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ABSTRACT

MoresysGOAL: MOVIE RECOMMENDATION SYSTEM USING
COLLABORATIVE FIILTERING TECHNIQUE SUPPLEMENTED BY
CONTENT WITH GOAL PROGRAMMING

In recent years, internet grows at an accelerating rate. In addition, a new flow of
information, which has various types of data, takes place at internet. Therefore, the end
users may not find the relevant information satisfying their interests. As a result,
recommendation systems, one of the approaches, appeared to help users for this manner.
MoresysGOAL is one of the examples for these systems, and stands for movie
recommendation system with goal programming. It aims to improve the state-of-art
collaborative filtering algorithms unless they have enough dense dataset. Hence,
MoresysGOAL has a successful combination of content-based and collaborative
filtering approaches for increasing performance of the recommendation system.

This thesis focuses on serving a successful solution to users considering two
parts. The first part is related to the similarity calculation of the contents are
supplemented by goal programming. Moreover, the proposed system has the content
information of the movies which also play a role to support collaborative filtering
algorithms. These collaborative methods form the second part by means of predicting
movies to satisfy user tastes. Lastly, MoresysGOAL is a web-based application for

recommending prediction lists of movies to the end users.



OZET

MoresysGOAL: ICERIGI AMAC PROGRAMLAMA iLE
DESTEKLENMIS IS BIRLIGI TEKNIGINI KULLANAN FILM ONERI
SISTEMI

Son yillarda internet hizli bir sekilde biiylimektedir. Buna ek olarak, g¢esitli veri
tipleri iceren yeni bir bilgi akisi internette yer almaktadir. Bdylece, son kullanicilar
ilgilerini tatmin edebilecek bilgiyi bulmakta zorlanmaktadirlar. Sonug¢ olarak Oneri
sistemleri kullanicilara bu zorluklara karsi yardimci olmak icin ¢ikan yaklasimlardan
biridir. MoresysGOAL o6neri sistemlere bir ornektir, ve amag¢ programlama kullanan
film Oneri sistemi anlamina gelmektedir. Yeterince yogun veriler igermeyen geleneksel
i birligine dayal1 algoritmalar1 gelistirmek amacini tagimaktadir. MoresysGOAL igerik
tabanli ve is birligine dayal1 yaklasimlarin basarili bir kombinasyonuna sahiptir.

Bu tez iki kisimda disiiniilerek kullanicilarina basarilt bir sonu¢ sunmaya
odaklanir. Ik durumda iceriklerin benzerlik hesaplamalar1 amag programi yazilimi olan
OPL ile bulunur. Aynm1 zamanda gelistirilen sistem is birligine dayali algoritmalari
destekleyen film igerik bilgisine sahiptir. Bu is birligine dayali metotlar kullanicilarin
isteklerine uygun filmleri tahmin ederek ikinci kismi olustururlar. Sonug olarak
MoresysGOAL film tahmin listelerini son kullaniciya 6neren web tabanli bir

uygulamadir.



TABLE OF CONTENTS

LIST OF FIGURES ..ottt IX
LIST OF TABLES. ... oottt sttt s X
CHAPTER 1. INTRODUCTION ...ttt 1
1.1. Problem DefinitioN.......cccooeiieiiiieciee e 3

1.2. PUrPOSE OF THESIS ...cvveiieiicic e 3

1.3. SEruCture Of TRESIS ....civviieiiiicieie s 4

CHAPTER 2. RECOMMENDATION SYSTEMS........cooiiiiiee e 6
2.1. Recommendation System Methodology .........c.cccccvvveiiiiiiiiciecce e, 9

2.2. Content-Based Recommendation SYStems .........cccccecvevevvevecieeseennnn, 10

2.2.1. Disadvantages of Content-Based Recommendation Systems ....... 11

2.2.2. Advantages of Content-Based Recommendation Systems........... 12

2.3. Collaborative Filtering Recommendation Systems...............cccccvevane. 12

2.3.1. Memory-Based Collaborative Filtering Methods..............c.......... 13

2.3.2. Model-Based Collaborative Filtering Methods ...........c.cccoveineee. 14

2.3.3. Strengths and Weaknesses of Collaborative Filtering Methods ... 15

2.4. Demographic-Based Recommendation Systems ...........ccccccoevevvenenne. 16

2.5. Knowledge-Based Recommendation Systems...........ccccceevivievivenenne. 17

2.6. Hybrid Recommendation SYStEmMS.........ccccvierereneieneniseseeeeeeen, 17

2.7. Comparison of Hybrids with Single Recommendation Systems........ 19

CHAPTER 3. RELATED WORK ..ottt 21
3.1. Content-Based Recommendation SYStems ...........ccccevvvevieiiieecieennnnn, 21

3.2. Collaborative Filtering Recommendation Systems............c.ccocvvvvinennn, 23

3.2.1. Memory-Based Collaborative Filtering Methods.............c..cce..e. 23

3.2.2. Model-Based Collaborative Filtering Methods ...........ccccccoevvenee. 25

3.3. Demographic-Based Recommendation Systems ..........cccccoceevvevivenne. 26

3.4. Knowledge-Based Recommendation Systems...........cccccevvvvveivernenne 27

3.5. Hybrid Recommendation SYStemS..........cccecvvveiveneiiieseere e 27



CHAPTER 4. THEORETICAL BACKGROUND ......cccooiiiiiiiiiiieicc e 31

4.1. Calculation of Content WeightS.........cccooevieiiiiie i 31
4.2. Mathematical Modeling and Optimization ............ccccceveviieieece e, 30
4.3. Components of a Model ... 32
4.3.1. The Decision Variables..........cccooceiieeiiienienese e 32
4.3.2. The Objective FUNCLION .........ccocveeiieie e 32
4.3.3. CONSEIAINTS ..ottt et 33
4.4. GOal Programming.........ccccueeeieiereneniese e 33
4.4.1. The Preemptive Method..........ccoceiiiiiiiiiiic e 34
4.4.2. The Weights Method .........ccccoeiiiiiiiiiicseee e 34
4.5. Missing Data PrediCtion...........ccccooeiieiieie s 39
4.6. User-Based and Item-Based Collaborative Filtering Approach ........... 40
4.7. Impact of TAresholds ..........ccooviiiiiiii e 41
4.7.1. Impact of Threshold O......c.ccoveiviiiiiic e, 41
4.7.2. Impact of Threshold B.......ccccoooiiiiiiiiiic 42
4.7.3. Impact of Thresholds ¥ and &.........ccocvvvviiiiiiiii e 42
4.7.4. Impact of Thresholds 1 and 0 ...........coovviiieiiiii 43
4.7.5. Impact of Threshold A......c.ooovviiiiiiiii e, 43
CHAPTER 5. SOFTWARE ARCHITECTURE .....cooi o 45
5.1. System ArChITECIUIE ......couiiiiieicee e 45
5.2. Content Information EXtraCtion ............ccccovvvineeiienene i, 46
5.2.1. MySQL Database StruCtUre............cceeveeiiieiie e 47
5.2.2. ASP.NET Screen Scrapper Web Application...........ccccccoviiiennnnns 48
5.3. DAtabhase SIIUCTUIE ......cveieeiieeie e 50
5.3.1. CONtENt FEALUIES .....oovieiie et 50
5.3.2. User Movie Rating (UMR) MatriX .........cccccoovveiiieiiieniieiiee e, 51
5.4. Graphical User INterface .........ccovveiiiiiie i 52
CHAPTER 6. EXPERIMENTAL SETUP ....oooiiii e 56
6.1. MOVIELENS DALASEL .....c..eieeiieieiie e 57
6.2. EVAlUALION MELIICS ..o 59
6.3. Comparison with Literature StUdIies ..........cccccveverieereeiesieere e, 59



CHAPTER 7. CONCLUSION ..ottt 65

REFERENCES ... oo 67

viii



LIST OF FIGURES

Figure Page
Figure 1. Inputs and Outputs of a Recommendation System .............cccccvevviieieeiesiiennnn 8
Figure 2. The Standard Calculation of the Weights............ccccooeiiiiieieiie e, 37
Figure 3. The Summation of the Weights is Equal t0 L.........ccccooiiiiiniiininiiecicees 38
Figure 4. The Weights are greater than 0...........ccoooeiiiiiiniieieceseee e 38
Figure 5. Software Architecture of MOresSySGOAL ........ccccooveviiiieiieie e 46
Figure 6. Database Schema of IMDb Database............cccccevveieiieiieie e 47
Figure 7. Login Screen of MOreSYSGOAL .......coiiieiieiiiiie e 53
Figure 8. Create New User 0f MOreSYSGOAL ........coviiiiriiiniiieieieese e 53
Figure 9. Recommended List for a Test User in MoresySGOAL .........cccccvvveveeiieieennenn, 54
Figure 10. Search a Specific Movie in MoresySGOAL ..........ccceveviive e, 55
Figure 11. Give an Additional Rating to a Specific MOVIe ..o, 55
Figure 12. System Administrator Main Page...........cccooeiiriiininiiieiese e 56
Figure 13. MovieLens300: Impact of B Parameter..........ccocoovvieieieiene e 62
Figure 14. MovieLens200: Impact of B Parameter..........cocvvvveeieiene i 62
Figure 15. MovieLens100: Impact of B Parameter ..........coovvvieeiieiene s 62
Figure 16. MovieLens300: Impact of 3, A Parameters on Sparsity ..........cc.ccocvvevrivrieennns 63
Figure 17. MovieLens200: Impact of B, A Parameters on Sparsity ..........cccccoevevveiveieennns 63
Figure 18. MovieLens100: Impact of B, A Parameters on Sparsity .........ccccoevvevrrveeenens 64



LIST OF TABLES

Table Page
Table 1. BasiC USEr-MOVIE MALIIX ......cciiiiiiiieieieie e 7
Table 2. Simple Database Content Table EXample ..........cccooeiieiiiicii e 10
Table 3. Rating Values of USer-MoVvie MatriX .........ccccoviereiienieniene e 13
Table 4. Collaborative Filtering Algorithms...........c.cocooiiiiiiiiiec e 15
Table 5. Sample Demographic Data Table..........cccccoovveiieiiiiece e 16
Table 6. The Space of Possible Hybrid Recommender Systems............ccccceevveieiiennen, 19
Table 7. The Summary of Recommender SYSIEMS...........ccoviiriiieiine e 29
Table 8. Identified Constraints (First Movie 1 to the Second Movie 2) ..........ccccevenee. 36
Table 9. User Movie MatriX (UMR).......cccooiiiiiiiee e 39
Table 10. Updated User Movie MatriX (UMR) .........cccooveiiiieiicie e 40
Table 11. The Relationship of Parameters. ... 43
Table 12. The Relationship of Parameters in the Last Situation ............ccccccceveverviinnnnnn, 44
Table 13. The Distance Measures 0f FEAtUIES........ccocvvviiiiiinieeieee s 50
Table 14. The Database Tables in MOreSySGOAL .........cccccviieieeieiie e 52
Table 15. MAE Comparisons in MovieLens100 Condition..........ccccvvvevvieeseenesiennens 60
Table 16. MAE Comparisons in MovieLens200 Condition..........cccccvvcveveeeeneenesiennens 61
Table 17. MAE Comparisons in MovieLens300 Condition...........cccccveveveiieieenieciennnn, 61



CHAPTER 1

INTRODUCTION

In today’s world, internet grows at an accelerating rate and a new flow of
information takes place at any time. Moreover, variety and type of this information
change dramatically on internet. Therefore, users aim to find results matching their
needs (Marmanis & Babenko, 2009). Actually users have to reach what they find out as
fast as it can be. Because they must keep pace with innovations quickly changing order
in the 21th century. Thus this kind of challenge has been regarded as a problem of
information overload (Ghazanfar & Riigel-Bennett, 2010).

At the beginning of the last decade, internet has included several types of web
sites which are basically concerned in e-commerce, interaction of people, actual news
and information sharing (Su & Khoshgoftaar, 2009). According to this demand on
internet, new terms such as information retrieval (Salton, 1989) and knowledge
discovery (Fayyad et al., 1996) have existed. As a result of availability of huge data in
the internet cloud, these terms provide an efficient but also hard way to extract the most
valuable data to be transformed into an asset.

Internet, in other words, is a huge mountain then ready to be mining. Knowledge
discovery serves some kinds of processes in which data mining (Han & Kamber, 2006)
is a significant tool to reach the valuable knowledge. Information extraction (Banko et
al., 2007) and information retrieval are other techniques.

Besides, when the information is obtained, it opens new doors for commercial
web sites (Schafer et al., 2001). With the help of information extractor techniques and
users interaction e-commerce web applications can recommend users what they really
search in quite a short time. Therefore, e-commerce web sites can sell many more
products than they expect in a day. As a result, they can find a chance to increase their
profits and then these firms have a growth in the market. This growth also provides
them to recommend new things for users to buy what they exactly want (Fleder &
Hosanagar, 2007).

