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OZET

TURKCE ACIKLAMALAR KULLANAN
ICERIK TABANLI FiLM ONERI SISTEMI

Elif GUNER
Bilgisayar Miihendisligi

Tez Damigmani: Dr. Ogr. Uyesi Tevfik AYTEKIN

Mayis 2019, 45 sayfa

Oneri sistemleri kullanicilara ilgilerini ¢ekebilecek iiriinleri sunmay1 saglayan filtreleme
teknikleridir. Gliniimiizde ¢ok biiyiikk miktarlardaki veri iginden kullanicilarin tercih
yapmast oldukc¢a zordur. Bu durumda kullanicilara dogru tiriinleri sunmayi saglayan oneri
sistemleri giiniimiizde daha da 6nem kazanmustur.

Bu ¢alisma cesitli film 6neri sistemlerinin basarisini 6lgmeyi hedeflemektedir. Oneri
sistemlerinin basarisi, kullanicilarin filmlere verebilecekleri puanlara en yakin puanlari
tahmin edebilmeleriyle 6l¢iiliir. Bu ¢alismada kullanilan 6neri sistemlerinden biri olan
icerik tabanli filtreleme i¢in bir Tiirkge sinema web sitesinden veri alinmis, Tiirkce
kelimeler isleme sokularak metodun performansi igerik tabanl filtreleme sisteminin
tiirleri olan Ozet tabanl filtreleme ve tistveri tabanli filtreleme i¢in 6l¢tilmiistiir.

Ayni veri seti ile ¢esitli isbirlikgi filtreleme sistemlerinin de performansi 6lgiilmiis, igerik
tabanli filtreleme sistemleri ile dogru tahmin yapabilme performanslari karsilagtirilmistir.

Anahtar Kelimeler: Oneri Sistemleri, Igerik Tabanli Filtreleme, Isbirlik¢i Filtreleme



ABSTRACT

CONTENT BASED MOVIE RECOMMENDATION
USING TURKISH MOVIE DESCRIPTIONS

Elif GUNER
Computer Engineering

Thesis Supervisor: Asst. Prof. Dr. Tevfik AYTEKIN

May 2019, 45 pages

Recommendation systems are filtering techniques that enable users to present products
that may be of interest to users. Nowadays it is very difficult for users to choose from a
large amount of data. In this case, suggestion systems that provide the right products to
the users have become more important today.

This study aims to measure the success of various film recommendation systems. The
success of recommendation systems is measured by users' ability to estimate the closest
ratings they can give to the films. For the content-based filtering, which is one of the
recommendation systems used in this study, data was retrieved from a Turkish cinema
website and Turkish words are preprocessed. The performance of the plot based filtering
and metadata based filtering methods which are the types of content based filtering
methods were measured.

With the same data set, the performances of various collaborative-based filtering systems
were also measured, and accuracy of content-based filtering systems and collaborative-
based filtering systems estimation performances were compared.

Keywords: Recommendation Systems, Content Based Filtering, Collaborative Based
Filtering



CONTENTS

TABLES ...ttt bt r e e e s viii
FIGURES ... .o bbb bbbttt bbbt e n et ee s IX
ABBREVIATIONS ...ttt bbbt X
LINTRODUCTION ..ottt ettt e et essenbesresseanannens 1
2. THEORETICAL FOUNDATIONS AND RESOURCE RESEARCH. .................. 3
2.1 RECOMMENDER SYSTEMS .......coci ittt 3
2.1.1 Content Based FItEriNg........cccoeiieiiiie e 6
2.1.2 Collaborative FIltEriNg.........coceiiiiiiieiiiieiee et 9
2.1.2.1 MemMOry DASEA .........ooiiiiiiiiiiceee e 11

0 0 T I 1 4 o= =T PSR 12

2.1.2.1.2 USEI DASE.....c.eiiiieieeieciie sttt sttt et sne e 12

2.1.2.2 MOAEl DASEA ..ot 13
2.1.2.2.1 Singular Value Decomposition (SVD) ........cccocvevviveeiveieiicceenns 13

2. 1.3 HYDIid FIltEriNg ...ccoeoveiie e 15
2.1.4 Basic Problems of Recommender Systems .........cccccevveveieene e s, 16
2.1.4.1 Cold start problem ... 16

2.1.4.2 Sparcity ProbIEM ... 16
2.1.4.3 Scalability problem ... 17
2.1.4.4 User privacy ProbIem ... 17

2.2 LITERATURE REVIEW. ...ttt 18
3. DATA AND METHODOLOGY ....ccciiiiiiiieiieierienie et anesseaneas 20
3.1 CONTENT BASED FILTERING ......cceiiiiieieie et 20
20001 1 To £ SUUSSTPRN 20
B0t I 1= 1= 1 o o USSR 20
3112 ENtity FramewWorK ........ooovv ot 23
3.1.1.3 ZEMDEIEK ... 26
3.1.2 Plot Description Based RECOMMENUEN .........ccevveriieiieiieieeie e 27

Vi



3121 TF-IDF MENOM ..o 27

3.1.2.1 COUNT MELNOM ..ottt 31
3.1.3 Metadata And Keywords Based Recommender............cccccccevvveiveveiiiennennnns 31
3.2 COLLABORATIVE FILTERING........cooeititieiet e 35

3.2.1 MyMediaLite Recommender System Library..........ccccooivviiiineiiniinnnnnns 35

4, EXPERIMENTAL RESULTS ..ot 38
5. CONCLUSION.....ooiiiiieietse ettt ettt sttt nne e 45
REFERENGCES. ........ci oottt ettt sttt ena s e 46
CURRICULUM VITAE ...ttt sttt e e e 51

vii



TABLES

Table 4.1: MAE results for content based Methods ...........ccovveeiieneniniie e 38
Table 4.2: Average MAE results for content based methods............cccccvvvevvevciicieennn, 41
Table 4.3: MAE results for count method for different thresholds..............ccccooiiiinns 41
Table 4.4: Average MAE results for count method for different thresholds .................. 42
Table 4.5: Test results for collaborative filtering methods ..., 43

viii



FIGURES

Figure 2.1: Web sites that are actively using recommendation Systems.............c.cccevennene 5
Figure 2.2: Content based filtering Model.............ccooveiiiie i 7
Figure 2.3: SIMIArtY MAriX.......coveieiiieiee e 9
Figure 2.4: Collaborative based filtering model .............ccocooiiiiiiiiiiie 10
Figure 2.5: User item rating MatriX..........cccveveiieieiiesiee e e see e se e se e 11
Figure 2.6: Decomposition of rating matrix into user and item factor matrices............. 14
Figure 3.1: Browsers supported by Selenium ... 21
Figure 3.2: Beyazperde.com web site for plot description collection..................cc.c...... 22
Figure 3.3: Beyazperde.com web site for user,movie,rating data collection.................. 23
Figure 3.4: ENtity FrameWOTK .........cccoiiiiiieie ettt 24
Figure 3.5: Metadata information for content based filtering in the database ................ 25
Figure 3.6: Plot description information for content based filtering in the database......25
Figure 3.7: ROOE WOIA trE ........ocueeiieeie ettt sttt 27
Figure 3.8: Flow chart of plot description based recommender application................... 28

Figure 3.9: Implementation model of plot description based recommender

APPHICALION ... 29
Figure 3.10: Metadata and Keywords CONtENT ...........cccoveieeiiiiieiiee e 32
Figure 3.11: Flow chart of metadata and keywords based recommender system........... 33

