by using
generated hidden features, and the items in the proximity of a user are recommended.
Loss functions such as sum-squared error, hinge loss etc. are employed to learn the
hidden features of the users and items to predict the missing ratings accurately. The
constraint of MF on norm of feature vectors leads to convex optimization problems
which is efficient [60]. Thus, we focus on matrix factorisation techniques and further

improve the framework by combining it with metaheuristics.
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2.2 Collaborative Filtering

2.2.1.1 Matrix Factorisation

In collaborative filtering, it is often the case that most of the entries in the rating matrix
are unobserved and this leads to non-convex optimization problems even if we try to
minimise the error using a loss function like squared error. When compared to other
factorisation techniques like Singular Value Decompositon (SVD), matrix factorisation
is superior as MF yields convex optimization problems by constraining the norms of
the factor matrices[60]]. In matrix factorisation, the ratings of users and items are
represented in a matrix Y € R™*™ such that the number of users and items correspond
to n rows and m columns respectively and ratings correspond to the entry values. The
entry y,; range from {0, 1,2, ..., R} which define the preference degree of i" user on
4" item whereas the rating 0 indicates the unknown ratings of the i*" user on j item.
Given a partially filled user-item rating matrix Y, the objective of matrix factorisation
is to determine the two matrices U € R™*/ and V' € R™*/ such that the dot product
of U and V' is approximately equal to Y, i.e.

Y ~UVT (2.1)

where inner dimension f is called numerical rank of the matrix such that f < [n, m]
and hence matrix factorization is inexpensive. The factor matrices U and V' are un-
known and need to be predicted. The dot product of U and V, X = UV, is called
low-rank approximation of rating matrix Y. The U; and V; represent the latent feature
vectors of i’ user and j'" item respectively. In matrix factorisation, user i (1 < i < n)
and item j (1 < j < m) are represented by u; € R/, the i*" column of the matrix
UT, and v; € R/, the j column of the matrix V7 respectively. For example, if we
consider the matirx to represent a movie dataset, then each dimension of the vector vl
represents a feature of movie j, such as genre namely romance, comedy, thriller etc.
The preferences of users about the features of movies are indicated by the correspond-
ing entries in the user vector u;. Thus, the final rating of the user u; on a movie v; is

the linear combination of the feature vectors such that

f
Tij =Y ugvp = uv) 2.2)
=1
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The matrix factorisation approach uses different objective functions to approxi-
mate the predicted rating so that it is close to the true rating and also induce different
constraints on the factor matrices U and V' to achieve this approximation. Based on
the kind of objective functions being used and constraints imposed, some variants of

matrix factorisation as given in the literature can be outlined as follows:

1. Regularized Matrix Factorization (RMF)

This method is the simplest among all the matrix factorisation approaches. To
find the factor matrices U and V' as given in Eqn. (2.1)), the sum squared error
loss function is used and the resulting function can be described as in Eqn (2.3)
[67]:

(UIF+ IVIE) + D (g —wv))* (23)

ijes

J = min A

UeRnxf VeRmxf 2

where A\ denotes regularization parameter, S denotes the observed entries at ith
row and ;% column and ||.||r represents the Frobenius norm where ||U||r =
Zp " uf,q. The RMF model fits the predicted ratings to the true ratings such that
the dot product, uiva, of the user u; and item v;, given in Eqn. (2.1}, should
be as close as possible to the true rating y;;. The Frobenius norm is used as a
regularization term to constraint the norms of U and V' so that overfitting can be

avoided and this in turn yields better generalization performance.

The RMF uses gradient descent technique to minimize the objective function.

The latent factor matrices U and V' are randomly initialized and these matrices

are learned iteratively to minimize the objective function. The new U matrix is

found by using Eqn (2.4). Similar computation is carried out to find the new V.
(t) 8[/

uy ™ =) — v 2.4)

2. Maximum Margin Matrix Factorization (MMMF)

Maximum Margin Matrix Factorisation was first proposed by Nathan Srebro
et. al. [60] as a matrix factorisation technique for collaborative filtering. The
MMMF model tries to fit the predicted matrix X to the true rating matrix Y by

minimizing the hinge loss function as an objective function that consists of a
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collection of Support Vector Machines (SVMs). The MMMEF relaxes the dimen-
sionality of the feature vectors U and V' but constraints the norms while predict-
ing with maximum margin of hyperplanes. In this thesis, we adopt maximum
margin matrix factorisation method, since the objective function of MMMF is
more appropriate for non-binary ratings as compared to other variants of ma-
trix factorisation methods like RMF and NMF. In MMMEF, an additional matrix
called a threshold matrix © is used in addition to the user U and item V' matri-
ces. The threshold matrix has a set of thresholds that are defined in the range
Oip(1 < b < R —1) and the thresholds are also learned to predict a discrete
rating [1, ..., R]. The objective function of MMMEF is to minimize the function
d with respect to U,V, and O as shown in Eqn (2.5).

R-1
3(U,V,0) = XIIUIE + IVI[E) + D > MT0n —wj])  25)
b=1 ijes
where the regularization term is the Frobenius norm ||.|| and X represents regu-
larization parameter, S represents the observed entries such that ij|y;; > 0. The
smoothed hinge loss function A(.) and Tf; are defined by Eqn (2.6).

(1—-2), if 2<0
, if 2>1 (2.6)

+1,if b>yij
T = { POz e -
(1—2)2, otherwise

=Lif b<yij

= O ol

The factor matrices U, V' and threshold matrix © are learned iteratively with

gradient descent as shown in Eqn (2.7)

5 Y| 6d
Upp1=Ui—c—, Vig1=V— Sy O141 =0 — )

5T 2.7

From the loss function given in Eqn. (2.5)), it can be observed that unlike RMF
that focuses more on the specific values of uinT, MMMF does not need the
predicted value uiva to be close to the true value y;;. Instead, MMMF compares
the predicted rating uiva with the threshold matrix ©;, which is equivalent to
a hyperplane in SVM framework such that uiv;‘-r should be as large as possible
when comparing with the threshold b and when the condition b < y;; satisfies.

Similarly u;v] should be as small as possible for b > y;;.
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3. Non-negative Matrix Factorization (NMF)

Nonnegative Matrix Factorisation also uses sum squared error as loss function
wherein it constrains the values contained in the factor matrices U and V' to be
non-negative [45]. Moreover, NMF requires the non-negative U and V' matrices
to satisfy Eqn (2.1)). The loss function, given by Eqn (2.8, of NMF should be
minimized with respect to U and V, subject to the constraints u;;, vj; >= 0, such
that 1 > ¢ >n,1 >1> fand 1 > j > m. The factor matrices U and V/
are learned by using the update rules iteratively as given by Eqn (2.9) and Eqn
(2.10).

J=|y -uv|? (2.8)

Zj szyz'j/(uiT"Uj)
D4 Vel
> uzzzz%m Z Zl“ vi) (2.10)
b

Note that both the RMF and NMF models are suitable for binary ratings while

(2.9)

Ui < Uy

Vji < Vji

the MMMF model is suitable for non-binary ratings.

2.2.2 Neighbourhood-based Collaborative Filtering

In neighbourhood-based collaborative filtering methods, past behaviour between users
and items are analyzed to find relationships between users or alternatively between
items for computing prediction [11]. To built collaborative filtering techniques for
recommender systems using neighbourhood method, there are two well known ap-
proaches, namely user-based (UB) [8, 11, 29, 34} 169] and item-based (IB) [18, 46, 53]
methods. Basically, in neighbourhood-based methods, the two steps involved in ad-

dressing the recommendation problem can be given as follows:
1. Similarity Computation
2. Prediction or Recommendation Computation

In similarity computation, the closeness of preferences between users or the close

characteristic between items are evaluated by using different similarity measures to
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find a group of similar users or items. The utilization of the information in similarity
computation is different in UB and IB approaches. UB approach utilizes the interested
items of similar users in prediction or recommendation as long as the items are unseen
with respect to the active user. In the IB approach, unseen items from a similar group
of items are recommended to users who liked the items in the group. As mentioned
earlier, the main motivation of neighbourhood method is the assumption that users with
similar opinions might have similar tastes on unseen items.

There are several ways to evaluate similarities between users or items in neigh-
bourhood method [55] . Here, we discuss three such popular similarity measures in

collaborative filtering with respect to user-based approach.

1. Pearson Correlation

In this measure, similarity between two users 7 and 7 is evaluated through corre-
lation computation. To do so, mutually rated items by the two users ¢ and j are
isolated first and the mutually rated set of items is denoted as /. The correlation

similarity between the two users ¢ and j is given by Eqn (2.T1).

ZztEI(RZ it Ei)(Rj,it - Ej)
et (Bt — B2 e (Rt — Ry

where R; represents the average rating given by the i user, R; ;; represents the

@2.11)

sim(i, )

rating of user ¢ on item #t.

2. Adjusted Cosine

In adjusted cosine similarity measure, two users are depicted as two vectors in n
dimensional space wherein the cosine angle between the two vectors represent
the similarity degree. The mutually rated items by two users 7 and j are separated
and is denoted by set /. To avoid huge differences in the rating scale given by
multiple users on a single item, all the ratings given to an item (it € [) by all
the users are averaged, and then the averaged value is subtracted from the actual
rating given by a user ¢ to an item ¢¢. The similarity between the two users is

computed by Eqn (2.12).

ZzteI(Rl it — Rit)(Rjit — Rit)
\/Zzte] Ht_ Zt \/thel JZt R ))2

sim(i, j) (2.12)
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where R;; represents the average rating of the item it.

3. Euclidean Distance

The distance between two users ¢ and j in Euclidean space represents the simi-
larity degree. The items which are co-rated by the two users 7 and j are isolated

first to compute the similarity degree, which is given by Eqn (2.13)).

sim(i, j) = | (Rig — Rja)? (2.13)

itel

where R, ;; represents the rating given by user ¢ on item ¢, and [ represents the

set of co-rated items by users ¢ and ;.

In the literature on collaborative filtering methods for recommender systems, there
is very little work that has been done in explaining the duality that could exist between
users and items wherein finding such relationships could actually improve the quality
of a recommender system [17, 36, |61]. This area of research is termed as finding

user-item subgroups in collaborative filtering [68]] and can be explained as follows.

2.2.2.1 User-Item Subgroup based Collaborative Filtering:

It is to be noted that UB and IB approaches find relationships either among users or
among items only, despite the fact that the joint analysis of user and item relation-
ships cannot be ignored as shown in works like [17]. Moreover, both UB and IB
approaches fail to capture partial matching of preferences between users and items. It
can be seen that traditional collaborative filtering approaches assume that the prefer-
ences of a group of similar users would be the same over the entire items with respect
to the active user. However, this assumption is not always tenable [68] since a group
of users having a strong association based on a subset of items may not imply that they
will have strong correlation on the entire set of items. Additionally, it is ideal that a
user has a concentrative yet diverse set of preferences rather than a diverse preference
over the entire items. Thus, there is a possibility of overlooking a strongly correlated
group of users while searching for a group of similar users over the entire items and
this could degrade the prediction accuracy in collaborative filtering. Hence, it is rea-

sonable to focus on filtering irrelevant subset of items based on a group of similar users
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unlike traditional CF, and utilize the information of discovered subgroup of strongly
correlated users and items in further computation.

From the literature it can be found that researchers have used biclustering tech-
niques to capture the partial matching of the uers’ preferences. Symeonidis et. al.
[62] applied a well known biclustering algorithm called Bimax for constant values to
find duality between users and items, and proposed a nearest-bicluster algorithm that
captures partial matching of preferences to solve issues related to collaborative filter-
ing. Then Symeonidis et. al. [61] extended the work and applied xMotif biclustering
technique for coherent values to capture partial matching of users’ preferences. How-
ever, the algorithm was restricted to identify overlapping between the biclusters which
results in limitation of capturing accurate partial matching of preferences. Pablo A.D.
et. al.[17] proposed a bio-inspired methodology of biclustering for collaborative filter-
ing that allows overlapping of the biclusters to capture more insightful local structures
of the rating matrix. Monika Singh and Monica Mehrotra [59] presented Bicluster-
ing Based Collaborative Filtering (BBCF) which used biclustering as a preprocessing
step and identified k nearest biclusters for each user to compute interested items for
recommendation. Alqadah et. al. [S]] proposed a bicluster neighbourhood framework
that mapped a user to a bicluster on demand and identified a subset of items from the
neighbourhood of the bicluster. Further, the items from the subset were ranked based
on the global and bicluster neighbourhood similarity. Kant and Mahara [36] proposed
a framework that merged IB and UB techniques in nearest bicluster collaborative fil-
tering method which also allowed overlapping between the biclusters. Xu et. al. [68]]
solved the problem by using fuzzy c-means clustering technique to identify the corre-
lated subgroup of users based on a subset of items. Later, Bu et. al. [12]] extended
the framework by analysing the user-item interactions from three different directions.
The concept of user-item subgroup was adopted in other variants of recommendation

approaches such as location-based [51]] as well as for group recommendation [33]].

2.2.3 Model-based vs Neighbourhood-based Collaborative Filter-
ing Algorithms

Here we point out some differences between model based and neighbourhood based

collaborative filtering algorithms in general.
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e Model based algorithms employ various machine learning techniques to build
mathematical models by training sample data to make prediction or recommen-
dation whereas neighbourhood based algorithms make predictions or recommen-

dations based on the information of user-based or item-based similarities.

e Model based algorithms require tuning of a large number of parameters based on
the problems which makes it a complex method as compared to neighbourhood
based algorithms that is easy to understand and implement which can also obtain

reasonably good results.

e Model based algorithms are regarded as eager learners as it identifies the hidden
associations in the data for training and build a model that doesn’t require to go
through all the information again in order to make a prediction or recommen-
dation. In contrast, neighbourhood algorithms are lazy learners, means it needs
to go through the entire information every time it needs to construct a neigh-
bourhood for a user or item. Thereby, neighbourhood algorithms are slow in

prediction computation.

To enhance the performance of traditional collaborative filtering algorithms, we aim to
explore powerful search techniques such as metaheuristics in both strategies of collab-

orative filtering.

2.3 Metaheuristics

Metaheuristic optimization is a stochastic technique that is designed to find a robust,
low cost and nearly optimal solution for complex and hyperdimensional problems that
cannot be solved with traditional optimization methods. It has been increasingly em-
ployed to find quality solutions efficiently for real-world complex problems due to
the ability to tackle non-linear and discontinous functions present in such problems.
Some researchers have shown substantial advancement in obtaining quality recom-
mendations through the application of metaheuristic techniques in combination with
collaborative filtering [6} 19, 22| 47, 166]. These metaheuristic approaches enhance the
searching process for finding optimal solutions efficiently. It works on the tradeoffs be-

tween local search and randomization. The randomization element in the metaheuristic
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technique provides a way to drift the search away from the local best solution so as to
avoid from getting trapped into local optima, unlike heuristic approaches. Note that
the heuristic techniques do not have the element to get rid of possible trap in local
optima. Obtaining an optimal solution in heuristic or metaheuristic framework is not
guaranteed all the time. It is more suitable in situations wherein finding optimal so-
lutions is not necessary but finding good solutions are sufficient to solve the problem.
Metaheuristic approach is a problem-independent heuristic approach that is applicable
even when the problem has partial information. The approach is powerful because of
the searching characteristics that focus on exploitation and exploration in the search
space. Some of the popular metaheuristic algorithms are genetic algorithm [31], par-
ticle swarm optimization [38]], ant colony optimization [21]], artificial bee colony [37]
etc. The following are some of the basic steps adopted to achieve optimal solutions in

metaheuristic algorithms:

e Randomized initialization of candidate solutions in hyperdimensional search

space.

e Evaluate fitness of each solution in the search space with respect to an objective

function derived from problems.
e Navigate the candidate solutions towards global optima in the search space.

e Generate a new population of candidate solutions by performing learning pro-
cess which is different for every specific metaheuristic algorithms. For example,
genetic algorithm learns and upgrade the quality of population through evolu-
tion whereas particle swarm optimization does by accelerating the positions of

the candidate solutions towards the global solution.

e The algorithms iteratively improve the candidate solutions to generate nearly

optimal solutions until stopping criteria is met.

Most of the metaheuristic algorithms have their own structure for guiding the randomly
initialized candidate solutions towards the nearly optimal solutions. Note that the fit-
ness function of the metaheuristic algorithms is different for each problem. We employ
two popular algorithms, namely, particle swarm optimization and genetic algorithm to

address issues in collaborative filtering based recommender systems.
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2.3.1 Particle Swarm Optimization

Eberhart and Kennedy [38] introduced Particle Swarm Optimization (PSO) in 1995
as a metaheuristic optimization method that simulates the movement of a group of
animals. PSO is a metaheiuristic algorithm that imitates a group of flocking birds that
has an intelligent communication skill between them. In search of an optimal solution
for an optimization problem, PSO adopts the fundamental concept of metaheuristic
method mentioned in the previous section. A candidate solution is called as particle
in PSO. A swarm of particles is randomly initialized in the search space which move
around the space in search of an optimal solution. The particles are connected to
each other according to a social structure which is referred to as the neighbourhood,
so that the information collected by each particle is properly communicated among
the particles in the neighbourhood. The movement of the particles in the swarm are
guided by a cognitive component, a social component and the inertia in the velocity of

a particle, which are briefly explained below [7]].

e A cognitive component of a particle is obtained from the particle’s personal best
position y. Each particle maintains the best postion visited so far, which is called

as personal best position.

e A social component of a particle is obtained from the global best particle ¢. The
postion of the best particle in the swarm that the particle 7 is aware of is regarded

as the global best particle.
e An inertia component is obtained from the previous velocity of the particle.

