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ABSTRACT 

In the recent years, a great development has take place in the 

TV programs with the problem of choosing arising, and the 

solution lying in the recommendation systems. Although 

great steps have been taken in the direction of improving the 

recommendation systems, the cold start persists as a 

problem.  In this thesis, we try to address the cold start issue 

by extracting data from the user’s Facebook profile. 
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1. INTRODUCTION 
In the past decade, TV has evolved through connecting with 

the Internet and mobile telephony and its content has been 

augmenting steadily both in size and diversity.  “New 

technology is transforming the TV industry”1 as Mark 

Thompson, (BBC Director General) explained to The 

Observer. Furthermore, it is evident that the dawning of 

Digital TV and multimedia content has lead in a rise of the 

number of TV Programs at the end-users’ side, generating in 

turn an information overload problem (Ricci, Rokach et al. 

,2011). The availability of a multitude of TV channels has 

been hardening the task of locating a qualitative program. 

The TV recommender systems assist the user to deal with 

the information overload problem and suggests to the user 

the most potentially desirable options from a plethora of 

available selections.(Ben-Shimon et al.,2007).The RS 

recommends the programs to the user utilizing gradually 

gained information and knowledge about him/her. Most of 

the RS either employ Collaborative filtering (CF) or content-

based filtering (CBF) to generate recommendations to the 

active user. The CF methods depend on the record and 

suggest items to him/her that other users with similar 

preferences have appreciated, On the other hand, the 

content-based filtering methods function on the logic of 

matching key words or other user data with item attribute 

information, while setting aside data from other 

users.(Schein et al., 2002) 

However, there are some problems for the RS to solve and 

the most prominent one is the “cold start” issue.  This 

confusing case (Schein et al, 2002; Sahebi& Cohen,2011) 

occurs in recommendation systems in cases of unavailability 

of data on users or items. In TV programs and movie 

                                                                 

1   http://projects.kmi.open.ac.uk/notube/ 

recommendations, the ‘new item’ problem has a lesser 

impact on RS in which the data can be extracted in other 

ways, but this is not the case for the new user problem. 

Therefore, in this thesis we will tackle the new user problem. 

In recent years, the recommendations systems have started 

exploiting data from social networks in order to deal with 

this difficulty and offer more accurate and personalized 

recommendations. Popular social network sites, such as 

Facebook, Linkedin and Twitter, have been attracting 

billions of enthusiastically active users. Doubtlessly, social 

networks have developed into one of today’s most often used 

methods for building friendship and sharing interests. These 

platforms create huge amount of content every day. The rich 

content assists to form a better understanding of the 

preferences of the users as well as the characteristics of the 

items. Furthermore, information about the users’ social 

connections and their mutual interactions are available. All 

the above information is exploited by RS to enhance their 

performance.(Golbeck,2006) 

This thesis is undertaken within the framework of the Vista 

TV project.  The goal of this thesis is to address the cold-

start problem and to offer personalized TV programs 

recommendations. In order to realize the above, we will use 

information from a user’s Facebook profile. 

In the next section of this thesis design, some information 

will be presented on VistaTV and it will be shown which part 

of the overall project this thesis deals with. Then, a review 

of work related to this thesis will be discussed. Next, the 

problem statement comes followed by the research 

questions.  The research methodology and the experiment’s 

setup are then analyzed and justified as to their selection for 

dealing with the research question.  And we then give the 

time planning of the thesis. 

2. VISTA-TV 
The project "Video Stream Analytics for Viewers in the TV 

Industry" (ViSTA-TV2) is a European Union-funded 

collaborative research project. It mainly aims at 

strengthening the IPTV economy through the enhancement 

of the video content with background information, enabling 

it to study the user’s behavior and choose wisely on 

recommendations for the user by predicting on his/her 

preferences among the currently broadcasted shows. 

One of the goals of this project is to apply the accumulated 

information in order to construct a recommendation service 

2 http://vista-tv.eu 



so as to offer real-time viewing recommendations. It is with 

this objective that we will deal with in this thesis; we will 

attempt to make the cold start less of an issue by collecting 

data from the user’s Facebook profile. 

 

Other aims of the Vista TV include: 

 the processing of real-time TV data (video-, user 

behavior- and TV meta-data) and the extraction of 

useful elements from this data, 

 the generation of a high-quality linked open 

dataset (LOD) describing live TV programming, 

 the combination of this dataset with behavioral 

information in order to provide very precise 

market research information about viewing 

behavior 

 

3. RELATED WORK 
In this section, we will provide information and prior 

research on the commonly used recommendations 

techniques, the new user problem and the user modeling, 

constructing thus the theoretical foundation of our thesis. 

3.1.1 Recommendation Techniques 
The most well-known and widely used recommendations 

techniques are content–based filtering and collaborative 

filtering.  