Figure 3.12: Implementation model of metada and keywords based recommender

APPHICALION ... s 34
Figure 4.1: MAE results for count method .............cccoooeiieie i 39
Figure 4.2: MAE results for TF-IDF method............ccccoov i 39
Figure 4.3: MAE results for metadata and keyword based method..............cccccceevennen. 40
Figure 4.4: Accuracy comparision of 3 types of content based filtering methods.......... 40
Figure 4.5: Accuracy comparision of count method for different thresholds................. 42
Figure 4.6: Test results for collaborative filtering methods............ccccocvevieiii e, 44



API
BMF
IDE

IDF
MAE
NLP
ORM
RC
RMSE
SC-AFM
SI-AFM
SSVD++
SU-AFM
SVD
SVD++
TF

ABBREVIATIONS

Application Programming Interface
Biased Matrix Factorization

Integrated Development Environment
Inverse Document Frequency

Mean Absolute Error

Natural Language Processing

Object Relational Mapping

Remote Control

Root Mean Square Error

Sigmoid Combined Asymmetric Factor Model
Sigmoid Item Asymmetric Factor Model
Sigmoid SVD Plus Plus

Sigmoid User Asymmetric Factor Model
Singular VValue Decomposition

SVD Plus Plus

Term Frequency



1. INTRODUCTION

Recommendation systems aim to provide appropriate and personalized suggestions of
products to users. In the big data era, it is hard for users to decide which product to buy,
which music to listen or which movie to watch between large amounts of data.

Recommendation systems help users to easily choose the products of their interest.

Two types of movie recommendation systems are investigated in this study. These are
content based and collaborative filtering models. Content based filtering methods for
movie recommendation has two types. One is based on description of the movies and the
other one is based on actors, director, genre and keywords information of the movies.
These models find the similarities between the movies using description or metadata
information. Based on the rating information of the users, rating prediction is done using
the most similar movies to the target movie. There are many types of collaborative
filtering models. Most important types are user based and item based collaborative
filtering methods. In these methods, similarities are calculated based on rating

information.

During the literature research, it is observed that there are many studies for the content
based movie recommendation systems for the other languages, but there are very limited
studies for the Turkish language. The aim of this study is to investigate the rating
prediction performance of a Turkish movie web site based on the content based filtering
model using plot descriptions in Turkish language. Prediction success of metadata and
keyword based method which is another type of content based filtering model is also
measured. In order to measure the prediction performance of the collaborative filtering
models, MyMediaLite open source framework is used with the same dataset that is

received from the Turkish movie web site.

In the second section of this thesis, general information is given about content based
filtering and collaborative filtering recommendation system models. Also, other studies

about movie recommendation systems are described. In the third section, creation of the



dataset, collection of the data and methodologies that are followed while implementing
the project which is prepared for measuring the accuracy success of the content based
filtering is explained. Results of the experiments that are performed for content based and
collaborative filtering methods are displayed in tables and graphics in the fourth section.

Results are evaluated in the last section.



2. THEORETICAL FOUNDATIONS AND RESOURCE RESEARCH

2.1 RECOMMENDER SYSTEMS

The rapid growth of the Internet has led to a new era of information. It has a big impact
both on the academic research and on the daily life. There was a revolution of the way
information is collected, stored, processed, presented, shared and used. There are plenty
of data files in the form of text, picture and video and they are easily accessible. However,
easily accessible does not mean that easily found. Users need to cope with situations
where they have too many options. The tremendous quantity of information that exists on
the Internet is hard to be classified and used by a simple user. As a result, people need
assistance in order to limit their preferences effectively and quickly from the infinite
available possibilities. So, recommender systems have been developed in order to propose
web pages, restaurants, books, movies and so on. In order to provide good
recommendations, recommender systems are based on modeling the content, the social

groups the user belongs to and the end user preferences (Christakou & Stafylopatis, 2005).

Recommendation systems are software and techniques that provide suggestions for a user.
Suggestions are produced using a number of techniques, such as which products can be
sold, which music can be listened, which books to read and which films to watch.
Recommendation systems are primarily used to prevent inexperienced people from
making comparison between thousands of alternative products. Amazon.com, which is
popular around the world, uses recommendation systems to personalize the online shop
for each customer. As the recommendations are personalized, each user or user group
receives different suggestions. There are also non-personalized suggestions which is
much simpler to produce them. Examples are the lists of the top ten products elected by
the editors. Non-personalized suggestion systems are useful in some cases but are not
considered under recommendation systems. Basically, personalized recommendations are
presented as ordered lists. When this is done, the recommendation systems try to estimate
the most appropriate products based on the user's preferences and choices. In order to

make such a proposal, systems collect information about the user either by rating the



products such as scoring or by interpreting the user's movements. For example, the
recommendation system can interpret the user's movements and direct the user to other
products (Durukan, 2018).

The development of recommendation systems has started with simple observations.
Individuals generally rely on the advice of others when making routine and daily
decisions. For example, when deciding which movie to watch, we rely on the criticism of
the movie and the comments of the other people, the letters of recommendation when
hiring, the advice of the friend you trust when choosing books and we usually apply these
recommendations. Suggestion systems use techniques and algorithms to propose
suggestions from the user community to a relevant user by trying to emulate such
behaviors. Recommendations are for the products that similar users like. According to
this method, known as behavioral filtering, if the active user previously liked some
common products with some of the other users, other recommendations and tastes from
these users should be interesting for the active user. Recommendation systems have
proved to be a valuable tool to overcome the overloading problem. After all, the
suggestion systems can direct the user to new and previously uninformed products
according to their interests. Recommendations are produced based on user data that is
stored in the database, appropriate products and user's previous movements according to
the user's needs and choices. The user can look at these suggestions and make decisions.
User may like or dislike the suggestions, can use it immediately or in the next stage, but
all actions and transactions of the user are saved in the database for later use (Durukan,
2018).

Recommendation systems are quite new compared to other research areas. In the mid-
1990s, it emerged as an independent research area. It has an important role in the world-
wide web sites such as YouTube, Facebook, Amazon and Netflix as in Figure 2.1. Many
media companies offer recommendation systems as a service to their subscribers. For
example, Netflix, an online movie rental service, gave a million-dollar prize to the first

team that improves the success of their recommendation system by 10 percent.



Figure 2.1: Web sites that are actively using recommendation systems
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Source: Durukan, 2018

Recommendation systems are usually the systems used by the companies which make
trade and sales to increase profits. Attention is paid to users by carefully selecting the
products and thus increasing sales volume and profits. General techniques for this purpose

are similarity, novelty, serendipity and diversity.

The most obvious purpose of recommendation systems is to give the user the most
personalized recommendations. Because users are more likely to buy and consume the
products they find interesting. Similarity is not sufficient alone, even if it is the most

obvious goal.

Diversity refers to different types of items in a recommendation list. Recommendation
systems often suggest products that are most liked by other users. However, the similarity
of the recommended products may cause users to be overwhelmed by these suggestions.
If the recommendations contain different types of products, these suggestions are more
likely to be liked by the users. This type difference sometimes determined by the content
(e.g. genre information for movies). Diversity is an important feature to ensure that the

user is not always recommended the same products.

Novelty refers to recommending unknown items to the user. Recommendations are more
effective if the user has not seen the recommended products before. For instance, the

popular films which are recommended usually are not found interesting by the users.



Serendipity refers to recommending unexpected and useful items to the users. The
unexpected and intriguing product attracts the attention of the user and makes the user to
feel like discovering. The serendipity feature is often to suggest a product that is truly
surprise the user, rather than a product that the user has not previously known. For
instance, if a new lItalian restaurant is opened in the neighborhood, it is a novelty to
recommend this restaurant to someone who eats Italian food, but it is not serendipity. On
the other hand, if this restaurant is recommended to a Chinese person and that person does
not expect this kind of suggestion, than it is serendipity. Serendipity does not only
increase sales, but also launches a new stream. Due to the discovery of completely new
interests, it provides long-term benefits for the seller.