The position of each particle is represented by particle;(t) where i represents the par-
ticle at time step . The movement of the particle is updated by adding a velocity vector
vel;(t) in the particle’s old position wherein the velocity vector drives the particle to-
wards the optimal solution with the influence from social and cognitive components.
The position and velocity update rules are given by Eqn and Eqn (2.15).

particle;(t + 1) = particle;(t) + vel;(t + 1) (2.14)

vel;j(t+1) = w.vel;; (t) + crirandy ;(t)(yi; (t) — particle;;(t)) + carands ; (t)(9;(t) — particle;;(t))
(2.15)
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where c; and ¢, are acceleration constants that control the rate of participation of so-
cial and cognitive components in the velocity update rule. The uniformly distributed
random values are represented by the variables rand, ;(t) and rands ;(t) such that
the values range from [0,1], and the inertia component in the velocity update rule is
represented by w. The random vectors rand, and rands, takes care of the stochastic

component in the algorithm. The personal best position y; of each particle 7 can be

evaluated as in Eqn. (2.16) [7]:

(t))

Y;
wy G

' (), if f(particle;(t+1)) > f(
plt+1) = {particlei(t +1),if f(particle;(t+1)) < f

where f represents the objective function of a minimization problem. The global
best position, ¢, which is the best postion of the particle found so far by the swarm can

be evaluated as given in Eqn (2.17):

9(t) € yo(t) - yn | F(G(1)) = min{f(yo(t)) - - fyn, (1))} (2.17)

Note that the best solution found by the swarm is never lost and is kept track in every
iteration. The psuedo code of the PSO framework is presented below:
1. Let D be the number of particles in the swarm.

2. Initialize the position of each particle particle; to a random vector.

3. If the position of the personal best particle is better than the global best particle
(yi(t + 1) < y(t)), then refresh the swarm’s best position.

4. Do until the stopping criteria is met:

(a) For particlesz =1,..., D, do

(b) Update the position and velocity of the particles by using Eqn (2.14| and
[2.15).

(c) The personal best position of each particle particle; can be computed by
using the Eqn (2.16)).

(d) The global best position can also be computed by using the Eqn (2.17)
which selects the best personal best particle.
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5. Finally, global best particle is the most optimal solution.

So far we have discussed only about the global best structure of PSO algorithm
wherein the whole swarm is one neighbourhood and all the particles are connected to
each other [7]. However, in local best structure of PSO the particles are connected
and communicated based on the topology adopted. Topology is the social structure
of the particles that determines how a particle moves around the search space and
which other particles are allowed to be communicated. The topology influences the
algorithm in exchanging information of the particles, and hence the rate of convergence
depends on it. Some well known topologies are a) Ring Topology b) Star Topology
¢) Wheel Topology and d) Cluster Topology. The possible termination conditions of
PSO algorithm also varies as it can be when 1) the algorithm iterates till a specified
maximum number of iteration or 2) when the global best position is not changed for a

number of iterations or 3) when a specified elapsed time is reached.

2.3.2 Genetic Algorithm

Genetic Algorithm (GA) [31] was officially introduced by John Holland in 1975 wherein
the algorithm simulates biological evolution which is a process of natural selection, to
artificial genetic systems to solve real-world complex problems. Genetic algorithm
follows the fundamental concept of metaheuristic as mentioned in Section2.3] A can-
didate solution is termed as chromosome in GA. Initially, a population of chromosomes
are randomly generated in a search space. In each generation, genetic algorithm se-
lects chromosomes based on a fitness value evaluated and reproduces better solution
by performing genetic reproduction operators such as selection, crossover and muta-
tion. Over successive generations, the population converges to global optima. The

main operators in the genetic algorithm are listed below:

e Encoding: The chromosome is represented by using an encoding process. The
solutions can be encoded in bit string, real numbers, arrays, matrix, trees, list

etc, based on the problem.

e Selection: Selection operator chooses a set of parents from the population to
perform reproduction operation. Based on Darwin’s theory of evolution which

is survival of the fittest, best solutions are assumed to survive and generate new
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solutions to solve the problem. Some well known selection operators are de-

scribed below.

— Roulette Wheel Selection: 1t adopts linear search approach in a circular
weighted wheel with the aim to find fitter chromosomes for mating. The
number of times the wheel is spun depends on the total number of chromo-
somes in the population. Each chromosome has a slot in the wheel which is
selected depending on the wheel’s marker in each spin. The selected chro-
mosomes are added to the mating pool for further generation. The variance

in the fitness of population controls the rate of evolution.

— Rank Selection: Roulette wheel selection will have issues when the fitness
value of the best chromosome is too high and occupies almost all face of the
wheel. The remaining chromosomes will have less chance to be selected.

Therefore, it is avoided by ranking the population based on their fitness.

— Tournament Selection: Unlike roulette wheel selection, a number of chro-
mosomes compete with each other to be selected for mating. The compe-
tition is based on the fitness value of each chromosome. The winner of
the tournament competition is added to the mating pool, and the competi-
tion continues until the mating pool is full. The mating pool of tournament
selection has larger average fitness population which makes tournament se-

lection more efficient.

e Crossover: Crossover process is a recombination process in the sense that the
selected fit candidate solutions are used to generate new solutions.It assumes that
recombination of fit solutions has higher chances of producing fitter candidate
solutions for further optimization. There are different ways to perform crossover
depending on the problem in hand. Some of them are explained below with the

assumption that the chromosome is represented as a bit string.

— One-Point Crossover: A point is chosen in the bit string of a parent chro-
mosome and the chromosome is separated into two parts. Two such chro-
mosomes exchange the separated part with each other and then recombines

to form two new offspring chromosomes.
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— Two-Point Crossover: Two points are chosen in the parent chromosome
that separates the chromosome into three parts. After that the contents be-
tween the two points in the chromosome is exchanged with another parent
chromosome and this leads to the generation of two new offsprings. The
advantage of increasing the number of points is to thoroughly search the
space though there is a risk of disrupting the good chromosomes in the

current population.

— Uniform Crossover: In uniform crossover, a randomly generated binary
crossover mask of length equal to the parent chromosome is used to take
the decision of recombining two parent chromosomes. Wherever the bit is
1 in the binary mask, the corresponding gene is copied from the first parent
chromosome, and when the bit is O the corresponding gene is copied from
the second parent. The binary mask is newly generated for each pair of

parents.

— Crossover Probability: A Chromosome Probability (F,) is employed to
determine how frequently crossover operation will be performed. There is
a possibility of no crossover operation and in such cases the parent chro-
mosomes is directly passed as offspring to the next generation for mat-
ing. However, it does not imply that the new population is the same, since
crossover operation assumes that some good characteristics of old chromo-

somes passes on to the offspring so that the offspring will be better.

e Mutation: Mutation operator is the one that maintains the genetic diversity in the
population by randomly modifying the chromosome. It helps the algorithm to
explore the whole search space. It also ensures ergodicity of the search space. If
a search space has a possibility of producing new solution from any population
state, then it is called ergodic. Some of the mutation operations are described

below.

— Flipping: A mutation chromosome is created to determine which bit of the
parent chromosome should be flipped to generate offspring. When the bit
is 1 in mutation chromosome, the bit in the parent chromosome is flipped
to O for offspring generation, and when the bit is 0, the bit in parent chro-

mosome is flipped to 1.
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— Interchanging: Two random points are generated in the parent chromosome

and the corresponding bits are interchanged to generate the offspring.

— Mutation Probability: A Mutation Probability (F,,) is employed to decide
how often the parts in the parent chromosome will be mutated.

The possible stopping conditions of the genetic algorithm are listed below.
e When the GA evolves till the specified maximum number of generations.
e When the specified elapsed time is reached.

e When there is no change in the fitness value.

2.3.3 Combining Metaheuristics with Collaborative Filtering

There have been research that talks about the combination of metaheuristic techniques
with collaborative filtering for addressing certain shortcomings of recommender sys-
tems. For instance, Shafiq Alam et. al [4, 22]] applied Particle Swarm Optimization
(PSO) to solve usage-based recommender system. S. Ujjin and P.J. Bentley [64] em-
ployed PSO to learn personal opinions of users’ and used it for recommending inter-
esting items to the user. Sagarika Bakshi et. al. [6] and Mohammed Wasid et. al. [66]
worked on enhancing scalability in collaborative filtering. Diaz-Aviles et.al. [20] used
matrix factorisation technique like SVD (singular value decomposition) for factorizing
the matrix which unfortunately is not the appropriate technique for factorisation when
the matrix has missing values. Assad Abas et. al. [2] presented a thorough survey on
how different computational intelligence techniques can tackle various issues related to
recommender systems but remained silent on any work incorporating particle swarm
optimisation or genetic algorithm with maximum margin matrix factorisation. Two
works that are relevant to our idea is the one that incorporates genetic algorithm with
MMMEF [47] and particle swarm optimisation with MMMF [19]. We found very lit-
tle research that analyzes the neighbourhood method in capturing the duality between
users and items with metaheuristic techniques. As mentioned earlier Pablo A.D. et.
al. [17] presented an immune inspired algorithm for biclustering in collaborative fil-
tering. C. Selvi and E. Sivasankar [57] employed a modified cuckoo search technique

by combining with fuzzy c-means in recommender system.
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2.4 Shortcomings of Collaborative Filtering

Though collaborative filtering approach is more accurate than content based approach
for recommender systems [43]], the collaborative filtering algorithms suffer from two

problems.

e Scalability: When we deal with real world data sets for testing the performance
or evaluation of a recommender system, the number of users and items present
in those datasets in terms of volume is huge. Moreover, only a few users rate
the items and that too only a few items are rated. Thus, the benchmark datasets
that is used in recommender systems is very sparse and yield poor accuracy.
A solution to mitigate this problem would be using techniques such as matrix

factorization or use content data in collaborative filtering algorithms.

e Cold start problem: The cold-start problem occurs due to the lack of interaction
of users/items with the system. For example, a recommender system cannot
make any recommendation for a new user in the system as the new user has not
made any interactions with any of the items already given. So, collaborative
filtering fails to suggest any item that matches with the users’ interest. Similarly,
an item cannot be recommended accurately to a user since no user has made
any interactions to the new item. One of the solutions for the cold-start problem
is to exclude those users and items for which there is not even a single rating

available.

2.5 Evaluation of Collaborative Filtering Algorithms

In order to evaluate the performance of collaborative filtering algorithms as well as to
analyse the performance of collaborative versus non-collaborative filtering algorithms
three crucial points need to be examined. They are 1) Datasets 2) Experimental Set-

tings and 3) Evaluation Measures.

2.5.1 Datasets

The collaborative filtering algorithms are evaluated by carrying out experiments on

datasets that have preferences of users (usually given as a feedback) over a set of items.
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Table 2.1: Statistics related to the datasets being used in this thesis

Dataset #users | #items | # Ratings
Movielens 100k 945 1682 100,000
Movielens 50k 447 1682 50,000
Movielens 10k 93 1682 10,000
Movielens 1M 6040 3952 1,000,209

The datasets that collaborative filtering algorithms evaluate is usually differentiated on
the basis of the feedback as being implicit or explicit. In the case of explicit feedback,
the user consciously discloses his/her preference for an item on a discrete numerical
scale. For example, a rating range of 1 — 5 indicates that the highest rating 5 for an
item is the most liked item and the lowest 1 being the least liked item. The implicit
feedback is deduced from users’ behaviour such as browsing history, purchase history
etc. In our experiments, we use benchmark datasets like Movielens [1]] and also extract
some smaller datasets from Movielens for further experimental ananlysis. Table (2.1)
describes the statistics of datasets based on the number of users and items. The details

of the datasets that are being used in our experiments are described below.

o Movielens 100k: The Movielens 100k dataset consists of 100,000 number of
ratings that ranges from 1 to 5 wherein 1 and 5 indicate the least and most pre-
ferred ratings respectively. The missing ratings in the dataset are indicated by
0. The ratings are provided by 943 users on a set of 1682 items. The dataset
has some additional movie information such as movie title, release date, IMDB
url, genre, video release date and users’ demographic information such as age,
gender, occupation and zip code. The dataset was debuted in September 1997
from a web-based recommender system. To make the dataset compatible with
research experiments, users are selected in such a way that all the users in the

dataset have rated atleast 20 items.

e Movielens 50k and 10k: The Movielens 50k and 10k datasets are extracted from
Movielens 100k dataset and contain 50,000 and 10,000 ratings, thus the datasets
have the same rating range. The Movielens 50k dataset has 447 users rated on
1682 items while the 10k dataset has 93 users rated on 1682 items.
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e Movielens IM: The Movielens 1M dataset has 1,000,209 number of ratings pro-
vided by 3952 users on a set of 6040 items. The ratings range from 1 — 5.

The Movielens 1M dataset also has same additional information as in Movielens
100k dataset.

2.5.2 Experimental Settings

In this section, we explain some of the intricacies involved in evaluating the perfor-
mance of recommender system algorithms and outline certain steps that needs to be
taken for a fair comparison. In order to compare the performance of two different
recommender system algorithms, it is necessary to fix controlling variables of the al-
gorithms. For example, if we want to compare algorithm P and algorithm () with
respect to prediction accuracy of missing ratings, and given that the algorithms P and
(@ are trained on different datasets, then it is difficult to conclude as to which algorithm
performs better. A solution to this problem is to train both the algorithms with the same
dataset or train the same algorithms on different datasets. The benefits and drawbacks
of popular evaluation approaches are explained below [58]].
1. Offline Experiments:

An offline experiment is executed on pre-collected dataset that has users’ opinions over
several items. The researchers use offline experiments extensively in recommender
system to evaluate performance of the algorithms and compare among them since the
offline experiments are simple and low cost. In offline experiments, it is assumed that
users’ future actions can be interpreted from past users’ actions through simulation to
make a reliable suggestion. Moreover, offline experiments are more suited for evalu-
ating prediction accuracy of algorithms as it analyses quantitative aspects rather than
subjective aspects as in the case of online experiments. To perform offline evaluation,
data is partitioned into two sections, namely training data and test data, wherein the

partitions are performed in following ways:

e Holdout: Test set is constructed by randomly selecting a group of existing ratings
from the entire dataset, and the rest of the ratings make the training set. For
example, test set can be constructed by randomly selecting 20% of the existing
ratings in the dataset and the training set is formed by the rest 80% ratings of the

dataset.
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e User-based Holdout: In this case, a fixed percentage of existing ratings from a
user’s past activity is randomly selected to construct the test set and the remain-
ing ratings form the training set. For example, 20% of the ratings provided by
a user is randomly selected as the test set and the remaining 80% ratings as the

training set.

Once the dataset is partitioned into test set and training set, the test set data is used
to cross check the prediction accuracy or relevance of the recommendations made by
the algorithms whereas the training set is used to make the algorithm learn to make
accurate predictions or recommendations. There are a few benefits and drawbacks of
employing offline experiments in evaluating recommender system algorithms.
Benefits:

e Offline experiments need not have any association with the real users and there-
fore allows it to make an affordable comparisons among several recommender

system algorithms as it is cost-effective.

e Offline experiments are suitable for evaluating quantitative aspects of the algo-

rithms such as prediction or recommendation accuracy.
Drawbacks:

e Offline experiments are restricted to quantitative analysis of recommender sys-
tems in terms of prediction or recommendation accuracy as real user associations
are not available. It cannot evaluate the algorithms in terms of subjective aspects
such as measuring how much the recommended list of items influence the users

or how much the recommended list is satisfactory etc.

e Offline experiments cannot expand possible changes in the preferences of real
users such as change in the users’ preferences over time since it assumes that the
past behaviour moulds the future behaviour. Therefore the recommended list of

items through offline experiments may not satisfy the user.

Thus, offline experiments are usually employed to select a small set of appropriate al-
gorithms mostly related to test costly user-studies. They are also used as part of online

experiments for tuning the parameter values and after fixing the parameter values in
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an offline mode, online experiment are carried out on the best tuned parameter of the
algorithm to make recommendations to real users.

2. User Studies:
Several recommendation algorithms rely on users’ association with the system and
therefore predicting a reliable association of users with the system is difficult. Some
researchers [40, 50] conduct user studies by hiring a set of test subjects and provide
them a recommended list of items to analyze their interactions with the recommended
list. While the subjects under test are getting associated with the system, their be-
haviour is observed and analyzed to interpret subjective aspects such as whether the
recommended list was accurate with respect to the user or how much time did a partic-
ular user spend on the recommended items or whether the test subjects were surprised
to see the items in the list etc. The test subjects are also provided questionnaires or are
surveyed to collect their opinions on the recommendations to get qualitative informa-
tion.

Benefits:

e [t is easy to observe influence of recommendations on users in user studies.
e Obtaining qualitative information is easy in user studies
Drawbacks:

e Though analyzing the users’ behaviour directly is easy to get qualitative infor-
mation, it is very expensive to execute the approach in terms of time or cost if
the test subjects are not volunteers. The approach has to be repeated as well to

make a reliable conclusion.

e If the test subjects do not represent the major pool of users in the real system,
there is a possibility that a kind of bias occurs in favour of a particular set of
users. When the test subjects are aware that they are involved in an experiment
especially in the case of paid subjects, it is most common that they are biased in

favour of the company conducting the experiment.

3. Online Experiments:
As mentioned earlier, offline experiments cannot determine correct influence of the

recommended list of items to a user unless the items are already consumed by the
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user. Note that a recommended item is determined irrelevant to the user in offline
experiments if the item is not included in the test set. However, the recommended
item may be relevant to the user but the offline experiment declares as irrelevant since
the item is not consumed by the user yet. It may be due to a scenario that the user is
not aware of the item. Also, offline experiment cannot achieve a true feedback from
user if the recommended item is unknown to the user. The possible changes in users’
preferences over time also cannot be obtained in offline experiments. To tackle the
problems mentioned, online experiments are executed wherein the users interacts with
the system in real time.

