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Abstract This paper presents novel algorithms which are able to gégmeecommenda-

tions within a heterogeneous service environment. In tligoexplicitly set preferences as
well as implicitly logged viewing behavior are employed &ngrate recommendations for
Digital Video Broadcast (DVB) content. This paper also disses the similarity between the
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DVB genres and YouTube categories. In addition it presezgslts to show the comparison
between well known collaborative filtering methods. Thecoute of this comparison study
is used to identify the most suitable filtering method to us¢he proposed environment.
Finally the paper presents a novel Personal Program GuRB)Rvhich is used as a tool to
visualize the generated recommendations within a hetesmes service environment. This
PPG is also capable of showing the linear DVB content and dinelinear YouTube videos
in a single view.

Keywords personalized television, recommendations, contentehas@laborative
filtering, similarity, media convergence, Personal Prog@uide, DVB, YouTube

1 Introduction

In todays connected world large amount of rich content islavie to the consumers from
several media service providers. They provide users witkgli (live), as well as non-linear
(on demand) content. In general linear media consists of BY8 the non-linear media
content is available through online portals such as YouTrmemany others. Today there
are several channels offered through DVB and this numbeorsirtuously growing. For
example DVB-C (DVB-Cable) and DVB-S (DVB-Satellite) offarore than 200 and 2000
channels respectively.

However, new technological advances allow users to ackess tifferent content sources
using one device. The next generation of set-top-boxes J&m& television sets are not re-
stricted to DVB tuners. They will also provide an Interndeifiace to join the World Wide
Web (WWW). Furthermore these new devices will also contgipliaations, which will
enable access to video portals, such as YouTube.

On the other hand advancements in the broadcasting tegiesland content delivery
platforms today overload the users with the large amounoofent. This makes it difficult
for the consumers to quickly identify content that is of net& to them. Hence a personal-
ization tool is necessary that can automatically filter betrnost appropriate content to the
user based on his/her past viewing behavior. The generatednmendations should con-
sider that the users have access to several media sourcedelrto overcome this problem
new algorithms will have to be researched and developedcdragenerate recommenda-
tions within this heterogeneous media environment baseth®msers past behavior and
preferences. These algorithms will have to consider skuegtadata that are delivered by
these media sources.

Furthermore in this study the use of metadata within the ensdurce is exploited. For
instance a DVB Transport Stream includes Service Informnafpecified by a standard of
European Telecommunications Standards Institute (ETISI)) [ which contains metadata
and further information. YouTube offers an API, which isetd extract metadata too. The
present paper uses the metadata within the media sourceuvdhcessing other metadata
sources. This will guarantee, that the system is able to watthout using metadata from
other sources.

In addition to this an interface will be developed to prestiet recommendations to
the user on a simple visualizer providing the user of the ngstesn a better browsing
experience.

The paper also presents novel techniques to generate rezmmgations within a me-
dia convergent environment. The developed interface wilbde users to visualize several
media sources within a single view. The paper also suggestsiaod of connecting linear



DVB content and non-linear YouTube content. In additionHis the paper discusses the
types of collaborative filtering methods that are usefuld¢oayate recommendations within
a media environment by using a small, medium and large grbupers.

The paper is organized as follows: Section 2 presents tagerkivork. Section 3 gives
a short overview of the media convergent service environmaaich is used to evaluate
the algorithms that are developed in this study. Sectiorrédinices the reader to the newly
developed Recommendation Engine. Section 5 discussesahton process of the user
profiles in an explicit and implicit manner for linear DVB dent. This creation is realized
by novel algorithms, which are based on DVB metadata. Inteaidit contains the results
of the evaluation, which connects DVB genres and subgenitbscategories of YouTube.
Finally a new equation is derived which is used to combindittear DVB content with the
non-linear YouTube content. Section 6 presents the mosimnty available collaborative
filtering methods, compares them and proposes the mosbkuiteethod to generate recom-
mendations within the presented environment. Section dudges the development of the
interface that is responsible for visualizing the genefaézommendations for linear DVB
and non-linear YouTube within a single application.

2 Related Work

Several previous research papers present the creatiosmhmendations within a media
environment. They have used several different types ofifilemethods to generate recom-
mendations. The most common ones are based on the consaud-filkering method (see
Section 5) [6, 10, 15, 16] and the collaborative filteringteique (see Section 6) [8,16-18].
In addition to these filtering methods a user profiling is aksguired. User profiles can be
created in an implicit [12,13] and explicit [12] manner. Témplicit settings can be realized
by e.g. setting stars, which is quite common to many users. petals, like YouTube and
so forth use these kinds of ratings. The implicit creations#r profiles is generally realized
by logging the viewing behavior (see Section 5.1). Howevaulalished work [5] proves the
strong correlation between spending time on a single viehtla& importance of this single
view. This supports the proposed approach, as it logs theidara user spends on watching
a specific event.

AVATAR [16] uses Content-Based Filtering methods as welCa#laborative Filtering
methods. Recommendation engines, which use these twanfijterethods are known as
"hybrid”. Beside these methods, AVATAR uses an own ontol@ge Figure 1) to build a TV
hierarchy. This implemented ontology is described by thamseof OWL (Web Ontology
Language). This ontology illustrates a TV content hiergr&very "superclass” has one or
more "classes”. A class is the lowest unit in the hierarchy.

AVATAR uses theDegree of InterestDOI) defined by Blanco et al. [1] for the calcula-
tion of the level of interest (see Equation (1)). A matchisgalculated by using Equation
(2), which considers the DOI and the semantic similaritg (Eguation (3)).

DOI(Crms1)
DOHOm) = T it Cr) @

(Cm) is the superclass @f,,,+1 and#sib(Cy,+1) represents the number of siblings of
the classC),+1.

N,
1 #Nu

match(a,U) = PNy Z SemSem(a,c;) - DOI(c;) 2
Uiz
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Fig. 1 AVATAR - Ontology [16]

a represents the target conteat,is the i-th content, which is defined in the ontology
profile P;;. DOI(c;) represents the level of interest of an active useegardingc;. # Ny,
represents the total number of programs includegjn

SemSem is the semantic similarity, which is described by Equati8h (t uses the
hierarchical and the inferential similarity, which are danmed by means of a factaer €
[0,1].

SemSem(a,b) = a- SemSemyyf(a,b) + (1 — o) - SemSemprc(a,b) (©))

However, besides this ontology AVATAR ussemantic characteristicdike hasActor,
hasActress, hasTopic, hasTime, hasPlace, Btis fact permits the AVATAR system the
possibility to infer hidden knowledge in the ontology. Biss these techniques the AVATAR
system uses the Pearson-r correlation (see Section 6.8)ctdate the recommendations in
a collaborative manner.

Contrary to the AVATAR the presented recommendation engses specified genres
and subgenres to build the TV hierarchy. This research wloés the data which are sent
within the media stream. Unfortunately the ontology usedheyAVATAR system, cannot
be built with the Service Information of DVB, which are sgesd by an ETSI standard.
Furthermore attributes, likeasActor and so forth are not sent within the DVB Transport
Stream. Therefore the techniques of AVATAR can'’t be use@éhieving the objectives that
are proposed in this paper.

