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Abstract

With the considerable rise of Internet users and the massive and diverse web searches, an
excess of data has become available online. A recommendation model, also known as an
engine, handles this massive amount of data available to find patterns that reflect user
behaviors. Recommendation models have been implemented in several industries, and the
most popular implementation is in the entertainment industry, specifically video streaming
and on-demand platforms. There are several types of recommendation systems. In this paper,
we have proposed a way to escape the loop created by the recommendation systems, where,
the more “same genre” movie we watch, the more of that same genre the recommendation

system will propose.

Keywords: filter bubble, escape the echo chambers, recommendation system, recommender

system.
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Chapter 1: Introduction and Problem Definition

The Internet has revolutionized the industry, and several sectors have noticed huge booms.
One of the most notable sectors is video-on-demand streaming. The availability of numerous
choices on these platforms makes it hard for the user to find what suits his/her interests and
makes it also challenging for the recommendation system to suggest options that can satisty
the user, which will ensure proper customer retention that will reflect in additional profit and
longer streaming time. The following section aims to introduce the latest trend in the
entertainment industry, set a frame for the proposed work, and define the problem that will be

addressed in this thesis.

1.1 Introduction to the General Problem

The Internet revolutionized several industries, impacting the entertainment industry
immensely. The high demand for video-on-demand services pushed for services enabling
users to access the content based on their preferences from anywhere. There has been a
notable increase in video-on-demand services such as Netflix, Amazon Prime, and YouTube.
An extensive catalog of movies and series are available to users through different subscription
models. Technology and precisely data science created a revolution in the entertainment

industry.

In the entertainment industry, specifically in video-on-demand streaming such as

Netflix, the options available to the users are endless. Several categories, genres, duration,
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actors, language, and plots choose the user harder. It is essential to highlight that a "good"
movie entails a degree of subjectivity. While a movie might receive a five-star rating from
one user, it might receive a one-star rating from another based on personal preferences.
Regardless of the subjectivity highlighted, there are some general guidelines that one can look

at to determine if the movie has the potential to achieve success or not.

Streaming companies perceive technological advancements and the data science field
of study as tools to enrich and personalize their content to attract additional traffic—aiming to
track users and their preferences to provide better streaming experiences. Movie streaming
websites and applications have extensively used data science. For example, Netflix tracks data
points such as the time and date as user watched a movie or series, age, gender, location,
scenes users have viewed repeatedly, browsing and scrolling behavior, and other points

related to the activities during streaming [1].

The popularity of mobile devices makes people's daily lives dependent on mobile services,
making data access necessary for recommendation systems easier to secure.
Recommendations systems have been applied in the movie and series industry and several
areas, especially with the thriving of e-commerce [2]. Recommendation systems are applied
to music, movies, news, webpages, and online shopping. Movie recommendation systems are
a powerful tool for creating personalized user experiences [3]. The recommendations are also
called suggestions to support users in coping with the information overload available on

streaming platforms and accordingly find appropriate movies.

The availability and abundance of data available might result in intellectual isolation for
users. When website algorithms selectively guess the information that a user is interested to

see based on the user previous experience such as location, past-click history, and search
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history. Consequently, users will be isolated from the information that does not align with
their viewpoints and will be trapped in their own cultural and ideological bubbles. Filter
bubbling has become increasingly popular with the vast availability of information on the
web. It is important to suggest methods that allow users to have access to information while

escaping the filter bubble.

1.2 Problem Definition

Movie recommendation tools are powerful to both the user and the entertainment
platform. Using data science to analyze metrics and features related to users' usage trends
might result in relevant observations that can be used to build marketing strategies, movie
plots, and revenue generation streams. However, movie recommendation systems are
considered to be comprehensive and complicated. Handling cumbersome and extensive data
can result in inefficient models and a long convergence time. The proposed approach also
aims to escape the filter bubble and echo chamber that occurs when cumbersome data is

handled.

1.3 Research Objectives

The aim is to build on existing literature and to suggest an optimal method on which
recommendation systems can be built to allow the users to have the most enjoyable
experience. The proposed research includes assessing and exploring different methods for
similarity measures and clustering and aims to highlight their benefits and disadvantages.
Eventually, they will be used to present a recommendation system algorithm based on all

factors considered in the analysis. The aim to present a method to cluster a data then assess



Chapter 1: Background and Motivation

the links between the different movies and series clusters. These links will be weighted and
accordingly can be used in presenting an effective recommendation system to the user based

on their preferences and their taste which will allow him/her to escape the filter bubble.

