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Abstract. The growing volume of TV shows offered by networks makes
harder for viewers to select relevant content. In this setting,
recommendation systems are among the possible solutions, although their
actual application to television shows remains relatively unexplored. In
my MSc project, I studied the television show recommendation problem,
specifically through hybrid approaches combining collaborative filtering
and techniques based on similarities in the shows’ descriptive metadata.
Experimental results based on data extracted from the Web confirm the
effectiveness of the proposed methods, thus showing that a combination of
different approaches may result in an improvement of around 7%
compared to the best collaborative techniques.
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The current volume of television shows offered by networks makes hard for viewers
to select relevant content. Traditional television content search tools, e.g. printed or
electronic TV guides, are extensive and do not efficiently meet the viewers’ current
information needs [14]. The problem is getting harder, due to the growing amount
of contents brought on by the generalization of digital television.
In this setting, recommendation systems are among the likely solutions. These
systems assist users in searching relevant content according to their interests,
through explicit feedback and through the monitoring of past user behavior [1].
Despite the growing popularity of such systems, their actual application in the
context of recommending television shows remains relatively unexplored in the
related literature. In this paper, I present a study on the problem of television
show recommendation through content-based systems, collaborative filtering
techniques and hybrid approaches combining both types of techniques. In
addition, I analyzed the use of machine learning in order to combine the results of
various recommendation algorithms, effectively learning how to rank TV shows so
that they might be recommended according to their relevance to users’ interests.
To evaluate the various techniques, I developed a prototype recommendation
system using the Duine Framework [29].
In order to compare the studied techniques, I began by collecting and
statistically defining a test data set, given that no specific standard data set

exists for TV shows. This data set was built with basis on publicly available
information from the Web, through the following social networks where users rate
television shows: TV.com1 , IMDb2 and Living Social3 .
The remaining content in this article is organized as follows. Section 2
presents basic concepts in the field of recommendation systems, and reviews the
main related papers. Section 3 describes basic prediction techniques employed in
this paper, based on content analysis and collaborative filtering. Section 4
describes the different hybrid approaches tested. The data set is described in
Section 5. Section 6 presents both the evaluation methodology and the results
obtained, along with a discussion of the latter. Finally, Section 7 summarizes the
main conclusions of the paper and points possible paths for future research.

