CLEI ELECTRONIC JOURNAL, VOLUME 18, NUMBER 2, PAPER 7, AUGUST 2015

Let’s go to the cinema! A movie recommender system for ephemeral
groups of users
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Abstract
Going to the cinema or watching television are social activities that generally take place
in groups. In these cases, a recommender system for ephemeral groups of users is more
suitable than (well-studied) recommender systems for individuals. In this paper we present a
recommendation system for groups of users that go to the cinema. The system uses the Slope
One algorithm for computing individual predictions and the Multiplicative Utilitarian Strategy
as a model to make a recommendation to an entire group. We show how we solved all practical
aspects of the system; including its architecture and a mobile application for the service, the lack
of user data (ramp-up and cold-start problems), the scaling fit of the group model strategy, and
other improvements in order to reduce the response time. Finally, we validate the performance
of the system with a set of experiments with 57 ephemeral groups.

Keywords: recommender systems, ephemeral group recommendation, collaborative filtering, Slope One, utilitarian
strategy.
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Introduction

In recent years consumption of on-demand multimedia content over the Internet has greatly increased, with a great deal
of contents available through streaming platforms and services such as Netflix [1], YouTube [2, 3], Amazon Instant
Video [4], Hulu [1], Crackle [5](for video streaming) or Spotify [6], Deezer [7], Google Play Music [8], Napster [9]
(for music streaming), to name only a few. While this is positive, it is more difficult for the consumer to choose the
most suitable content for its preference. Be able to suggest and to arrange somehow this content, and facilitate the
user the task of select a content from an almost infinite universe of possibilities are common objectives and current
hot research topics. As shown in previous research [10], to find the best content for an individual could be a difficult
problem. In this work, we study an even greater challenge: to find the best option for a set of individuals or group.
Following the literature [11–18], we know that the problem is more complex when the group cannot be properly
characterized, for example when the group is ephemeral (i.e. there is no previous knowledge about the group and the
group will dissolve in the near future).
Therefore, in this article we will board the problem of recommender systems for ephemeral groups. Specifically,
we will raise the construction of a prototype of a mobile application that users can use to form ephemeral groups in
order to go to the cinema; and of course, the application will help them in the selection process of what movie to
watch. As explained in the following sections, our proposed prototype combines a preference prediction algorithm
for individuals with a group’s recommendation strategy, in order to recommend the best movies for each group. In
order to validate the performance of our recommendation system, we perform a preliminary set of experiments with
57 ephemeral groups. Obtaining promising results, getting over 98.2% of groups accept one of the three main system
recommendations.
Despite that the focus of this paper is to present the developed recommendation system, we show how we solved
all practical aspects of the system; including its architecture, the mobile application to offer the service, and several
particular problems solved during the implementation. In the following, we present the contents of this paper.
In Section 2, we present the related work and we describe the basic concepts about recommender systems, deepening into the Slope One algorithm and the Multiplicative Utilitarian Strategy. Then, in Section 3 we present some
relevant aspects of the implementation of our recommender system, including, how we solved some problems such as
the ramp-up and the cold start problem, or the scaling problem intrinsic of the Multiplicative Utilitarian Strategy, and
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how we improved the performance of Slope One algorithm in time and storage, doing a partial load of the Slope One
matrix and other variants of the basic algorithm. Section 4 presents the first calibrations and performance evaluations
of our recommender system. In Section 5, we show an end-user oriented mobile application designed to leverage
the recommender system. Users can create events (going to the cinema), invite other users to join the event, receive
recommendations about a cinema listing, and evaluate individual or group predictions. We evaluate the performance
of the application in Section 6. With the help of more than 50 experiments with real groups of users (of size between
2 and 6 individuals), we validate the effectiveness and efficiency of our prototype. Last, in Section 7 we resume the
main conclusions of the work.