With online experiments, the subjective information of a user’s behaviour on a
recommended list of items is easily achieved. The subjective information could be
the amount of time a user spends on an item that is there in the recommended list or
it could be related to the newness/diverseness of the items in the recommended list.
Online experiments can also help in ranking the algorithms in the sense that a few
candidate algorithms can be compared to find which one is superior than the others.
It is a common observation in the recommender system community that the algorithm
that the users follow more frequently are determined to be superior than that of others.
Thus, several real world recommender systems perform online experiments to compare
multiple algorithms [41] to evaluate the performance by using user-centric metrics such
as number of views or number of clicks on a page etc. [24]. The random user selection
is the key to perform a fair comparison in such experiments.

Benefits:

e Online experiments capture the change in user’s preferences over time.

e Understanding the reason behind the users’ preference of an algorithm over oth-
ers leads to improving the quality of the recommender system. In other words,
user satisfaction in the recommended list of items determine the quality of rec-
ommender system algorithms. Online experiments gives the access to evaluate

the user satisfaction of a recommender system.

e [t is the only experiment that performs on direct interaction of real users with
the system. It can also evaluate overall system objective such as long term profit
or users’ continued interest in the recommended items and how these system

objectives depend on accuracy and diversity of the recommendations.
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Drawbacks:

e Online experiments are expensive when multiple algorithms are there to com-

pare.

e Online experiments are risky if the recommendations made in the past are not
accurate to the users’ interest. It may even have a negative impact which is

undesirable in e-commerce platform.

Therefore, it is suggested to perform online experiments with a few candidate algo-
rithms after an extensive offline experimentation to conclude the quality of a candidate

recommendation algorithm.

2.5.3 Evaluation Measures Discussion

The recommender system algorithms have several aspects to be considered while eval-
uating the quality of the algorithm such as the task for which the algorithm is designed,
the type of data the algorithm is designed to work with, etc. In the literature, several
researchers proposed multiple evaluation measures to judge the performance of rec-
ommendation algorithms according to different aspects. In recommender systems, the
evaluation measures are employed to analyze the performance of the candidate algo-
rithms and compare with the performance of existing algorithms. Based on the dif-
ferent perspectives of the recommender systems, evaluation measures are categorized
into two, namely Accuracy measure and Beyond accuracy measure.

1. Accuracy Measure:

The accuracy measure is the most popular measure used in recommender systems
as can be seen from the literature. Most of the researchers aim at evaluating the ac-
curacy of the recommendation algorithms because the prime objective of any recom-
mender systems is to either carry out prediction or recommendation. Thus, the task
of the recommender systems is categorized into two sections, namely Prediction Task

and Recommendation Task, for which different accuracy metrics are proposed [29,58]].

e Prediction Task: A recommendation algorithm that generates accurate prediction
of missing ratings is considered as an ideal algorithm in recommender systems

technology since the fundamental assumption is that the users’ prefer accurate
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predictions. Therefore, most of the recommendation algorithms adopt this as-
sumption to predict ratings to a value that is close to the true ratings. Once the
rating prediction is completed, the algorithm can be evaluated with respect to the

predictive ability by using predictive accuracy metrics.

Most of the ratings in recommender systems are in numerical range. The pre-
dictive accuracy metrics for numerical range evaluates how far the predicted rat-
ings is from the true rating by evaluating the difference between the two ratings.
There are two well known predictive accuracy metrics, namely Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE), to evaluate the perfor-

mance of a recommender system.

— Mean Absolute Error (MAE): MAE evaluates the average deviation of pre-
dicted rating from the corresponding true rating. It is described by Eqn.
@ where ¢ corresponds to test ratings, Y; corresponds to true ratings
and X; denotes the corresponding predicted rating:

1Y — Xi|

MAE = &i=1
i

(2.18)

— Root Mean Squared Error (RMSE): RMSE squares the deviation between
the predicted rating and the corresponding true rating and takes the squared

root of the average value. It is a metric that penalizes large errors. It is
described by Eqn. (2.19)

lt v w2
RMSE = \/ Zi=1(5|/;‘ X) (2.19)

Both the RMSE and MAE metrics are not suitable for top-N recommendation
task since these metrics compute errors for all the test ratings including the items
that are not included in top-N list. The users are not concerned about the errors of
other items which are not in top-N list. The difference between the two metrics is
that the RMSE would determine an algorithm A better when comparing with an
algorithm B if the algorithm A has smaller error over several test items whereas
MAE would determine that algorithm B is better since algorithm B has larger

error on the test items.
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e Recommendation Task: Recommendation task suggests a list of possibly inter-
ested items to a user which is the final goal of any recommender systems. Thus,
recommendation task requires to identify correct relevant items which can be

achieved by following two popular measures, such as Precision and Recall.

— Precision: Precision measures how many of the top /N recommended list
of items are relevant to the user. It is computed as a fraction of the relevant

items among all the retrieved items over the number of retrieved items.

relevant N retrieved
Precision = - (2.20)
retrieved

— Recall: Recall measures completeness of the recommendation. It is com-
puted as the fraction of relevant items among all the retrieved items over

the number of relevant items.

Recall — relevant N retrieved 2.21)

relevant

— Fl-score: Fl-score computes the harmonic average of the precision and

recall.

Precision - Recall
F1 =2. 2.22
seore Precision + Recall ( )

— Mean Average Precision (MAP): Mean Average Precision measures the
quality of recommendation across the levels of recall. When each item in
the top NV list is correctly recommended, average precision is computed at
each correctly recommended item for each user j. The average precision
calculated at each correctly recommended item is again averaged over the
set of users U where Rj; is the top [V results and m; is the number of

correctly recommended items [68].

vl
MAP(U) = %Z 1 Precision(R,y) (2.23)

The precision and recall are biased on the number of top N recommendations.

For example, if the number of retrieved items is much larger than the number
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of relevant items, then the precision value becomes very small. Whereas if the
number of relevant items is larger than the number of retrieved items, then we
will get low recall value. The Fl-score value is more reasonable when some

users have more ratings in the test set than others.
Beyond Accuracy

Coverage [25, 35, 58] : Coverage of a recommendation algorithm reflects the
wider range of items recommended to the users. A high coverage of a recom-
mendation algorithm may make the user trust the system. It measures the degree

to which top N recommended list covers the total number of items.

Lpr
Coverage = | ’; | (2.24)
where I,,. represents the group of predicted items and / represents the total num-

ber of items

Novelty [14] 135]: Novelty of a recommended item in RS corresponds to how
different the item is and need not necessarily be compared only with the set
of recommended items. The items with less number of ratings are likely to be

unknown to a user and recommendation of such items are considered as novel.

Unexpectedness [3)]: The concept behind unexpectedness is to recommend some
items that the user is unaware of. Though the definition of unexpectedness and
novelty is overlapping, they are distinguished in the sense that the recommended
items should be relevant but different from the user’s expectations whereas the
novelty of a recommended item is not defined with respect to users but with the
rest of the items.

Serendipity [35,44] : Serendipity is defined by the degree of interestingness and

unexpectedness of a recommended item.

Diversity [14} 135 58]: Diversity refers to a set of recommended items wherein
the items are different from each other. Unlike the measures mentioned above
which compute the metrics on a single item included in top N recommendation,

diversity is computed based on a set of recommended items.
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e Confidence [58]]: Confidence measures the degree of uncertainty in the predic-
tion/recommendation. A user may utilize the service of the recommender system

only based on the level of confidence attached to the items.

2.6 Summary

In this chapter, we have presented a brief introduction to the concept of recommender
systems and explained the strategies required to solve the issues that plague such sys-
tems. Among the several strategies that have been put forward for building a recom-
mender system like content based algorithms, collaborative filtering algorithms, hybrid
algorithms, our aim is to explore the collaborative filtering strategy as it needs only
rating data and do not need any additional information about users or items. We have
briefly discussed the approaches of collaborative filtering, such as model-based and
neighbourhood based methods. There are several similarity measures to find neigh-
bours of an active user in the neighbourhood method. We have described three such
methods and then discussed the importance of partial matching of preferences among
the users and items in neighbourhood method. Discovering such partial matching of
preferences among users and items by using different techniques is one of the contri-
butions of our research.

The role of metaheuristic optimization techniques is discussed and two popula-
tion based search algorithms are explained which are successful in solving real-world
complex problems. Our objective is to explore the powerful metaheuristic optimiza-
tion algorithms by combining with collaborative filtering since the metaheuristic algo-
rithms are good at finding optimal solutions even when only partial information about
the problem is available. In collaborative filtering, only partial information about the
user/item is available as the rating data given in the form of data sets is really sparse
and no other information about the problem is available. To achieve this end we fo-
cussed on two metaheuristic algorithms such as PSO and GA which is to be used in
our research. Finally, we have outlined the various evaluation strategies needed for
recommender systems and also described the datasets used in our experiments. Sev-
eral of the evaluation approaches as mentioned in the literature is discussed including
offline experiments, online experiments, user studies, and we also talked about their

benefits and drawbacks. In order to evaluate recommender system algorithms we also
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need specific metrics like precision and recall and we also discussed about various such

metrics available in the literature.
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Chapter 3

Metaheuristics for Matrix
Factorization

In the previous chapter we explained in depth about the various techniques being used
in building recommender systems and gave pointers on how a combined approach of
collaborative filtering and metaheuristic approached would fetch better results in terms
of recommendation accuracy. In this chapter, we propose a combined framework for
recommender systems based on collaborative filtering strategy by initially combing
it with a metaheuristic approach like Particle Swarm Optimisation(PSO). We make
use of the maximum margin matrix factorisation (MMMF) technique for collaborative
filtering and combine it withe three variants of particle swarm optimisation, namely,
gradient based particle swarm optimisation (GDPSO-MMMF), mutation based parti-
cle swarm optimisation(PSOm-MMMF) and hierarchical particle swarm optimisation
(HPSO-MMMF). Thereafter we combine MMMF with genetic algorithm (GA) and
outline the experimental results related to each one of the proposed method.

As mentioned in the previous chapter, maximum margin matrix factorisation is a
very popular technique for collaborative filtering wherein the rating matrix is discrete
valued and consists of only a small portion of the known ratings. The main idea is to
factorise the matrix into two latent factors (user latent factor/item latent factor) so that
the unknown ratings can be estimated form the product of the factors. The user and
item latent feature vectors consists of the degree of interest the user or item has for the
hidden latent features. For example, the user latent feature vector corresponds to the

preferences that the user has for the features of movies like comedy, history, musical,
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war etc. Similarly the item feature vector corresponds to the weightage of the features
that the movie has. In order to achieve the factorisation a loss function is optimised
wherein gradient descent or its variants are made use so that a near optimal solution is
obtained irrespective of the starting point. The metaheuristic algorithms such as PSO
and GA are exploratory in nature which enhance the traditional model-based collab-
orative filtering techniques like MMMEF with exploitatory nature of gradient descent.
The gradient descent approach may get trapped in local optima which is why we plan
to employ metaheuristic techniques. Our algorithm starts from multiple initial points
and uses gradient information and swarm-search as the search progresses. We show
that by this process we get an efficient search scheme to get near optimal point for

maximum margin matrix factorization.

3.1 Proposed Algorithms

A mentioned earlier, metaheuristic approaches such as Particle Swarm Optimization
(PSO) and Genetic Algorithm (GA) are popular population based search optimization
algorithms. In such algorithms, multiple possible solutions are initially randomly gen-
erated and scattered in a large search space. PSO algorithm has the potential to find the
nearest optimal solution by exploring different regions of the search space and gather
information from each particle (solution). The particles in a swarm act in a coordi-
nating manner and make the algorithm succeed in finding a nearest optimal solution
over subsequent iterations. Genetic algorithm on the other hand finds the nearest opti-
mal solution through evolution of a set of fittest chromosome by executing the genetic
operations.

Here, we combine the population based techniques, such as PSO and GA with
MMMF and propose four algorithms. Each proposed algorithm has a benefit over
the other in terms of finding the nearest optimal solution. In the first proposed algo-
rithm, we initiate our work with a typical PSO and integrate it with MMMF to find the
optimal factored matrices U and V. In the second proposed algorithm, we optimize
the previous framework by adding an operation called mutation which improves the
swarm diversity and this results in a better framework for finding the most optimal so-

lution, i.e. the low rank factored matrices U and V. In the third algorithm, we propose
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a heirarchical PSO based MMMEF in which a social structure of the particles is con-
structed based on a hierarchical tree structure wherein a neighbourhood is formed by a
parent with immediate children such that the parent becomes the local best particle in
the neighbourhood and the root of the tree represents the global best particle. Finally,
we explore GA with MMMF that differentiates the search of optimal solution from the
previous techniques like PSO. In MMMEF, the objective is to find two factored matri-
ces, U and V such that UV7 is as close to the true rating matrix, Y. To find the most
approximate factored matrices from a random set of matrices is a complicated problem
as the search space is huge. The idea here is to use meteaheuristic approaches in an
intelligent manner so as to reduce the search space. The benefit of using metaheuristics
approach in this problem domain is based on the possibility of starting the search from
multiple possible points in the search space. In this way, the search for the optimal
factored matrices is optimized.

A candidate solution of the swarm or genetic population is termed as a particle
or chromosome respectively. The candidate solutions of the swarm/population is a
user-item rating matrix X = UV7T wherein the best candidate solution would be the
optimal solution with the least fitness value. The fitness function of the proposed
algorithms is the objective function of MMMEF given by Eqn (2.5)). The optimal solu-
tion is the low ranked factored matrices UV T that possesses the least loss value since
the fitness function is a minimization problem. We represent the candidate solution
(particle/chromosome) as a single matrix P that is composed of the factored matri-
ces U and V. The columns of the particle/chromosome P are the user latent vectors
(Ui, Upa]" to [Upp, -+ ,Uypn]" concatenated with columns of item latent vec-
tors [Vig, -+, Via]" t0 [Vin, -+, Vym]' as shown in (3.1), where the user vector
[UM, - U f’ﬂT denotes the preferences of the user u; for the latent hidden features
of size from 1,2,3,--- , f. Similarly the item vector [V} 1, -, V}1]" denotes the de-
gree that the item 7, has for the hidden latent features of size from 1,2,3,--- , f. Note

that there are f hidden latent features. The potential solution is given by the Eqn (3.1).

Un - U Vi oo Vim

Potential Solution, P = (3.1)

U - Upm Vi oo Vin

The potential solution P equates an approximated user and item factored matrices U, V'
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such that the dot product of U, V should be close to the true rating Y, given by Eqn(2.1))
ie. Y ~ UVT. The quality of the potential solution P is evaluated by using the
optimization function of MMMF given by Eqn that uses hinge loss function with
aregularization term. The potential solution P is learned by using the gradient descent
defined by MMMEF in the Eqn (3.2)). The searching operation of the swarm/population
continues until the optimal potential solution P is found. The optimal solution is the
low rank factored user and item matrices that best approximates the true rating Y .

We proposed four matrix factorization based algorithms that are integrated with
different search techniques of the metaheuristics approach. The difference among all
the proposed algorithms is the searching behaviour of the optimal solution by different
heuristic approaches. The common components among the proposed algorithms are

listed below:

e The potential solution of MMMF is represented as a concatenated matrix of user
and item latent vectors represented by [Uy 1, -+ , U] to [Upp, -+ ,Uys,]" and

Via,-=,Via] " to [Vim, -+, Vi)' respectively, as shown in Eqn (3.1).

e The fitness of the potential solution is evaluated by using the optimization func-
tion of MMMF.

e The potential solutions are learned by using the gradient descent component of
the MMME.

e The optimal solution obtained from the metaheuristics technique is the user-item

factored matrices that best approximates the true rating.

3.1.1 Gradient Descent Particle Swarm Optimization based MMMF
(GDPSO-MMMF)

In this proposed method, a basic local best structure of PSO is adopted and combined
with MMMF to enhance the search of the optimal low rank factored matrices U and
V. The initial neighbourhood of PSO component is created randomly and the fitness
of each particle is evaluated and circulated. The particle with the best fitness in a
neighbourhood is selected as a local best particle that guides the remaining particles in

the neighbourhood. The local best particles of all the neighbourhood share their fitness
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value and the one with the best fitness value is selected as the global best particle of
the swarm. Eventually all the particles in a swarm are gradually directed towards the
globally fit particles which are defined by the global best particle. In the proposed
algorithm, the velocity factor in the position update rule of PSO is replaced by the

gradient direction. The new position update rule of U type of particle is given by Eqn

G2).

U = U — ol 32— (1= ) (Ub — UY)) 62)
The updation rule for V, © are similar to U. The range of ¢ is [0,1]. It can be seen that
if 9 = 1, then the method is the same as applying only gradient descent. On the other
hand when 6 = 0, the above equations are not equivalent to PSO search. The flowchart
of the proposed algorithm is presented in figure while the algorithm is stated in
the Algorithm ().

Algorithm 1: GDPSO-MMMF

Input: Matrix Y, partially observed known rating matrix.

Output: Matrix X, fully observed predicted rating matrix.
Initialization of Swarm (Initializing U, V and © matrices);
while (stopping criteria is not met) do
Evaluate fitness of the particles in swarm using J function given in equation (2.5);
for each neighborhood do
Find 1ocal best;
Update several particles with some probability, p, using equation(3.2));

end

Find global best (gb) particle of the swarm;

end

3.1.2 Particle Swarm Optimization with Mutation based MMMF
(PSOm-MMMF)

The previously proposed algorithm GDPSO-MMMEF keeps track of the historical opti-

mal position of the swarm. If the optimal position of the swarm does not change for a

number of iterations, then there is a possibility of having new optimal solution outside

the radius of the swarm and it may not be possible to find the new optimal solution due
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Particles in the swarm: Py P: Pa Ps Ps Pe.Po

\ Y Y Y Y Y Y

U.V.0) fitness function (Eqn 2.5) is computed for each particle in
o the swarm
fa fa f: fs fs fe fo
Y A Y Y A \J

Form neighbourhoods and find the local best particles

Y

Update particles in the neighbourhoods by using gradient
descent of MMMF given in Egn (3.2)

Y

Select global best particle J N

Is stopping
criteria met?