2

Concepts and Related Work

Generally speaking, recommendation systems are information systems with the
ability to recommend potentially interesting items to users, employing artificial
intelligence techniques in order to predict the users’ interest in items based on
their behavior patterns and on similarities between items and/or users [1].
According to the reading of [1], recommendation systems can be typically
classified along the following categories:
– Content-based systems – These recommend items with features similar to
others for which the user has shown interest for in the past. The similarities
between items are measured, in most cases, through information retrieval
techniques [19]. According to [23], content-based recommendation systems
mostly rely on user profiles, which fit into one of two types:
• A history of user interactions with the system, which may include
the set of items that a user accessed in the past [10], or items that the user
explicitly reviewed [20]. These histories may be used directly (i.e., memorybased systems), for instance through a nearest-neighbors approach applied to
items [6], or indirectly through the creation of a classification model employing
supervised machine learning techniques (i.e., model-based systems), such as
the Naive Bayes classifiers [22].
• A user preference model, i.e. a description of the types of items the user
is interested in. There are several possible options for this description, but
among the most common is a function that, for each item, returns an estimate
of the user’s probability of being interested in it [23].
– Collaborative filtering systems – Based on the items’ user ratings, these
systems infer similarities between users or items and then recommend items
potentially of interest to users [12]. These are the most commonly used
recommendation systems, despite their requirement of a vast amount of users
with a high participation rate in order to provide useful recommendations.
Some studies, such as [1] and [24], reviewed various collaborative filtering
systems. These systems are subdivided into the following subtypes:
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• User-to-user collaborative filtering – Based on users’ preferences, items
preferred by users with similar preferences are recommended [31].
• Item-to-item collaborative filtering – Based on users’ preferences, item
similarity is inferred (e.g., similarities in item ratings) and items similar to
those that users preferred in the past are suggested [31].
– Hybrid systems – Hybrid systems combine collaborative and content based
techniques in order to improve performance [28] and fill in some gaps in classic
approaches [1]. In [7] different hybrid system application methods are presented,
the most common of which as follows:
• Weighted – The recommendations from each technique are weighted and
combined in order to produce a single set of recommendations. In [9] contentbased and collaborative filtering components are combined through a fourlayer Bayesian network, containing item features, items, users and a layer of
user relationships.
• Switching – For each recommendation offered, only one technique is used,
depending on the current context.
• Mixed – Recommendations suggested by various techniques are presented to
the user simultaneously, that is to say, they are jointly presented.
• Cascade
–
One
recommendation
technique
refines
another’s
recommendations. An instance of this approach is the RACOFI framework,
in which recommendations are first computed by the collaborative filtering
component – named Cofi - and then used as an input for RALOCA, a
rule-based content-based system, which refines recommendations [3].
• Meta-level – The model corresponding to a recommendation technique is
used to provide the input data to another technique. The Fab system is a metalevel hybrid recommender system, aiming to suggest Web pages according to
user preferences [4]. It includes collection agents associated to interest clusters
that employ user profile models maintained by selection agents to carry out its
search operations for new pages relevant to the interest topic they represent,
through collaborative filtering techniques.
Recommendation systems are also classified according to the technique
employed for analyzing the data on which the recommendations are based. These
systems fall into one of two general groups of techniques:
– Memory-based techniques – Also known as heuristic techniques [1], they
rely on heuristics and make predictions based on the full collection of previously
user-rated items, inferring which items may potentially interest users [28].
– Model-based techniques – These employ the collection of user ratings to learn
a model offline, later used to make online recommendations [1]. Methods such
as Bayesian networks [9] or Boltzmann machines [25] are frequently used.
Ratings may be explicit (i.e., directly offered by users) or implicit (i.e., the
system deduces ratings by monitoring users’ activities). These ratings allow a
calculation of similarities between items and/or users [28]. There are several ways
to compute these similarities, although the Pearson correlation and the cosine
measure are the most frequently employed.

Digital television opened up possibilities for interactive television environments
that allow system customization, as per the user’s preferences. So far, however, few
applications for recommendation systems in this field exist.
In these systems, implicit ratings are more commonly used, for instance by
recording a show’s view (e.g., in TV Genius4 ) or through preset tapings [30]. In this
field, items are generally very information-rich, which facilitates the use of contentbased techniques. TiVo, a popular item-to-item recommendation system [2], TV
Genius, Lighthouse [30] and Dynamic TV [27] are four instances of recommendation
systems applied to the television domain.
Each paper mentioned in the preceding paragraph devised a specific
recommendation strategy and, in this specific application domain there is a lack
of a detailed analysis of different recommendation techniques. This paper
proposes to carry out that analysis and present new feasible approaches, namely
through the use of machine learning techniques.

3

Recommendation techniques employed

This section describes several recommendation techniques employed in this paper,
both content- and collaborative filtering-based. Section 3.1 begins by describing
some basic prediction techniques that rely on a single prediction variable (e.g., user
or item). Content-based techniques relying on programs description will appear in
Section 3.2, and lastly the collaborative filtering techniques that rely on crossing
user and item data are presented in Section 3.3.
3.1

Basic prediction techniques

Two basic and more efficient techniques may be used to predict ratings based
on aggregate data alone, thus avoiding potential privacy concerns. They are: user
rating averages and item rating averages. The first measure consists in computing
the average of the user’s ratings; the second is the average of ratings awarded to a
given item.
3.2