2

Related Work

Large work has been done in recommender systems for individuals. In [10], Ricci, F. et al. distinguishes between six
different classes of recommendation approaches based on different knowledge sources: content-based, collaborative
filtering, demographic, knowledge-based, community-based and hybrid. This classification, which provides a taxonomy that has become a classical way of referring to and distinguishing among recommender systems for individuals,
can be summarized as follows [10]:
• Collaborative Filtering: it is considered the most popular and widely implemented technique. It provides
recommendations using only information about rating profiles for different users. In one of its forms, since
there are some variants which will be discussed later in this section, this technique locates peer users with a
rating history similar to the current user and provides recommendations using this notion of neighborhood. In
this work we will use a collaborative filtering technique, and this class will be introduced in next Subsection 2.1.
• Content-based: it provides recommendations from two sources: the features associated with items and the
ratings that the user has given them. It learns to recommend items that are similar to the ones that the user
liked in the past. The similarity of items is computed based on the features associated with the compared
items. Therefore, the recommendation problem is solved as a user-specific classification problem and it learns a
classifier for the user’s likes and dislikes based on item features.
• Demographic: it generates recommendations based on a demographic profile of the user. Recommended items
can be provided for different demographic niches, by combining the ratings of users in those niches.
• Knowledge-based: it provides recommendations based on inferences about the user’s profile. Usually, this
knowledge is provided to the particular case, and sometimes contain explicit functional knowledge about how
certain item features meet user needs.
• Community-based: it is a new type of recommendation technique based on the preferences of the users friends.
It performs well in special cases, when items (or users) are highly dynamic, or when the user ratings of specific
items are highly varied (i.e. controversial items).
Also, the taxonomy adds an extra Hybrid technique that combines these pure techniques in order to improve accuracy
or efficiency comparing it with each technique separately. For example, since all the learning-based techniques (collaborative filtering, content-based and demographic) suffer from the cold-start problem (described in Section 3), the
combination with a knowledge-based technique makes it possible to reduce the impact of that problem. For a detailed
explanation of possible hybrid techniques, please read [19].
2.1

Collaborative Filtering Recommender Systems for users

Recommender systems using collaborative filtering technique (CFRS) take ratings made by users over items as input
for the recommendation algorithm. They consider the ratings assigned by the user for whom the recommendation
is being generated and the recommendations made by the other users. CFRS relate two different entities: items and
users. Traditionally, there have been two main approaches to facilitate such a comparison: model-based methods and
neighborhood methods [10, 20]. These approaches are presented in the next subsections. Also, some others works
have been implemented in order to solve some problems that traditional algorithms have had in particular contexts. In
subsection 2.1.3 we dedicated some lines to them.
2.1.1

Model-based methods

They use the gathered information to make an off-line model which is then used to make predictions more efficiently [21]. Cluster Model, Latent Factor models and Bayesian Networks are some alternatives of this approach.
In [21], you can find a complete description and a study that compares them. It is worth noting, that Cluster Model,
for instance, reaches a complexity order of O(1) for the prediction function [22]. Latent Factor models, such as matrix
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factorization (aka, singular value decomposition), is a new approach of CFRS that transforms both, items and users,
to the same latent factor space [15, 23, 24]. The latent space tries to explain ratings by characterizing both items and
users on factors automatically inferred from ratings. Recent studies show that this approach has a high accuracy, and
offers a number of practical advantages.
2.1.2

Neighborhood methods

They focus on the notion of similarity (the neighborhood) of items or, alternatively, of users. The neighborhood of a
user is built from users whose profiles are similar to his or her profile, considering ratings on common items that are
shared by them to make the comparison. Similarly, the neighborhood of an item is the set of other items similar to it,
and the comparison is based on common ratings that users have made. Accordingly, the rating of an item for a given
user can be predicted based on the ratings given by the neighborhood of users and items. In [22], Candillier et. al.
explain that there are two main approaches within CF Neighborhood methods: user-based, and item-based.
User-based and item-based approaches use the notion of neighborhood between users and items respectively to
compute the predicted rating of a user over an item. There are different measures of similarity to assess how similar a
pair of users or a pair of items are. A similarity measure is presented as a measure of relevance between two vectors.
When values of these vectors are related to a user model, it is called user-based similarity measure; otherwise, it is
called item-based similarity measure [25]. With respect to the computation, the main difference between user-based
and item-based approaches is how the vectors are taken from the user-item matrix of ratings. In the first case, the similarity is computed over the rows of the matrix, while in the second, the calculation is performed over the columns [26].
Some most used similarity measures used are: Pearson Correlation, Cosine Vector, Adjusted Cosine Vector, Quadratic
Difference, Simple Matching Coefficient, Jaccard Coefficient, Extended Jaccard (Tanimoto) Coefficient, Spearman
Rank Correlation, Mean Squared Difference, Minkowski distance (where Euclidean distance is a particular case), the
City Block metric, and the Supremum distance. Historically, Pearson Correlation has been generally recognized as the
best similarity measure [10], but recent investigations show that the performance of such measures depended greatly
on the data [10]. In our work we have implemented the Slope One algorithm, which unlike other collaborative filter
algorithms, does not handle the concept of similarity. For that reason, we will not go into detail about the similarity
measures mentioned above. You can read about it in detail in [10].
2.1.3

