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Abstract ii

Abstract

Recommender systems have been strongly researdtiéd the last decade. They
have strongly progressed over the time for non4imeironments. However, they do
not meet the requirements of live broadcast. Liveaticast suffers from several
inherent problems, e.g. the impossibility to foee#iee contents of the next items or

the reactions of the user to the changing programme

In this thesis a simple model of the complex livedticast environment is devel-
oped to classify the media assets and the reaabibtie viewer. A Content-Based
and a hybrid recommendation algorithm are testée Jimple but powerful Con-
tent-Based algorithm has proven to calculate highlity recommendations from
low quality data. The hybrid approach does notgrenfthat well. However, this is

caused by the poor base data.

The thesis can serve as a basis for further ligemenender system research.
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Preface

This master’s thesis has been written as parteoEtliropean research project “LIVE
— staging of Media Events” at Pixelpark AG, Cologtie results are used and pub-

lished in work package 6 of that project.

The LIVE project aims to create a whole new usereeience for television. It at-

tempts to improve the classical linear approachrofdcasting live sport events. It
creates new formats and services and enables tiugiion of new non-linear

multi-stream shows.

Recommender systems form an important basis ferdative television. Within the
LIVE project, they are to provide the consumer witrsonalised TV streams and

the producer with recommendations for programmatire.

A CD is bundled with this thesis. It contains thedis in PDF format, the test appli-
cation, the data gathered in the user tests angyti®n library elementree 1.2.6

used in the test application.
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1 Introduction

Recommender systems are a means of personaligatimding their users with
personalised recommendations of items that woukkipty suit the users’ needs.
They are used in broad area contexts where items@mnehow linked to users.

Recommender systems have been thoroughly reseandtiéal the last decade.

Recently recommender system research emerged foeindependent items like
books or movies to an automatic generation of pedésed streams. Up to now,
these streams reside mainly in the music areahieytdrise also in fields like inter-

active TV.

This thesis proposes an algorithm for building peatised streams within interac-
tive live TV. The development of the algorithm caisps a basic model for users

and media items.

As the character of live TV leads to problems fecammender systems, some
means have to be introduced to overcome those grablThe biggest problem for
live TV is that you can never foresee the exactexs of an item, so that some

substitute data has to be introduced.

The algorithm is developed with possible usage ates in mind, in order to reduce
the required interaction effort. It is created nder to build high quality recommen-

dations out of low quality data.

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
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2 General Overview about Recommender Systems

Recommender Systems play an important role withieractive Media. Once a
registered user performs an action, it is recow®di a specific profile is being built
up. Based upon this profile, the recommender sydtems personalised recom-
mendations for that user by predicting how that wesuld like, i.e. rate, that item.
The recommender system “typically recommends iteitis high predicted ratings”
(Cosley et al., 2003).

Usually recommender systems build upon collaboedfiitering algorithms, i.e. the
system recommends one certain item by matchingigkes profile with profiles of
other users. Then the system recommends itemsasiugérs liked afore. Depending
on whether an item can be used several times,eam \ill also be recommended

several times.

One other type of recommender systems uses CoBts®e methods that semanti-
cally analyse the items. These representationfefitems in the user profile are
subsequently compared to possibly recommended .itértieey matched with each

other, the tested item would be recommended togke

2.1 Where Recommender Systemsare used

Recommender systems are used in a wide varietgrdégts. These contexts range
from online shops to personalised media streamsofmender systems can be

found in classical non-mobile appliances and laéétp in mobile devices.

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
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In general you could say that a recommender systmbe used in every context
where a user is to choose among several differptibres. The system assists the
user to select one good-fitting item. If collabaratfiltering was used, the type of

those items would not be important as long as yrusave some metadata for them.

2.2 Taxonomies. Folksonomy and Formal Terminologies

The term taxonomy refers to a “classification ah¢s” and its underlying princi-
ples. Taxonomic schemes can be used to classifgsalmnything (Wikipedia,
2007a). Jacob (Jacob, 2004) distinguishes betwelassification” and “categoriza-
tion” which will be discussed later. Taxonomies ased to describe items for later
retrieval. In the case of recommender systemsn@xies are used to create meta-

data about media assets.

Classical taxonomic schemes in the field of infatioratechnology are driven by

pre-optimised formal terminologies, i.e. taxonomigssng a controlled vocabulary,

created by domain experts, e.g. Semantic Web agiedo(Halpin, Robu & Shep-

herd, 2007). These taxonomies, referred by Jacotlaasifications, require “sys-

tematic arrangement of classes of entities basexhalysis of the set of individually

necessary and jointly sufficient characteristicst tthefines each class.” In a classifi-
cation system “classes are mutually exclusive adaverlapping” so that the adja-
cent boundaries are completely fixed. Furthermatassification involves a process
of identification (or definition) in that it assera meaningful, one-for-one relation-
ship between an entity and its class.” Consequeatlyentity can either be a class-
member or not. The assignment to one class isaigly “predetermined by guide-

lines or principles” (Jacob, 2004).

Formal terminologies can describe the items redhtiwell but suffer from the vo-
cabulary problem (Marlow et al., 2006): people témdise a “great variety of words
to refer to the same thing.” Using formal termirgi&s requires the system users to
learn the specific classification terms. Those &maver really fit the user needs as

“there is no one good access term for most obje@srnas et al., 1987) Disagree-
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ment on the terms of resource description “can teamissed information or ineffi-

cient user interaction” (Marlow et al., 2006).

Recently a new approach has emerged within theespfoaming resources: Tag-
ging. This approach “allows users to ‘tag’ objestth keywords”, i.e. classifying or,
according to Jacob, categorizing resources witkdboassociated keywords. Com-
pared to classical terminology-driven approachegging is much more flexible and
efficient as adding loose tags to a resource ishnsiitmpler than deciding to which
degree it fits into a predefined category. Usagéagfsynonyms results, as a trade-
off, in “informational redundancy” but this can pab overcome the aforementioned
vocabulary problem. Tagging taxonomies are not ksble than terminologies
though there is no controlled vocabulary. “Stabteéans that users have “some
consensus” which keywords best describe an itentlzatdhose keywords are used
in most cases. (Halpin, Robu & Shepherd, 2007; dfa#t al., 2006)

Halpin et al. (Halpin, Robu & Shepherd, 2007) diésctags as links between users
and resources. They identify a “tripartite struetof tagging”. According to them,
tagging systems consist of the user space, thgpace and the resource space. Each
space is a set of all specific items. The “tagsiol® the link between the users of

the system and the resources.”

Social tagging systems allow the users to shareathe amongst them (Marlow et
al., 2006). As a result tagging taxonomies are;antrast to formal terminologies,
user-created and user-maintained. They have rgdestin termed folksonomies as a
neologism of folk and taxonomy. That neologism dpetrefer to folk taxonomies
as documented in anthropological work but to themvrapproach of shifting the

control of classification vocabulary to the us&viKipedia, 2007b)

2.3 Content-Based Filtering

Content-Based recommender systems recommend iteynsomparing representa-
tions of content contained in an item to repred@nta of content that interests the

user.” In most cases, a keyword profile is builpp&rently, this works well in text
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domains but not in domains where there is not mumttent associated with the
items or where a computer cannot easily analysedbntent. Relying on rich de-
scriptions, Content-Based recommender systems rsgaificant knowledge-
engineering efforts to create substantial metaftatdéhe items. However, Content-
Based filtering can uniquely characterize the udéelville, Mooney & Nagarajan,
2001; Cosley et al., 2003; O'Donovan & Smyth, 2005)

Content-Based systems “form profiles for each usdependently.” Even if two
items were in two neighbour categories that peaplenally like both (e.g. fantasy
and science fiction) the item from category A woukler be recommended to the

user if he only rated items from category B.

Taxonomies can be used as one possible means tmeiddiata to content items.
Which of the aforementioned taxonomies suits thedaebetter is highly dependant

on the context it should be used in.

2.4 Collaborative Filtering

Collaborative filtering systems compute profile #arity between the other users
and the target user “by comparing users’ opiniohgems.” Profile similarity is
usually computed by comparing rating-vectors wilrious distance metrics, e.g.
Pearson correlation or cosine similarity. They jlevthe user with the “best bets”
he will most likely be interested in, either onegde item or a “ranked list of items”
— usually referred atp-N-itemswith N between 1 and 20. (Cosley et al., 2003;
McLaughlin & Herlocker, 2004)

In contrast to Content-Based systems, recommerngé&ms based on collaborative
filtering can provide the user with unexpected fittihng recommendations that do
not have anything in common with aforerated ite@wllaborative filtering is a very
successful methodology in almost every domain -e@sfly “where multi-value

ratings are available”. (McLaughlin & Herlocker,Q%)

However they suffer from two key problems: sparsityd First-rater problem. As

most users only rate a small portion of all itefhss highly difficult to find users
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with “significantly similar ratings.” Furthermorenaitem cannot be recommended
before one user has rated it. This can be theit#éise item has newly been intro-
duced to the system or if it is a rather obscuchaiitem. (Melville, Mooney &

Nagarajan, 2001)

Collaborative filtering systems can be implementesing neighbourhood-based
algorithms. Melville et al. (Melville, Mooney & Nagajan, 2001) introduce a possi-
ble implementation of a neighbourhood-based algeritsing a Pearson correlation

coefficient (1) to measure similarity between tvezrs.

i(ra,i _Fa)(ru’i _Fu)
T (1)

| \/i(ra,i _Fa)zi(ru,i _F“)Z

In this equatiorr,; is the rating given to iternby usera and rval is the mean rating

usera gave overall.

In a second step users are selected, that have the highest pifibdarity with

usera. These users constitute the neighbourhoaa of

In step 3, predictions for all items are computed the weighted average of devia-
tions from the neighbours mean.” In equationf2)is the prediction for usex and
itemi.

n

z (ru,i - Fu)I:)a,u

P =la+ 2t — @)

z I:)a,u

u=1

Collaborative filtering would not perform well, i& high correlation with his
neighbours was based on very few co-rated (i.erlamging) items. To eliminate
those bad predictors the correlation is multiphketh a significance weighting fac-

tor sg, u (3).
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sq. = 2 if n,, <50 @)
" |1 otherwise

In this equatiom, , is the number of items userand useu have co-rated.

