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Abstract
Internet Protocol television (IPTV) is a way of delivering television over the 
Internet, which enables two-way communication between an operator and its users.
By using IPTV, users have freedom to choose what content they want to consume 
and when they want to consume it. For example, users are able to watch TV shows 
after they have been aired on TV, and they can access content that is not part of any
linear TV broadcasts, e.g. movies that are available to rent. This means that, by 
using IPTV, users can get access to more video content than is possible with the 
traditional TV distribution formats. However, having more options also means that
deciding what to watch becomes more difficult, and it is important that IPTV 
providers facilitate the process of finding interesting content so that the users find 
value in using their services. In this thesis, the author investigated how a user’s 
online social network can be used as a basis for facilitating the discovery of 
interesting movies in an IPTV environment.

The study consisted of two parts, a theoretical and a practical. In the theoretical 
part, a literature study was carried out in order to obtain knowledge about different
recommender system strategies. In addition to the literature study, a number of 
online social network platforms were identified and empirically studied in order to 
gain knowledge about what data is possible to gather from them, and how the data 
can be gathered. In the practical part, a prototype content discovery system, which 
made use of the gathered data, was designed and built. This was done in order to 
uncover difficulties that exist with implementing such a system.

The study shows that, while it is is possible to gather data from different online 
social networks, not all of them offer data in a form that is easy to make use of in a
content discovery system. Out of the investigated online social networks, Facebook 
was found to offer data that is the easiest to gather and make use of. The biggest 
obstacle, from a technical point of view, was found to be the matching of movie 
titles gathered from the online social network with the movie titles in the database 
of the IPTV service provider; one reason for this is that movies can have titles in 
different languages.



Sammanfattning
Internet Protocol television (IPTV) är ett sätt att leverera tv via Internet, vilket 
möjliggör tvåvägskommunikation mellan en operatör och dess användare. Genom 
att använda IPTV har användare friheten att välja vilket innehåll de vill konsumera 
och när de vill konsumera det. Användare har t.ex. möjlighet att titta på tv 
program efter att de har sänts på tv, och de kan komma åt innehåll som inte är en 
del av någon linjär tv-sändning, t.ex. filmer som är tillgängliga att hyra. Detta 
betyder att användare, genom att använda IPTV, kan få tillgång till mer 
videoinnhåll än vad som är möjligt med traditionella tv-distributionsformat. Att ha
fler valmöjligheter innebär dock även att det blir svårare att bestämma sig för vad 
man ska titta på, och det är viktigt att IPTV-leverantörer underlättar processen att 
hitta intressant innehåll så att användarna finner värde i att använda deras tjänster. I
detta exjobb undersökte författaren hur en användares sociala nätverk på Internet 
kan användas som grund för att underlätta upptäckandet av intressanta filmer i en 
IPTV miljö.

Undersökningen bestod av två delar, en teoretisk och en praktisk. I den teoretiska 
delen genomfördes en litteraturstudie för att få kunskap om olika rekommenda-
tionssystemsstrategier. Utöver litteraturstudien identifierades ett antal sociala 
nätverk på Internet som studerades empiriskt för att få kunskap om vilken data 
som är möjlig att hämta in från dem och hur datan kan inhämtas. I den praktiska 
delen utformades och byggdes en prototyp av ett s.k. content discovery system 
(“system för att upptäcka innehåll”), som använde sig av den insamlade datan. 
Detta gjordes för att exponera svårigheter som finns med att implementera ett 
sådant system.

Studien visar att, även om det är möjligt att samla in data från olika sociala nätverk
på Internet så erbjuder inte alla data i en form som är lätt att använda i ett content 
discovery system. Av de undersökta sociala nätverkstjänsterna visade det sig att 
Facebook erbjuder data som är lättast att samla in och använda. Det största 
hindret, ur ett tekniskt perspektiv, visade sig vara matchningen av filmtitlar som 
inhämtats från den sociala nätverkstjänsten med filmtitlarna i IPTV-leverantörens 
databas; en anledning till detta är att filmer kan ha titlar på olika språk.
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1 Introduction
This chapter presents the background to the thesis, what the problem is, the aim and
the objectives of the work. The chapter also includes the restrictions and target 
audience for the thesis.

1.1 Background
Internet Protocol television (IPTV) is television that is delivered over the 
Internet (Jain, 2005). Unlike traditional television distribution formats 
(terrestrial, satellite, and cable television), in which television content is 
pushed to the user, IPTV enables two-way communication between operators 
and users (Xiao, et al., 2007). For example, in addition to watching regular 
broadcast television, IPTV makes it possible to watch TV shows after they 
have been aired.

Telia1 is a Swedish telecommunications company that, among other things, 
provides an IPTV service. The television service, which has approximately 
500.000 customers, provides a video-on-demand (VoD) store in which the 
users can rent movies with the remote control. The users have over 4000 
movies to choose from, and in 2012, the number of movie rentals were 2.8 
million (Telia, 2013).

When a user wants to rent a movie in the VoD store, there are two possible 
scenarios; either the user enters the system already knowing from the 
beginning which movie he or she is looking for, or the user enters the system 
unprepared with the hope of finding an interesting movie through exploration.
In the first scenario, the user can find the movie by using the system’s search 
function. In the second scenario, however, the task of finding an interesting 
movie can be difficult and tedious. One reason for this is the fact that the 
interaction with the system is handled through the use of a TV remote 
control. To interact with a GUI in this manner is time-consuming since one 
often has to move through many GUI elements before getting the cursor to 
the element that is desired. For example, in order to reach an item that is at 
the bottom of a list, the user has to navigate through all of the items in the 

1  http://www.telia.se
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list. In the VoD store, the user may have to browse through many movies 
before arriving at one that feels interesting. This is in contrast to interacting 
with a GUI through the use of a mouse, which enables greater flexibility to 
move around since it is possible to click directly on the desired GUI elements. 
Another reason that makes the task difficult is that there are many movies to 
choose from. Although it is positive that the VoD store provides access to 
many movies, it also makes it more difficult for the user to find the movies 
that he or she will find interesting enough to pay for. If the user cannot find 
movies that are appealing, he or she will not rent any movies, which means 
that the service provider will lose out on potential sales. It is therefore in the 
interest of VoD service providers to provide a service that helps the users to 
find interesting content.

As a step towards making it easier for the VoD users to discover interesting 
movies, Telia has started a collaboration with a company called Popyoular2, a 
company that provides what they call review-based content discovery; reviews 
and ratings from professional reviewers. The collaboration with Popyoular 
makes it possible for Telia users to read about what reviewers think of a movie,
before renting it. In addition to providing the ratings of individual reviewers, 
Popyoular also provides normalized ratings, i.e. aggregated ratings of all the 
individual reviewer ratings, which makes it possible to see what the general 
reviewer attitude towards a movie is. With this thesis, Telia wants to 
investigate how this area of the IPTV service can be improved further.

One research field that is of interest in this thesis is that of advice seeking and 
decision making. Advice seeking is generally seen as a problem of weighting 
different information sources to come to a final conclusion, and one of the 
most important questions in this field is how decision makers arrive at their 
weightings (Bonhard, et al., 2006), in other words what information sources 
the decision makers trust. Ilan Yaniv (2004, p.1) states that “Seeking advice is 
a basic practice in making real life decisions”. This research area is of interest 
because the problem of choosing a movie to watch is a problem where the 
advice of others can be needed in order to make a decision.

Systems that help people make decisions about choices are called recommender
systems or content discovery systems. Research in this field has existed since the 
beginning of the 1990s (e.g. Goldberg, et al., 1992), although it has its roots 

2  http://www.popyoular.no
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in an older area of research called information filtering. Interest in the field of 
recommender systems is still high because it constitutes a problem-rich area 
with many practical applications (Adomavicius & Tuzhilin, 2005). Examples of
companies that carry out research in this field are Netflix3, a DVD-rental 
company and provider of on-demand video, and Amazon4, an online retailer of 
a wide variety of items, e.g. books, movies and electronics.

1.2 Aim and objectives
The aim of this thesis is to present a content discovery solution that makes use
of the user’s social network in order to facilitate the process of finding inter-
esting movie content in the Telia IPTV VoD service. In order to achieve this 
aim, the thesis has three objectives. The first objective is to investigate from 
which platforms it is possible to retrieve a user’s contacts’ movie interest data. 
Since everyone in a Telia IPTV user’s social network is probably not a user of 
Telia’s IPTV service, there is a need to examine what external platforms exist, 
in which people can express and share what movies they like. The second 
objective is to investigate what strategies recommender systems use to make 
recommendations, in order to find out about the strategies’ weaknesses and 
strengths. Finally, the third objective is to create a prototype content discovery
system in order to gain knowledge about what challenges there are in imple-
menting such a system.

1.3 Research questions
The following research questions will be investigated in this study:

• How and from where can a user’s contacts’ movie preference data be 
collected?

• Do people listen to the advice of others (such as friends and strangers),
and are some sources trusted more than others?

• What approaches can be used when making recommendations in a 
recommender system?

• What technical challenges exist with building a content discovery 
system?

3  http://www.netflix.com
4  http://www.amazon.com/
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1.4 Restrictions
The creation of an advanced recommender system is far more complex than 
what is possible to achieve in the time frame of a master’s thesis. The fol-
lowing two examples illustrate this, and justifies my decision concerning the 
complexity of the prototype system that will be implemented:

• The Netflix prize was a competition held by Netflix (mentioned 
previously), where the aim for the participants was to create a 
recommender system that had to be 10 percent more accurate than the
recommender system already in use by Netflix. The grand prize of the 
competition was $1,000,000 (Netflix, 2006?).

• Goodreads5 is an online database service for books, and its 
recommender system has been in development for six years (Brown, 
2011).

Another restriction is that the prototype will not be integrated into the set-
top box environment. The reason for this is that, according to the supervisors 
at Telia, it will take too much time to familiarize with the already existing code
to do it. Instead, the prototype will be implemented as an independent web 
application.

1.5 Target audience
This thesis is carried out on behalf of Telia, and is therefore primarily interest-
ing to those at Telia who work with developing the Telia IPTV service. 
However, it is also of interest to people who are interested in gaining knowl-
edge about recommender systems, and what the possibilities are regarding the 
access to and incorporation of external users’ movie preference data into such a
system.

5  http://www.goodreads.com
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2 Method
This chapter presents how the study has been carried out.

2.1 Literature study
In order to gain knowledge in the areas of recommender systems, advice 
seeking, and social networks on the Internet, a literature study has been 
carried out. The literature study forms the basis of Chapter 2 and 3, which 
present ( different approaches for making recommendations, ( theory on 
advice seeking and trust, and ( a definition of what a social network on the 
Internet is. The used literature consists mainly of scientific articles.

The literature has mainly been found using Google Scholar6, which is a search 
engine that makes it possible to search for scientific articles and other 
scholarly texts. Search terms that have been used when searching for literature
include: social recommendations, recommender systems, content discovery, social 
networks, and social tv. Literature has also been found through the reference 
lists of interesting research papers that were found with the first approach. 
This has been the case with literature regarding advice seeking, which is why 
the term does not appear among the terms that are presidented above.

A limitation with the literature that is referenced in this work is that it is a 
couple of years old; e.g. the newest references are from the years 2012 and 
2013. The reason for this is that work on this thesis began in 2012 and 
continued into 2013, and the referenced literature was found during this time 
period.

2.2 Platform study
To be able to answer the first research question that is asked in Section 1.3, 
i.e. “How and from where can a user’s contacts’ movie preference data be 
collected?”, it was necessary to identify and study different online social 
network platforms that allow for user data to be retrieved. Three such 
platforms were identified (see Chapter 4). Information about the different 

6  http://scholar.google.com
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platforms was gathered through empirical research, which is a research 
method that relies on experiences and observations, where knowledge is 
derived from actual experience (Håkansson, 2013). This means that 
information about the features that these online social network platforms offer
was gathered by using them and observing how they function. In addition to 
this, their API documentations gave insights into what data they offered to be 
gathered. The knowledge that was obtained during the study of these 
platforms was used to make a decision about which platform to use in the 
prototype.