Other approaches for CFRS

In particular contexts, traditional algorithms have had some problems, sometimes making almost impossible to execute quickly, in real-time and without losing quality. For that reason some variations in collaborative filtering have
appeared. The Slope One algorithm and the Amazon’s item-to-item Collaborative Filtering are two examples of these
new approaches. The item-to-item Collaborative Filtering was implemented by Amazon after testing and realizing
that traditional algorithms did not perform well enough with their massive data sets (tens of millions of customers
and millions of distinct catalog items). Unlike traditional collaborative filtering, the computation for the Amazon’s
algorithm scales independently of the number of customers and number of items. It produces recommendations in
real-time, scales to massive data sets, and generates high quality recommendations [27]. Rather than matching the
user to similar customers, item-to-item collaborative filtering matches each of the users purchased and rated items
to similar items, then combines those similar items into a recommendation list [28]. Both, the Slope One and the
item-to-item algorithms, use an offline computed item-to-item matrix in order to generate recommendations quickly
and in real time. In the case of the item-to-item algorithm this matrix maintains the information for knowing how
similar are items between them. On the other hand, the Slope One algorithm uses an item-to-item matrix for knowing
how much more an item is liked over another item on average. Because for computing the entries of the matrix, both
algorithms consider only users who have rated (or purchased in the case of the item-to-item algorithm) both items,
then the recommendation is very quick, depending only on the number of items that the user has purchased or rated.
You can deepen in the item-to-item algorithm in [27] and [28]. The next subsection explains the algorithm used in our
work: Slope One.
2.2

Slope One algorithm

Slope One is a family of algorithms from the CFRS category that tries to solve some of the common problems that
have other recommendation algorithms. It was introduced in 2005 by Daniel Lemire and Anna Maclachlan in [29].
That paper lists the five main objectives of the algorithm:
i) Easy to deploy and maintain. Easy to interpret.
ii) Instant update. If new ratings arrive, all predictions are changed instantly.
iii) Efficient at query time. Queries can be executed quickly, the cost is the storage space it requires.

3

CLEI ELECTRONIC JOURNAL, VOLUME 18, NUMBER 2, PAPER 7, AUGUST 2015

iv) Users with few recommendations, will receive good recommendations.
v) Reasonable accuracy with simplicity and ability to scale.
Several studies [29–32] show that these objectives are reached: it offers excellent quality (with a performance closer
to the best known recommender algorithm, including common user-based and item-based approaches), and it needs
the lowest computational time. Consequently, the Slope One algorithm was chosen for this work.
According to its authors, the algorithm operates under the principle of differential popularity between items (instead of handle the concept of similarity). This principle can be defined as the average of rating differences, indicating
how much more an item is liked over another item on average, considering for the calculation only those users who
rated both items. For example, if we have n items in our system, and the users who have rated items {i1 , i2 } are
{u1 , u2 , u3 }, we define the ratings vector for user u as Ru = {ru1 , ru2 , ..., run } where rui ∈ Ru represents the rating of
user u over the item i. Then, if we have v1 = {3, 4, ...} , v2 = {5, 4, ...} and v3 = {4, 1, ...} the average ratings are 4
((3 + 5 + 4)/3) and 3 ((4 + 4 + 1)/3) for i1 and i2 respectively. Then, the average of rating differences for both items
is 1 (only considering the ratings given by users who have rated both items). This difference can be understood as a
1-point advantage of i1 over i2 .
Slope One uses this average of rating differences to predict the rating a user would give to an item that has not
yet rated. Considering the values of the previous example, if we know that a user has rated i1 with 4, then we would
predict the rating over i2 with a value of 3, maintaining the linear relationship between the two items (i1 is liked in
average one point more than i2 ). If we repeat this reasoning considering all the items the user has already rated and the
average of rating differences for these items against the item to predict, then we could refine the prediction value for
the user by averaging predictions resulting from consider each of the items already rated. Now, with this consideration
we formally present the Slope One prediction function for a user u over an item i with this formula:
pui =

∑ j∈{Su −{i}} (ru j + devi j )
,
|Su − {i} |

(1)

where Su − {i} represents all items rated by user u except item i, ru j represents the rating for user u over the item j, and
devi j represents the average of deviation for ratings considering items i and j, which is calculated using the following
formula:
devi j =