2.5 Content-Boosted Collaborative Filtering

Melville et al. (Melville, Mooney & Nagarajan, 200Melville, Mooney & Nagara-
jan, 2002) developed an approach to overcome tbblgms with collaborative
filtering and Content-Based filtering which are riiened before. They use Content-
Based predictions to “convert a sparse user ratmggix into a full user ratings
matrix.” Then they apply collaborative filtering dhis matrix to compute recom-
mendations. Their approach, Content-Boosted Calithe Filtering (CBCF), per-
forms significantly better than recommender systesiag either Content-Based or

collaborative filtering algorithms.

The first step for CBCF is to create a pseudo tesmgs vectow, for every useu.
The element,; of this vector is either the item rating by thaeué¢,;) or the rating
prediction computed by a Content-Based prediatg) (f the user had not rated the

item before (4). All vectors, form the pseudo ratings matik

\"

u,i

) 4
C, . otherwise @

U,i

_{ruyi if useru rated itemi

As the accuracy of the Content-Based predictioreddp on the number of items the
user has already rated, a harmonic mean weighdictgif fm, ) is introduced (5). If

a user had rated many items, the Content-Basedcpioed would be good and the
resulting pseudo user-ratings vector is accurateohtrast, that vector will not be
accurate if the user only rates a few items. Thxadntness in that vector leads to
high correlations between the active user and therousers even though they

should not be that highly correlated. In order ik@gxacter predictions, the correla-
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tions between two users are weighted with thisofadh this equatiom, refers to

the number of items usarhas rated.

h _ 2mm,
©om+m,
®)
= if n, <50
— )50
m {1 otherwise

The harmonic mean biases the weight to the lowkrev@n, and m,). Correlations

between two pseudo user-ratings with at least 80gmeach will receive the high-
est weight, whereas correlations with less rateahst will be devalued. The level of
50 rated items was empirically chosen based ometimming curve of the used con-

tent predictor.

To the harmonic mean weight, the significance wenghfactor (3) is added to form

the hybrid correlation weighitw, , (6).

hw, , =hm,, +sg,, (6)

Collaborative filtering algorithms compute a preiin for one user “as a weighted
sum of the mean-centered votes of the best-n neightif that user.” In CBCF, the
pseudo active user, i.e. the pseudo user-rating®véor that user, is incorporated
into the neighbourhood. To raise confidence inGloatent-Based predictions a self

weighting factorsw, (7) is used:
=max ifn, <50
sw, = . (7)

max  otherwise

The parameten, is the number of items rated by userAs for equation (6), the
threshold 50 is chosen in accordance to the legrourve of the Content-Based
predictor. The parametenaxindicates the confidence in the Content-Basedipgred

tor. In their experiments, Melville et al. usedaue of 2.
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The final CBCF predictiom,; for the active usea and itemi is a combination of

both weighting schemes (8).

SW,(C, ~Va) + Y hw Py, (Vg —Vu)
=1

a,u’ au

uza

Pai =Va ¥t N (8)
SV\é\ + z hWa,u Pa,u
=1

uza

In the CBCF prediction equatioy; is the pure content prediction for useand
itemi. vy is the pseudo user-rating calculated for wsand item. ‘7a and\7u are the

mean rating over all items of usgs respectively usea’s pseudo rating vecton, is

the number of neighbours.

2.6 Comparison of the Filtering Approaches

Compared with a pure-Content-Based predictor, @ pallaborative filtering predic-

tor and naive hybrid approach, content-boostedalotative filtering always per-

forms significantly better. Even though, comparedhe pure CF-approach, CBCF
does not perform much better. This was tested uswgdifferent metrics, viz Re-

ceiver Operating Characteristic (ROC) and meanlatsserror (MAE).

With CBCF it is more likely to find a better neighlrhood than with pure collabo-
rative filtering. Users can be considered as neighb even though they have not
co-rated any item but are considered to have dagir@ste through Content-Based

predictions.

As calculating the pseudo user ratings matrix gglyi complex, computational costs
need to be reduced. One possibility is storing mpiete pseudo ratings matrix and
performing only incremental updates when they @eded, e.g. if user (re-)rates an

item.
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As both components of the CBCF system, i.e. thet@uwrBased predictor and the
collaborative filtering algorithm, are independehg prediction can be improved by

improving the basic components.

Taking the computational overload into accounthas to be considered whether

CBCF affords benefits over pure collaborative filtg.

2.7 Examplesof Recommender Systems

In the following part, three well established comeoi@ recommender systems,
Amazon, del.icio.us and last.fm, are briefly exagdinin addition a fourth recom-
mender system, Lifetrak is described in more detafetrak is developed at the

University of California, Los Angeles.

All commercial recommender systems set anothersfafwecommendation. Ama-
zon provides classical time independent recommendaising collaborative filter-
ing. Del.icio.us uses some hybrid CF and tag-basedgcontent-based, algorithm.
Last.fm’s recommender system is also based onhboldive filtering but also in-
corporates tags into its algorithm. All these reomender systems do not provide
much information about how they work in detail. Mo$ the description is accord-

ingly inferred from FAQs as well as third party soes.

Lifetrak is, in contrast to the other systems, ead&mic project which has been well
documented. At the time of writing, it cannot beaibed for usage yet. Lifetrak is
designed to operate on a mobile device. It usesrae@t-Based predictor. It takes

into account several environmental factors foretssommendations.

2.7.1 Amazon

The media store Amazbis one of the biggest e-commerce sites in theeemntorld.

Amazon sells goods like books, CDs or DVDs. Regematlbunch of other product

! http://lwww.amazon.com
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categories such as “consumer electronics” or “faod household” have been ad-

ded. Nowadays, Amazon offers products for neatlgsdects of everyday life.

Amazon has one of the best-known recommender sgstieat are currently in use.
It usually serves as an example for non-expertwlait a recommender system is
like. Amazon’s recommender system uses collabardiitering based on the items
a customer has purchased before. Furthermore, 46e aan rate any item on a

graphic 5-star rating scale.

Amazon also recommends items that are similar eoitdm the customer currently
looks at, e.g. “Better Together” (popular combiaatof two items) or “Customers
Who Bought This Item Also Bought”. Amazon uses tkeommender system to

promote cross-selling on the customer purchasesagidn.com, 2007)

2.7.2 dd.icio.us

The social bookmarking application del.icid.uses a recommender system to dis-
play currently “hot” websites on its homepage.désitags to describe the semantics
of the content. Consequently, a folksonomy clagsifiall items is built up. Related

tags can be computed by using the folksonomy besatirus.

Del.icio.us is commonly used as a research todlittman also be seen as some kind
of trend barometer (Kleske, 2006). The del.iciocesommendation engine takes
tags associated with minimum 10 items to build @wssed recommendations
(Schachter, 2005). On the homepage, as of August,28 hotlist containing cur-
rently popular items is displayed. In the rightwoh, tags and adherent items that

might be interesting for the user are recommended.

2 http://del.icio.us
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2.7.3 last.fm

Last.fn? is a social music platform offering personalisadio streams to its users. It
uses the recommender system Audioscrobliteibuild personalised recommenda-
tions. Audioscrobbler builds a profile of musicdka the user listens to. The user
profile can either be populated (“scrobbling”) bgténing to the last.fm internet
radio service or by listening to one’s personal imusllection. Additionally, the
user can rate any single track on a dual scalevglity or “Hate it"). If the user does
not vote he implicitly votes however. As the listemtime is also taken into account
for the recommendations, not voting can be desdrdsea neutral-positive opinion
about that track. Audioscrobbler uses a collabeeafiitering algorithm for its rec-

ommendations.

Listening to a personalised radio stream is possitith the last.fm player. It is
available as flash and stand-alone version forimaflortant platforms (Windows,
Mac OS and Linux). Installing the stand-alone arsalso installs plug-ins into the
users’ music players, e.g. iTunes, Winamp or QubetLiUsing these plug-ins, the
user can also scrobble tracks played with that anptiiyer. Audioscrobbler is able
to scrobble tracks played on portable players sisciie Apple iPod, Microsoft Zune

or Creative’s Zen players.

Last.fm also incorporates tagging functions ingosérvice to generate metadata for
the tracks. Tags are usually used to describe gerwed or artist characteristics, but

any other classifications are used, too.

Last.fm offers several personalised radio streaMg: Recommendations, My
Neighbourhood, My Radio Station and My Loved Trackie two last-mentioned
are only available to paying users (subscribers)addition two variations of tag
radios are available: the overall tag radio andser tiag radio (subscribers only).
Both radios only play songs tagged with certairstdge user tag radio plays only

songs tagged by one user. (Wikipedia, 2007c)

? http://www.last.fm

* http://www.audioscrobbler.net
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2.7.4 Lifetrak

Reddy and Mascia (Reddy & Mascia, 2006) developednusic player Lifetrak
that aims to provide the listener with context-aavarusic experience. Its goal “is to
liberate the user from having to consciously spetiie music that they want to
play.” Lifetrak is designed to work on a mobile @y viz the Nokia 770 Internet
Tablet. It uses a context-sensitive music-enginelé¢cide which music to play. It
takes four factors into account: the location @ tiser, the current time, the velocity
of the user and the user’s urban environmentttieesound level of the environment,
the local traffic conditions and the current weathide context engine is adjusted by

a learning model based on user feedback.

Lifetrak does not analyze the songs and conneat tngtomatically to the different
contexts as not all users are likely to hear theesausic in the same situation.
Lifetrak requires the user to tag the song databétsethe context constructsThen

the system evaluates the current context and baikiuation-specific playlist.

Lifetrak consists of four main components. The usmce document contains a list
of all songs and the associated contexts. The xbetgine builds context informa-

tion from several sensors. It stores the infornmaiiotags: if a tag is associated with
the context it has the value 1 otherwise O at tbgirtming. The rating generator
creates a ranked playlist from user context and) statabase. The music player

provides an interface to adjust the current sedting

The song rating algorithm is rather simple. It useme kind of Content-Based algo-
rithm multiplying the tag values of the songs witte values the context engine
provided. Then all tag values are summed up. Tiieg is to represent the desire of

the user to listen to a certain song.