Content-based recommendation techniques

These recommendation techniques are based on an estimate of the similarity in
terms of items’ features. This paper considered each item as having the following
features: show title, genres, production companies, creators, directors, writers,
actors or presenters and description.
If J is the set of items rated by the user u whose similarity to the item i is above
a certain threshold, the prediction for u’s rating of the show i can be computed
through the following equation [29]:
P
2
j∈J ru,j ∗ wi,j
P
(1)
pu,i =
2
j∈J wi,j
4
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where wi,j is the weighting factor, which in this case exclusively matches the
similarity value (from 0 to 1) between items i and j, and ru,j is the rating given
by user u to item j.
The similarity between two items is calculated based on the similarity of each
of its features a (sima (i, j)), then weighted by various pi weight factors, in order
to reach a single similarity value wi,j , as the following equation shows
P
sima (i, j) ∗ pa
(2)
wi,j = a∈AP
a∈A pa
Dice’s coefficient is used to measure the genre similarity between two shows,
since the genre feature is a group, in which rank is irrelevant [19]. On the other hand,
since the production companies, creators, directors, writers and actors/presenters
features include a rank reflecting the importance of the individual item in each
set, the inverse rank measure will be used to measure these features’ similarity.
This measure confers varying weights according to each element’s rank (i.e., the
first elements are given greater relevance) [5]. Each element is seen as a chain of
characters.
Regarding descriptions, with a sequence of words for each item, the number of
occurrences of each word in each sequence is computed, and results are registered
in the A0 and B 0 vectors. Each of these vectors has |A ∩ B| elements, so that, for
instance, A1 and B1 represent the number of times that the same word appears in
the word sequences A and B, respectively. From this, the cosine of the two vectors
is calculated to determine their similarity [19].
3.3

Collaborative recommendation techniques

Regarding user-to-user collaborative recommendation techniques, if V is the set of
users except user u, rv,i is the rating given by user v to item i, wu,v is the value of
the similarity between users u and v, σu is the standard deviation of u’s ratings,
and ru is the average of his ratings, then the prediction of user u’s rating of the
item i is given by [11]:

h
i
P
rv,i −rv
w
u,v
v∈V
σv
P
pu,i = ru + σu
(3)
v∈V wu,v
Research in [11] shows that the accuracy of the prediction will improve if the
similarity value is multiplied by a weighting factor associated to the number of
items that these users jointly rated. In practice, if the number of items rated by
both users (commonItems) is smaller than a certain value (minCommonItems),
weighting commonItems/minCommonItems is applied. Thus, the first metric is:

wu,v =

simu,v ∗
simu,v

commonItems
minCommonItems

if commonItems < minCommonItems
otherwise

(4)

Equation 3 considers users with any sort of similarity, even a low and
inconclusive one, which may skew predictions. As such, the inclusion of a
threshold (i.e., a minimum required similarity value) was also tested [11].

The wu,v similarity between users u and v may also be computed through
various correlation measures [21]. All these measures return a value between -1.0
and 1.0. The measures tested in this paper were the Pearson correlation,
Spearman’s rank correlation coefficient, Kendall’s correlation coefficient and
covariance. A variation of the Pearson correlation, which we will name as the
fixed Pearson correlation, was also used, wherein each user’s average is replaced
by the midpoint value of the range of possible ratings (in a 0.0 to 1.0 range, the
midpoint rating is 0.5) [11]. Thus, the ratings’ polarity does not depend on the
user’s ratings but on the absolute range of ratings. The equation is:
ixed
ρfu,v

P

− 0.5)(rv,i − 0.5)
P
2
i∈I (rv,i − 0.5)

i∈I (ru,i

= pP

2
i∈I (ru,i − 0.5)

(5)

Item-to-item collaborative techniques compute the similarity between items,
which will be used to infer how a given user u will rate item i, knowing that he
has already rated similar items [17]. The calculation is the same as in user-to-user
collaborative recommendation techniques. As such, user u’s rating of item i is given
by the following equation:
h

P
pu,i = ri + σi

j∈J

P

ru,j −ru
σu
j∈J



wi,j

i
(6)

wi,j

The recommendation systems literature also presents simpler and more
efficient collaborative filtering techniques whose results are often as good as the
more complex techniques previously mentioned. Therefore, the Top-N
Deviation [29] and Weighted Slope One [16] techniques will be tested, as well as
two variations employing the standard deviation (σu for user u) in each user’s
ratings to adapt to each user. The first technique, the Relative Top-N Deviation,
corresponds to the following equation:


P

v∈V

pu,i = ru + σu

rv,i −rv
σv



|V |

(7)

On the other hand, the Relative Weighted Slope One’s Di,j is computed by
Equation 8, and the prediction value is given by Equation 9.