Recommendation systems are mainly based on two methods called content based filtering
and collaborative filtering. Also, there are studies about hybrid recommendation systems
which combines these two methods.

2.1.1 Content Based Filtering

In the content based filtering methods, the similarity between two items is determined
using the content of the items. The content can be any available data about the item. If
the item is a movie, than the content may be plot description or cast, director, genre and
keywords. The general idea is, if an individual liked a particular item in the past, he will

like an item that is similar to it as well as shown in Figure 2.2.



Figure 2.2: Content based filtering model
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The main advantage of content based filtering method is new item problem. When a new
item comes into the system, its similarity with the other movies can be calculated using
its content. Than, most similar movies would be recommended which the users gave high
ratings. On the other hand, there would be less diversity in the recommendations since

the item similarity is the only criteria.

In order to measure the prediction success of the plot description content based filtering
method, summary or description of the movies are used. First, description information of
the movies are preprocessed and roots of each word is found. Then, document vectors are
created for each movie. At this point, term frequency of each word is calculated using

TF-IDF (Term Frequency-Inverse Document Frequency).



The relative frequency of a word in a document is called TF and it is calculated as the
ratio of count of a term in a document to count of all the words in the same document.
The IDF value specifies that the frequently used terms do not contain information and

it acts as a filter. In the following formula, N stands for total number of documents, dft
stands for the number of documents that includes term t, idft shows how much information

term t includes :
. N
idfy = 10910d_ft (2.1)

By combining the terms, the weight of each term is determined for each document as TF-
IDF:

(tf —idf)eq = tfeq *x 1df (2.2)

Count method is another type of content based filtering method. In this method, frequency
of a word in a document is calculated instead of TF-IDF. This method generally gives
worse results comparing to TF-IDF since TF-IDF down weights the words that don’t

make much sense.

Another type of content based filtering method is metatada based. Actors, director and
genre as well as keywords that are extracted from the summary of the movie by TF-IDF
method are used as content in this method. All these data is put to corpus and document
vectors are created. If the feature j exists in the movie i content, than movie[i] feature[j]
is 1, else it is 0. Document vectors are created this way and similarities between the

movies are calculated using these vectors.

Several methods can be used to calculate similarity. Some of them are the euclidean, the

Pearson and the cosine similarity measures. There is not an exact answer to which score



would be the best. Different methods may work better in different scenarios. In this thesis,
cosine similarity is used to calculate the numbers that defines the similarity between two
movies. It is also preferred for being relatively easy and fast. The formula for cosine

similarity is defined as follows:

AB Y, AiB;
LAl BII nooa2 |en  p2
Yi=1 47 |Xi=1Bi

cos(@) = (2.3)

After all the similarity scores between the movies are calculated, similarity matrix is
created. Rating predictions are done considering the highest n correlations in the matrix.

Example of a similarity matrix can be seen in Figure 2.3.

Figure 2.3: Similarity matrix
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2.1.2 Collaborative Filtering

Collaborative filtering model is one of the most widely used recommendation method.
People with similar interests are matched and recommendations are provided based on
this matching. Recommendations are usually extracted from the correlations of elements
that are explicitly estimated by different users or statistical analysis of the patterns. The
similarity between users is calculated instead of the elements. Rating of the unknown
elements are predicted by using a combination of the nearest neighbors’ results. Even the
user provides only a few ratings, recommendation quality is generally high (Christakou
& Stafylopatis, 2005).



Collaborative filtering model is based on users’ ratings. It recommends the movies that
users haven’t watched yet, but similar users have already watched and liked. This model
takes into account the movies both of them watched and rating scores of them in order to
decide if two users are similar or not. It predicts the rating of a movie using the similar

users’ ratings, for a user who hasn’t watched that movie yet.

Figure 2.4: Collaborative based filtering model
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In order to get successful results, ratings are necessary for collaborative filtering model.
But, all users do not always rate the items. Moreover, some of them never rate any of
them. This can lead to cold-start problem. But, diversity in the suggestions can be
considered as an advantage of this method. For example, user X may like comedy and
romantic movies. User Y likes comedy movies but never watched romantic movies. This
method will recommend romantic movies to user Y, based on the common taste that the
two users have for comedy movies. If user Y figures out that he likes romantic movies,
he can add a lot of new movies to watch on his list. In this case, diversity of this model

10



makes the recommendation successful. Or, If user Y figures out that he does not like

romantic movies, it means that recommendation is not successful (Grimaldi, 2018).

2.1.2.1 Memory based

Memory based methods are also known as neighborhood-based collaborative filtering
systems. These are among the oldest recommended systems of user-item rating that are
known to be neighbors. The neighborhood relationship can be explained in two ways,
user based and item based. Memory based methods do not work well if the user-item
rating matrix is too sparse. In this method, entire database is loaded into system memory
and predictions are made based on such in-line memory database. Huge data is a problem
of this method (Do, Nguyen & Nguyen, 2010).

Figure 2.5: User item rating matrix
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2.1.2.1.1 Item based

In this filtering technique, predictions are made based on the similarity between items.

All items rated by an active user are received from the user-item matrix. Then, similarity
between the received items and the target item is calculated and k most similar items are
selected. Then, weighted average of the active users’ rating is taken on the most similar

k items.

Since the similarity between items is used, item based collaborative filtering looks like
content-based filtering model. Item based model generally provides better predictions
than the user based model. It is also more stable than the user based model. So, it allows

pre-calculation and improves online performance (Ricci, 2015).

2.1.2.1.2 User based

User based collaborative filtering technique is based on the idea that similar users would
have similar taste. If user A and user B have watched the same movies and they rated
them nearly the same. But, user B has not watched movie X yet, but user A did. If user A
likes that movie, it can be assumed that user B will like it as well. User based collaborative
filtering is based on this model and recommends items by finding similar users to the
active user whom a movie will be recommended (Schafer, Frankowski, Herlocker & Sen,
2007).

This model is more dynamic than the item based model. So, pre-calculation may cause
poor predictions since the similarity between users may differ even a few ratings change
(Ricci, 2015). Another disadvantage of this model is cold start problem which new users

will not have enough ratings in order to be compared with other users.

12



2.1.2.2 Model based

In model based method, huge database is compressed into a model and predictions are
made by applying reference mechanism into this model. Model based collaborative

filtering can response user’s request immediately (Do et al., 2010).

2.1.2.2.1 Singular Value Decomposition (SVD)

SVD is a matrix factorization model which is used for constructing a feature matrix for
users and for items. Matrix factorization model which is one of the leading types of latent
factor models, can make more successful predictions comparing to the nearest neighbor
methods. Neighborhood methods focus on the similarity between items or users, so they
are able to discover localized relationships (e.g., someone who likes Xman also likes
Ironman), but they are not good at finding out the user’s overall taste. Latent factor models
try to define the ratings by items and users and make them directly comparable by
transforming both items and users to the same latent space. This model is able to predict
the comprehensive structure (e.g., a user likes thriller movies) but is not good enough in
analyzing associations among small sets of closely related items (Guan, Li & Guan,
2016).

Latent factor model also handles the scalability and sparsity problems which exists in
neighborhood based collaborative filtering. In this model, recommendation problem is

turned into an optimization problem (Huang, 2018) .

Latent factor is a concept which describes a feature that a user or an item have. For
instance, in case of music, latent factor may refer to the genre of that music. SVD reduces
the dimension of the user-item matrix by extracting its latent factors. Each user and each
item is mapped into a latent space with dimension r. So, the relationship between users
and items would be more recognizable as they become directly comparable (Huang,
2018).