® Reddy and Mascia do not use the term tag as ibéas previously defined. They
use tags more in a classical terminology driven a@yhey provide the user with a

distinct predefined vocabulary.
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User feedback is also realised in a rather sim@g. Whe first method is using a
context equalizer that weights the current contextor with its appropriate weight-
ing factor. Secondly, a dual “love it” and “hat& fiéeedback mechanism is used. For
each tag coming from the current context, the vaduancreased respectively de-

creased.

275 InaNutshdl

All recommender systems examined above perform imetheir respective area.
However, not all of those approaches would perforetl in interactive TV, espe-
cially in live TV. Amazon and del.icio.us do notitsthe requirements for live media

but Lifetrak and especially last.fm provide someiiasting features.

Last.fm’s model for gathering ratings by taking gesaime as some kind of positive
feedback plus explicit rating one specific songbéesmthe user to give that feedback

very easily.

Lifetrak’s context-aware approach is also veryrieséing even though it might be
more difficult to obtain external data. Even thougbme kind of mood information

should be taken into account.

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
and Rating User Feedback



Recommender Systems in the Context of Live-Trasismss 15

3 Recommender Systemsin the Context of Live-

Transmissions

Live transmission evokes special problems for revemder systems. In contrast to
classical recommender systems, it is impossiblerédlict the content of any media
asset. Consequently, any Content-Based predictinronly be a reaction to an event
that happened in the closer past. Collaborativeriilg relies on enough consumers

watching the programmes bouquet.

In this chapter, ideas of tasks a recommender systauld perform and the prob-
lems it would have to cope with are envisioned.tlienmore, differences between

lean-back and lean-forward scenarios are briefscdeed.

3.1 Tasksof a Recommender Systemin Live Media

In contrast to archive-based media, a recommengitera in the context of live

transmission is faced with several challenges.

Live transmission induces two types of recommemystems: a basic implementa-
tion similar to an electronic programme guide (ER@Y) a more sophisticated im-

plementation examining especially the precedingplesf time.

A personalised EPG can provide the consumer witly lerm information which
broadcast could be interesting for him. As a tirbktdor events is usually available

this is an excellent foundation for any recommersystem in live transmission.
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A personalised EPG enables the user to discoven whbest watch TV for the most
thrilling experience. The user could build anythiliige a playlist respectively a

reminder list for the upcoming broadcasts.

In addition, a recommender system for live TV mgstmuch further. It does not
suffice to measure the user and the upcoming pnagaonce. Rating and measur-
ing has to be an ongoing process. A recommendéerayshould enable the con-
sumer to watch the programme he wants to watchatéemwhat he specified afore.
In contrast, the system should be able to adjudt weighten recommendations

according to recently changed parameters.

3.2 Lean-back vs. Lean-forward

Recommender systems can provide two different egperiences to the viewer:
lean-back and lean-forward. In a lean-back scendhie viewer rather passively
consumes the TV programme whereas in a lean-fonapmtoach the viewer ac-

tively interacts with the programme.

A lean-back approach would liberate the user framirg to decide consciously
which programme to watch. This usage scenario regusome conditions to be

specified under which circumstances a recommenaatiould be followed.

In contrast, lean-forward would require the usecdémsciously decide whether to
follow a recommendation or not. This induces arvagparticipation of the viewer

but the system does not patronize the user.

A recommender system for TV should afford both apphes. It should also be
adjustable, which approach to use as the same wimight once be interested in

one approach and at another time in the othermnaria
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3.3 Problemsfor a Recommender System

Recommender systems supporting live transmissiva tmface some key problems
due to the nature of live events. It is ratheridift to gather data with sufficient
quality for both recommendation approaches, i.#aborative filtering and Con-

tent-Based filtering.

Content-Based filtering suffers from the imposéipibf providing appropriate con-

tent descriptions. As you cannot predict what Wéppen next, you can only provide
raw descriptions afore. Tagging a content-item appately is merely possible as a
reaction to the closer past. A really exact desoripcan only be assigned after-

wards.

For example the viewer watches a football gamealaat wants to view all goals of a
parallel game. When a goal is scored, the viewarlm shown a repetition of the
goal, but it is impossible to show the goal in rgale. Also showing chances for

scoring a goal would be possible trade-off.

A crucial aspect for getting Content-Based filtgrio work is providing the system
with good annotations in real time. The media assaist be tagged by editors while
being broadcast. The system can support the eojtgroviding a set of tags that
could fit in the current context. Furthermore,tibsld be easy to introduce new tags

to the system so that a folksonomy could be built.

Collaborative filtering relies on a critical massuwiewers that must be available. In
contrast to non-real-time recommender systemsiij@ssible to take all registered
viewers as a basis for collaborative filtering, baty the consumers currently wat-
ching the programme bouquet. Accordingly, you hevenduce an action from im-

perfect data.

Consequently, it is necessary to use a combinaifonollaborative filtering and
Content-Based filtering such as CBCF to overcongepioblems both approaches

suffer from.
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4  Scenario-Based Development

Development of an interactive system requires &aierfit development method. For
this system, Scenario-Based Development (SBD) fwaorie as introduced by Ros-
son & Carrol (Rosson & Carroll, 2002) is used.

SBD, as indicated by its name, uses scenariosuisien functionalities which are
to be developed within the project. Due to theinmete and flexible character,
scenarios can be easily altered and elaborated. fbbas designers on the needs of

the people in the real world.

SBD helps to manage trade-offs within the develapgm@ocess. Furthermore, it
enables to integrate many different kinds of knagke and facilitates participatory

design by using a universal accessible language.

Scenario-Based Development integrates the advatafja linear development
process with iterative feedback and reworking.ekalves the trade-offs between

waterfall models and flexible prototyping.

The SBD framework is segmented into three phasedysis, design and prototyp-
ing and evaluation. Each stage has specified sethdt the next stage uses as input.

The framework also enables iterative refinemerihese results.

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
and Rating User Feedback



Scenario-Based Development 19

Analyse
Anglysis of & "
stakeholdars, Problermn scenarios - Curi"]f ?«Ptliln
field studies practic

.

Design

A i S

Activity scenarios

Metaphors, e
an (4] ] |

t;rcr:ﬂﬁ : analysis al

HGI"tneEH:I ; _ usahlitty ciaime

auidelines Information scenarios and redasign

——

——

Interaction scenarios

Prototype and Evaluate

Formative

Summative = it
Usakility specifications anvsliiation

evaluation

Fig. 1: Overview of the SBD framework (Rosson &rGhr2002)

Scenarios are transformed within the process fravhlpm scenarios on the analysis
stage via activity, information and interaction sagos (design stage) to final us-
ability specifications (prototyping and evaluatiojach stage results in claims
about the particular scenarios. A claim describesnost important features includ-
ing the pros and cons. It summarizes the impactsfefiture on the respective actor
and on the other scenarios. Claims facilitate des@asoning by encouraging de-

signers to increase positive and to decrease negaipacts.

Even though Fig. 1 looks to be a downward wategadicess from analysis to de-

sign and evaluation, it is intended to be an iteegbrocess. Scenarios can be altered
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and refined at any point during design. Accordingifie adjacent scenarios have to

be altered, too.

4.1 Analysis

SBD describes requirements analysis as an ongaiogegs throughout develop-
ment, because it is impossible to specify all peoid in advance. It aims to get
involved all different stakeholders in the analyglsase as each task is described

differently by each of them.

The first step in the analysis phase is to build@ concept that describes the gen-
eral ideas of the project. In a second step, afysiseof current practice is carried
out. Rosson & Carrol suggest arranging field stadieat “examine the activities of
various project stakeholders.” Field studies canidertaken as workplace observa-
tions, recordings, interviews or artefact analy$lse data gathered in field studies is

summarised. These summaries serve as a basiefprdhlem scenarios and claims.

The resulting problem scenarios and the relatemnsladan serve as requirements
specification. They describe implicitly user needsl opportunities. Furthermore,
problem scenarios also describe the characterisfitse users and their organisa-
tional context. Besides, descriptions of typicad @nitical tasks as well as the tools

used by the stakeholders are presented.

4.2 Design

The design phase is divided in three parts: agtidésign, information design and

interaction design.

Activity design specifies the system’s functionglite. what the system is to do. It
aims to envision the entire situation including giogl and social characteristics. Its

computational perspective enhances the communic&i@ween usability experts
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and developers. Activity scenarios lead to an aislgf trade-offs implied by new

design features.

Information and interaction scenarios specify hosystem performs the previously
defined tasks. Information scenarios depict hownmiation is dealt with and how
the system presents it. Besides, they determinehninformation is shown to the

user.

Interaction scenarios describe how the user shiotédact with the system. They
describe concrete means of accessing and maniyltask information. The inter-

action design assures “that people can do the tigigs at the right time”.

4.3 Prototyping and Evaluation

Prototypes, concrete but partial implementationsystem designs, “are constructed
and evaluated to guide redesign and refinementéyTdre used to investigate the
problems occurring during system development. S#w@raluation techniques are

available to address the respective problems.

Prototyping and evaluation assure finding problemssed by the design ideas in an
early stage. This process helps to iteratively iigwaew insights to the problem and
thus reducing development costs. Hence, the desiymd also the design process —

ameliorate.
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5 Scenario-Based Development of a Live Recom-

mender System

In this chapter the results of the Scenario-Basedeldpment of the live recom-
mender system are described. Scenario-Based Dewefdps used as method for
requirements analysis. Hence, the process is nwumbed until the end. The first
three steps introduced by Rosson & Carrol — rooicept, problem scenarios and
claims and activity scenarios and claims — are uséklis project. These steps serve
as a basis for UML (Unified Modelling Language) USases. Ensuring better us-
ability, usually the key feature of Scenario-BaBeelopment, is not the main goal
of this project. In contrast, development of a rao@endation algorithm is in the

focus. However, SBD is a very good means to descghuirements.

51 Analysis

5.1.1 Root Concept

The root concept is derived from the overall projeision within the IST LIVE
project (LIVE consortium, 2007). This part is mgirdoncerned with personalised

content recommendations.