1.4 Approach and Main Results

1.5 Thesis Organization

A background and literature review on the topic will be first presented to understand the
problem at hand and related concepts. The background section is presented as means for the
reader to understand the main concepts related to the topic before presenting the original
work. Once some background concepts are presented, the reasoning behind the original work
will be presented along with the detailed steps of the analysis. Once the targeted approach is
developed, a conclusion and future work section will be presented to determine the results of

this thesis and what further needs development.
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This area of research has been extensively studied and implemented. Numerous

methods and approaches are tested to converge to a well-performing recommendation system

algorithm. Thus, the following section highlights previous literature and presents an overview

of the main basic concepts on which this thesis will be built.

2.1 Definition of the Basic Concepts

Several concepts should be considered when addressing our topic. It is essential to lay

down the basis on which the literature review will be conducted, and the proposed thesis will

be developed. A brief description of the main concepts is presented in the table below. Further

details will be presented in the previous work in the subject section.

Table 1: Basic Concepts Definition

Basic Concept

Definition

IMDb dataset

IMDB is one of the popular databases and includes data related to
video games, movies, directors, actors, casts, and TV programs.
The traffic and establishment of IMDB as a global reference for
all users interested in movies and TV shows made the IMDB
dataset vast and comprehensive to include several movie genres,

actors, languages, and other factors.

Clustering

Clustering is the task of dividing the population of a dataset into a
number of groups such that data points in the same group have

similar characteristics.
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Tokenization

Tokenization is the process of exchanging sensitive data for no
sensitive data called "tokens" that can be used in a database or

internal system without bringing it into scope.

K-means

K-means clustering is one of the simplest and popular

unsupervised machine learning algorithms.

DBSCAN

Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) is a base algorithm for density-based clustering. It
can discover clusters of different shapes and sizes from a large

amount of data, which is containing noise and outliers.

Filter Bubble

When a website algorithm anticipates what information, a user
would like to see based on information about the user, such as
location, past click-behavior, and search history, it might create a
filter bubble or ideological frame, a condition of intellectual
isolation. As a result, users are effectively isolated in their own
cultural or ideological bubbles and cut off from information that

contradicts their beliefs.

PCA

Principal Component Analysis, or PCA, is a dimensionality-
reduction method that is often used to reduce the dimensionality
of large data sets, by transforming a large set of variables into a
smaller one that still contains most of the information in the large

set.
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2.2 Descriptions of the Used Algorithms

2.3 Previous Work in the Subject

The design of recommendation engines depends on the industry and the characteristics
of the available dataset [4]. The complexity and comprehensiveness of the task created a
stream of several potential techniques to present accurate recommendations to users. These
techniques include but are not limited to the content-based recommender system,
collaborative filtering recommender systems, and hybrid recommender systems [3]. The
collaborative filtering approach aims to create a model that learns from the user's past
behavior and similar decisions made by other users and accordingly recommends items or
ratings [4]. Collaborative filtering methods can be divided into neighborhood-based, memory-
based, and model-based approaches [4]. In neighborhood-based collaborative filtering, a
subset of users is chosen based on their similarity to the active user. Then, a weighted
combination of their ratings is used to generate predictions for the designated use [4]. When
the data scale is immense, conventional neighborhood-based collaborative algorithms do not
scale well since it is complex to compute the search of similar users [5]. In item-based
collaborative filtering, the aim is to match a user's rated items to similar items. This method

leads to faster online systems and improved recommendations [4].

On the other hand, content-based filtering adopts a series of discrete characteristics of
an item to recommend additional items with similar properties [2]. When content-based and
collaborative filtering are combined, the result would be a hybrid recommender system.
Hybrid approaches come as a means to leverage the strengths of content-based and

collaborative recommendation systems.
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There are several challenges when deploying recommendation systems as per [6] and
[4]. Sparsity is considered a problem in Collaborative Filtering systems. Most users do not
rate the items, which leads to a scarce user rating matrix which reduces the probability of
finding users with similar ratings. In addition to sparsity, the cold-start problem with new
items and users is considered a significant challenge recommender system. For example, in
Collaborative Filtering, an item cannot be recommended unless some user has rated it before
[6]. Finally, fraud is also jeopardizing the accuracy of recommendations. Due to the impact of
recommender systems on sellers' and platforms' benefits, they are attempts to inflate the

desirability of certain products (push attacks) or lower competitors' ratings (nuke attacks).

People's access to multiple online platforms for entertainment has created the
availability of big data that can be used in several applications such as recommendation
systems. Thus, several platforms created databases of movies and their related attributes, such
as actors and directors [7]. IMDB is one of the popular databases and includes data related to
video games, movies, directors, actors, casts, and TV programs. Through IMDB, users can
gather data about movies and TV programs in addition to giving their votes for their favorite
movie or actor [7]. Based on the users' input, IMDB rates the movies. The traffic and
establishment of IMDB as a global reference for all users interested in movies and TV shows
made the IMDB dataset vast and comprehensive to include several movie genres, actors,

languages, and other factors.