Toon De Pessemier et al. [20] uses metadata, like genretalir&eyword, title, actor,
coworker, spoken language and caption language to create¢bommendations. They use
metadata terms;, e.g. "soccer”, "Antonio Banderas”, "violence”, etc. Eaghthese terms
belongs to afield; € {Genre, Actor, Director, Coworker, Keyword, Spoken Langydgtle,
Caption}. The author associated each of these terms with the usez@giponu;, which is
in the range [-1,1]. He stores the profile in a form of 3-tuglgsf;, u;) in a database.



Furthermore the paper considers the fact that not all metadéormation is equally
important. For instance a genre may be more significant theeyeord. Therefore the
author assigns an important factdf, for each fieldf;.

In this work the 3-tuples are updated in an implicit and esipfnanner. The paper uses
the time the user spends on watching a video for updatingntipdiditly logged viewing
behavior. The explicitly set preferences get updated lingetatings. The user appreciation
is updated by Equation (4). This equation is used, if theedresady a 3-tuples in the profile
with the specified term; and the fieldf;. Otherwise Equation (5) is used.

t=(1-0a) uta B (4)

Where represents the new user appreciation;of. stands for the old user appreciation
of the term,« is a parameter, which specifies the learning rate and is ingeraetween 0
and 1.5 is in a range [-1,1] and represents the score from the im@iwil explicit rating
mechanism.

4=8 )

Toon De Pessemier et al. [20] uses these equations for tbenreendation algorithm.
This algorithm extracts the information from the TV-Anygmmetadata of the content item.
Then the algorithm checks which termsare available in the user profile. After these steps
the algorithm calculates a recommendation score, whicheisgmted in Equation (6).

g Do ui - W(f;)
> W)

u; represents the user appreciation &vdyf;) represents the important factor of the figld

Figure 2 illustrates the procedure in more detail.

However, the metadata, which are used by Toon De Pessenaike[20], are not deliv-
ered by the media sources. In order to make the presentetineeodation system autarkic,
without using proprietary metadata, in this current work #uthors use only metadata,
which is available for free and delivered by the media souFce instance DVB delivers
Service Information and YouTube delivers metadata thramgAPI from Google.

Hopfgartner et al. [3] uses an inverse exponential weighfiom Campell et al. [2].
This kind of weighting gives a higher weighting to events efhare added recently. Events
will be rated with actual interest, so that the users willlgeommendations which are fit to
their actual likings. However, the inverse exponentialghéing does not take an automatic
decreasing and other factors, like an episode break intouatcFor instance a user likes
to watch soccer. She/he watches every Saturday soccethmisieason will have a break
for three month. After three month the season continues. Mepresented equation of
Hopfgartner et al. [3] will rate soccer quite low, because ¢htegory soccer has not been
watched for several months. However, this equation camket this behavior into account.
In contrast to Hopfgartner et al. the presented equatioS8eation 5.1.1 use explicit settings
and implicitly logged viewing behavior. If a user will not teh an episode over a period of
time, the implicitly logged Recommendation Index will becdeased (see Equation 10), but
the explicit settings will also be used for the creation @& tacommendations (see Equation
??).

The paper by Badrul Sarwar et al. [8] compares the Cosinel&ityj the Adjusted
Cosine Similarity and the Pearson-r correlation. In caitta the paper by Badrul Sarwar
et al. [8], which compares the similarities in an item-basezhner, the presented paper
compares these algorithms in a user-based manner. Inaddig paper by Badrul Sarwar

(6)
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Fig. 2 Recommendation Score - Procedure [20]

et al. does not take DVB genres and ratings of these genes@tbunt. Furthermore the
presented paper takes also 8iagular Value Decompositidnto account.

The paper by L. Ardissono et al. [19] presents an interfaee ESgure 3), which is able
to present recommendations for TV content. It visualizesstlrt-time and date, a category,
the title, the channel and the recommendation. The recomatiems are illustrated by sm-
ilies. Five smilies represents full interest and zero smilno interest. The interface also
presents half smilies. Therefore eleven different gradnatare possible. The paper uses
TV content. To the best of the authors knowledge an interfatéch is able to visualize
recommendations for linear as well as non-linear mediaesdnwithin a single view, has
never been discussed before in the literature. The inegaesented in this paper is able to
visualize recommendations for linear DVB content (TV cofes well as non-linear web
content (YouTube videos).

Generally, the current approaches [6,10,12,13,15, 180] ¢&ake only one media source
into account. However, the presented approach here usedia omvergent service envi-
ronment. In this study linear DVB content as well as nondineeb videos from YouTube
are considered. Furthermore specified genres and subgerresipare the most adequate
collaborative filtering methods are used.
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Fig. 3 Recommendation Interface [19]

3 Media Convergent Service Environment

Today users have access to several media services like INd& content and non-linear
video portals. Most of those people use these different angelivices with different appli-
cations or devices. For instance DVB content is consumeatgusgt-top-boxes and video
portals like YouTube are consumed using a computer. In douse scenario users mostly
use more than one set-top-box or computer. The presentémement combines the dif-
ferent media sources in a multiuser interface. User difféaéion is quite useful because
e.g. if a user does not use his own computer and want to havelttacess to her/his in-
dividual data, the proposed scheme will be able to manageRigure 4 illustrates a home
environment where the proposed solution can be exploited.cbntroller in this scenario
is the intelligent router. It manages all the informatiordaaves the entire user profiles
(see Section 5), which are created in implicit and explicinmer. Users are able to login
and get access to their individual data (like movie storage 0 forth) as well as their
individual recommendations. This router is also respdadilr offering access to Internet
services, such as YouTube. The Recommendation Engine ¢stiers4) and the respective
algorithms are installed on each client. The XML file, whi@dntains the user profiles (see
Listing 2 and Listing 3) are stored on the Flash ROM of the eauf the dataset is larger
than the capacity of the Flash ROM, the router can use anreftbard disk, which can
be plugged through a USB link. The updating of the user pfibm easily be realized by
PHP (hypertext preprocessor). A major advantage of thdligeat router is the operating
system, which allows execution of C code. In addition theepis also responsible for QoS



(Quality of Service) tasks. These QoS tasks take care ofigtghdition of media content
and reserves bandwidth for it. A further advantage is thestzomt availability of data (like
the user profiles). A user could theoretically use the data ehe/he is not in the house.
E.g. an application for a smartphone could use these dagctonmend content, which is
delivered by YouTube and so forth.

Video-On

Internet|Server

Internet

Fig. 4 HomeVision - Media convergent service environment

4 Recommendation Engine

The creation of recommendations within the present enwient is realized using a Rec-
ommendation Engine. This developed Recommendation Engipeesented in Figure 6.
This figure shows which parts are included and realized byRteeommendation Engine.
The Recommendation Engine includes the algorithms, whiehresponsible for creating
the user profiles in an implicit manner (see Section 5.1.&}ides the implicit user profile,
the Recommendation Engine governs the explicitly set peatees of individual users (see
Section 5.1.1). The DVB parser is responsible to extrachdst from a DVB Transport
Stream. These metadata are specified by an ETSI standard/®r3@rvice Information.
The DVB parser extracts:

— title of events

genres

subgenres

start- and end time of events
start date of events

These metadata are needed to create the implicit user pidfiseequations, which are
responsible for the creation of the implicit user profile gresented in Section 5.1.1.