Di,j =

X

ru,j −ru,i
σu

|Si,j |

u∈Si,j

P
pu,i =

j∈Ri (Di,j

P



∗ σu + uj )|Si,j |

j∈Ri

|Si,j |

(8)

(9)

where Di,j represents the average deviation between the ratings of item i and
the classifications made for item j.

4

Hybrid strategies

This section presents some strategies that aim to combine several techniques
described in the previous chapter. We’ll begin by looking at strategies that
combine techniques through heuristics, followed by an example of a combination
strategy that employs machine learning techniques, seeking to optimize ranked
recommendation lists.
– Fixed rank switching combination – This strategy consists in going through
a ranked list of techniques, questioning each one about its prediction for a given
rating. When a technique is able to present its prediction, the value is used, and
the algorithm is completed without going through the remaining techniques.
– Variable rank switching combination – In this strategy, the ranking of
techniques changes for each prediction, according to the accumulated Mean
Absolute Error (MAE) obtained from items previously ranked by the user. In
other words, for each user a prediction is inferred through each technique
(ignoring the actual rating) and, according to results, the MAE for each
technique is determined. When a prediction is needed for a potential
recommendation, the techniques are ranked in ascending order according to
each technique’s MAE for the given user. Each technique will then be accessed
according to its rank in order to present a prediction value.
– Fixed weighting combination with three sets of switching
combination techniques – In this strategy, three types of predictions are
considered, namely: (i) collaborative filtering, (ii) item popularity-based and
(iii) content-based. Each of these contains one or two techniques combined
through fixed weighting, meaning that in each of these types only one
technique will present its prediction, and later the three will be combined
through an arithmetic mean. This strategy aims to insure that the three types
of techniques are weighted equally in all predictions, so that all three types
may always contribute towards the predictions.
– Variable weighting combination – In this case, each technique’s weight in
the final prediction varies according to the same variable switching combination
standard (i.e. MAE). The smaller a given technique’s MAE is according to the
history, the larger that technique’s weight will be in predicting. The goal is to
dilute the potential errors of individual techniques through improved predictions
obtained by others.
– Fixed weighting combination – In weighting combination strategies, the
main challenge is finding the ideal weights. A strategy in which each
technique’s weights are adjusted through time was previously mentioned.
However, to create a fixed weighting strategy, it is necessary to determine the
fixed weights for each technique. A frequent is to use supervised machine
learning, namely learning-to-rank algorithms. Through these techniques,
training data may be employed in order to learn a combination model for
various recommendation techniques, optimizing results according to measures
such as the normalized discounted cumulative gain (nDCG) [18].
The input for the learning-to-rank process is the training set consisting in n
users qi (i = 1, . . . , n), each of them associated to m(i) recommendation technique

(i)

(i)

m
vectors x(i) = {xj }j=1
, each of them corresponding to an item associated to
user qi . For each user, documents are also ranked through y (i) . By receiving this
training set, the learning system trains the model, which will be the input for
the rating system, allowing it to be applied in a test set with the same structure
as the training set. As a result, the items associated to each input user are
ranked, and this rank may thus be compared to the ideal rank. In this paper the
SV M ndcg learning-to-rank algorithm [8] was used to train the model.

5

Validation Data Set

Since no public data exists for experiments on the field of television show
recommendation, a data set was built for this paper from the following three
sources (corresponding to Web sites where human users describe, comment and
declare preferences for TV shows): TV.com, IMDb and Living Social.

Fig. 1. Building a data set for the television show field.

The process of building the data set is summarized in Figure 1. Each of these
three Web sites was accessed through a data extraction script, which ran through
the list of the most popular shows, returning an XML file with all information
pertaining to them. In order to build a large data set and to ensure a greater
diversity in ratings, these three sources were integrated into a database. The data
set was filtered so that it would only include users that rated five items or more.
After filtering, the data set presents the distributions shown in Figure 2.
Each rating’s proportion is shown in Figure 3, where we can see that more than
half of the ratings correspond to values of 0.8 or above. This suggests that users
overwhelmingly rate their preferred items.
Table 1 presents a more detailed statistical description of the created data set.
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Experimental Evaluation

To evaluate the different recommendation techniques, all ratings were registered
into the system. Later, every rating was inferred through each recommendation
technique, ignoring the existing real rating. Once the prediction process was
completed and the database was filled, two types of evaluations were performed:

Fig. 2. User and item ratings distribution.