2.3 Use cases
Before implementing the prototype, a number of use cases were created. The 
use cases consist of wireframes of the graphical user interface (GUI), and lists 
of steps that describe how the system is supposed to be used in order to 
perform certain tasks. Fowler (2004) states that a use case is a technique that 
is used to capture the requirements of a system, and that it provides a narrative
of how a system is used. The purpose with creating use cases in this thesis has
been to get an overview of the prototype, define what it will look like, and 
what the users will be able to do in the system. The use cases can also be 
consulted after a system has been implemented, in order to verify that the 
system does what it is supposed to. According to Fowler, there is no standard 
way of writing use cases as different formats work well in different cases. The 
format that is used in this thesis was suggested by the supervisors at Telia, a 
suggestion based on the format of previous use cases that they have worked 
with.

2.4 Implementation of prototype
After having defined the structure and design of the prototype, an interactive 
content discovery prototype that displays movie recommendations to the user 
was built. One of the main purposes with creating a prototype has been to 
gain knowledge that would have been difficult to obtain in other ways. Since 
different systems have different challenges, it is difficult to obtain knowledge 
about them through literature. By implementing a prototype, it has been 
possible to get familiar with the challenges that exist with the proposed 
system setup, which is important to know in advance, before creating a 
content discovery system beyond the prototype stage. If the challenges are 
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known in advance, one can better assess whether it is possible to implement a 
working system, or if it is too problematic. Another reason for creating the 
prototype has been to demonstrate how a content discovery system can look 
like in the IPTV service. This was achieved by making the GUI design of the 
prototype similar to that of the IPTV service.

While the front-end (the GUI) of the prototype was defined by wireframes 
before starting the development, the back-end, which will be presented in 
more detail in Section 7.1, was developed in a trial and error manner. This is 
defined as “a method of reaching a correct solution or satisfactory result by 
trying out various means or theories until error is sufficiently reduced or 
eliminated” (Editors of the American Heritage Dictionaries, 2011). The most 
important thing during the development has been to get the different parts of 
the prototype, and consequently the whole prototype, to work, without much 
care about how well this is achieved. Therefore, not much weight has been put
on making optimizations.

3 Theory
This chapter begins with a presentation of advice seeking and trust-theory, and 
continues with a presentation of recommender system-theory.

3.1 Advice seeking and trust
People are often faced with decision-making problems, whether it is about 
what to eat for dinner, where to go on holiday, or what mobile phone to buy. 
If one does not have sufficient knowledge about the subject matter, it can be 
harder to make a decision. Furthermore, when the number of options increase,
the more difficult it is to make a decision, and this leads to choice becoming a 
burden (Schwarts, 2005 cited in Bonhard & Sasse, 2006, p.84). In situations 
of uncertainty on how to make a decision, it is common practice to solicit the 
advice of others. According to a study done by Heath, Motta and Petre (2006),
people trust different sources depending on the nature of the problem, and 
the criticality of it. In their study, they identified five factors as being 
influential when choosing sources and the perceived trustworthiness of the 
source: Expertise (“The source has relevant expertise, which may be formally 
validated through qualifications or acquired over time”), Experience (“The 
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source has experience of solving similar scenarios, but without extensive 
expertise”), Impartiality (“The source does not have vested interests in a 
particular resolution to the scenario”), Affinity (“The source has characteristics 
in common with the recommendation seeker such as shared tastes, standards, 
viewpoints, interests, or expectations”) and Track Record (“The source has 
previously provided successful recommendations to the recommendation 
seeker”). These factors were identified by asking participants of the study, 
among other things, who they would ask when seeking advice in different 
scenarios. In tasks that were perceived as highly critical (e.g. choosing a 
medical treatment), the most important factor turned out to be the expertise 
of the source, whereas in low-criticality tasks, respondents were more willing 
to trust less trustworthy sources. The expertise and experience of the source 
were said to be important in tasks that were perceived to have an objectively 
correct solution. When tasks were perceived to be of a subjective nature, the 
respondents emphasized the affinity factor as being important.

In a qualitative study by Bonhard and Sasse (2005), participants were found to 
differentiate between items in objective and taste domains. Items in the 
objective domain, such as electronic devices, computer hardware, and cars, 
were perceived to have measurable and comparable specifications. Since the 
items are objectively comparable, the perception is that, even if the sources 
differ slightly in their advice, the sum of all advice will generate a consistent 
picture that helps the advice seeker make a decision. Therefore, in the 
objective domain, the expertise of the sources is seen as an important baseline 
for making further judgements, which is similar to what Heath, Motta and 
Petre (2006) found in their study. In similar fashion, Yaniv (2004) states that 
studies have shown that the combination of many sources helps improve 
estimation in the long run.

Advice seeking in the objective domain is the domain where most research has
been done (Bonhard & Sasse, 2005). Movie recommendations, however, fall 
into the domain of taste. While the benefit of combining advice from several 
sources is both demonstrable and understood theoretically in the objective 
domain, simple aggregation of advice in matters of taste raises conceptual 
difficulties since people are entitled to have different opinions about movies, 
music, restaurants, and other subjective topics (Yaniv, 2004). It is more 
difficult to find advice about items in the subjective domain, since people can 
rate items differently, but still justify their ratings (Bonhard & Sasse, 2005). 
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In the taste domain, there is no objective right or wrong, and the advice seeker
can only determine if the advice was good for him or her after having 
consumed the recommendation. For example, one cannot simply compare two
movies in the same manner as two electronic devices, which, as stated earlier, 
have comparable and measurable specifications. It is only after the movie has 
been watched that a person can conclude whether the recommendation was 
good. However, regardless of the item domain, an important consideration 
when making a choice is the potential risk and consequences that follow the 
choice (Bonhard & Sasse, 2005). For example, there is more room for 
mistakes when the decision maker has the possibility to correct a bad choice, 
such as returning and changing a purchased product. Choices concerning 
experienced goods (e.g. cinema and restaurant visits), on the other hand, are 
hard, or impossible, to change, which means that there is a bigger risk 
involved.

Bonhard and Sasse (2005) found that, when receiving advice in matters of 
taste, people find the relationship with the recommender to be very important.
This conforms with the findings of Heath, Motta and Petre (2006). Besides 
knowing the source, however, Bonhard and Sasse state that one of the 
following two conditions has to be met in order for the advice seeker to trust 
the recommender; either the advice seeker knows that the advice giver has 
similar tastes, or the advice seeker and advice giver have sufficient mutual 
knowledge about each other’s tastes, so that the advice giver can make good 
recommendations even if they have different tastes. However, even if the advice
seeker and recommender have different tastes, people are much more willing 
to explore recommended items that they do not necessarily feel match their 
taste, if they are close friends with the recommender (Bonhard & Sasse, 
2005).

In an experimental study conducted by Bonhard, Sasse and Harries (2007), 
participants had to choose between two movie recommendations made by two 
different recommenders. The recommenders were either familiar to the 
participant or unfamiliar, and the participant was also presented with a visual-
ization showing the recommenders’ rating/taste overlap with the participant. 
When the case was familiar vs. unfamiliar, participants overwhelmingly favored
recommendations from familiar recommenders. According to the authors, it is 
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easier for the advice seeker to trust the recommendations of a recommender 
that he or she actually knows since the advice seeker has previously interacted 
with the recommender (Bonhard, Sasse & Harries, 2007).

3.2 Recommender systems
The abundance of choice is, as stated previously, problematic since it makes it 
difficult to make decisions. It is especially difficult to find advice on matters of 
taste, such as movies, music, restaurants, etc. since it is difficult to value the 
recommendations given by different advice givers. Bonhard, et al. (2006) state 
that recommender systems have been developed to address the abundance of 
options people face in taste domains. From a company’s viewpoint, however, 
recommender systems can be seen as means of facilitating purchases and 
closing deals.

Adomavicius and Tuzhilin (2005) state that the recommendation problem, in 
its most common formulation, deals with estimating ratings for items that 
have not been rated by a person, where the estimation is usually based on how
the person has previously rated other items. The items that are finally 
recommended to the person are the ones that have the highest estimated 
rating. Burke (2002, p.331) uses a definition that does not involve estimation 
of ratings, but rather states that the term “recommender system” describes 
“any system that produces individualized recommendations as output or has 
the effect of guiding the user in a personalized way to interesting or useful 
objects in a large space of possible options”. There are different types of 
recommender systems, with different strategies for computing the 
recommendations. Recommender systems can be divided into different 
categories depending on their approach to making recommendations 
(Adomavicius & Tuzhilin, 2005). Generally, two main categories exist: 
Content-based recommendations, and Collaborative filtering recommendations 
(Balabanovic & Shoham, 1997; Heath, Motta & Petre, 2006). Since these 
recommender strategies both have their weaknesses and strengths, it is 
common that recommender systems combine these approaches 
(Balabanovic & Shoham, 1997). The following sections will present how the 
two main types deal with the recommendation problem.

10



3.2.1 Content-based recommendations

In the content-based recommendation approach, the recommender system 
tries to recommend items that are similar to items that the user has rated 
highly in the past (Balabanovic & Shoham, 1997). Content-based recom-
mender systems are commonly designed to find similarities between text-based
content, so the content is usually described, or “tagged”, with keywords 
(Adomavicius & Tuzhilin, 2005). For example, in a movie recommendation 
application, a movie would have to be associated with keywords such as what 
genres the movie is, what actors there are in the movie, who the director is, 
etc. By analyzing the content in the user’s past rated items, the recommender 
system can create an interest profile containing the user’s preferences. The 
profile is used by the recommender system as a basis for computing appropri-
ate recommendations (Balabanovic & Shoham, 1997; Adomavicius & 
Tuzhilin, 2005). There are some limitations with content-based recommenda-
tion systems (Shardanand & Maes, 1995; Balabanovic & Shoham, 1997), such
as:

Limited content analysis: The content-based approach is limited by the 
features, or keywords, that are associated with the items, and therefore it is 
important that items have many associated features (Adomavicius & Tuzhilin, 
2005). This means that the more features the items are associated with, the 
more accurate interest profiles can be created by the system. However, 
manually assigning features to items is often not practical, and it is difficult to 
automatically extract the features of non-textual items such as sound, photo-
graphs and video (Shardanand & Maes, 1995; Balabanovic & Shoham, 1997). 
Another problem is that if two different items are associated with the same set
of features, the system will not be able to differentiate them. For example, a 
content-based system cannot distinguish between a well written article and a 
badly written one if they contain the same terms (Shardanand & Maes, 1995).

Over-specialization: The user of a content-based system will only be 
recommended items that are similar to items that have previously been rated 
highly (Shardanand & Maes, 1995; Balabanovic & Shoham, 1997). This is 
because the system recommends items based on the user’s existing interest 
profile. For example, in a restaurant recommender system, a user that has 
never experienced Greek cuisine, and therefore not rated any Greek restaurant,
will not be recommended Greek restaurants, since the right keyword (e.g. 
“greek food”) will not be present in the user’s interest profile. Instead, the user
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would be recommended more of the same types of restaurants. Adomavicius 
and Tuzhilin (2005) state that the diversity of recommendations is a desirable 
feature in recommender systems, and that the user should not be presented 
with a homogeneous set of options. It is not desired to be recommended the 
same types of items since one might enjoy items that are not very similar to 
the ones that have already been rated highly.

New user problem: Before a content-based recommender system can give 
accurate recommendations, the user needs to rate a sufficient amount of items 
(Adomavicius & Tuzhilin, 2005). The reason for this is that, the more items 
the user has rated, the better the user’s preferences can be represented in the 
interest profile that is created. A new user that has rated very few items will 
therefore not be able to get accurate recommendations.