Specifically, based on the relationship between web applications in World Wide

Web and users recommendation system term has appeared in the mid-1990’s (Hill et al.,



1995). This term means that it is such a system that recommends items which are really
interesting for the users (Alag, 2008). There are many web sites in today’s internet
world recommending various kinds of products. While (Amazon, 2012) shows the
books to the clients, (Youtube, 2012) is a well-known web application for
recommending videos; (MovieLens, 2012) and (IMDb, 2012) provide movies to user
interest. In addition (Last.fm, 2012) is an example of music recommender system.

Due to the fact that this thesis mainly concerns in movies domain, Netflix
(Bennett & Lanning, 2007) which is an online rental service for movie subscribers, has
organized a competition for entrepreneurs in the United States, Canada, United
Kingdom and Ireland. Netflix aims better movie predictions to the end user in terms of
previous ratings given by them. Netflix has a huge dataset which contains more than
100 million ratings given by almost 480 thousand users to 18 thousand movies, whether
a firm can improve the result more than ten percent, it will win the prize served by
Netflix.

In order to recommend an item to a specific user, recommendation systems
collect the information about user either implicitly or explicitly (Ziegler et al., 2005).
Explicit process is performed by user awareness such as survey analysis, though
implicit feedbacks are collected in background when users click the links or make
comments about an item. Youtube asks the users to vote the videos and Amazon also
stores the viewing times of the related item. The former one is an example of explicit
feedback; the latter is concerned in implicit data collection.

From another point of view, recommender systems are also used as search
engines because they provide similar items to users according to their needs. Some
search engines can suggest limited queries and in this way recommendation systems
may support them (O’Mahony et al., 2008). In other words, artificial intelligent systems
and intelligent agents have a role in Web-based applications such as search engines and
recommender systems (Russel & Norvig, 2010). At its core point of artificial intelligent
systems, contains basically several exploration mechanisms and it gives machines a
talent of thinking like a human mind.

Recommendation systems have not only concerned in the interaction of users
and products, but also they have been an interdisciplinary methodology. They have a
close relationship between natural and social sciences. Natural sciences provide the
construction of mathematical background likewise approximation theory and

recommendation system are also related to cognitive sciences, in which psychology is
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one of the parts of this interdisciplinary scientific area (Adomavicius & Tuzhilin, 2005).
By indirection, management science is another interesting example of social sciences
that are related to recommendation systems (Murthi & Sarkar, 2003). Moreover,
prediction techniques of the recommendation systems are studied in forecasting theories
(Armstrong, 2001).

There are several drawbacks such as data sparsity and scalability in the subject of
recommendation systems. In general, these problems are derived from low density of
the dataset which includes large amount of data. Also, datasets used as an input for
recommender applications diversify from different kind of information. In fact, our
study aims to overcome these types of problems and try to recommend more reliable

and correct movies to the end users.

1.1. Problem Definition

In general, large datasets are examined in many recommendation systems. The
preference values given by users to specific items may not be enough in these datasets.
In other words, low density of the datasets has appeared in several conditions such as
new user or new item challenge (Yu et al., 2004). Furthermore, these problems might be
called as cold start problem in other literature studies. In these kinds of situations,
recommender systems cannot predict the preference of an actual user until some similar
users of this actual one give a rating to new relevant items. As a result of insufficient
past information for a new user, the system may not recommend accurate results.

This thesis mainly considers alleviating “sparsity” challenge of the datasets. In this
situation, content information is used to predict preference values for new users who
have interested in new items. Moreover, this content-boosted method is supplemented

by hybrid techniques.

1.2. Purpose of Thesis

Initially, MoresysGOAL stands for movie recommendation system with goal
programming. It aims to improve the state-of-art collaborative filtering algorithms
unless they have enough dense dataset. Hence, MoresysGOAL is kept contact with a

successful combination of content-boosted collaborative filtering application for movie



recommendation (Ozbal et al., 2011) and effective missing data prediction (Ma et al.,
2007) for increasing performance of the recommendation system. Because both of these
approaches have an important achievement for overcome the drawback of data sparsity
and also scalability problems.

This thesis mainly focuses on serving a successful solution in which contents are
supplemented by Optimization Programming Language (OPL). It is a web-based
application for recommending movies to the end users. Moreover, our system contains
content information of the movies which also play an important role to support
collaborative filtering algorithms by means of prediction better movies to satisfy user
tastes.

1.3. Structure of Thesis

Structure of MoresysGOAL is stated as follows; Chapter 2 is related to the
recommendation systems in a more detailed way. It introduces a comprehensive
exploration of this kind of systems dealing with popular recommender systems used in
daily life are discussed in detail.

In Chapter 3, four main approaches, collaborative filtering, content-based,
demographic and knowledge-based used in recommendation systems are presented in
terms of advantages and disadvantages. Further hybrid recommendation systems which
focus on different combinations of these four techniques are covered.

Chapter 4 includes theoretical background of MoresysGOAL consisting of
prediction technique behind the recommendation systems which focuses on a
combination of collaborative filtering and content-based approaches.

Chapter 5 handles the whole system design and software architecture used in
MoresysGOAL. There are three applications; two of them are preprocessing applications
that gather contents and one main web-based application to provide recommended lists
for the users.

Chapter 6 evaluates the performance of MoresysGOAL. At the beginning of this
chapter, domain model is presented and then experimental process is run for measuring
achievement of MoresysGOAL. Besides, the results are comprehensively compared with

other successful applications in the literature.



Finally, Chapter 7 reveals a summary of MoresysGOAL, i.e., it has not only
concluded overall background technology and algorithms worked in MoresysGOAL, but

also has given possible contributions and improvements in the future.



CHAPTER 2

RECOMMENDATION SYSTEMS

Initially, recommendation system is a kind of information filtering system
suggesting relevant items to the users with the help of intelligent agent systems. In
addition, suggested items have several options such as movies, books and news
(Adomavicius & Tuzhilin, 2005). In this situation, item and product are abstract terms
commonly used to define inputs of recommendation systems (Ricci et al., 2011). More
formal definition of recommendation system (Mahmood & Ricci, 2009) is
“recommender systems acquire the users’ preferences, and use them to build some type
of a user model. Then, the system predicts the set of products that best “matches” the
user model, and recommends them to the user”. According to the definition, user
model is a term used for giving preference values to a specific user. Each specific user
can increase the quality of the recommendation system when collecting any information
satisfies user’s tastes.

Later, with the help of user modeling, the system predicts preferences or ratings
for the items. In other words, recommended items can be either product such as a movie
CD or social element like a group.

In a formal way, it can suppose that a set of users U = {u,, u,, ..., u,,} and a list
of items I = {iy, i,, ..., i,}. Then user profile u € U is seen as n dimensional vector that

consists of ordered pairs (Mobasher, 2007)

u® = ((iy,5,(i1)), (iz,Su(iz)),s o) (ins Su(in))) (2.1)

Where for user u, s, is rating function, i;'s € I given utility values to items in |
are also for this user. In general, recommendation system is made up of mxn
matrix UP = [sy, ({j)]mxn In here s, (i;) shows the level of user u, interest on item i;.
Hence, recommender engine indicates a mapping REC : P(UP)x U — P(I) according
to the profiles of users a list of items are mapped by each user. In an assumption, for an
actual user u, € U item that has the best predicted rating is provided and more

formally a general formulation of a recommendation system is stated as below



REC(up,uy) = {argmaxl-]. e Suy (ij)} (2.2)

Where, up shows the subset of user profiles set (UP), and s, (i,j) is the
preference value of item i; that is predicted by the user w,. Characteristically, these

kinds of systems recommend top N list items sorted by preference values. According to
the question which prediction technique is used, the recommendation engine might not
give a preference value for a specific item, in this condition REC mapping may not
produce a a number (NaN) or null preference value.

Table 1 indicates that five users Brian, Steve, Sarah, Bill and Jessica gave

ratings to four movies Scarface, The God Father, Pulp Fiction and The Shawshank

Redemption.
Table 1. Basic User-Movie Matrix
Scarface | The God Father | Pulp Fiction | The Shawshank Redemption
Brian | 3 0 1 4
Steve | 2 5 0 0
Sarah | 4 3 0 2
Bill 0 2 4 1
Jessica | 0 4 3 2

Instead of null preference values, zero is assigned for previously unmonitored
movie. For example, Brian has not seen The God Father yet and then this null value is
set to 0. As seen in Table 1, preference values of users have a rating scale from 1 to 5.

At the beginning phase of recommendation systems, it aims to find the most
convenient rating for this O valued actual rating. The most appropriate way of
considering this situation is to predict new rating values to the movies that have not seen
by the end users yet. Next step of recommendation system is suggesting more
accomplished recommendations to the users. Prediction algorithm can provide a
predicted list of the movies in top down order. This is also called top-N lists in
descending order served for user tastes (Zhang, 2009).

Generally inputs, recommendation construction and outputs are then three main

parts of these kinds of systems. Items are the objects of recommendation systems and
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they are served to the end users. They may have positive or negative meanings for an
actual user. Indeed, recommender engine must understand the most appropriate item for
that user. Users are the subjects and they may have several characteristics. Furthermore,
based on the type of recommendation system they might be objects.

The user information can be collected in many situations such as behavior
pattern, demographic and social networking. Ratings or votes are popular transaction

datasets between users and recommender systems.

Inputs

-
User Profile

Recommended
Item
Lists

Recommendation
Item System
Information

Figure 1. Inputs and Outputs of a Recommendation System

Figure 1 gives high level information about a recommendation engine (Alag,
2008). Inputs can be collected in two ways; these are users and items. A user can be
considered as an item and vice versa. In collaborative filtering or social networking
approaches relevant people might be recommended to the current user based on the
other users’ profiles. The user profile consists of demographic information about actual
user such as age, gender, location, etc. Users’ contents vary from ratings to tagging.
They especially send e-mail to each others, bookmark a relevant web site or browse
content on the internet.

The users’ interactions feed the collaborative filtering techniques. Further,
contents are related to the items that have a role as an input in these kinds of techniques.
In addition, “Top Item List” term is used for creating personalized list such easy form
where products that have been purchased, pinned or viewed recently are served for

satisfying the actual user’s taste.



At this moment, a confliction occurs between exploitation and exploration in
recommendation systems. Exploitation is the process of recommending products based
on items already known by the current user. Another term is exploration in which
recommender engine aims to present new items that current user might like. Here there
exists an infinite loop because these new items will be also used for exploration in near
future. Therefore, a solution in which some randomly selected new items can be added

to the top item list may overcome the exploitation problem.

2.1. Recommendation System Methodology

General methods of the recommendation systems focus on the prediction processes
examined under the condition of selection of item or user perspectives. If these methods
are only related to the content features of the items, they are called content-based or
information-based systems. In other cases, prediction process may be manipulated in
social background of the users. In the last point of view, combination of both prediction
processes can also be handled. Therefore, there are four main parts of the

recommendation systems methodology (Burke, 2007)

Content-based

o Content information of the items and the preference values given by
users are both domains of content-based recommendation systems.

Collaborative

o It concerns neighborhood of user pairs; then this neighborhood

similarities are used for recommending relevant.

Demographic
o Demographic information that is the basic component when providing
recommendations includes gender, age, occupation, location information

for a specific user.

Knowledge-based
o It considers needs and preferences of users and according to those

inferences it suggests recommended items.



In addition, a combination of these types of recommendation systems entails the
term hybrid recommender system and in the following sections hybrid systems are

analyzed in detail.

2.2. Content-Based Recommendation Systems

Content-based recommendation systems tend to investigate descriptions of the
items which are preferred by the particular users. If there is a similarity among the
observed items, actual users may probably give equal preference values for those items
which are related to these test users. Before the beginning of the similarity calculation
process, item representation has a role to determine the details of recommendation

systems (Pazzani & Billsus, 2007).

Table 2. Simple Database Content Table Example

ID Name Cuisine | Service | Cost
10001 | Mike’s Pizza | Italian | Counter | Low
10002 | Chris’s Café | French | Table Medium

Table 2 indicates general information about the structure of a simple database
table that has two records or rows explaining two restaurants. There are 5 columns in
the database table which are also called “attributes”, “fields”, or “variables” in the other
literature studies. Moreover, ID attribute has a unique value for each record in the
database table. This example of the structured data may include few properties and may
be then used for recommending restaurants to the users. With the help of structured
data, this kind of limited description may provide creation of a user profile easily.
Another concept for content-based recommendation systems is user profiles that include
interests of the users, are concerned in two situations which are (Pazzani & Billsus,
2007)

e The preferences of users’ model contain explanatory representations of kinds of
products that satisfy those users’ interests. Many possible alternative notations
may occur for this explanation. However, a well-known method in this situation

is to find similarity of the user who has an attention in that product.
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¢ In this situation, it concerns the past interactions of the users observed in the
recommendation system. This may diversify in types such as purchased product

by the user or given rating to the items.

In content-based recommendation systems, historical dataset is also used for a user
model that is training dataset of a machine learning technique. Moreover, user
customization and rule-based recommendation engines which are other important terms

that are related to this topic are discussed in the following sections.