The YouTube parser extracts the metadata from YouTubeghran API from Google.
The Recommendation Generator creates the recommend&ifdDg¥B content by consid-
ering the implicitly logged viewing behavior and the exjiligettings (see Section 5.1.2).
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Furthermore the Recommendation Generator generatesahmmgendations for YouTube
content (see Section 5.2). In addition the Recommendatiging is responsible for storing
the implicitly logged viewing behavior in a XML file. It extcés the Service Information,

like title of an event, the genre and the subgenre of an egengf a DVB Transport Stream.
In addition it logs the duration a user watches an event mtisdy the timespan and also
information about what kind of genre or subgenre is watchgetthé user. This data is logged
by a thread, which also stores these data in a XML file (se@gi§). The following pseudo

code shall clarify the logging of a watched genre.

string genreN bbl eStart, genreN bbl eCheck;
Dat eTi ne actual Ti me, checkTi ne;

/1 get the EIT (Event Infornation Table)
getEIT();

/1 get the nibbles of a genre, which represents the genre, subgenre
genreN bbl eStart = get GenreNi bbl es();

/1 get the actual date and tine
actual Time = get Actual Dat eTi ne();

/1 start a thread, which will be called every 10 seconds
start Thread(thread);

/1 the nethod, which will be called every 10 seconds
thread()

{
/1 get the EIT
get EIT();

/'l get the nibbles of genre, which represents the genre, subgenre
genr eNi bbl eCheck = get GenreNi bbl e();

/1 if the "old" genre is not the current genre
if(genreN bbleStart != genreNi bbl eCheck)
{

/1 get the actual date and tine
checkTi me = get Act ual Dat eTi ne();

/] calculate the timespan between the two tines
cal cul at eTi meSpan(act ual Ti ne, checkTi ne);

/1 cal cul ate the Recommendati on | ndex
cal cul ateRI ();

/1 add the RI to the XM
addRI t oXM_() ;

/] reset tinmestanps
actual Time = checkTi ne;

/'l reset the genre nibbles
genreN bbl eStart = genreNi bbl eCheck;
genr eNi bbl eCheck = "";

}
Listing 1 "Pseudo Code - Logging Genre”

Figure 5 shows the structogram of the pseudo code, whictegepted in Listing 1.
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Fig. 6 Recommendation Engine

5 Content-Based Filtering

Filtering methods are required to generate recommendatiime most common filtering

methods are Content-Based Filtering [6, 10, 15, 16] andaBolative Filtering (see Section
6). The Content-Based Filtering method detects simitgitf objects by their attributes.
An object is described by content and gets assigned by @ttgblf a user requests a rec-
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ommendation, the system searches objects with similar oaleaftributes. In this paper
recommendations for media content are generated by theneendation Engine. Recom-
mendations for Digital Video Broadcast content will be gated by using the implicitly
and explicitly created user profiles. The different kindsisér profiles as well as newly de-
veloped equations, which use the Content-Based Filteriethod are presented in the fol-
lowing sections. Furthermore, a connection between DVBeageand YouTube categories
is shown. This connection allows the generation of reconttagons for YouTube videos
based on a calculated Recommendation Index for DVB content.

5.1 Recommendation Index - DVB

Recommendations are based on explicitly set preferencesplicitly logged viewing be-
havior. User profiles can be used to save these data. An egashgin XML file, which
contains explicitly set preferences, as well as impliditigged viewing behavior, is shown
by Listing 2 and Listing 3. The user profile is split into two XMiles, because the implicit
profile grows in time. This procedure decreases the timedarching and updating the user
profile. The developed Recommendation Engine uses DVB &emformation, which are
sent within a DVB Transport Stream. These Service Inforomatire specified by an ETSI
standard. Each event is described by a title, genre, subgstart- and end time, date of
broadcasting, and so forth. These metadata are used totbeilgser profiles in an explicit
and implicit manner.

<user nanme="chris">
<favouritemai ngenres id="explicit">
<genre ngenre="0x10" nRI ="1"/>
</favouritemingenres>
<favouritesubgenres id="explicit">
<genre sgenre="0x11" sRI ="1"/>
</favouritesubgenres>
<favouriteevents id="explicit">
<event nane="nano" eRl="1"></event>
</favouriteevents>

</ user >

Listing 2 "User Profile XML - explicit”

<user nane="chris">
<favouritemaingenres id="inplicit">
<genre ngenre="0x20" nRI="0, 42"/ >
</ favouritemi ngenres>

<favouritesubgenres id="inplicit">
<genre sgenre="0x20" sRI="0,21"/>

</ favouritesubgenres>

<favouriteevents id="inplicit">
<event nane="tagesschau" eRl="0, 43567"></event>

</ favouriteevent s>
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</ user >

Listing 3 "User Profile XML - implicit”

mgenre represents a maingenegenre a subgenrenR1 is the Recommendation Index
(see Section 5.1.1) of a maingens& of a subgenre anelRl the Recommendation Index
of an event.

5.1.1 User Profiling

Explicit Profiling The Explicit Profiling is done by the users [9, 12]. Within anhe de-
veloped application, users are able to set the individugfiepences explicitly. The explicit
setting shall help to customize the system in an individuahner. The system shall know,
which kinds of events are favored. Generally, DVB eventseséched with Service Infor-
mation. Each DVB Transport Stream contains these infoamatvhich are specified by an
ETSI standard [14]. Data, like title of an event, the gerfie,dubgenre, start- and end time,
date of publishing, and so forth are sent within a DVB Tramsftream. ETSI specifies
twelve genres:

— movie/drama

— news/current affairs

— show/game show

— sports

— children’s/youth programmes
— music/ballet/dance

— arts/culture

— social/political issues/economics
— education

— leisure hobbies

— other

— undefined content

Each genre is split into several subgenres, which classligenres in more detail.
Table 1 presents all subgenres of the genre 'movie/drama’.

Table 1 subgenres: movie/drama

[ Genre

subgenre |

movie/drama (general)
detective, thriller

adventure, western, war
science-fiction, fantasy, horro
comedy

soap, melodrama

romance

serious, classical, religious,
historical

adult movie/drama

movie/drama

In order to use the DVB Service Information to generate recemdations, our novel
application offers an interface to set favorite genresgsabes and events. Users are able
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to rate them by setting stars. 0 stars represent no intereékeiselected item and 5 stars
represent full interest in the selected item. Figure 7 shawgsreenshot of the developed
application.