Fig. 3. Each rating’s share of the data set.

– Evaluation of the agreement between predictions and real values –
This evaluation is based on the difference between the predictions’ values and
the actual ratings’ values, employing measures such as Mean Absolute Error
(MAE) and Mean Squared Error (MSE) [13, 26].
– Evaluation of lists containing recommended items – In this evaluation,
items are first ranked in two separate lists:
• In one list, items are ranked according to their prediction value;
• In the other list, they’re ranked according to their actual rating value.
Both resulting lists are compared according to the normalized discounted
cumulative gain (nDCG) measure, consisting in the accumulation of the
relevance value of recommended items (i.e, the actual value of the user’s rating)
and also considering their rank. This means that the larger the cumulative
gain, the greater interest the list will have for the user [15]. This measure is
standardized by a ratio with the ideal cumulative gain (i.e, the cumulative gain
value of the list of user’s n preferred items). If p is the number of items
considered in the list of recommended items and reli is the actual classification
(i.e., the relevance) assigned by a user to the item of position i in the ordered
list presented, DCG (no standardized) is given by:
p
X
reli
DCGp = rel1 +
log
2i
i=2

And nDCG is calculated as follows:

(10)

Name

TV Shows Data Set

Field
Television shows
Ratings
58.878
Items included
1.302
Users
5.638
Minimum ratings per user
5
Distribution type
Power-Law Distribution
Ratings domain
{0.1, . . . , 1.0}
Item information
Title, Genres, Companies, Description,
Directors, Authors, Actors/Presenters
Table 1. TV Shows Data Set description.

nDCGp =

DCGp
IDCGp

(11)

Despite the nDCG measure’s standardization, the range of user ratings is
ignored. For instance, a 7 rating given by a user whose top rating is 7 and
whose lowest is 3 must be awarded greater relevance than a 7 rating given by
another user whose top rating is 10 and whose lowest is 7. As such, the ratings
given by users must not be evaluated as absolute values but as relative ratings
within the user’s ratings profile. To fill this gap in nDCG, this paper presents
an alternate way to evaluate each rating’s relevance in the context of the
evaluation of a recommendation system. Thus, if ru is u’s set of ratings, we
suggest that the relevance value for each rating (reli ) be computed as follows:
(
reli −min (ru )
if max (ru ) 6= min (ru )
reli = max (ru )−min (ru )
1
otherwise
As a consequence, by changing the calculation of reli , an alternative to nDCG
appears, which will be named nDRCG (normalized relative discounted
cumulative gain).
6.1

Evaluation of the agreement between predictions and real values

Figure 4 presents results obtained for the evaluation of the agreement between
predicted values and real ratings.
The poor results of the content-based strategy show that most users’ interests
do not depend on a few of the show’s features; instead, they mostly depend on
its perceived quality, which isn’t necessarily explicit in the descriptive features.
This strategy’s low coverage should also be noted, as it reveals the difficulty in
measuring similarities between items based on content, despite the data set’s wealth
in descriptive information.
Regarding user-to-user collaborative filtering techniques, the Pearson
correlation, Spearman’s correlation and covariance presented very similar results.
Although the Pearson correlation is the most frequently used, these results show

Fig. 4. Summary of results according to the evaluation of the agreement between
predictions and real values, and of each prediction technique’s coverage.