The global best solution is the optimal low-ranked factored
matrices UV

Figure 3.1: GDPSO-MMMF framework
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to the loss of diversity. Thus, we propose a modified algorithm that considers the odds
by including a component called mutation which increases the swarm diversity by re-
randomizing some particles of the swarm. The re-randomizing component increases
the diversity of the swarm and also maintains the memory of the swarm by preserv-
ing some good particles near the changed optimum [7]. Thus, the proposed algorithm
PSOm-MMMF extends the previous algorithm GDPSO-MMMF by having a mutation
component which enhances the exploratory nature of the algorithm and blocks from
possible premature convergence. If the optimal solution of the swarm does not change
for a significant number of consecutive times, MaxSame, and the radius of the swarm is
below a specified threshold, ThresRadius, then the position and velocity of the several
particles are re-randomised according to some mutation probability p, [7]. The radius
of the swarm, SwarmRadius, is defined by Eqn (3.3).

D
SwarmRadius = maxj_y._ Z(Pd — lbest;)? (3.3)
d=1
where D represents the number of particles in the swarm, k represents the number of
neighbourhoods, and Swarm Radius corresponds to the maximum Euclidean distance
between all the particles, P, and the historic optimal position of the neighbourhood,
lbest;.

The flowchart of the proposed algorithm is presented in figure for a better un-
derstanding of the algorithm and to explain the differences with the previous algorithm
GDPSO-MMMF. To make sure that the good particles don’t leave the interesting re-
gions of the swarm, a threshold, T'hres Radius, is employed in the proposed algorithm.
The proposed algorithm terminates when the mutation occurs for a MaxzSame
number of times that is set to 5 with no improvement further. The mutation is per-

formed in a probabilistic manner.
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Basic PSO
framework

Mutation to
increase swarnj
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Figure 3.2: PSOm-MMMF framework
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Algorithm 2: PSOm-MMMF
Input: Matrix Y, partially observed known rating matrix.

Output: Matrix X, complete predicted rating matrix.
Initialization of Swarm (Initializing U, V and © matrices);
while (True) do
Evaluate particles in swarm using J function given in equation(2.5));
for each neighborhood do
Find 1ocal best;
Update several particles with some probability, p, using equation(3.2));
end
Find global best (gb) particle of the swarm;
Evaluate SwarmRadius;
if gb repeats for MaxSame number of consecutive times and SwarmRadius is less

than a threshold, ThresRadius then
Re-randomize the position and velocity of some particles with the mutation

probability p ;
Update the new particles using equation(3.2));
end

end

3.1.3 Heirarchical Particle Swarm Optimization based MMMF (HPSO-
MMMF)

In HPSO-MMMF, we integrate the neighbourhood topology in the search space by or-
dering the particles structurally rather than assigning particles randomly as in the pre-
viously proposed algorithms GDPSO-MMMF and PSOm-MMME. The particles are
ordered in a hierarchical tree structure where a parent with their immediate children
forms a neighborhood, with the parent being the best particle in each neighborhood
[23]]. Each local best particle of a neighborhood also belongs to an immediate upper
level neighborhood as a child. The tree structure is shown in Fig (3.4). Rearrange-
ment of the particles in the tree is performed in each iteration such that it guarantees
to maintain the global best particle at the root while still maintaining the constraint
that the local best particle be the parent in each neighborhood. In this framework, this
model ensures that the best particle of a neighborhood influences the other neighbor-

hoods with which it is associated and the best particle of the swarm globally influences
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the rest of the particles in the swarm. Thus, it is possible to obtain the optimal so-
lution faster. The proposed algorithm is given in Algorithm (3)) and the flowchart in
Fig.(3.3). The algorithm terminates when either maximum iterations surpass a user de-

fined threshold or the global best does not improve for a certain number of iterations.

Algorithm 3: HPSO-MMMF
Input: Matrix Y ,partially observed known rating matrix.

Output: Matrix X, complete predicted rating matrix.

Initialize swarm (U, V and 6 matrices);

Create tree with the particles;

while (True) do

Evaluate fitness value for each particle using equation (2.5));

Rearrange the tree with parents having better position than their children in a
neighborhood;

Update Ulfest’ Vbtest’ Hiest;

Update U, Vi+1 9+ ysing ;

end

3.1.4 Genetic Algorithm based MMMF

In GA-MMMEF, we incorporate the genetic algorithm with MMMF with an aim to
exploit the survival of the fittest approach of the genetic algorithm. The possible solu-
tions, namely chromosomes, are encoded in value encoding. The representation of a
chromosome is shown by Eqn. such that the values in U part corresponds to the
degree of preference the user has with respect to the corresponding features whereas
the values in V' part shows the degree of a feature the movie has. In Crossover genetic
operator, two points are randomly generated in the chromosome where one point lies
in the U component and the other one in the V' component. The two points are selected
in the above manner to make sure that the factor matrices U and V' are fully engaged
in the genetic operations. In Mutation operator, some randomly selected chromosomes
based on mutation probability of the population are updated by using gradient descent
as in Eqn (2.7). For simplicity, we have presented the flowchart of the proposed algo-
rithm in Figure (3.5).
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[ Particles in the swarm: P, P. P: Ps Ps PsPo
Y Y Y Y Y Y Y
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Figure 3.3: HPSO-MMMF framework
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Figure 3.4: Heirarchical Tree Structure of neighbourhood topology

Algorithm 4: GA-MMMF

Input: Matrix Y ,partially observed known rating matrix.

Output: Matrix X, complete predicted rating matrix.
Initialize population (U, V" and 6 matrices) ;
Evaluate the fitness values of the chromosomes using equation ;
while (True) do
Select parents using tournament selection operator;
Reproduce offsprings using crossover and mutation operator. Apply gradient
descend given in equation in mutation;
Selection for the survival of the fittest;

end

3.2 Experimental Settings and Results

Experimental analysis of our proposed algorithms has been carried out on a benchmark
dataset called Movielens. Movielens consists of 100,000 ratings in the range of 1 to
5 such that the least number, 1, shows the least preference while the largest number,
5, shows the highest preference. The missing ratings are represented with a O entry.
We also conducted experiments on smaller datasets such as 10k and 50k ratings, ex-
tracted from the 100k ratings Movielens dataset. The movielens dataset is constructed

in such a way that each user has rated at-least 20 movies. The dataset was collected by
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Figure 3.5: GA-MMMF framework
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3.2 Experimental Settings and Results

University of Minnesota under the project name Grouplens ﬂ The experiments were
performed on Microsoft Windows 8, 64 bit Intel Core i3 and Matlab tool was used. In
our experiments, we split the data randomly into two partitions, such that 80% forms
the training set and 20% the test set. Since we are concerned with improving the ac-
curacy in the rating predictions, we used popular metrics such as Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE). As is well known, smaller values of

the accuracy metrics represent better performance of the algorithm.

3.2.1 Parameters Settings

In the proposed algorithms, the population size, D, is set to 50. The genetic probability
is set to 0.7 so that when the genetic probability is below 0.7 crossover operation
is executed and when it is above 0.7 mutation operation is executed. Experimental
ananlysis of the proposed algorithms were carried out with different number of latent
features f such as 10, 50 and 100, to fix it at a value that gives the most accurate
result. The value of f was set to 100 and further experiments were conducted with
this fixed value. The size of the particle/chromosome, P, is the total number of users
and items, and f, is the number of columns and rows respectively. For example, the
size of particle/chromosome, P, for 100k dataset is 943 + 1682 = 2625 and 100 is
the number of columns and rows. In the proposed algorithms (I]and [2), the number of
particles to be updated are defined by multiplying the probability p with the population
size wherein the parameter p is set to 0.3. The parameter T'hres Radius which is used

to indicate acceptable radius of the swarm is set to 100.

3.2.2 Results and Analysis

The results of the proposed algorithms and comparison of the proposed algorithms with
the base algorithm (MMMEF) are presented in figures and tables (3.1]3.2).
The figure[3.8|presents the graphs comparing the results of all the proposed algorithms,
in terms of RMSE and MAE, with respect to the base algorithm across a number of
generations. We can see from Fig. (3.8) that the results obtained by the heuristic search
based MMMEF outperform the traditional MMME. Among the proposed models, the re-
sults obtained by GDPSO-MMMEF, PSOm-MMMF and HPSO-MMMF are better than

http:/fgrouplens.org/datasets/movielens
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GA-MMMF as the GA based algorithm took longer time to converge to a nearly opti-
mal solution as compared to the PSO based proposed models. We observe from Fig.
that the proposed model, PSOm-MMME, starts achieving a lower error rate from
early generations as the re-randomizing component of the model is able to capture the
nearly optimal solution from early generations. All the three variants of PSO based
proposed algorithm ultimately converge to a similar optimal solution while the differ-
ence being that which model converges faster. Similar behaviour is observed on the
10k (Fig. [3.6) and 50k (Fig. MovieLens dataset with all the proposed algorithms
with some exception of premature convergence.

Tables and present results related to RMSE and MAE values of our pro-
posed algorithms as compared against the base algorithm(MMMF) and another closely
related work[19] on benchmark Movielens datasets of 10k, 50k and 100k. The results
depicted in the tables show that the proposed combination of population based search
and matrix factorisation method performs better than the base MMMF model. We
sometimes observe similar performance from the proposed algorithms PSOm-MMMF
and GDPSO-MMMF as can be seen from the experimental results. The reason of
obtaining similar performances of the two proposed models is that even though we
randomly re-initialized several particles based on the satisfactory criteria of mutation
operation, the fitness of the best solution of the previous iteration is better than newly
initialized solution of the new search space. In Tables [3.1)and [3.2] we also compared
our proposed algorithms with an earlier work [19]. We observe that the performance
of our proposed algorithms are better as compared to that of [19] as our proposed
algorithms have more advanced framework such as neighbourhood topology, PSO
based mutation operation and Genetic Algorithm as compared to the simple global
best framework of PSO being combined with MMMEF in [19].
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Figure 3.6: RMSE and MAE for MMMF, GDPSO-MMMEF, PSOm-MMMF, HPSO-
MMMF and GA-MMMF for 10k dataset
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Figure 3.7: RMSE and MAE for MMMF, GDPSO-MMMF, PSOm-MMMEF, HPSO-
MMMF and GA-MMMF for 50k dataset
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Figure 3.8: RMSE and MAE for MMMF, GDPSO-MMMEF, PSOm-MMMF, HPSO-
MMMF and GA-MMMF for 100k dataset

Size | MMMF | GDPSO- | PSOm- | HPSO- | GA- PSO-
MMMF | MMMF | MMMF | MMMF | MMMF
[19]
10k 1.82 1.033 1.06 1.13 1.21 1.63
50k 1.7 1.02 1.03 1.06 1.14 1.53
100k | 1.645 1.08 1.03 1.05 1.27 1.34

Table 3.1: Comparison of the proposed algorithms with MMMEF and [19] in terms of

RMSE for different dataset sizes.

Size

MMMF GDPSO- | PSOm- HPSO- GA- PSO-
MMMF | MMMF MMMF | MMMF | MMMF
[19]
10k 1.07 0.75 0.78 0.78 0.87 1.25
50k 1.32 0.74 0.73 0.74 0.82 1.12
100k 1.266 0.785 0.751 0.74 0.94 0.95

Table 3.2: Comparison of the proposed algorithms with MMMEF and [19] in terms of
RMSE for different dataset sizes.

3.3 Summary

We outlined a framework for combining metaheuristic techniques like particle swarm

optimisation and genetic algorithm with matrix factorisation based collaborative filter-

57



3.3 Summary

ing methods. We have demonstrated how this combination can improve the accuracy
of a recommender system in terms of RMSE and MAE. Our main objective was to
employ different variants of heuristic based optimization techniques with maximum
margin matrix factorisation and observe the corresponding improvements. The im-
provement of heuristic based MMMF models is due to the fact that promising solutions
are achieved in lesser iterations. This is because of the characteristics of the particle
swarm optimization approach wherein we have several possible solutions scattered in
the search space to start with. The potential for searching optimal solutions at different
regions parallelly is also there and exchanging information with each other makes it
possible to guide themselves to the optimal solution efficiently in lesser iterations. Sim-
ilarly, genetic algorithm also maintains several possible solutions scattered in search
space wherein only the fittest chromosomes reproduce and evolve and thereby the po-
tential of getting promising solutions faster is possible. When the exploration capabil-
ity of population based search algorithms is combined with gradient search direction
of MMM, the proposed models are able to achieve accurate prediction of missing rat-
ings. We have shown improvised variants of PSO based MMMF that outperform the
base PSO and the base MMMEF. Though GA based MMMF have not shown the most
promising results, it improves the base MMMF by influencing the gradient search of
MMME. We are convinced from our extensive experiments that a combined approach
of metaheuristics with matrix factorisation models helps in yielding better accuracy in

recommender systems.
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Chapter 4

A Two-Step Process of Discovering
User-Item Subgroups Using
Metaheuristics in Neighbourhood
Method

In the previous chapter we have seen how matrix factorisation methods like maximum
margin matrix factorisation can be combined with metaheuristic techniques like par-
ticle swarm optimisation and genetic algorithm. Our experimental results revealed
that the prosed methods are better in terms of RMSE and MAE. Unlike matrix factor-
ization, neighbourhood based collaborative filtering exploits similarity of a group of
users/items while predicting the missing ratings. The neighbourhood methods rely on
interactions between users, or alternatively between items. The fundamental assump-
tion in neighbourhood method is that once certain users with similar preferences are
found based on some similarity in the items they like, then they will have similar tastes
on all the remaining items. However, this concept is not entirely tenable as it is not
reasonable to consider that two users will have similar tastes on the entire set of items
because of having similarity between only a subset of items [68]]. Using such infor-
mation in prediction computation tend to degrade the performance of the algorithms.
Moreover, one’s preferences generally revolve around some topics rather than on every
available topics and it is more reasonable to assume that a group of users are more rel-

evant on a subset of items. In this chapter, we focus on discovering highly correlated
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set of users based on a subset of items rather than using the entire information of simi-
lar users in prediction computation. Identification of such subsets of information from
massive data sets is a popular approach in estimating missing values of the data matrix
in domains such as bioiformatics [[15]]. We call the group of users that has similar tastes
on a subset of items as correlated user-item subgroups.

In this chapter, we propose algorithms that discover the correlated user-item sub-
groups and employ the discovered information in the prediction of missing ratings by
using the least squares approach. Least squares (LS) approach [13, [15, 28, 39, 63]
have been successfully applied to estimate missing values of data matrix as can be
seen from the literature. Our objective is to discover highly correlated user-item sub-
groups in neighbourhood based collaborative filtering and predict the missing ratings
by using the rating information of the subgroups with the least square method. In this
chapter, we propose four algorithms that are centered on discovering the most corre-
lated user-item subgroups by making use of different techniques. All the four proposed
algorithms have a common structure of three steps in which the first step finds a group
of similar users for the target user, the second step discovers a subset of similar items
based on the preferences of the selected similar group of users, and the last step is the
prediction computation. The four proposed algorithms are different in the second step
that discovers the subset of similar items. The proposed algorithms explore different
techniques such as 1) using a threshold to check the correlated degree of the subgroups,
2) leverage metaheuristics approach like GA in searching for highly correlated user-
item subgroups, 3) flexible number of similar users for each target user based on their
similarity degree and 4) a hybrid of the above.

The Sections and subsections of this chapter are organized as follows. The least
squares imputation approach for collaborative filtering is discussed in Section In
Section [4.2] we outline the four algorithms that has been proposed. This Section has
been divided into four subsections wherein subsection {.2.1] describes the first algo-
rithm that is threshold based and subsection[d.2.2] presents the second algorithm which
is a metaheuristic based collaborative filtering algorithm. The third subsection
presents the third proposed algorithm which is iterative based, and the fourth algorithm
that is a hybrid of iterative and metaheuristic based algorithm is presented in the fourth
subsection. Experimental results related to all the four proposed algorithms are
outlined in Section[4.3]and with Section 4.4 we conclude the chapter.
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4.1 Background: Local Least Squares Imputation of Collaborative Filtering

4.1 Background: Local Least Squares Imputation of

Collaborative Filtering

In the literature, several researchers have employed Local Least Squares Imputation
framework in prediction of missing entries of a data matrix [[13} 15, 28, 39]. In this
section, we formulate the least squares approach for prediction in order to suit the
traditional collaborative filtering method. The prediction of the missing entries in a
partially observed user-item rating matrix can be performed by identifying the local
correlation of the user-item matrix. Therefore, the framework is named as Local Least
Squares imputation of Collaborative Filtering, (LLSimCF). The missing entries of the
user-item rating matrix are initially filled with row-wise averaged value to simplify
the problem. The fundamental steps of LLSimCF framework to predict the unknown

ratings of the data matrix are given below.

1. Discover similar users, u§ € R'™", 1 <1i < k.

2. Prediction of missing ratings by using least squares method

Load partially Prediction of e allcolssived
cbserved | Foreach || |Find similar| | ratings by using d}'r-:t d ra
user-item rating active user users entire consumed R b
matrix. Y. items P, 3.

Figure 4.1: Block diagram of LLSimCF

Figure (4.1) shows the block diagram of LLSimCF.