13



Figure 2.6: Decomposition of rating matrix into user and item factor matrices
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The matrix factorization can be thought of as finding two matrices that are the product of
the original user-item matrix. Vector “qi" represents each item and vector "pu’ represents

each user. The dot product of these vectors represents the expected rating.

expected rating = #,,; = q! py, (2.4)

gi and “pu’ vectors can be detected by making the square error difference between the

expected rating and the actual rating in the user-item matrix minimum.

minimum(p, ) X uiex Tui — q; - Pu)? (2.5)
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In order to prevent overfitting problem and increasing the generalization performance, a

regularization factor A is added to above minimization equation.

.. 2 2 2
minimum(®, @ Lape(ra — a-p)" + Ada )’ +lp ) (2.6)

If a user gives a low rating to a movie and if there is no other rating from this user, this
algorithm would give "qi" a large value for minimizing the error. This would cause all
ratings from this user to other movies to be very low. This is an unsolicited status. By
adding the regularization factor to the equation, giving vectors large value will minimize

the equation and this kind of situations will be prevented (Golub & Reinsch, 1971).

2.1.3 Hybrid Filtering

Hybrid filtering methods combine several recommendation techniques in different ways
like, merging content based filtering with collaborative filtering. Both collaborative
filtering and content based methods have their own advantages and disadvantages. Hence
when both of them is combined together, then the advantage of both techniques can be
used to overwhelm the disadvantages of others. For instance, if a user has no rating,
collaborative filtering method can not make prediction since it uses rating matrix. In this

case, content based filtering can be used for recommendations (Burke, 2007).

Hybrid filtering methods are implemented in multiple ways like by making collaborative
based and content based recommendations separately and then combining them, by
adding collaborative based abilities to content based techniques and vice versa or by
merging the techiques into one model. Most of the studies use hybrid filtering system in
a weighted way (Cano & Morisio, 2017). According to the studies, hybrid filtering
methods are more successful comparing to the pure content based or pure collaborative

based models.
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Netflix is an example of the hybrid filtering methods. It compares the watching and
searching routines of similar users (i.e., collaborative filtering) and also recommends
movies that share the same features with the movies that a users gave high ratings (i.e.,
content-based filtering) (Gomez-Uribe & Hunt, 2015).

2.1.4 Basic Problems of Recommender Systems

2.1.4.1 Cold start problem

The term cold start problem is derived from cars. In very cold weather, the engine of a
car would have problems with starting up. But when it reaches its optimum operating
temperature, it will run appropriately. For recommender system concept, the cold start
refers to that the circumstances are not good enough for the engine to detect the best

possible results (Gaspar, 2015).

Cold start problem is a problem when a new user or a new movie comes into the system.
It is not possible to make suggestions because it is not known that what kind of films the
new user will love and what kind of tracking behavior he/she will have. In this case, it is
possible to make a suggestion by waiting the behavior of the new user in the system for
the first week. It is also possible to suggest the most popular content or predicting the

average rating of the target movie.

It is also a cold start problem that, when a new movie added to the system, which users it
will be recommended to. The answer of this question would be the content-based filtering.
First, metadata of new products can be used when creating recommendations, while user

action is secondary for a certain period of time (Gaspar, 2015).

2.1.4.2 Sparcity problem
The aim of the collaborative filtering method is making recommendations based on users

who have similar interests. However, because of users’ lack of knowledge or incentives

to rate items, ratings of user-item matrix is generally very sparse (up to 99%). Usually,
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new users make a few or no ratings or new items receive only a few or no ratings. In
this kind of situation, collaborative filtering can not provide effective recommendations,
since users’ preference is hard to obtain. Many algorithms have been developed for this

problem, but these issues have not been well-addressed yet (Guo, 2012).

2.1.4.3 Scalability problem

Recommendation systems try to to produce suggestions about many products for many
users. With the increase in the number of products and users, the scalability of the data
becomes difficult. In neighborhood-based methods used in recommendation systems,
users are represented by n-dimensional vectors and items are represented by m-
dimensional vectors. In this case, calculating user to user and item to item similarities will
bring a considerable amount of load on the system. In order to avoid this problem, matrix
decomposition is used as a method in the recommendation systems (Koren, Bell &
Volinsky, 2009). In the matrix decomposition method, if m is the total number of users,
n is the the total number of items, each user and product is represented by f << m,n sized

vectors.

2.1.4.4 User privacy problem

One of the problems which affects recommendation systems is the privacy problem.
System recommends items similar to that the users’ already used. In this case, other items
that the users may like can not be suggested. But, recommendation systems should
suggest items both compatible with users’ past behaviour and users may like in the future.
Privacy problem can be solved with hybrid filtering methods. Content based system
provides recommendation of items according to users’s taste and collaborative filtering
system makes recommendation using taste of similar users to the target user. Hybrid

systems that use these two methods together is a solution to the privacy problem.
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2.2 LITERATURE REVIEW

Choi, Ko and Han (2012) proposed an algorithm which improves results of the existing
genre based recommender. The aim of this recommender is to solve cold-start and
sparcity problems of the collaborative filtering approach. Since the genre information is
determined by experts after the content of the movie completed, it is more reliable than
the user ratings. First, genre correlations are calculated using genre combinations of each
movie. Than, predicted rating is calculated using genre combination of all movies, user-
preferred genres which the users request recommendation, average rating of each movie
and genre correlations. In the previous method, when average rating of two movies are
the same, the one which has more genres gets more points for prediction. New method

prevented this mistake.

Uluyagmur (2012) proposed content-based, collaborative and hybrid recommendation
methods and evaluated these algorithms. The author used actor, director, genre and some
keywords received from the movie summaries for the content-based recommendation
system. Each of these features are calculated seperately and their performances are
measured. The method which uses director feature gives the best result. For the
collaborative filtering method, users’ ratings to the movies are used. Implicit ratings
which are calculated by the percentage of the movie watched by that user are used since
the study was done for the TV movies. Matrix factorization method was implemented as
collaborative filtering method. Hybrid movie recommendation system combines
recommendations of the content-based and collaborative filtering methods. Precision,
recall, normalized precision and rating weighted normalized precision perfomance
measures were used to evaluate the performance of the recommendation algorithms.

According to this study, hybrid movie recommendation system gives the best results.

Ahn and Shi (2007) analyzed 5 types of cultural metadata such as user comments, plot
outline, synopsis, plot keywords, and genres in IMDB system and detected which
metadata enables more precise recommendation. They divided this metadata into 2 types

which are text type and keyword type. Comments, plot outline and synopsis are text type
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and plot keywords and genres are keyword type. Text type metada needs preprocessing
and Natural Language Processing (NLP) before analyzing. But, keyword type metada do
not need this kind of processes. The data is collected by web crawling. They created
document vectors, detected TF-IDF of the metadata and used cosine similarity while
calculating the similarities between the movies. User comments metadata has the highest
precision according to the result of this study. The second successful metadata was the
genres. Also, genres metadata enables to recommend more movies than the other
metadata types. This study implies that how user comments are important as metadata for

content based recommendation systems.

Mak, Koprinska and Poon (2003) compared the text based and feature based
recommendations in their study. For the feature based recommendation, genre, director,
leading actor and actress, awards won, awards nominated, country of origin features are
used while synopsis of the movies were used for text based recommendation. The words
in the synopsis of the movies were first separated into their roots, and the tf-idf vectors
were generated and each movie was shown with a document vector. Inverse Document
Frequency (IDF), Information Gain (IG) and Mutual Information (MI) methods are
compared and best results are received with IDF method for eliminating stop words or
words which has less information. In general, feature based method was working better
for most of the users, but text based recommendation system outperformed feature based
technique under particular conditions. For instance, text based classification is more
successful when the number of ratings given by the user is higher than the number of
words used to define documents.
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3. DATA AND METHODOLOGY

The rating prediction performance of the content based and collaborative filtering models
have been discovered and compared for a Turkish web site dataset in the scope of this
study. In order to measure the prediction success of the content based filtering
recommendation model, a project was implemented. For the collaborative filtering model,

MyMediaL.ite open-source library was used.

