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Abstract. Recommendation systems are used to enable suggesting new items to
a user in the service. In the movie/TV domain, ratings users gave to already
visited content are often used as the only input that enables building profiles.
However, two users might have rated equally the same movie but due to
different reasons: either because of its genre, the crew or the director. In such
cases, though users could have assigned the same rating to a movie, this rating
is insufficient to represent in detail their preferences and it is wrong to conclude
that they share similar tastes. The work presented in this paper tries to solve this
ambiguity by exploiting some hidden semantics in metadata elements usually
associated with movie content. A deep analysis on the influence of each of the
standard movie description elements (actors, directors and genre) in
representing user’s preferences and enabling enhanced user profiles is
presented. Simulations were conducted using Movielens and Netflix datasets
and different evaluation metrics were considered. The obtained results
demonstrate that the implemented approach yields significant advantages both
in terms of improving performance, as well as in dealing with common
limitations of standard collaborative algorithm.

Keywords: user profiling; hybrid recommendation; movie metadata; semantic
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1 Introduction

Automated recommendations have become a pervasive part of the daily user
experience on the TV. Today, many major TV providers and media streaming
platforms, use a part of the user interface to display recommendations to their users.
Standard recommendation mechanisms are usually based on collaborative filtering
[1], content-based filtering [2, 3] or on a combination of these two methods — the
hybrid approaches [4] that try to overcome limitation from the two previous solutions.
Most of existing recommender systems is based on a single numerical rating that
represents the user’s opinion about an item. However, in single rating approaches
many users may have decided to rate an item with the same scores, but due to
different reasons. For instance, recommending vacation packages, restaurants or
hotels may require more than a single rating to take into consideration different



aspects like breakfast, view, localization, etc. [5, 6]. Likewise, in a movie or TV
program scope, preferences may be driven by different aspects, such as the actors, the
directors or the genre of the program. In such scenarios, a single rating approach
completely ignores the semantic that can be extracted from the information contained
in the metadata content. The key to more effective personalization services requires a
system able to understand not only what people like, but why they like it. In other
words, the ability of creating a more effective preference representation schema, will
potentially lead to the design of a recommendation algorithms with increased
performance [7]. To go beyond and overcome the common limitations of the use of
preferences expressed only in form of ratings, a research trend which can exploit both
user preferences and semantic contents, has been emerging [8, 9].

This paper presents a content-collaborative hybrid approach that explores different
movie and TV metadata elements by assuming that the semantic of each element
should be used to help creating better user profiles that enable relating users according
to their metadata preferences. For that, user ratings are correlated with metadata,
bringing to surface the real reasons that drove user rating behaviour. In addition, a
deep analysis on the impact of using individual metadata categories or a combination
of a set of elements in representing user’s preferences is also done.

Simulations have been run using Netflix and Movielens datasets and different
sparsity conditions were taken into account. Finally, in order to evaluate the
performance of the proposed recommendation approach, besides Precision, a set of
other emerging metrics (Diversity, Novelty and Serendipity), considered relevant in
literature, and rarely explored in the semantic knowledge domain, were applied.

The remaining part of paper is organized as follows: Section 2 describes the related
work. Section 3 provides an overview on the methodology used to create semantic
enhanced user profiles and describes the hybrid recommendation approach
implemented. Section 4 presents the proposed experimental setup used to evaluate the
solution and results are presented and discussed in detail in Section 5. Finally, in
Section 6 some conclusions are taken and future work is highlighted.

2 Related work

One of the main drivers for building successful RS is the availability of accurate user
profiles. In order to explore movie semantic features to more accurately find
similarities between users, some work has been proposed [10-14]. In [13] a
recommender algorithm that is based on a factorized matrix composed of user
preferences associated to the movies' genres is proposed. By using a profile
enrichment approach together with collaborative methods, the author demonstrates an
increase in the quality of the recommendations. The work in [10] presents an
approach to automatically identify Communities of Interest (Col) from ontology-
based user profiles. Taking into account the semantic preferences of several users,
common topics of interest are found by using a clustering algorithm. Thus, users who
share interests on a specific concept cluster are connected and linked in a community
that can be further exploited by collaborative filtering techniques. Another cluster
approach is presented in [11] where authors introduce a method using a clustering



algorithm to combine content-based and collaborative filters. Users’ profiles are first
grouped into clusters and these clustered are then used to create a new user-item
matrix for recommendations. Finally, predictions are calculated by using the classic
collaborative algorithm based on the new user-item matrix.