The availability of a large dataset requires the availability of tools to analyze, extract,
and process the data to deal with it quickly. Data analytics allows the optimal extraction of
information from large, packed data sets. It is essential to clean the raw data [7] to make

structured data easy for analysis.
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It is crucial to cluster movies from large datasets to identify what movies form a
natural cluster which can help and affect the recommendation system results [8]. These
clusters can help the recommendation system to identify recurrent or repeating patterns. There

are several clustering algorithms and techniques available that can support completing the job.

The dataset includes the top 250 movies based on the IMDDb rating sourced directly
from the IMDb's API, where the details of more than 5,000 movies are available. The movie's
plot summaries were considered factors in the clustering; they were extracted from IMDb's
website. Several factors are included in the raw dataset. Some of them are irrelevant to our
analysis and only add additional unnecessary computing time. For example, the IMDb rating
and ID are irrelevant in the analysis, while the runtime, plot, genre, actors, director, writer,

year of release, country, and language are.

Since the movie's plot summaries were extracted from IMDB's website as features
involved in the clustering, it is essential to extract meaningful words. It is essential to clean
the raw data available to achieve the goal of including the plot summaries as features.
Tokenization is a popular method to handle text data [9]. It aims to divide text documents into
smaller units, such as single words, as shown in Figure 1: Tokenization. Each unit of the
dissected text is called a token. For example, if tokenization is applied to the following
sentence, "Il am an outdoor enthusiast", the result would be ['', 'am', 'an', 'outdoor’,
'enthusiast']. Tokenization allows the analysis of the available text by interpreting the weight
of different words based on the frequency of occurrence. There are several types of
tokenization and including word tokenization and sentence tokenization. Through word

tokenization, a sentence is split into words which are analyzed. Through sentence

tokenization, a document or paragraph is split into analyzed sentences [9].
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Figure 1: Tokenization

The aim is to present was dimensionality reduction techniques will be used while
comparing them to other available methods and highlighting the reasons behind the clustering
algorithm choice through the comparative analysis. The dimensionality reduction techniques
considered are Principal Component Analysis (PCA), K-means, and DB-SCAN clustering to

identify intrinsic clusters in the data.

Once tokenization is executed, it is essential to stem the available words. The aim is to
convert a word form to its root. Stemming helps convert diverse forms of a word to their root
form [10]. For example, words such as "fishing", "fished", and "fisher" are all derived from
the word "fish" [11]. To understand stemming and tokenization, the following sentences will
be assessed. Sentence 1 is "The audience witnesses the series of events that led to the tragic
end," while sentence 2 is "Cyprus is considered an escape to many tourists that consider it a
spot to witness the bliss of summer on the Mediterranean. Instead of building several
dictionary entries for "witnesses" and "witness", stemming would result in only adding the
word "wit". Several stemming algorithms include Porter, Lovin, Paice & Husk, Dawson, and
Snowball. [11]. Snowball stemmer will be considered. To better portray the effect of

stemming, the example below is considered in Figure 2: Stemming Results Example.

Without stemming: [ 'Today", 'May"', "is', 'his', "only', "daughter®', "'s", “wedding"]

After stemming: [ "today", 'may"', "is', °"his", "onli', ‘daughter', "'s", "wed']

Figure 2: Stemming Results Example
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As a first step, the summaries available are tokenized. The text is tokenized, and any
punctuation and any other noise are removed. As a second step, all stop words are eliminated,

especially those that did not provide critical information.

The term frequency-inverse document frequency (TF-IDF) was considered the basis
for analyzing the plots [12]. TF-IDF measures word importance and is used to identify and
highlight important and relevant features from an available text. It guarantees that words with
an unusual tendency to appear in plots are selected as relevant words. TF measures the
frequency in which a specific term recurs, while IDF measures the opposite, the scarcity of a
term appearing in the plot text. The TD-IDF technique gives high weights to words that do not
occur too frequently across all plots. In that way, a uniqueness indicator is given to movies;
accordingly, movies with the same uniqueness indicator are clustered together. Evaluating the
TF-IDF results shows how applicable a word to a sentence can be determined, how valuable a
word is to a document, and how to identify misspelled words. For example, if in a document
the word "coffee" was misspelled as "coffe", the words "coffee" and "coffe" might be
processed as two separate words. In the case of TF-IDF, the mistake is corrected due to the
IDF score since it will be determined that the word "coffee" is more important than "coffe"

that will be treated as a non-useful word.