3.1 CONTENT BASED FILTERING

Two different kinds of content based filtering methods were implemented and the
prediction success of these methods were compared. These methods are plot decription
based and metada and keywords based recommender methods. The project that was
prepared for measuring the prediction success of these methods was implemented with
C# programming language and entity framework was used for ORM (Object Relational
Mapping). In order to collect the summary, genre, director and cast information of the
movies, a web crawler was implemented using Selenium library. Also, user, movie and
rating information was collected for creating the dataset that will be used in
measurements. All the data was stored in MSSQL database. Tools, implementation details
and methods that were used in the skeleton of this project will be explained in detail in

this section.

3.1.1 Tools

3.1.1.1 Selenium

Selenium is a browser automation tool that allows creating and operating some test steps
of websites automatically through a web browser. For example, correct and incorrect
working scenarios of a website's user registration page can be tested with Selenium by

automating the steps such as opening the user registration page, filling in the input fields
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on the page and clicking the button. This makes easier to perform functional tests of the
application. This way, different scenarios can be saved and instead of manually
performing these scenarios, Selenium can do them later (Gojare, Joshi & Gaigaware,
2015).

Selenium is an open-source tool and there is no licensing cost involved, which is a major
advantage over other testing tools. Test scripts can be written in several programming
languages like Java, Python, C#, PHP, Ruby, Perl and .Net. Tests can be carried out in
any of the Windows, Mac or Linux operating systems and using Mozilla Firefox, Internet
Explorer, Google Chrome, Safari or Opera browsers. It can be integrated with TestNG
and JUnit tools for managing test cases and generating reports. It can be integrated with

Maven, Jenkins and Docker in order to make continuous testing (Jain & Kaluri, 2015).
Figure 3.1: Browsers supported by Selenium
- b

& Qo0
@

Source: Vardhan, 2019

Selenium is a suite of tools which consists of Selenium IDE (Integrated Development
Environment), Selenium RC (Remote Control), Selenium Webdriver, and Selenium Grid.
Selenium IDE is the simplest framework in the Selenium Suite. Scripts can be recorded
and playbacked by this IDE. Simple scripts can be created using Selenium IDE. Selenium
RC or Selenium WebDriver is needed to be used to write more advanced and robust test
cases. Selenium WebDriver is a browser automation framework which accepts
commands and sends them to a browser. It directly communicates and controls the

browser. Selenium WebDriver supports Java, C#, PHP, Python, Perl and Ruby. Selenium
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Grid supports distributed test execution which allows running the tests on different
machines against different browsers in parallel (Rajkumar, 2018).

In this study, plot, genre, actors and director information as well as user, movie, rating
data were collected by using Selenium WebDriver as the framework and Firefox as the
browser. As seen in figure 3.2, plot description is received from Ozet and Detaylar
section. Cast information is received from Oyuncular, Director information is received

from Yonetmen and genre information is received from T7ir sections.

Figure 3.2: Beyazperde.com web site for plot description collection

Avengers: Endgame
L, Seanslar @ Fragmanlar Oyuncular Uye Elestirileri

26 Nisan 2019 (3s 1dk)
Joe Russo, Anthony Russo
Robert Downey Jr., Chris Evans, Mark Ruffale devami

Aksiyon, Fantastik, Macera

ABD
FRAGMANI IZLE SEANSLAR! (353)
Uyeler Beyazperde Arkadaglarim
Puanim : R izlemek istiyorum £> Elestiri yaz! P

Ozet ve Detaylar

"Avengers Infinity War"un ardindan pek cok siper kahraman kile dénasmastir. Doktor
Strange, Gamora, Drax, Mantis, genc Oriimcek Adam, Black Panther, Bucky Barnes,
Groot. Scarlet Witch. Vision. Star Lord. Maria Hill. The Wasp ve Nick Fury aibi pek cok

User, movie, rating dataset is collected by clicking “liyeler” section which can be seen in

the above figure as well. Under this section, users who rated the corresponding movie are

22



listed. Selenium WebDriver clicks all the users. When clicking each user, movies which

the user is rated are listed as shown in Figure 3.3.

Figure 3.3: Beyazperde.com web site for user,movie,rating data collection

Engin Yuksel

1348 W 1016 0 30 s
| oylamalar ve favoriler  elestiriler  takip edilen takipciler Wit ds

Koleksiyonum
1290 filmler 55 diziler 0 sanatel

Film koleksiyonunu filtrele v Goresirala [ # Az

Selenium webdriver gets the rating data that exist on the movie picture with the system’s
user 1D and movie ID. This process is executed for all movies and all users under that

movies.

3.1.1.2 Entity Framework

Developers used to implement ADO.NET code or Enterprise Data Access Block to save
or retrieve data from the database prior to .NET 3.5. First, a connection to the database
was opened, than a dataset to fetch was created or the data was submitted to the database
and the data from the dataset was converted to .NET objects. This was an ineligible and

error prone process. Microsoft has provided an open-source ORM framework for .NET
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applications called Entity Framework for automating all these database related activities
(Adya, Blakeley, Melnik & Muralidhar, 2007).

Entity Framework provides working at a higher level of abstraction without focusing on
the related database tables and columns where this data is stored. With the Entity
Framework, developers can create and maintain data-oriented applications with less code

compared with traditional applications. Entity Framework layers are shown in Figure 3.4.

Figure 3.4: Entity Framework

UliConsaole App.

L4

Business Layer

h J

Diata Layer

Entity Framewark

Database

In Figure 3.5 and Figure 3.6, the data that is gathered from the www.beyazperde.com

website and inserted to the database by the help of entity framework can be seen.
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Figure 3.5: Metadata information for content based filtering in the database

FH Resuts E¥ Messages
Id  MovieName
T i1 Gadn
22 Yiziklern Efendisi: Yizik Kardesigi
3 3 Aya
4 4 Esaya
5 5 Hababam Sinfi Sinfta Kaldi
6 6 Baba
77 YesiYol
8 8 Yizlklerin Efendisi: ki Kule
9 5 Selam: Bahara Yolculuk
10 10 Gladyatar
11 11 Esaretin Bedeli
12 12 Fomest Gump
13 13 Cesurylrek
14 14  Hababam Sinfi
15 15  Gelecege Dands

Genres

Bivografik , Dram
Fantastik, Macera
Dram, Savas filmi
Dram

Komedi, Dram
Palisiye, Dram
Fartastik, Polisiye
Fantastik. Macera
Dram

Epik, Macera
Dram

Dramatik komedi, Romantik
Biyografik, Dram
Dramatik komedi

Bilimkurgu, Macera

Actors

Anthony Quinn, Iréne Papas, Michael Ansara,Johnny Se...

Elijah Wood,Sean Astin lan McKelen Sala Baker
ismail Hacioglu, Cetin Tekindor, Kim Seol Kyung-Jin Lee
Sener Sen,Ugur Yicel Yegm Sallom Kamran Usluer
Manir Ozkul Kemal Sunal Sener Sen. Tank Akan

Marlan Brando, Al Pacino James Caan Robert Duvall

Tom Hanks,Michael Clarke Duncan,David Morse, Bonn...