 Content-based: The software learns to recommend 

items similar to the ones that the user liked in the 

past. The similarity of items is calculated on the 

basis of the characteristics associated with the 

compared items. For example, if a user has 

positively rated a comedy, then the system learns to 

recommend other movies from this genre(Ricci et 

al.,2011) 

 Collaborative filtering: Recommends to the user the 

items that other users with similar tastes liked in the 

past, based on the calculation of similarity in the 

rating history of the users. Collaborative filtering is 

by far the most popular and widely implemented 

technique in RS.(Ricci, Rokach et al,2011) 

Both these approaches have their strengths and weaknesses. 

Collaborative filtering demands a large amount of 

information on a specific user in order to make wise 

recommendations. In contrast, the Content-based filtering 

methods, while they require very little information to get 

started, have other drawbacks, such as 

overspecialization.(Ricci et al,2011) 

Some other interesting recommendation techniques are 

hybrid recommendations. 

 Hybrid recommender systems: As revealed by their 

name, these RSs depend on the combination of the 

Content-based and Collaborative filtering 

techniques, merging them so as to utilize the 

                                                                 

3http://en.wikipedia.org/wiki/User_profile 

strengths of the one to overcome the shortcomings 

of the other. (Ricci et al,2011) 

 

3.1.2 Cold Start Problem 
When a user has just entered a platform, he/she has not yet 

evaluated a sufficient number of items. So, there is not an 

adequate preference base for the recommendation system to 

build the user model based on his/her preferences as the user 

profile is not possible to be compared to other users or items. 

This results in the recommendation system being unable to 

recommend any items to a very fresh user in a personalized 

manner (Sahebi& Cohen,2011). 

A lot of research effort has been expended on overcoming 

the cold start issue but less research has been conducted on 

using the social networks, in one of them,  Sahebi and Cohen 

(2011) stipulated that the ‘homophily’ principle could offer 

a solution to this problem assisted by the social networks: 

they utilized social networks' information in order to 

complete the user profile during a cold-start situation and 

draw parallels between users. 

 

3.2 User Modeling 

3.2.1 User modeling definition 
The concept of ‘user modeling’ refers to the process of 

constructing and adjusting a user model so as to offer the 

most personalized possible recommendations according to 

the user's specific needs.(Li,2013) 

3.2.2 Social Networks and user profiles 
The user profiles3located in social network platforms store a 

number of personal data (demographic data, relationship, 

status, etc), characteristics and preferences of a person. This 

information can be extracted by software specialized in 

sorting them for various commercial reasons. (Li,2013) 

There are few researches on using social networks for 

providing recommendations. In Abel et al.(2011) the authors 

extract user information located in Twitter, Facebook and 

LinkedIn in combination with social tagging activities in 

Flickr, Delicious and StumbleUpon to assess the 

performance of a strategy based on several cross-system user 

modeling. They conclude that they have improved 

significantly the recommendation quality. Likewise, 

Shapira, et al.(2013) incorporate Facebook data in the 

recommendation process and compare traditional different 

collaborative filtering methods with their novel cross-

domain recommendation. 

Even less research has been conducted on the potential use 

of social network’s profile information in order to provide 

TV recommendations. In one of them, Golbeck (2006) 

experimented with the data from social networks for movie 

recommendations. The approach presented applies a trust-

based social network in conjunction with collaborative 

filtering. Nevertheless, this approach does not utilize 



personal information extracted from the user’s profile as we 

will propose in this thesis and it still demands time-

consuming surveys, which is detracting to the users. 

 

4. PROBLEM STATEMENT 
The cold-start is the problem when a user that has initially 

registered up for a TV recommendation service has in the 

system little or no information about his/her TV preferences 

(or even his/her track record of them). This has as a result 

that the software cannot offer accurate and personalized 

recommendations. 

The frequently used solution to this problem - 

recommending to the new users TV shows that are most 

“popular” (popularity filtering) among all users – is 

somewhat effective but not personalized.  The most efficient 

solution up to now is that the user rates movies he/she has 

seen and, in that way, the. RS recognize his/her preferences 

and so they construct a User model, which will allow them 

to offer personalized recommendations.  This is the method 

employed by known recommendations engines such as 

MovieLens and Yahoo! Movies.  Though it is a very efficient 

solution it unfortunately takes up too much of the user’s 

time. 

In this thesis, we will try to address the cold start problem 

from a different angle and to provide a method for the 

provision of good and quick personalized recommendations, 

without the user having to invest so much time for the RS to 

diagnose his/her preferences and construct his/her user 

model.. For this endeavor to be a feasible one, we will utilize 

the information found on the user’s Facebook profile in 

order to create the User model. 