It is interesting to analyze the observations made on the selected top words. The TF-
IDF resulted in selecting the most important words, as shown in Figure 1: TF-IDF selected
top words. Some words are usual themes such as war, love, and friends. After determining
and extracting the keywords, it is essential to encode them. All keywords for all movies are

encoded. Each keyword is dedicated to a column. Then, for each movie representing a row in

11
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the data frame matrix, a binary "0" is assigned if the movie does not contain the keyword in

question, while a binary "1" is assigned if the movie contains the keyword.

top words = ["young", "man", "help", "life", "war", "police", "family", "journey",
"son", “"boy", "world", "love", "sawve", "dark"”, "friends", "murder"]

Figure 3: TF-IDF selected top words

Thus, as a summary of what has been presented so far, the analysis to asses movies

summaries includes the following steps:

Standardize, normalize (all lower case), and lemmatize data (all words to root words).
Tokenize words with frequency

Find TF for words

Find IDF for words

Vectorize the words

M

A simple example will be used to showcase the steps used to analyze movie
summaries. The first document is "It is going to rain today". The second document is "Today,
I am going outside. The third and last document is "I am going to watch the season premiere".
Applying steps 1 and 2 to the data results in the following as shown in Table 2: Steps 1 and 2
results.

Table 2: Steps 1 and 2 results
Word

going

to

today

i

am

it

is

@
=
=
=
-

—_— == NN NN W

rain

Applying step aims to compute the term frequency (TF) computed as the ratio between
the number of repetitions of a word in a document and the total number of words in the
document. Results are summarized in Table 3: Step 3: TF- Results.
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Table 3: Step 3: TF- Results

Words/Documents
going

to

today

i

am

it

is

rain

Document 1
0.16

0.16

0.16

0

0

0.16

0.16

0.16

Document 2
0.16

0

0.16

0.16

0.16

0

0

0

13

Document 3
0.12

0.12

0

0.12

0.12

0

0

0

The fourth step of the analysis consists of finding the IDF ratio, which is computed as
follows IDF =log [(Number of documents) / (Number of documents containing the word)].
Results are summarized in Table 4: Step 4: IDF Results

Table 4: Step 4: IDF Results

Words
going
to
today
i

am

it

is

rain

IDF Values
log (3/3)
log (3/2)
log (3/2)
log (3/2)
log (3/2)
log (3/1)
log (3/1)

log (3/1)

The fifth step is to vectorize the different inputs and variables by building a model, as

shown in Table 5: Step 5-Vectorization

Table 5: Step 5-Vectorization

Words

IDF Values

Document Document Document

Words/Documents

1
going 0 going 0.16
to 0.41 to 0.16
today 0.41 today 0.16
i 0.41 i 0
am 0.41 am 0

2 3
0.16 0.12
0 0.12
0.16 0
0.16 0.12
0.16 0.12
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it 1.09 it 0.16 0 0
is 1.09 is 0.16 0 0
rain 1.09 rain 0.16 0 0

As for the final step, it is essential to compare the results as shown in Table 6: Results

Comparison and conclude accordingly.

Table 6: Results Comparison

Words/Documents going to today i am it is rain
Document 1 0 0.07 0.07 0 0 0.17  0.17 0.17
Document 2 0 0 0.07 0.07 0.07 0 0 0
Document 3 0 0.05 0 0.05 005 0 0 0

Analyzing the results allows the discovery of similarities and differences between

"

documents and words. It can be easily observed that the words "it," "is," and "rain" are
essential to document 1 but not relevant to documents 2 and 3, which might result in the
conclusion that documents 1, 2, and 3 address different perspectives and meanings when

tackling the topic of rain. In addition to that, it can be observed that documents 1 and 2

discuss the event in the present based on the importance of "today".

It can be tiring to handle large datasets; thus, it is crucial to address the data
dimensionality. PCA reduces the dimension while preserving the diversity between data
points and reducing an extensive list of dimensions to a list of valuable and relevant features.
Reducing the features helps present the data with a lighter computational load, reducing
dimensional redundancy, and getting higher Effective Distance Metrics values, thus the

importance of addressing the curse of dimensionality.
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According to the Hughes phenomenon [12], when the number of samples is fixed
while the number of dimensions increases, a model's predictive power first increases, but after
a certain point, the predictive power decreases. To understand the effect of addressing data
frame dimensionality, an example will be presented in which a set of images representing a
cat or a dog will be considered. The aim is to create a classifier that can distinguish two
categories: dogs and cats. Attributes should be considered to distinguish the objects apart. A
potential attribute could be the animal's color. Based on that attribute, the classifier will map
the data to a specific category. The classifier translates the calculation by the average red,
green, and blue of the animal's picture. The mathematical model aims to translate the animal's
color into numbers. The three colors to which correspond numbers consist of three distinct
features, yet they are not enough to determine an accurate classification of the picture. Thus,
additional features are needed, such as the image texture determined by getting the average
edge or gradient intensity in the X and Y direction. After combining the colors and texture
features, we obtained five distinct features that the classifier could use to distinguish cats from

dogs.