Elijah Wood.Sean Astin Viggo Mortensen.lan McKellen
Girol Glngdr, Ashhan Giner Miktibek Apazov, Merve 5.
Russell Crowe Joaquin Phoenix,Connie MNielsen Oliver ...

Tim Robbins Morgan Freeman,Bob Gunton Wiliam Sad...

Tom Hanks,Gary Sinise,Robin Wright Myketti Williamson

Mel Gibson,Sophie Marceau Catherine McComack FPa...

Marir Ozkul, Tank Akan, Adile Nagit Kemal Sunal

Michael J. Fox,Christopher Uoyd Lea Thompsan,Crispin...

Director
Moustapha Akkad
Peter Jackson
Can Ulkay

Yavuz Turgul
Ertem Egimez
Francis Ford Coppola
Frank Daraborit
Peter Jackson
Hamdi Alkan
Ridley Scott
Frank Darabont
Robert Zemeckis
Mel Gibson

Ertem Egilmez
Robert Zemeckis

Keywords

allah hz mekke

mordor sauron yUzik
astsubay,ayla suleyman
35 baran hapis
diploma ferit sinif
corleone,don puza

coffey idam,mahkum

kule tolkien yizik

apan kirgizistan yavuzcan
commodus,imparator maximus
andy,dufresne,shawsank
elvis,gump 03

murmon wallace wiliam
hababam &grenci sinf
hatamarty,sahlan

Figure 3.6: Plot description information for content based filtering in the database

FH Resuts g Messages
MovieMName Mavie Summary

1 Gadn 6. ylzylda Mekke. islam tarihgilerinin Cahiliye Devri olarak anmaktan hoglandiklan donemdeyiz. Sehrin ileri gelenlerinin M...
2 Yiziklern Efendisi: Yuzik Kardeglidi  Yillar nce Gretilen ve Orta Dinya topraklanna kandan bagka higbir g2y getimeyen ylziklern sonuncusu, Gretiminden yo...
3 Hyla Film, Kore Savag’nda yaganan gergek ve gok dramatik bir hikayeyi beyazperdeye tagyacak . 1950 yiinda savaga yerala...
4 Egiya 35 yil 6nce Cudi daglannda bir grup eskiya yakalandi ve hapse atildi. Yillar iginde kimi hastaliktan, kimi hesaplagma sonuc...
5 Hababam Sinfi Sinfta Kaldi Ozel Gamhca Lisesinin en ‘Gzel’ sinfi olan Hababam Sinfi'nin hagan odrencileri ‘sahte diplomalar’ yizinden sinfta kalmig...
& Baba Mario Puzo'nun gok satan kitabindan Puzo ve yonetmen Francis Ford Coppola tarafindan sinemaya uyaranan eser, 407a...
7 Yesl Yol Paul Edgecomb’un hapishanedeki gorevi, idama mahkum edilen mahlkumlan son yolculuklanna ugudamaldtr. Cahgid willar...
8 3 Yiziklerin Efendisi: iki Kule Ylzik Kardegigi adindaki ilk film, Tolkien fanatikler ve hikayeyle yeni taniganlar tarafindan ok begenilmis ve yonetmeni ...
9 9 Selam: Bahara Yolculuk Senaryosu gergek bir hayat hikayesinden yola glilarak yazlan "Bahara Yolculuk ' filminde, Tlrkiye'den yola gkarak Kingizi...
0 10 Gladyator imparator Marcus Aurelius 'un hikim sOrdidl Roma 'da bir general olan Maximus imparatoriudun hiyerarsik basamaklannd...
11 11 Esaretin Bedeli Andy Dufresne, geng ve basganl bir bankerdir. Kansini ve kansinin sevgilisini éldimek sugundan yargilanir ve émur bayu h. ..
12 12 Fomest Gump ugiik |.Q. sahibi Fomest Gump Jenny ile tamigr ve agk olur. Gump aralannda Elvis Presley, Kennedy, Nixon'in da oldugu ta. ..
13 13 Cesuryirek Yasanan biylk aciar sonrasi yeniden memleketi olan iskogya'ya danen William Wallace'in asil amac giftgilik yaparak sa...
14 14  Hababam Sinfi Ogrencilik hayatlan haylazlik ve tembellik (zerine kurulu olan bir sinf dolusu matrak adrencinin, Ozel Camlica Lisesinde y...
15 15  Gelecedge Donlg Deli dolu biimadami Dr. Brown zamanda yolculugu mamkiin kilan bir araba geligtinr. Bu makineyi il kullanan geng Marty u. ..
16 16 Kafes Kafes, 12 Eylil Darbesi doneminde gegiyor ve bu donemde cezaevinde igiencelere maruz kalan genglern hayatini ele ali...

7 7 Dag2 Terdristlerin elinden kurtulmay bagaran iki arkadag Ofuz ve Bekir, & yil sonra 6zel bir garev igin Ozel Kuvvetler 8. Muhar...
18 18 Baba2 1972 yapimi ilk filmin devami niteliginde., yine yazar Mario Puzo ve yonetmen Francis Ford Coppola’nin yaratic: ellerinden ¢...
19 19 Ylziklerin Efendisi: Kralin Donlgl Sauron'un ordulan blyldikge bliyumektedider. Frodo ve onun can dostu Sam, korku dalu bir yolculugun gobedinde, kor...
20 20 Bidegen Gondller 2. Dinya Savagy doneminde gegen filmde, yollan trajik bir sekilde aynlan iki agdin hikayesi ele alinyor. Niyaz ve Cennety...
21 21 Sevginin Glcd Masum bir kiz ve bir katil. Birbiderinden bagka kaybedacek highir seylen yok. Ekek duygusuzea dldiniyor. Zayf noktasini. ..
22 22 Hayat Guzeldir ikinci Dirya Savag min birkag yil ancesini anlatarak baglayan fiilmde bagkahramanimiz hayat dolu Guido'nun glizeller giz...

4771 movies, 26638 users and 771274 user ,movie, rating data is received from the

www.beyazperde.com website in the scope of this study.
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3.1.1.3 Zemberek

Since Turkish is a agglutinative language, the language structure differs from other
languages like extreme usage of affixes. This difference caused studies to be difficult,
very limited and narrow level in the NLP (Natural Language Processing) field of the
Turkish language. Because of the fundamental differences of agglutinative languages, it
Is very difficult to find the root of the word. The solution of the NLP problem, which is
faced by Turkish language, is the creation of an education set by dividing the words into
the roots (Degerli, 2012).

Zemberek started to be developed with Java for all neglected Turkish languages and
especially for Turkish in 2004. It is an open source, platform independent and general
purpose NLP library and a Libre Office extension. Zemberek offers a dictionary-based
root finding method using the root and suffix dictionary files for analysis (Tunali &
Bilgin, 2012).

When the general structure of the Zemberek is investigated, it is divided into three parts
as kernel, language implementations and data. In the kernel ,basic natural language
processing algorithms, in the language implementations Turkish languages that are within
the scope of the study and in the data, letters, roots and suffix data information is available
(Eken, Ekinci & Sayar, 2014).

This library offers many NLP transactions like format analysis for the user, word based
spelling, finding word suffix, spelling, spell checking, suggestion for incorrect words,
incorrect coding, suffix separation, and word derivation (Tunali & Bilgin, 2012).