4.1.1 Discover similar users

The first step in typical neighbourhood method is to discover a group of similar users
for an active user by considering the entire consumed items of the active user. So,
we first discover £ most similar users for each active user by identifying mutual pref-

erences of the users. Different similarity measures have been used, such as Pearson
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4.1 Background: Local Least Squares Imputation of Collaborative Filtering

correlation, adjusted cosine similarity and Euclidean distance. The definitions of the
similarity measures are explained in Section of Chapter 2. The selected k£ most

similar users of an active user are represented by ug € R 1 <i<k.

4.1.2 Prediction of missing ratings by using least squares method

In prediction computation, the rating information obtained from the similar users ug
are used with Least Squares (LS) approach in order to predict missing ratings for the
active user. To predict p missing ratings with the LS approach, we generate two ma-
trices A € RF*(™=P) and B € R**? and a vector w € R(™~P)*! based on the k most
similar users [39]]. The matrix B is constructed by using ratings of the similar users
ugl for the items unknown to the active user. The matrix A is constructed by using
ratings of the similar users u$ for the consumed items of the active user. The vector
w consists of known (m — p) ratings of the active user. A vector a of an active user
represents the missing ratings of the items, such that a = (o, ag, -, ap)T. Hence,

the rating information of an active user u; is represented by eq. (4.1).
ul = [a7 w’) 4.1)
Similarly, the rating information of & similar users is given by eq. (4.2).

ug
= [B 4] 4.2)

T
uSk

Now, we represent the rating information of the active user and &£ most similar users

by using Eqn. (#.3).

T
Uy

T T
ug, _ a w 4
(B A ) 4.3)

T
’LLSk
In order to predict missing ratings of the active user, the least square problem is formu-

lated as in Eqn. (4.4) where x is a vector with the coefficients of linear combinations.

min ||AT 2z — w]| (4.4)
x
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4.1 Background: Local Least Squares Imputation of Collaborative Filtering

The missing ratings of the active user can be predicted by using rating information of
the £ most similar users and the coefficients of linear combination found by LS formu-
lation [39]]. Thus, the missing ratings represented in vector a = (ay, g, - -+ , )" can
be predicted by using Eqn. (4.5) which is derived from LS formulation, where (AT)f
represents the pseudoinverse of A7,
aq
a= : = BTz = BT (AT)Tw (4.5)
ap
Let us take an example with two unknown ratings «; and o, and represent the example
using Eqn. (4.3). Let the number of consumed items be denoted by consumed where

consumed = m — 2.

u? aq (0%)] w1 w2 w3 Weonsumed
ul By Bip Ain Aig A1z Al consumed
1 — . . ‘ ) ) (4.6)
T
ug, Bri Bra Api Ar2 Ars  Akconsumed

The unknown ratings «; and a5 can be predicted by using matrix B and the coefficients
of linear combinations z. uf, to ugk are k similar users of the active user u;. o; and

a5 can then be given as

Q] = Bl,lfﬂl + ngll’z +---+ Bk,ll'k
Qo = BLQSUl + BQ}Q:CQ + -+ Bk’gxk

The local least square imputation framework, LLSimCF gets the advantage from the
rating information of similar users in the optimization step of the LS approach. Let
us take an example to elaborate the prediction formulation of the least square method.
Consider a partially observed user-item rating matrix Y € R**" such that the number
of users and items are 4 and 7 respectively and the users and items are represented in
rows and columns respectively. Each entry cell of the matrix corresponds to the rating

of the respective user given to the corresponding item.

u1 533300 3
us | 4300514
us | [ 0411420
Us 54 4011 3
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For instance, let the active user be u; and the number of similar users k£ be 2. The two
most similar users of the active user are us and uy4. Initially, we fill the missing entries

of the matrix with the row-average value, and then the rating matrix is as given below:

u 5 33 3 34 34 3
up | 334 345 1 4
us | [ 24 41 1 4 2 24
Uy 5 44 3 1 1 3

Note that the active user has two missing ratings in the original rating matrix. Thus,
the two missing ratings, a = (v, a2)7, are represented by a vector a. Now, we repre-
sent the rating information of both the active user and the similar users by using least

squares formulation which is given by Eqn. (4.6):

uf ap a2 5 3 3 3 3
ud | =1 5 1 4 3 34 34 4
ul 1 1 54 4 3 3

From eq. (#.4), we obtained coefficients of linear combinations such as z; = 0.2941
and x5 = 0.6275. Thus, the missing ratings o and a» can be imputed by computing
the following

o = Bl,lxl -+ 32711'2 =5x0.2941 +1 x 0.6275 = 2.098
Qg = Bl,gl’l + B2’2x2 =1x0.2941 4+ 1 x 0.6275 = 0.9216

Thus, oy and v are predicted as 2 and 1 respectively.

4.2 Proposed Algorithms

The framework LLSimCF described in the previous subsection predicts unknown rat-
ings of user-item rating matrix by using rating information of similar users. Note that
the prediction procedure in LLSimCF considers entire consumed items which may in-
volve irrelevant items with reference to the corresponding active user, thereby resulting
in a possibility of obtaining less accurate prediction. To solve this problem, we pro-

pose a novel framework that discovers a highly correlated user-item subgroup for each
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active user and then the rating information of the discovered subgroup is used in the
prediction by using the least square method. We propose four algorithms related to our
proposed framework which helps in predicting the missing ratings by considering only
highly correlated user-item subgroups. The subgroup is constructed by making use of
a Two-Step Process as given below:

(1) A set of similar users are selected through a similarity measure that considers
the entire consumed items of the active user.

(2) The proposed algorithm discovers a subset of highly correlated items based on
the subset of users from step 1.

The discovered subset of users and items construct a subgroup which has useful in-
formation for a possible accurate prediction of the missing ratings. The users and items
in the subgroups may belong to multiple subgroups. The generalized block diagram
of the four proposed algorithms is shown in Fig. (4.2) and the differences of the four
proposed algorithms are highlighted in the inner block such that the construction of
correlated user-item subgroup is presented. The basic steps of the proposed algorithms

are:
1. Discovery of a set of similar users by using similarity metric.

2. Discovery of a subset of similar items from the consumed items of the selected
similar users by using different techniques according to each proposed algo-

rithm. Thus, correlated user-item subgroups are constructed.

3. Prediction of the missing ratings by using the least square framework based on

the discovered correlated user-item subgroup.

Unlike LLSimCF framework, all the four proposed algorithms follow three basic steps
to compute the prediction. Step 1 and 3 are similar to the explanation of step 1 and 2
of LLSimCF framework in the previous section except that the least squares method
will be applied on only the correlated subgroups. Our proposed algorithms make use
of the step 2 which is explained in subsections #.2.1|to[4.2.4] namely SLLSimCF, GA-
SLLSimCF, ISLLSimCF, and I-GA-ISLLSimCF. The block diagram of the proposed
framework is shown in Fig.(d.2). The block diagram clearly shows the additional block
of the proposed framework as compared to the underlying LLSimCF algorithm. The
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Construction of user-item
subgroup

Prediction of
missing

Find subset of
Foreach | || Find similar| | correlated

ully observed

_ A - B J :
useritem rating active user users items and form ratL:r:igns:gb)f preﬂgtﬁi r;tmg
matrix, Y. sbgeuR subgroups

Figure 4.2: Block diagram of the proposed method

addition is the block related to the construction of user-item subgroup which is the goal

of the proposed framework.

4.2.1 Subgroup based Local Least Squares Imputation of Collab-
orative Filtering (SLLSimCF)

This proposed algorithm discovers correlated user-item subgroup by using a threshold
that determines the accepted degree of correlation of the user-item in the similar user’s
profile. The proposed algorithm is termed as Subgroup based Local Least Square
imputation of CF algorithm, (SLLSimCF). Once the correlated user-item subgroups
are discovered, the proposed algorithm predicts the missing ratings by using the least
squares method with the information of the discovered user-item subgroups. Note that
the proposed algorithm considers only highly correlated user-item subgroups in pre-
diction computation in order to achieve higher accuracy as compared to the underlying
algorithm that considers the entire consumed items including irrelevant information.
As mentioned earlier, initially the set of £ similar users of the subgroup is discovered
by using popular similarity measures and then the subset of similar items based on the
selected £ similar users is discovered by using the following technique. A new matrix
R is generated that consists of rating information of the & similar users[15]. The matrix
R is shown by Eqn. (4.7)

R=B"A (4.7)

To select a subset of highly correlated items from the consumed items of the active
user with respect to the missing entry at j** column, the uncorrelated items from the
k similar users are removed by using eq. (4.8). The rating information R of k& similar

users is compared with the threshold, 6, to determine the degree of correlation of the
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subset of items.
T = (rj,max + rj,min)/Q

0=1—(1/3)

where 7 1,4, and 7 1,4, correspond to maximum and minimum value in row j. The user

(4.8)

J with respect to item v is classified as correlated if r;,, > 6 where r;,, denotes (7, v)
entry of the R matrix. The minimum correlation allowed is the threshold #. The items
with higher correlation are the ones to be discovered and is our prime focus whereas the
items with lower correlation are considered as irrelevant items and removed. Through
this process, a set of highly correlated items are discovered. The active user with

correlated items are represented by Eqn. (4.9)
u = oy w]] (4.9)

where «; represent j" missing rating of the active user and w]T represents known
ratings of the active user u! for the items that are correlated with the j** missing

column. The ratings of the subset of selected items for the & similar users is represented

by Eqn. @.10)
T
ug,
: = [b; Aj] (4.10)
ug,
where b; represents ratings of k similar users for the ;%" missing column and A; denotes
the ratings of the selected subset of correlated items of the £ similar users. The least

squares formulation with respect to user-item subgroup is given by Eqn (4.11)).
min || ATz — wj|| (4.11)
Therefore, j'" missing rating can be predicted as
— — T\t
oy = bj[E = bj<Aj ) w; (412)

Now, the missing ratings of the active user can be predicted as explained in the above
example. The proposed algorithm is described in algorithm (3). The proposed algo-
rithm (5)) terminates when all the missing ratings are imputed for every user by using

LS framework.
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Algorithm 5: SLLSimCF

Input: Matrix Y, partially observed rating matrix, k, Tp
Output: Matrix X, fully observed predicted rating matrix
Find k nearest users for each active user by using a similarity measure;
for each active user do
Create two matrices A and B and a vector w;
Perform R = BT A;
for each missing entry j do
Identify correlated subset of items by using eq.;
Create new matrix A; according to the selected subset of items;
Create vector bj;
Apply LS method by using b;, w; and the new A; to predict the missing ratings;

F;rlally, a fully observed predicted rating matrix X is obtained.

4.2.2 Genetic Algorithm oriented Subgroup based Local Least Squares
Imputation of Collaborative Filtering (GA-SLLSimCF)

Here, we propose a metaheuristic based algorithm, named as GA-SLLSimCF (Genetic
Algorithm oriented Subgroup based Local LS imputation of CF), that discovers highly
correlated user-item subgroup through genetic algorithm for each active user. The least
squares method is used with the retrieved subgroups to effectively predict the missing
ratings. As mentioned above, the proposed algorithm, GA-SLLSimCeF, first finds &
similar users by using a similarity metric. Then, a subset of highly correlated items
based on the set of £ similar users is discovered by using GA that constructed the de-
sired user-item subgroup. The proposed algorithm applies LS framework with the dis-
covered user-item subgroup in order to predict missing ratings of the rating matrix. The
user-item subgroup can be considered as a sub-matrix where rows represent users and
columns represent items. The degree of correlation of the items in the subgroup is de-
termined by mean squared residue score. Note that the word subgroup and sub-matrix
are used interchangeably as they represent the same meaning. The characteristics of

GA regarding the proposed algorithm is explained in the following subsections.

4.2.2.1 Encoding of chromosome

The candidate solutions of the population are also termed as chromosome. Binary

encoding is used to encode the chromosome such that the length of the chromosome is
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denoted by len in which [en is the number of consumed items of the active user. The bit
1 in the chromosome represents selection of the corresponding consumed item whereas
bit O represents that the item is irrelevant. Each chromosome represents a subset of
correlated items for an active user. Let’s take the example from earlier subsection 4.1.2,
namely Prediction of missing ratings by using least squares method, in which the user-
item rating matrix Y € R**7 is considered. Here, the number of consumed items, len,
is 5. A new matrix is constructed such that rating information of the remaining users
for the consumed items of the active user are considered. The new matrix is shown

below.

Uy > 33 3 3
up | | 4 3 35 35 4
ug | | 24 41 1 24
Uy 5> 4 4 3 3

If a chromosome is encoded as 00111, it means that three consumed items, i3, i4, 25,

are selected.

o JoJtt]t |

The sub-matrix associated with this chromosome is shown below and is highlighted
in bold letters in which u; is the active user and us, u4 are the similar users. Similarly,

there are several sub-matrices in a population associated with each chromosome.

Uy 5 33 3 3
uy | [ 4 3 35 35 4
us | T 24 41 1 24
Uy 5 44 3 3

4.2.2.2 Quality of chromosome

At this stage it stands to reason, how the quality of a chromosome discovered by GA

can be evaluated by using the two measures [10] given below.

1. Mean squared residue:

Mean squared residue evaluates the degree of correlation of an item with the
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remaining items in a subgroup. The value of the residue and correlation rate of
the item are inversely proportional. The smaller value of residue shows a high
correlation of the items, hence better quality of the user-item subgroup. The
quality of subgroup can be defined by the mean squared residue of all the items

in the subgroup. The mean squared residue of subgroup S x 7T is evaluated as

1
msrgy = W Z (st — T — Tgt + TsT) (4.13)
’ sESteT
In the Eqn. @.13), x4 corresponds to mean row, zg; corresponds to mean col-

umn and x g7 corresponds to mean of all entries in the subgroup.

2. Row variance:
The row variance guarantees that the subgroup allows users to express diverse
preferences yet correlated across some set of items. It is defined by eq. (4.14).

ZsGS,tET(xSt - wsT)Q
|S].IT|

(4.14)

variancegy =

4.2.2.3 Fitness function

The quality of a chromosome is determined by evaluating the fitness function of the
chromosome which is the objective function of the problem. The fitness function is
a minimization function, and is given by Eqn. @#.15). The fitness value determines
the degree of correlation of the user-item subgroup. The lesser the fitness value, the
better the quality of a subgroup is. A subgroup having a good quality means that the

correlation among the users on the set of selected items is strong.

msr(C) N 1

5 variance(C')

f(C) = (4.15)
where msr(C') and variance(C') represent mean squared residue and row variance of
chromosome C respectively. The ¢ is a user-defined upper boundary of the acceptable
dissimilarity of the subgroup. Since the fitness function is a minimization function,
mean squared residue is expected to be a small value as it is in the numerator and the

row variance to be a large value as it is in the denominator so as to make the selected
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subgroup a good candidate by having a small fitness value. Row variance of a subgroup
makes sure that the preferences of the users fluctuate but is correlated across a subset

of items. Note that the best subgroup in the population has the smallest fitness value.

4.2.2.4 Genetic Operators

Genetic operators in GA consists of three main operators, namely selection, crossover
and mutation operators. In selection operator, tournament selection is used in which
default size of the number of the candidate solution in a tournament is set to two. It
means that two chromosomes are randomly selected and their fitness values are com-
pared among each other. The chromosome with the smaller fitness value is selected
as parent, and kept in mating pool to generate offspring for the next generation. Se-
lection process is repeated several times until the mating pool is fully-filled. After the
selection process, the selected chromosomes from the mating pool participates in the
recombination process which are crossover and mutation operator.

In crossover operation, one-point crossover method is employed to recombine the
parents and form offsprings. In mutation operation, bit-flip mutation process is em-
ployed to get a diverse population in the search of nearly optimal solutions. Finally,
fitter chromosomes from the mating pool and original population are selected to evolve
in the successive generations. The elitism concept is adopted to make sure that some
percentage of good chromosomes are passed on to the next generation with the as-
sumption that current population has some good characteristics to descend to future
generations.  The parameter values are given in section 4.3.2] namely Parameters
Setting. The proposed algorithm is given in algorithm (6). Note that the proposed
algorithm employs GA for each active user in searching correlated subset of items.
The GA part of the proposed algorithm terminates when the user-defined parameter,
mazx — iteration, is satisfied. Finally, the proposed algorithm terminates when all the

missing ratings of the users are predicted.