One might think that adding additional features might make the differentiation process
more straightforward and might decrease the margin of error. However, after a specific
threshold, increasing the problem's dimensionality by adding additional features would result
in degrading the classification algorithm performance, as shown in Figure 4: Classifier

Performance concerning the number of Features.
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Classifier performance
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Figure 4: Classifier Performance concerning the number of Features

Having more data is helpful. However, too much information might sometimes result
in an extended model training time, and the curse of dimensionality rises. Other potential
issues that may arise from having a vast number of dimensions occur in the case of having
more features than observations, leading to the risk of massively lifting the model considered.
Moreover, another issue would be the difficulty of clustering observations; too many
dimensions cause every observation to appear equidistant from all others [13]. To highlight
the curse of high dimensional data will be elaborated in the following example. First, a dataset
consisting of 8 candles is considered, as shown in Figure 5: Example Curse of
Dimensionality: Example Dataset [13]. It can be observed that there are two clusters within
the dataset: spicy and sweet. Based on the clustering, it can be observed that a bluish candy is
sweet while the reddish candy is spicy. The two features considered for the clustering resulted
in perfect clusters of taste, which means a perfect mod For the machine, the data should be

presented properly as suggested in Figure 6: Example Curse of Dimensionality: Encoding.
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Figure 5: Example Curse of Dimensionality: Example Dataset
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Figure 6: Example Curse of Dimensionality: Encoding

However, if the data is more highly dimensional, as shown in Figure 8: Example
Curse of Dimensionality: Highly Dimensional Encoding, there will be eight instead of two
categories. Thus, dimensionality reduction could be adopted to reduce complexity. In the
following example, the aim is not to explain a specific algorithm but rather, and it is a simple
example that demonstrates some of the principles that dimensionality reduction algorithms

follow. The first step in the algorithm is to locate the underlying trends, also called latent
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features, in the available features, such as the primary colors red and blue. In the following
steps, the algorithm estimates each feature in terms of its exposure to the latent features and
plotted as shown in Figure 7: Example Curse of Dimensionality: Features Estimation. It was
possible to produce two clusters using latent features such as red and blue. Then, the number

of candies is used within each cluster as predictors.

Red Blue .
Red 1.00 0
Maroon 1.20 -0.10 . . @
Pink 1.00 0.20
Blue Exposure
Flamingo 0.80 0
Blue 0 1.00
Turquoise 0.25 0.90 .
Seaweed 0.15 1.00 t’ .
Ocean -0.10 1.20 i L I @

Figure 7: Example Curse of Dimensionality: Features Estimation
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Figure 8: Example Curse of Dimensionality: Highly Dimensional Encoding

Given a new candy, its color should be recorded. The color should be reflected concerning the
latent features. Using the latent features exposures, it can be determined to what cluster the

candy belongs to using simple techniques such as the Euclidean distance [13]. If the candy is
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associated with the red cluster, it can be deduced that it is spicy. If the candy is associated
with the blue cluster, it can be deduced that it is sweet. Thus, the model could be as follows in

the example proposed to showcase the curse of dimensionality.

Various distance measurement techniques are used to calculate similarities between
data points. These techniques include and are not limited to affinity propagation (graph
distances), mean-shift (point distances), K-Means (distance between points), DBSCAN
(distance between nearest points), Gaussian mixtures (Mahalanobis distance to centers), and
spectral clustering (graph distance) [14]. Regardless of the numerous clustering techniques
available, it should be highlighted that there is no one best algorithm for every purpose. For
example, DBSCAN might be very accurate but can also be inefficient in other cases.
DBSCAN might be more convenient to assess human intuitions that KMeans is [10]; thus,

clustering is essential to address the curse of dimensionality.

Density-based clustering helps in identifying different clusters within a data frame.
The rationale behind density-based clustering methods is that clusters in a dataset are adjoint
regions of high density separated by similar regions of low density. Density-based Spatial
Clustering of Applications with Noise (DBSCAN) is a density-based clustering algorithm
[14]. The dataset available includes outliers and noise. Thus, the aim is to find different
clusters of different shapes and sizes. In the DBSCAN algorithm, there are two parameters to
consider. The first is MinPts, a threshold used to find if a region is dense when a minimum
number of points are clustered together. The second parameter, Eps (g), is used to locate
points adjacent to a given point. Understanding the concepts of density reachability and
density connectivity is crucial to recognizing the importance of the features MinPts and €

[15].
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Reachability refers to reaching a point from another just by being at a distance € from
it. On the other hand, connectivity is finding if two points are located within the same cluster.
Points a and e are connected if a>b > ¢ >d > e. DBSCAN clustering results in three different
types of data points, as shown in Figure 9: DBSCAN Datapoint types. A circle of radius &
surrounds each data point. The point is classified into the core, border, and noise points. If a
circle around a point contains at least the 'MinPts' number of points, it is considered a core
point. If several points are less than "MinPts", it is classified as Border Point. Finally, a point

is classified as noise if no data points are around within an ¢ radius.