B Fa ¥

undefined content ll news/current affairs >

oot movie/drama ek ok

SUBGENRE

el PO &

movie/drama adventure/western/war >

* ok k detective/thriller *

* Kk
EVENT

Please input event:
I ok ko

O + Navigate/Select stars
~

Fig. 7 PPG - Explicit Settings

The Recommendation Index (RI) is in range [0;RY(,;ici+ = {0,0.2,0.4,0.6,0.8,1}),
while 0 is represented by 0 stars, 0.2 by 1 star, 0.4 by 2 &84y 3 stars, 0.8 by 4 stars
and 1 by 5 stars. After the user set her/his preferencesethdt (RI) is saved into a XML
file (see Listing 2), which contains the user profiles of alings

Implicit Profiling is realized by logging the viewing behavior of users [9, ), This im-
plicitly logged viewing behavior enriches the explicitlgtpreferences. It also takes the real
behavior into account. For instance if a user does not sefethee "education” in an explicit
manner, but he/she watches this genre quite often, thedinptliofiling will recognize it
and add this genre to the user profile. Furthermore publistszhrch [5] proves the strong
correlation between spending time on a single view and tip@itance of this single view.

The following developed equations are responsible for itogghe viewing behavior.
They use the sent DVB Service Information to generate a Remndation Index (RI),
which is in range [0;1], where O represents no interest arpfesents full interest.

Equation (7) is responsible for the calculation of a Recomstagion Index for a genre,
a subgenre or an event.

_ 5 twld)
RI’implicit = Z - (7)

t
i=1 4

RIimplicit = [O; 1}: lw = [0§ td]! tg >0



14

Expressiort, represents the duration the user watched television.
The RI;p,piicic 1S the value of the Recommendation Index from a genre, subgeman
event.
The variable., (7) represents the duration the user watched the genre, sebgean event,
wherei is a counter.

With this counter the equation is able to calculate the Reuendation Index of the
watched genre, subgenre or event over a period of tig)eherefore, the Recommendation
Engine is able to sum the times, the user watches a genre,gersgbor an event. For
instance, if the user watches a genre, like movie/drama haths switches the channel
during a commercial break and switches back after a peritichef the system will sum the
duration of watching before the commercial break and thatéhm of time after it.

With the intention of guaranteeing that the value of the Remendation Index becomes
more and more accurate Equation (8) is used to calculatevdrage. Each Recommenda-
tion Index of a particular genre, subgenre or event is remtes! byRI;,,piicic (k). The
variablen is the counter of the measurements.

n
— 1
Rlaverage = ﬁ kzl R[Mn,plicit(k) (8)

The RIgverage is the average value of the Recommendation Index of a geurgesre
or an event.
The expressiom I, ;.. (k) is the value of the recommendation index of one genre, sub-
genre or event. The variab{&) is the counter of this genre, subgenre or event.
Example: The user watched the genre movie/drama on Monday.résults to a Recom-
mendation Index 00.6. On Saturday the user watched the genre movie/drama aghthen
Recommendation Index for this dayds8. In this case n=2. The average of thé&ks is 0.7
(see Equation (9)).

0.6+0.8

. 0.7 9)

maverage =

This procedure guarantees the logging of the real viewilgier, because the calcu-
lation of the Recommendation Index is based on several Ris.ifea user likes to watch a
special soap and he/she misses the the first twenty minutks &fst episode, which takes
sixty minutes in total, the Rl would be 0.6666. But if the ugalf watch the next episode
for sixty minutes the RI will increase to a higher level. Tphi®cedure will also work the
other way round. E.g. if a user does not like a particular gglomt the television is on while
the user takes a phone call, the Recommendation Index weudlbulated. But if the user
will watch this genre again and will not spend much time onchatg, the Recommendation
Index will be decreased.

Equation (7) and Equation (8) are basically responsiblerfeating the Recommenda-
tion Indexes for events, genres and subgenres in an impiaiiner. These equations have
one main problem. If a user watches an event, a genre or arsugbged e.g. the calculated
RI is one and if the user never watches this event againziheill always be one.

Equation (10) has been developed to overcome this probléis.€uation decreases
the RI step by step over time.

— (L
R]adjust = Rlaverage - € () (10)
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Figure 8 shows the recommendation index adjustment. TheeafltheRI decreases
every week. After eight weeks the! is under0.15, which will be rounded to zero. This
guarantees that th&/ will be decreased if a user never watches an event, a genre or a
subgenre again.

Recommendation Index - Adjustment

1.2

1

08 \
Rl 05 \
04

0,2 ——
0

o} 2 4 3 8 10

Weeks

Fig. 8 Recommendation Index - Adjustment

5.1.2 Recommendation Index - Mix

In order to combine events, genres and subgenres as welkashicitly and explicitly
created user profiles, Equation (11) has been developes cohibination is needed, since
users don’t want to select, if the implicitly logged or thepheitly set preferences shall be
shown. This is proven by own accompished study. Within thiedweation users were asked
to fill a questionnaire. They had to give a feedback, based they would prefer recom-
mendations, which are generated on implicitly logged vigbehavior or explicitly set
preferences. However, they had to rank the two possilsiltiiesetting a factor. Results of a
realized evaluation have shown, that users prefer theaixpdittings more than the implic-
itly logged viewing behavior. Equation (11) takes theseiltssnto account and multiplies
the explicit settings with a factor of two.

Rladjust + Rlexplicit -2

RImir = 3

(11)

5.1.3 Recommendation Index - Final

Each event is described with a title, genre and a subgeneetiflénis the most significant

value. Each genre is split into several subgenres whichritbesthe genre in more detail.

E.g. the genre movie/drama is split into nine subgenresTabke 1). With the purpose of

taking these factors into consideration a scenario has deegloped, which is presented
in the following paragraphs. Following boosting constaares the results of an evaluation.
The users were asked which of the parameters has the highegypwhich has the second

highest priority and which has the lowest priority. Detaifghe users which participate on
the evaluation are shown in Section 7.5. The following eignatare derived on the outcome
of this study, which shows that the title of the event is thestiimportant parameter and the
subgenre has a higher priority than the genre of an event.
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If an event from the scheduled information as well as thegeand the subgenre of this
event is part of the user profile Equation (12) is used andhis defined as:

- Rleyent - 3+ RIsubgenre ‘24 Rjgm"’e

1
R 6

(12)

If an event is in the scheduled information and the subgemetipart of the user profile,
Equation (13) can be used to calculate iteas:

_ Rleyent - 3+ R-[genre

RI
4

13)

If only the title of the event is in the current user profile,uagon (14) can be used to
calculate theRI as:

RI = RIevent (14)

If the scheduled information’s event cannot be found, batsibgenre’s event is part of
the user profile, then the Equation (15) can be used to cé#dctilaR! as:

_ R[subgenre 2+ RIgenre

RI
3

(15)

If only the event’s genre of the scheduled information i pathe user profile, Equation
(16) calculates th& T for this event as.

RI = Rlgenre (16)

These equations guarantee that all factors, like title of\amt, the genre and the sub-
genre, are taken into account to generate a Recommendatiex for events.

The results of the explicitly set preferences as well as thglicitly logged viewing
behavior are saved in a XML file (see Listing 1, Listing 2 ansiting 3).

5.1.4 Evaluation of the Recommendation Index - DVB

The system was tested by a group of twelve users. Detailseobabkground of the users
are presented in Section 7.5. The outcome of this evalugtioved the usefulness of this
approach. The users could check whether the recommengatienconsistent with their
preferences, almost match or do not match their prefereﬁeé% of the generated rec-
ommendations match with the preferences of the useé% of the generated recommen-
dations almost match to user’s preferencgs.of the generated recommendations do not
match to the preferences of the users.