Zemberek’s root finding mechanism is used in this study. During the initialization of
Zemberek, this library loads the binary root file first. Related special cases are attached
to the root object when a root word is read. In order to provide fast access, the resulting
object is stored into a special tree. Simplified structure of such a tree is shown in Figure
3.7 (Akin & Akin, 2016).
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Figure 3.7: Root word tree
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Source: Akin & Akin, 2016

3.1.2 Plot Description Based Recommender

3.1.2.1 TF-IDF method

The aim of this recommender is making rating prediction using plot description of the
movies. First, item to item similarity matrix should be created. For this reason,
punctuation marks are extracted from plot descriptions and all of the words are sent to
Zemberek tool in order to find their roots. Usually, a couple of results are received for
one word as root. First one is selected, others are ignored even if there is a possibility that
one of the others would be correct. Because, there is no way to decide which one is correct

automatically. If the tool can not find any root candidate, then the word itself is used.
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Figure 3.8: Flow chart of plot description based recommender
application

Collecting the summary data of the maovies

Discarding the punctuation marks from the summaries

Getting the roots of the words that are in the summaries

Creating document vectors with the roots of the words

Term weighting

Calculating cosine similarities of the movies

Collecting the user, maovie, rating data

Prediction by using user, maovie, rating data and similarities
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Figure 3.9: Implementation model of plot description based recommender
application

Zemberek
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After roots of all of the words are found, a document vector model with all of the roots

are created for all of the movies. This is also called corpus or bag of words. In order to

prepare this model, a two dimentional matrix is created. Rows of this matrix represent

movies as mi and columns of this matrix represents all of the root words of all of the

movies as wj.
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TF-1DF values for all the root words are calculated for all the movies and they are written
in the appropriate cells as Tij. TF value is the ratio of how many times a word exist in a
description to total number of words that description has. IDF value is the ratio of total
number of movie descriptions to how many movie descriptions have that word. TF value
explains how important that word to that plot description. IDF value is used for filtering
the words which do not contain much information for that movie description which are
generally stop words (e.g. and, the, that, like, ...). Formula for TF-IDF calculation can be

found on equation (2.2).

After the document vector is filled with TF-IDF values, item to item similarity matrix can
be created. This is a two dimentional matrix which every row and column refers to a
movie. Cosinus similarities are calculated based on formula 2.3 using the document
vectors and similarity matrix is filled with these values. Once the similarity matrix is
filled, correlation of all movies are known. Diagonal of the similarity matrix is 1 since

the similarity between the same movies are 1.

Predictions are calculated based on the item to item similarity matrix. While making
rating prediction, calculations are made based on a coefficient 10 to 100 increased by 10.
For example, if the coefficient is 10, users who rated at least 10 movies are taken into
account. Also, in the similarity matrix, most similar 10 movies to the target movie are

taken into account by selecting the greatest 10 correlations in the matrix.

Weighted rating is used while calculation. For instance, if the system is trying to predict
the rating for user a and movie i, while making calculation for coefficient 10, it receives
the greatest 10 values in similarity matrix in movie i row except the value 1 since it is
movie 1 itself. What ratings user a gave to the 10 most similar movies are found out and
those ratings are multiplied by their correlation values. Following simple weighted

average formula is used while predicting the rating:

Do = Yjek Ta,jWi,j
ail — . .
Z]EK|WL,]|

(3.1)
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In the formula above, K refers to the neighborhood of most similar items rated by active
user a and w(i,j) is the similarity between items i and j. The result of this calculation gives

the predicted rating.

After making the rating prediction, it can be measured how successful this prediction is
since the actual rating is known. Mean Absolute Error (MAE) is a metric which can be
used for this reason. It refers to average value of absolute differences between the actual

and the predicted values. All the individual differences are weighted equally while

calculating MAE.
MAE = — _]| & |

In this study, MAE is used to measure accuracy for our content based filtering model.

3.1.2.1 COUNT method

The only difference of count method from TF-IDF method is, total number of existence
of aword in a movie description is filled to document vectors instead of TF-IDF values.
Accuracy performance of this method is expected to be lower than TF-IDF method since

the words which do not contain much information are not down weighted.

3.1.3 Metadata And Keywords Based Recommender

This type of recommender systems use actor/actress, director, genre and keyword

information as content as shown in Figure 3.10.
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Figure 3.10: Metadata and keywords content
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Cast, director and genre information which is also called metadata is received from the
web site by Selenium tool. Keywords are obtained from plot descriptions. Top 3 words
which has the highest TF-IDF value is considered as keywords for each movie. Flow chart
of metadata and keywords based recommender system application is shown in Figure
3.11.
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Figure 3.11: Flow chart of metadata and keywords based
recommender system

Collecting the cast, director, genre information

i

Finding the keywords of the movies

'

Creating document vectors

|

Calculating cosine similarities ofthe maovies

'

Prediction by using user, mavie, rating data and similarities

After the keywords are extracted by TF-IDF method, document vectors are created.
Document vectors are matrices that their rows refer to movies and their columns refer to
metadata and keywords. There is a column for each metadata and keyword which exists
in all of the movies. If the corresponding metadata or keyword exist in a specific movie,
than the intersecting cell will have the value 1, otherwise it will have the value 0. For
instance, for row of the movie Hababam Swnifi, there will be value 1 under keyword
ogrenci column, but for another movie which does not have the word dgrenci in any of
its metada or keywords, its cell under the dgrenci column will be 0. Since the cast,
directors, genre or keywords are unique values for each movie, in another words metadata
Kemal Sunal can exist just once in the movie Hababam Sinifi, cells are just filled with 1

or 0. On the other hand, TF-IDF values are not calculated since down weighting the
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presence of an actor/director if he or she has acted or directed in relatively more movies

does not make sense.

Figure 3.12: Implementation model of metada and keywords based recommender

application
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After the document vector is created and filled with appropriate values, item to item
similarity matrix is created. Similarities between the items are calculated by using this

document vector and cosinus similarity formula which can be seen as equation 2.3.

Ratings are predicted by getting the top n similar items to the target item. Active user’s

ratings to these top n similar movies are taken into account by using equation 3.1 while
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calculating predicted rating. When the ratings are predicted, MAE is calculated in order
to measure the accuracy performance of this method.

3.2 COLLABORATIVE FILTERING

While measuring the accuracy performance of the collaborative filtering methods,
MyMediaLite recommender system library is used in this study.

3.2.1 MyMediaL ite Recommender System Library

MyMediaL.ite is a fast and open-source library for recommendation system algorithms
which is built for recommender system researchers and practitioners. Rating prediction
and item prediction from positive-only implicit feedback collaborative filtering scenarios
are adressed by this library. Positive-only implicit feedback includes clicks or purchase
actions. A common API and efficient data structures were used while implementing the
algoritms. The algorithms offered by the MyMediaLite library are state-of-the-art
algorithms for both rating prediction and item prediction and deep knowledge of
programming is not required to use. So, recommendation system researchers are relieved
from implementing the existing methods which are already in the MyMediaLite
recommendation system library and they can easily compare the performance of their
newly designed methods with the existing methods. MyMediaL ite was built by using C#
programming language and it runs on the .NET platform. It also can be called from the
other programming languages like Python and Ruby (Gantner, Rendle, Freudenthaler &
Thieme, 2011).

MyMediaLite just needs to be downloaded in order to be used. It is used through a
command line program which exists in any operating system. Recommender systems are
evaluated by this framework with criterias like Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE).

In this study, rating prediction algorithms are used for accuracy performance comparision

of the recommender system methods.
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Slope One and BiPolar Slope One algorithms are known as the simplest way of non-trivial
item based collaborative filtering. This simplicity makes them to be implemented easily.
Also, their accuracy is not lower than more complicated algorithms. They are also used

in improvement of the other algorithms (Lemire & Maclachlan, 2005).

Global Average model computes the average value of all ratings, Item Average model
computes the average rating value of an item and User Average model computes the
average rating value of a user in order to make predictions. User Item Baseline model
sums the bias value of a user, bias value of an item and global average value (Carrion,
2016).