3.2.2 Collaborative filtering recommendations

The collaborative filtering approach is very different compared to content-
based recommendations. In this recommendation approach, the recommender 
system tries to recommend items that have been rated highly by other similar 
users (Balabanovic & Shoham, 1997), where a similar user is one that has a 
ratings history that is similar to the active, i.e. recommendation receiving, 
user’s. Typically the active user is matched with a set of users, called the 
nearest neighbors, with whom the user has the strongest ratings correlation. 
The recommender system then predicts how the active user would rate other, 
not rated items, by analyzing how the nearest neighbors have rated them 
(Balabanovic & Shoham, 1997). The predicted rating can be calculated in 
different ways, e.g. by simply averaging the ratings that an item has received 
from the nearest neighbors. However, it is more common to give users in the 
neighborhood different weights depending on their similarity with the 
recommendation receiver (Adomavicius & Tuzhilin, 2005) since predictions 
become more accurate (Herlocker, Konstan & Riedl, 2002). This means that, 
if neighbor A is calculated to be closer to the user than neighbor B, the 
ratings of neighbor A will be given more importance. Therefore, if both 
neighbor A and B have rated the same item, the predicted rating will lean 
towards neighbor A’s rating. The main difference between the content-based 
approach and the collaborative filtering approach is that, instead of computing
how similar items are, as in the content-based approach, the collaborative 
filtering system computes user similarity.
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Some of the shortcomings that exist in the content-based approach are not 
found in the collaborative filtering approach. Most notably, there is no 
problem with over-specialization, since collaborative filtering systems rely on 
other users’ ratings, and not the features of the items (Adomavicius & 
Tuzhilin, 2005). This means that the user can receive recommendations where
items are not very similar to the ones that the user has liked in the past. It 
also means that the items do not have to be described with many detailed 
keywords, which is necessary in content-based recommender systems. 
However, this approach also has its limitations (Balabanovic & Shoham, 
1997), which will be described below.

New user problem: This is the same problem that content-based systems have. 
To be able to make accurate recommendations, the system needs to learn the 
user’s preferences from the ratings that the user has made (Adomavicius & 
Tuzhilin, 2005). The more items the user has rated, the more accurate 
neighborhood of other users can be computed.

New item problem: When a new item is added to the system, it will not be 
possible to recommend it to anyone. This is because the collaborative filtering 
approach relies solely on the ratings of the users of the system, and if nobody 
has rated a specific item, the recommender system will not recommend it 
(Adomavicius & Tuzhilin, 2005). For example, a recommender system in a 
movie rental service will not be able to recommend a newly added movie even 
if it was very popular in the cinemas. This is because no content information 
(such as profit at the cinemas, reviewer ratings etc.) is used in a strict 
collaborative filtering recommender system. Since an item has to be rated by 
one or more users before it can be recommendable by the system, there is a 
risk that it will take a long time before it will be recommended to anyone.

Sparsity: For a recommender system that is based on collaborative filtering to 
be successful, it is important that it has a critical mass of users. If the number 
of users is small compared to the number of items in the system, there is a 
risk that many items do not get rated, or get rated by very few users. 
Therefore these items do not get recommended at all, or very rarely 
(Adomavicius & Tuzhilin, 2005), thinning out the collection of recommend-
able items (Balabanovic & Shoham, 1997). This means that, although there 
are many items available, the recommender system cannot make use of them 
until they have been rated by a sufficient number of users. For example, if an 
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item is rated by only one user, and that user has not rated many other items, 
there is a smaller chance that someone will be matched with that user. That 
item will therefore not be recommended to many users, although it might be 
an item that would be liked by many. Another problem is that, the user who 
has an unusual taste compared to the rest of the user population, will receive 
poor recommendations because there will not be many other users that are 
similar (Balabanovic & Shoham, 1997). To overcome this problem, it has been
suggested that, user similarity is not only calculated by looking at rated items, 
but also on user profile information, such as age, gender, education, etc. 
(Adomavicius & Tuzhilin, 2005).

3.2.3 Trustworthiness

In the previous sections (3.2.1 and 3.2.2), two of the most common 
recommender system strategies were presented. Although these recommender 
systems help people in finding interesting items, Bonhard and Sasse (2005) 
argue that merely providing data is not making a recommendation. The reason
for this being that the user still has to examine the recommended items, and 
judge their validity and appropriateness. The user, therefore, has to struggle in
order to decide whether the recommendation is worth trusting and pursuing. 
Heath, Motta and Petre (2006) state that it can be hard to ascertain the 
trustworthiness of recommendations or reviews since recommender systems 
are seen as black boxes that do not explain how recommendations are 
computed, and reviews are provided by people that are mostly unknown. They 
find this to be in contrast with findings from sociology and management 
sciences that indicate that, very often, social networks are used as a source of 
information (Granovetter, 1973), and that people decide whom to ask for 
information, depending on what they know about a person and how they 
value their knowledge and skills (Borgatti & Cross, 2003).

3.3 Social recommendations
In the section on advice seeking and trust (Section 3.1) it is made clear that 
people favor recommendations that are made by people that they are familiar 
with. Furthermore, the section on trustworthiness (Section 3.2.3) shows that 
there is a need for recommender systems that make it easier for the users to 
decide whether to trust a recommendation or not. Therefore, in this section I 
will present a recommender strategy called social filtering or social 
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recommendation. It is worth mentioning that some research papers (e.g. 
Shardanand & Maes, 1995; Basu, Hirsh & Cohen, 1998) use these terms to 
describe the collaborative filtering approach. This is because, in contrast to the
content-based approach, there is a social element in collaborative filtering. 
Others use the terms social filtering and social recommendation when talking 
about recommender systems that make use of the user’s social network (e.g. 
Lerman, 2006; Groh & Ehmig, 2007). In this text, the terms will be used to 
denote the second type of system.

3.3.1 Basic social recommendations

In its most basic form, social filtering is described as simply recommending 
items that have been liked (rated highly) by people in the user’s social 
network. Since there are also other forms of social filtering, which will be 
mentioned later (Section 3.3.2 & 3.3.3), this approach will be referred to as 
basic social filtering or basic social recommendation. In Lerman (2006), it was 
shown that basic social recommendation is an effective recommender approach
on Digg7, which is a website that allows for sharing of web content (e.g. news 
articles). In the study, it was found that users of Digg tend to (explicitly) like 
web content that their friends have (explicitly) liked.

Some of the shortcomings of the content-based and collaborative filtering 
approaches do not exist in the basic social recommendation approach. For 
example, basic social filtering does not suffer from the new user problem 
(Groh & Ehmig, 2007), which is a problem that both of the other 
recommender approaches have (Section 3.2.1 & 3.2.2). Since basic social 
filtering is about recommending items that have been liked by the user’s 
contacts, the system does not need to learn the user’s preferences in order to 
make accurate recommendations. In other words, the user does not need to 
spend time on rating items in order for the system to be able to recommend 
items that the user will like. Another problem that is overcome with basic 
social filtering is the problem with over-specialization (Section 3.2.1) (Groh &
Ehmig, 2007). The reason for this is that, since recommendations in basic 
social filtering are based on the tastes of the user’s contacts, the user will 
receive recommendations that are diverse. Furthermore, basic social recom-
mendation does not have the sparsity problem that collaborative filtering 
suffers from (Section 3.2.2). In collaborative filtering, if a user has only rated 

7  http://www.digg.com
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items that no one else has rated (which is a possible scenario if there are many
items in the system), the user cannot be matched with other users, which 
means that ( the items that the user has liked cannot be recommended to 
others, and ( the user will not be able to receive recommendations. In basic 
social filtering, however, these problems are not present since the recommen-
dations are not based on the users’ rating similarities. In Groh and Ehmig 
(2007), it is shown that basic social filtering recommendations are much better
than collaborative filtering recommendations when there is high sparseness. 
However, like all recommendation approaches, basic social filtering also has 
drawbacks, which will be presented next.

“Tyranny of the minority”: A problem with basic social filtering is the fact that 
people in the user’s social network are (likely) not equal in behavior. Since 
recommendations in basic social filtering are simply items that have been liked
by the user’s contacts, the people that are active in liking items will generate 
more item recommendations than the contacts that are less active. Lerman 
(2006) calls this problem the “tyranny of the minority”, which means that a 
big part of the generated recommendations come from a small segment of the 
user’s social network. A consequence of this is that the recommendations will 
be biased towards the tastes of a few contacts. If the user knows in advance, or 
realizes after having used the system, that the tastes of the contacts that 
generate the most recommendations are not compatible with the user’s own 
taste in the concerned item domain, he or she may not want to trust the 
recommendations. If the user does not trust the recommendations, the 
recommender system will not be of much use.

Lack of user influence: In a recommender system that makes use of the basic 
social recommendation approach, it is straightforward that the user is 
dependent entirely on his or her designated friends’ actions in order to receive 
recommendations. While this is positive in some cases, this can also be 
negative. A negative aspect is that, in a scenario where the user’s contacts 
generate recommendations that are incompatible with the user’s taste, the user
cannot influence the system to make recommendations that are more accurate.
This is because, unlike the content-based and collaborative filtering 
approaches, the basic social filtering approach does not make use of the user’s 
preferences when generating recommendations. For example, in a system that 
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utilizes one of the first two approaches, if the system recommends a set of 
items that the user does not like, the user can influence the system to make 
recommendations that are more accurate by rating items.

3.3.2 Similarity based social filtering

Besides the basic social recommendation approach, there are other types of 
social recommendation approaches. Groh and Ehmig (2007) describe a social 
filtering approach that is fundamentally equal to the collaborative filtering 
approach. Similar to collaborative filtering, this approach, which we (in order 
to differentiate it from collaborative filtering) can call similarity based social 
filtering, recommends items based on the ratings similarity between users. The
main difference between collaborative filtering and this social filtering 
approach is that the neighborhood of users, from which the recommendations
are generated, consists of the user’s social network rather than a set of 
unknown people. Unlike basic social filtering, where all the user’s contacts’ 
ratings are treated equally, the similarity based social filtering approach gives 
different contacts different weight, depending on how similar (in terms of 
rating similarity) to the user they are calculated to be. If there is no similarity 
between the user and a contact, no recommendations will come from that 
contact. As with collaborative filtering, in order for the system to work, the 
user needs to rate items so that he or she can be matched with other users. 
Groh and Ehmig show that there is not a big difference in recommendation 
accuracy between the similarity based social recommendation approach and 
the collaborative filtering approach when the sparsity is low (many ratings) in 
the system.

3.3.3 Direct social recommendations

Another type of social recommendation approach is the direct social 
recommendation. Similar to basic social filtering, this approach does not 
require the user to rate items in order to receive recommendations. However, 
unlike basic social filtering, in which the recommendations are implicit (an 
item is recommended because a contact likes the item), the recommendations 
in the direct social recommendation approach are explicit (an item is 
recommended because a contact explicitly recommends the item to a specific 
user). In other words, recommendations in the direct social recommendation 
approach are directly targeted at the user. This means that the recommenda-
tion giver does not have to like the item that he or she is recommending. For 
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example, a friend of the user watches a movie, but finds it mediocre. However,
he thinks that the user probably will like it so he recommends it to the user. 
In a study conducted by Sinha and Swearingen (2001), it was shown that 
recommendations made by the user’s friends were consistently better than 
those made by recommender systems that use algorithms to compute recom-
mendations. One of the obvious problems with the direct social 
recommendation approach is that not all of a user’s contacts will know the 
user well enough to be able, or willing, to make recommendations that the 
user will like. Therefore, in order for the user to receive recommendations, the
contacts that are familiar with the user’s tastes need to be active and interested 
in recommending items.