To explore the real reasons of users’ rating behaviour, a feature-weighted user
profile model is proposed in [14]. In addition, a new top N generation list algorithm
based on features’ frequency is also presented. A final experimental comparison of
the proposed method against the state-of-art CF, CB and a hybrid algorithm shows
significant improvements of this approach.

In order to explore user generated metadata (i.e. social tags), [12] proposes a new
recommendation method that exploits social tags to annotate multimedia items. Tag
information is wused to analyse user's preferences and make collaborative
recommendations. Because social tags can measure user preferences from different
semantic dimensions, conducted experiments prove that it surpasses other methods.

The work presented in this paper extends previously published work by deeply
analysing the impact of movie metadata in enhancing user profiles from different
points of view. For validation purpose, we conducted simulations using two distinct
datasets - Movielens and Netflix. This allows results’ generalization, by confirming
the achievements in independent samples, which was not provided in previously
related work. In addition, the impact of slight variation on the sparsity of the datasets
is also evaluated. Most of the published work evaluates the performance of the system
using standard accuracy metrics like the Mean Average Error (MAE) or the Precision.
The appropriateness of such a metric for evaluating the quality of the top-N
recommendations has been questioned by several authors [15, 16]. In order to
improve the quality of the evaluation, emerging novel metrics (Diversity, Novelty and
Serendipity), considered relevant in literature, were used to validate our approach.

3 A semantic approach for movie recommendation

3.1 Metadata preferences profile

In the movie domain, preferences and tastes of the users may be guided by the genre
of the content or by the film crew. Information on the rating and on the metadata
associated to the content can be analysed and used to distinguish users and to create a
profile that represents the level of interest that a user has for each of the existing
metadata element. For example, if a user rated 5 all comedies that he saw while for
romances he decided for a 2, the system should infer that the user prefers comedy
movies, recommending him comedies instead of romances.

The level of preference for a given metadata can be calculated according to Eq. 1,
where 7; is the rating assigned by the user to a movie, Mo wea TEpresents all the
movies that contain the metadata j with the rating »; assigned and 72,,.uced movies TEpTESENtS
the number of movies watched by the user and that contain the evaluated metadata.
Fmin and Fuqy correspond, respectively, to the minimum and maximum rating that a
user can assign to an item.



The final preference profile for a selected metadata is represented as a vector. The
vector size is the number of concepts that the metadata consists of (p.e.
Pugenre =M ction, Mromance, -+, M, lerror) .

Zl” max

Mj — 1=l’min(ri *Nrmovies rated ) . (1)

Oryatched movies

3.2 Hybrid recommender approach

In a typical collaborative approach, the pattern of numerical ratings for individual
users is used to find the similarity between them. In contrast, in a
collaborative-content approach, the content-based profile for each user is exploited to
detect similarities among users. In this approach, profiles are essentially vectors of
terms and weights that can be compared across users to compute predictions. These
users’ weight vectors are a compressed representation of a user’s interest, and the
collaborative mechanism that follows can operate on this dense information
representation more easily than on raw rating data. In our work, we focus on a
sequential combination of content-based filtering and collaborative filtering where,
initially, a content-based algorithm is applied to find users who share similar interests,
and then, a collaborative algorithm is applied to make predictions. This methodology
uses a prediction scheme similar to the standard collaborative filtering while
maintaining the content-based profiles for each user. The outline of our approach
includes the following steps:

1. Build a content-based user profile considering movie metadata and ratings
given by users.

2. Find user’s neighbourhoods by calculating the similarity between each user
using the Pearson correlation coefficient. To find similar users, movie
metadata elements (genre, actors and directors) are used individually and by
combining them. The user can have one to three metadata preference profiles
associated with each of metadata categories.

3. Implement a standard user-based collaborative filtering algorithm, as
presented in [17], considering neighbours having the most similar metadata
preference profile, as discussed above.

4 Experiments setup

4.1 Evaluation metrics

Several accuracy metrics have been proposed to evaluate the performance of
recommenders [16, 18]. In recent years, the academic community has also discussed
the use of novel metrics which may influence users’ satisfaction [19, 20]. The results
of our work were evaluated using both traditional and novel metrics.