Core point

Noise point Border point

Figure 9: DBSCAN Datapoint types

Another clustering approach is K-Means clustering. A cluster will be formed between
any two observations in a vector space, no matter how far the distance between them is. Every
data point is vital since the average value of cluster elements determines the clustering. A
slight variation in the data will affect the clustering outcome. However, this problem is

significantly reduced by DBSCAN's logical cluster formation unless an odd shape data is
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encountered, which is not usually a problem. Another challenge with K-Means is to specify
before clustering the number of clusters we are interested in getting [16]. Usually, we will not
determine a reasonable value of k beforehand. Thus, an iterative clustering algorithm is
needed based on which K-Means aims to find a local maximum during each iteration. K-
Means clustering is a standard algorithm in data science and machine learning. K-Means can

be implemented based on the following logic:

1. Analyze the data quickly to determine how many classes to use. To use several

classes/groups, the respective center points should be randomly selected.

2. Each data point is classified by finding the distance between it and the nearest group

center. Then, the point is classified as belonging to the nearest group.

3. Based on this classification, the group center is calculated by taking the mean of all

the vectors in the group.

4. This process should be repeated for several iterations until the center of the groups
does not differ much between them. The group centers can also be initialized a few
times randomly, and then the run that appears to have provided the best results is

selected.

The K-Means method is fast since only distances are computed between points and
group centers. Its complexity is linear and denoted by O(n). K-Means clustering can handle an
extensive data set since it has a linear complexity compared to other clustering types that
could be quadratic O(n?). Moreover, K-Means works well when the clusters are hyper-
spherical such as circles in 2D and spheres in 3D. Although the K-Means method is fast and

typical, it has several disadvantages. Selecting how many classes are needed before the
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analysis can be challenging. Thus, it is a disadvantage since it is difficult or the clustering
algorithm to figure out the number of clusters. The K-Means also randomly chooses cluster

centers, which might result in different clustering outcomes after each iteration [17].

Since determining the number of clusters prior to the analysis is a disadvantage to K-
Means and since it is crucial to choose the correct number of clusters, there are several ways
to determine K, which is the number of clusters. Three standard methods are field knowledge,

business decision, and elbow method.

The elbow method can determine the number of clusters in a dataset. It works by
plotting the increasing values of K against the total error obtained when using the specific
value K [18]. The aim is to find the value of K that for each cluster will not significantly raise
the variance. The percentage variance is the ratio between the variance between the group
concerning the total variance. The variance represents the error. The error can be calculated

based on the following steps:

1. Subtracting the Euclidean distance from each point of each cluster to the center of the

respective group
2. The obtained result or value is squared to eliminate the negative terms
3. Finally, all squared values are added to obtain the total error.

Figure 10: Number of clusters effect on distortion represents an example that showcases how

the distortion varies with the number of clusters
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Figure 10: Number of clusters effect on distortion

Based on Figure 10: Number of clusters effect on distortion, K=3 will be selected; it is
where the elbow is located. Thus, the elbow method could determine the convenient number
of clusters in the dataset. The possible values of K range between 1 and the total number of
elements in the data frame considered. There are two extreme cases for the possible values of
K. If K is 1, then there is only one group to which all points belong. If K= all data points, it

can be concluded that each data point belongs to a separate group.

Now that both DBSCAN and K-Means have been introduced, it is essential to
highlight why some scientists adopt DBSCAN instead of K-Means clustering, which is
widely used, familiar, and straightforward. DBSCAN does not need to specify the number of

clusters, as with K-Means. When the dataset includes several distributions, DBSCAN can
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generate accurate results. With DBSCAN, a distance calculation function is needed in

addition to guidance on how much distance is considered "close".

As highlighted so far, clustering, also called cluster analysis, is an unsupervised
learning approach. Clustering separates data points into groups. The aim is to have data points
of similar features included in the same group. Accordingly, data points that belong to
different groups have different properties. To conduct clustering, and no matter the clustering

method, the aim is to calculate similarities that will be used to group data points.