3.4 Online Social Networks
Today, there are many web-based services that allow people to connect with 
other people. Some of these services allow for the connection with people that
one has a personal connection with, while other services make it possible to 
connect to people that one has no real life relationship to. While these 
services can look and function very differently compared to each other, they 
are often categorized as a specific type of web service, namely a Social Network
Site, or a Social Networking Site. Boyd and Ellison (2007, p.211) differentiate 
between these two terms, and define services that are encompassed by the 
former term as “web-based services that allow individuals to ( construct a 
public or semi-public profile within a bounded system, ( articulate a list of 
other users with whom they share a connection, and ( view and traverse 
their list of connections and those made by others within the system”. A 
Social Networking Service, on the other hand, is defined as a different type of 
service since the word “networking” emphasizes relationship initiation, which 
the authors do not believe is the primary purpose of these services. Instead, 
they believe that Social Network Sites are primarily used to communicate with
people that are already in a person’s existing network of friends. However, 
boyd8 and Ellison admit that the two terms are often used interchangeably. 
Besides the two mentioned terms, there also exists other terms to describe 
these types of web services, such as Online Social Network (OSN), which is 
used by e.g. Catanese, et al. (2012). In this text, the differentiation between 

8  The name of the author is intentionally uncapitalized. See 
http://www.danah.org/name.html for more information.
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the terms is not of great importance since the terms are broad, and over-
lapping in terms of which web services they encompass, and because both 
terms are often used to denote the same thing. Hereafter, the abbreviation 
OSN will be used to denote the types of web services that are encompassed by 
the definition presented by boyd and Ellison (2007).

There are many web services that can be called OSNs, although they might 
look and function very differently compared to each other. While some OSNs 
allow for unidirectional connections, others allow for bidirectional connec-
tions. When the connection is bidirectional, which means that two users are 
mutually connected, they are often called “friends”. However, as boyd (2006) 
points out, the term “friend” in the context of OSNs is not the same as 
“friend” in the everyday sense. It is not unusual that people add others as 
friends although they do not know them very well. In the following chapter, 
three OSNs that may be used in a content discovery system will be presented.

4 Study of OSN platforms
The three OSNs that will be presented are Facebook9, Google+10, and Twitter11. 
The main reasons for choosing to investigate these particular OSNs are that 
they ( allow for the gathering of data via APIs, and ( are currently (2012) 
three of the largest OSNs (in the Western world) in terms of number of users 
(Wikipedia contributors, 2012). In the first point, “data” is loosely defined, 
and refers to any kind of information that can be used to create a content 
discovery system focused on movies; it can be e.g. movie titles and actor names
that are connected to a user’s profile. The reason that the second point is 
important is because of the Network Effect, which is a phenomenon whereby a 
good or a service increases in value when more people use it (Investopedia, 
2010), which is the case with OSNs.

9  https://www.facebook.com
10  https://plus.google.com
11  https://twitter.com
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4.1 Posts
A common characteristic of these three OSNs is that they center around a 
flow of textual data, i.e. posts written by the user’s contacts (see Image 1). It is 
through this text flow, which is also called the news feed, that the user get 
updated about what his or her contacts are up to. For example, a person might
want to express that he or she likes a recently watched movie, and may 
therefore write this in a post. The posts that are displayed on the user’s news 
feed, and their contents, can be retrieved through the respective OSNs’ APIs.
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Image 1 – The appearance of posts on the different OSNs. From top to bottom:
Facebook, Twitter, Google+.



Another central thing that Facebook, Google+, and Twitter have in common is
that they provide Share-buttons that can be embedded into other websites (see 
Image 2). The buttons are called Share (Facebook), +1 (Google+), and Tweet 
(Twitter). With these buttons, people can share links to websites with content 
that they find interesting. For example, a person is signed in to one of the 
three OSNs, and is reading an article on another website. If the user finds the 
article interesting, and wants his or her contacts to also become aware of the 
article, he or she may press the Share-button of that OSN (if it is embedded 
on the website). This action will create a new post on the OSN, containing a 
link to the article, a description of the link, and the user also has the possi-
bility to write a message to accompany the link. In order to identify what 
movies (and actors etc.) a person’s contacts like by using post data, one has to 
find the posts that are of interest, i.e. posts where people express that they like
movies, actors etc. In Google+ and Twitter, at the time this was investigated 
(2012), this is the only type of data that can be retrieved through the APIs. 
Facebook, on the other hand, also makes it possible to retrieve another type of
data, Facebook Likes, which will be presented next.

4.2 Facebook Likes
Before describing Facebook Likes, it is important to get acquainted with 
something called Facebook Pages (see Image 3). On Facebook, besides normal 
profile pages that represent individual users, there are also special pages that 
represent businesses, brands and organizations. The purpose of these Pages is 
to help the businesses, brands and organizations to connect with the users 
(Facebook, 2012a). On every Page, there is a Like-button, which users can 
press if they want to show that they like the thing that the Page represents. 
One important thing about Facebook Pages is that they belong to categories. 
This means that the creator of a Page can explicitly state what type of object a 
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Page represents. Pages can, among other things, belong to the categories 
Movie, TV Show, and Actor/Director. On Facebook, all of the Pages that a user 
has liked is collected, and accessible through a tab on the user’s profile page 
called the Likes tab. In this view, the Pages are grouped, and listed according 
to the category that they belong to. The contacts of a user can, through the 
Likes tab, see what the user is interested in. As with posts, this data (i.e. the 
Pages that have been liked by a user) can also be accessed programmatically 
through the Facebook API. It is possible to decrease the data retrieval time by 
only retrieving liked Pages that belong to specific categories.

Similar to the previously mentioned Share-buttons, the Like button can also 
be embedded into other websites. However, the Like button makes use of a 
meta language called the Open Graph protocol12 (OGP), which makes it 
possible to represent a web page as a Facebook object in the social graph. The 
social graph is simply a dataset containing objects, and their connections to 
other objects (Facebook, 2012b). Both users and Pages are actually Facebook 
objects, and there are other objects as well, such as photos, events, and 

12  http://ogp.me
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posts (described earlier), to name a few. By adding OGP metadata to a web 
page (see Image 4), it can become a Facebook object in the social graph, with 
a specified type, e.g. Movie.

When a person that is signed in to Facebook clicks the embedded Like button
on a web page, the Facebook object will be added to the collection of objects 
in the Likes tab. There will be no difference in appearance between the liked 
Pages and the liked web pages, in this view; both kinds of objects will appear 
under the category that they belong to (see Image 5). These objects are also 
retrievable using the Facebook API. The reason that this is interesting is that 
it gives users the possibility to add items that do not have pages on Facebook, 
to their list of likes.
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Image 4 – HTML meta-elements with OGP tags turn a website into a Facebook
object.
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Image 5 – On the Likes page, all items look the same. The item “Back to the
Future (1985)” is not a Page on Facebook, but originates from a website which has

added OGP metadata.



5 Prototype decisions
In this chapter, decisions regarding two building blocks of the content discovery 
prototype will be presented. The chapter begins with a comparison of the OSN 
platforms that were presented in Chapter 4, and a decision is made about which 
platform the prototype will gather data from. The chapter ends with a comparison 
of the recommender strategies that were presented in Section 3.2, and a decision is 
made about which recommender approach to use.

5.1 Prototype decision I – Choosing OSN 
platform
The three described OSNs all allow for the retrieval of data in the form of 
posts created by the user and his or her contacts. Facebook also allow for the 
retrieval of data in the form of Facebook Pages that people have liked. 
Compared to Page data, post data is difficult to make use of. One reason for 
this is that there is no quick way of identifying the posts that are relevant (i.e. 
posts where people express that they like movies). In order to find the posts 
that are relevant, it is necessary to retrieve all posts that have been created by 
the user’s contacts, and then analyze the contents of each post. However, 
concluding what a post is about is not easy since people can express themselves
differently, and may not even write with correct spelling. For example, if a 
person wants to express that they like a movie, they may write “Back to the 
future waas greaat!”. In this example post, there is no mention of the word 
“movie”, which makes it difficult to programmatically determine that the 
person is writing about a movie that he or she likes. Even if there had been a 
mention of the word “movie”, it is difficult to be certain about which part of 
the message constitutes the title of the movie since people do not write their 
posts by following a predefined template. Another reason that makes this type
of data difficult to use is that the amount of posts to retrieve is very big. The 
more contacts the user has, the more posts will have to be retrieved, and with 
a growing number of posts, it becomes more time consuming to retrieve and 
analyze them.
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Unlike posts, Facebook Pages that people have liked do not have to be 
analyzed in order to find out if they are relevant or not. One reason for this is 
that it is obvious that the users’ attitude towards the Pages that they have liked
is positive. Another reason for this is that it is possible to know what a Page 
represents since all Pages belong to different categories. This means that, in 
order to find the relevant Pages, the only thing that needs to be done is to find
the Pages that belong to the relevant category, which in this case is the 
category “Movie”. Since it is easy to programmatically identify what movies a 
user’s friends like through the retrieval of Page data, the retrieval of this data 
is preferred over post data. For the reasons presented in this section, Facebook
was selected to be used in the prototype as the platform from which the user’s 
OSN contacts’ movie interest data will be gathered.

5.2 Prototype decision II – Other OSN 
services
After the three OSNs (Facebook, Google+ and Twitter) were compared and a 
decision had been made regarding which one to use in the prototype, three 
other OSN services were investigated. The services that were identified are 
Miso TV13, GetGlue14, and Filmaster15. These OSN services all have in common
that they are focused on movies and TV shows. More specifically, the purpose 
with these services is to enable people to share information with others about 
what movies and TV shows they watch and like. Furthermore, they have in 
common that they provide APIs, which can be used by third parties to retrieve
the users’ data, such as what movies they have watched and liked/rated. 
Compared to Facebook, however, they do not offer any features that gives 
them an advantage; they are not as widely known and used as Facebook, and 
offer less generous API rate limits. It is important that the chosen platform is 
used by many people since this means a greater chance that it will be possible 
to retrieve a person’s friends’ movie interest data. Since none of the services 
mentioned in this section provided an advantage over Facebook, and since they
have fewer users, they were not chosen to be used in the prototype.

13  http://gomiso.com
14  http://getglue.com
15  http://filmaster.com
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5.3 Prototype decision III – Choosing 
recommender approach
The presented recommendation strategies (content-based, collaborative 
filtering, basic social, similarity based social, and direct social recommenda-
tions) all have their weaknesses and strengths. In this section, the strategies 
will be compared in order to present a decision about which of the 
recommendation approaches is going to be used in the prototype. Since the 
similarity based social recommendation approach is essentially the same thing 
as collaborative filtering that only makes use of the recommendation seeker’s 
social network to compare the ratings similarity, these two approaches will be 
treated as one in this section.

As stated in Section 3.2.1, the recommendations that the content-based 
approach generates tend to become too similar to each other since the recom-
mender system recommends items based on keywords that are present in the 
user’s interest profile. This means that the system counteracts its purpose, 
which, as stated by Adomavicius and Tuzhilin (2005), is to present a diverse 
set of items. One advantage that the content-based recommendation approach 
has against the collaborative filtering, and the presented social recommenda-
tion approaches, is that the user is not dependent on other users’ actions. 
However, since the main focus of this thesis was to investigate how a user’s 
friends can be used as a basis for making recommendations, the content-based 
recommender approach was not deemed suitable to use in the prototype.

The collaborative filtering approach bases its recommendations on the ratings 
overlap between users. In order for a user A to receive recommendations, it is 
required that he or she is matched with other users. The likelihood that user 
A will be matched, i.e. have ratings overlap, with other users increases for 
every item that user A and the other people in the system rate. For example, 
in a system with 10 items and two users (A and B), where user B has rated one
item, the probability that user A will have ratings overlap, i.e. rate the same 
item as user B, increases for every item that user A rates. In the same way, the
probability that user A will have ratings overlap with user B increases for every
item that user B rates. Therefore, in order to increase the chances of ratings 
overlap, the users need to be active and produce many ratings. However, one 
cannot expect that the user’s OSN contacts, which will be used as the source 
of ratings in the prototype, will produce many ratings. This is because ( the 
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OSN is not a platform where people’s main activity is to rate items, and ( the
OSN contacts will not have the same incentives as the Telia IPTV user to rate 
items since they will not be able to benefit from rating many items. Therefore,
even if the user rates many items in order to increase his chances of being 
matched with someone and thus receive recommendations, there is a risk that 
the user will not be matched with anyone if the OSN contacts produce few 
ratings. Because of this risk, this recommendation approach was not chosen to
be used in the prototype.