The recommender system builds a personalised IMesffeam. This stream is
broadcast to the consumer. The consumer is suppitbdpersonalised recommen-

dations he can follow or not. The aim of this pafrtthe project is to develop an
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algorithm that provides these personalised recordaténs. In conclusion, the

content recommendations aim to ameliorate the épez of watching TV.
In this context, four stakeholder groups can betifled:

«  On the producer side: video conduétand director.

* On the consumer side: two types of viewers, vizvaa@nd passive users. Users
are classified as active, if their TV watching made be described as lean for-

ward otherwise they are considered as passive.users

As starting assumptions, the final recommenderesyswill be realised within the
LIVE project. A prototype for testing the algorithemd the prediction quality is
built. Video material and metadata descriptionsraeyet available from the other
project parts. An adequate substitute for this dhas to be found. The crucial part

will be integrating live measurement of audienctada

5.1.2 Problem Scenarios

Problem scenarios address the basic requiremethgsgiroject. The scenarios have

been derived from current TV usage behaviours.

5.1.2.1 Holly Cooper

Holly is a mother of two children (10 and 13 yeae is 41 years old. She works
half-time as a biology teacher. She loves to workhe garden and to walk around.
As she has very little free time, she only watch#swhile ironing or working out at
home. The remote control is always near by. Ifftkeprogramme was not attractive
to her, she would zap around. For her, TV is a gamknd distraction while doing
something else. Usually, it does not play any elf®where. Sometimes, she wat-
ches a DVD with her husband Dean.

® Avideo conductor can be described as a supectdirevho decides among differ-

ent streams provided by other directors. For mafigrination cf. Wages et al., 2007.
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5.1.2.2 Seth and Summer Middleton

Seth and Summer are a newly wed couple. They atedral twens. They are plan-
ning to have children in the future but that is get acute. Both of them have fin-
ished their studies some time ago and have goadrotw. They could be classified
as DINKYS.

They like to watch football together, but excepbtball Summer is not much into

sports. She prefers to watch movies and TV seeigp, she never misses a single
episode of The O.C. Contrarily, Seth loves to wagbrts. He loves to watch rugby
and some other sports, but he hates to watch iaghl€urthermore, he loves to read

comics.

Usually, they have a long discussion when startingvatch TV. When they have

managed to agree on a programme they keep watithing

5.1.2.3 Ryan Ashbrook, Tate McK enzie and Jeff Cohen

Ryan, Tate and Jeff have been best mates for atiomg They like to go out for a
beer. Every Saturday afternoon, they meet in tla@iourite pub to watch the week-
end’s football games. They enjoy watching sportthwhany other people. They
prefer public viewing events over watching sporigheeir own. However, if meeting

up does not work out, they are still willing to whtsport events solitarily.

5.1.2.4 Frank Doose

Frank works in an established assurance as a sateste mainly watches TV when
coming home from work. He is not really interestadhe programme, so that he
switches forth and back. But if he switched to arofel he likes he would stop zap-
ping. He combines watching TV with having dinneavhg finished dinner, he

usually turns TV off.

" Double income no kids yet
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5.1.2.5 Luke Roberts and Niki Bilson

Luke and Niki have been a couple for 1.5 years.yTieally enjoy being together.
They only watch TV events that they have schedildetbrehand. They usually
watch the shows from the beginning until the encthkir leisure time, they love to

do sports, go for a walk or dine in a restaurahe Tost important thing for them is

being together.

5.1.3 Problem Claims

The problem scenarios described in chapter 5.1e2trmnsformed into problem

claims. These claims are the essence of the sosnari

Situation Feature

Viewer chooses
programme via re-

mote control

Different pro-
grammes defined by

creators

Using TV as back-

ground distraction

Possible Pros (+) or Cons (-) of the Feature

+ Viewer controls the programme he watches

+ Programme can change over the tithgorogramme
does not become boring

- Viewer has to stop his other work (if TV is usesiback-
ground distraction)

- Remote control has to be near by

+ Everyone might find something

+ Different user habits, e.g. watching one charregh-
ping etc., supported

+ No approval of a channel by the viewer necessary
- If the programme changes the user has to react

- Flow of the channel externally predefined

+ Viewer gets information or entertainment whilerdp
something else

- Content most likely does not suit user needs

Fig. 2: Problem Claims derived from Problem Sceaoatri
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5.2 Design

5.2.1 Activity Scenarios

5.2.1.1 Holly Cooper

Holly, a biology teacher, has just come home framosl. It was a rather hard day
as her 10 -12 year old students were quite upset.pfans to do some work in the
garden as recreation later in the afternoon, lvst $he has to do some housework.
She turns the TV on and switches to her persora@menendation channel. The
System recommends her to watch a video about nelmgly. She loves to watch

videos that have to do with her job so she turosit

In the evening her husband Dean comes home. Thageléo watch a movie to-
gether. Dean bought a new DVD yesterday that tleejde to watch.

5.2.1.2 Seth and Summer Middleton

Seth and Summer have been out for a walk. Whilpgsieg dinner they argue what
to watch on TV. The personalised recommender pegptse half final of the 2007
Rugby World Cup between England and France to &eaththe new episode of The
0O.C. to Summer. As the rugby half final is not attive to be watched afterwards
they decide to record the The O.C. episode andhwaigby.

5.2.1.3 Ryan Ashbrook, Tate McK enzie and Jeff Cohen

Ryan, Tate and Jeff meet at their favourite putvatch football together as they do
every Saturday afternoon. As they rush in, theytifle themselves to the viewing
system and form a group of viewers. The systentdbul personalised sports stream

in accordance to the group profile.

5.2.1.4 Frank Doose

Frank has just come home from work. He turns onTMsand switches to his per-
sonal channel and prepares his dinner. First teesy shows him the most recent
news show. After the news, the system recommendsahi episode of a comic se-

ries. He accepts the recommendation and watchesethes.
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5.2.1.5 Luke Roberts and Niki Bilson

Luke and Niki are planning their weekend. Theytstae Electronic Programme

Guide (EPG) of their television receiver to see wfilans will be broadcast this

evening. One of their favourite movies is scheddt@donight. They plan to watch

that movie and meet some friends in a pub aftersvard

5.2.2 Activity Claims

The activity claims described in Fig. 3 have beerivéd from the activity scenarios

of chapter 5.2.1. They serve as a basis for the Wgk Cases described below.

Situation Feature

Smart Zapping

Tag Channel

Grouping

Video on Demand

Default Programme + Fallback solution

Possible Pros (+) or Cons (-) of the Feature

+ Reduces required user interaction

+ When watched programme is finished, new content
available

+ Personalisation

+ Real lean-back

- Could be distracting

- No control about what comes next

- Recommendations can be intransparent or eveounag
rate

- only suitable for one viewer

+ Viewers can choose a distinct area of interest

- Only possible with IPTV (at this moment)

+ Personalisation for a group of users
- Average channel for a group could lead to badmec

mendations for the specific viewer

+ Time independent access to video

- Only possible with IPTV (at this moment)

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering

and Rating User Feedback



Scenario-Based Development of a Live Recommendensy 28

for unknown viewer + Average channel
+ Preserving the status quo

+ No need to register

Fig. 3: Activity Claims derived from Activity Sceiues

Four activity claims have been derived from thepeetive scenarios. They serve as
a basis for further development. However, only et@m is taken into account:
smart zapping and the necessary recommendatioesiifbe other features form

interesting viewpoints but lead away from the priynfacus.

Smart zapping means that the system changes aitallyato another asset if it
suits better with the viewer or the current assdinished. This feature is derived

from the last.fm recommender system described aptehn 2.7.3.

5.2.3 Use Casesderived from Scenarios

In contrast to Scenario-Based Development as intred by Rosson & Carrol the
scenarios do not serve as a basis for developnigheaeal application. They are
used as a means of requirements specificatiorh®matgorithm. Consequently, the
scenarios are used to clarify the problem scopeas@adhen being transformed into
UML Use Cases.

The UML diagrams contain the essence of the adfasmanarios. If an interaction
scheme already existed in another Use Case it wmiliéft out. Consequently, no
specific Use Case is derived from the Frank scen&ig. 4 to Fig. 7 illustrate these

Use Cases.

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
and Rating User Feedback



Scenario-Based Development of a Live Recommendensy 29

System

i

\\ watch DVD

Fig. 4: UML Use Case derived from Holly scenarios

Holly watches television mainly as distraction araps through the channels. To-

gether with Dean, she also watches DVD (Fig. 4)
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System

watch football

watch sports
(e.q. rugby)

<>

Fig. 5: UML Use Case derived from Seth and Sumicenmarios

Summer and Seth (Fig. 5) like to watch several dkmiats together. Some of the
formats they like both, some one of them does et them at all (dismiss) and

some one of them really likes (favour) them.

The Use Case derived from the Ryan, Tate and deffagios (Fig. 6) only mentions

the new actions identify with the system and forgraup.

As the Frank scenarios do not provide any new imédion, no Use Case is created

based on these scenarios.
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System

identify

i

Fig. 6: UML Use Case derived from Ryan, Tate arftisteenarios

In contrast, a new feature can be derived fromLiliee and Niki scenarios. They
plan their TV programme in advance, i.e. they stidid supported by a scheduling

mechanism (Fig. 7).

System

schedule

Fig. 7: UML Use Case derived from Luke and Nikirerés

5.24 Resulting Use Cases

All Use Cases developed in chapter 5.2.3 have besbined and simplified to one
single Use Case shown in Fig. 8. It illustrates fersures that can be derived from

the scenarios developed in this chapter.
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This work is mainly concerned with the proposalaof algorithm that calculates
predictions and recommendations for media assetshat all actions concerned
with user management, i.e. identify and group, lafeout. Furthermore, the Use
Cases do not map any relationships between the.usensequently, the algorithm
is developed to calculate recommendations for only user at a time. Furthermore,
scheduling is also not developed. However, schedgui programme could be
mapped with favouring it. All programme items ar@apped to one abstract pro-

gramme item.

System

programme

Zap o
recommended
show

Fig. 8: Combined Consumer UML Use Case
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Fig. 9 describes the tasks the system is to perfohose tasks have not been explic-
itly formulated within the scenarios but have ba#erred from the inherent impli-

cations.

recommend

‘—H___hh‘q——‘——_

Fig. 9: Use Case illustrating the actions the sgsie to perform

5.3 Prototyping and Evaluation

The process of prototyping and evaluation is maadyressed in chapter 10. Chap-
ters 6 to 9 describe the development of a recomatemdalgorithm based on the
requirements analysis in this chapter. Howevergwaluation of the whole system

with more users is scheduled in mid 2008 withinlthéE project.
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6 Realisation of Viewer Profilesusing Implicit and
Explicit Feedback

A crucial aspect for calculating recommendationadsurately describing the user
and his relations to the media iterhs] J ®. These user profiles are built using two
means of user feedback derived from the scenandsUse Cases developed in
chapter 5: watching statistics (i.e. watching aseasr zapping) and asset rating on a

dual scale (i.e. favour and dismiss).

6.1 Mapping Feedback to a Benchmark Variable

Watching statistics form a variation of impliciteigback whereas asset rating is a

means of explicit feedback.

Watching an asset can be mapped on three chasdicerivatched, zapped and not
watched at all. Watching an asset is interpretegasitive feedback whereas zap-

ping has negative connotations. Not watching aatasdreated as neutral feedback.

83 is the set of all items available to the vieweedi& items are also called media

assets in this thesis.
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Rating an item can be expressed in two ways: fatloaiitem and dismiss. Rating
explicitly implies that a user has watched the itddismissing the item induces

zapping to the highest recommendation.

Both means of feedback are mapped to a benchmadbiaas indicated in Fig. 10.

Mapping two different types of feedback to one Engariable can be seen as losing
information. As the higher absolute values alsduide the weaker feedback this is
not the case. In contrast, using only one variabiglifies the whole process. Fur-
thermore, this mapping is bijective so that anotieight for the feedback can be
simply implemented. In this examination, both meahdeedback are treated as

equivalent, but this can easily be changed.

favoured
+2  watched _
+1 —!
exmiicit feedback not watched --- ! impifcit feedback
1 !
.2 " Tzapped
dismizssed

Fig. 10: Values of the benchmark variables usedescribe watching and rating

of live media assets

The feedback is always mapped to the whole assehatter whether the respective

action is performed at the beginning of the asset d@s end.

6.2 Possible Enhancements of Feedback Collection

Further enhancement to the quality of implicit fleack could be derived from mood
analysis methods using real time face analysim@educed by Kiblbeck (Kubl-
beck, 2007). Mood analysis could provide more rafgvinformation about how a
user likes an asset without requiring him to perfaan action. Even though no
evaluation of the face analysis method is availablie time of writing, it seems to

be an auspicious approach.
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Surprised——

12 12:37:14.153121

Fig. 11: Screenshot Face Analysis Software (Kilkp2607)

How such enhancement could be integrated in a fagdimechanism depends on
the characteristics it provides. One possibilityivid from Kublbeck’s proposition
would be to integrate the indicators for angrinésgpiness and sadness. As solely a
demo version of the software is available this caroe tested yet. Hence, it is not

integrated in the proposed algorithm.

6.3 Weighting Media Assets according to Feedback

Every user takes a specific path through the cHanpmmvided to him. He rates
every item he watched as described in chapteiGhé.example is illustrated in Fig.
12.
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-

Channel

| | | O | h | de | LAY -

=
[=1

Fig. 12: Example and related Ratings for User ucahéig an interactive Video:

Black indicated items have been watched.

Each media asset has to be weighted accordingetéettdback the consumer pro-
vided. A simple tagging mechanism is used to dbsecitie media assets. One asset
can (theoretically) have an unlimited number oftdgut must have at least one. The

set containing all tags is denoted with

The rating of an asset is mapped on the assess itegthe asset tags are rated with
the same value as the whole asset. If a tag isssciated with an asset, it will be

implicitly rated with 0.

Tags are used as a means of describing media assetsse they are a rather easy to
implement form of metadata. As described in chapt@rit is impossible to predict
the contents of the next assets. It is also quiffiewt to calculate profile similarity

only according to the seen assets as they carbersgen when they are broadcast.
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6.4 Building User Profiles

User profiles describe the users by the tags aasalcto all assets. In a first step the
tag vectorT;; (9) is created. The tag vector describes whetdwris associated with
itemi.

~ {1 if t 0 Tin tags associated with ass o

0 otherwise

In the next step, the skt; of all items tagged with and rated by usar is defined
(20).
u,t

l, ={i03f,, #o0r,, =1 (10)

The user profildJ,; for useru and tagt is calculated as arithmetic mean of the rat-
ings usetu gave to items associated with ta@1). If u did not rate any item tagged

with t, U, ; would have the value of 0.

2N

Duif#1,,#0 (11)

ut —
u,t

0 otherwise

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
and Rating User Feedback



Content-Based Predictions 39

7 Content-Based Predictions

Content-Based predictions are one possible meacaltalate recommendations for
a user. These recommendations are built on thepuséile and the tagging mecha-

nism described in chapter 6.

7.1 Prediction Algorithm

A Content-Based prediction for one user and onetdsgealised in a quite simple

and straightforward manner:

1. Afiltered user rating vector is created from tlsemprofile and the tags associ-
ated with the current asset: the mean ratingseohthive user (given in the user

profile) associated with the tags of the actuattksm that vector.

2. The arithmetic mean of the filtered vector is cidted. It is treated as a Con-

tent-Based prediction.

A python example implementation is given in Fig. TBe vectomuserprofile is
the profile calculated for the current user as deed in chapter 6.4. The vector

assettags contains all tags associated with the asset.

def cb_prediction(userprofile, assettags):

# the vector userprofile contains the profile values of
one user associated with a tag

# the vector assettags contains all tags associated with
an asset
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return mean([userprofile[tag] for tag in assettagsl])

Fig. 13: Content-Based Prediction as implementethétest application

Two other methods have been discussed for cre@mgtent-Based predictions:
using a Pearson correlation and using a dot prasfubie user ratings vector and the

tag vector. For both cases the tag vector is définequation (9).

The first approach to calculate a Content-Basedigtien uses a Pearson correla-
tion to measure the linear distance between thilgpand the asset. This approach
would have yielded to more steps to be performeathducalculation. However, a

more important trade-off would have been that @mp Yector must be filled with

many zeros to describe tags that are not associdtedhe asset. This induces that
the correlation value is very low even though thgstmight be the best liked in the
profile. On the other hand you could consider daking tags into account that are

associated with that item.

Calculating a dot product of the rating and tagteea@s used in Lifetrak (Reddy &
Mascia, 2006), yields to the same result as summnthe values of the tags asso-
ciated with the asset. This result must be mappethd rating interval by either
dividing by the number of tags total or the numbktags associated with the asset.
Dividing the result by the number of tags assodiatéh the asset is equivalent with
the algorithm proposed above. Equation (12) shtnesptrediction calculated as dot

product (withn: number of tags associated with the asset).

T .U
Cai :Ti wu _ ; it=ut (12)
YT 2T
toz tox

Fig. 14 illustrates the process how a content bagwediction is calculated from

consumer actions.
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Content Based

SOREUm | Prafl —=
Gansumar ratile Brediclion

Fig. 14: Process Diagram of the Content Based Ritedli

7.2 Rdiability of the Content-Based Predictor

According to Melville et al. (Melville, Mooney & Ngarajan, 2001), the factby;, —
the minimal number of training items to deliver dgaredictions — is calculated by
using a learning curve for the Content-Based ptedi©n this learning curve, the
mean absolute erfoMAE is plotted against the number of training itemg mini-
mal n (Imin) has to be found to describe the predictor agddugnder the condition
that the curve is monotonic decreasing. The Corased predictor is trusted when
the derivative value of the curve is greater tHaB01 (13). Hence, they use a high

significance level.
MAE'(l ;,) =—0.001 (13)

In this case, as discrete numeric values are examthe derivative is defined by the

difference quotient (14).

MAE(n) = MAE(nﬂi_ MAE(D _ MAR +1)- MAR & (14)

Melville et al. calculated the learning curve fa@2lusers with at least 200 items
rated. It is not yet possible to say how many useesnecessary to test this algo-
rithm as the final probe design being carried outhe 2008 field trial is not yet
described.

° The mean absolute error is defined further orhiapeer 10.4.1.
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7.3 Pseudo User Ratings Vector

Content-Based predictions are calculated for emspet available at a certain time.
These calculations are performed for the activeveiei.e. the target viewer of the
prediction, and all offline viewers. They serveaabasis for collaborative filtering

by forming a pseudo user rating vector for the asaeailable at that time as intro-
duced by Melville et al. (Melville, Mooney & Nagagam, 2001) and described in

chapter 2.5.

Gonsumer

Prafie

Cantant Based
Prediction

Pseudo Ratings
Vector

Fig. 15: Process Diagram of the Content Based Riediincluding the Pseudo

Ratings Vector

Fig. 15 shows how the pseudo ratings vector igynatied in prediction process.
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Fig. 16: Pseudo User Ratings for one User (cf. Hig)
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Fig. 16 illustrates the pseudo user ratings for erample viewer. The Content-
Based predictions are calculated according to tbél@that has been built up at this

time.
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8 Coallaborative Filtering for a Hybrid Recommender

As hybrid recommendation algorithms usually perfdretter than either collabora-
tive filtering or Content-Based filtering alone (Midle, Mooney & Nagarajan,
2001; Melville, Mooney & Nagarajan, 2002; Adomauigi & Tuzhilin, 2005), a
hybrid approach on recommendation is also testethig case. However, which

approach performs better has to be evaluated i®rc#se, too.

8.1 Watching TimeWeighting

The relevance of the all users for the predictisrsalculated according to the num-
ber of assets a user watched in the recent timéwer that is watching the channel
should be weighted higher than an offline consuttheeems that after 2 minutes the
user has decided to either watch or to stop wadctiie programme. This assump-
tion is also supported by the feedback the useve gdter the tests described in
chapter 10. However, this cannot be proven yehaglata does not suffice, so that

the properties of the factor are described in¢hapter.

The time weighting factotw, (15) is calculated like the weighting factors @tr
duced by Melville et al. in chapter 2.5. In thisuationn, refers to the number of
items usen has watched in the recent time, i.e. since stattnwatch in this ses-

sion.
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t Inl-J if nu < Imin (15)
Wu : min
1 otherwise

As the necessary data for generating this learoimge, as described in chapter 7.2,
is not yet available, a value of 1 is usedlfgy, i.e. the value ofw, is always 1 ex-
cept if the user did not watch any item. This metliaé no time weighting will be

available in this examination.

Whether this factor leads to better recommendatshmaild be evaluated when the

necessary data is available.

8.2 Calculating Predictions

The prediction algorithm used in this work is inspi by the prediction algorithm
used by Melville et al. The confidence factors use€ontent-Boosted Collabora-

tive Filtering (cf. chapter 2.5) are replaced bg time weighting factor described in

chapter 8.1.
_ n _
tW,(C, = Va) + D W, R (i~ V)
_ =1
Do = Vat (16)
tw, + > tw, P,
u=1

uza

The predictiong,; for the active usea and itemi are then sorted descending. The
prediction value for the item the user is watchimgeplaced by the respective rat-

ing. The asset with the highest predicted ratirnthésn recommended &
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Fig. 17: Process Diagram of the Hybrid Predictor

Fig. 17 illustrates the process of the hybrid pretithat is proposed in this chapter.
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9 Analysing and Interpreting Predictions

In the live broadcasting context, as already meetibin chapter 3.3, it is impossible
to predict the contents of the assets that are torbadcast and the behaviour of the

neighbours in the future. Consequently, a replacefiee this data has to be found.

For this work, it is assumed that the contentsvaf $equential assets in one channel
do not differ significantly. As a consequence, tiext asset is described with the

description of its preceding asset.

Recommendations will only be useful if the predintis better than the rating of the
actual asset. Due to the live context of the recemuer system, a viewer can only
watch one of the assets and not both. Consequemtlytem will only be recom-

mended in this case.

A better prediction can occur in three differerdes

1. The viewer is watching an item and did not favaactual item rating 1)

2. The viewer zapped to another channel (actual i®mg -1)

3. The viewer dismissed the actual channel (actual ieging -2)

Case 2 is treated as an intentional decision fothem channel, so that no supple-

mentary recommendation would be necessary. Constguthe system should only

recommend another asset in cases 1 and 3.
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10 Evaluation of the proposed Algorithm

The algorithm described in chapters 6 to 9 is etalth with the help of a small test
application and data derived from watching theratéve DVD “Vision Europe”

produced in the EU IST Project MECiT¥ This interactive video has been tagged
with keywords describing the media assets. The meeendations are compared

with the actual values of the benchmark variable.

10.1 MECITV: Vision Europe

Vision Europe provides ten different parallel chalsnAs shown in Fig. 18 several
editorial switching points are defined. At eachtshing point, another channel is

recommended to the user.

In the test case, a media asset is defined asseddhd part of the live stream, i.e.
the first asset ranges from 0-9 sec, the secomd #@-1 9s etc. These parts do not
necessarily have the same content, i.e. scenesataken into account. For practi-
cal reasons they are treated as if having one nsajgject. In a future implementa-
tion, these media assets should be defined morgatety according to scenes and

realistic changes. To describe the assets moreateby cut detecting algorithms

Y MECITV was a research project that aimed to combiredia content with media
technologies. It was one of the predecessors dfIViE project. More information

about MECITV can be obtained on http://www.meci.tv
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could be used. However they should not be longam thdefined amount of time in

order to maintain comparability of those items.

Notwithstanding, the test case is rather far awanfthe real usage scenario. One
problem of the case is that not much test users paxformed the test but this could
also be an implication in the real usage scenatie. bigger problem is indeed, that
no real recommendations (as discussed here) btariedliswitching points are
shown to the user. As MECITV is not very excitinige test viewers will not enjoy
the test. Hence, the data will not be very rediliefowever, testing the algorithm is
necessary and MECITYV is the only available subtifar live data at this time.

STAGING OF THE NON LINEAR DOCUDRAMA VISION EUROPE
SWITCHING BETWEEN 10 VIDEO TRACKS / 12 MINUTES DURATION

e

L <ot I | .'_‘ ‘ . ]

E S .—.‘-Tg_l.‘_.

: =

=
» STAUBY [

» LIBERTY

b mon
> MICHELLE

www.mecitv.de

Fig. 18: Channel overview of the MECITV DVD *“Visid&urope” (MECITV
Consortium, 2004)

However, the tests are conducted with a very samabunt of users. As the recom-
mendation algorithm is also intended to work withrwlittle data, this can be seen

as a suitable trade-off. Using substitute datatasting with a small number of users
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induces the necessity of retesting the algorithrth wéal user data acquired later
within the LIVE project.

10.2 Test Application

The test application is built in python using thgext serialisation module pickle
and the GUI toolkit Qt3 (with its interface PyQt®ickle provides object storing to
and restoring from files with one single functicallcFor that reason, no overhead
for defining a database or XML scheme is needed.a@d its python interface PyQt
are available on Linux, Mac OS X and also on WindoWwhe Qt library is used to
develop the Linux desktop KDE, the Opera Web browsgobe Photoshop Album,

the last.fm player and several other software prtsdu

Programmes and especially mathematical algorithmseataher easy to implement in
python as its programming paradigm supports objeientation as well as func-

tional programming.

The scope of the test application is: annotatentieelia assets (as defined above),
record usage statistics, compute recommendatiogsthiem and calculate evalua-

tion meters defined in chapter 10.3.

The implementation of the algorithm is checked gsimit tests. Unit tests are a
flexible but powerful means to test algorithms. f¥have proven to be very success-

ful within software development.

Fig. 19 shows how the test application is reali§dte four components consumer,
asset repository, asset management and channgtarped into the profiler mod-
ule. The module collects information about the tssaed the consumer, i.e. it logs
which assets the user watches and how he voteBeon. fThis data is persistently
stored on the hard disk. In the test environmeattdst conductor uses the profiler
application (cf. Fig. 20) to annotate the mediaatns and as a logging means. The
MECITV DVD and the test environment cannot commatecdirectly, but they use

timestamp and channel to identify an asset.
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Fig. 19: Layer model of the test environment attitire

The profile module calculates the user profilesrfrthe user data. The prediction
module calculates predictions of user ratings basedhe user profiles and the

channel profiles.

From these predictions the recommendations moduldshweighted lists of chan-
nels for every 10 second item. These recommendatiom evaluated with the met-
rics described in chapter 10.3. The recommendatiodule creates CSV files con-

taining the different metric values.

A data maintenance tool standing outside of thésaichy enables data related ac-
tions such as exporting data to X#lor CSV files, deleting tags or rebuilding the

database. A more detailed description of this i®also included in the appendix.

" The XML schemas are included in the appendix
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Fig. 20: Screenshot of the Profiler Application

The test application and the data gathered duliaguser experiments are enclosed
on the CD bundled to this thesis. Information aliwaw to install and use the appli-

cation can be found in the appendix.

10.3 Taggingthe Media Assets

The tagging process has been conducted in a dfi@ighrd manner. While watch-
ing the channels from beginning to the end, keywdndve been assigned to the
media assets using the profiler application. lfirailar keyword has already been

assigned to another asset, this keyword was used.

The switching points described in chapter 10.1 ¢dod indicated with special tags,

viz recTarget and recSource. A tag could also atdithe two types of recommenda-
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tion, viz recTimed and recStressless. As the typiesecommendations are not
evaluated within this thesis this has not been démeevaluation of the types of
recommendations would only make sense if a big rurol test persons would be

observed.

10.4 Metricsfor Prediction Accuracy Evaluation

The algorithm is evaluated through two differenttmes that are commonly used
within recommender system research: the statisticaliracy metric mean absolute
error (MAE) and the decision support measure Rece@perating Characteristics
(ROC). Both metrics compare the actual rating a gage to an item with the pre-
dictions made by an algorithm. (Melville, Mooney Magarajan, 2001; Melville,

Mooney & Nagarajan, 2002)

10.4.1 Mean Absolute Error

Statistical accuracy metrics evaluate predictiogscbmparing them with actual
ratings. The mean absolute error is defined asnd@n absolute difference between
predictionp,; provided by the algorithm and the actual ratipguseru gave to item

i (17).

ZZ| Pui ~ ru,i| (17)

MAE = =1 i=1
nim

The lower the mean absolute error, the better arabpredictor can be classified.

10.4.2 Receiver Operating Characteristics

Receiver Operating Characteristics, as decisiorp@tipmeasure, are used to de-
scribe how predictions support the users in selgdiigh-quality items. (Melville,

Mooney & Nagarajan, 2001) A high rating is usuattgpped on accepting an item
whereas a low rating is mapped on rejecting itthesbenchmark variable defined in

chapter 6.1 already describes accepting, i.e. Wwagchn item, and rejecting, it can
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directly be used. Accepted items are items thatratesl with minimum 1. All other

items are rejected.

actual value

p n tatal
4]
E o True False pr
E Positive | Positive
[=]
=4
2
5 . False True -
B Megative | Negative
=%

total P M

Fig. 21: 2x2 contingency table as used for Rece®perating Characteristics

Fig. 21 illustrates the four categories a predittising a binary scale: The outcomes
and the actual values can either be positive (p),accepted, or negative (n), i.e.
rejected. Consequently, there are four possibleoous overall. If the outcome of a
prediction and the actual value are both p this bel called a true positive (TP).
However, if the prediction’s value is p and theuattvalue is n this will be called a
false positive (FP). Vice versa, a true negativid)(Will occur if the prediction out-
come and the actual value are both n. A false heg@tN) will occur if the predic-
tion outcome is n and the actual value is differeaimely p. The sum of true posi-
tives and true negatives is the number of accyegdictions. (Wikipedia, 2007d;
Fawcett, 2004)

In this analysis, three measures are observedptrsitive rate (TPR), i.e. hit, false
positive rate (FPR), i.e. false alarm, and accu(&eyC). The measures are defined
in equations (18)-(20).

TPR:E:L (18)
P TP+FN

Recommender Systems for Live-Transmission in ictigeaTelevision: Gathering
and Rating User Feedback



Evaluation of the proposed Algorithm 55

FP_  FP

FPR=— =—— (19)
N FP+TN

ACC= m (20)
P+N

The best possible prediction would yield in a THR @nd an FPR of 0 and conse-
quently in an accuracy of 1. A TPR of 0.5 is eqlem&to random guess, so that a
robust algorithm must be better than random gu&ssorse algorithm is conse-

quently worthless.

10.4.3 Analysis Ranges

Both metrics are calculated for distinct momentgslmntime scale to illustrate how
predictions improve within the experiment. They asdculated for the Content-

Based predictor alone and the hybrid predictor.

Two analysis ranges should be used for evaluatiom:first range comprises all
assets the test user has seen. Consequently, timesliwill be calculated for every
asset no matter if they have been recommendedtom he second range only takes
assets into account where recommendations arebiaiBoth ranges are illustrated

on a time scale.

10.5 Test Setup

The main goal of the tests is to gather usage ofaen interactive TV platform.
Hence, the setting is not thoroughly designed tadpce comparable data. If any
usability problems occur, they are noted but tis¢stare not intended to be a usabil-

ity evaluation.

10.5.1 Test Users

The tests have been conducted in October 2007 1dtemployees of Pixelpark

Agentur KoIn. 10 test persons are masculine, 3r@rai 9 persons are 20-29 years
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old, 2 are aged between 30 and 39 years and 2 thider40 years. A detailed over-

view about the characteristics of the test pergogssen in Fig. 22.

20-29 yrs 30-39yrs 40+ yrs total

Masculine 8 0 2 10
Feminine 1 2 0 3

total 9 2 2 13

Fig. 22: Overview about Test Persons of the RecamdaréApplication

10.5.2 Test Environment

Fig. 23: Setting as used for the User Tests

The tests have been conducted in a quite straigtafd manner. The test person
watched the interactive video on one computer wahilgest conductor logged the
actions of the test person with the aforementioassket profiler on another com-

puter.

The test conductor first explained the test pefsow to use the MECITV applica-

tion, i.e. how recommendations work, how the renomtetrol is supposed to be used
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and what other means of interaction are availdkie. difference between real per-
sonalised recommendations and the editorial switclioints used in MECITV is

also explained to the user. Anymore, the test view¢old to give feedback about
dismissal and favour of a channel vocally. Thisaldeedback is logged by the test

conductor.

In the next step the test users watch and intavibtthe video as intended by the
authors. During the test session they can also fggdback about how they feel
while watching the movie. However, this feedbackni formally recorded but

noted as a resume.

10.6 Results of the Evaluation

10.6.1 User Reactions

The reactions of the test persons about MECiTVrasemed in the following part.
This resume is no formal usability evaluation butodlection of feedback given by
the test viewers. It is not representative andf#éieelback has not been journalised

during the test.

The most important problem occurring during thestegas, that the contents of the
interactive docudrama did not attract any of thewérs. They were very dissatisfied
about its poor dramaturgy and tension. Most of tliescribed the video as boring.
Some of the test viewers said that they would revitched off after a few minutes

if they had not been in a test situation.

The watching experience suffers from a more or keesd implementation of the
storyboards: some switching points do not yielthe channel that are announced in
the video but to a seemingly random other chani@bk evoked disorientation and
annoyance among the viewers. As a consequencesthggd at a rather random or
in the best case least uninteresting channel drraredlomly zapped through the

channels.
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The mode of recommendations was also not underdipadl users even though it
was explained during the preparation of the tessiea and within the video. As
clicking the ok button always leads to another clehnsome test persons thought
that a recommendation is always available. In flaist behaviour was simply due to

the erroneous implementation of the interactiveewid

Some users tended to zap rapidly, whereas othereviteended to stay within one
channel they had previously chosen. After a cerdanount of time most users re-
duced the number of zaps and tended to stabilisenenchannel. Favouring and
dismissing the channels worked but was sparselg. id®e test users only used this
feedback mode when really loved or really hatedctiennel. It can be the case that
this feedback mode has not been used as it wasnpdéémented within the user

interface but required external feedback.

Consequently, the threshold for ROC should have valaes: as proposed afore a
value of 1 and additionally a value of 0.5. Henaeother item would also be rec-

ommended if its prediction would be better then 0.5

Furthermore, another value for favouring and dismip, e.g. 5 and -5, an item
could be used. Whether this approach would perfoetter is not tested in this the-
sis, as the low usage of favour and dismissal caldd be caused by the suboptimal
interface. However, this can be easily changedimithe predictor application by

adjusting the parameters as described in the append

Consequently, the data gathered within these iestst very resilient and the algo-
rithm has to be retested when the necessary dateaaigble in mid 2008 from the
Beijing 2008 Olympic Games field trial. Howeveristhrial can give hints about the

quality of the recommendation outcomes in spitthefsuboptimal test design.

As consequence of the feedback, a high focus shHmoeilthid upon a high content
quality as well as on a good dramaturgy duringlthéE test scenario in mid 2008.

This should reduce arbitrary reactions of the tissts.
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10.6.2 Analysis Ranges

The analysis ranges introduced in chapter 10.4& Heeen changed as all users
went different paths through the interactive vid@d. Fig. 24). Consequently,

switching points were available at different timss,that comparing predictions for
assets where switching points are available doésvodk. Hence, predictions are

only calculated for every position in the timeline.

1 W R Nl
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| 1y 7

i1 i
| I
N R s

—User1 ——NLser2 ser 3 serd ——ILser5s
— Userb ——User? ——Llgerd Userd Lser 10
User 11 User 12 ser 13

Fig. 24: Paths the Users took through Vision Europe

10.6.3 Mean Absolute Error

The Mean Absolute Error calculated for the two joxuts induces that the Content-
Based performs quite well, even though relativélieldata is available. However,
hybrid filtering does not perform that well. The i@ent-Based predictor performs
significantly better than the hybrid predictor.

2 This has been proven by a T-Test with very higjmigicance.
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The MAE for forecast (i.e. the recommendation iedated for the preceding asset

as replacement for the actual asset to simulatévtaeontext) and the non-forecast

recommendations do not differ much (cf. Fig. 25).

Predictor M ean Absolute Error
Content Based 0,71328
Content-Based (Forecast) 0,69881

Hybrid Filtering 0,96254

Hybrid Filtering (Forecast) 0,96413

Fig. 25: Overall Mean Absolute Error calculated fine different Predictors with

and without forecast
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Fig. 26: Mean Absolute Error calculated for thefdient Predictors with and

without forecast

Fig. 26 induces, that after a certain amount oktithe MAE stabilises around a

value near the overall MAE. Both figures displag MAE calculated for the assets

—CEBF

—— Hyhbrid
CBF Fore
Hybrid Fore
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at certain point in time. The MAE curves for thegictors with forecast resemble to

those without.

10.6.4 Receiver Operating Characteristics

Receiver Operating Characteristics also supportagsmption that the pure Con-
tent-Based predictor performs better in this cdsealready proposed in chapter
10.6.1, ROC are calculated for the predictors Withtwo threshold values 0.5 and 1
(Fig. 27). Hence, the threshold value for ROC (andsequently also for being
recommended) of 0.5 leaded to much better reshdts & threshold value of 1. This

could be caused in the low usage of the “love dschids” feature.

Predictor Threshold | TPR FPR ACC
Content-Based 0.5 0,68465 0,42105 0,6533¢
Content Based 1 0,11618 0,05592 0,36125
Content-Based (Forecagt) 0.5 0,69571 0,47039 0464685
Content-Based (Forecast) 1 0,15214 0,07895% 0,3797
Hybrid 0.5 0,24205 0,11184 0,43330
Hybrid 1 0,00830 0,01974 0,29601
Hybrid (Forecast) 0.5 0,24758 0,13487 0,43038
Hybrid (Forecast) 1 0,00968 0,01645 0,29796

Fig. 27: Receiver Operating Characteristics for tfiferent Predictors

The Content-Based predictor performs quite welhvatthreshold of 0.5 no matter
whether forecasted or not. Content-Boosted Colkatba Filtering for example has
a TPR of 0.6717 (Melville, Mooney & Nagarajan, 2D0lh contrast, all other ap-

proaches leaded to very bad predictions, i.e. witvae random.
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10.6.5 Interpretation

Both metrics induce that the Content-Based predis&sforms better than the hy-
brid predictor. This might be caused in the badebdata, but the Content-Based
predictor already performs quite well with this bdata. However, no final evalua-

tion can be made unless more and better data iisalesafter the 2008 field trial.

The worse performance of the hybrid predictor cdaddcaused in the small number
of test persons. As only 13 test persons were exaininot enough similar users are
available for collaborative filtering. This assumopt is also supported by the very
different paths the users took through the intéractideo mentioned in chapter
10.6.2.

Whether incorporating the time weighting factor \pdes better predictions than
using pure predictions cannot be evaluated yell asers in the evaluation are start-
ing and finishing at the same time. This could banged by just throwing away

data of some test users. As already describeddpteh10.6.1, the behaviour at the
beginning of the examination differed from the beébar after a certain time, i.e.

the watching behaviour tended to stabilise. Furtisee, the amount of available
data is already very low so that no reliable statet:icould be given. Consequently,

this should also be evaluated when the necesstaydavailable in mid 2008.
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11 Discussion

Recommender systems have been an established fwanwore than a decade
within interactive media research. They serve asisbfor many commercial sys-
tems. Lately, the research focussed on real-tiraglipt creation like in last.fm or

pandora.

This thesis presented a promising approach to jparate recommender systems for
interactive live media. The evaluation of the agtosuffered from bad usage data.
It was logistically impossible to provide good dataut that data will be gathered

within a field trial in mid 2008.

One crucial aspect within live media was that iipossible to provide appropriate
content descriptions beforehand. Hence a substitateto be found: every media
asset in a channel is described by its predecessothe recommender system com-
putes recommendations as if the contents of thetsasgould not change. This as-

sumption seems to provide sufficient asset desonipt

Two approaches have been tested within this thagisire Content-Based predictor
and a hybrid prediction method. Though in most otteses a hybrid method per-
forms better, this has not been the case hereillBodhis is caused in the small
number of test users so that finding similar userollaborative filtering was very

difficult. A comparison of both predictors shoulé barried out with the new data

set.
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Unfortunately, the time weighting factor could rmg used as no learning curve of
the Content-Based predictor could be generateds fHutor might be an enhance-

ment for the collaborative filtering part of thelind recommender.

The evaluation tests have shown a rather low uséga&plicit feedback, i.e. favour
and dismiss an item. It is not yet clear whether Was due to the fact that no means
for giving explicit feedback was available withinet GUI of the interactive DVD.
Hence, GUI research about how a viewer could gi@iat feedback in interactive

television must be carried out.

The simple but powerful model of complex systemlfee recommendations used
in the algorithm seemed to suit the requirementéntefractive live television. It
leads to high-quality recommendations based ondaality data. It can serve as a

basis for further research in live recommenderesyst
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12 Outlook

As the algorithm already performs quite well basedreally bad data, it should be
retested with better data within the LIVE proje&tlditionally, a learning curve for
the Content-Based predictor should be created. éjethe time weighting factor
could be calculated on that basis. Whether it |gadsetter predictions should be

tested, too.

In order to be able to do this, the field trial slibafford the necessary data. This
data should contain usage statistics, i.e. wheruslee switched to which channel,
and user ratings, i.e. favour and dismiss. Addglyn content descriptions for the
assets should be available in some adequate fofdedlly, the field test would

yield to a user data collection like MovieLens fige TV environments to be able to

test different recommender algorithms.

Another aspect that should be researched is cgeatimeans to calculate recom-
mendations for a group of user instead of one iddal. This approach should not
be limited to a live context, but would also beemaisting in other areas of recom-

mender system research.

Furthermore, the relation of implicit and explitéedback should be researched. As
a lower threshold value for positive recommendatiready leads to better predic-
tions this would be a first approach. One othersiility would be incorporating a
higher weighting of the explicit feedback. The tepplication already affords the

necessary possibilities to do this.
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Another important aspect would be an enhancemenhefprofile. This could be
achieved by integrating new feedback methods lik@dnanalysis or measurement
of the viewer’s environment. Furthermore, otherfiing approaches, e.g. using

questionnaires during registration, should be itigated.

Anymore, tagging of the media assets should beareked. Collaborative tagging
approaches could be investigated and compared wattk done by professional
taggers. A hybrid approach combining both collabeeaand professional tagging

should also be considered.
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Appendix: Test Application

The test application is developed on Mac OS X Teyed Ubuntu Linux 7.04 with
python 2.4. Python is part of the standard indialteof Tiger and Ubuntu Linux. It
requires the libraries Qt3, PyQt3 and elementtoebet installed. All these libraries
are also available on Windows, but Qt3 and PyQ#3rather complicated to install
on this platform. Qt3 and PyQt3 are only requiredthe profiler module. All other

modules also work without these libraries as theycammand line tools.

The application and the data gathered during pngfiire included on the CD bun-
dled with this thesis.

How to install Qt3 and PyQt on MacOS X

The easiest way to install Qt3 and PyQt3 is ush® ltinux package manager in-
spired MacPorts installer. MacPorts downloads, des@nd installs ports of Linux

applications on a Mac.

1. Obtain and install the XCode development toolldanirApple:
http://developer.apple.com/tools/download/

2. Obtain and install MacPorts: http://www.macportglor

3. Install the port py-pyqt3 using the following commdain a terminal shell:
$ sudo port install py-pyqt3
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How to install Qt3 and PyQt on Ubuntu

The easiest way to install Qt3 and PyQt3 on Ubisitusing the package manager

apt on the shell:

$ sudo apt-get install python-qt3 libgt3-mt

How to install e ementtree

Elementtree can be downloaded from http://effbgtzmne/element-index.htm.
Elementtree 1.2.6 is also included on the CD buhdlgh this thesis. To install
elementree unpack it into a source directory, apesell, change to that directory

and type the following command in the shell:
$ python setup.py install

Possibly, you might need root rights for instadiati In order to execute python with

root rights precede theudo command and enter your root password.

How to install the Test Application

The test application is included on the CD bundiéth this thesis. To install the
application, copy the contents of the directérest_app to your hard disk. As the
applications need write access to the applicatioectbry it cannot be started di-
rectly from CD. After that, change to this diregtoAll explanations bellow assume

that this directory is your current working directo

Profiler Application

The profiler application consists of three pythoadules: assetprofiler.py, actualas-
setprofiler.py and startprofiler.py. To start theoffler application run startpro-

filer.py:
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$ python startprofiler.py

Data Management Application

The data management application consists of orteopyinodule: datamanager.py. It

can be used to perform several data related tagiksexport to csv and xml, delete

tags and ratings etc. To start the profiler apfibcarun datamanager.py:

$ python datamanager.py <parameter>

You can select the performed action by adding dnile parameters specified be-

low.

Parameter

Action

-e <format>

Exports data to XML and CSV files accor
ing to the parameterformat>. If format is
omitted, the data will export to both fo

mats. Otherwise you can usel orcsv.

d-

r

-del <what>

Deletes data: The parametethat> speci-
fies which data is deleted:ags — all tags
and tag associationsatings — all ratings

andall — all data

-tag <channel> <newtag>

Tags<channel> with <newtag>

-deltag <oldtag>

Deletes all occurrences ebldtag>

-reptag <oldtag> <newtag>

Replaces all occurrences ofl1dtag> with

<newtag>

-basetag <newtag>

Adds<newtag> to tag list

-rebuild

Rebuilds tag list
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-fill <channel> Copies tags from asset 1 #ithannel> to

all assets irkchannel>

-backup Creates a backup of the data

-restore <file> <what> Restores data from backup filefile>.
What data is restored is specified in the
parameter<what>. It can either betags,

ratings orall.

-norm <length> Normalises ratings and tag associationg to
an overall movie length given by the pa-

rameter<length>

Fig. 28: Data management Application — Overviewtted Command-line Pa-

rameters

Recommender Application

The recommender application consists of two pytinoodules: calculatepredic-
tions.py and pearson.py. To start the recommenglglication run calculatepredic-

tions.py:
$ python calculateprediction.py

The recommender application creates four csv fil@staining the mean absolute

error, and the Receiver Operating Characteristicthreshold value of 1and 0.5.

XML Schemas

The data management application provides an irterfa export the data gathered
by the profiler to XML. The following XML schemaseaused to describe the XML

files.
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The file alltags.xml (cf. Fig. 29) stores the seal tags¥. Any tag used to describe

an asset is mentioned here. The elenmegt holds the set of all tags. The name of

the tags is stored in the attribwtelue of the elementag.

<?xml version="1.0" encoding="UTF-8" ?>
<xs:schema xmlns:xs="http://www.w3.0rg/2001/XMLSchema">
<xs:element name="tag">
<xs:complexType>

<xs:attribute name="value" type="xs:NMTOKEN"
use="required" />

</xs:complexType>
</xs:element>
<xs:element name="tags">
<xs:complexType>
<Xs:sequence>
<xs:element ref="tag" maxOccurs="unbounded" />
</Xxs:sequence>
</xs:complexType>
</xs:element>

</xs:schema>

Fig. 29: XML Schema for alltags.xml

The file assettags.xml (cf. Fig. 30) describesatgignment of tags to any asset. The
root elementhannels holds the elementshannel. The channel number is stored
in the attributeid. A channel is built up from several elements gietysset identi-
fied by the attributeid. An asset has at least one elemerg. The name of the tag

is stored in the attributealue.

<?xml version="1.0" encoding="UTF-8" ?>
<xs:schema xmlns:xs="http://www.w3.0rg/2001/XMLSchema">
<xs:element name="asset">
<xs:complexType>
<xs:sequence>

<xs:element ref="tag" maxOccurs="unbounded" />
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</Xxs:sequence>

<xs:attribute name="id" type="xs:NMTOKEN"
use="required" />

</xs:complexType>
</xs:element>
<xs:element name="channel">
<xs:complexType>
<Xs:sequence>
<xs:element ref="asset" maxOccurs="unbounded" />
</Xxs:sequence>

<xs:attribute name="id" type="xs:NMTOKEN"
use="required" />

</xs:complexType>
</xs:element>
<xs:element name="channels">
<xs:complexType>
<Xs:sequence>
<xs:element ref="channel" maxOccurs="unbounded" />
</xs:sequence>
</xs:complexType>
</xs:element>
<xs:element name="tag">
<xs:complexType>

<xs:attribute name="value" type="xs:NMTOKEN"
use="required" />

</xs:complexType>
</xs:element>

</xs:schema>

Fig. 30: XML Schema for assettags.xmi

The file ratings.xml (cf. Fig. 31) holds the ratingll users gave while watching the
interactive DVD. The root elementatings holds the elementsser. The user

number is stored in the attribuiel. A user has several elements of typeting

identified by the attributesset andchannel. The rating the respective user gave
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to that item is stored in the attributelue. Only assets that are rated with a non-

zero value show up in this file.

<?xml version="1.0" encoding="UTF-8" ?>
<xs:schema xmlns:xs="http://www.w3.0rg/2001/XMLSchema">
<xs:element name="rating">
<xs:complexType>

<xs:attribute name="asset" type="xs:NMTOKEN"
use="required" />

<xs:attribute name="channel" type="xs:NMTOKEN"
use="required" />

<xs:attribute name="value" use="required">
<xs:simpleType>
<xs:restriction base="xs:NMTOKEN">
<xs:enumeration value="-1" />
<xs:enumeration value="-2" />
<xs:enumeration value="1" />
<xs:enumeration value="2" />
</xs:restriction>
</xs:simpleType>
</xs:attribute>
</xs:complexType>
</xs:element>
<xs:element name="ratings">
<xs:complexType>
<Xs:sequence>
<xs:element ref="user" maxOccurs="unbounded" />
</xs:sequence>
</xs:complexType>
</xs:element>
<xs:element name="user">
<xs:complexType>
<Xs:sequence>
<xs:element ref="rating" maxOccurs="unbounded" />

</xs:sequence>
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<xs:attribute name="id" type="xs:NMTOKEN"
use="required" />

</xs:complexType>
</xs:element>

</xs:schema>

Fig. 31: XML Schema for ratings.xml
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Appendix: Bundled CD

The CD contains the test application and this thasia PDF. If the CD is missing, it

can be downloaded from http://martin-gude.de/goteras
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