Precision can be calculated as the ratio of relevant items in the total number of
items selected as presented in Eq. 2. In a n-nary classification systems, an appropriate



threshold may be used to classify as relevant or irrelevant each item. For a rating scale
ranging from 0 to 5, classifications above 4 could be considered as a “like” (relevant)
and, below that, as a “dislike” (irrelevant).

precision — NRelevantSelected . (2)
Nselected
Diversity has been considered as one important aspect towards recommendation
quality [20, 21] as it helps users to discover new interests that they might not have
discovered by themselves, enhancing then user’s experience. It is frequently defined
as the opposite of similarity [22]. In our work, we followed the definition proposed by
[23] where diversity of a set of items, iy, ... iy, is defined as the average dissimilarity
between all pairs of items in the result set as presented in Eq. 3.
k—1yk i (il
. s . o1 Ziziger(1-sim(ipi;
diversity(iy, ..., 1,) = —— ‘;;S_l) (i) ) 3)
2

The similarity, sim, between movies was calculated considering information on the
genre, actors and directors of each movie. The final value is the average similarity to
the aforementioned metadata. For the similarity based on the genre, the cosine
distance was used while for the similarity based on the actors and directors the
Inverse Rank Measure [22, 24] was adopted.

The ability to find surprising TV contents may also contribute to user satisfaction.
In order to measure the ability of our algorithm to recommend novel items in a top-N
list, the novelty metric proposed in [25], named Expected Popularity
Complement(EPC), was applied:

N rel(uip)*(1—pop(ir))

ZuEUZrzl logp (r+1)
EPC = o 4)
ZuEUZr=1log2(r+1)

where i, represents the item that is at the ranking position » of the current
recommendation list with size N; rel(u,i.) is a binary value (0 or 1) since for this
metric only relevant items are considered; pop(i,) - the popularity - is calculated as the
ratio between the number of items that have been rated so far, Rat(i), and the number
of ratings of the most rated item in the item set / as presented in (5). Additionally, the
items are weighted according to their position 7 in the recommendation list by using a
logarithmic discount.
[Rat(i)|

maxier[Rat(i)] *

)

Another concept widely acknowledged as a key aspect in RS quality is serendipity
(the capacity to surprise the user by suggesting fortuitous and expected content) [26].
In order to measure the performance of our method in suggesting serendipitous items
in a top-N recommendation list, the approach presented in [27, 28], which captures
two aspects of serendipity (unexpectedness and usefulness), was adopted:

pop(i) =

|UNEXP(u)NUSEFUL(u)|
N .

(6)

where UNEXP(u) represents an unexpected set of recommendations for user u and
USEFUL(u) is the useful (relevant) items for user # which, for this work, corresponds

serendipity (u) =



to items rated by that user above a defined threshold and N represents the size of the
recommendation set RS(u).

4.2 Datasets partitioning

Tests were conducted using the Netflix and Movielens10M datasets, two well-known
datasets in the movies domain. Since these datasets do only have information
concerning ratings that users gave to items, available APIs were used to extract the
required metadata from existing services and to enhance the datasets.

Given the datasets contain a large set of ratings (a few millions) a dataset split and
resizing was made to reduce computational costs. Following the approach presented
in [18] the top 3000 users, that is, the ones that contributed with more ratings, were
selected. These users were further split into 3 groups, according to the percentage of
ratings. As shown in Table 1, the sparsity of the defined datasets is still notably large.

Table 1: Sub-datasets constructed for the experiments (based on the number of ratings)

Datasets
Movielens Netflix
Ratings . Ratings .
Name percentage Sparsity Name percentage Sparsity
1114 users, g0
ml 25(1)  ~25% of all the 904% | nflx 25(1)  12users,~25% - gq,
. of all the ratings
ratings
872 users, ~25% o 874 users, ~25% o
ml_25(2) of all the ratings 93% nflx_25(2) of all the ratings 88%
1025 users, 1197 users,
ml 50 ~50% of all the 87% nflx 50 ~50% of all the 82%
ratings ratings

4.3 Testing methodology

For testing our approach, the user-based collaborative filtering algorithm from the
Apache Mahout framework was used. External modules to allow movie metadata to
be integrated into the framework were developed. Simulations include:

1. Comparing the performance of collaborative single rating and hybrid
approaches considering each of the metadata elements individually, as well
as all the possible combinations: the three elements together (A/D/G); actors
and directors (A/D); actors and genres (A/G); genres and directors (G/D).
The Pearson correlation was used to compute users’ similarity. A
neighbourhood size of 5 was considered;

2. Analysing performance using different evaluation metrics (Precision,
Diversity, Novelty and Serendipity). Items rated 4 or up were defined as
relevant and a top-N methodology with N defined as 10 was used.