2.2.1. Disadvantages of Content-Based Recommendation Systems

Content-based recommender systems provide items which have shallow content
information and for obtaining enough features, system has to automatically parse such
content as text files. Another long way is to assign features of products manually
(Balabanovic & Shoham, 1997). Further, some kinds of datasets such as multimedia
data, audio and video streams are hardly practiced by automatic feature extraction
techniques. Also, restrictions of domains assigned features by hand may not easily
applicable (Ahn & Shi, 2008).

Another weakness is “indistinguishable” content problem that occurs when
different item pairs are represented by the same kind of attributes. For instance, it
cannot be clearly found out defining difference between well-written and badly written
articles whether both of them are represented by similar keywords that have same
importance for each article in this pair (Ahn & Shi, 2008).

In the occurrence of overspecialization problem, the profile of an actual user is
constructed by the past interactions of this current user with other users or items. Due to
this user’s profile, recommendation system can only give recommendations taken high
values. But the system ignores ‘“randomness” situation because it gives probably
recommended items which have a high similarity already seen items. Genetic
algorithms are examined for providing random alternatives for the actual user to
overcome this weakness (Sheth & Maes, 1993).

At the beginning of prediction phase of content-based recommendation system,

domain of this system has to include satisfactory preferences of users for sufficient
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products. Hence, this system has a little chance to increase accuracy of recommended
items (Sheth & Maes, 1993).

A collection of five redundancy measurements is served by the study (Zhang et
al., 2002) to examine relation of documents containing some information novelty.
Lastly, diversity is also an element for content-based recommendation systems.
Heterogeneous alternative and “range” of options should be provided by a successful

content-based recommendation system.

2.2.2. Advantages of Content-Based Recommendation Systems

Content-based recommendation systems have little strength (Ahn & Shi, 2008).
For instance, this type of recommender system can be easily understood and it is mostly
related to the user feedback. Therefore, recommendation process of this kind of system
has a high reliability.

Computation process of these recommender systems consumes small piece of
resources and so content-based recommendation systems are cheap systems. Moreover,
content-based approaches are lightweight systems because they cannot need
personalized service that is without content of user interest. Finally, these systems are
highly coverage, in other words, they have wide range of items for recommendation

process.

2.3. Collaborative Filtering Recommendation Systems

Collaborative Filtering (CF) recommendation systems investigate the similar
users of an actual user rather than searching similar items that user has liked before. The
term “nearest neighbor” occurs exactly in this situation. This term concerns in finding
high value of correlation when looking forward the previous preferences of those users.
Experiences of an actual user’s friends have a good indicator for common preferences
of this user. In addition, “Word-of-mouth” term exists when Collaborative Filtering
techniques make recommendation processes automatically (Shardanand & Maes, 1995).

Collaborative Filtering methods have the following basic assumption; whether X

and Y users give similar ratings to n items or indicate common behaviors such as
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watching movies or listening to music and as a result of this recommender system may

give similar preference values to these users for other products (Goldberg et al., 2001).
Most of the Collaborative Filtering techniques have an array of m

users {uq, Uy, ..., U} and n items’ list {iy, i, ..., i} and there is also a list of items for

each user ; I, that user has already given ratings (Su & Khoshgoftaar, 2009).

There are two types of gathering user interest processes which are explicitly and
implicitly collecting preferences of users. In the explicit data collection way users can
give a vote in a range between 1 and 5. This process is completely controlled by user
pleasures. The second one is indirection way of data collection clique-based links or
purchased items are examples of implicit indications (Miller et al., 2004). General
algorithm of Collaborative filtering can be stated as below (Ahn & Shi, 2008)

1. Extraction of rating profiles of users are used for evaluating already
experienced items.

2. By examining this user rating profiles similarity measurements of those user
pairs can be calculated by an efficient algorithm.

3. Based on this similarity measurements current user’s preference value is
predicted for a new item.

4. A predicted list of preferences provided by a descending order is recommended

to current user.

Collaborative Filtering techniques such as memory-based and model-based are

explained in the following sections in detail.

2.3.1. Memory-Based Collaborative Filtering Methods

In the prediction process of memory-based Collaborative Filtering methods, the

whole or a part of user-item ratings matrix is used as seen in Table 3 below.

Table 3. Rating Values of User-Movie Matrix

User-ltem ratings Item, | Item,
Usery 3 5
User, 4 2
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According to calculation similarities of users the system constructs groups of people
for each user. Then, with the help of those neighborhoods recommender engine predicts
new items for this actual user. Actually, memory-based approaches that are also called
neighborhood-based Collaborative Filtering methods can be summarized as below
(Sarwar et al., 2001)

1. Calculation of weights, w;;, that is implication of correlation between two
users, i and j.

2. Predicted preference value is then served to the actual user by calculating
account average of weights of the whole preferences of users for specific item.

3. If the system produces top-N list recommendations k nearest neighbors of this
actual user have to find and then relevant calculation of similarity values and

neighbors gives the top-N recommended item list to the new user.

These three steps consider user perspective of memory-based collaborative filtering
approaches. There is also another condition that all of these steps are used to make

predictions based on item neighborhoods.

2.3.2. Model-Based Collaborative Filtering Methods

Model-based Collaborative Filtering approaches provide a model which is
constructed by training process of ratings gathered by the user item interactions. Then,
the model-based system uses this model to predict ratings for new unseen products to
the end users. The main advantage of these types of systems is that they can overcome
the scalability problem. However, they consume much more time when building or
updating processes are made for the model.

Aspect model (Hofmann & Puzicha, 1999) is one of the pioneers of model-based
approaches. A probabilistic latent-space model is obtained for this model. The User
Rating Profile is another example of the models that has a latent factor model which
mixes preferences of users and then these mixing levels may be different based on a
Dirichlet random variable (Marlin, 2003).

In addition, clustering methods (Ungar & Foster, 1998) are used for defining

user groups who have similar attitudes. Once the model of clusters is created and then
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recommendation system produces predicted values according to the average of the

clusters whose weights are calculated in level of association.

2.3.3. Strengths and Weaknesses of Collaborative Filtering Methods

In conclusion, Table 4 summarizes the main collaborative filtering methods and

it gives also main strengths and weaknesses (Su & Khoshgoftaar, 2009)

Table 4. Collaborative Filtering Algorithms

(Source: Su & Khoshgoftaar, 2009)

CF Categories

Representative

techniques

Main Advantages

Main Shortcomings

Memory-based CF

*Neighbor-based CF
(item-based/ user-
based CF algorithms
with Pearson/vector
cosine correlation)
*Item-based/user-
based top N

recommendations

*easy
implementation
*new data can be
added easily and
incrementally
*need not consider
the content of the
items being
recommended
*scale well with co-

rated items

*are dependent on
human ratings
*performance
decrease when data
are sparse

*cannot recommend
for new users and
items

*have limited
scalability for large

datasets

Model-based CF

*Bayesian belief nets
CF

*Clustering CF
*MDP-based CF
*latent semantic CF
*Sparse factor
analysis

*CF using
dimensionality
reduction techniques,
for example, SVD,
PCA

*better address the
sparsity, scalability
and other problems
*improve prediction
performance

*give an intuitive
rationale for

recommendations

*expensive model-
building

*have trade-off
between prediction
performance and
scalability

*lose useful
information for
dimensionality

reduction techniques

(cont. on next page)
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Table 4. (cont.)

Hybrid

recommenders

*Content-based CF
recommender, for
example, Fab
*content-boosted CF
*hybrid CF

*overcome
limitations of CF and
content-based or
other recommenders

*improve prediction

*have increased
complexity and
expense for

implementation

*need external

combining memory- | performance information that

based and model- *overcome CF
based CF

algorithms, for

usually not available
problems such as
sparsity and gray
example, Personality | sheep

Diagnosis

2.4. Demographic-Based Recommendation Systems

Demographic features such as gender, age and salary, etc. for users are materials
to learn basic human behavior. Gathering of personal information is a specific process
in which many of them naturally do not want to share their private information for the
public online web sites. If these kinds of data can be collected in a reliable way, they
can be useful for preparing recommendation systems. Moreover, Table 5 indicates a

generic table of demographic-based system;

Table 5. Sample Demographic Data Table

Age | Gender | Location | Occupation
Bill 25 M USA Lawyer
Sarah | 28 F UK Engineer
Jessica | 16 F Germany | Student

In Table 5, it is obviously seen that these private contents are mostly used in
recommender systems in e-commerce applications. Demographic contents for user u are
used to find similarities between other users to recommend an item in list | based on the

calculated similarities.
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Most of the applications are combination of demographic content and
collaborative filtering approaches. Demographic generalization (Krulwich, 1997) is
employed to obtain users profiling and discover the general preferences of users based
on these classifications. Therefore, it is obviously revealed that demographic

information is a supplementary material for other important techniques.

2.5. Knowledge-Based Recommendation Systems

Knowledge-based recommender systems provide items according to the
preferences of the users. In general, these kinds of systems deal with valuable
knowledge of users and with the help of these data the system tries to forecast the most
interesting products for an actual user (Burke, 2000).

Content information of products is stored in list I. Then these features are used
for satisfying user tastes. Inputs are naturally explanation of interests of user u. Then
output provides the best matching between user u and item i.

Knowledge-based recommender system is also a part of hybrid approaches like
demographic filtering in general. They use a supplementary role combining with
content-based or collaborative filtering techniques because of their advantages. One of
the main properties is that they can reduce the problem of prediction item for new user
entrance. Reason of this strength is that these kinds of systems do not require the ratings
of users. Knowledge-based methods draw a general figure about users as are result they

consider independent conditions from specific user interests.

2.6. Hybrid Recommendation Systems

Hybrid recommendation system is used for combining features of different types of
recommendation systems to aim performing better output results. In the previous
sections, the advantages of several recommendation systems were explored and based
on these advantages, seven different types of hybrid recommender systems are
introduced (Burke, 2007)
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Weighted:
o It is most probably the simplest structure for a hybrid recommendation
engine. Each method of hybrid system gives output for a current item and

then these outputs are used for a linear formula.

Switching:
o According to the current recommendation condition, switching hybrid

method selects a single recommendation among its elements.

Mixed:
o It provides recommended lists alongside combined by its different

elements.

Feature Combination:
o It is a single recommendation system derived from features taken from

many domains.

Feature Augmentation:
o It is a sequential application in which the results of the first type of

recommendation system used as inputs of the second one.

Cascade:
o The results taken from component of strictly hierarchical hybrid is

improved by other recommender algorithm.

Meta-level:
o In this concept, one recommendation engine produces a model and then

this model is used as input for another recommender.

There are many conditions that different methods of the same kind may be used

for hybridization (Basu et al., 1998). For instance, two different techniques of content-

based recommender algorithms can be used for switching method. In the seven different

types, combinations mainly focus on taking properties of the techniques that aim to

overcome problems such as new user or new item entries. There is also a review of

these combinations of recommendation systems as seen in Table 6 (Burke, 2000).
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Table 6. The Space of Possible Hybrid Recommender Systems

(Source: Burke, 2000)
Weight | Mixed | Switch | FC | Cascade | FA | Meta

CF/CN

CF/DM -

Where FC stands for Feature Combination and FA means Augmentation in the

columns. The abbreviations in the rows are; CF is collaborative filtering, CN is content-

based, DM is demographic and lastly KB is knowledge-based one.

Not Existing implementation

Existing implementation
Redundant
Not possible

Table 6 shows 53 possible two-part hybrid recommendation systems. In this

table, existing and not existing implementations are taken into account by the
researchers. In these conditions, there are many applications that will be introduced in

the following chapter.

2.7. Comparison of Hybrids with Single Recommendation Systems

With the help of using different kinds of domains such as content, collaborative
and demographic datasets, the study (Basu et al., 1998) is important for comparison of

weighted and meta-level hybrids. Another study (Melville et al., 2002) is a combination
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of content-based, collaborative and knowledge-based methods for recommending
movies. This study clearly indicates that hybrid recommendation systems are better than
many methods.

Before comparing hybrid recommendations with four categories of
recommendation systems those are content-based, collaborative, demographic and
knowledge-based; pros and cons of these types of systems have to be identified.
Content-based and collaborative filtering approaches can easily use if there occur

enough preference and item dataset.
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CHAPTER 3

RELATED WORK

This chapter focuses on the related work in the area of the recommendation
systems. Several applications will be reviewed from different types of resources in four
main categories; these are content-based, collaborative filtering, demographic-based and
knowledge-based approaches. Moreover, hybrid recommender systems which are
combination of previous four recommendation system types will be discussed in detail.
This chapter also offers finding solutions to common problems in recommender system

when advantages and disadvantages of these techniques are discussed.

3.1. Content-Based Recommendation Systems

Pure content-based recommendation systems regard the prediction phase as a
categorization of text problem to serve content-based predictions. Movie content
information is indicated like a document and ratings given by users from 0 to 5
construct six labels of class (Mitchell, 1997).