∑u∈{U } (rui − ru j )
ij
,
|Ui j |

(2)


where Ui j denotes the set of users who rated both items i and j, |Ui j | is the number of users in the set, rui and ru j
the ratings of user u over the items i and j respectively.
To meet the goal of being efficient at query time, the implementations of Slope One perform an off-line preprocessing stage to build an initial matrix with the devi j values computed for all pair of items i and j for which there
are at least one user who has rated them both. This matrix can be updated quickly each time a new rating arrives [29].
Thus, considering that the rest of the prediction formula is computed on-line, all predictions are changed instantly,
thus fulfilling the goal that refers to the instant update.
The above paragraphs explain the basic scheme of Slope One computation. As detailed in the original work of
Slope One [29], there are at least two other schemes to show: the Weighted Slope One scheme and the Bi-Polar Slope
One scheme. In the Weighted Slope One scheme, the popularity of the items, i.e. the known ratings, are taken into
account. The basic assumption is that if we have more ratings about an item, we can predict with better accuracy using
this item. To exemplify this point, let us assume that we want to predict the rating over the item i by a user u, and
we know that the user u rated items j and k. If there are much more users that rated both i and j against i and k, it
makes more sense to expect better confidence in the linear relationship between i and j than the relationship between i
and k. This idea is not encompassed in the prediction Equation (1), which can be improved consequently through the
following weighted formula:
pui =

∑ j∈{Su −{i}} (ru j + devi j )|Ui j |
∑ j∈{Su −{i}} |Ui j |

,

where |Ui j | denotes the number of users who rated both items i and j.
The Bi-Polar Slope One scheme is an improvement over the Weighted Slope One scheme, that takes into account
the confidence of ratings over pairs of items (as the weighted version), and a bi-polar classification (like/dislike) of
users over items. Formally, we split the rating set of user u, Su , into two sets of rated items: Sulike = i ∈ Su |rui > Ru

and Sudislike = ∈ Su |rui < Ru , where Ru is the average rating values provided by user u. Also, the set of users who


like and U dislike = user u|i, j ∈ Sdislike .
rated both items i and j, Ui j , is splitted accordingly: Uilike
u
j = user u|i, j ∈ Su
ij
Using these splitted sets, the Bi-Polar Slope One scheme restricts the set of ratings that are used in the prediction and
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deviation formulas. First, in the deviation formula (improve over Equation (2)), only deviations between two liked
items or deviations between two disliked items are taken into account:
∑
devlike
ij

=

n
o (rui − ru j )
u∈ Uilike
j

|Uilike
j |

,

a similar equation defines devdislike
. Second, in the prediction formula (improve over Equation (1)), only deviations
ij
from pairs of users who rated both item i and j and who share a like or dislike of item j are used to predict ratings for
item i:
like
∑ j∈{Slike −{i}} (ru j + devlike
i j )|Ui j | +
u

pui =

)|Uidislike
|
∑ j∈{Sdislike −{i}} (ru j + devdislike
ij
j
u

dislike |
∑ j∈{Sulike −{i}} |Uilike
j | + ∑ j∈{Sudislike −{i}} |Ui j

.

As explained in Section 3, we will use a new variant of the basic scheme (inspired in the weighted version) that
reduces the amount of items considered for computation, in order to improve performance. As our set of items is
relatively small, a premise of our work was to not develop the solution over big-data software, like in [30], in order to
obtain portability and fast scripting programming.
2.3