The data extracted from the user’s Facebook profile will 

include the demographic data (gender, age, ethnicity, 

languages) through which we will be able to offer TV 

programs of the country where he/she lives and exclude ones 

from languages that he/she will not understand and which 

will automatically fall outside his/her preference range. 

Other data to be collected and exploited will include favorite 

athletes, favorite teams, as well as the list of movies 

(watched, liked), list of books (read, liked) and list of TV 

shows (watched, liked). The latter ones have been 

incorporated in Facebook in recent years and, in order for us 

to be able to generate accurate, personalized 

recommendations, we should assign to them different weight 

– if the user has seen a movie and ‘liked’ it (or read a book 

and ‘liked’ it) this means that this belongs to his/her core 

preferences. We should also take into account similar 

combinations between books and TV shows.  

Furthermore, in this thesis we will employ the Sibyl 

recommender (fig.2). Sibyl4 offers a scrollable list of TV 

program recommendations to the users. The user is thus 

enabled to express his/her preferences by dragging 

individual programs into “like” and “dislike” boxes placed 
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on-screen below and renews the recommendation list 

according to any preference shifts of the user.(User 

adaptation) 

In conclusion, we have seen that methods like (popularity 

filtering, user adaptation (Sibyl) and others) have advantages 

and disadvantages. The same issue may come up in the case 

of the Facebook user where he/she may be relatively knew 

or may not have filled in his/her profile. That is why this 

thesis pursues a combination method in the hope of 

providing quicker and more personalized recommendations. 

 

5. RESEARCH QUESTION AND 

HYPOTHESIS 

5.1.1 Research Question: 
• Can we address the cold start problem using a Facebook 

profile? 

• What impact can the utilization of data extracted from the 

user’s Facebook profile have on the quality of 

recommendations? 

 

5.1.2 Hypothesis 
According to Abel et al.’s findings (2011) (even though they 

were conducted under a different context, we could 

formulate the following assumptions: 

H1: By using the user’s Facebook profile, we will have 

a positive impact on addressing the cold start problem. 

H2: Utilizing the data extracted from the user’s 

Facebook profile will contribute positively towards the 

recommendation engine providing more personalized 

recommendations. 

 

6. METHODOLOGY 
In this section, we will deal with the process that we will 

follow in our attempt to enrich the user model with data from 

the user’s Facebook profile and we will describe the 

experiments so as to be able to answer the above research 

question. 

The first step is to gather the data from each user’s Facebook 

profile – this process can be done through the Facebook 

Graph API. Beancounter is the tool that can be employed 

here. The second step is to categorize the data that have been 

extracted from Facebook user’s profile and enrich the User 

model based on his/her interests. The third step is to provide 

recommendations to the user based on his/her interests - 

through his/her interaction with the RS more accurate 

recommendations will be provided. 

 Collecting Data 
In this step, the data will be gather by utilizing the 

Beancounter. This5 was created within the framework of the 

5http://notube.tv/category/beancounter/ 



Notube6 project and permits the extraction of information 

from the user’s Facebook profile. In section 4 we listed the 

data categories that we will extract from Facebook and we 

have stressed the need for different weight so as to best 

approach the user’s interests. 

 

Fig 1 Beancounter 

 

 Categorizing data and creating User Profile 

In this step, Beancounter locates meta-information about TV 

programs from the external datasets such as DBpedia so as 

to create a domain model that is exploitable for our thesis. 

 

 Recommendations and User Interaction 

In this step, the afore-mentioned Sibyl recommender is 

going to be used.  By the user dragging and dropping the TV 

programs in the “like” και “dislike” boxes, the 

recommendation engine acquires his/her preferences and 

renews the recommendation list according to any preference 

shifts of the user. This enables the system to produce 

continuously better and more personalized 

recommendations. 
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Fig2. Sibyl Recommender 

7. EXPERIMENT SET UP 
By the experiments described below, we will be in a position 

to deduce conclusions and answer the research questions.  In 

order for us to be achieve it, we will set up a controlled 

experiment.  In this experiment, the user adaptation will be 

the constant and the popularity filtering will constitute the. 

baseline. The groups will consist of 20 individuals. 

 

 Experiment 1: Recommendations based on 

popularity filtering as a baseline. 

 

 Experiment 2:  Recommendations based on 

popularity and user model which is based on 

Facebook’s user profile. 

 

After these two experiments are conducted, we will ask our 

subjects to provide us with some quantitative and qualitative 

feedback. The quantitative data will be collected through the 

use of a questionnaire with Likert scale (1-5) questions.  By 

incorporating some open questions, we will be in a position 

to obtain qualitative data. Finally, by using the above 

methods in parallel, we will have the chance to see clearly 

which the most efficient technique towards answering the 

research question is. 
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