A bag-of-words naive Bayesian text classifier (Good et al., 1999) can be handled
and each movie feature such as title, director, etc. is equivalent to a bag-of-words. Then
this classifier is used for learning a profile of user from labeled documents. Afterwards
this user profile has been entered a process that is the prediction of rating of watched the
new movie. In a similar way, LIBRA (Debnath et al., 2008) has been used successfully
when recommending new books. Instead of using 0-5 rating scale, ratings used in
LIBRA have been distributed between 1 and 10. The ratings which are greater than 5
mean positive. In addition, the ratings less than or equal to 5 have negative meaning.
According to the positive probability calculation, similar to the previous application
user profile is obtained from labeled documents. Then, this profile is used for ranking
all other books as recommendations.

RIPPER (Goldberg et al., 1992) stands for repeated incremental pruning to

produce error reduction, which is an example of rule induction algorithm related to the
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decision trees. The system in these decision trees has similar principles with the
recursive data partitioning.

The content-based algorithms use information about an item to suggest
recommendations to the users. With the help of social networking and collaborative
filtering approaches, a classification method is proposed as a recommendation system
(Good et al.,, 1999). This system is an inductive learning approach to provide
recommendations to the end users. It is capable of using ratings and other forms of
information about the preference of each user.

Experimental results of the proposed approach (Good et al., 1999) show that this
application performs better results than traditional approaches. This system provides
flexibility used for exploitation by using content included two types of representations.
The effect of multiple information sources gives more accurate recommendations rather
than exploiting a narrower amount of content.

In the feature weighting in content-based recommendation system (Debnath et
al., 2008), weights are assigned for these features due to the importance for the actual
users. Then, a linear regression formula is handled by a social network graph which
gives information about the judgments of person for calculating item similarity. This
system also uses a combination of content-based and collaborative filtering methods.

Debnath et al. (2008) suggests that any preference data does not need. It serves
recommendations according to the item similarities calculated by using suitable distance
measures of item attributes. As a result, similarity measure of item is then used in
content-based algorithm which is supplemented by a collaborative social network of the
end users.

Feature weighting system (Debnath et al., 2008) selects item attributes from
IMDb database for movie recommendations such as genre, cast, writer, etc. Due to the
interest of users for these features, several weight values are set by using regression
analysis. Therefore, this regression equation is used for computing similarity of items. It
is seen in the empirical analysis; the proposed method gives better results than other

state-of-art content-based recommendation systems.
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3.2. Collaborative Filtering Recommendation Systems

Collaborative filtering phrase has publicized as discussed in the previous chapter
in detail. One of the first recommendation systems Tapestry (Goldberg et al., 1992) is
an experimental mail system recommends messages to the actual user when selecting
relevant document in terms of collaborating this test user with other users.

Another pioneering and ongoing effort is GroupLens that uses user ratings for
the weight computations of users or items and then predicts ratings of new items based
on those weights (Resnick et al., 1994). This application is also one of the first memory-
based recommendation systems explained in section 3.2.1. Based on the similar news
reader clients for an active user, the recommendation engine presents articles to the
actual user.

A pure collaborative filtering approach can use an algorithm based on
neighborhood (Herlocker et al., 1999). This kind of application selects the most similar
users for a test user. Then weights of their ratings are calculated and lastly, combination
of them is used for prediction process to the test user.

There are examples applied in different domains. For instance, Ringo
(Shardanand et al., 1995) considers the music recommendations and Jester (Goldberg et
al., 2001) uses really interesting resource, is related to the jokes. Furthermore,
(Movielens, 2012) is web-based application that serves movie recommendations to the
users. Next two sub sections give detailed examples of both memory-based and model-

based collaborative filtering approaches.

3.2.1. Memory-Based Collaborative Filtering Methods

The oldest examples of collaborative filtering approaches are related to the
memory-based systems. Memory-based applications should be studied in two ways
these are user and item. Initially several item-based approaches are introduced then
user-based applications are discussed in detail.

Amazon.com (Linden et al., 2003), item recommendation system is an example
for e-commerce web applications. It focuses on matching similar users to an actual user.
Amazon first explores similarity between other items and each purchased or rated
products of this user, afterwards it gives a list of recommendations based on the
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combination of those similar items. Linden et al. (2003) claim “Customers who bought
items in your Shopping Cart also bought” technique of Amazon.com gives an
inspiration for e-commerce web sites nowadays.

One of the main strengths of item-based collaborative filtering approaches is that
it decreases large amount of dataset when computing similarity weights. For instance,
MovieLens dataset has approximately 7-fold more users than items. In this case, item-
based collaborative filtering can naturally decrease the scalability is a well-known
problem in collaborative filtering techniques.

(Last.fm, 2012) is another web-based application and aims to recommend tracks
to the end users. Each user can listen or scrobble (The Scrobbler sends little note about
which song the listener is playing at this moment) a track recorded by a musician. This
system has collected data in two ways; these are music content and user profile. Hence,
both user and item-based similarity values can easily be calculated. In addition, Last.fm
gives a chance to the developers who want to build applications with the help of freely
available (Last.fm API, 2012).

Lastly (Grooveshark, 2012) is an example of accomplished music
recommendation system and is the largest music discovery service in the world. In the
databases of Grooveshark, it has more than 15 million songs and 35 million users across
the cloud.

The key step of many memory-based algorithms is to find the similarity of user
pairs. In this condition, both local and global user similarity approach provides an
application of the term of maximin distance in graph theory according to the surprisal-
based vector similarity (Luo et al., 2008). Here, surprisal mentions the information
quantities related to local and global users’ ratings. As a result of this, surprisal-based
vector similarity defines the relationship of user pairs.

At this point, whether user pair is connected through their locally similar
neighbors, global user similarity considers that this user pair can be similar. Luo et al.
(2008) propose one of the collaborative filtering methods that outperform other state-of-
the-art approaches. Under the condition of sparsity problem, there are not enough
similar neighbors and ratings for a specific product. Global user similarity is addressed
for this problem. It is seen that if there are few ratings of the test users or few training
users, the global user similarity will also contribute to increasing the accuracy of rating
prediction.
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Effective missing data prediction (EMDP) (Ma et al., 2007) application is an
example of memory-based collaborative filtering technique. This approach mainly relies
on Pearson correlation coefficient (PCC) in such a way that a new parameter is inserted
to protect the system form inaccurate similarity calculations of users or items. The
second factor of this algorithm is the effective missing data process. This process
considers the users and items together. Moreover, similarity threshold values for users
and items. Hence the system can decide if a missing data is predicted or not.

A combination of contents about user and item are both used for prediction
process of the missing data. In the experimental setup, it is obviously revealed that
effective missing data prediction algorithm outperforms sparsity problem by increasing

diversity in a more accurate way.

3.2.2. Model-Based Collaborative Filtering Methods

Eigentaste (Goldberg et al., 2003) uses a successful dimensionality reduction
method. The main purpose of Eigentaste is the sparsity problem in terms of examining
universal queries rather than using user-selected ones. The difference is that universal
queries have a short un-biased description such as book summary, film synopsis, etc.
Therefore, the system can able to provide density resulting subset of ratings matrix.

Cluster-based smoothing algorithm is a combination of model and memory-
based approaches (Xue et al., 2005). Rating dataset of a cluster of similar users for
unrated items can be predicted for a specific user in this cluster. As a result of this,
missing data can effectively be predicted. In addition, the nearest neighbor of the actual
user might be in Top N most similar clusters and then the nearest neighbors can be
selected in the Top N clusters. Therefore, this kind of collaborative filtering approach
overcomes the scalability problem.

The system serves smoothing procedures to find a solution for the missing data
prediction by using clusters (Xue et al., 2005). With the help of missing data prediction
process cluster-based smoothing method solves the sparsity problem. As a result of this,
this approach also provides more accurate recommendations to the end users. To
summarize, cluster-based smoothing application gives better empirical analysis results
than traditional collaborative filtering approaches. A generative probabilistic framework

which behaves each user item ratings as predictors of unrated items is presented with
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advantages (Wang et al., 2006). This approach concerns in both user-based and item-
based collaborative filtering algorithms by combining them with similarity fusion.

The last predicted rating comes from three sources of fusing predictions (Wang
et al., 2006); one of them is due to the ratings of the other users for the same item, the
second is due to the different ratings given by the same user and the last one is
predictions by other but similar users for other but similar items.

The different rating types are taken into consideration when similar users’
additional ratings for the similar items are used for smoothing the predictions. As a
result, the whole model overcomes the sparsity problem. Indeed, experimental results
indicate that this probabilistic framework outperforms the traditional collaborative
filtering algorithms (Wang et al., 2006).

Singular value decomposition (SVD) is a good example of matrix decomposition
approach and it is contributed by a Bayesian approach to reduce overfitting in SVD
where priorities are defined and with the help of variations of inference, all parameters
are integrated out (Lim & Teh, 2007). This approach is successfully implemented and

consumes less time in runtime and requires less memory storage.

3.3. Demographic-Based Recommendation Systems

In terms of privacy sensitivity to the demographic resources are not enough to be
evaluated in recommendation systems. Therefore, various collaborative filtering or
content domains are needed to boost demographic-based recommender engines.

LIFESTYLE FINDER (Krulwich, 1997) is one of the pioneering instances in
these kinds of approaches. By leveraging a large amount of demographic data, this
approach achieves efficient usage of a narrow user dataset when profiling users. Then,
the main advantage of this application is that it can easily protect cold start problem.
Although this technique overcomes the sparsity problem, it decreases accuracy of the

overall predictions.
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3.4. Knowledge-Based Recommendation Systems

It is obvious that pure knowledge-based applications might not be found easily.
They are either assisted by collaborative or content-based filtering approaches. One of
the pioneers of this approach is (PersonalLogic, 2012) system aims to support users
when they decide to products such as car, computers and pets, etc. Further, this system
tries to help users for their career opportunities. PersonalLogic collects the requirements
of the buyers for a specific product and with the help of knowledge-based algorithm; it
aims to find relevant products satisfying user tastes.

The main advantage of these type systems is that they do not require user rating
dataset. These kinds of recommenders give strength in other perspective that they can
easily adapt to the drastic changes in user behaviors due to the time because these
systems do not need to collect information of previous habits of the users. However,
important disadvantage of knowledge-based methods is that they must explore the
crucial features of the products in detail.

3.5. Hybrid Recommendation Systems

There are several hybrid applications such as MOVIES2GO (Mukherjee et al.,
2001) in which combines ratings of the items with the movie feature and uses semantic
and web content. Hydra (Spiegel et al., 2009) is a web-based movie recommendation
system, is a hybridization of collaborative and content-based filtering approaches.
MovielLens user item rating dataset is used in Hydra database and it is also
supplemented by content features of movies served in IMDb.

In addition, Hydra focuses on reducing system runtime cost in terms of
supporting by singular value decomposition (SVD) algorithm. SVD is one of the
methods passed in the dimensionality reduction in recommendation systems. The main
aim is to factorize matrix and to obtain narrower effective dataset as an input for
prediction process. Further, demographic information of users are considered when
retrieving data from MovielLens. It is clear that privacy policies are paid attention by
MovielLens researchers while they have collected data such as age, gender, etc. for

relevant users.
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Fab (Balabanovic & Shoham, 1997) is one of the precursor applications that
combine social-filtering and content-based approaches. It is an agent-based application
and it gathers data for preferences entered by users. User agents deal with each user and
in other way collection agents are related to the documents. Therefore, new profiles are
created by these agents and then new profiles are consolidated by the user’s
interactions.

Unified Boltzmann machines (Gunawardana & Meek, 2009) are probabilistic
models and aim to produce more robust results with the help of hybridization of both
collaborative and content-based approaches. These features are used for learning
weights which are then performed to predict user actions. This system is accomplished
by recommending cold-start items. Empirical analysis shows that unified Boltzmann
machines outperform traditional collaborative techniques.

A hybrid recommender system for dynamic web users, combines collaborative
and content-based approaches and processes of this system is handled in both offline
and online phases (Nadi & Bagheri, 2011). This application uses combination of fuzzy
cluster mean (FCM) and ant based clustering algorithms and with the help of offline
processes the system serves appropriate recommendations to the test users online. The
system first analyzes preferences of users in terms of taking advantages of content-
based and collaborative filtering methods.

Content-Boosted collaborative filtering approach (Melville et al., 2002) aims to
improve recommendations with the help of strengths of both content-based and
collaborative filtering algorithms. The former is used for prediction phase of
contribution with the existing user data, the latter is then suggests more personal
solutions through collaborative filtering approach. This application gathers data from
(EachMovie, 2012) dataset that is old version of MovilLens is used for collaborative
filtering processes and IMDDb dataset is studied as input for content-based phase.

The main purpose of Content-Boosted collaborative filtering approach is divided
by two processes; the first one is converting a sparse user ratings matrix into a full
ratings matrix with help of content-based predictors and the second one is providing
recommendations by using collaborative filtering approaches. The proposed method
outperforms other pure content-based and pure collaborative filtering techniques based
on the empirical results (Melville et al., 2002).

Another hybrid method is the content-boosted collaborative filtering approach

also used for movie recommendations (Ozbal et al., 2011).Further, this system is
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contributed by missing data prediction and local and global similarity. The proposed
method mainly concerns in the data sparsity problem. With the help of combination of
accomplished approaches of local and global similarity and missing data prediction,
Ozbal et al. offers a solution for the data sparsity problem.