Group Recommender Systems

Unlike other activities such as using the computer, reading a book or listening to music, going to the cinema or
watching television are social activities that generally take place in groups. Livingstone & Bovill in their research
report called Young people, new media [33] state that television is the medium that is more frequently shared with the
family, topping the list of activities that parents share with their children, and also that more than two thirds of children
watch their favorite shows with someone else, usually a family member. Therefore, in this context, it is essential to
have recommender systems that generate recommendations for an entire group of individuals.
Compared with recommender systems for individuals, few systems have been developed that take into account a
set of individuals to generate recommendations [11, 12]. One of these is PolyLens [13] (extension of MovieLens), a
research project from the Minnesota University that recommended movies for small groups of users. The study of
PolyLens has helped to understand the considerations that must be taken into account when developing systems for
groups. Another highly recognized system in this category is MusicFX [34], whose main objective is to select radio
stations in a fitness club. To choose the radio station, MusicFX takes into account the preferences of musical genres of
those who are developing their workout at that time. Some other known systems that generate recommendations for
groups are: Intrigue (recommends places for groups of tourists), The Travel Decision Forum and The Collaborative
Advisory Travel System (both help a group of users to choose a joint holiday), and YU’S TV recommender (TV program
recommender for groups), you can read more about them in [10].
In [14], Bernier et. al. explain the two main approaches for providing recommendations to a group of users:
group model based and individual recommendation merging. These approaches differ from each other on how the
recommender applies aggregation of individual information.
In the case of Individual Recommendation Merging, an individual recommendation is made for each group member
and then the results are aggregated [14–16]. The purpose of this approach is to present a set of items to the entire
group that be the merging of the items preferred by each member of the group [17]. An algorithm that implements this
approach typically will have two stages. In a first stage, for each group member, the system predicts the user’s rating
on each item that the user has not yet rated and the set of items Ci with the highest prediction is selected. Finally, in
the second stage, the list of items to recommend to the group is constructed as the merging of the Ci s of each member
[17].
In our work we have chosen a Group Model Based approach in order to implement a group recommendation strategy, by building the group profile using the individual profile of each member of the group. With this approach, a
group recommender system considers the preferences of each individual in the group with some criterion that maximizes the happiness of the group (also called group’s satisfaction). The concept of group happiness can vary, it
sometimes corresponds to the average of preferences of the members, and other times to the happiest (and least happy)
member, etc.. There are different strategies (many of them inspired by the Social Choice Theory and the Voting Theory [12, 18, 35, 36]) and different algorithms to compute the happiness value according to the definition we use. All
these algorithms have as their main input the individual satisfaction prediction for users who make up the group. The
work in [14] classifies the recommendation strategies in the following categories: majority-based (consider only the
most popular items), consensus-based (consider all group member preferences), and borderline (consider only a subset of items, belonging to a subgroup of members). Below, we describe some strategies with outstanding features as
representatives of this categorization: plurality voting, the least misery, the most respected person, and utilitarian.
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2.3.1

Plurality voting

This strategy also known as first past the post (or by its initials PPTP or FPP) belongs to the majority-based classification according to [14]. We present it because of its simplicity and intuitiveness. Each person votes for his or
her preferred alternative, then the alternative with the most number of ratings wins. If required to choose a set of
alternatives, the method can be repeated, firstly to choose the first alternative, then voting for the second, and so on. A
disadvantage of this strategy is that it violates the Condorcet Winner Criterion which is one of the desirable properties
of social choice procedures [36].
An alternative meets the Condorcet Winner Criterion if when compare it with each of the others, is the preferred
one. More formally, given the alternatives {a1 , a2 , ..., an } ai is an alternative that meets the Condorcet Winner Criterion
if for all j such that 1 6 j 6 n, i 6= j, then pre f erred(ai , a j ) = ai . Given this definition, consider the following scenario
in a hypothetical election:
• 30% prefer A before B before C
• 30% prefer C before A before B
• 40% prefer B before A before C
If we apply the Plurality Voting strategy, then B would be the winning option with 40% of the votes, although
60% prefers A before B. This simple example shows that while alternative B is the winner, B is not the most preferred
alternative and shows clearly the disadvantage of this strategy to violate the Condorcet Winner Criterion.
2.3.2

The least misery

This strategy was chosen in the design of PolyLens [13] and belongs to the borderline classification according to [14].
For each alternative, the lowest rating given by any individual is considered, then the results are sorted in descending
order and the alternative that tops the list is the winner. The idea of this strategy is that the happiness of the group
is dictated by the happiness of the least happy member. While in small groups it could be a good alternative, it has
the disadvantage that for large groups it could happen that an item is never chosen as the winner because there is one
member who hates it, despite the fact that a huge majority would love it [37, 38].
2.3.3

The most respected person

This strategy also known as Dictatorship belongs to the borderline classification according to [14]. We find it interesting to mention this strategy because, despite its simplicity, it has performed very well in the evaluation of different
strategies according to [39], only improved by the utilitarian strategy. The strategy consists in considering only the
ratings given by the most respected person in the group, without regard to the ratings or opinions of the rest. That
would be a typical scenario when a guest is watching TV with the usual members of a family or when it is the birthday
of any individual in the group [12].
2.3.4