Basic social filtering and direct social recommendations are two recommen-
dation approaches that do not rely on taste overlap between people, which 
means that they can provide recommendations regardless of what the active 
user has liked in the past. While the direct social recommendation approach 
will generate recommendations that are explicitly aimed at the user, it is likely 
that only a few contacts will know the user well enough to make recommen-
dations of this kind. The reason for this is that, as mentioned in Section 3.4, 
it is common that people have many contacts in their OSN that they do not 
know very well. If the small subset of contacts that are close to the user do not
put any effort into recommending items to the user, not many recommenda-
tions will be generated. In contrast to direct social recommendations, the 
recommendations generated using the basic social filtering approach are not 
directly aimed at the user. Instead, the recommendations are indirect in that 
they are simply presentations of items that have been liked by the user’s 
contacts. Both of these approaches are simpler to implement than the previ-
ously described ones since there is no need to make complex computations in 
order to provide recommendations. Since there is limited time to implement 
the prototype, only one approach will be chosen. Basic social filtering has the 
advantage that the set of recommendation generating contacts will be bigger 
than it will be when using the direct social recommendation approach. The 
reason for this is that recommendations will come from all, not only the 
closest, contacts. Since Facebook does not provide means to recommend Pages 
to contacts, the functionality to make direct recommendations must be 
implemented in a separate platform. This means that, in order for the user’s 
contacts to be able to recommend Pages, both the user and the user’s contacts 
need to be users of this separate platform. This is a drawback since one cannot
expect that the user’s contacts will use the separate recommendation platform. 
The basic social filtering approach, on the other hand, does not require that 
the user’s contacts use any other platform than Facebook. This is because, in 
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order to implement this recommendation approach, one only needs to retrieve
the Pages that the user’s friends like. This means that there is a greater chance
that recommendations will be generated when using basic social filtering. For 
these reasons, the basic social filtering approach was chosen to be used in the 
prototype.
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6 Use cases
This chapter will present different use case scenarios that have been created. The use 
cases describe, with different steps, how the system is supposed to be used.

6.1 Retrieving OSN data for a user
The following two use cases describe how the OSN data is retrieved and then 
displayed in the IPTV system. In the first use case, the data is retrieved in the 
set-top box (STB), and in the second use case, the user retrieves the OSN data
with a smartphone or tablet.

6.1.1 User is signed in via the STB

Preconditions:
• A new menu option (“Facebook”) is created in the main menu.

GUI flow:
1. User presses MENU, navigates to the menu option “Facebook” and 

presses OK.
 IPTV System (“System”) displays a Facebook login screen.

2. User fills in login information and signs in.
 System displays a dialog box, asking the user to authorize the 

Content Discovery system (“CDS”) to access his or her 
Facebook information (see Image 6).

3. User authorizes the CDS to access this information.
 System displays message of confirmation.
 System retrieves data from CDS in the background (see 

Background flow, below).

Background flow (see Image 7):
1. System makes a call to the CDS.
2. CDS makes a call to the Facebook API to retrieve relevant data.
3. CDS does some processing with the retrieved data.
4. CDS returns the data to the System.
5. System will display the data when applicable.

30



31

Image 6 – System asks the user to authorize access to the user’s Facebook
information, which is needed in order to provide recommendations.

Image 7 – Flowchart of the steps carried out in the background after the user has
authorized access to his or her Facebook information.



Exception:
• User does not want to use the CDS.

Alternative GUI flow:
3. User does not authorize the CDS to access his or her Facebook 

information.
 System displays message explaining that the user will not 

receive any recommendations.

6.1.2 User is signed in via a smartphone

Preconditions:
• User has a smartphone (or tablet).
• The smartphone has an application that will make calls to the CDS.
• The first time the User has used the application, he or she has 

authorized the CDS to access his or her Facebook data.
• The smartphone can send data to the STB.

GUI flow:
1. User starts the application that will make calls to the CDS.
2. User signs in to the application with his or her Facebook credentials.
3. User presses the button “Get movie recommendations”.

 CDS returns movie recommendations to the user’s smartphone 
app.

4. User sends the retrieved data to the STB for display on the television 
(see Image 8).
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6.2 Discovering movies with “OSN-based 
content discovery”
The following four use cases deal with presenting information about which 
movies in the IPTV system are liked by the user’s OSN friends.

Common preconditions:
• User has performed the steps in use case 6.1.1 or 6.1.2.
• Movies that the user’s contacts have liked on Facebook are available in 

the VoD database.
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Image 8 – Flowchart displays how the user receives recommendations via the
smartphone app and then displays the recommendations on the television.



6.2.1 See if contacts have liked a movie

GUI flow:
1. User opens the VoD store and navigates to one of the menu options 

“Topplistan” (Top list), “Nytt i butiken” (New in the store), or 
“Kategorier/[vald kategori]” (Categories/[selected category]), and 
presses OK.

 System brings up a 2x7 grid of movie posters. The user is able 
to scroll down to see more movies. Beneath movies that have 
been liked by the user’s Facebook contacts is a symbol and a 
number that indicates how many of the user’s contacts have 
liked the movie (See Image 9).
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Image 9 – The star symbols represent the Popyoular rating mentioned in
Section 1.1. The squares with the “x” represent how many contacts like the movie.



Exception:
• Contacts have not liked any movie that is available in the VoD 

database.

Alternative GUI flow:
Result after Step 1:

 No symbols that indicate if a movie has been liked by the user’s
contacts are displayed.

6.2.2 See all movies that contacts have liked, in one 
place

Preconditions:
• A new menu option (“Social”) is created in the VoD section of the 

GUI.

GUI flow:
1. User opens the VoD store, navigates to the menu option ”Social”, and 

presses OK.
 System brings up a grid of movies that have been liked by the 

user’s Facebook contacts. Beneath every movie poster is 
indicated how many of the user’s contacts have liked the movie.

 User can choose to filter out movies that have been liked by 
contacts of a specific gender.

 System shows the names of the contacts that have liked the 
selected movie.

 Red colored action button16 is available, and has text 
“Kontaktläge” (Contact mode).

 Breadcrumb is .../Social/Filmer(Movies) (See Image 10).

16  The remote control has four action buttons with different color. These action 
buttons are present in the IPTV GUI, and serve different purposes depending on what 
view in the GUI is active.
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Exception:
• Contacts have not liked any movie that is available in the VoD 

database.

Alternative GUI flow:
Result after Step 1: 

 System displays a message explaining that there are no movies 
to recommend.

6.2.3 See all contacts that have liked at least one 
movie, in one place

Preconditions:
• User has performed the steps in use case 6.2.2.

GUI flow:
1. User presses Red colored action button.

 System brings up a grid of profile pictures of Facebook 
contacts.
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Image 10 – On this page, movies that the user’s contacts have liked are displayed.
At the bottom of all pages, there is a bar with differently colored “action buttons”

that can be programmed to do different things on different pages.



 Contacts are sorted based on (a) how many Facebook Likes 
they have in common with User, and (b) how many movies 
they have liked17.

 User can choose to filter out contacts of a specific gender.
 System shows the name of the selected contact, information 

about how many movies he or she has liked, the genres of the 
liked movies, and the number of common Facebook Likes that 
the user has with the contact.

 Red colored action button is available, and has text “Filmläge” 
(Movie mode).

 Breadcrumb is .../Social/Kontakter(Contacts) (See Image 11).

17  As described in Section 3.1, recommendation seekers trust familiar 
recommendation givers more if they have similar tastes as themselves. Therefore I think
that it will be helpful to sort the contacts based on something else than alphabetical 
order in order to ease navigation.
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Image 11 – On this page, the user can see all Facebook contacts that have liked
movies that are available in the VoD database



6.2.4 See movies that a contact has liked

Preconditions:
• User has performed the steps in use case 6.2.3.

GUI flow:
1. User selects a contact, and presses OK button.

 System brings up a grid of movies that the contact has liked.
 The user has the option to only display movies of a specific 

genre (of the available genres that the movies belong to).
 System shows the names of other contacts that have also liked 

the selected movie.
 Breadcrumb is .../Social/Kontakter(Contacts)/”Name of 

contact” (See Image 12).
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Image 12 – On this page, the movies that a specific Facebook contact has liked are
displayed.



6.3 Liking movies
The following two use cases describe how the user can add movies to his or 
her list of Facebook Likes. In the first use case, the user does this in the STB,
and in the second use case, it is done via an app on the user’s smartphone or 
tablet.

6.3.1 User likes a movie via the STB

Preconditions:
• User has performed the steps in use case 6.1.1.
• A new menu option “Tidigare hyrda filmer” (Previously rented movies)

is created in the VoD store section.

GUI flow:
1. User opens the VoD store, navigates to the menu option “Tidigare 

hyrda filmer”, and presses OK.
 System brings up a grid of movies of the user’s previously 

rented movies.
 Colored action button is available, and has text “Gilla filmen” 

(Like the movie).
 Breadcrumb is .../Tidigare hyrda filmer (Previously rented 

movies).
2. User selects a movie and presses colored action button.

 System displays message of confirmation.

6.3.2 User likes a movie via the smartphone

Preconditions:
• User has a smartphone.
• Smartphone application mentioned in use case 6.1.2 contains and 

displays all movies that are available to rent in the VoD store.

GUI flow:
1. User enters the page of a movie that he or she likes.
2. User presses the Facebook Like button.

 System displays message of confirmation.
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7 Prototype development 
and results
This chapter will describe the different parts of the prototype in more detail, and 
will also present difficulties and weaknesses that became apparent when imple-
menting the system.

The prototype that was developed consists of two parts:

• The Back-end, which ( retrieves the user’s contacts’ liked movies 
from Facebook, ( processes this data by matching retrieved movie 
titles with movie titles in Telia’s database, and ( sends the data to the 
front-end for display.

• The Front-end, which displays the data on the screen.

The focus in this section will mostly be on describing the back-end since it is 
the part that is the bigger of the two, and because it has the most difficulties. 

7.1 Back-end
The back-end was implemented in the Java language. This was decided 
together with the supervisors at Telia. RestFB18, which is a Facebook API 
client written in Java, was used to simplify data retrieval from Facebook.

7.1.1 Facebook data

As mentioned earlier in Section 4.2, it is possible to programmatically retrieve 
a user’s contacts’ liked Facebook objects, such as movies, actors and directors, 
through the Facebook API. All of this data can be used to run a content 
discovery engine, since one can recommend the movies that a contact has 
liked, and one can also recommend movies in which a contact’s liked actors 
act, etc. However, recommending a movie based on a contact’s liked actors or 
directors is not really the same thing as recommending movies that the 
contact has liked. Therefore, the only data that was finally used in the 
prototype was the movies that had been liked by the user’s contacts. 
Furthermore, by only using movie titles, the prototype was kept at a simple 

18  http://restfb.com
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level, which was important due to the limited time that was available for 
development. In addition to retrieving movie titles that the user’s contacts have
liked, data such as the contact’s name and gender, were also retrieved. The 
reason for retrieving the contacts’ genders is that it was used as a means of 
filtering in the GUI, which will be presented in Section 7.2.

In order to access a user’s data, the application that is going to make the API 
calls will need to ask the user for different permissions, depending on what 
data is needed in the application. There are many different permissions, but 
the most important ones, to be used in the prototype, are called: user_likes, 
which gives access to a user’s liked objects; and friends_likes, which gives access 
to a user’s friends’ liked objects. The data that is returned from the Facebook 
API is in the form of JSON objects, which is a data interchange format19. 
According to the Facebook Platform Policies, an application may make 100 
million API calls per day, or have a maximum of 5 million monthly active 
users (Facebook, 2012c).