REMOVENDER (Ozbal et al., 2011) is an example of web-based
recommendation system for providing movies to satisfy users taste. It collects several
features of movies by IMDb database for using to calculate item similarity. The current
movie’s language, country, cast or writer features have different importance for the end
users. Then, a regression equation is obtained in terms of computation of the feature
weights. Furthermore, content similarity calculation contributes the item-based
collaborative algorithm effectively in the missing data prediction process.

In the experimental setup, it is obviously revealed that the proposed method
outperforms the traditional methods and also effective missing data and local and global
similarity approaches. Table 7 gives a detailed summary of the recommender system

research area (Adomavicius & Tuzhilin, 2005)

Table 7. The Summary of Recommender Systems
(Source: Adomavicius & Tuzhilin, 2005)

Recommendation Recommendation Technique
Approach Heuristic-based Model-based
Content-based Commonly used techniques: | Commonly used techniques:
e TF-IDF(information e Bayesian classifiers
retrieval) e Clustering
e Clustering e Decision trees
Representative research Acrtificial neural networks
examples: (ANN)
e Lang 1995 Representative research
e Balabanovic & examples:
Shoham 1997 e Pazzani & Billsus
e Pazzani & Billsus 1997

e Mooney etal. 1998
e Mooney & Roy 1999
e Billsus & Pazzani

1999, 2000
e Zhang et al. 2002
Collaborative Filtering Commonly used techniques: | Commonly used techniques:
e Nearest Neighbor e Bayesian networks
(cosine, correlation) e Clustering
Representative research o Artificial neural
examples: networks
e Resnick et al. 1994 e Linear Regression
e Shardanand & Maes e Probabilistic models

1995

(cont. on next page)
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Table 7. (cont.)

Hybrid

Combining content-based
and collaborative
components using;

Linear combination of
predicted ratings

Various voting schemes
Incorporating one component
as a part of the heuristic for
the other

Representative research

examples:
e Balabanovic &
Shoham 1997

Claypool et al. 1999
Good et al. 1999
Pazzani 1999
Billsus & Pazzani
2000

Tran & Cohen 2000
e Melville et al. 2002

Combining content-based
and collaborative
components by;

e Incorporating one
component as a part
of the model for the
other

e Building one
unifying model

Representative research
examples:

e Basuetal. 1998

e Condliff et al. 1999

e Soboroff & Nicholas
1999

e Ansari et al. 2000

e Popescul et al. 2001

e Schein et al. 2002

In Table 7, past applications of recommendations systems are briefly proposed

(Adomavicius & Tuzhilin, 2005). Moreover, new approaches such as Feature weighting
system (Debnath et al., 2008), Luo et al. (2008), EMDP (Ma et al., 2007) are presented
in detail. Then, REMOVENDER (Ozbal et al., 2011) is discussed and with the help of

these researches our approach offers different point of views that are introduced in the

following chapter.
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CHAPTER 4

THEORETICAL BACKGROUND

In general, MoresysGOAL is a movie recommendation system using with goal
programming language OPL uses the content boosted collaborative filtering approach
and with the help of Feature Weighting Content-Based (Debnath et al., 2008), Effective
Missing Data Prediction (Ma et al., 2007), Local and Global User Similarity (Luo et al.,
2008) studies, considers the data sparsity problem.

MoresysGoal has two parts; these are the loading content information and
calculations of the content weights consists of a mathematical model, and the second
one is the effective missing data prediction process that aims to provide better movie
recommendations to the end users. Content weights, i.e, feature weights are the
properties of the movies that have different meanings for the users. For instance, Meg
Ryan may be one of the most successful artist for a specific user, or Francis Ford
Cappola may be popular director for this user. Thus, director and cast properties of a
movie may have different weights for the users. In the following section, computation

of feature weights are discussed in detail.

4.1. Calculation of Content Weights

Weigths calculated in the proposed study (Debnath et al., 2008) algorithm are
not used in this thesis. This thesis offers a different way for calculation of the feature
weights. Instead, goal programming is used for computing content weights. For this
purpose, (IBM’s OPL 6.3, 2012) mathematical model software which includes CPLEX
12.1 solver is used for neccessary calculations. OPL stands for Optimization
Programming Language and is used for finding optimal solutions for proposed linear

and integer programming model.
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4.2. Mathematical Modeling and Optimization

A mathematical model is a representation of a challenge of interest and is a
relevant component to the process of solving that challenge in a optimal way (Sarker &
Newton, 2008). Since real problems are modeled by mathematical representations
difficultly, numerous assumptions and approximations may be provided by the
researchers. Models are the tools used for solving design, managerial, and planning
challenges in which decision maker should allocate limited resources among several
activities for making a measurable goal optimization (Winston & Goldberg, 2003). In
the following section, the different components of a mathematical model are introduced
in detail.

4.3. Components of a Model

Mathematical model has three main parts: decision variables, objective function

and constraints. In brief, these components are discussed in the following sections.

4.3.1. The Decision Variables

The decision variables are under control of the decision makers, and they
influence the whole system’s performance. They are used for deciding maximizing or
minimizing the values of the decision variables for an objective function (Sarker &
Newton, 2008).

4.3.2. The Objective Function

The objective function indicates the goal of the problem by means of using
decision variables. Information such as profit or cost per each item are variables
required in interaction by decision variables forming the objective function and these
variables are also known as objective function’s coefficients (Sarker & Newton, 2008).

In addition, more than one objective function may be neccessary for an organization in
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many conditions. For instance, the Monroe County School Board in Bloomington,
Indiana anounced that the students’s assignment considers the objectives as below
(Winston & Goldberg, 2003).

e The number of students at the two high schools are equal to each other
e The average travelling distance of students minimizes

e Student body at the two high schools has diversified

Furthermore, there are also problems that have only one objective function as seen in

this study.

4.3.3. Constraints

The constraints are the limitations of the values of decision variables. A
constraint has two parts, a constant and a function that are rely on either an equality or
inequality sign (Sarker & Newton, 2008). The function represents the total resource
needed by means of decision variables and the constant means the avaliability of the

total resource in case of a resource constraint.

4.4. Goal Programming

Goal programming aims to find a convenient solution based on the relative
importance of each objective. For instance, politicians promise to electors that the debt
will decrease in the country. At the same time, they might claim that they will offer
income tax relief. In these kinds of conditions, it is difficult to find a single solution for
optimizing these two multiple objects (Taha, 2007).

In the following sections, two different methods are presented for solving goal
programming. For a single objective function, the multiple goals are provided in both

methods.
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4.4.1. The Preemptive Method

The decision maker should rank the problem’s goals in importance order in the
preemptive technique. The objectives of the problem are stated as below for a n goal
condition (Taha, 2007)

Minimize G, = p, (Highest priority) (4.1)

Minimize G, = p, (Lowest priority) (4.2)

where p; is the part of the deviational parameters, sy or sf , that indicates first
goal. The operation of the solution concerns in one goal at a time, G; means the highest
priority in the beginning and G,, is the lowest priority at last. This thesis is related to the
regression method that does not need to the priorities. Thus, The Weights Method (Taha,

2007) is reasonable way in this thesis, is discussed in detail later.

4.4.2. The Weights Method

The Weights Method uses a single objective function obtained as the weighted
aggreagation of the functions that indicates problem goals (Taha, 2007). It can be

assumed that ith goal of n goals in the goal programming model is stated as
Minimize G;,i = 1,2,3,...,n (4.3)

Then, in the Weights Method combined objective function is introduced as;

(4.4)
Minimize z = w1G1 + wyGy + ...+ w,G,

where variables w;,i =1,2,3,..,n are positive weights that effects the
preferences of the decision maker dealing with the relative importance of each goal. In
the light of the above explanations, variables of our mathematical model are shown as
follows

34



Set & indices
m,n : movies, m,n € Movies ={m,, my, ..., [Movies|}

fk : features f.k e Features ={f3, f, ..., |Features|}
Parameters
armn - value of attribute f between movies m and n

Smn - Similarity between movies m and n

Decision variables

ws : weight of feature f, wg > 0, wy € (—00, )
df . positive deviation for interaction in movies m and n

d,n: negative deviation for interaction in movies m and n

Mathematical Model™

|Movies| |Movies|

Minimize Z Z (di + i)

m=1 n=1

subject to

|Features|

Smn T dr-';m - dr_nn = Z Wr Af mn
f=1

where V m € Movies, V n eMovies, m < n
wr , unrestricted V'f e features

dirn,dmn =0, VM € Movies, ¥n € Movies

(4.5)

(4.6)

(4.7)

(4.8)

First, mathematical model considers unrestricted feature weights. In other words,

positive of negative values are convenient for linear model. With the take account of

constraint 5, the mathematical model only considers the positive weight values.

(4.9)
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At last, constraint 6 that means aggregation of the weights of the features is
equal to 1, is inserted to the mathematical model.

|Features|

z w =1 (4.10)

f=1

Primary purpose is to make curve fitting, which aims to optimize errors both
negative and positive perspective and then tries to fit the curve. First of all, constraints
are identified such as defining first movie to the last movie these values are written but

if there is a 1->2, 2->1 is ignored.

Table 8. Identified Constraints (First Movie 1 to The Second Movie 2)

1->2 2->1 3->1 4->1

1->2 2->2 3->2 4->2

1->3 2->3 3->3 4->3

4->4

1->1681 2->1681 3->1681 1681>1681 | 1682>1681
1->1682 2->1682 | 3->1682 4->1682 | ... 1681> 1682 | 1682>1682

As a result of values seen above Table 8, there remains only one record for
1682-> because all the others are identified past. Therefore, the result of
1+2+3+...+1682 summation is the number of constraints. Based on gauss sum formula,
then, (1682*1683) /2 = 1.415.403 is the obtained constraints within each different pairs.
When OPL is run for this huge size constraints, there exists OutOfMemory error.
Neither OPL binary nor servers of laboratory can calculate this model. Although these
constraints are sufficient to calculate weights, due to obtaining more reliable and
effective weights, movies in which users gave more than one hundred ratings are
selected in relevant database table in MSSQL. As a result of this, number of constraints
reduce to 338 * 339 /2 = 57291.

Similarity[i,j] = wy * Fi[i,j] + wy * Fp[i,j] +...+ w; * Fy[i,j] (4.11)

In this formula, between F; and F,, which are all the feature vectors, are taken
from feature content table. Lastly, the remaining part of the formula is similarity matrix

can ben calculated by item based pearson correlation in Mahout.
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YU ((Rym — Rp(Ry; — R 4.12
ActltemSimilarity[m, j] = u=1Rum = Rm)Ruj ~R)) (4.12)

JZS=1(Ru,m - Rp)? + ZH:l(Ru,j - R])Z

Actual Item Similarity matrix is calculated from first movie to the 338. (last)

movie in Mahout Eclipse application. Pseudo code of this calculation is stated below;

For(Movie i in the 338 movie list)

For(Movie j in the 338 movie list)
ItemSimilarity = Item Based pearson in Mahout (Formula 10)
Calculate ItemSimilarity(i, j)

Each calculated value is written in text file

At last stage, actual similarity matrix is obtained in a single text file. Writing to
the text files is easy and fast way and conversion of this type text files to database and
excel format is also easy. Because datasets studied in OPL must be one of these kinds of
file formats. Actual similarity matrix has 338 rows and 338 columns, square matrix and
then other feature matrixes have to be square matrix same size as actual similarity
matrix.

By implication, feature vectors are converted to 338x338 matrixes. As a result,
there are eight 338x338 square matrixes that are retrieved by Excel worksheets and then
calculation of seven weights are started in OPL Studio 6.3.

In the first step,based on the assumption that there is no more constraints and

the weights are calculated as below;

w = -0.0044519, 0.035238, 0.069244, 0.078955, 0.059107, 0.13703, 0.46915

groupBaox 1

weightler 0 dan bl

Calculate MAE: 420528793883743
Emors weightler toplami 1

M.5.E: 223 453092471787 @ weightler standard

emors were calculated. ..

Figure 2. The Standard Calculation of the Weights
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These weights show that there is a negative effect of the first year feature’s
weight and country’s weight has the biggest effect to item similarity calculation. Then,
a small c# desktop application is written to calculate Mean Absolute and Mean Square
errors as seen in Figure 2 and 3. These are not relevant to the evaluation phase these
calculations only give a comparison of three different conditions of weights. Next two
situations are experimented for the proposed study (Debnath et al., 2008). Because in
this paper, weights are positive values and their summation is equal to 1. Next step is
only considered the summation of weights which is equal to 1 condition, and then

obtained weights are;

w =-0.0045327, 0.035771, 0.068752, 0.079115, 0.058761, 0.14572, 0.61642

group Booc
weightler 0 dan byl
Caloulate | MAE: 420.681855943316
Emors @ weightler toplami 1
MS.E: 723465421935838 weschiler stondand

emaors were calculated..