Principal component analysis (PCA) is considered one of the most popular
multivariate statistical techniques. It can be compared to writing a book summary. It
transforms high-dimensions data into lower-dimensions while conserving as much
information as possible [13]. It has been applied in almost all scientific disciplines. It has been
used in typical applications such as image processing genome research in which data included
thousands of columns [13]. PCA is a technique used to analyze a data table representing
observations derived from several inter-correlated variables. The PCA method's outcome is
extracting the critical information from the raw data and building a set of new orthogonal
variables called principal components obtained as linear combinations of the original
variables [19]. The goals of PCA can be summarized in four points: extracting the critical
information from the data table, compressing the size of the data set, simplifying the
description of the data set, and analyzing the structure of the observations and the
variables[20]. The components of the PCA are computed as follows: the first principal
component is required to have the most considerable variance, and the remaining components
are computed as being orthogonal to the previous component while having the most

significant possible inertia [19].
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Principal Component Analysis achieves dimensionality reduction based on the
following steps [21]. In the first step, the data is standardized. Usually, variables that makeup
sets have different units and means, leading to extremely heavy computation. A more efficient
approach would be to center the data at mean zero and make it unitless. The second step is to
find the covariance matrix, a symmetric matrix with the size of the data number of
dimensions. The covariance shows how the features diverge from each other by computing
the covariance pairwise. The third step is to find the eigenvalues and eigenvectors of the
covariance matrix. Eigenvectors do not change direction when matrix transformation is
applied; they are linearly independent. Eigenvalues indicate the magnitude of the Eigenvector.
In the covariance matrix, the eigenvectors point toward the most considerable variance. The
Eigenvector with the largest Eigenvalue refers to the first principal component. The first
principal component represents the most variance. Since the principal components are
combinations that ensure that the information does not overlap between features, they
eliminate information redundancy. The variance reduces with every new principal component,
and further reduction can be achieved in the fourth step by eliminating the minor critical
principal components. In the fourth step, it should be carefully decided how much information

loss 1s tolerated.

After clustering, it is crucial to assess the distances between clusters. To find the
similarity between two examples, all the features' data for those two examples should be
combined into a single numeric value—for example, a shoe data set with only one feature:
shoe size. The difference between the two shoes' sizes should be calculated to quantify their
similarities. The smaller the numerical difference between sizes, the greater the shoe

similarity. The following approach is a simple, manual similarity measure [14]. If the sample
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representing the shoes is more complex and includes an additional feature that is the color, the
harder it will be to combine it with the numerical size data since the color is categorical data.
Categorical data can be either single-valued such as a car's color that can be white or blue but
never both, or multi-valued (multivalent), such as a movie's genre that can be action and
comedy simultaneously or just one genre [22]. The manual similarity approach becomes more
challenging since the dataset becomes harder. In that case, a supervised similarity measure
should be adopted.

For univalent data matches, the similarity is represented by a binary "1"; otherwise, it
is a binary "0". Multivariant data is harder to deal with. In that case, similarity can be
calculated using the ratio of common values called the Jaccard similarity [22]. The Jaccard
similarity can be further examined through the following example, as shown in Figure 11:
Jaccard Similarity Example. The Jaccard index, also called the Jaccard similarity coefficient,
is a statistical measure used to find the diversity and similarity between sample sets. The
Jaccard coefficient is also known as the Tanimoto index or coefficient. The Jaccard
coefficient measures the similarity between finite sample sets, and it is defined as the
intersection between them divided by the size of the union of both sets, as shown in Figure

12:Jaccard Similarity Calculation.
¢+ [“comedy”,"action”] and [“comedy”,"action™] = 1
* [“comedy”,action”] and [“action”] = %
* [“comedy”, "action”] and [“action”, "drama"] = %4

* [“comedy”,"action”] and [“non-fiction”, "biographical™] = Q)

Figure 11: Jaccard Similarity Example
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Figure 12:Jaccard Similarity Calculation

Another approach to replace the manual similarity measure is finding the distance
between the clusters. The distance between the clusters will reflect the similarity between
them. One possible approach to adopt is to find the closest two points in the two clusters, and
it will be considered as a measure of similarity called the nearest neighbor method. Another

approach would be to find the farthest two points in the cluster, called the furthest neighbor.

The illustration in neighbor highlights both concepts.

Single Linkage Complete Linkage
Nearest Neighbor Farthest Neighbor

Figure 13: Single Linkage Nearest/Farthest Neighbor
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An alternative approach is to find the average length from a point in one cluster to all
other points in the other cluster, as shown in Figure 14: Average Linkage All Neighbors and
Mean Linkage Mean Neighbor. The fourth and final approach would be to find the distance
between the mean of one cluster and the other, considered in the similarity analysis as shown

in Figure 14: Average Linkage All Neighbors and Mean Linkage Mean Neighbor.