7.1.2 Retrieving data

This is a very simple step in the prototype, as only one API call has to be 
made in order to retrieve all the required data. However, depending on the 
amount of data to retrieve, the process can take different amounts of time. 
One major factor was found to determine the amount of time it takes to 
retrieve the data from Facebook, namely the number of items (movies) that 
the contacts have liked. The more items there is to retrieve, the longer it 
takes. Furthermore, when the number of contacts increase, it usually means 
that the number of movie-items increase, and therefore an increasing number 
of contacts is often also a factor that affects data retrieval time.

7.1.3 Title matching

One of the biggest challenges when developing the prototype has been to 
match the movie titles that were retrieved from Facebook’s API with the right 
movie titles in Telia’s VoD database. It is important to get this right since the 
content discovery system must only display, and therefore recommend, movie 
titles that a user’s Facebook contacts have actually liked. If incorrect titles are 
recommended to the user, the system does not reflect reality, and the 
trustworthiness of the system therefore diminishes.

19  http://www.json.org
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Three problems were identified with title matching: ( misspelled titles, e.g. 
“Fnding Nemo” instead of “Finding Nemo”; ( strings containing more text 
than the actual title, e.g. “The Lord of the Rings Trilogy (Official Page)”; and 
( titles in other languages. To solve the title matching problem, a couple of 
possible solutions were investigated.

7.1.3.1 Web search engines

When performing a search on Google, it is possible that one does not know 
how to spell, or misspells by accident. In situations when this happens, Google
offers a suggestion that it believes to be the correct string. For example, if a 
person searches for “Fnding Neemo”, the search engine will show results for 
“Finding Nemo”, which is the correct spelling of the movie title (see 
Image 13).

In addition to suggesting correctly spelled strings when misspelling, it is also 
possible to find the original title of a movie, when searching for its foreign 
titles. This works mainly because of the Internet Movie Database20 (IMDb), 
which is the largest movie database on the Internet. This database often 
contains foreign titles of movies, and is searchable through web search 

20  http://www.imdb.com
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Image 13 – Google and other web search engines show results for the string that
they think is the correct spelling, in this case “Finding Nemo”.



engines. This brings us to one of the investigated solutions to the title 
matching problem, namely web search engines. Google provides an API, called 
the Custom Search API21, that can be used to programmatically perform 
searches with the Google search engine. By using this API, it is possible to 
solve the three previously mentioned problems. However, it is important to 
point out that a title that suffers from problem ( and/or ( cannot be too 
different from the correctly spelled title. The more the incorrect title differs 
from the correct one, the more difficult it is to match them. The Custom 
Search API, however, only allows for 100 API calls per day (for free), and 
therefore it could not be used in the prototype. Other search APIs were also 
examined, but they were also very restrictive regarding free usage.

7.1.3.2 Movie databases

Another examined option was to find a database containing movies with titles 
in different languages. Three such databases with APIs were identified: 
( Wikipedia22, ( IMDb (mentioned earlier), and ( The Movie Database23 
(TMDb).

Wikipedia is an encyclopedia, which consists of a large number of articles in 
different languages. Although it is not specialized in being a movie database, it
contains many entities, in the form of articles, that represent movies. Since 
there exists articles that are translated into other languages, it is possible to 
find the translated title of a specific movie through Wikipedia. However, the 
Wikipedia API24 is actually many APIs, one for each language that exists in 
Wikipedia, and this fact makes it cumbersome to use. If one wants to search 
for a movie title that is in a specific language, the specific language’s API must
be used. For example, if one wants to find the Swedish title of the movie 
“Finding Nemo”, which is the English title, one has to make a call to the 
English API, and find the article that represents the movie. Through the 
English article, it is then possible to find the Swedish title. However, if one 
does not know what language the movie title is, one cannot know what 
specific language API to use, and therefore it is necessary to make calls to 
more than one API, which is not desirable from a time efficiency perspective. 
Because of this reason, the Wikipedia database was not used in the prototype.

21  https://developers.google.com/custom-search/v1/overview
22  https://www.wikipedia.org
23  https://www.themoviedb.org
24  https://www.mediawiki.org/wiki/API
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IMDb is, unlike Wikipedia, a database specialized in movies. The main 
advantage of IMDb is that it contains a lot of data about movies, which it has 
accumulated since it launched in 1990 (IMDb, 2013a). The database API is, 
however, not available to use for free, and was therefore not used in the 
prototype. Although there are other ways of accessing IMDb’s data, such as 
IMDbPY25, these solutions were not used since they actually break IMDb’s 
rules by providing the data for free.

Similar to IMDb, TMDb is a database that is specialized in movies, but unlike
IMDb, it has an API that is free to use, although it contains much less data 
compared to IMDb. Compared to the Wikipedia API, however, it is much 
easier to use since it is possible to search for a movie through one API, regard-
less of which language the title is. For the reasons presented above, TMDb 
was chosen to be used in the prototype.

With TMDb, it is possible to solve the problem of translating a title into 
another language (problem number 3, presented earlier). However, it is not 
possible to search for misspelled titles, or strings that contain more text than 
the actual title (problems number 1 and 2). To be able to match titles, when 
they suffer from these two problems, the solution that was used in the 
prototype was to use the Apache Lucene26 search engine library. Lucene 
provides (different) functions to do approximate string matching, which, as the 
name suggests, is a technique used for matching strings that are not exactly 
equal. Because there was limited development time available, the different 
approximate string matching functions were not thoroughly studied. In order 
to choose which of the functions to use in the prototype, the functions were 
compared based on how well they could match movie titles suffering from 
problems 1 and/or 2 with correctly spelled titles. The string matching 
function that was used in the prototype was selected simply because it 
appeared to perform slightly better at matching the problematic movie titles 
gathered from Facebook with the correct movie titles in the VoD database. 
However, since the functions performed quite similarly, it is possible that 
another set of problematic titles could have resulted in a different string 
matching function performing better. Therefore, it is not important to 
differentiate between them in this text. In the following section, the process 
of matching titles, used in the prototype, will be described.

25  http://imdbpy.sourceforge.net
26  http://lucene.apache.org/core
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7.1.3.3 Title matching implementation

The following steps describe how a movie title that is retrieved from Facebook
(“FB-title”) is matched to a movie title that exists in Telia’s VoD database 
(“VoD-title”). Whenever there is a title match, the title is added to a file with 
the JSON format (“the data file”). For a visualization of the algorithm, see 
Image 1

1. Check if the FB-title is exactly equal to any VoD-title
If there is a match:

Add the VoD-title to the data file.
Else: 

Proceed to step 2.

2. Use Lucene to check if there are any similar VoD-titles to the 
FB-title
If there are VoD-title suggestions: 

Check the similarity of the suggested VoD-title and the FB-
title. 
If suggested VoD-title passes the similarity test27:

Add the VoD title to the data file.
If no suggestion passes the test: 

Proceed to step 3.
Else (If no suggestions are found by Lucene):

Proceed to step 3.

3. Search for a Swedish title of the FB-title in TMDb28

If TMDb returns a movie title result (TMDb-title):
Compare the Swedish TMDb-title to the FB-title.
If the Swedish TMDb-title and the FB-title are very similar 
(differ with <= 2 characters):

Search for an English title of the FB-title in TMDb
If returned English TMDb-title is not equal to the 
Swedish TMDb-title:

Proceed to step 4.
Else (if the Swedish TMDb-title differs from the FB-title with
> 2 characters):

Proceed to step 4.

4. Check if the TMDb-title is exactly equal to any VoD-title
If there is a match:

Add the VoD-title to the data file.
Else:

Proceed to step 5.

5. Use Lucene to check if there are any similar VoD-titles to the 
TMDb-title

27  In the prototype version, the test was very simple, and is something that needs 
much improvement in order to be used in a final system.
28  Assuming that the FB-title is not found in the VoD database because it is in a 
foreign language.
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If there are VoD-title suggestions:
Check the similarity of the suggested VoD-title and the TMDb 
title.
If suggested VoD-title passes the test:

Add the VoD-title to the data file.

7.1.4 Final data

After the title matching code has finished, the data file that is created is sent 
to the front-end. This file contains the names of the Facebook contacts that 
have liked at least one movie that is available in the Telia VoD database. Along
with their names, the file also contains the contacts’ gender information, a link
to their profile picture, and their Facebook id numbers. With this additional 
data, it is possible to ( filter which contacts to retrieve recommendations 
from, ( represent the contacts in the GUI with their profile pictures, and 
( differentiate between contacts that have the same name.

7.2 Front-end
This section will briefly present how the front-end of the prototype turned 
out. This part of the prototype is based on the use cases that were created 
earlier. Because of time constraints, not all of the views of the use cases were 
implemented. The views that were implemented are the ones described in use 

46

Image 14 – Visualization of the title matching algorithm



cases 6.2.3 and 6.2.4 (see Image 15). The front-end was implemented in 
HTML, CSS and Javascript, and the color scheme was chosen to resemble the
actual Telia IPTV service.
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Image 15 – Top: view described in use case 6.2.3. Bottom: view described in use
case 6.2.4.



8 Discussion
This chapter begins with a method discussion, and continues with a general 
discussion about the proposed content discovery system.

8.1 Method discussion
By reading literature in the areas of research that are central in this thesis, I 
gained an understanding of how people take in advice from others, and how 
recommender systems use different recommendation approaches in order to 
make recommendations in the taste domain. Furthermore, I examined and 
compared a number of OSN platforms, and made a decision about their 
suitability to be used in a prototype. The findings of this study are the result 
of how I, as a researcher, conducted the study. It is difficult to say if the same 
prototype would have been created if someone else had done it. Since the 
literature was found by myself, rather than being handed to me by someone 
else, it is possible that another person would have found different literature, 
and gained a different understanding of the research areas. Since the decisions 
that have been made regarding the prototype are based on the reasoning and 
thinking of an individual person, it is possible that, even if the same literature 
had been studied, and the same platforms had been examined, someone else 
would have ended up with different results.

One issue with this study is that the comparison of OSN platforms might 
have been biased. One of the reasons for this is that all platforms were not 
found and investigated at the same time. Therefore, it is likely that I started to
figure out how the prototype was going to look like and function based on 
what features were provided by one of the first investigated platforms. 
Furthermore, after creating a mental image of how the prototype system was 
going to function, it is possible that I looked for features in the other 
platforms that would make that idea possible. Another thing that might have 
influenced my decision is how easy I found it to use the platforms’ APIs, and 
how well they were documented. Since it was very easy to make use of the 
Facebook API, and because it was the first platform that I examined, there is a
chance that I developed a bias towards using Facebook in the prototype. The 
decision to choose the Facebook platform, rather than another platform, 

48



might also have been out of convenience since it is very popular in terms of 
number of users. Therefore, it is possible that the comparison of the platforms
was uneven. If the number of users had not been an important factor, it is 
possible that I would have made a different platform choice. However, since 
the data that is interesting belongs to people that cannot be controlled to use 
a certain platform, it is inevitable that popularity is an important factor. There
are other movie rating platforms that are used by many, such as 
Rotten Tomatoes29 and IMDb. It is possible that these platforms would have 
made the platform decision more difficult, but they were not included in the 
study since they do not provide APIs that make it possible to retrieve 
individual user data.