Figure 3. The Summation of the Weights is Equal to 1

In Figure 4, one more constraint that the last situation gives is that weights are

positive numbers. Thus, calculated weights are;

w =0, 0.03568, 0.068269, 0.075411, 0.058099, 0.14564, 0.6169

group Box 1

@ weightler 0 dan byl

Calculate MAE: 420761062147798
Emors weightler toplam 1

M.5E: 22713g6784584372 weightler standard

emors were calculated..

Figure 4. The Weights are greater than 0

38



In the first step, there are 57291 constraints. Moreover, two new constraints
mentioned above are inserted to the list of existing constraints. In the new situation,
there are 57293 constraints. It should not be affected by the overall score because there
exists huge number of constraints at first. MAE and MSE errors prove this assumption
because there are only few differences in decimal portion of the values.

Lastly, all values are known of the right part in Equation 11. All feature vector matrixes
are calculated before starting weight measurement in OPL from first feature vector
F;[1682,1682] to the last feature vector F,[1682,1682]. Then, these values are

multiplied by the first obtained weights and then similarity matrix was predicted;

PredSiml[i,j] = —0.0044519 = F,[i,j] + 0.035238 * F,[i,j] (4.13)
+0.069244 * F3[i,j] + 0.078955 x F,[i,j]
+ 0.059107 * F5[i,j] + 0.13703 * Fgli,j]
+ 0.46915 * F,[i,j]

In the small desktop application which is written in C#, predicted similarity
matrix is also converted in a text file for the purpose of easy and fast calculation
process. Because this predicted similarity matrix is used for missing data prediction. In

the following section missing data prediction approach will be explained.

4.5. Missing Data Prediction

User movie matrix has a very sparsity dataset. Each user could watch each
movie, there should be 943 users * 1682 movies = 1.586.126 ratings in this dataset. But
user movie rating matrix consists only 100.000 of them. This small calculation expose
the huge sparsity problem. At the beginning, Table 9 gives an idea of this sparsity
problem

Table 9. User Movie Matrix (UMR)

Movies | 1 2 3 4 5
Users
1 Ri1 | Rz |0 0 0
2 R,; |0 0 Ry, | O
3 0 0 R;5 |0 0
4 0 0 0 0 Rys
5 0 Rs, | O 0 0
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In addition, missing data formula is handled by using Equation 12 in the
prediction similarity matrix. First of all, for each movie the nearest two neighbors are

found out in prediction similarities. Then, item based rating prediction is done

2 (predictedSim(i, j) * actualRating(m, j)) (4.14)
2 predictedSim(i)

Tmz2 —

After missing data prediction process is done, new updated user movie rating

matrix (UMR) has appeared as seen in Table 10 below

Table 10. Updated User Movie Matrix (UMR)
Movies |1 2 3 4 5

Users
1 Ri1 | Rz |0 Ris | Ris

ol ESN w N
-
o K !
=
=
'S
N

In this sample layout, whereas first density of the user movie rating matrix is 7 /
25 = 28%, at last density will increase to 17 / 25 = 68%. Density could not be 100%
because this algorithm does not try to predict all missing data. It has just considered to
predict rating for an actual movie with item similarity values of the nearest two
neighbors. Furthermore, predicted similarity gives the two closest resemblance for the
actual movie. From now on, user based pearson correlation that is the last point of the

whole system, is discussed next section.

4.6. User-Based and Item-Based Collaborative Filtering Approach

After missing data prediction process, updated user matrix is the input for user

based pearson correlation. Previously, item based pearson correlation is used to
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calculate actual item similarities. At this moment, User-based Pearson Correlation
concerns the similarities showing previous movie rating values belonging to the users,
and is used from Equation 13 in the proposed study (Owen et al., 2011). F,,, user

similarity of a and u users then is calculated by;

2%:1(Ra,m - R_a) (Ru,j - R_u)

Pa,u =
\/ZM=1(Ra,m - Ra)Z + ZM=1(Ru,m - Ra)z

(4.15)

Where R, ,, means given rating for movie m by active user a, R, active user’s average
rating value for common movies with the compared user u. M is the number of total
movies. Ry p, is the rating of the movie m given by user compared user u.

Therefore, last stage of the recommender system is completed. Recommended movie
lists with a rating prediction is provided for the users. For already-existing users and
movies all the prediction processes are made in Mahout and then are transferred to the
MSSQL database. In the following section will be related to the impact of the

parameters to the system.

4.7. Impact of Thresholds

Initially, this section gives an explanation about parameters that are used in other
studies in the literature mentioned above. Then, how parameters influenced

MoresysGOAL is also explained.

4.7.1. Impact of Threshold a

The first step is to check parameter a mostly issued in which study, and then it is
observed that it is mostly related to the proposed article (Luo et al., 2008). It is an
important mechanism for rating prediction phase in this approach. If it is set to 0, rating
prediction is only related to local user similarity that provides more distinctive
information about a movie which has less common ratings. In other case, when it is set

to 1, rating prediction is completely concerned in global user similarity.
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The parameter a aims to give comprehensive improvement for the user-based
similarity and in their approach, it is equal to 0.5. Due to the consideration in the study
(Luo et al., 2008), « is ignored because there is sufficient amount of ratings for actual
users in MoresysGOAL during successful content-based rating prediction process and it

also wants to indicate power of content based similarity prediction mechanism.

4.7.2. Impact of Threshold 8

In the proposed study (Ozbal et al., 2011), S parameter is the importance
weighting of content similarity over prediction process. In addition, minimum value of
it is 0 and maximum value is 1. If it is equal to 0, predicted item similarity is only
related to Mahout item-based similarity. Whether £ is set to 1, on the other hand, item
similarity completely relies on content similarity. As a result of providing under similar
circumstances in the article (Ozbal et al., 2011), MoresysGOAL takes 0.5 value for S.

The parameter $ has a critical mission for showing the power of the calculation
of content similarity weights. When Ozbal et al. (2011) take content weights from the
literature study (Debnath et al., 2008), MoresysGOAL obtains these content weights

from curve fitting process by creating linear model in OPL.

4.7.3. Impact of Thresholds y and 6

In the three studies (Ozbal et al., 2011), (Ma et al., 2007) and (Luo et al., 2008),
y equals to 30 and it is used for calculating user-based similarity values to determine
minimum commonly rated items by two users. This parameter is essential to protect
these users from similarity devaluation. These users may not have common tastes, but
there may be a similarity overestimation if they have given ratings to few movies.

MoresysGOAL uses some kind of different version of significance weighting for
both users and items. In Mahout collaborative filtering using Pearson collaboration
correlation, a term is employed for weighting. It provides a quick response to the
correlation to push towards 1.0. If there are fewer correlations of movies, otherwise, it is
pushed towards to -1.0 where more movies are under circumstances in which users have
satisfactory amount of rated movies than y and ¢ values are automatically changed in

Mahout. Therefore, workload of calculation of each pairs in each step can be decreased

42



and MoresysGOAL can give quick response by the help of significance weighting

implementation served in Mahout.

4.7.4. Impact of Thresholds n and 0

Initially, # and @ set to 0.5 in the article (Ma et al., 2007); they have both set for
collaborative filtering approach. While # is threshold value of user based neighbor
selection, 4 is the parameter of selecting item-based neighbors. If each parameter equals
to 0, this approach could perform all missing data prediction. Otherwise, if they are all
set to 1, their application cannot make missing data prediction as seen in Table 11.

Therefore, the density of user movie rating matrix could be increased.

Table 11. The Relationship of Parameters
(Source: Ma et al., 2007)

Related CF Approach

User-based CF without missing data prediction

Content and item-based CF without missing data prediction
User-based CF with all the missing data prediction

Content and Item-based CF with all the missing data prediction

ol o>
=R

= =ITSNISNISY
olrk|o|k|s

In other words, the main problem in this situation is that, density which is
increased during the missing data prediction is how to reflect the overall accuracy. Both
of these variables are equal to each other at the beginning of the evaluation process,

because it is easier to control their significance.

4.7.5. Impact of Threshold A

In similarity fusion approach (Wang et al., 2006), A parameter determines how
the correlation is selected from either users or items. If 4 is equal to O, their approach is
exactly an item-based approach and whether it is set to 1, their study is only related to

the user-based Pearson correlation.
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Table 12. The Relationship of Parameters in the Last Situation

Related CF Approach |[a |f |0 |y |n |0 |24 k
EMDP 25 [30[05]|05|0.7

SF 0.7 0.7 |35
LU&GU 0.5 30 35
SCBPCC 0.35| 20
GO _CBCF 05/05|25 |[30|06|0.6|0.6
MoresysGOAL 0525 [30]05(05|0.5

Table 12 gives a summary for all parameters used in the studies. There is a comparison

between MoresysGOAL and other studies proposed in Table 12. In the proposed

research (Ma et al., 2007), A is also used for different configuration that considers

selection of either collaborative filtering or cluster-based smoothing. As a result,

MoresysGOAL uses 4 threshold as experimented in the former SF approach, because

system design of MoresysGOAL does not include cluster-based smoothing. Thus, it

predicts the ratings within consideration of collaborative filtering either user-based or

item-based. The parameter 4 is initially set to 0.6 in the studies (Ozbal et al., 2011; Ma

et al., 2007) and then it is also equal to 0.6 in MoresysGOAL. This value mentions that

predicted ratings are approximately average of user-based and item-based collaborative

filtering but it is a little close to the former.
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CHAPTER 5

SOFTWARE ARCHITECTURE

The aim of this chapter is to provide recommended lists to the users in graphical
user interface. First step is the calculation of weights, and then with the help of these
weights, the predicted item similarities are calculated. Later, these predicted item
similarities are used to predict missing data process, and finally collaborative filtering
approach uses this updated dataset to give user recommended lists.

As shown in the system architecture the main aim of the system is to give
predicted rating list to the online users in descending order. This chapter concerns in the
software design and information extraction processes. There are three main applications

in the processes of information extraction that are introduced in the following sections.

5.1. System Architecture

System architecture given Figure 5 summarizes the whole picture of
MoresysGOAL design. Preparation of the inputs, obtaining the recommended list and
graphical user interfaces are the three main parts of the system. In terms of preparation
these are;

1. Content Information Extraction: Contents are loaded from IMDb to local
MySQL database. Also, with the help of the ASP.NET web application
movie contents are stored into the MSSQL database. Both of the databases
are constructed and then they are ready to be inputs of the Recommendation
Engine.

2. Recommedation Engine: This part is the core component of the system. It
consists of the calculation of content weights. Therefore, several prediction
processes are started to be given a recommended list for users.

3. Graphical User Interface: Users can see their own recommended list in

these interfaces. Also, they can search a specific movie, give rating to this
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specific movie, etc. Moreover, administrator can make some operations such

as updating both databases and recommendation processes.

Offline Processes

Inputs
IMDDb : Content Information MovielLens : User Movie
Extraction Rating Matrix (UMR)

Recommender Engine

Goal Effective Mahout Eclipse
Programming Missing Data User-based and
with OPL 6.3 Prediction Item-based

and CPLEX Updated User Pearson

12.1 solver Movie Rating Correlation

Online Processes

MoresysGOAL Recommended List Descending
ASP.NET web-based Order

Figure 5. Software Architecture of MoresysGOAL

5.2. Content Information Extraction

As seen in Figure 5, content information is extracted IMDb movie database by
using both MySQL 5.2 CE and MSSQL 2008 R2 in two ways. The first way is to use
(IMDDbPY, 2012) which can retrieve IMDb dataset from the plain text files and can be
stored in MySQL. IMDDbPY is written in python programming language and is open
source package. For this reason, plain texts of IMDb are downloaded in Ubuntu 10.04
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operating system. After this, IMDbPY package is run to retrieve dataset to MySQL
database.

In the second way, an ASP.NET web application is written in C# language for
retrieving IMDDb dataset to MSSQL database. Therefore, a cross check can be made for

both datasets and it can give more clear and reliable input data to the prediction phase.

5.2.1. MySQL Database Structure

MySQL database is obtained by the information extraction techniques.
MovielLens dataset has a unique attribute that is a combination of movie title and year
properties, whereas IMDDb local database has both title and year attributes. MovielLens
dataset is separated into two attributes for the purpose of the joining MovilLens and
IMDDb local databases. Because they have only these common two attributes.

ManilensMames
Step
xno_npe one PK | movisiD
PE (1D | mavieTiie
. pubiishedyear
K i
Step two
titie
PEFES |1d
Fr2 titia
FK1 kind_|d
F¥3 production_y=ar
FKa | phanetic_code keyward
Ify_tyne 4 Step PK |11
oK |ia three F—
> pronetic._ code
]
Fy
Step
mawie_Infa four
PH |10
FK1 | mowle id
FK2 |info_typa K
o
Step
fiue
Y
Step cast_Info Step
roie_ype = PK |psrson id ssuEn nama
PE |M | FK2 | person_noie_id p| FE |10
m2
mle I orer name
FK1 | mle_i
mawie_id

Figure 6. Database Schema of IMDb Database
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IMDD local database has huge size tables. As a result of this, join queries are
written in mind so as to reduce the size of joining tables. All seven steps shown in
Figure 6 aim to reduce size of the last select query. In the first step, 1682 movies from
the MovilLens table join to the title table of IMDb local database. Title table has more
than two million records. Hence, only 1682 movies are retrieved title table. Thus, kind
attribute of the kind_type table and keyword property of keyword table produce data of
1682 movies are selected in a very short time.