5 Results

The first conclusion that can be drawn (Fig. 1) is that our approach increases the
precision when compared to the standard collaborative algorithm that computes the
similarity between users using single numerical ratings. These results were validated
using both datasets. The users’ metadata profiles that enable the best performance
result from the aggregation of information on the genre, actors and directors (A/D/G)
and on the one that used just the information on the actors. Given that the impact on
using a more complete set of metadata (A/D/G) does not contribute to increase
significantly the performance and that computational costs are significantly higher
when compared to using just one metadata element, an enhanced profile based on the
actors can be selected as the best approach. As shown also in Fig. 1, the different
sparsity levels of the datasets (small number of ratings or large number of new items)
does not affect the results.

0,14 0,25

Movielens Netflix
0,13
0,12 023
0,11 -
5 01 s 021
o @
® 0,00 H
@ T 0,19
0,08
0,07 047
0,06
0,05 0,15 -
ml_25(1) mi_25(2) mi_50 nflx_25(1) nflx_25(2) nfix_50

®Collaborative®ActorsBDirectorsBGenre DA/D/G

Fig. 1. Precision for a) Movielens dataset; b) Netflix dataset

Fig. 2 shows the results when analysing the diversity of the items recommended for
two sample datasets. The simulations show a slight improvement of our hybrid
approach when compared to the standard collaborative filtering algorithm. This
conclusion is independent of the dataset and of the dataset sparsity. Despite none of
the metadata elements outperforms another, the combination of all the metadata
information presented fairly consistent results for all datasets samples.

Novelty and serendipity results are depicted in Fig. 3. It is highly noticeable that
performance patterns are very similar for these two indicators. Again, performance
was enhanced when compared to the simple approach that uses single ratings. No
metadata that consistently stands out can be identified. However, once again, the
profile that combines all metadata seems to be the approach that demonstrates the
overall consistency and best results.
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Fig. 3. Novelty and serendipity for a) Movielens dataset; b) Netflix dataset

6 Conclusions

This paper compares the performance of a standard collaborative algorithm against a
content-collaborative hybrid approach that explores an enhanced profile that reflects
the value of metadata categories. We confirmed experimentally that constructing a
metadata profile improves the results when compared to using single ratings. Besides
improving the performance, other advantages can be identified. The first concerns the
ability to consider proximities between users even if they did not rate any common
item. The second is related to the scalability of the algorithm. While for the CF
approach the information to be processed (matrix of ratings for old and new items)
grows continuously with time, the profiles’ matrixes grow more slowly, influencing
then positively the computational costs. This can be illustrated by the genre metadata
profile, as usually this element has, from the beginning, a fixed and small number of
categories (comedy, terror, drama, etc.). This enables the profile length to be kept
with a fixed size over time, enhancing the scalability of the approach.



Results also show that the metadata element used to construct the users’ profiles
has some influences on the recommendation’s output. Used individually, the actors
demonstrate to be the better choice. However, the combination of metadata
demonstrated, in general, a better and more consistent performance than any metadata
considered individually. The different possible combinations between two metadata
elements also showed, for most scenarios, better performance than the metadata used
individually. For that reason, the results seem to demonstrate that combining different
information allows representing more accurately users’ preferences.

The results provided by other metrics (diversity, novelty and serendipity) show that
an improvement of our approach can also be noticed when comparing to the standard
user-based CF algorithm. The combination of genre, actors and directors, enables, for
both datasets, the best and most consistent results. However, the gain in performance
cannot be said to provide a substantial benefit, as it implies greater computational
costs. If used individually, actors and directors can be said to have the disadvantage
over genre by growing along time.

Future work includes the integration, in the recommendation framework, of other
collaborative filtering methods that also utilize metadata and then evaluating its
performance against results presents in this paper.
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