8.2 General discussion
In this study, Facebook was chosen as the most appropriate platform from 
which a user’s contacts’ movie preference data can be gathered. Although the 
reasons for this decision are legitimate, there are some aspects with this choice
that can be problematic. While it is true that Facebook has the most users of 
the examined platforms, it is difficult to know how many people are active in 
liking Pages and other Facebook objects. In order for the user to receive movie
recommendations, there has to be movies to recommend. Since the only data 
that is used to run the proposed content discovery system is the movie objects 
that the Telia user’s Facebook contacts have liked, it is essential that contacts 
have liked, and keep liking, a sufficient number of movie objects. However, 
“sufficient” can mean different things to different users, depending on how 
much they watch movies, and how many recommendations they pursue. A 
user that pursues many recommendations and watches movies often, will need 
contacts that are more active in liking movies, than a user that consumes few 
movies. In a scenario where two different users have the exact same amount of 
movie recommendations, it is inarguable that the user of the previous type 
will run out of recommendations faster than the user that consumes less 
movies. Therefore, a user that consumes recommended movies fast needs to 
have more productive, in terms of producing recommendations, Facebook 
contacts. If the contacts do not produce enough data, there is a risk that the 
content discovery system will not provide enough recommendations, and the 
recommender system will not fulfil its purpose of helping the user to find 

29  http://www.rottentomatoes.com
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interesting movies. It is important to point out that the problem with contacts
that do not produce enough recommendation data is not exclusive for 
Facebook, but can occur in other platforms as well. The problem is that if the 
platform’s sole purpose is not to rate items (such as Facebook), there is a risk 
that this activity will not be practiced as often as in a platform that is focused 
on this activity. It was noticeable during the development of the prototype 
that the amount of Facebook objects that have been liked by different contacts
differ very much. Some contacts like many objects, and others like very few or 
no objects. One possible explanation for this may be that the rating system in 
Facebook is binary, i.e. either one explicitly Likes an object, or one does not. 
It is possible that people interpret the meaning of the Like differently, since 
there is no indication of how much one actually likes the object. Some people 
might only Like objects that they like very much, while others also Like 
objects that they like moderately. There is also a possibility that some people 
find it fun to Like objects, for different reasons, while others do not find any 
reason to practice this activity.

Another issue with the Facebook platform is that the titles of Pages can be 
misspelled and that the Pages can be wrongly categorized. Since the Pages are 
created by users, this is not Facebook’s fault, however, it means that there can 
be difficulties when trying to match movie titles gathered from Facebook with 
titles in the VoD store. If a Page that a contact has liked is wrongly catego-
rized as a movie, and the title of the Page equals the title of a movie that exists
in the VoD database, there is a risk that the content discovery system makes an
incorrect recommendation.

In the advice seeking and trust section, I put forward the results of Bonhard, 
Sasse and Harries (2007) who found that in a setting where a person has to 
choose between two taste related recommendations from two different 
recommenders (familiar vs. unfamiliar) the person will most often choose the 
recommendation from the familiar recommender. However, the authors found
that the strongest choice predictor in the familiar vs. unfamiliar case was 
actually the ratings/taste overlap that the recommender had with the recom-
mendation receiver, rather than the familiarity factor. Since the results showed
that familiar recommenders were trusted more often than unfamiliar, it is an 
indication that the participants, and people in general, have similar tastes as 
their friends. It also indicates that people like, and therefore are friends with, 
others that are similar to themselves, which is in line with the studies of 
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Berscheid and Reis (1998 cited in Bonhard, Sasse & Harries, 2007, p.79). 
However, in an OSN setting, people are not equally close to all of their 
contacts, and the concept “friend” is more unclear.

By using the basic social recommendation strategy, the user will receive 
recommendations from people that he or she knows. However, it is not 
uncommon in OSNs that people add others as contacts even if they do not 
know them very well. Since the proposed recommender system does not differ 
between contacts, the user will receive recommendations from these people as 
well. This is not desirable since the idea with the social recommendation 
approaches is that the user trusts his or her friends more than strangers. By 
gathering more than the contacts’ movie interest data using the Facebook API,
it is possible to try to infer which of the contacts are more close to the user. 
For example, one way of doing this could be to check which contacts are 
tagged in the same images as the user. However, inferring closeness program-
matically is difficult and can be misleading since there is no guarantee that the
contacts with whom the user has the most connections on Facebook, are 
actually closest to him or her. Therefore, it is not so easy to make distinctions 
between close friends, and distant acquaintances. However, if the user has 
added someone as a contact, it is possible to assume that there is some kind of
bond that makes the person more valuable to the user than a complete 
stranger.

The basic social recommendation strategy provides a way of recommending 
items that the user’s contacts have liked. However, in the real world, when 
asking for a recommendation, the interaction with the friend does not end 
directly after he or she has made the recommendation. Instead, the interaction
might continue with the user questioning the advice and discussing why the 
specific item is liked by the contact, and why he or she recommends it to the 
user. This means that, while the basic social recommendation strategy is 
helpful in that it enables the user to see what his or her contacts like, it does 
not mimic how the act of receiving recommendations is actually carried out. 
There may exist items that a specific contact likes, but would never 
recommend to the user since the contact knows, or thinks, that the user will 
not like it. The basic social recommendation approach, however, cannot take 
this into account, and therefore the user might be recommended items that 
the contact would actually not recommend to the specific user. However, even 
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without the possibility to interact, the user has likely interacted with the 
contact in the past, which can help in assessing whether to trust the 
recommendations or not.

In the chapter about use cases (Chapter 6), there are two use cases (6.1.1 & 
6.1.2) describing how a person can sign in to use the content discovery system.
In order to receive recommendations, the user has to be logged in to 
Facebook, and this can be done, either through the set-top box, or through a 
smartphone/tablet. One negative aspect with the first case is that only one 
person can be signed in at a time. If someone else wants to check their 
recommendations, the signed in user has to sign out before someone else can 
sign in, which will be a time consuming task. This is because Facebook only 
allows for one person to be signed in from the same web browser30. Since it is 
common that people watch movies together with others, it might be desired 
that more than one person can use the content discovery system at once. A 
way to make this possible is to let people sign in to Facebook via their 
smartphones or tablets. This means that the set-top box will not be connected
to Facebook, and instead, the users will retrieve the data to their own devices, 
and be able to send the movies that they are recommended to the set-top box 
for display in the IPTV GUI. One negative aspect about this use case is that it 
requires that all the participants have a smartphone or tablet, which may not 
be the case. However, unlike the first case, it enables more participants at the 
same time.

As explained in the prototype development chapter, one of the biggest 
challenges with creating the content discovery system is to match titles. 
Another problem that exists is that the title alone might not be enough to 
identify a movie. If two movies have the same title, it will not be possible to 
distinguish them without further data, such as their release years. This data 
(the release year) is often available in the retrieved Facebook objects, although 
no date formatting convention is followed, which can make it difficult to know
which part of the date string represents the year. For example, if a movie 
object that is retrieved from Facebook has the date in the format “11/12/13”, 
it is not possible to know if the first or the last number represents the year. If 
there are two movies with the same title in the VoD database, one would have 
to check their release years in order to know which is the correct match with 
the Facebook title. If the movies have the release years 2011 and 2013, it would

30  The set-top box contains one web browser.
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not be possible to know which of the two movies is the right match. However,
this problem was not taken into account when developing the prototype since 
it was not considered to be of great importance at this stage.

In the prototype, the data is only retrieved once, when the application is 
started. However, there is a possibility that a contact likes a movie after the 
data has been retrieved. In order to keep the content discovery system up to 
date, the data has to be retrieved more than one time. Facebook provides a 
special API for this purpose, which is called Realtime Updates31. With this 
API, the system can subscribe to changes that take place, such as a user’s 
contacts liking new movie objects. The API only notifies that a change has 
been made, and does not send the actual movie object data. The system must 
therefore retrieve the specific contact’s liked movies again.

One thing that is worth mentioning is the user interface of the content 
discovery system. In this thesis, the design of the prototype GUI was not well 
thought out, and was instead created simply to resemble the design of the 
existing VoD view. In a scenario where a user has many contacts that have 
liked a lot of movies, there is a risk that the user will receive too many recom-
mendations. If this happens, the user might not find the content discovery 
system very helpful, and still have a hard time deciding which movie to 
choose. Furthermore, the more movies that are recommended, the longer time
it will take to browse through them. Therefore, even if the system is helpful, 
since it filters out many of the existing movies, it can be counteractive of its 
purpose if there are too many recommendations to choose from. However, by 
adding functionality to filter the recommendations based on different 
parameters (such as gender/age of contacts, and movie genres), it is possible to
reduce the number of recommendations that are presented to the user at the 
same time, and hence overcome this problem.

8.3 Reflection
I first started working on this thesis in the spring of 2012, and the work 
continued until the beginning of 2013. The comparison of the recommender 
system strategies, the platform study, and development of the prototype were 
all carried out during 2012. Since I was offered a job at Telia, I did not manage
to complete the report. I had received about one hundred comments on the 

31  https://developers.facebook.com/docs/reference/api/realtime
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latest draft of my report, which I had sent to my supervisor at KTH just 
before starting to work at Telia. Since I wanted to finalize the report, I contin-
ued working on fixing the problems that it had. However, due to lack of 
energy, I only worked on it periodically. Now, a couple of years later, it is 
possible, and even probable since the media technology development is fast 
paced, that the platforms that were investigated in the platform study have 
changed in terms of appearance and API functionality. For example, the 
Facebook API has become more strict regarding data retrieval, since it now 
only allows apps to retrieve user data belonging to users that actually use the 
app. This means that, it would not be possible to create exactly the same type 
of prototype system presented in this report, using the Facebook API. 
Another example that demonstrates that technology quickly moves forward is 
that none of the smaller OSN services mentioned in section 5.2 exist today. 
For this reason, if the same study had been performed today, the prototype 
would probably have looked a bit different. The outcome of the recommender 
system strategy comparison and the problems that were identified during 
development of the prototype would likely still be the same, unless of course I 
had compared other recommender system strategies.

8.4 Ethics, sustainability and gender issues
The presented content discovery solution makes use of the user’s Facebook 
friends’ movie interest data without asking the friends for their permission. 
Furthermore, the user’s friends are not made aware that their data is being 
retrieved and used in an external system. Therefore, it is possible that the 
retrieval and use of this data in a content discovery system is perceived by 
some as being ethically wrong. However, since the data is retrieved from an 
official channel, i.e. the Facebook API, the retriever of the data is at least not 
doing anything legally wrong.

It is questionable whether it is sustainable to gather and make use of data 
from ONS platforms to drive a content discovery system. There are a couple of
reasons for this. One reason is that a platform that is popular today might not 
be very popular in the future since newer platforms emerge and become more 
used and replace older ones. For example, MySpace32 was once the most 
popular OSN platform (in terms of number of users) until it was surpassed by 
Facebook (Arrington, 2008), and later also by other platforms such as Twitter 

32  https://myspace.com/
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and Google+. In order for a content discovery solution that makes use of the 
user’s OSN to be sustainable, it is important that the platform from which the
data is retrieved can maintain its popularity by staying relevant to its users. If 
people would stop using Facebook in favor of another platform, the content 
discovery solution would need to be updated accordingly. However, there is no
guarantee that the new OSN platform will allow for the retrieval of user data. 
Another reason that makes the sustainability of such a content discovery 
solution uncertain is that the OSN platform that is used might at any time 
stop giving access to its users’ data. For example, as described earlier in section
8.3, Facebook used to allow third party apps to retrieve the data of all the app 
user’s friends, but has updated its API to only allow apps to retrieve data that 
belongs to people that use the app.

In this thesis, I did not give any thought to gender issues that might exist. 
However, I did make assumptions based on gender when I designed the 
content discovery system. In the design, I added a filtering option that would 
make it possible for the user to only display recommendations that were 
generated by friends that have a certain gender. The idea was that, if the user 
is recommended too many items, he or she might want to do some filtering to 
decrease the amount, and one way of doing this would be to filter on the 
gender of the friends. The reasons for doing filtering based on gender was that
( I had a preconception that women and men like different types of movies, 
and ( the gender information was available in the data that was retrieved 
from Facebook. In addition to this, I had read about a recommender strategy 
called demographic filtering in which user similarity is calculated based on the 
users’ features, such as age, gender, income etc., rather than their interest 
similarity. If I had included the demographic filtering in this work, there 
would probably have been more to say about gender issues. Since, the gender 
filtering option was a very minor part of the prototype, it did not, to my 
knowledge, affect any decisions that were made regarding the content 
discovery solution.
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9 Conclusions
This chapter will present conclusions regarding the research questions that were 
investigated.