Utilitarian

This strategy takes its foundations from the Utilitarianism ethical theory, which has been used in different areas and
disciplines such as philosophy, economics or political science. The Utilitarianism, as an ethical theory, holds that
any action should seek the greatest happiness for the greatest number of individuals and that actions which are right
in proportion to that tend to promote happiness [40]. It is important to note that to apply this approach, it might
be necessary to take an action that does lose happiness to few individuals with the objective of maximizing overall
happiness. This is a problem to be faced by individuals who enjoy greater happiness when applying this theory and
that few are able to consent. Stuart Mill in [40] summarizes this problem with its famous phrase ”It is better to be a
human being dissatisfied than a pig satisfied; better to be Socrates dissatisfied than a fool satisfied”.
In order to apply these principles in a group recommendation strategy, utility values are used to measure the
happiness of each individual in each alternative. These values generally correspond to the ratings assigned (if they
are known) or individually predictions for the alternative. There are two versions of this strategy, the additive and
multiplicative, and both belong to the consensus-based classification according to [14]. In the additive utilitarian
version, the sum of the utility values for each individual is computed for each alternative. Alternatives are then
sorted in descending order according to the result of the sum. We should note that if we perform the average of the
utility values for each alternative, the order of the list remains the same, so this strategy is also known as the Average
strategy [41]. The item that tops the list is the one that maximizes the happiness of the group (note that it could
possibly be more than one) and, by generalizing, we say that if an item i1 is before an item i2 in the list, then i1 is more
recommendable for the group than i2 , according to this strategy. In the multiplicative utilitarian version, the product
of the utility values for each individual is computed for each alternative. Alternatives are then sorted in descending
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Table 1: Two items {i1 , i2 } predicted for three users {u1 , u2 , u3 }
u/i

i1

i2

u1

1

2

u2

1

2

u3

5

3

Table 2: Recommendation’s result by strategy
Strategy

Recommended item

Plurality Voting

i2

Least Misery

i2

T he Most respected person

i1

Additive Utilitarian

i1 or i2

Multiplicative Utilitarian

i2

order according to the result of the product. Although this version is very similar to the additive version, the result list
can be very different as can be seen in the example summarized in Table 2.
2.3.5

Analysis of the strategies

Table 2 summarizes these four group strategies with an example to see which item would be the recommended in each
case. Suppose three users {u1 , u2 , u3 } for whom the system predicts the values 1, 1 and 5 respectively on the item i1 ,
and 2, 2, and 3 on the item i2 , as shown in the Table 1. Also suppose that u3 is the most respected person in the group.
If we decide to use the Plurality Voting strategy then i2 would be the winner because i2 is the first option for u1 and
u2, and only u3 would prefer i1 instead of i2 . If the Least Misery strategy is used then i2 would be the winner too, in
this case because the lowest prediction for i1 is 1 and for i2 is 2, so when the lowest values for each alternative are
ordered in descending, i2 is at the head of the list, so it is the winner option. In case of using The Most Respected
Person strategy and supposing that u3 is the most respected person, i1 would be the recommended item because is
the preferred option for u3. Finally, if we apply the Additive Utilitarian strategy for both items we get the value of 7
to express the happiness of the group, creating a draw in the value of the prediction on both items. In contrast, if we
use the Multiplicative Utilitarian strategy we get a happiness value of 5 for i1 and 12 for i2 , breaking the draw in the
happiness values that are predicted.
Unlike other strategies such as the Least Misery and the Average Without Misery, Utilitarian strategy has the
disadvantage (in both versions: additive and multiplicative) that minorities are not taken into account. This is worse
in big groups, because in small groups each individual opinion has a large impact [12, 14]. On the other hand, the
Utilitarian strategy is the one that has achieved the best results in the evaluation of different strategies according to [39].
In particular, multiplicative strategy is the best performing strategy, according to [41] and [10]. Moreover, it provides
adequate privacy for individuals [42], which is another desirable feature for a group recommendation strategy [42].
For these reasons, the multiplicative utilitarian strategy was the one we have chosen to implement in our work.
Finally, to end this section on group recommendations devote a few paragraphs to the privacy issues for groups of
individuals.
2.3.6

Privacy considerations

Privacy is an important factor to generate recommendations for groups, especially if, in pursuit of transparency, the
system indicates that a particular item is shown because a particular member of the group is interested in it [42].
The use of personal data may be disclosed or not to users. Different implementations could deal with this issue in
different ways, such as making this information available to users, leaving the control to each individual user or hiding
it completely [13]. Few studies and experiments have been aimed at the study of privacy in group recommendations.
Two of the most important works on the subject are PolyLens [13], and the investigation performed by Judith Masthoff
and Albert Gatt in [42]. In [13], reaction of users to loss of privacy was studied. In PolyLens, most groups were
small, many compounds for close friends, so privacy was not a major problem and users were willing to yield some
privacy to get the benefits of group recommendations. Finally, [13] concludes that more work is required in the future
to understand the behavior of other types of groups.
[42] investigates the effect on privacy of different group aggregation strategies and describes three methods to
improve privacy. The first one consists in giving the user the possibility to indicate the degree of privacy (between
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Figure 1: System prompts the user to rate (configured to rate at least ten movies).