These results can be explained by the quality of the deliveretadata. The system uses
metadata, which is delivered by DVB Transport Stream. Ia tfaise the system must trust
these metadata. However, some providers send quite gémferahation with an event. For
instance a comic is specified as a movie/drama. In this cassytem would recommend
this comic to users, which prefer movie/drama.
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5.2 Recommendation Index - YouTube

With the aim of combining linear DVB content with non-lineésuTube content, a similar-
ity between these two content sources is required. The gamesubgenres of DVB, which
are specified in an ETSI standard and categories of YouTubguate similar. For instance,
DVB contains a genre named "Comedy” and YouTube offers thisgory too.

It has carried out an evaluation in which the respondentsldremmbine the DVB gen-
res and subgenres with the categories of YouTube. The questie included all genres and
subgenres of DVB and all categories of YouTube. Each resgarithd to decide, which gen-
re/subgenre of DVB is quite similar to a category of YouTultge respondents were allowed
to mark more than one similarity. For instance, they werevadd to connect the YouTube
category "Travel & Events” with the DVB subgenre "foreignurtries/expeditions” and the
DVB subgenre "tourism/travel”. Figure 9 presents a snigii¢he questionnaire.

D\/3 :
Digital Video  HE e THEE u
Broadcasting = HE = % =A Al =
= = AHENHEEEHECIRE
= ([2|8|5|0 |2 |8zl |2|=s|8|nlx
© |Z|E|S|Z|E|E|2|58|z|8|2|2|5 &
No. Genres -— |Z|8|Z|E|=|a|=|E|=z|8|28|5|&]|=
0 undefined content
1 movie/drama
1.1 movie/drama (general)
12 detective/thriller
13 adventure/western/war
14 science fiction/fantasy/haorror
15 comedy
16 soap/melodrama
17 romance
18 serious/classical/religious/historical
19 adult maovie
2 news,current affairs
21 news/current affairs (general)
22 news/wheather report
23 news magazine
24 documentary
25 discussion/interview/debat
3 show/game show
3.1 show/game show [general)
3.2 game show/quiz/contest
3.3 variety show
3.4 talk show

Fig. 9 YouTube - Evaluation

Table 2 presents the results of the evaluation, which haumi&gsty at a minimum of
70%. The percentages for the similarities result from the memof marks that have made
the respondents. The questionnaire was distributed in theetsity of Applied Sciences
Giessen-Friedberg and distributed to employees of thigeusity. Most respondents were
thus students, staff and members of university staff. laltbd4 participants filled the ques-
tionnaire. Out of which 54 of them were male and the remaifiéngales. These results are
used to generate recommendation for YouTube videos. Tleesenmendations are based
on Equation (11). Due to the fact that the evaluation’s tesate based on DVB genres,
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subgenres and categories of YouTube, the new equation hakedhese parameters into
account.

In order to generate recommendations for YouTube videosthas DVB genres and
subgenres, the following equation has been developed.

RI - similarit
RIYouTube = Wy (17)

This equation combines thel of a genre or a subgenre, which is based on explicitly set
preferences as well as implicitly logged viewing behawath the results of this evaluation.
The result is @Iy . 1wbe, Which ranks YouTube videos in the range [0;1].

6 Collaborative Filtering

In contrast to Content-Based Filtering, Collaborativedfihg [8, 17, 18] does not use in-
formation, like attributes of objects, to generate recomdations. This kind of filtering
mechanism puts the similarity of users in the center of &itienBasically, the finding of
similarities can be realized by item-based or user-basebads. This paper puts the focus
onuser-basedimilarities. The system explores existing user profile$ sgarches for sim-
ilar user profiles on the basis of the user, which requestsebemmendations. After the
system found similar user profiles, it recommends conteviigsh are part of similar user
profiles.

The searching for similar user profiles can be realized byguséveral algorithms. The
following sections will describe some of the researchedrilgms and the usefulness of
them by taking DVB genres and subgenres into account. Taliégs3all genre, which are
specified by ETSI and part of the developed RecommendatigmEnTable 4 lists all rat-
ings of five users. This table has been filled by random vaMégh the aim of finding
similarities between the different users, this paper caegpthe most common techniques
like Cosine Similarity the Bravais-Pearsoror Pearson-r- correlationthe Adjusted Cosine
Similarity and theSingular Value Decompositipwhich are described in the following sec-
tions.

6.1 Cosine Similarity

The Cosine Similarity [8] computes the cosine of the ang&te/ben two vectors (see Equa-
tion (18), [7]). The expression j denotes the dot-product of two vectors (in our case users).
The results is in the range [0;1], while zero represents milaiity and one full similarity
between the angles of two vectors. This technique finds temem®f angles between two
vectors. Table 8 contains the results of the calculatioshdiws that User 1 and User 5 are
quite similar.

sim(i, j) = cos(i, j) = \;\-GI (18)
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Table 2 Similarity YouTube - DVB

YouTube- DVB-Genre Similarity in %
Category
sports (general) 96,15
Sports special event 76,92
sport magazine 100
football, soccer 100
tennis, squash 100
team sport (exclud-| 100
ing football)
athletics 100
motor sport 96,15
water sports 100
winter sports 100
equestrian 80,77
martial sports 88,46
Travel & Events tourism, travel 80.77
Autos&Vehicles motoring 73,08
Comedy comedy 84,62
informational, edu-| 80,77
Education cational, school
informational, edu-| 80,77
cational, school
education, science| 73,08
factual (general)
further education 92,31
languages 76,92
Entertainment entertainment pro- 73,08
grammes for 10 to
16
movie / drama| 73,08
Film, Animation (general)
science fiction, fan-| 76,92
tasy, horror
music, ballet, dance 80,77
Music (general)
rock, pop 92,31
serious mu-| 92,31
sic,classical music
folk,traditional mu- | 92,31
sic
jazz 92,31
musical, opera 80.77
ballet 76,92
news, current af-| 92,31
News & Politics fairs (general)
news, weather re{ 92,31
port
news magazine 84,62
discussion, inter-| 76,92
view, debate
Science & Technol-| technology, natural| 73,08

ogy

sciences
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Table 3 Genre Names

Genre No. Genre
1 movie/drama
2 news/current affairs
3 show/game show
4 sports
5 children’s/youth programmes
6 music/ballet/dance
7 arts/culture
8 social/political issues/economics
9 education
10 leisure hobbies
11 other
12 undefined content

Table 4 Genre Rating Table

GenreNo. | Userl | User2 | User3 | User4 | User5
1 100 20 0 40 100
2 80 60 100 60 80
3 60 80 20 80 60
4 100 100 0 100 40
5 40 60 100 40 20
6 20 80 80 60 0
7 60 0 20 80 100
8 80 0 40 100 80
9 100 20 60 20 60

10 60 40 100 40 40
11 0 100 80 60 20
12 20 40 60 80 0

6.2 Adjusted Cosine Similarity

sim(i,j) =
> gea(Ryi — Rg)(Ryj — Ryg) (29)
\/Z geG(Ry,i — E9)2\/Z geG(Ryj — Ry)?