4.2.3 Iterative Subgroup based Local Least Squares Imputation of
Collaborative Filtering (ISLLSimCF)

In this proposed method, we tune the algorithm to behave in an iterative manner by

selecting different k& similar users for each user and passing the current predicted ma-
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Algorithm 6: GA-SLLSimCF
Input: Matrix Y, partially observed rating matrix.
Output: Matrix X, fully observed predicted rating matrix
Find k similar users for each active user;
for each active user do
Create matrices A, B and a vector w;
Apply GA to select highly correlated subgroup as follows;
Initialize population randomly;
Evaluate fitness function of each chromosome by using Eqn. (4.15));
while (max-iteration is not met) do
Select parents;
Produce offspring by using crossover and mutation operator;
Select the fittest chromosomes for next generation;

Return the best chromosome when the stopping criteria is met;
for each missing entry j do
Create new matrix A; according to the selected subset of items;
Create vector b;;
Apply LS method by using A;, b; and w; to predict the missing ratings;

F;nally, a fully observed predicted rating matrix X is obtained.

trix as input to the successive iterations until the algorithm converges to an optimal
solution. The algorithm is termed as Iterative Subgroup based Local Least Square
imputation of CF ISLLSimCF). The aim of the iterative procedure is to enhance the
selection of k similar users, and thereby enhance the prediction of missing ratings
[13]. The assumption of the proposed algorithm to select different number of similar
users for each active user is based on the reasoning that each active user need not have
same number of similar users as each user has different number of ratings available
and is more reasonable to relax the restriction. However, the proposed algorithm has a
threshold, thres, that is used to measure acceptable distance between two users to filter
dissimilar users. The value of the threshold, thres, is set by using known ratings in the
user-item rating matrix, which is the mean of all the distances between the active users
and the other users. If the distance between the active user and another user is less
than the threshold thres, then the other user is selected as a similar user. The threshold
thres is defined by Eqn. (4.16) where ratioDistance is a parameter. We carried out

experiments with different parameter values ranging from 0.2 to 0.8 to fix the value of
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ratioDistance and empirically selected the value which gave the most accurate result.
thres = meanDistance X ratioDistance (4.16)

To select a highly correlated subset of items for a set of users, the iterative based
proposed algorithm employs the same threshold, 6, based technique from algorithm
(5) which is described by Eqn. (4.8). Once the user-item subgroup is constructed,
the proposed algorithm predicts the missing ratings by using LS framework with the

rating information of the discovered user-item subgroup. The proposed algorithm is

Algorithm 7: ISLLSimCF

Input: Matrix Y, partially observed rating matrix, k, Tp

Output: Matrix X, fully observed predicted rating matrix

while (max-iteration is not met) do

for each active user do

Find k similar users by using a distance threshold thres;

Create two matrices A and B and a vector w;

Perform R = BT A;

for each missing entry j do
Identify correlated subset of items by using Eqn. ll
Create new matrix A; according to the selected subset of items;
Create vector bj;
Apply LS method by using b;, w; and the new A; to predict the missing
ratings;

| Imputed rating matrix is passed as input matrix to next iteration.
Finally, a fully observed predicted rating matrix X is obtained.

described in algorithm (7). Note that the value of £ in the proposed algorithm varies in
each iteration.

4.2.4 Iterative based Genetic Algorithm oriented Subgroup based
Local Least Squares Imputation of Collaborative Filtering
(I-GA-SLLSimCF)

In this subsection, we propose an algorithm that is a hybrid of the iterative (ISLL-
SimCF) and metaheuristic based (GA-SLLSimCF) algorithms which were discussed in
the previous subsections. The advantages of both the algorithms are merged together
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in this proposed framework which is termed as Iterative based Genetic Algorithm ori-
ented Subgroup based Local Least Square imputation of CF (I-GA-SLLSimCF). The
proposed algorithm I-GA-SLLSimCF takes advantage of the relaxation in discovering
different number of similar users for each active user from iterative based algorithm
(ISLLSimCF), and the exploration capacity of GA in identifying a correlated subset of
items from the GA based algorithm (GA-SLLSimCF). By using the combined frame-
work of the iterative and metaheuristic searching algorithm, subsets of highly corre-
lated items are discovered which is further utilized in the prediction computation of
missing ratings by using LS framework. The fully observed predicted rating matrix
is further passed to the next iteration as input and the procedure is repeated for multi-
ple times until it is converged to a nearly optimal solution or termination condition is

satisfied. The proposed algorithm is described in algorithm (8.

Algorithm 8: GA-ISLLSimCF

Input: Matrix Y, partially observed rating matrix.

Output: Matrix X, fully observed predicted rating matrix

while (max-iteration is not met) do

for each active user do

Find k similar users by using a distance threshold thres;

Create matrices A, B and a vector w;

Perform R = BT A;

Apply GA to select submatrix of highly correlated items as follows;

Initialize population randomly;

Evaluate fitness function of each chromosome by using equation(4.15));

while (ga-max-iteration is not met) do
Select parents;
Produce offspring by using crossover and mutation operator;

Select the fittest chromosomes for next generation;

Return the best chromosome when the max-iteration is met;
for each missing entry j do
Create new matrix A; according to the selected subset of items;
Create vector bj;
Apply LS method by using A;, b; and w; to predict the missing ratings;

| Imputed rating matrix is passed as input matrix to next iteration.
Finally, a fully observed predicted rating matrix X is obtained.
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4.3 Empirical Analysis of User-Item Subgroups Algo-
rithms via Two-Step Process for Prediction and Rec-

ommendation

4.3.1 Experimental Settings

We carried out experiments with all the proposed algorithms by using a benchmark
dataset Movielens that consists of 100k number of ratings. The proposed algorithms are
also experimented with smaller datasets, namely 50k ratings and 10k ratings which are
extracted from the Movielens 100k dataset. The dataset contains ratings in the range
of 1 to 5. We used 1M movielens dataset as well for a part of the experiments. In both
the datasets, we separated the dataset into 20% test set and 80% training set randomly,
in such a way that 20% known ratings of each user is randomly selected and marked as
unknown by replacing the true ratings with zero. The new dataset with test ratings filled
as zero is the training dataset. To show the robustness of the proposed algorithms, we
have measured the algorithms for prediction and recommendation tasks. For prediction
evaluation, we have employed the well known accuracy metrics such as Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE). In recommendation evaluation,
we have used top N = 10 as it is not desirable to suggest a long list of items but
a shorter and possibly interesting items. We have employed the popular metrics for

recommendation such as precision, recall, F1 score and mean average precision.

4.3.2 Parameter Setting

To identify a suitable parameter value, several preliminary experiments are performed
such that each proposed model is executed multiple times with different values of pa-
rameters so as to select a suitable value that converges the algorithm to an optimal
solution. The parameter analysis could be a prolonged operation as there are uncount-
able combination of values. The parameter values are fixed in such a way that the most
accurate result among a set of random values is selected. The same parameter values
are used in all the proposed algorithms for a fair evaluation. We used 100k Movielens

dataset to experiment different parameter values.
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e Number of similar users (k):
Figure shows the parameter tuning of the number of similar users £&. When
the value of £ increases, we observe less accurate result of the predicted rating
matrix which is shown in the figure. Moreover, if the number of similar users
is too small, it restricts the possibility to discover more preferences of an active
user to a small group of users. Hence, we set k to 10 for all the algorithms except
the iterative algorithm since the value of & varies for each user in the case of the

iterative algorithm.

e Parameter specific for the models I-SLLSimCF and I-GA-SLLSimCF, ratioDistance:
The graph shown in figure (4.3d) suggests that the performance of the iterative
based algorithms degrade as we increase the size of the parameter ratioDistance.
The larger the value of the parameter, the algorithm selects larger number of sim-
ilar users and this leads to a decrease in performance as we can observe from the
graph (4.3c). The parameter value is set to 0.1. The termination condition of
both the algorithms is set when user-defined maximum iteration is met or when
the predicted rating matrix from current iteration is the same as the re-imputed

rating matrix of the previous iteration.

e Population size and termination condition of Genetic Algorithm:
The ideal size of the population of GA is selected as 50. The termination condi-

tion of GA, ga — max — iteration, is set to 50.

e Probability of genetic operators:
The performance of the proposed algorithm GA-SLLSimCF according to dif-
ferent values of the parameter that monitor the genetic probability is shown in
figure (4.3b). The genetic operators of GA such as crossover and mutation are
performed according to the probability value which is fixed at 0.3 since it has
shown the best performance. The larger portion of the probability allows the
proposed algorithms to perform crossover whereas the smaller portion allows to
perform mutation since more mutation would make the refined search space un-
necessarily larger. Moreover, elite chromosomes are selected in each generation

at the percentage of 30 in order to retain the elite chromosomes in successive
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generations. The parameter  for the fitness function is set to 20 after experi-

ments on different values of the parameter which is shown in figure (.3a).

e The number of subgroup in co-clustering algorithm is set to 15.
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4.3.3 Comparison

For comparative analysis, we employed well known state-of-the-art collaborative fil-
tering algorithms, namely item based neighbourhood algorithm, clustering based al-
gorithm and a latent factor model. To our knowledge, there is no extensive research
based on user-item subgroup based CF algorithm that excludes irrelevant items in the
computation of prediction. We compared our proposed algorithm with the following

state-of-the-art algorithms.

e [tem Based CF (IB):
Item based CF [53] is one of the well known traditional CF algorithms for pre-
diction of ratings which considers rating information of all the consumed items
of the similar users regardless of their dissimilarity among the items. We use /B
to justify the prediction quality of the proposed subgroup based algorithm. The

adjusted cosine similarity is used to find similarity among users.

o Maximum Margin Matrix Factorization (MMMF'):
MMMF is one of the most popular model based CF algorithm [52]. MMMF is
used in our comparison as the base algorithm for collaborative filtering so as to

justify the significance of user-item subgroups in prediction.

e Farticle Swarm Optimization based MMMF (PSO-MMMF):
This approach showed a new direction to improve the gradient search of MMMF
by incorporating a component of Particle Swarm Optimization [19]. The ap-
proach is considered to compare the accuracy in terms of prediction of missing

ratings.

e Multiclass Co-Clustering (MCoC):
This is one of the most popular user-item subgroup based CF that considers only
correlated subgroups in the prediction of top N recommendation items. The
MCoC used a soft clustering technique that allows multiple class cases [68]].
In addition, Single-class Co-Clustering (SCoC) is experimented in which sub-
groups in the context of SCoC are disjoint. The difference between these sub-
group based algorithms and our proposed algorithms is in the way in which the

subgroups are discovered. Our proposed algorithms find a correlated user-item
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subgroup for each user which is used in the prediction by using the least squares
technique while MCoC and SCoC algorithms find several correlated subgroups
at once and the prediction is performed by employing some CF algorithm in
each subgroup. The final prediction is obtained by combining the results from
all subgroups. We employ one of the most popular collaborative filtering algo-
rithm known as the Maximum Margin Matrix Factorization (MMMF) with the

subgroups discovered by MCoC to find list of top N recommendation items.

e MCoC model with inner relationship (MCoC-UU-II-Ul):
Jiajun Bu et. al. [12] extended the subgroup based MCoC algorithm [68] by
analyzing the inner relationships of the user-item interaction. The author an-
alyzed the interactions simultaneously from three different directions such as
user-user(UU), item to item (II) and user to item (UI). Once the similar user-
item subgroups are identified, MMMF is used as the base collaborative filtering

model to predict the missing ratings.

4.3.4 Results and analysis

To show the robustness of our subgroup based proposed algorithm, we compare our
results with widely known state-of-the-art algorithms in terms of accuracy of the pre-
diction of missing ratings and prediction of recommendation. The comparisons based

on the two different types of accuracy are discussed separately.

4.3.4.1 Analysis of Prediction accuracy

We measure the prediction accuracy of our proposed algorithm by using well known
state-of-the-art prediction algorithms such as item-based CF model [55] and a pop-
ulation based traditional CF model such as PSO-MMMF [19]. We use the popular
accuracy metrics such as RMSE and MAE to evaluate the prediction quality of the
four proposed algorithms SLLSimCF, GA-SLLSimCF, ISLLSimCF, I-GA-SLLSimCF.
The most suitable algorithm among the proposed algorithms is selected to further com-
pare with the existing traditional CF algorithms in terms of measuring the prediction
accuracy. Firstly, we present the comparisons of all the proposed algorithms in terms
of RMSE and MAE in tables (4.1J4.2)) and highlight the most optimal result among
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the proposed algorithms. In tables (4.1J4.2), our findings suggest that the algorithms
that consider the user-item subgroups in prediction of missing ratings have a signifi-
cant improvement on accuracy measures with respect to the base algorithm LLSimCF.
The reason for significant improvement of the proposed algorithms is due to the con-
sideration of only highly correlated user-item subgroups in computing prediction. The
base algorithm, on the other hand, considers rating information of the entire items of
similar users in the prediction of missing ratings. Therefore, our proposed algorithm
justifies the effectiveness of consideration of only correlated user-item subgroup which
excludes irrelevant items in the prediction computation. The performance of the base
algorithm clearly shows that inclusion of rating information of the irrelevant items
of similar users in prediction deteriorates the accuracy of the CF model. Among the
several subgroups based proposed algorithms, the GA-based algorithm GA-SLLSimCF
outperforms all the other proposed algorithms.

The superiority of GA-SLLSimCF among all the proposed algorithms is due to the
effectiveness of the fitness function that is able to find the most correlated user-item
subgroups from a large number of feasible solutions in the search space. The fitness
function is an evaluation score of a user-item subgroup by using mean squared residue.
The graph shown in figure shows the values of the fitness function throughout
the evolutionary computation in GA based algorithm GA-SLLSimCF for an active user.
The fitness function of GA-SLLSimCF is a minimization problem, therefore the graph
drops gradually over the generations justifying the improvement of the discovery of
better user-item subgroup successively. On the other hand, the two proposed iterative
based subgroup algorithms which are ISLLSimCF and GA oriented I-GA-SLLSimCF
showed more promising results than the base algorithm because of the inclusion of
highly relevant user-item information in the prediction step. Although the iterative
based GA oriented subgroup algorithm I-GA-SLLSimCF applies enhanced framework
in the selection of different £ number of similar users for each active user, it fails to
outperform GA-SLLSimCF because of higher computational consumption and prema-
ture convergence. Note that both the iterative based proposed algorithms are highly
more expensive in computational time than the non-iterative proposed algorithms SLL-
SimCF, GA-SLLSimCF. Also note that the effectiveness of the iterative based proposed
subgroup algorithms with respect to the base algorithm can still be seen from the ob-
servations shown in tables (.1]4.2)). The additional execution time of I-GA-SLLSimCF
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Size | LLSimCF| SLLSimCF GA- ISLLSimCF | I-GA-
SLLSimCF SLLSimCF
10k | 1.2804 | 12239 | 1.1498 1.2237 1.1511
50k | 1.2547 | 1.1900 | 1.1487 1.1879 1.1451
100k| 1.2297 | 1.1235 | 1.0745 1.1231 1.1182

Table 4.1: RMSE of the proposed algorithms for the benchmark dataset, Movielens.

Size | LLSimCF| SLLSimCF GA- ISLLSimCH-GA-
SLLSimCF SLLSimCF

10k | 0.9875 0.9300 0.8312 0.9290 0.8580

50k | 0.9469 0.8929 0.8289 0.8912 0.8388

100k| 0.9150 0.8371 0.7946 0.8369 0.8270

Table 4.2: MAE of the proposed algorithms for the benchmark dataset, Movielens.

is consumed in three tasks. Firstly, in discovering different £ similar users for each ac-
tive user assuming that each user need not have the same number of similar users k.
Secondly, in discovering a subset of similar items from all the consumed items of the
active user through GA for each active user. Finally, the predicted matrix is given as in-
put to the successive iterations to enhance the prediction of the user-item rating matrix.
However, the effectiveness of the iterative procedure in the proposed algorithms can be
seen from the tables (4.1J4.2) by comparing with the base model and the non-iterative
based algorithm SLLSimCF. The main reason behind the failure of I-GA-SLLSimCF is
the premature convergence of the algorithm.

Table presents the experiments of the proposed algorithm GA-SLLSimCF with
different similarity measures such as Pearson correlation (PC), adjusted cosine (AC)
and Euclidean distance (ED). The prediction computation derived from the similar
group of users through ED outperforms the remaining two measures. We set the sim-
ilarity measure to ED in the remaining experiments. Table (4.4) shows the prediction
accuracy of the proposed subgroup based algorithm against the existing CF algorithms.
The CF algorithms as given in the table like IB and PSO-MMMF takes into consider-
ation the entire consumed items whereas in the case of the proposed subgroup based
approach this is not the case. The impact of ruling out irrelevant information can be
seen from the improvement in the values of RMSE and MAE.
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Sire RMSE MAE

PC_ [AC _ [ED PC_ [AC  [ED
10k | 1.1969 [ 1.1415 | 1.1498 | 0.8985 [ 0.8710 | 0.8312
50k | 1.1490 | 1.1578 | 1.1487 | 0.8434 | 0.8480 | 0.8289
100k| 1.2228 | 1.1209 | 1.0745 | 0.8946 | 0.8182 | 0.7946

Table 4.3: Results related to different similarity measures of the proposed algorithm
on benchmark dataset, Movielens.

Size RMSE MAE
Proposed| Base LS | Item- Proposed| Base LS | Item-
Based[53] Based[55]
10k | 1.1498 | 1.2804 | 1.211 0.8312 | 0.9875 | 0.8440
50k | 1.1487 | 1.2547 | 1.185 0.8289 | 0.9469 | 0.8304
100k| 1.0745 | 1.2297 | 1.0759 | 0.7946 | 0.9150 | 0.7978
IM | 1.071 1.1092 | 1.073 0.7903 | 0.8712 | 0.7929

Table 4.4: Comparison of the proposed algorithm with base LLSimCF and item-based
CF [55] on benchmark dataset, Movielens.

CF models 10k dataset 50k dataset 100k dataset
Precision Recall | F1- | PrecisionRecall | F1- | PrecisionRecall | F1-

score score score

MMMF | 0.186 | 0.0439| 0.07100.152 | 0.039 | 0.062| 0.1580 | 0.0355| 0.0579

SCoC- 0.162 | 0.0404| 0.06460.156 | 0.0337| 0.05540.154 | 0.0337| 0.0553

MMMF

MCoC- | 0.198 | 0.0436| 0.07150.184 | 0.0389| 0.064| 0.1700 | 0.0499| 0.0771

MMMF

MCoC- | 0.192 | 0.0259] 0.04560.192 | 0.0206| 0.03720.182 | 0.0252| 0.0443

UU-II-

Ul

LLSimCF 0.202 | 0.0434| 0.071| 0.189 | 0.0425| 0.0693 0.1750 | 0.0478| 0.075

GA- 0.174 | 0.0408| 0.0661 0.196 | 0.048 | 0.077| 0.1999 | 0.0656| 0.099

SLLSimCF

IB 0.198 | 0.0449| 0.07320.180 | 0.0427| 0.069| 0.156 | 0.0355| 0.0578

Table 4.5: Comparison of the proposed algorithm in terms of recommendation accu-

racy

83



4.3 Empirical Analysis of User-Item Subgroups Algorithms via Two-Step Process
for Prediction and Recommendation

4.3.4.2 Analysis of Recommendation accuracy

To measure the recommendation accuracy of the proposed algorithms, we compared it
with several well known algorithms. Popular co-clustering algorithms such as multi-
class (MCoC), single-class (SCoC) [68] and extended multiclass co-clustering algo-
rithm with three inner relationships (MCoC-UU-II-UI) [12] were used for the compar-
ison. We also made use of traditional algorithms such as item-based CF model [55]
and MMMF [52] to evaluate top N recommendation accuracy.