0 and 1) of each rating given to each item. The second one is about providing the ability to use different user profiles depending on the situation and context (individual, family, friends, etc). The third method consists in the use
of anonymity. [42] concludes that using the Least Misery strategy should be avoided and indicates it is fine to use
the multiplicative utilitarian strategy. Finally, [42] proposes to add a virtual member (with their own tastes) to the
group in order to improve privacy. Thus, it would add a bit of casuistry to the recommendations, and the result of a
recommendation could never be attributed to a particular individual because there is always the possibility that it has
been influenced by the virtual user.

3

Our Cinema Recommender System

Justified by previous works, we decide to use the Slope One algorithm in order to predict individual recommendations,
and combine them into a group recommendation using the multiplicative utilitarian strategy. In this Section, we
present the most relevant implementation details of our recommendation system. Firstly, we present the Ramp-up
and Cold Start problems, that are two intrinsic problems to recommender systems and the solution we implemented.
Then, we continue to present another problem, specific to the Slope One algorithm, and referring to the big data
process required in order to compute the matrix of rating differences. We show some relevant properties about this
matrix and how we took advantage of them in order to perform a partial load of this matrix, with the aim of reducing
the recommendation time and the required space to less than a half. Finally, we consider a variation for the Slope One
algorithm in order to improve the recommendation time and we show an intrinsic scaling fit problem of multiplicative
utilitarian strategy and a possible solution for dealing with it.
3.1

Ramp-Up and Cold Start problems

The Ramp-Up problem [43] occurs when, in a newly launched system, there is insufficient information to generate
good recommendations. That is, the system must know about the decisions of users to ensure the quality of future
recommendations. CFRS suffer from this problem because they receive as input the history of user ratings on items.
Similarly, while the system is running at steady state, Cold Start happens when a new user arrives at the system without
any previously rated item, making it difficult for the system to infer his preferences.
To solve these problems we make an initial load using the MovieLens 10M dataset [44], with data from anonymous
users, items and scores. Once this dataset is loaded, we use these data to initialize the matrix of average of rating
differences used by the Slope One algorithm. Thus, taking advantage of the benefits of the Slope One algorithm, new
users must just rate a few movies when they enter the system for the first time (Figure 1), so that the algorithm can
find entries in the matrix of average of rating differences and start generating good recommendations for the user.
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3.2

Partial load for the Slope One Matrix

As mentioned in Section 2.2, Slope One algorithm uses as its input a matrix of size NxN, where N is the number of
items in the system. In a movies domain, N can be very large. For example, the MovieLens 10M dataset [44] has more
than 10000 movies (and it only considers movies until 2009), therefore, the matrix should have more than 100 million
entries. This is the price that Slope One pays in order to make recommendations in an efficient way, but it can become
a problem if you do not have good storage capacity or if you have limitations on the size of the used database. For
example, in this work, we use a SQL Server Express 2008 R2 database which limits the database size to 4GB. For this
reason we decided to perform a partial load of the matrix, as follows.
Each element of the matrix used by Slope One indicates how much more an item is liked than another on average,
specified by devi j , and is computed according to Equation (2). It is easy to see that dev ji = −devi j and devii = 0
happen for all item i and j. These properties classify our matrix as an antisymmetric matrix, since it is a square matrix
which fulfills that its transpose is equal to its negative (At = −A). This observation is important because it allows us
to load only the upper part of the matrix, because the rest of the values can be computed.
To perform the initialization process, we built an application that iterates over all movies in the MovieLens 10M
dataset [44], and for each one, computes and stores the value of average of rating differences with the rest of the
movies that have a greater identifier. To consider only greater identifiers ensures us that only the upper part of the
matrix will be loaded (given the antisymmetric property), and it allows us to save significant space for storage and to
reduce the size of the matrix to less than a half, which also helps us to improve performance of queries to solve the
prediction algorithm and therefore the recommendations.
3.3

Variant for the Slope One algorithm

The Equation (1) specifies the predicted rating of user u over the item i, pui . In this computation, we can see that
the number of items rated by the user affects the execution time of the algorithm. If we define N as the size of set
S, the formula for pui has O(N). If we use a lower value for N, the number of operations will be less. On the other
hand, the Weighted Slope One algorithm [29] weighted the most rated movies, assuming that these can contribute to
a better result. Following this approach, we reduce the set Su − {i}, re-defined as Su0 − {i}, where Su0 is the subset of
items from Su that have the greatest number of ratings. In Section 4 we analyze the performance of the algorithm
and the prediction time, taking the size of Su0 as the main variable. Thus, in the rest of this document, we will use the
prediction, pui , defined as:
pui =
3.4