Step four has several content information such as genre, country, language, etc.
and this step took relatively longer than time than first three steps as seen in figure 2.
However, the first join step also provided minimization for the process time of step
four.

Last three join steps need to retrieve actors and actress list of the movies.
Furthermore, name table of the IMDb local database consists of writers’ names.
Nevertheless, these processes have the longest time period, because of the huge sizes of
both cast_info and name tables.

Extraction information from the tables is not the first problem. There is also
another one that occurs in the source engine types of MySQL. Firstly, InnoDB source
motor is attempted but it took almost 20 gigabyte size in the hard disk. Hence, there
exists a gigantic size file which is ibdatal in the ProgramData directory in Mysgl main
directory.

Therefore, MySQL source engine is converted to MyISAM. After this
conversion, attributes which are essential for the joining tables are indexed. It is really
effective and fast in both space and time constraints.

In the step one, out of 1682, 500 movies are left which are not in the IMDb local
database. It is so hard to search each movie and then retrieving their contents. As a
result of this, a web based ASP.NET application is written to overcome these
difficulties. The following section gives detailed information about ASP.NET web

application.

5.2.2. ASP.NET Screen Scrapper Web Application

Web application is written in C# programming language in Visual Studio 2010.

When title and year attributes joining of Movielens and IMDDb tables are done, there are
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500 movies that are not in the IMDb local database. ASP.NET web application is
developed to find missing movies, then is used to give detailed content information to
the users in graphical user interface.

The interface of web application has a simple table, because results must be
shown fast while making screen scrapping. Screen scrapping is a method supposing that
a user searches the movie in Google search, than clicks the link IMDb internet site is
opened, then clicks the right mouse button, presses view page source and takes the html
script text, finally picks the relevant contents for each movie.

Actually, it will be an illegal way of retrieving data, if it is a commercial
manner. However, it is used for only academic purposes. Because of this, overall system
will not be an online application. Meanwhile, it may not be effective way of collecting
the whole movie information with this method. Some errors such as internet connection
timeout and null reference pointer may occur. Five hundred movies can be retrieved
almost 2 hours and it took 2 days for all 1682 movies.

First of all, a copy of MovielLens database table is loaded to MSSQL Server
2008 R2. As a result, it is easy to connect Visual Studio 2010 to MSSQL. For this
purpose, ml_movies table is created in MSSQL. Actually, this created table is the same
as the item dataset in the 100K zip file of Grouplens.

In the MSSQL movie titles retrieved from ml_movies are used in ASP.NET web
application to get movie contents by IMDb internet site. When each movie content data
is taken, feature contents which are nine attributes with seven features, imdbid and
movieid attributes of each movie are stored in tblimdb table in MSSQL. Therefore, 1682
movie content information are copied and these are ready to start content boosted
process.

Moreover, the difficulties when the content databases are created, there occurs
character encoding problems. Movies in the MovieLens dataset are all around the world
from China to USA. Cultural differences may cause some problems, when writing
names of the writers or actors. This type of character encoding problems are handled
with the help of server html encode and decode functions that are provided in
ASP.NET. UTF8 encoding is used for common language character encoding.

In addition, another difficulty is working with server of IMDb site. Because it
has a short timeout limit, it may be made to protect the site by illegal data retrieving.
Timer is added to start the application automatically whether some of the features have
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null values. The input dataset is obtained to use content-boosted algorithm and, is
discussed in detail in the following section.

5.3. Database Structure

MovielLens dataset belonging to GrouplLens research group is examined that
there are many practices with this dataset. User movie rating matrix that is obtained by
MovieLens is used for collaborative filtering. Also, content information about these
movies collected from IMDDb is used for content boosted technique.

5.3.1. Content Features

While obtaining content of the movies, feature vectors are necessary for each
movie. Seven features are selected from IMDb local database; year, rating, genre,
language, country, writer and cast. Furthermore, these features are used to show the
content of a specific movie in graphical user interface. Year and rating features have
discrete values, at the same time; other attributes have many values as seen in table 1.

Prediction techniques are normalized to 0, 1 range. For this purpose, similar
distance measures are used that are passed of FWCB (Debnath et al., 2008) study.
Year, rating features are first subtracted and then divided by an unreachable number.
Other features have string values more than one, intersection of these features divided to
the feature that has minimum string list length in this intersection.

Debnath et al. (2008) offers such an operation is done by dividing by the feature
that has the maximum string list length. For instance, genres of A movie are drama,
romance, action; genres of B movie are Action, Comedy, Sci-Fi; and finally genres of C
movie are action and horror.

While distance measure of A and B movies is calculated, common genre is
action in both movies divided by string lists of A or B because both have 3 string list
length. As a result, distance measure of these movies is equal to 0.33. Likewise, A and C
movies have one common genre Action is then divided by 2 that is minimum size genre
list of C movie. If this assumption is used, the result is equal to 0.5. But if FWCB paper

is used to calculate distance measures, this time the result will be 0.33 and B, C movies
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have same similarities to a movie. With this new distance measure assumption,

similarity values are improved and they are listed in Table 13.

Table 13. The Distance Measures of Features

NO | Feature | Type Domain Distance
Measure
1 Year Small [1900, 2012] 300 = |y1— ¥2 |
Integer 300
2 Rating Small [1,5] 10— | — 1y
Integer 10
3 Genre String List | Action, Comedy, etc. 91N gz
91
4 Language | String List | English, Mandarin, etc. Lnl
Ly
5 Country | String List | USA, UK, etc. €01 N €O
COq
6 Writer String List | Francis Ford Coppola, Oliver w1 N w;
Stone, etc. wy
7 Cast String List | Michelle Pfeiffer, Al Pacino, ca; N ca;
etc. caq

5.3.2. User Movie Rating (UMR) Matrix

Prediction technique consists of two parts; content-boosted and collaborative
filtering. The former is obtained by the table given above. The latter is downloaded
from Grouplens research web site. For a long time GroupLens research group has
collected rating datasets. MovieLens 100K dataset that has 100000 ratings by almost
1000 users for 2000 movies is selected for preparing user movie rating matrix. In the
future, for improving scalable problems MovieLens 1M and MovieLens 10M will also
be examined.

Ratings given each user for each movie are inputs of MovielLens 100K dataset.
Rows imply the users and columns are the movies in UMR matrix. There exists U users;
M movies in the UXM user movie rating matrix R. Ratings have a range between 1 and
5. Maximum value of ratings is 5, minimum value is 1. UMR matrix is converted form
of database table and is stored in MSSQL 2008 R2. A copy of content feature tables is
also stored in MSSQL. Especially, it makes easy connection process with Visual Studio

and MSSQL, because of the preparation of graphical user interfaces in Visual Studio
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2010 at the last stage of the system architecture. MovieDB database is created in
MSSQL 2008 R2 and following database tables are located in this database

Table 14. The Database Tables in MoresysGOAL

Table Attributes Description

ml_movies movielD,movieTitle,release_date,imdbU | u.item dataset
RL,Action,Adventure,Animation,Children | of MovieLens
's,Comedy,Crime,Documentary,Drama,Fa | 100K
ntasy,Film-
Noir,Horror,Musical,Mystery,Romance,S
ci-Fi, Thriller, War,Western
ml_movieGenre genrelD, genreName Contains 19
names of
genres
ml_userMovieRating | userlD,movielD,rating,timestamp u.data dataset
of MovieLens
100K
imdb_movieFeatures | imdbID,movielD,title,year,rating,genre,wr | Content
iter,cast,language,country information of
each movie

ml_movies database table has both movieTitle and year information in a single
attribute. This attribute is divided into two parts and then movieTitle and release_date
attributes are created. Also, genres which are taken from ml_MovieGenre database
table genre are made up of attribute headers of ml_movies database table.

ml_userMovieRating table is the main part of the collaborative filtering
algorithm. Actually this database table is the main table which the whole system works
on. There exists a cross check between imdb_movieFeatures table and the query results
by joining of MySQL. Thus, all processes about information extraction and databases
have been discussed. Next section will focus on recommender components working

with these inputs.

5.4. Graphical User Interface

MoresysGOAL, Movie Recommendation System is written in C# programming

language in Visual Studio 2010. Also, it is a web based system in ASP.NET Framework
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4.0. The main aim of the system is to recommend movies to the users. Moreover, users
can give rating to favorite movies and are able to comment on these movies, too. They
also have a chance to obtain a general idea of movies also commented by other users.

First of all, a login screen appears when you enter the web application.

Welcome to MoresysGOAL Version 1.0

Password . [
DATE  SCENE TAKE
02.06.2012

Figure 7. Login Screen of MoresysGOAL

If the user does not have an account yet, he or she can press to New User button
and then write his /her email address and after the password confirmation, they can

easily enter the system.

Create New User MoresysGOAL Version 1.0

—
Confrm Pessword: [

DATE  SCENE TAKE

02.06.2012

Figure 8. Create New User of MoresysGOAL
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After this short login attempt, users can see the main page. In MoresysGOAL
users can find the users who have the nearest preferences. Also, they can find the
movies which are similar to the previous movies they have seen before. For this
purpose, users can search specific movies, too. Then the detailed content such as genre,
cast, etc. of the movie can be browsed. Content information consists of publish year,
rating, genre, language, country, writers, cast are the local copies of IMDb database

and are related to 1682 movies are taken by Movilens.

@ B hitp://localhost61688 O ~ B ¢ X I‘g localhost x a3

S iR EEEEEEEEEEEEEEEEEENEEEEEEENENENEEN NN N EEEEEEEEREEREREEERENENEEREEE--

i e
Nagurnan
T

MoresysGOAlL : Movie Recommendation System

Welcome to MoresysGOAL, Current User: firstUser Log out

Search Movie

Recommended List for firstUser ;

Title: Batman
Rating: 7.6
Genre: Crime Fantasy Thriller
Writer: Bob Kane_ Sam Hamm
Cast: Michael Keaton Jack Nicholson Kim Basinger Robert Wuhl Pat Hingle Billy Dee
Williams Michael Gough.Jack Palance Jerry Hall Tracey Walter,Lee Wallace, William
Hootkins Richard Strange Carl Chase Mac McDonald
Language: English French
Country: USA UK
Year: 1989
12345

MoresysGOAL Version 1.0 - Copyright © 2012

Figure 9. Recommended List for a Test User in MoresysGOAL

In Figure 9 above, firstUser enters the main page and then can see the most five
relevant movies his interests. As soon as users enter the system, they can also see the
recommendations which are calculated by prediction approach used in the thesis. This is
a top-N style representation which means that movies are shown in descending order.
The movie which has the biggest predicted rating is the first member of the list. For
instance, “Batman” is the most interesting movie for the firstUser according to the
users past habits. Further, users can find out the specific movies by clicking the Search

link. SearchMovie page then appears in the browser as seen in Figure 10
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2 nttp://localhost 61688 2 ~ B & X | & localhost

Welcome to MoresysGOAL, Current User: firstUser

Please Write Movie Title: Toy Story
Title: Toy Story
[Year: 1993
82

[Rating:

Genre(s): |Animation Adventure,Comedy Family Fantasy

[Writer(s): |John Lasseter.Pete Docter

Tom Hanks, Tim Allen Don Rickles, Jim Varney, Wallace Shawn, John Ratzenberger Annie

Cast: Potts John Morris. Erik von Detten Laurie MetcalfR. Lee Ermey. Sarah Freeman Penn Jillette Jack|
Angel Spencer Aste

m

Give your own rating to this fim

Language English
(s): i

Country: [USA
Comment:

Back to the Main Page

Figure 10. Search a Specific Movie in MoresysGOAL

In Figure 10, first user is interested in Toy Story Film. He can see all seven
features of the movie and he can also give his own rating to Toy Story. For this purpose,
the first user should press the “Give your own rating to this film” button and this popup

window is shown below.

Submit

Figure 11. Give an Additional Rating to a Specific Movie

In the above figure, user enters 5 rating to Toy Story movie and click Submit
button. These rating values are stored in the database table. After users enter the system,
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any day of the week administrator can update to databases taking these new rating
values into account.

When administrator logins the system, there are four steps to be followed that
are MySQL-IMDb, MSSQL-Movilens, and Content-OPL and Content-UMR links. If
there are new movies in the IMDb database, the administrator first clicks the MySQL-
IMDb link to up to date IMDDb local database.

B nitp://localhosts1e O ~ B ¢ X 2 localhost

Welcome to MoresysGOAL, Current User: admin

UPDATE PROCESSES

Database Rec dation
MySQL - IMDb Content - OPL
MSSQL-MovieLens Content - UMR

Please follow these steps;
1. Press MySQL - IMDb link to update IMDb local database
2. Press MSSQL-MovieLens link to update MoviLens database
3. Press Content - OPL link to update Content Similarity Matrix
4. Press Content - UMR link to update User Movie Rating Matrix

MoresysGOAL Version 1.0 - Copyright € 2012

Figure 12. System Administrator Main Page

In Figure 12, if there are new users or movies in MovilLens dataset, the
administrator can control this by clicking the MSSQL-MovieLens link and then whether
or not all databases in MSSQL is refreshed. If there are significant differences in
MySQL content tables, administrator should be attempted to calculate all contents
weights again by clicking the Content - OPL link. The last step is the part of the
recommendation system is to control updates in the user movie rating matrix.
Therefore, all the databases and recommendations of the system can be refreshed and
updated by the administrator.