Co-Clustering algorithm is also known as BiClustering and simultaneous clustering of
the rows and columns of a matrix. In general clustering methods, an object is a member
of a group which resemble its entity type. In CoClustering, two types of entities are co-

grouped simultaneusly based on similarity of their pairwise interactions (Reshef, 2015).

Random algorithm is used for measuring if the predictions are made randomly, not based

on any similarity model.

In the usual log-linear model, all variables can be directly observed. However, sometimes
a variable itself can not be directly measured and several latent indicators need to be used
to measure a concept. For factor analysis, some indicators can be used to measure a latent
variable. Latent Feature Log Linear Model investigates the relationships between the

manifest and the latent variables (Vermunt, 1996).

Biased Matrix Factorization (BMF) algorithm uses explicit bias for items and users
learning by stochastic gradient descent (Barjasteh, 2016).

SVD Plus Plus (SVD++) is a matrix factorization algorithm which uses what users have

rated and profiles users and items directly. This model uses both implicit and explicit
information when regular SVD model uses only explicit information (Barjasteh, 2016).
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Sigmoid SVD Plus Plus (SSVD++) model is a version of SVD++ which uses sigmoid
function (Barjasteh, 2016).

Sigmoid User Asymmetric Factor Model (SU-AFM) model represents the items with
regards to those users that rated them (Barjasteh, 2016).

Sigmoid Item Asymmetric Factor Model (SI-AFM) model represents the users with

regards to the items they rated (Barjasteh, 2016).
Sigmoid Combined Asymmetric Factor Model (SC-AFM) model represents the items with
regards to those users that rated them and the users with regards to the items they rated

(Barjasteh, 2016).

Matrix Factorization, ltemKNN and UserKNN algorithms explained in section 2 in detail.
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4. EXPERIMENTAL RESULTS

In this section, experimental results are explained for both content based filtering and
collaborative filtering techniques and their rating prediction accuracies are measured and
compared. The data that is used in the test is gathered from www.beyazperde.com website

by implementing a web crawler using Selenium Webdriver.

Tests are performed for 3 types of content based filtering methods which are TF-IDF,
count and metadata and keywords based methods. For count and TF-IDF methods, system
model which can be seen in Figure 3.9 is applied. For metadata and keywords based
methods, system model which can be seen in Figure 3.12 is applied. Following tables 4.1,
4.2, 4.3 and Figures 4.1, 4.2, 4.3 show the accuracy performance of these models. Also,

in Figure 4.4 comparison of the accuracy performances of these methods can be seen.

Table 4.1: MAE results for content based methods

Coefficient Count TF-IDF Metadata
10 0,773 0,751 0,729
20 0,764 0,735 0,717
30 0,755 0,749 0,706
40 0,776 0,739 0,703
50 0,762 0,724 0,704
60 0,753 0,724 0,688
70 0,745 0,718 0,673
80 0,743 0,687 0,673
90 0,720 0,664 0,669
100 0,716 0,671 0,663
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Figure 4.1: MAE results for count method
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Figure 4.2: MAE results for TF-IDF method
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Figure 4.3: MAE results for metadata and keyword based method

MetaData

0.74
0.72

0.7
0.68
0.66
0.64

0.62
10 20 30 40 50 60 70 80 90 100

==@==\etaData

Figure 4.4: Accuracy comparision of 3 types of content based filtering methods
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Average MAE results for these content based methods are shown in the table 4.2.
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Table 4.2: Average MAE results for content based methods

Average MAE Results
Count 0,751
TF-IDF 0,716
Metadata 0,692

According to the test results, accuracy of TF-IDF method is 4.6% greater than the count
method and accuracy of metadata and keywords method is 3.3% greater than the plot
description based TF-IDF method.

Also, another technique is tested for count method. The words whose IDF values are
under a specific treshold are discarded from calculations in order to understand if the
words which do not contain much information affect the results. This test was performed
for tresholds 1.5, 2 and 2.5. Best results are received for thresholds 1,5 and 2. It means
that the words whose IDF values under 1,5 does not contain enough information and the
words whose IDF values over 2 contain important information and affect the calculations

in a bad way if they are discarded. Test results can be seen from the below table:

Table 4.3: MAE results for count method for different thresholds

Coefficient | No Threshold | Threshold 1.5 | Threshold 2 | Threshold 2.5
10 0,773 0,748 0,741 0,743
20 0,764 0,746 0,737 0,746
30 0,755 0,730 0,735 0,745
40 0,776 0,743 0,752 0,743
50 0,762 0,745 0,734 0,734
60 0,753 0,733 0,723 0,723
70 0,745 0,725 0,719 0,725
80 0,743 0,703 0,670 0,740
90 0,720 0,670 0,690 0,717
100 0,716 0,678 0,690 0,702
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Figure 4.5: Accuracy comparision of count method for different thresholds
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Average MAE results for different thresholds of count method can be seen in table 4.4.

Table 4.4: Average MAE results for count method for different thresholds

Average MAE Results for Count Methods
Method Average MAE
No Threshold 7,508
Threshold 1.5 7,252
Threshold 2 7,220
Threshold 2.5 7,320

According to the above table, best result is received with threshold 2 for the count method.
Its performance is % 0.4 better than threshold 1.5 and threshold 1.5 accuracy performance
is % 0.9 better than threshold 2.5. The method applied with no threshold has worst

performance which is % 1.8 worse than the method applied with threshold 2.5.

Tests for collaborative filtering methods are performed via MyMediaL.ite tool for several
collaborative filtering methods. Best result is received with the item based collaborative

filtering technique. MAE results are shown in table 4.5 and figure 4.6.
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Table 4.5: Test results for collaborative filtering methods

Process RMSE MAE
ltemKNN 1,103 0,7711

UserKNN 1,124 0,805
BiasedMatrixFactorization 1,176 0,804
BiPolarSlopeOne 1,185 0,800
CoClustering 1,178 0,827

Constant 2,907 2,674
FactorWiseMatrixFactorization 1,204 0,823
GlobalAverage 1,398 1,121
[temAverage 1,257 0,944
LatentFeaturelLoglinearModel 1,180 0,841
MatrixFactorization 1,161 0,807

Random 2,270 1,865
SigmoidCombinedAsymmetricFactorModel 1,131 0,828
SigmoidltemAsymmetricFactorModel 1,135 0,828
SigmoidSVDPIusPlus 1,250 0,871
SigmoidUserAsymmetricFactorModel 1,124 0,816
SlopeOne 1,131 0,803

SVDPIlusPlus 1,130 0,815
UserAverage 1,274 0,926
UserltemBaseline 1,127 0,812

43



Figure 4.6: Test results for collaborative filtering methods
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Best results are received with metadata and keywords based recommender with average
MAE 0.69 when comparing all of the results including both content based filtering and

collaborative filtering techniques for www.beyazperde.com dataset.
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5. CONCLUSION

In the scope of this study, three types of content based filtering methods are implemented
and their success on rating prediction is measured for Turkish language. Two of these
methods are based on plot description of the movies which are count and TF-IDF
methods. The other method is called metadata and keywords technique and it uses
actor/actress, director, genre and keyword information of the movies while calculating
their similarities. All the required data is gathered from www.beyazperde.com website by
implementing a web crawler. Also, accuracy success of the content based filtering
methods are compared with several collaborative filtering methods. Tests of the
collaborative filtering methods are performed via MyMediaLite tool using the same
dataset with the content based methods. Best results are received with metadata and

keywords method of the content based filtering technique.
For the future work, this study can be performed for data from another website in order

to provide external validity. Also, hybrid filtering method which combines content based

filtering and collaborative filtering methods can be applied with the same data and dataset.
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