that other similarity techniques can be good alternatives. Indeed, Spearman’s and
Kendall’s correlation actually present better results.
In the case of item-to-item collaborative filtering (Equation 6), this technique’s
results are 5% worse than the corresponding user-to-user technique, albeit with
much greater coverage.
The user-to-user and item-to-item fixed Pearson correlation variations
produced an MSE improvement of 8% and 5%, respectively, which shows that a
below-average rating doesn’t necessarily have negative implications, and it is
more useful to describe as negative ratings only those below the midpoint value.
The inclusion of a threshold was also tested and, as should be expected, the
larger the applied threshold, the smaller the coverage. However, even with a 75%
threshold, the coverage loss was only around 14%. Including a threshold did not
lead to vastly improved results, thus showing that less similar users do not have
a significant impact on results, considering that the calculation of predictions in
collaborative filtering is weighted according to similarity, and the values of lowsimilarity users have a proportional weight (i.e., not much) in the final result.
Regarding Slope One, its coverage is relatively low, since this technique requires
a correspondence of at least one item between the user for whom predictions are
made and the user upon whom similarity is computed; it is also necessary that

the similar user has rated the item upon which the prediction is to be made. The
latter is the only requirement for Top-N deviation. Top-N deviation comes out as
one of the better techniques – a fine alternative to the more complex collaborative
filtering techniques, as it allows the system to become more efficient, thanks to the
simplicity in its calculations and the breadth in its coverage. The relative Top-N
deviations and relative Slope One variations presented very similar results to the
original techniques.
It is difficult to compare hybrid strategies to other techniques since these
strategies have much greater coverage. Looking at the results, the conclusion is
that including several techniques (in the case of the variable weighting strategy)
in a prediction will lead to much better results than predictions relying solely on
the potentially better technique. It should be noted that the variable weighting
hybrid strategy obtained excellent results, with improvements above 20% in the
mean squared error relative to the other hybrid strategies, except the fixed
weighting strategy. Therefore, this strategy obtains both total coverage and
excellent results. The collective employment of several techniques allows some
techniques’ errors to be mitigated by the other’s accuracy, instead of just relying
on one of them.
The remaining hybrid strategies present similar results among themselves and,
as they aim to include every rating, some accuracy is lost, since in many cases
they have to resort to worse techniques, as these are the only ones capable of
making these predictions. The variable weighting strategy overcomes this problem
by combining several techniques simultaneously, diluting eventual mistakes that
some techniques might make in certain scenarios.

6.2

Evaluation of lists containing recommended items

Figure 5 presents the evaluation results of lists of items recommended by each
technique to each user. In this case, lists with the top 5 ranked itens.
In the evaluation of lists recommended by each technique, the item rating
average stands out with the best results. This shows that when it comes to users’
preferred items, there is a high level of consensus, even if that consensus does not
appear in lower rated items. Hence the poor result of this technique at evaluating
errors.
Also patent is the fact that item-to-item collaborative filtering techniques are
better at this sort of approach, meaning that there is a high correlation between
the most popular item rating vectors, and therefore the similarity between items
is better in this case than the calculation of the similarity between users.
Once again it is shown that the variable weighting combination strategy
reduces errors better than other hybrid strategies (except that the
learning-to-rank algorithm was 1% better) , albeit with worse results than the
technique corresponding to using the average rating scores.

Fig. 5. Summary of results obtained according to the evaluation of the 5-preferred items
lists.

7

Conclusions

This paper studied the field of recommendation systems, namely through their
application in the context of television show recommendation, a domain that
remains relatively unexplored despite its critical importance.
A comparative analysis of different recommendation techniques was made, and
different results were obtained according to the evaluation strategy considered (i.e.,
evaluation based on ratings or based on lists of ranked items):
– By evaluating the agreement between predictions and real values, the
conclusion was that user-to-user collaborative techniques employing the fixed
Pearson correlation and Top-N Deviation produce the best results, while
content-based techniques not only have low coverage but also present the worst
results.
– Faced with another evaluation technique, the evaluation of lists containing n
preferred items, item ratings averages stood out as the best technique, while
the worst results were achieved by content-based techniques and by using the
average scores of ratings.
After reviewing the various techniques, these were combined through hybrid
strategies, employing different approaches, and the conclusion was that variable
weighting combination and fixed weighting combination had the best results.

The main challenges for future research relate to performing real time test
sessions with actual users testing the approaches presented here with other data
sets, and experimenting with model-based techniques, which in this study were
only considered when reviewing related research.
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