In conclusion, MoresysGOAL is made up of two main parts. The former is the
item similarity values that are calculated by content feature weights. These similarities
are used for the missing data prediction. Finally, these updated user movie rating matrix
is the input of the collaborative filtering approach. The following chapter is all about the

evaluation of our approach to the other usages.
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CHAPTER 6

EXPERIMENTAL SETUP

Experimental setup process aims to evaluate and test the MoresysGOAL web-
based application. The process starts with introducing the dataset and used metrics.
Then, there is a comparison between MoresysGOAL and other systems. At last, the
prediction performance is discussed by the parameter f determines the extent to which

the item similarity relies on content similarity, is explained in the following sections.

6.1. MovielLens Dataset

Experiments are evaluated in MovielLens dataset which is generated by the
researchers in GroupLens Research group at University of Minnesota. There are three
main datasets in the MovielLens dataset that are hundred kilobytes and one and ten
millions datasets. Although one and ten million datasets are able to evaluate scalability,
hundred kilobytes dataset is preferred due to encounter problems about memory
capacity limitations.

In the hundred kilobytes dataset, it contains 943 users and 1682 movies and
100.000 ratings. Minimum value of rating is 1 and maximum rating value is 5. The
proposed studies (Luo et al., 2008; Ozbal et al., 2011; Ma et al., 2007) are used based on
the assumption that there occurs at least 20 movies rated by each user. Furthermore, in
the study (Xue et al., 2005) assumption is that there exists at least 40 movies rated for
each user. According to the majority and changing few records, the former assumption
is selected then 94968 ratings remained.

Actually, the important point is whether MovieLens dataset will be dense or
sparse when the missing data prediction process is handled. Initial sparsity of
MovieLens dataset is stated below;

Sparsity = 1 94968 94 % (6.1)
parsity = 943x1682 " '
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Equation 1 indicates that sparsity value can be sufficient for the experimentation,
because it shows low density as needed. Also, if each user gives a rating for each movie
there will be almost more than half a million ratings. It is also mentioned that almost 1.4
millions ratings are neccessary to reach density value to hundred per cent, in other
words fully density matrix.

According to the studies which are compared with MoresysGOAL, majority of
them prefer the holdout method to evaluate the prediction approaches. In the holdout
method, training and testing sets are the two divided parts of the main dataset. After
that, majority studies select the 500 random users from the MovieLens dataset. At first,
twenty percent, and than fourty percent, lastly sixty percent of this dataset is used for
constructing the training sets. Remaining parts of the datasets are also the testing
datasets.

In almost half of 1682 movies in the user movie rating matrix, number of rated
movies for them are smaller than 20. It remains 939 movies that have been rated more
than 20 times. Therefore, the number of user movie rating matrix size is decreased from
100K to 95K. Then 500 movies are randomly selected from this new user movie rating
matrix.

In detail, the first 500 users of MovieLens dataset is randomly selected by means
of assuming that is at least 20 movies are rated by each user. Second, 20% is used for
training and 80% is used for testing (active) users. This dataset is called MovieLens100.
Later, MovieLens200 is constructed in the same way, for once 40% is used for training
and 60% is used for testing (active) users. The last one is MovieLens300 in which 60%
is used for training and rest of them is used for testing users.

Prediction approach uses the training set users to make predictions. Therefore,
accuracy of the prediction process is measured by actual users. As a result, sparsity of
the actual users varies as if each actual user gives a rating for five movies that will be
called Given5. Each test user rated for different ten movies then it is called Given10 and
lastly Given20 means there will be twenty movies rated by each actual (test) users.

In brief, total 9 conditions are obtained from the basis of sparsity in both training set and
number of movies for each actual user. Due to the fact that, all comparison process is
made with other studies (Luo et al., 2008; Ozbal et al., 2011; Ma et al., 2007) in similar
configurations because they used the same experimental setup. This kind of setup
process is preferred because our system should be observed with other literature studies

in similar conditions.
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6.2. Evaluation Metrics

Mean Absolute Error gives information about average of absolute differences
between actual and prediction rating values, and then it converts the negative
differences to the positive ones because difference must be higher than zero by dividing

the number of the total movies that are voted.

Zliv=1 |rai - rpil (6.2)

MAE =
N

Where ra; means the actual rating of the movie i and rp; is the predicted rating
value for movie i. Then, N shows the number of the total test movies. If MAE values are
lower, it will show better accuracy and this means predicted ratings are closer to the
actual ratings. Instead of taking absolute differences, Mean Square Error takes squares

of them whose formula is given below;

Z?]:l(rai - Tpi)z (63)

MSE =
N

Where ra;is the current rating of the movie i and rp; is the suggested rating
value for movie i. The number of the total test movies is N. The worst accuracy values

demonstrate the highest MSE values.

6.3. Comparison with Literature Studies

General properties of the dataset and the nine conditions of experimental setup
are explained comprehensively in the two sections above. Before starting comparison
process, validation of each nine configuration is made in a such way that UPCC (User-
based Pearson Correlation Coefficient) and MahoutUPCC (Mahout implementation of
User-based Pearson Correlation Coefficient) are both traditional algorithms. If mean
absolute errors of MahoutUPCC are similar to the errors of UPCC as seen in the
evalution setup of the proposed study (Ozbal et al., 2011), this dataset will have passed
validation control and then it can be ready to be evaluated within MoresysGOAL.
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As seen in Table 15, mean absolute errors of MahoutUPCC are close to the
values of UPCC in GOCBPCC configuration, so evaluation process is to be done as
soon as parameter values are set similar to other literature studies. Initial parameters are
selected as =0.5, 2 = 0.5, n = § = 0.5 and also number of neighbors is set to 35 due to
the fact that these thresholds are similarly set as GOCBCF, EMDP and LU&GU studies.
For parameters y and ¢ significance weighting is left to consideration of Mahout

Weighting. The weighted parameter is used in Pearson correlation implementation.

Table 15. MAE Comparisons in MovieLens100 Condition

Number of training users Moviel ens100
Ratings Given for Test Users Given5 | Given10 | Given20
MoresysGOAL 0.749 0.764 0.741
REMOVENDER (Ozbal et al., 2011) 0.789 0.765 0.756
EMDP (Ma et al., 2007) 0.807 0.769 0.765

SF (Wang et al., 2006) 0.847 0.774 0.792
SCBPCC (Xue et al., 2005) 0.848 0.819 0.789
UPCC 0.874 0.836 0.818
MahoutUPCC 0.847 0.816 0.837

Table 15 shows the mean absolute error values for MovieLens100 condition and
for each literature study. According to the order seen in the table, only MoresysGOAL
and GOCBCEF are specifically related to content information. The rest of all is based on
either user-based or item-based collaborative filtering. Also some of them consider the
combination of user and item based collaborative filtering. The second one is Ozbal et
al. content-boosted combination of item and User-based Pearson Correlation
Coefficient are called REMOVENDER (Ozbal et al., 2011). EMDP stands for Effective
Missing Data Prediction for Collaborative Filtering, SF means Unifying User-based and
item-based collaborative Filtering Approaches by Similarity Fusion. SCBPCC is
Scalable Collaborative Filtering Using Cluster-based Smoothing (Xue et al., 2005).
Lastly, MahoutPCC is implemented in Mahout which differs a little from state-of-art
user-based pearson algorithm. Moreover, MovielLens200 is the second configuration
that contains 200 users for training process and 300 users are dealt with test process

stated in Table 16 as follows
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Table 16. MAE Comparisons in MovieLens200 Condition

Number of training users Moviel ens200
Ratings Given for Test Users Given5 | Givenl10 | Given20
MoresysGOAL 0.776 0.752 0.743
REMOVENDER (Ozbal et al., 2011) | 0.782 0.765 0.753
EMDP (Ma et al., 2007) 0.793 | 0.760 0.751
SF (Wang et al., 2006) 0.827 | 0.773 0.783
SCBPCC (Xue et al., 2005) 0.831 |0.813 0.784
UPCC 0.859 | 0.829 0.813
MahoutUPCC 0.821 | 0.809 0.795

In table 16, MovieLens200 configuration indicates that MoresysGOAL gives
more accurate results than other literature studies. Furthermore, MovieLens300 situation
defines 200 users are test users and 300 users are used for training. Table 17 reveals the
MAE scores in MovieLesn300 conditions as seen below

Table 17. MAE Comparisons in MovieLens300 Condition

Number of training users MovieLens300
Ratings Given for Test Users Given5 | Given10 | Given20
MoresysGOAL 0.744 | 0.739 0.725
REMOVENDER (Ozbal et al., 0.764 | 0.756 0.738
2011)

EMDP (Ma et al., 2007) 0.788 | 0.754 0.746
SF (Wang et al., 2006) 0.804 | 0.761 0.769
SCBPCC (Xue et al., 2005) 0.822 |0.810 0.778
UPCC 0.849 |0.841 0.820
MahoutUPCC 0.854 |0.823 0.816

In the tables above, MoresysGOAL is more successful than other studies for
each condition due to the improvements on parameters. Instead of using state-of-art user
based Pearson correlation coefficient, MoresysGOAL uses effective combination of
both user- and item-based approaches. At each nine situations, it outperforms the rest of
the studies in the literature seen in the table. It gives smaller error values that mean
MoresysGOAL prediction approach increases the accuracy. Especially, when content
information is inserted to the calculation of item similarities, it also contributes to the
improvement of accuracy. Also B parameter affects the relevance of content similarity
as shown figures below
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Figure 15. MovieLens100: Impact of B Parameter
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In figure 13, it indicates that MovieLens300 condition gives better results than
others as given in figures 14 and 15. In the following figures show the relations with the

data sparsity and parameter f3
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Figure 16. MovieLens300: Impact of 3, A Parameters on Sparsity
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Figure 17. MovieLens200: Impact of 3, A Parameters on Sparsity
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Figure 18. MovieLens100: Impact of 3, A Parameters on Sparsity

All figures reveal that values between 0.5 and 0.7 for B, A parameters decreases

sparsity in an effective way as seen in mean absolute errors of the B parameter.
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CHAPTER 7

CONCLUSION

This thesis presents MoresysGOAL which is an ASP.NET web-based movie
recommendation system, is written in ¢# programming language in Visual Studio 2010
environment. The main aim of the system is to improve sparsity problem successfully.
In other words, this thesis tries to increase the density while aiming to maximize
accuracy at the same time. Effective missing prediction and content-boosted
collaborative filtering approaches throw light on how to deal with deal with this sparsity
problem. In addition, the contents of movies each of which is taken from IMDb by
using information extraction methods are also play a crucial role for calculating the item
similarity. Both of these content information and item-based collaborative filtering
method are then used together in prediction process.

In the beginning, current recommendation systems and main theoretical issues

behind them are generally introduced. Afterwards several types of recommendation
systems are experimented in so many data sets from movies to books. Subsequently,
these systems are examined in both positive and negative directions provided by their
applications. In the most crucial part, comprehensive amount of study is done about
overall system design and the prediction approach. Finally, MoresysGOAL is compared
with other successful literature studies in similar experimental setups. In other words,
parameters used in evaluation, are set to the most suitable values when testing process is
done between MoresysGOAL and other accomplished systems.
It is revealed in experimental setup that MoresysGOAL gives better accuracy results
than traditional user-based and item-based collaborative filtering methods at most
conditions. MoresysGOAL uses different content weights from GOCBCF approach;
these content weights improve item similarity calculations. Moreover, Mahout
implementations of collaborative filtering algorithms contribute to this improvement in
a positive way. Further, overall prediction process is supported by EMDP resulting in
increased density and maximum accuracy.

In the near future, MoresysGOAL will be installed in 11S Server and so it will be

published in internet. Datasets of MoresysGOAL will be updated continuously and it
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will make online actual rating predictions to the users whose habits are changing day by
day. As a result, MoresysGOAL can be sensitively satisfying current user tastes.

As soon as it will be attempted that different types of user-based and item-based
collaborative filtering approaches will be put in prediction phase of MoresysGOAL
application. Hence, much more successful results might be obtained. The Prediction
approach behind MoresysGOAL can also be tried in different datasets to test harmony
performance of MoresysGOAL system. Further, Mahout Hadoop will be used for large
scale datasets of Grouplens research group to overcome scalability problems of
recommendation systems.

Managers of production companies or publishers are also users who have the
predicted list of movies from the most appropriate to the incompatible ones. Before they
make an investment on a movie, they may want to consider which kind of genre will
increase the movie rating. Also, from the cast list they might find the most convenient
pair of actors and actresses to provide an improvement for rating value. Moreover,
directors may prefer most suitable cast and content information based on the result list

of MoresysGOAL prediction approach.
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