We use popular recommendation accuracy metrics such as precision, recall, F1-
score and MAP. Table (4.5)) shows the comparisons of our proposed algorithm GA-
SLLSimCF with the state-of-the-art algorithms in terms of recommendation accuracy
metrics such as precision, recall and Fl-score by using different dataset sizes. Our
findings in table (4.5)) suggest that the subgroup based CF models such as our pro-
posed algorithm GA-SLLSimCF and subgroup based state-of-the-art algorithm MCoC-
UU-1I-UI outperform the corresponding base models which are LLSimCF, MMMF and
IB though there is an exception with smaller datasets. The importance of considera-
tion of only highly correlated user-item subgroup in prediction of missing ratings is
justified for larger datasets. Although the single-class co-clustering algorithm, SCoC-
MMMF, is based on subgroup, the performance of SCoC-MMMF' deteriorates from
the base MMMF as it does not allow the same user/item to belong to multiple sub-
groups by limiting their dispersive preferences. Based on our observations shown in
the table (4.5), our proposed algorithm GA-SLLSimCF outperforms the well known
algorithms, namely item based (IB) [S5]], co-clustering based multi-class algorithm
MCoC-MMMF [68]], the extended MCoC-UU-II-UI[12]] and the base MMMF [52]] in
terms of bigger datasets such as 50k and 100k. Note that the observation gets clearer
in the larger dataset. Our experiments suggest that the proposed algorithm fails to
find highly correlated subgroups for smaller datasets since the number of consumed
items to construct a subset of items is not sufficient to train the model accurately.
In order to summarize the accuracy metrics Precision and Recall into single-figure
metric for comparison, we use Mean Average Precision (MAP) metric that measures
the quality across completeness of the recommended items which is shown in figures
(4.4a4.4bj4.4c). The model that is having a larger MAP value represents the better

model.
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We observed that our proposed algorithm outperforms all the CF models under
comparison in all the three datasets. Our findings in terms of MAP suggest that the
correlation of the subgroups discovered by GA that evaluates fitness by calculating
mean squared residue and row variance is significant though the effectiveness is less
for smaller dataset like 10k. The low performance of multiclass co-clustering algo-
rithms, MCoC-MMMF[68]] and MCoC-UU-1I-UI[12]], in smaller number of subgroups
shown in figures suggests that a subgroup consisting of a large num-
ber of users and items have more irrelevant information than the subgroups with lesser
number of users and items which are empowered by allowing more overlapping due to
the matching preferences of the users. Whereas the declining performance of single-
class co-clustering algorithm, SCoC-MMMF, with the increasing number of subgroups
suggests that one’s preference is focusing only in few topics/subgroups rather than dis-
persive in different subgroups. Since the performance of the co-clustering algorithm
MCoC-MMMEF is unstable with different number of subgroups, we fix the number of
subgroups to a value that trades off between the two constraints which turns out to be
15. Note that our base algorithm LLSimCF outperforms all the traditional CF such
as item-based [55] and MMMF[52] in the figures showing the accurate
predictive behaviour of the LS model. The proposed algorithm outperforms both the
popular subgroup based CF models, MCoC and extended MCoC-UU-II-UI, signifying
that the user-item subgroups retrieved by the proposed algorithm which is a population
based optimization algorithm, namely Genetic Algorithm (GA), is highly correlated
comparing to the subgroups retrieved by fuzzy c-means of MCoC and MCoC-UU-II-
UI models. Hence, more accurate preferences of the users gathered in the subgroup
leads to more accurate prediction than the MCoC and MCoC-UU-II-UI. The superior-
ity of the proposed algorithms comes from the capability of capturing highly correlated

user-item subgroups by GA which ultimately improves the prediction.

4.3.4.3 Performance

The computational complexity of finding % similar users is O(n?). So, the proposed
algorithm takes approximately O(n>m), neglecting the complexity of the genetic algo-
rithm as it is O(max — iteration.popS) where popS denotes the population size. Both

the max — iteration and popS are finite and lesser than O(nm) which is the cost of
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Figure 4.4: Recommendation performance comparison of different CF models based
on Mean Average Precision (MAP) with respect to different number of subgroups.
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prediction of maximum m missing items for n users. The computational complexity
of the proposed algorithm outperforms MCoC as the MCoC takes O(n'm) wherein it
takes O(n?) for mapping the matrix to low-dimensional space, O(n + m) to find user-
item subgroups and O(nm) to find the recommendation score of the matrix. On the
otherhand, the compuational complexity of the traditional Item-Based /B model takes
O(nm?). The comparison of the proposed algorithm and the IB model depends on the

size of each dataset.

4.4 Summary

Traditional collaborative filtering algorithms for recommender systems rely on the rat-
ing information of all the consumed items of similar users for predicting the missing
ratings. One drawback of this traditional approach is that there is a possibility of
including irrelevant items in the prediction process and this may lead to poor perfor-
mance of the algorithms. To address this problem, we proposed a set of collaborative
filtering algorithms that makes use of the concept of subgroups wherein a subset of
correlated items based on a set of similar users is taken into consideration in comput-
ing the prediction. The prediction of missing ratings is performed by using the least
squares approach. We make use of the evolutionary algorithm to search for the highly
correlated user-item subgroup from a given large user-item rating matrix. The remark-
able capability of genetic algorithm in balancing between exploration and exploitation
of large search space gives a significant improvement in discovering highly correlated
user-item subgroups. The users and items may belong to multiple subgroups implying
that the preferences of the users are not focusing on few features of a subgroup, yet not
as diverse as it would cover the entire available features which is not realistic. The rat-
ing information of the discovered user-item subgroup is used for effective prediction of
the missing ratings. Our analysis pf the proposed methods suggest that GA-SLLSimCF
is the most suitable algorithm among all the proposed algorithms. In order to per-
form a fair evaluation of the proposed algorithm (GA-SLLSimCF), we compare it with
some of the state-of-the-art algorithms namely maximum margin matrix factorisation,
item based CF as well as popular subgroup based algorithms such as multi-class co-
clustering model (MCoC) and extended multi-class co-clustering (MCoC-UU-I1-UI).

Our extensive experiments using the proposed method demonstrates that the efficiency
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in the prediction of missing ratings can be improved by considering the user-item sub-
groups rather than ratings of the entire set of items. For our experiments we use bench-
mark datasets like the Movielens dataset and various accuracy metrics like RMSE,
MAE, precision, recall, Fl-score and MAP are employed to demonstrate the robust-
ness of the proposed algorithm (GA-SLLSimCF) in terms of prediction and recommen-
dation accuracy. Our results highlight the superiority of including only the correlated
user-item subgroups while making prediction in collaborative filtering models and this
can help in further enhancing the CF models.We conclude from our experiments that
subgroup based CF models are more accurate and meaningful when compared to algo-

rithms that consider the entire set of consumed items.
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Chapter 5

Discovery of User-Item Subgroups
through Co-Clustering and
Metaheuristics in Neighbourhood
based Collaborative Filtering

In the previous chapter, we presented a framework for discovering user-item subgroups
in collaborative filtering through a two-step process wherein the first process finds a
set of similar users based on the entire items by using a similarity measure and then
the second process discovers a highly correlated subset of items based on the selected
subset of users. The corresponding algorithms and experimental setup with respect
to the two-step process was also proposed in the previous chapter. In this chapter,
we propose a method that identifies the correlated user-item subgroups in one step by
employing an advanced clustering technique, called co-clustering. The co-clustering
technique [27] is an extension of the traditional clustering technique which performs
clustering of the data points simultaneously on both the dimensions of a matrix to cap-
ture local similarity structure, instead of grouping the data-points separately in each
dimension as in the case of typical clustering. The co-clustering technique generates
a subgroup of rows and columns of the matrix which exhibits local similar behaviour.
We employ Fuzzy C-Means (FCM) clustering to perform the co-clustering, and the re-
sult of FCM provides highly correlated subgroups. To optimize the search of FCM, we
employ Particle Swarm Optimization (PSO) that enhances the performance of FCM
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by exploiting the globalised searching behaviour of PSO. Our objective is to discover
optimal centroids through PSO and initialize the centroids obtained by PSO as the
initial centroids in FCM. Therefore, FCM discovers meaningful user-item subgroups
wherein the rating information of the subgroup is used in recommendation computa-
tion. Bin Xu et. al.[68] and Jiajun Bu et. al. [12] formulated Multiclass Co-Clustering
(MCoC) problem and proposed a solution that employs meaningful user-item subgroup
in prediction of recommendation items. We adopted the MCoC framwork to discover
the highly correlated user-item subgroups and integrated PSO to optimize the search

process for finding the optimal solution.

5.1 Co-Clustering

Co-clustering technique was first introduced by Hartigan [27] in 1972 as a direct clus-
tering technique wherein simultaneous clustering on both rows and columns are done.
It is a variation of the traditional clustering that aims to identify local similarity struc-
ture of a data matrix. Co-clustering technique is well studied in microarray data analy-
sis and text mining for handling sparsity and dimensionality reduction problems. Sev-
eral researchers in the area of collaborative filtering also explored co-clustering for
solving issues in recommender systems from different aspects [5,19, 17,132,136, 142,161,
70].

The objective of Co-Clustering in collaborative filtering is to simultaneously group
both the users and items into ¢ similar co-clusters/subgroups from Y € R"*™ user-
item rating matrix in which there are n users and m items. Each subgroup is formed
based on the similarity degree of the users and items to each other. The Multiclass Co-
Clustering (MCoC) technique [68]] is adopted as the base co-clustering technique in our
proposed algorithm. The proposed algorithm employs Fuzzy C-Means (FCM) to find
subgroups of similar users and items. In FCM, a partition matrix, P € [0, 1](m)xe,
is used to represent membership degree of the users in the respective subgroups. The

partition matrix P is represented as given in (5.1)):

Q
R

P= S.D
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where ) € [0,1]"*¢ and R € [0, 1]™* represent the partition matrices of users and
items respectively. The resulted partition matrix P represents the solution of the base
co-clustering technique, which means that the subgroups formed are the optimal so-

lutions to further make an accurate prediction. The property of the partition matrix is
given in Eqn. (5.2)).

P, = P;j >0, ifthei'" entry belongs to the j'* subgroup 52)
P; j; =0, Otherwise

Each element P; ; denotes membership degree of an entry ¢ of the partition matrix P
to the j** subgroup. The membership degree of an entry i of the matrix P for each
subgroup sums to one. Each entry belongs to a fixed number of subgroups such that
1 < k < ¢ wherein each entry is allowed to belong to k£ subgroups. Note that when
k = 1, the technique works as a traditional clustering algorithm. The aim of the base
co-clustering is to map all the users and items to low dimensional space while preserv-
ing the original information, and search correlated user-item subgroups to discover
relevant items for recommendation. The base co-clustering technique consists of two
main stages which are explained below.
Step 1: Application of Fuzzy C-Means clustering.

Step 1.1: Map all the users and items to low dimenensional space.

The optimal z-dimensional solution X that preserves preference information can

be obtained from the optimization function[68] which is given in (5.3)):
min Tr(XTNX) (5.3)

such that

I, -=S

X eRtmxz xTxy — 1 N=
-sT I,

] ’ S = (Grow)—l/Qy(Gcol)—l/Q’
(5.4)

where [,, and [,,, correspond to the identity matrices of size n X n and m X m whereas
Gv ¢ R™™ and G € R™*™ correspond to diagonal degree matrices of users and
items with G79* = 37", Y;; and G§% = 37", Y; ;. The optimization function given
in (Eqgn. 1s minimized by the optimal solution X which is an eigenvalue solution
of all the users and items such that NX = AX where X = [z1, 29, - ,x,] such that
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x1,--- , T, are the least eigenvectors of matrix N for the respective sorted eigenvalues.

Step 1.2: Find correlated user-item subgroups.

The optimal partition matrix P can be obtained by finding correlated subgroups
from the unified user-item data X. The user-item subgroups can be discovered in two
ways: either single class or multi-class based on the factor of overlapping among the
subgroups. The k-means clustering is used to discover the subgroups from the data
X in single class co-clustering (SCoC). Each entry of P in SCoC belongs to only
one subgroup whereas fuzzy c-means (FCM) clustering is used to find subgroups for
multi-class co-clustering. FCM works by assigning fuzzy membership value to each
data object corresponding to each cluster and updates the membership value until the
algorithm converges to an optimal solution. The optimization problem of FCM is a

minimization function [68] which is given as in (5.5).

m+n c

In(P,V) =Y Pld(xi,v) (5.5)

i=1 j=1
where P;; represents membership value of the entry z; to the 4% cluster, v; represents
cluster centroid while V' represents matrix of the cluster centroids. [ represents the
weighting exponent that controls the fuzziness of the partition and d is the distance
function wherein in this paper we use the Euclidean distance. The partition matrix and

cluster centroids are updated in every iteration by making use of the equation as given
in (5.6).

2 +
dlwiv) ™ " Py
2 Y] T
1—

Pij = —; = T pl
> o (d(z,vp)) T Yot by

Vi=1,---,(n+m);¥j=1,--- c

(5.6)
The algorithm is terminated when an improvement in the value of the optimization
function at two consecutive iterations is smaller than the threshold e.
Step 2: Recommendation.

Once correlated user-item subgroups are discovered, any existing collaborative fil-
tering algorithm can be applied in each subgroup to predict the missing ratings. The
results from each subgroup are merged to get a unified prediction score for recommen-
dation. The unified method [68]] that maintains all the cases including the overlapping
of the subgroups is given in Eqn. . Let Pred(u;,y;, k) denote the prediction score
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obtained by a user ¢ on item j in a subgroup k, and Z;; denote the unified prediction

score of user ¢ on item j. Then the prediction score Z;; can be given as

> Pred(u;, yj, k).6;,  if u; and y; belong to one or more subgroups,
Zij = 5.7

0 otherwise

where ¢, represents an indicator value of user ¢ that corresponds to the most interesting
subgroup k£ among the overlapped subgroups with item j. Now, d;, can be described

as in Eqn. (5.8)).

1 if Py is max(Qy, N Ry,),
Sity = * (Qu. N By) (5.8)
0 otherwise

5.2 Proposed Algorithm

In the previous section, we described the base co-clustering technique that is applied
in collaborative filtering to identify highly correlated user-item subgroups in the rat-
ing matrix by using Fuzzy C-Means (FCM) clustering. FCM algorithm starts with
a partition matrix and c clusters in which the initial centroid of the clusters are ran-
domly initialized and then the cluster centroids and partition matrix are subsequently
updated in further iterations. However, the performance of FCM algorithm has high
impact on the initial position of the centroids being selected and may get trapped in
local optima if it is not rightly chosen. Thus, we employ a metaheuristic optimization
algorithm, namely Particle Swarm Optimization (PSO), to discover the nearest optimal
centroid for each cluster to be initialized as the initial centroids in the FCM compo-
nent rather than initializing randomly as in the case of previous section. In PSO, the
searching technique starts with a swarm of candidate solutions in the high dimensional
search space, such that the fitness of each candidate solution is computed and the best
candidate solution is utilized to influence the remaining solutions towards the optimal
solution.

In this chapter, we propose a novel hybrid framework of Particle Swarm Optimiza-
tion and Co-Clustering, named as PSO-CoC. The goal of the proposed algorithm is
to find highly correlated user-item subgroups from the whole user-item rating matrix.
This is done by initializing the clusters’ centroids of FCM to the nearest optimal cen-

troids found by PSO in collaborative filtering. The block diagram of the proposed
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Figure 5.1: Block diagram of the proposed method, PSO-CoC

framework is shown in Fig.@. As shown in Fig.@, PSO module is fed with
known user-item rating matrix, Y, and number of clusters, ¢, as inputs. The PSO mod-
ule discovers nearest optimal centroids of the clusters effectively by utilizing collective
intelligence exhibited by the multiple particles, and feeds the nearest optimal centroids
as initialized inputs to the co-clustering module. FCM technique in the co-clustering
module starts grouping similar subsets of users and items by initializing the initial cen-
troids of FCM to the nearest optimal centroids discovered by the PSO module. Over
the iterations, the position of centroids and partition matrix are updated to a better solu-
tion by minimizing the objective function given by Eqn.(5.3). Finally, FCM converges
to highly correlated subgroups of users and items, and FCM allows overlapping of the
subgroups as well. After FCM converges, a traditional CF algorithm is executed in
each subgroup to predict the missing ratings of the items in the subgroup by utilizing
the rating information of only the subgroup. To unify the ratings predicted for an item
in different subgroups, a unified prediction score is evaluated by using Eqn.(5.7)).
PSO module: In our proposed algorithm, each particle is represented by a matrix
{v1,v9, -+ ,v.}, where cis the number of clusters and v; denotes the centroid vector of
the i cluster wherein a is the dimension of the optimal solution X . The representation

of a particle is given below.

vy Vil V12 v ccc Vla

. U2 V21 V22 vt Vg
particle = =

(% Vel V2 -+ VUecq

The fitness degree of each particle is evaluated by finding the average distance between

a cluster and a user, which is given by Eqn. (5.9). Thus, smaller value of the fitness
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function signifies stronger correlation of the cluster [[16].

e S0 d(visuig)

T (5.9)
C

where ¢; denotes the number of users which belongs to cluster i; u;; represents the j"
user vector that belongs to cluster i; v; is the centroid vector of i’ cluster; d(vi, wij)
represents distance between centroid vector of the cluster ¢ and user vector j that be-
longs to the cluster <.