In our case (user-based), thg ; is the rating of a usefi) on an item (genrey. R, is
the average of all ratings from all users for gegisee Equation (19)).

The main difference betweddosine Similarityand Adjusted Cosine Similaritis that
this technique takes the average of the ratings from useraacount [8]. Table 8 shows the
results of the computation. In contrast to Cosine Simifatie range of the results is [-1;1].
The results show that the similarity between Userl and Usaggite high.
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6.3 Pearson-r correlation

The Correlation-Based Similarity [8Bravais-Pearsomorrelation orPerson—r correlation
[16] computes co-rated items. This method only uses iterhighwhave been ranked by users
(see Equation (20), [8]). The results are in the range [; Wh]le -1 represents full negative
similarity, 1 full positive similarity and 0 no similarity.

sim(i, j) = corry j =
(20)

Y ueu(Rui — Ri)(Ru,j — R;)
\/Z wevU(Ruyi — E’)Q\/Z wev(Ruj — Rj)?

In our case (user-based computation) Bg; is the rating of the useron the itemi (genre)
andR; is the average of ratings from all genrésdf the uselu.

Table 8 lists computation’s results. They show that the lanity between Userl and
User5 is quite high.

6.4 Singular Value Decomposition

The Singular Value Decomposition (SV,¥Iso known ad atent Semantic Indexing (LSI)
dimensionally reduction or projection, is also one of thestnesed methods to realigol-
laborative Filtering This method reduces the number of dimensions of a matrix [A&his
paper the SVD is used to find clusters of users, which havedine set of interests. Table 4
shows genres, which are rated by users. Equation (21) desdtie SVD.

Amn == Umm . Smn . Vrz;z (21)

m is the number of genres andis the number of usersi,,, is am x n matrix. The
entries of this matrix come from a field (in our case: Tablel4),,, is am x m unitary
matrix over the field Sy, is am x n diagonal matrix with nonnegative real numbers on
the diagonal, which are also known as singular valued,gf,. These singular values are
ordered in descending ordét’, is the conjugate transpose 6f which is an x n unitary
matrix over the field.

A snippet of the results is shown in Table 5, Table 6 and Table 7

These tables only show the first two columns of the resultsiwdire needed to reduce
the number of dimensions of the matrix (see Table 4). TabkpBesents the genres (item-
based similarity) and Table 7 represents the users (usedE=milarity).

Figure 10 shows the results of tBéngular Value Decompositiorurthermore, the Fig-
ure 10 shows that the similarity between Userl and User5 Basvthe similarity between
User2 and User3 is quite high. But in contrastosine Similarity Adjusted Cosine Simi-
larity andPearson-r correlationthe most significant similarity is between User2 and User3.
By reducing the number of dimensions, SVD also loses dates@ klata are necessary for
finding similar users. Due to this fact tf®/Dmethod was not taken into account in later
comparisons.
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Table 5 Singular Value Decomposition - U

-0,2700 | -0,4607
-0,3839 | 0,0468
-0,3067 | -0,0386
-0,3547 | -0,0841
-0,2597 | 0,3078
-0,2403 | 0,4026
-0,2721 | -0,3590
-0,3180 | -0,2897
-0,2672 | -0,1688
-0,2829 | 0,1530
-0,2546 | 0,4457
-0,2079 | 0,2384

Table 6 Singular Value Decomposition - S

438,8554 0 0
0 185,3858 0
0 0 122,3507

Table 7 Singular Value Decomposition - V

-0,4931 | -0,4333
-0,3958 | 0,4834
-0,4217 | 0,5570
-0,5031 | 0,0012
-0,4115 | -0,5179

L 4 gsers Genre11
User2 '-
B Genres
B Genrel2
B Genre10 & Users
S M Genre2 W Genres
i o W Genres
Genred B Genres
M Genreg
B Genre?
siicai B Genrel
# Users

Fig. 10 SVD - Results

6.5 Comparison of similarity methods

With the purpose of finding the best method to generate re@mdations, a comparison
between the different methods is essential. Table 3 shdwsles specified for DVB con-
tent. Table 4 lists the rankings of five users, which has bdled fby random values. Each
genre is rated by explicit settings and implicitly logge@wing behavior. Figure 11 shows
a diagram with the results of the presented techniques harebased on the results shown
in Table 8. The axes of the diagram are adjusted to the vatugeetdifferent ranges of the
three techniques so that they can be easily compared. Théeided because the ranges of
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Table 8 Results - Similarities

Connected Users| Cosine Similarity | Adjusted Cosine Pearson
Userl-User2 0,62048368 -0,617506419 | -0,3884493
Userl-User3 0,59811591 -0,600993663 | -0,5015504
Userl-User4 0,81297068 -0,184029167 | -0,0420579
Userl-User5 0,91863818 0,606581208 0,7171372
User2-User3 0,74140928 0,191635261 0,1731795
User2-User4 0,79540843 0,015859536 0,1206452
User2-User5 0,49090909 -0,74056031 -0,6000000
User3-User4 0,68424658 -0,400318015 | -0,4687592
User3-User5 0,53314824 -0,54014375 -0,4928945
User4-User5 0,77917561 -0,151894678 | 0,0402151

the techniques differ. The results of tRearson-r correlationand Adjusted Cosine Simi-
larity uses the left y-axis and the results of tBesine Similarityuses the right y-axis. The
X-axis represents the comparison between the differens.use

0,8 T 095

I —
T e L
I\ I\

Cosine

- 0,65

PearsonfAdjusted Cosine
=
¥

y1-uz
Py

-
Ui Y oo

06
{ us-us
28 Y L 0.5 —PEarson
uz2-us e A djusted Cosine
1 045

‘Comparison Users —Cosine

Fig. 11 Comparison Similarities

The results show that each technique is useful to generadenreendations. The most
significant values are the same. The comparison betweeiiffedt techniques shows that
each of the presented algorithms are adapted to find sinsknsuFurthermore the results
show that thdPearson-r correlatioras well as thé\djusted Cosine Similarityeduces outlier
(see U3-U4 in Figure 11).

6.5.1 Prediction

The comparing of the similarities between these techniggiesalized by a computation of
predictions. This paper presents one of the most commontba&¥eighted SurrEquation
(22) [8] shows how the Weighted Sum is computed.
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Tu,i — Tu) - 8IM
P, =Ta+ ZHEU( u,t u) a,u
ZuEU |sima,ul

: (22)

P, ; represents the prediction of the active uséor the item (in our example a genre)
i. Tq represents the average of the ratings of the activeasey; is the rating of the user
u for the item:. 7; represents the average of the ratings from wsesithout the rating of
the itemi. simq,. represents the similarity between the active usand the usew. In
order to calculate a prediction a value of an item must betei@lieom the rating table. This
prediction is needed to calculate the Mean Absolute ErrokEy

6.5.2 Mean Absolute Error

With the intention of classifying the results of the preitins theMAE is used (see Equa-
tion (23), [11]). ThisMAE shall prove, which method is the most adequate one to generat
recommendations within the presented environment.