Average Linkage Mean Linkage
All Neighbors Mean Neighbor
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Figure 14: Average Linkage All Neighbors and Mean Linkage Mean Neighbor

Echo chambers are a social phenomenon where the filter bubbles of interacting
individuals strongly overlap. Social media may limit the exposure to diverse perspectives and
favor the formation of groups of like-minded users framing and reinforcing a shared narrative,
that is, echo chambers [23]. The dangers of a society falling apart into distinct echo chambers
can be described as a lack of society-wide consensus and a lack of at least some shared beliefs
among otherwise disagreeing people that are needed for processes of democratic decision-
making [24]. In a wide range of areas, including music, films, dating, commerce, and
advertising, recommendation systems have an impact on how information is presented to
people. On the one hand, the nearly universal practice of selecting content based on expected
interests enables people to navigate the digital information glut. Models that have been trained

to anticipate user preferences as accurately as possible are frequently used by recommender
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systems. These models decide the content and information accessible to various users when the
technologies are installed. The difference between these goals creates a chance for unexpected
consequences, which can lead to phenomena like filter bubbles and polarization [23].
Preference predictions can help surface relevant and engaging content by taking use of user
consumption or rating trends. On the other hand, this individualized curation has the ability to
polarize and divide society. When used in feedback to form recommendations, the exploited
patterns between users may actually encode harmful biases that reinforce one another.

Potential pitfalls occur when putting large scale machine learning-based systems in
feedback with people, and highlights the importance of creating analytical tools to anticipate
and prevent undesirable behavior. Such tools should seek to quantify the degree to which a
recommender system will meet the information needs of its users or of society as a whole,
where these “information needs” must be carefully defined to include notions like relevance,
coverage, and diversity. In our proposed work, the proposed approach will address these

potential pitfalls that result from bubble filtering.

2.4 Research Motivation
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Chapter 3: Original Work

In the following section, and based on the extensive overview that has been provided in

Chapter 2, the original work related to the thesis will be presented.

3.1 Introduction

e The student's original work could cover 1 or several chapters as required. It is preferable
to put analytical and simulation results in separate chapters.

e Simulation results should be given in the form of curves and not tables filled with
numerical values.

e Simulation and numerical results should be explained clearly and not left to open
interpretation.

Listing 3.1 MyListingName
1. class SimpleMath

2. {

3. public int AddTwoNumbers(int numberl, int number2)
4. {

5. return numberl + number2;

6. }

7. }

Listing 3.2 MyListingName

1. class SimpleMath

2. {

3. public int AddTwoNumbers(int numberl, int number2)
4. {

5. return numberl + number2;

6. }

7. }
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The dataset is based on IMDb's web API: RESTful web service. BeautifulSoup
Library in Python was used to obtain plot summaries of movies. The final extracted data
frame has rows and columns based on OMDB's web API and the movie plot summaries. The
inputs of the data frame were all definite features. It is essential, as discussed previously, to
apply clustering to the available data frame called the dataset. The dimensionality reduction
techniques considered are Principal Component Analysis (PCA), K-means, and DB-SCAN

clustering to identify intrinsic clusters in the data.

When it comes to analyzing and assessing the remaining features that include the
language, actor, country, director, and other components, the top 20 occurrences were
identified. The selection is based on frequency. Based on the top occurrences of each feature,
additional columns are added to the matrix developed from the raw data set. Once added, each
movie's features are encoded. Based on the approach explained, the data frame is constructed
with 250 data points representing the 250 top IMDb movies and 112 columns representing all
features. Once the dataset is built, addressing the data frame dimensionality is essential.
Several dimensions make it complicated to acquire a fully functional model. There is a lack of
statistical and standard computational techniques when handling large data sets. The Principal
Component Analysis (PCA) will be suggested as a method to reduce all additional irrelevant

features.

The first part of the analysis is to collect all the IMDb IDs of the top 250 movies. The
latter task has been completed by scrapping IMDb's webpage, as shown in Figure 15:

Collecting IMDb's IDs.
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In [2]: | url="http://www.imdb.com/chart/top’
page=get(url).content
soup=BeautifulSoup(page, "hitml.parser’)
class _=soup.find all({name="div’,attrs={'class’':'wlb_ribbon’ }::-|
movie ids=[c['data-tconst'] for c in class_]

Figure 15: Collecting IMDb's IDs

The movie IDs are a collection of 250 movies per IMDb's website. OMDB will
explicitly use OMDB's API to collect the data, as shown in Figure 16: Data Collection using

OMDB.

In [3]: movie info=[[] for i im range(len(movie ids)}]

for i in range(258):
url="http: