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Abstract— This paper presents a recommender system for
contextual targeted advertisement in Video-on-demand scenarios.
The proposal arises from a real case of a Japanese company
planning to add advertisement to its On-Demand IPTV services.
The advertisements consist of icon or text-based links that may
be shown before, during or after the playing of the film the
customer has selected to watch. The goal of the company is to
maximize the number of times customers follow the links to
advertised sites because its revenues depends on this. Since only a
small portion of the advertising links can be included in a movie,
these must be selected carefully. This work proposes a
recommender system for selecting the most appropriate
advertisement for a certain customer based on the success the
advertisement has had in the past among other customers having
similar preferences. The paper describes the proposed method,
shows the implementation work done so far and describes the
remaining work in order to test it in the real scenario.

improving their recommendation systems is the 1 million prize
offered by Netflix, the online DVD rental pioneer in the US, to
improve its movie recommender system Cinematch [2].
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One of the main revenue sources in the IPTV industry is
expected to be advertisement and more specifically customer
targeted advertisement where recommender systems may have
an important role to play. Recommender systems for customer
targeted advertisement are essentially an extension of the
existent algorithms for movie-based and user-based
recommendation but there are some fundamental differences: A
system for customer targeted advertisement must be able to
select the best commercial considering at least four factors:

I.

INTRODUCTION

Research on recommender systems has been one of the main
topics in the field of collaborative intelligence [4]. For more
than a decade, there has been a continuous development of new
clustering and prediction techniques that help customers select
products that meet their taste from an overwhelming amount of
available choices [3][12]. Examples of those applications
include recommendation systems for books, CDs and other
products at Amazon (www.amazon.com), recommendation of
movies at Netflix (www.netflix.com), and music at Last.fm
(www.last.fm).
During the last 5 years we have seen a gradual market shift
on recommender systems from electronic commerce to content
and media delivery, including music and movies [1]. Just an
example of how much media-delivery companies are caring on

In the last 2 years we have seen a soaring of video-ondemand and IP-based television (IPTV) services. According to
"US IPTV Forecast and Outlook” report from Strategy
Analytics, it is expected that IPTV revenues will grow rapidly
to reach $14 billion in 2012 up from $694 million in 2007 [11].
Only in 2008 the global IPTV market grew 63% while the US
market saw a 113% surge despite the global economic
downturn, according to the Broadband Forum [6], a worldwide
consortium of about 200 companies of the telecommunication
and information technology sector. In [17] and [18] we can also
see important background information supporting the thesis
that advertising in IPTV will become an important business in
the near future.

i)

who is watching a movie;

ii)

what is the content (type of movie) being watched;

iii)

what is the popularity of the scene being played;

iv)

what are the business rules (e.g. maximization of
revenues for sponsors);

In this paper we introduce a recommender system for
customer targeted advertisement that considers the four factors
mentioned above. The system has been developed as a
commercial application in a company providing video-ondemand download and video streaming service in Japan and is
currently being deployed.
The next section describes the state of the art regarding
recommender systems and the techniques used to generate
automatic targeted advertising. Section III describes the
scenario for which the proposed system has been developed
and hence the requirements. Section IV describes the
recommender system itself. Section V concludes the paper with
a discussion and describes the future work.
II.

2) Content-based: In content-based approaches, a
recommender system recommends items based upon
descriptions of items and user profiles, recommending items
that a user liked in the past [10]. In this kind of methods, the
value v(u,i) that an item i∈ I has for an user u∈ U is computed
from values v(u,ij) assigned by u to items ij∈ I similar to the
item i. Similarity among items may be calculated from item
profiles and user’s preferences denoting how much an item is
liked or preferred by him. User’s preferences may be
implicitly or explicitly known based upon liked (selected,
viewed, visited, etc.) items or explicit questionnaires asking
for expected characteristics.

RESEARCH BACKGROUND

Given the huge volume of data the users may obtain when
searching for Web content, personalization and adaptability of
websites is needed to provide efficient retrieval of interesting
items to users. In order to deal with the information overload,
recommender systems have gained popularity. These systems
implement mechanisms aiming to detect user’s preferences
and context, and relate them to predicted preferred items,
filtering them from non-interesting or non-relevant responses.
A recommendation emerges when the most useful items for a
user are presented to him. The most typical utility function is a
rating, which is estimated for unrated items in such a way that
the best-rated items are presented to the user [4]. In fact, four
kinds of inputs data are used by recommender systems: user
profiles, item descriptions, transactional data (rating or utility),
and semantic data (ontology, taxonomy, indexing,
demographic or associative). Accordingly, the output of a
recommender system may be a prediction that is a numerical
value representing the anticipated preference of an active user
by a given item, or a top-N list including the N most preferred
items. More formally, let U be the set of users, I the set of all
potential items to be recommended and v(u,i): UxI  ℜ a
value function representing the usefulness of an item i to the
user u. Then the item i emerges as a recommendation when
v(u,i) reaches a satisfaction value for this user.
A. Recommender Systems
It is broadly accepted that recommender systems may be
classified as collaborative, content-based or hybrid filtering [4]
[5] [8].
1) Collaborative: In collaborative filtering, users are
grouped based upon their shared ratings on items. Likewise,
items may be grouped based upon ratings from users. In this
case, the value v(u,i) that an item i∈ I has for an user u∈ U is
computed from values v(uk,i) assigned to i by users uk∈ U
similar to user u. Two main approaches are usually
distinguished in this kind of recommender system: memorybased, where the rating prediction are based on the entire
collection of previously rated items by the users; and modelbased, where an off-line rating model is calculated in order to
provide fast predictions on-line.

3) Hybrid: Hybrid recommender systems integrate both
methods above in various ways [4]: collaborative and contentbased predictions may be computed separately and further
combined (e.g., using a voting scheme); collaborative
characteristics may be included in content-based methods (for
instance, adding item ratings to item descriptions); contentbased characteristics may be included in collaborative models
(for example, computing item ratings from weighted item’s
descriptors); or collaborative and content-based characteristics
may be unified in one single model (e.g., simultaneously using
user and item attributes to compute ratings).
B. Targeted Advertising
Targeted Advertising is an advertisement mechanism that
tries to maximize the probability of reaching the consumers
based on several selecting methods such as viewed items
history, demographics, geographic location, behavior analysis,
etc. These techniques can commonly be separated in three
categories:
1) Behavioral targeting: Behavioral targeting creates and
uses the profile of the users by analyzing the previously
watched or bought items and search for other products with
similar characteristics. This technique is commonly used by
several online stores like Amazon [7] for recommending
products via email or directly on the site.
2) Contextual targeting: The main idea behind
contextual targeting is to place advertisement related to the
content that is currently being watched by the user. Google’s
Adsense and Doubleclick commonly use this technique.
Google Adsense is a service that explores the content of the
web pages and predict based on this information the best
advertisement related to the content. For example: if a user is
watching a web page related to computer books, the
advertisement in that web page should be about computer
science related books. Yuan and Tsao [14] proposed a system
using user’s location information for contextualized mobile
advertising that sends advertisement for services and products
offered nearby the user location.

3) Other mechanisms: Authors in the past have described
several techniques using the information available from the
user behavior and the content context, to predict the best
advertisement placement trying to maximize the probability of
an advertisement being clicked. For example Maxwell and
Heckerman [9] have proposed a decision theoretic approach
for targeted advertisement based on user behavior analysis and
Bayesian network probabilities.
Although all these mechanism have considerably improved
the targeting of advertisement to reach customers compared to
a random placement of the advertisements, none of them
addresses the need of advertising on video platforms, which
should take into account the user profile, behavior as well as
the content being watched.
III.

SCENARIO

The scenario for this work is the real case of an IPTV
distribution company willing to add advertising to its delivered
contents (movies and TV programs). The advertising may
consist of links to other products and services presented as
icons, small pieces of text or pictures that appear on or around
the movie image. The goal of the company is to maximize the
number of times users click on those links since the advertised
company will pay for each visit to its website generated from a
click on the IPTV provider company’s page. The restriction is
that during the movie, only a limited number of advertisements
can be shown from a huge available set. This not only because
of the limited duration of a movie but also because presenting
too much advertising may upset the viewer or make him/her to
simply ignore them [13]. It is then necessary to select and show
those which the user will most probably follow. This is a
typical scenario where recommender systems can help.
It is logical to think that the more information we have
about users’ background, preferences and products
characteristics the better will a recommender system perform.
However, in real systems the availability of this information, as
well as the accuracy of it depends on many uncontrollable
factors: users might want to remain as anonymous as possible
or do not want to take the time to provide and maintain the
necessary information up-to-date. On the other hand, it is also
difficult to ask for too detailed information to the advertising
providers, since the number of advertisement items is huge.
The most suitable type of recommender system that we can
apply in this scenario is the collaborative filtering one, since
there is too little information about the content of the items to
be recommended in order to implement a content-based
strategy However, it has been shown that the computation of
the recommended item vs. user matrix takes O(MxN) [7], being
M the number of users and N the number of advertising item.
This is too much for the numbers the system will have to
manage, so a previous filtering will be necessary.
The information related to the users the system stores when
they sign in for the service are age, gender and geographical
location. The information the system stores about the movies it
can offer are title, genre (refined in sub-genres), duration,
actors, director, etc. In order to allow the system to implement
a first filtering we asked the advertisement items providers to

include a very small metadata about the type of people the
advertisement is aimed at, which matches exactly the
information we have from the users: range of age, gender(s)
and location (city, prefecture, whole country). Optionally, the
provider of an advertisement item can choose a number of film
genders where the advertisement should never be included.
This is because the advertiser might want to avoid its product
to be associated with a certain type of films or film content. We
expect the number of film genres advertisers want to avoid
being smaller than the one where the advertiser does not mind
to show its product.
Besides the information that the system acquires directly
from the users’ and advertisements’ profile it can also use the
information about the users’ behavior: the system records what
kind of movies a certain user prefers and at what time the user
watches them. This is the type of information the recommender
system makes use of besides that explicitly provided, in order
to establish relations between users and find out if preferences
of one of them can be extrapolated to others with similar
profiles and preferences for movies
IV.

THE PROPOSED RECOMMENDER SYSTEM

The main hypothesis behind this work is that people with
similar preferences for a certain movie genre and similar
profile characteristics may have a similar response (negative or
positive) to advertisements. There are reasonable arguments
supporting this hypothesis, for example, we might expect that
people watching frequently musical movies will be attracted to
follow an advertising link for a concert or a music store.
Moreover, if they are from the same age it is a bigger
possibility that they like the same music and hence would like
to visit the same concerts or buy the same records. People
looking frequently at TV programs where cooking of dishes is
shown may find interesting advertising for restaurants, or for
stores where special ingredients can be bought.
A.

Obtaining relevant information
The data set has been obtained from three sources: one is
the user’s profile, which the user may or may not complete
accurately during the registration process. This data set
includes gender, age, and address, among others. The second
source is the information about the movies the company has
made available to the users. This data set includes among
others the title, cast, duration, genre and subgenre. The third
source is the media access log files which is automatically
generated when customers use the services offered by the
company already described in the previous section. The media
access log files include the time the user watched a movie, the
user ID, the purchased movie ID and the IP address of the
user’s computer (although this might be the one of a firewall or
proxy) among other parameters. In particular through the IP
address it is possible to know the location from where each
user is connecting using a Geo-IP database service like
http://www.hostip.info/ or http://www.ipinfodb.com/. In this
particular case we used the services of Maxmind GeoIP
because its coverage of Japanese locations is quite complete.
This information is quite convenient especially when the user’s
address is not available because it was not provided at the
moment of the registration. The log files also include the
amount of time that the user has watched a particular movie,

including the starting point and the end point. This data
correspond in many cases to users seeking for some particular
scene within the movie. This data could be very useful to
display advertisement before or after the most popular scenes
of a movie.
The Log Files are parsed using several scripts written in
Python. Using the data mentioned in the previous section we
implemented a complete log analyzer that is used to merge the
information of the access logs and the information available in
the database. The log analyzer works as the preliminary process
in order to obtain relevant information from users’ behavior.

Figure 1. The chart shown in this report shows in the x axis the number of
minutes since the beginning of the movie and in the y axis the aggregated
number of people who have seen that part of the movie

B. Log Analyzer
The log analyzer was programmed using PHP for
developing the graphical interface and Python for combining
the data between the database and the Media log files. Using
the data previously described, the system is able to deliver
important information that helps the business planning division
of the company to develop strategies for making preliminary
decisions about which type of advertising has more possibilities
of success and when to show them during the playing of a
certain movie. For example, Fig. 1 shows the number of
people who have seen a certain part of a movie. The movie is
divided in several one-minute-long pieces and the log analyzer
counts how many users have seen each piece. By looking at
this report we can easily find the scenes in the movie attracting
the highest number of people. This information can be used to
decide when (or when not) to display advertisements. The chart
shows the aggregated number of people who have seen a
certain portion of the movie; each portion is one minute long.
In Fig. 2 the geographic distribution of people who have
seen a certain movie is shown. This information can help
selecting those advertisements that are specifically aimed at
people of that area.

Figure 2. The chart on the top uses google maps to the geographical location
of the users that have seen a certain movie. The pie chart in the bottom shows
the distribution of the visitors from different areas

This information is not only displayed graphically but it is
also used as one of the attributes characterizing a particular
user and his preferences for movies. This information is used
for the clustering process described in the following section.
C. Clustering the Information
Many recommendation systems find relationships between
clusters of users and clusters of items. A newcomer to the
system is classified into a cluster in order to present him/her the
most relevant items for the cluster. Given the hypothesis that
people watching similar movies might have common
preferences and hence follow similar advertising links we use
the available information from the digital content delivery
company of our scenario: the genre of movies that users have
watched combined with their age and gender to cluster them.
For measuring the participation of one user in a particular
movie genre, we compute the Term Frequency-Inverse
Document Frequency TF-IDF (see the expression (1)), which is
commonly used to obtain the weight of a certain word in a
document collection [15].

w(t r , d i ) =

tf r , i × idf r
| di |

(1)

In our case we use (1) to obtain the most relevant users for
a certain movie genre. In this way, we establish the relative
“weight of participation” of a certain user in a particular

category of movies (genre). For example: A user who has
watched several movies, but from all the different genres, will
have a low TF-IDF score of views for all genres, because no
gender in particular will be representative for him. On the other
hand, the user that have watched movies of just one movie
genre will have a high TF-IDF score for that genre and we can
associate him to it. The company serves movies which are
classified in 5 different genres.
Instead of programming an application from the scratch for
implementing the clustering process we used the Community
Edition of the RapidMiner Software (www.rapidminer.com).
RapidMiner allows to easily select the clustering parameters
and algorithms as well as to modify them thanks to the fact that
the software is an open source project. After applying the XMeans clustering algorithm [16] using age and gender from
users -as parameters related to the number of times the user has
seen movies from a certain genre (see Fig. 1)- we can
distinguish eight different clusters. In Fig. 3 we can see that a
relation exists between the age of users and the genres of
movies they watch. We can also note particular clusters of
users: Cluster 2, Cluster 3 and Cluster 5, where we observe
marked preferences for a genre while selecting movies to watch
compared to the other clusters of users. These results are used
by the recommender engine to differentiate one type of users
from another based on the genre of movies they watch, thus
implementing a preliminary user behavior categorization.
Considering a collaborative filtering approach, these results can
be used for establishing an indirect relationship among the
users within the same cluster.

Figure 3. In the figure we see the clusters formed when age and preferred
movie genre are used as parameters for calculating the TF-IDF weight . The Y
axis shows the genres of movies, the X axis shows the age .

D. Implementing an Implicit Collaborative Filter
As we already said, the goal of the recommender system is
to select a limited number of advertising elements from a huge
set, which are the most likely to be clicked by the user. The
moment in which the advertisement is shown during the film,
the layout of the advertisement itself and the number of
advertisements presented play an important role in the decision

of the user on whether to click on it or not. However, we are
not going to tackle those aspects in this paper since these are
issues for marketing experts, human-computer interface experts
and graphic designers, and can be approached independently
from (but complementary to) the recommender system itself.
We will assume the problem the recommender system has to
solve is to choose a certain number d of advertisements that
will be presented to the user during the time he/she is using the
service.
The information the system has when having to choose the
d advertisement items to be shown is that a certain user U, aged
n, of a certain gender s (male or female), who has been
assigned to the cluster Cli is going to see the movie M of a
certain genre g. We describe this situation with a pair usermovie (U(n,s,c), M(g)). An advertisement item A has the
information associated describing its target user profile: age a,
gender s and location l. It also has the “skip list” for movie
genres sk. We describe the i-th advertisement as Ai(a,s,l,sk)
with 1≤ i ≤ Na, being Na the number of advertisings in the
available set. Using this information the system applies a first
filter on the whole advertisement items set. For the not filtered
set of advertisements, at the beginning the system has no much
information to give preference to one item over others, so the
subset of the d selected items which will be presented to the
user can be selected randomly. The user will click some of
them, which will take him to the webpage of the advertiser. As
the system is being used, the system collects information about
the number of times a user from a certain cluster Cli, (1≤ j ≤
Nc, being Nc the number of clusters formed) have chosen to
follow the link of an advertising item Ai. This is registered in a
counter variable called cij, thus for each advertisement item Ai
there are Nc associated counter variables (cij, 1≤ j ≤ Nc) each
one for a cluster. This information is used by the system in the
following way: a portion drec of the d items the system will
present to the user will be chosen from the items having the
highest cij value (1 ≤ i ≤ Na) being Cli the cluster of the
current user. In other words, these will be the advertising items
most frequently followed by users belonging to the same
cluster. Another number drand of advertisements will be
chosen randomly, maintaining the equation drec + drand = d.
The reason for having a certain portion of the advertisements
not chosen by frequency is to avoid the “self-breeding”
phenomena, which will cause the system to select always items
from the set having the best counting, which will in turn be the
only with the possibility to increase their counts. The numbers
d, drec, drand are parameters of the system which will be set
according to marketing criteria.
The first rule for choosing drec advertisements reflects the
hypothesis that users from the same cluster are likely to find
interesting the same items. The second rule will avoid a set of
items to be repeatedly shown because they were the first ones
to be chosen by the users of the cluster.
Fig. 4 shows a more schematic view of the procedure. The
elements from Ad1 to Adn represent each of the advertisements.
Each advertisement is shown with the set of counter variables
cij. An item is chosen by the system to be presented to a user
belonging to a certain cluster (bold arrows). If the user follows
this link, the corresponding counter variable is updated.

historical information about advertisements already followed
by a user in order to avoid repetition of irrelevant information
when selecting the advertisement items.
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