N
i=1 Ipi — 4il

>
MAE = N (23)

p; is the prediction ang; is the true value.
The results based d1AE are shown in Figure 12.

Mean Absolute Error

B Mean Absolute Error

MAE Pearson MAE Cosine MAE Adjusted

Fig. 12 Mean Absolute Error

6.5.3 Results

Figure 12 shows the results of the calculat@8E. The MAE of Cosine Similarityis signif-
icantly higher than th&AE of Adjusted Cosinas well as théearson-r correlationThese
results prove that the Adjusted Cosine and the Pearsonalation are useful to find user-
based recommendations by using ratings of DVB genres, wdrelspecified by the ETSI
standard for Service Information.
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6.5.4 Further Results

Besides this limited test with five users, we also accometisfurther tests with twelve
users. The values of the user-genre matrix are an outputwéstignnaire. Users had to rate
each genre by setting a value between 0 and 100 [0, 20, 4006Q08]. Figure 13 shows
the results of the similarities between the twelve users.Mkan Absolute Error (MAE) of

1 1
| i | iDU 09
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a1/ |
A N Al [ | | |J|| | \
il | AL A MR LTA | N ARTAR |
I T T || UTH
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'EE L I ||| | ’ : 9
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=T [l | | Rl | |, o
£3 ganEreEERagasg | 3
2 } : 0.4 in
(]
: |
04 ' a3
-0.6 0.2
-0,8 o1
1 0
—— Pearson UB - Adjusted Cosine UB Cosine UB

Fig. 13 Comparison Similarities - twelve users

this test is illustrated in Figure 14.

In addition simulations with 5, 10, 15, 20, 30, 50, 100, 15M),500 and 1000 have been
accomplished. The simulations present results by using ithan twelve users. Furthermore
the using of more users shall give a feedback of the behafitedifferent algorithms by
using twelve genres. These simulations were realized bftaae, which fills an array with
ratings for the twelve specified genres. Each entry withis &énray was filled by a random
value [0, 20, 40, 60, 80, 100]. Figure 15 shows el E of the accomplished simulations.
The figure makes a strong connection between the MAE and tirs akear. The more the
users are part of the system, the lower isthid £. If the number of user is higher than 100,
the M AE is quite static. Besides these results the simulations sthawthe fluctuation of
the calculated MAE decreases, if the number of the usersases.
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Mean Absolte Error
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g. 14 Mean Absolute Error - twelve users

The results of Section 6.5.2 (see Figure 12), Section 6se8figure 14 and this Section
shows the strong correlation between the fluctuation of tAd&ENMNd the number of users.
The higher the number of users, the lower the fluctuationkéncalculation of the MAE.
This can be explained by the calculation of the predictidhg predictions use the similarity
values of the used algorithm. If only a few users are usedltulzde the predictions, only
a few similarities can be used. The results also show tha@&agson-r correlation seems to
perform well in the tests with five and twelve users. The satiahs show that the Adjusted
Cosine Similarity performs well by considering a higher ragmof users.

MAE Simulation
34
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1000
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Fig. 15 Mean Absolute Error - Simulation

7 Personal Program Guide - PPG
7.1 Introduction

Since a user has access to several kind of media sources anthanse number of content,
the user could be overloaded with information. Furthermusers could have a problem to
find contents of interest. Recommendations can help uséirgdteontent of interest within

the media convergent service environment in less time. dieroto present the generated
recommendations to the user, an interface is required.ifitégace has to present the rec-
ommendations in a clear and simple manner. Furthermoresitdntake the several media
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sources into account, so that users are able to see all kimdsammended content. How-
ever, if a user presses a specified button on the remote gh&anain menu will be shown
(see Figure 16).

Personal Program Guide

’ * View Recommendations (DVB and YouTube)

= Add actual event to favourites

Searching for repeat of the actual event

(o @ View related content

® scarchi ng events

X Configuration

Fig. 16 PPG - Main Menu

The developed PPG provides several features:

— Presentation of recommendations for DVB content
— whole scheduled information
— daily recommendations
— Presentation of related DVB content
— Presentation of recommendations for YouTube videos
— Presentation of related YouTube content
— Presentation of collaborative recommendations
— Settings for explicit preferences

The features of the developed PPG will be described in thewolg sections.

7.2 Recommendations DVB

The developed PPG is able to present recommendations for &@viBnt. The equations
presented in Section 5.1 are responsible for generatin@éeemmendation Index, which
represents individual likings. The PPG lists all recomnagiwhs, while the user is able to
sort them by title of the events, genres or subgenres (seed-1y). The recommendations
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Start End  Event

| 07122009 20:15 2210  Kill Bill 1

09.12.2009 16:25 17:45 Gl Bill 2
16.12.2009 0915 11:10 Pulp Fiction
20.12.2009 15:45 16:45 Reservior Dm_qs

Description:
A revenge of a woman.
Channel:
Time:
Date:
Duration:
Genres

@ Switch to YouTube

Fig. 17 Recommendations DVB

will be sorted by start time and start date too.

Furthermore users have two opportunities. They are ableeaecommendations for all
events within the scheduled information or just recomm#éoda for the current date. This
feature has been introduced, since the available schethitedhation include events in a
timespan of one to three weeks. The result of using the whatledsiled information is a
long list of recommendations. But if a user selects 'daiyoramendations’, the recommen-
dation engine just takes the event into account, which wilblbadcast on the current date.
Besides these features the PPG presents related DVB cootermurrently watched event
(see Section 7.2.1).

7.2.1 Related events - DVB

The presented PPG is able to find similar DVB events. Thisabzed through the available
metadata, which is sent within a DVB Transport Stream. Tlacheng for related events
is realized with the metadata within the Event Informati@bl€ (EIT). This table delivers
metadata such as title of an event, the genre and the subgfesmesvent. Figure 18 shows
the algorithm to implement this feature.

At the beginning the algorithm extracts the metadata of thieeotly shown event, more
precisely the title, the genre and the subgenre. Now theitligoparses the available sched-
uled information, which contains several events. It patbesinformation which will be
broadcasted during the next few minutes, hours, days or svdéis depends on the meta-
data, which is sent within the EIT. The algorithm goes thioagd compares them with the
metadata of the current event. If the title, the genre andsthigenre of the current event
is also available in the scheduled information, the refabetween them is 100%, bacause
every parameter (title, subgenre and genre) is equal. Bubgenres of the current event is
equal to an event of the scheduled information, the relatignbetween them is 80%. (If
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extract metadata
from event
Eventititle, genre, subgenre)

l

parse scheduled service information
Sl(titel, genre, subgenre

Relation=100% +

if(Event==5I)

Relation=B0% if{Event fitle = Sl title && Event subgenre ==
Sl.subgenre)
i ifiEvent title == 5l fitle && Event.subgenra =
Relation=60% Sl.subgenre &8 Event.ganre == S| genre)
R if(Event title == 51 fitle && Event.subgenre [=
Relation=d0% Sl subgenre && Eventgenre |= Sl.genme)
Relation=30% if{Event.tite I= Sl title && Evert.subgenre '= Relatian=0%

Sl.subnenre && Event.genre == Sl.ganre)

Fig. 18 Process Chart - Related DVB

the subgenre is equal, the genre is equal, too, since a swbdescribes a genre in more
detail). If the title and the genre of the current event angattp a scheduled event, the re-
lationship between them is 60%. If only the title of the cutrevent is equal to an event of
the scheduled information, the relationship is 40%. If therge are equal, the relationship
is 20%. Finally if nothing is equal, the relationship is 0%. Tercentages are based on
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the five-stars ranking and the results of the evaluationgmtesl in Section 5.1.3. Since the
five-star ranking uses five stars, the algorithm uses thiayiehto set the relations.