A particle is represented as particle;(t) where i denotes particle ¢ at time step ¢,
and velocity vector 7 at time step is represented as vel;(t). The particle and velocity
vectors are updated by using the Eqn. (2.14{and respectively as given in Chapter
2. The proposed algorithm is described in Algorithm (9).

5.3 Experimental Settings and Results

5.3.1 Experimental Setup

We conducted extensive experiments of our proposed algorithm on a benchmark dataset,
100k Movielens in which there are 100,000 ratings given by 945 users on 1682 items.
The dataset is a sparse matrix having 93.71% sparsity. The missing ratings are filled
with zero and the other ratings of the dataset range from 1 to 5 such that 1 indicates the
lowest rating value and 5 denotes the highest. The best model is achieved by tuning
the parameters of the problem to suitable values. Quality of an algorithm has a lot of
impact on the value of the parameters being chosen. The selected parameter values
corresponding to each module of the proposed algorithm are described below.
Parameters of PSO module

e The swarm size of PSO module is set to 50.

e The uniformly distributed random values, randl and rand2, are set to 0.1270

and 0.0975 respectively.

e The acceleration coefficients ¢y, ¢, and inertia weight w are set to 1.42, 1.42 and

0.72 respectively.
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Algorithm 9: PSO-CoC

Input: User-item rating matrix Y, and number of clusters c.
Output: Prediction score matrix Z
/IStart PSO Modulell
Initialize swarm with randomly selected & user vectors from matrix Y as cluster
centroids;
while (max-iteration is not met) do
for each particle do
Assign each user vector to the nearest cluster centroid;
Evaluate fitness function by using ;
Update position and velocity of the particle based on to
generate more optimal solution;

/IStart Co-clustering Modulel/

Initialize initial centroids of FCM with the nearest optimal centroids found by
PSO module;

while (termination condition is not satisfied) do

L Compute objective function,.J, which is given by ;

Update partition matrix, P, and centroid of the clusters, V', given by @
Apply any CF algorithm to each subgroup, and predict missing values in each
subgroup;

Apply the unified framework given by to compute the prediction score
matrix, 7 ;
Find top N item recommendations and compute accuracy of the algorithm;
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e The user-defined termination condition of PSO module is set to 50.
Parameters of Co-clustering module

e Weighting exponent of FCM, [ is set to 2.

e Threshold ¢ to 0.00001.

e The user-defined termination condition of FCM is set to 50.

e Number of subgroups, k, that a user is allowed to overlap is k& = logs(c) where

c is the total number of subgroups [68].

The proposed algorithm is evaluated by using popular accuracy metrics for top NV rec-
ommendation such as precision, recall, F1-score and Mean Average Precision (MAP).
N is set to 10 in all the experiments.

Comparison

To measure the effectiveness of our proposed algorithm, we selected popular user-
item subgroup based algorithms like Multiclass Co-Clustering (MCoC) algorithm,
Single-class Co-Clustering algorithm (SCoC)[68] and an extended version of the Mul-
ticlass Co-Clustering (MCoC) algorithm which gives more insight about the user-item
relationship [12]. The extended algorithm is named as MCoC-UU-II-UI. The above
mentioned algorithms aims at utilising user-item subgroups in the prediction of a rat-
ing matrix for top N recommendation. We employ a few state-of-the-art collabora-
tive filtering algorithms such as Maximum Margin Matrix Factorization (MMMF)[52],
Probabilistic Matrix Factorization (PMF)[53]] and Item-Based (/B)[55]] algorithms as

the base collaborative filtering models in our proposed algorithm.

5.3.2 Experimental Results and Discussions

The comparison of the proposed algorithm PSO-CoC with different recommendation
algorithms such as MMMF, PMF and IB which are used as the base collaborative filter-
ing models and the application of the different base CF models with popular subgroup
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Figure 5.2: Performance of the proposed algorithm (PSO-CoC) with three well known
CF models across different number of subgroups.
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based models such as MCoC, SCoC, MCoC-UU-II-UI [12, 68]] for top N recommen-
dations are shown in Tables (5.1]5.2]5.3) and Fig. (5.2). In Fig. (5.2), the compar-
isons are made in terms of Mean Average Precision (MAP) across different number
of subgroups for all the algorithms. The performance of the base CF models are rep-
resented by dark blue bar in the figure. We observe from the figure that single class
co-clustering model performs better when the number of subgroups are lesser and the
performance level falls with an increase in the number of subgroups. As the number
of subgroups increases, the number of items contained in a subgroup decreases. This
shows overspecification of the features in the subgroups. Thus, accuracy drops in the
case of single class model with higher number of subgroups due to the restriction of
overlapping among the subgroups that consequently disable identifying meaningful
subgroups. In the case of multi-class subgroup based models such as our proposed
algorithm (PSO-CoC), MCoC and MCoC-UU-II-UI performance is better with higher
number of subgroups as compared to lower number of subgroups and this solves the
preference over specification problem. In addition to that, allowing overlapping of
subgroups helps the models to predict accurately by using the rating information of the
preferences from highly relevant multiple subgroups. The advantage of overlapping
among the subgroups is to boost the possibility of capturing user’s preferences by re-
moving irrelevant information. The reason why multi-class models do not perform well
with lesser number of subgroups is because of the incapability of extraction of highly
similar interests from the large number of choices available in the subgroup. From
Tables and Fig. (5.2)), we observe that the multi-class models outperform
both the single class models and the base algorithms in all the cases of different base
CF methods. Our findings suggest that the correlated user-item subgroups influence
the accuracy of the recommender system in prediction computation. The superiority
of the proposed algorithm from the existing well known subgroup based CF model
is the intialization of the centroids of FCM to the nearest optimal centroids gener-
ated by the PSO instead of initializing randomly at any point of the hyper-dimensional
search space. The initialization of the centroids to optimal positions helps the proposed
framework to do better prediction.

Apart from Mean Average Precision, the proposed algorithm (PSO-CoC) is further
measured for accuracy by using popular metrics for top N recommendation such as

Precision, Recall and F1-score. The proposed algorithm is compared for two values
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of k, the number of subgroups, and the results are shown in Tables (5.15.2][5.3). It
is evident from the results that the models with higher number of subgroups are able
to capture more accurate fuzzy weights in clustering than the lesser number of sub-
groups, and the recommender system benefits from the participation of higher number
of correlated subgroups in the prediction. The Tables (5.1][5.2][5.3)) show that the sub-
group based algorithms outperform the corresponding base CF algorithm, and also the
multi-class algorithms outperforms the single class algorithms. Further, our proposed
algorithm (PSO-CoC) improves the popular subgroup based algorithm MCoC by di-
recting FCM clustering from optimized initial centroids which are discovered by PSO.
The proposed algorithm also outperforms the extended multiclass co-clustering model
MCoC-UU-II-UI with the impact of proper initialization of the centroids for FCM
clustering. The results of Tables (5.1][5.2][5.3)) suggest that the subgroups retrieved are
highly correlated and hence influence the recommender system.

Figures represent the fitness graphs of the proposed algorithm for dif-
ferent base collaborative filtering models, such as MMMF and IB, with different num-
ber of subgroups. The fitness funtion is a minimization function and thus the graphs
have a decreasing slope across the subsequent iterations. We observe a common char-
acteristic in both the graphs of the figures that there is a rapid drop of the graphs in
the beginning of the iterations, then gradually converge to the optimal solution and be-
come stable. This means that the fitness function which is an average distance between
the centroid of the cluster and the user vector is able to get to the nearby subspace
of the optimal centroids after a few iterations which subsequently lead to the nearest
optimal centroids of the clusters. We observe different patterns of fitness graphs for
different number of subgroups in the figures. The graph with 10 number of subgroups
achieved the lowest fitness value in the Fig. suggesting that the proposed al-
gorithm converged immaturely with lower number of subgroups since the subgroups
have large number of items which make it hard to capture only highly similar prefer-
ences. Fig. suggests that the proposed algorithm is not able to capture optimum
fuzzy weights for larger number of subgroups in the beginning of the iteration but
subsequently converged to the optimal solution. Thus, trade-off between the number
of subgroups and fitness value is a factor in achieving an accurate recommender sys-
tem. The performance of PMF as a base algorithm behaves similarly with MMMF Fig
due to the similar characteristics of the matrix factorization.
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Figure 5.3: Performance of the proposed algorithm (PSO-CoC) with different number
of subgroups for base CF models.

Precision Recall Fl-score
Base MMMF 0.158 0.0355 0.058
Subgroup based 10 subgroups 20 subgroups
CF models Precision| Recall | FlI- Precision| Recall | FlI-

score score

SCoC 0.152 0.0198] 0.035 0.155 0.0347| 0.0564
MCoC 0.168 0.022 | 0.039 0.171 0.0399| 0.0635
MCoC-UU-II-UI | 0.18 0.0242] 0.0426 0.192 0.0276] 0.0481
PSO-CoC 0.178 0.0244| 0.043 0.21 0.0662| 0.052

Table 5.1: Comparison of the algorithms MCoC, MCoC-UU-II-UI and SCoC and the
proposed algorithm (PSO-CoC) with base algorithm for predicting missing values as

MMMF
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Precision Recall Fl-score
Base PMF 0.05 0.02 0.020
Subgroup based 10 subgroups 20 subgroups
CF models Precision| Recall | F1I- Precision| Recall | FlI-

score score

SCoC 0.104 0.02 |0.03 0.15 0.021 | 0.032
MCoC 0.174 0.026 | 0.045 0.175 0.027 | 0.046
MCoC-UU-II-UI | 0.18 0.0262| 0.0457 0.198 0.0276] 0.0482
PSO-CoC 0.182 0.024 | 0.043 0.202 0.035 | 0.06

Table 5.2: Comparison of the algorithms MCoC, MCoC-UU-II-UI and SCoC and the
proposed algorithm (PSO-CoC) with base algorithm for predicting missing values as

PMF

Precision Recall Fl-score
Base IB 0.8 0.0355 0.058
Subgroup based 10 subgroups 20 subgroups
CF models Precision| Recall | F1- Precision| Recall | F1-

score score

SCoC 0.106 0.018 | 0.0313 0.11 0.019 | 0.032
MCoC 0.178 0.024 | 0.041 0.186 0.029 | 0.042
MCoC-UU-II-UI | 0.19 0.0241| 0.0439 0.20 0.0315] 0.0544
PSO-CoC 0.19 0.025 | 0.044 0.204 0.037 | 0.06

Table 5.3: Comparison of the algorithms MCoC, MCoC-UU-II-UI and SCoC and the
proposed algorithm (PSO-CoC) with base algorithm for predicting missing values as

IB
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5.4 Summary

5.4 Summary

We presented a hybrid framework of particle swarm optimization and fuzzy c-means
clustering to discover meaningful user-item subgroups for collaborative filtering based
recommender systems. The significance of utilization of user-item subgroups in CF
for computing prediction ratings is demonstrated by comparing with different base CF
models such as maximum margin matrix factorization, probabilistic matrix factoriza-
tion and item-based models. The particle swarm optimization technique is used to
drive the search direction of the initial centroids for fuzzy c-means to the optimal sub-
space by exploiting the powerful globalized searching behaviour of PSO. Then, fuzzy
c-means is used to find highly correlated user-item subgroups wherein any original col-
laborative filtering is adopted to find prediction ratings of each user in the subgroup.
A final prediction rating of each user is evaluated by using information from all mu-
tual subgroups that the user belongs to and used to find top /N recommendation items.
In our proposed algorithm, the metaheuristic optimization algorithm acts as a booster
to improve the fuzzy c-means clustering in discovering highly correlated user-item
subgroups by initializing the initial centroid of the clusters to the nearest optimal so-
lutions. Our experimental results have shown a promising way of user-item subgroups

in helping to capture highly similar user preferences on a subset of items.
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Chapter 6

Conclusions and Future Work

In this thesis our focus is to explore how metaheuristic techniques like Particle Swarm
Optimisation (PSO) and Genetic Algorithm (GA) can be combined with collaborative
filtering methods to address accuracy issues in recommender systems. We demon-
strated how this combination can be carried out in both model-based collaborative
filtering as well as neighbourhood-based collaborative filtering. In model-based col-
laborative filtering, we initially proposed an algorithm called GDPSO-MMMF that
combined the maximum margin matrix factorisation (MMMF) based collaborative fil-
tering model with particle swarm optimisation to find the optimal factored matrices U
and V. In the second proposed algorithm (PSOm-MMMF), we optimized the GDPSO-
MMMF framework by adding an operation called mutation which improves the swarm
diversity and thus results in a better framework for finding the most optimal solution,
1.e. the low rank factored matrices U and V. In the third algorithm (HPSO-MMMF),
we proposed a hierarchical PSO based MMMF that finds the solution by following a
tree-like structure where a parent with their immediate children forms a neighbourhood
with the parent being the best particle in each neighbourhood. Finally, we propose an
algorithm that combines genetic algorithm (GA) with MMMF with an aim to exploit
the survival of the fittest approach of GA as well as helps in differentiating the search
for an optimal solution as is done in techniques like PSO. Our experimental results
on benchmark datasets demonstrate that when the exploration capability of popula-
tion based search algorithms is combined with gradient search direction of MMMF,
the proposed models are able to achieve better accuracy as can be evidenced from the
derived RMSE and MAE values .
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As far as neighbourhood-based collaborative filtering is concerned, our objective
is to discover highly correlated user-item subgroups from a given matrix and then pre-
dict the missing ratings by making use of the rating information from the subgroups.
Traditional collaborative filtering models are incapable of extracting highly correlated
partial matching of the preferences among the users and items, and therefore cannot
utilise such information in prediction or recommendation. We identify highly corre-
lated user-item subgroups by removing irrelevant subset of items from group of similar
users by using a two-step process unlike in typical neighbourhood based method that
considers the entire information of similar users. We have outlined four different al-
gorithms to identify only a subset of users and items which are highly relevant to each
other by using a two step process. In the first step, the algorithms need to discover
the highly correlated user-item subgroups by using one of the following techniques:
1) using a threshold to check the correlated degree of the subgroups, or 2) leverage
metaheuristic approach like genetic algorithm in searching for highly correlated user-
item subgroups, or 3) flexible number of similar users for each target user based on
their similarity degree, or 4) a hybrid of the above. The four proposed algorithms dif-
fer based on which one of the four techniques as defined above is being used. In the
second step the rating information from the highly correlated user-item subgroups are
utilized in prediction computation of missing ratings through the least squares method.
We have shown statistical performance of the proposed user-item subgroup based al-
gorithms with three different similarity measures such as Pearson correlation, adjusted
cosine and Euclidean distance. We compared our subgroup based proposed algorithms
with the existing subgroup based collaborative filtering algorithm, namely MCoC, as
well as state-of-the-art algorithms such as item-based neighbourhood method, MMMF,
and metaheuristic based collaborative filtering algorithm such as PSO-MMMF. Exper-
imental results show that our proposed algorithm outperforms all the CF models under
comparison in all the three datasets. Our findings in terms of MAP suggest that the
correlation of the subgroups discovered by GA that evaluates fitness by calculating
mean squared residue and row variance is significant though the effectiveness is less
for smaller dataset like 10k.

We also employed a co-clustering technique to discover correlated user-item sub-
groups in one go rather than adopting a two step process. The co-clustering technique

find close associations among users and items and form subgroups in each iteration.
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To perform co-clustering technique, we adopted Fuzzy C-Means (FCM) clustering in
the proposed algorithm. The objective function of FCM that determines closeness of
user-item associations is average distance of intraclass relationships among the users
in the clusters. The similarity in subgroups gets better over the iterations through the
characteristic of learning rules in the technique for centroid of each cluster and parti-
tion matrix of FCM. We employ particle swarm optimization to find optimal positions
for the initial centroid of co-clustering technique to start with. We have shown compar-
ison of the proposed PSO based co-clustering algorithm with the underlined algorithm
which uses only co-clustering to find the subgroups. In this framework, any traditional
collaborative filtering algorithm can be employed to find missing ratings in the sub-
groups. Thus, we employed state-of-the-art algorithms like MMMEF, PME, item-based
neighbourhood algorithms and combined with the proposed framework to judge the
performances of the algorithms. We measured and compared the proposed algorithm
in terms of top /N recommendations.

In the future, we can include interclass relationship of users in the formulation of
objective function in co-clustering technique. Note that we adopted intraclass relation-
ship in the objective function of co-clustering in our proposed method to form corre-
lated subgroups (Chapter 5). The quality of intraclass relationship of users in a sub-
group can be evaluated by finding the distance between the users in the same subgroup
which should be minimized. In addition to intraclass relationship, we could adopt in-
terclass relationship wherein the distance between the users that belong to different
subgroups should be far from each other, unlike intraclass relationships fr building
subgroups of good quality. Note that the objectives of interclass and intraclass rela-
tionships conflict to each other to formulate in a single objective function as intraclass
and interclass distances should be minimized and maximized respectively. Therefore,
we can solve the problem by using Multi-Objective Clustering techniques. The Multi-
Objective Clustering technique can be solved by using evolutionary approach and the
technique can be considered as a multi-objective optimization problem in which we
have a set of candidate clusterings and two different criterion functions which conflict
to each other. We will get a set of pareto optimal solution that tradeoff the conflicting
objective functions and the solutions in the pareto front are non-dominant to each other.
The best compromised solution is chosen based on the decision makers. In addition,

we can extend the work by employing different biclustering algorithms to discover
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the highly correlated subgroups of users and items from the rating matrix. The more
correlated the discovered subgroups are, the better the prediction of the collaborative

filtering algorithms.
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