9.1 How and from where can a user’s 
contacts’ movie preference data be 
collected?
The investigation shows that there are several OSN services that allow their 
users to express their movie preferences, and the possibility to see others’ 
movie interest data. Some of these services also provide APIs that can be used 
by third party developers to retrieve user data. Of all the investigated OSN 
platforms, Facebook was chosen as the most suitable platform to be used in 
the prototype. This was mainly due to ( the existence of Facebook Pages, the
Like button and the Open Graph protocol, ( Facebook being the platform 
that is used by the most people, and ( Facebook’s generous API rate limit.

The first point is important for two reasons. One reason is that Facebook Page
data is easier to make use of than post data (Section 5.1). This is because it is 
easy to identify (movie) Pages that people have liked, but quite difficult to find 
posts where people express their feelings about movies. Another reason that 
makes the first point important is that the Like button can be embedded into 
other websites, which in conjunction with the Open Graph protocol enables 
any website to become a Facebook object (e.g. a movie). This means that 
Facebook does not have to create and maintain a movie database of its own. 
Instead it lets users aggregate a list of their favorite movies under the roof of 
Facebook, by using the movie databases of other websites. This means that, by
using Facebook, users have the possibility to rate (in the form of a Like) a lot 
of movies. The second point is important since the people whose movie 
interest data is going to be gathered (the Telia customers’ contacts) are not 
necessarily customers of Telia. If everyone were users of Telia IPTV, it would 
be possible to require that people use a specific service for sharing movie 
ratings/likes. However, since this is not the case, one has to to work with the 
platform that most people already use. Finally, Facebook’s API rate limit is 
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very generous since it allows for 100 million API calls per day, for free. That is
a large number of API calls, and therefore, the use of Facebook is not only 
suitable in the prototype, but in a real system as well.

9.2 Do people listen to the advice of others 
(such as friends and strangers), and are 
some sources trusted more than others?
As described in Section 3.1, people trust different sources of information 
depending on the nature of the problem that they want advice on. While 
some problems are perceived as having objectively correct solutions, other 
problems are regarded as being subjective in nature, where no objective right 
or wrong exists. In the objective domain, people prefer the advice of sources 
that have expertise and experience in the area that the problem concerns. For 
example, when faced with the problem of deciding which medicine to use to 
treat a medical problem, an advice seeker will prefer the advice of a person that
has expertise and experience in medicine rather than the advice of someone 
that doesn’t know much about it. However, in the subjective domain, expertise
is not so important since everyone is entitled to their own opinions in matters 
of taste. According to Bonhard, Sasse and Harries (2007), in the subjective 
domain, advice seekers prefer the advice of sources that they have a 
relationship with. The reason for this is that it is easier for the advice seeker to
trust the advice of someone that he or she has previously interacted with.

9.3 What approaches can be used when 
making recommendations in a 
recommender system?
Five recommender strategies were presented and compared: ( content-based 
filtering, ( collaborative filtering, ( basic social recommendations, 
( similarity based social recommendations and ( direct social 
recommendations. The recommender strategies differ in what they use as a 
basis for the recommendation, with different strengths and weaknesses. Since 
the content-based strategy is based on the user’s own preferences, and the 
prototype was to be based on the user’s contacts, it was not suitable to use. 
The choice between the other recommendation strategies fell on the basic 
social recommendation strategy. The collaborative filtering/similarity based 
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social recommendation approach (Section 5.3) was deemed difficult to make 
use of because it requires that the user rates items and that there are others 
that have rated the same items similarly. If there is no overlap in liked movies 
between the user and his or her contacts, the user will not receive any 
recommendations. Since one cannot have an unlimited number of contacts on 
Facebook, and not everyone actively likes movies, the number of movie titles 
that are gathered from Facebook will likely be insufficient to utilize this 
recommender strategy. Neither the basic social recommendation approach nor 
the direct social recommendation approach require ratings overlap. For this 
reason, these strategies were considered easier to make use of. The basic social 
filtering approach was finally selected since it has a higher chance of producing
recommendations than the direct social recommendation approach.

9.4 What technical challenges exist with 
building a content discovery system? - 
Prototype conclusions
The prototype that was developed shows that it is possible, and fairly simple, 
to create a content discovery system that makes use of Facebook’s API for data 
gathering, and which utilizes the basic social recommendation strategy. Since 
the prototype system is simple, it would be viable to create such a content 
discovery system for the real VoD environment. However, the system is not 
unproblematic; the prototype development stage was helpful in exposing some
problems that exist.

Sparsity: One of the most obvious problems that was discovered during the 
prototype development was that the Telia VoD store contains a lot less movies 
than the total number of movies in existence. Although it is difficult to 
determine an exact number, according to the IMDb Database statistics, there 
are approximately 280,000 feature films (IMDb, 2013b). The reason that this 
is a problem is that there is a risk that the user will not receive many recom-
mendations. This was noticeable during the prototype development, since 
many of the movie titles that were retrieved from Facebook were not available 
for rent in the VoD store, and therefore not recommendable. In order for the 
content discovery system to work well, i.e. make a sufficient amount of movie 
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recommendations, the user’s Facebook contacts have to like movies that are 
available in the VoD database. However, not much can be done by the system 
developers to overcome this problem.

String matching problem: Another problem that was discovered is that movie 
titles that are retrieved from Facebook (or elsewhere) do not necessarily match
the titles in the Telia database. This means that there is a risk that movies that
actually exist in the VoD store cannot be recommended, which leads to a 
decreased number of recommendations that the user will receive. Unlike the 
problem mentioned above, however, the title matching problem is something 
that can be overcome, although it is difficult to achieve 100 percent matching 
accuracy. Three main problems exist with title matching: ( misspelled titles,
( strings that contain more text than the actual title, and ( titles in other 
languages. The first two problems can be overcome by using a technique 
called approximate string matching, which was used with decent success in the
prototype. In order to match titles in different languages, i.e. to overcome the 
third problem, it is important to have access to a database that contains movie 
titles in different languages. In the prototype, the TMDb API was used to 
access this data, however, it is not suitable to use this database in a finished 
system since TMDb does not contain enough data.

It is worth noting that, before it is possible to release a content discovery 
feature to the users of the Telia VoD service, the system has to achieve a 
higher degree of title matching accuracy, than is achieved in the prototype. If 
the title matching is faulty, the user is at risk of being given incorrect recom-
mendations, or no recommendations, and therefore the system will lose its 
purpose.

The title matching problem is not only a matter of finding an algorithm that 
matches two strings the best, but it is also a question about reworking the 
existing VoD database. At the present time, the movie titles in the Telia VoD 
store do not seem to follow a naming convention that is well thought out, as 
some strings that represent the title contain information that should not be in
the title, such as release year, or if the movie is subtitled. This is something 
that makes title matching more difficult.
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10 Future 
recommendations
During the course of this thesis, I have investigated the possibility of 
retrieving a person’s contacts’ liked movies, to be used in a content discovery 
system, with the aim of helping the user make choices on what movies to rent 
and watch in the Telia IPTV VoD store. My investigation has shown that 
there exists platforms from which it is possible to collect contacts’ movie 
interest data, and that it is possible to create a content discovery system based 
on this data. I recommend that Telia continues with the development of a 
content discovery system since it will make the VoD service more interesting 
for the user. About 75% of the Netflix users select their movies based on 
what the recommender system has recommended (Amatriain & Basilico, 
2012), which shows that people rely on recommendations. In Telia’s case it can
be even more important to provide recommendations since every movie is 
rented individually, and the user cannot change his or her mind once the 
movie has been rented.

As stated earlier, people are prone to trust their friends when trying to make 
decisions in matters of taste. It should not be so difficult to create a simple 
content discovery system that is based on the recommendation strategy used 
in the prototype, if only the problems of title matching can be overcome. In 
order to better match titles, it is recommended that Telia, when acquiring 
movies for the VoD service, requires that the movies are accompanied with 
metadata containing the movies’ titles in at least Swedish, English and the 
original language of the movies. This will eliminate the need of accessing an 
external database, such as TMDb (Section 7.1.3.2), and therefore reduce the 
time it takes to match titles. Another thing that I recommend, to simplify the 
process of matching titles, is that Telia sets up stricter title naming rules, as it 
does not seem to exist a common movie naming convention that is followed 
(Section 9.4). Movie titles should not contain any other information than the 
actual title, and information such as the movie’s release year and whether the 
movie is subtitled or dubbed, should only exist in the movie’s metadata.

The number of movies that are available for rent in Telia’s VoD store is small, 
compared to the total number of movies in existence. Therefore, after an initial
implementation of the content discovery system in the VoD store, Telia should
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expand the system to also take into account movies and TV shows that are 
available in the subscription VoD service (SVoD), which contains content that 
the user pays a monthly fee to access, and the electronic program guide 
(EPG). The reason for this is that the probability of finding content to 
recommend to the user is increased if there are more items to recommend. If a
movie that a contact has liked is not available for rent in the VoD, the movie is
not recommended to the user. However, the movie might be available in the 
SVoD or EPG, and can therefore still be recommended to the user. Another 
benefit with expanding the content discovery system to the SVoD and EPG is 
that the system will not be bound to recommending only movies, since it will 
also be possible to recommend TV shows that the user’s contacts have liked.

As mentioned in Section 3.2, it is common that recommender systems are 
based on more than one recommender strategy, since the recommender 
approaches all have weaknesses and strengths. One of the weaknesses with the 
basic social recommendation strategy is that there is a risk that a user might 
receive few recommendations if the user’s contacts have not liked many items. 
Therefore, Telia should not settle with only implementing a content discovery 
system that is based on the basic social recommendations strategy, but also 
investigate the possibility of incorporating other recommender strategies into 
the system. Since Telia has a relatively large number of IPTV users, there is 
potential to collect a large number of movie ratings. This means that it would 
be possible to implement a recommender system that is based on the 
collaborative filtering strategy. The reason for this is that recommender 
systems that use this strategy, in order to function properly, need many users 
that rate many items. To incorporate collaborative filtering into the content 
discovery system, Telia will need to create an internal ratings system, through 
which the users of Telia IPTV can rate the movies that they have watched. By 
creating a recommender system that makes use of internal ratings as well, 
instead of only external ratings (from e.g. Facebook), users that do not use 
Facebook and cannot make use of social recommendations, will also be able to 
receive recommendations. There are open source software libraries for 
collaborative filtering (e.g. LensKit33), which can be good starting points in 
order to learn more about how this can be achieved. However, it is presumably
difficult to manage and develop a more advanced recommender system in-
house, since companies such as Netflix and Amazon, who develop 

33  http://lenskit.grouplens.org
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recommender systems of their own, have dedicated teams that do this. In 
Netflix’s case, there are about 150 engineers that work with the recommender 
system (Hernandez Sherwood, 2010).

In order for a recommender/content discovery system to fulfil its purpose, it is 
important that the user finds the system easy to use. Since the purpose of the 
system is to help the user make choices on what movies to watch, i.e. by 
emphasizing a subset of items, it is important that the system can present the 
recommended items in a usable way. If the system recommends too many 
items at once, the system might not be of much help. I recommend that Telia,
when implementing the content discovery system, takes usability into account 
and redesigns the VoD GUI in order for the content discovery system to exist 
in harmony with the rest of the VoD service.

As shown in Chapter 6, there are two approaches that can be used to retrieve 
data from Facebook; either the user will sign in via the STB, or the user will 
sign in via a smartphone (or tablet). Since Facebook only allows for one signed
in user at a time from the same web browser, it will only be possible to 
retrieve recommendations for one user at a time, if the first approach is used. 
In situations where more than one person is going to watch a movie, it is 
desirable that more than one person can receive recommendations. This is 
because it will likely generate more recommendations, and the individuals that 
are going to watch the movie are not bound to one user’s recommendations. 
Therefore, in order to create a system that can involve all users (that have a 
smartphone or tablet), it is recommended that the second approach to signing 
in is implemented.
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