7.3 Recommendations YouTube

The PPG is also able to present the recommendations for Ymnideos, which are based
on the explicitly set preferences, the implicitly loggeéwing behavior and the results of
the presented evaluation (see Figure 19). Furthermoreaide to present related YouTube
videos (see Section 7.3.1).

%

<D HUNT
GOLLUM

>

Gothic - Movie PArt 1

The Hunt For Gollum

*okokok

Description:

A new 39 minute Lord of the Rings episode telling of
Aragom’s hunt for Gollum before The Fellowship of
the Ring. This high concept short film is brought to
The Hunt For Gollum the saeen for free by Independent Online Cinema.
www.thehuntforgollum.com
r Duration:  00:39:07 Made by talented volunteer filmmakers for under
" | Category: Movies $5.000, the film is a faithful tribute to the style of
Peter Jackson's trilogy and the world of L.LRR. Tolkien
telling how Aragorn tracked down Gollum between
The Hobbit 8: The Fellowship of the Ring.

Read complete -~ =
0K o S L) & Navigate

Fig. 19 PPG - YouTube recommendations

The access to YouTube is realized by a Google’s API (AppbcaProgramming Inter-
face). This API offers the opportunity to get full access twYube by sending queries.

7.3.1 Related videos - YouTube

Media sources like YouTube offers the opportunity to finditedl videos to the ones that
are currently being viewed. This helps users to find videdshvhave similar content. This
functionality can be included through an API of Google. TlagadAPI can be downloaded
from:
http://code. googl e. com i ntl/de- DE/ api s/ yout ube/ overvi ew. ht m .
This API is used within the presented PPG to find related YbeTwideos to the one
that is being viewed. This will offer the opportunity to findgtéresting contents in an easy
and straightforward manner.
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7.4 Collaborative Recommendations

The PPG is also responsible for presenting the recommemdativhich are based on the
collaborative filtering methods (see Section 6. It uses thsgnted results (see Section 6.5)
for presenting the recommendations. The genres of useishwhe quite similar with the
current user, are displayed. This shall help users to findegeof interest in less time and
find content of interest easily.

7.5 Evaluation of the PPG

The first step of the evaluation has been accomplished dthimgesign process. The au-
thor’s drafted several designs and requested proband darheferred choice. The result
was a mixture of several drafts and was presented usingaeaeeenshots above.

In addition, the presented PPG was tested and evaluated/éasprobands. The ques-
tionnaire included several questions about the look anidofetbe PPG, expected behavior
and so forth. In total 12 probands filled the questionnaile fbllowing tables (see Table 9,
Table 10 and Table 11) show the results of this questionaaidethe usefulness of the pre-
sented PPG. The results show that the users are satisfietheittsage of the PPG almost
all users would recommend this PPG.

Table 9 PPG - Evaluation - Ages of probands

12-25 | 26-45 | 46-65
Age 2 8 2
Percent | 16,67 | 66,67 | 16,67

8 Conclusion

This paper presented new techniques and algorithms tcecadeécommendation Index for
DVB content and YouTube videos by considering explicitly peeferences and implicitly
logged viewing behavior by using content-based filteringhods. The explicit setting is
realized by manually set ratings for genres, subgenres\aris A new developed graphi-
cal user interface offers the opportunity to set the indiaicpreferences in an easy manner.
The logging of the viewing behavior is realized with new algons, which have been re-
searched and developed. Furthermore a combination betiiveezxplicit settings and the
implicitly logged viewing behavior is shown. The generatesér profiles, which are saved
in XML files, are presented too.

In addition, the paper also shows a comparison between tise known collaborative
filtering methods by considering the user-based approashoWws the most suitable filtering
method that is adequate to generate recommendations ited@aitive manner within the
presented environment.

Finally a Personal Program Guide (PPG) is presented whitheaised to visualize the
generated recommendations by considering linear DVB otrged non-linear YouTube
videos within one application.
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Table 10 PPG - Evaluation results - 1/2

Question Choice Counter | Percent
very good | 4 33,33
good 3 25.00
PC experience average 4 33.33
not good 0 0.00
bad 1 8.33
no answer | 0 0.00
very good | 3 25.00
good 8 66.67
_ average 1 8.33
Look liking not good 0 0.00
bad 0 0.00
no answer | 0 0.00
yes 5 41.67
ratheryes | 4 33.33
neutral 2 16.67
Items are clearly rather no 1 8.33
no 0 0.00
don'tknow | O 0.00
no answer | 0 0.00
yes 3 25.00
ratheryes | 4 41.67
neutral 3 25.00
The structure of the windows is understandable rather no 1 8.33
no 0 0.00
don’tknow | O 0.00
no answer | 0 0.00
yes 5 41.67
ratheryes | 5 41.67
neutral 1 8.33
Is it visible at a glance what options are available rather no 1 8.33
no 0 0.00
don'tknow | O 0.00
no answer | 0 0.00
yes 6 50.00
ratheryes | 3 25.00
neutral 2 16.67
The work with the software was fun rather no 0 0.00
no 0 0.00
don’tknow | O 0.00
no answer | 1 8.33
yes 7 58.33
ratheryes | 2 16.67
neutral 1 8.33
The information in the help is helpful rather no 0 0.00
no 0 0.00
don't know | 2 16.67
no answer | 0 0.00
yes 0 0.00
ratheryes | 2 16.67
neutral 1 8.33
It must be read too much before the software can be ysedther no 2 16.67
no 7 58.33
don'tknow | O 0.00
no answer | O 0.00
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Table 11 PPG - Evaluation results - 2/2

Question Choice Counter | Percent
yes 5 41.67
ratheryes | 4 33.33
neutral 0 0.00
Software does what was expected rather no 2 16.67
no 0 0.00
don’t know | O 0.00
no answer | 1 8.33
yes 0 0.00
ratheryes | O 0.00
neutral 1 8.33
The software is very cumbersome to use rather no 6 50.00
no 5 41.67
don’tknow | O 0.00
no answer | 0 0.00
yes 0 0.00
ratheryes | 1 8.33
neutral 1 8.33
First use of the software was fraught with problemgather no 5 41.67
no 5 41.67
don'tknow | O 0.00
no answer | 0 0.00
yes 0 0.00
ratheryes | 7 58.33
neutral 2 16.67
The software is suitable for beginners rather no 2 16.67
no 0 0.00
don’t know | 1 8.33
no answer | 0 0.00
yes 4 33.33
ratheryes | 7 58.33
neutral 1 8.33
Would you recommend this software rather no 0 0.00
no 0 0.00
don'tknow | O 0.00
no answer | 0 0.00
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