∑ j∈{Su0 −{i}} (ru j + devi j )
|Su0 − {i} |

(3)

Scaling problem of Multiplicative Utilitarian Strategy

The algorithm that we used to generate group recommendations from individual recommendations is the multiplicative
utilitarian. This is so because this algorithm has performed well in similar scenarios, and because it preserves the
privacy of individual ratings [42]. For this strategy, we use pui prediction as utilitarian value for a user u over an item
i. In this way we define the happiness prediction function (or satisfaction) of the group G over an item i as:
happinessGi =

∏

(pui )

(4)

u∈{G}

If we compute the group happiness on a set of items, we can establish an order of preference of the group on that set
of items. If ordered in descending preference, we obtain the recommendation for one or more items for the group G.
Thus, we have solved the recommendation of items for a group.
Since in our system users rate movies and receive individual predictions on a scale of 1 − 5, and as individual
prediction is the utilitarian value for the group strategy, we can see that the minimum value of happiness for Gi is
1 and its maximum value is 5n , where n is the number of members of the group G. This is a problem, because we
want that the prediction for the group has the same range of values on a scale of 1 − 5. Therefore, we have to define a
new function PGi as the average rating prediction (between 1 and 5) for a group G over an item i. Then, we can try to
compute the average concept of a sum at the product level, which is known as geometric mean. The geometric mean of
a set of n positive numbers is the nth root of the product of all the numbers in the set. It has the advantage that considers
all distribution values and extreme values have less influence than on the arithmetic mean. It has the disadvantage that
it is not determined if any value in the set is 0 or if the result of the product is negative and the cardinality of the set
is even. Anyway, these potential drawbacks do not apply to our context because the possible values to multiply are
always between 1 and 5. Therefore, in this work, the group prediction equation takes the form:
s
p
n
(5)
PGi = happinessGi = n ∏ (pui )
u∈{G}
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Table 3: Number of ratings and users in MovieLens 10M dataset.
Number of ratings

Number of users

Percentage

between 20 and 40

21055

30.14

between 41 and 80

17485

25.03

between 81 and 100

4836

6.92

between 101 and 120

4192

6.00

between 121 and 160

5325

7.62

between 161 and 200

3420

4.89

between 201 and 500

6695

9.58

between 501 and 750

2031

2.91

between 751 and 1000

791

1.13

More than 1000

4038

5.78

where n is the number of users in the group.

4

Recommender System Calibration and Performance

Our main objective is to get a good group recommendation in near real-time. As we said before, in order to implement
the group recommendation strategy we use the multiplicative utilitarian strategy, which considers the preference of
each individual in the group by calculating the product of the individual predictions as the happiness value for the
group. Therefore, the individual prediction algorithm strongly determines the final total time for the recommendation.
Next, we will detail the experimental results obtained when studying the following measures:
• performance of the individual prediction algorithm,
• total time to solve the final recommendation for the entire group (expressed in hh : mm : ss format).
In order to measure the performance of the individual prediction algorithm, we used the Mean Absolute Error (MAE).
MAE is a metric that measures the average deviation between the prediction for users over items and the real rating
that those users enter to the system. It is formally defined as follows:
MAE =

∑(u,i)∈T |rui − pui |
|T |

,

(6)

where rui is the rating of user u over item i, pui is the prediction value for the same user and item, and |T | is the number
of elements in the set {(u, i)|∃rui }.
As a first approach to measure performance and time, we ran the algorithm to recommend 10 items for a group of 7
users. We evaluated the results for both algorithms: the original Slope One algorithm and the variant we implemented.
As expected, we observed that the total time to predict the recommendation varies with the amount of recommended
items. We ran these tests using an Intel Core i7 1.6 GHz, 4GB RAM, OS Windows 7 Home Premium and a SQL Server
Express 2008 R2 database. The dataset used was the MovieLens 10M dataset [44], which has the distribution presented
in Table 3.
4.1

Performance of the Slope One algorithm

We ran the Slope One algorithm taking a sample of users from the full dataset, keeping the distribution percentages for
ratings as shown in the Table 3. The obtained results were as follows: MAE = 0.69169 and Total time = 00 : 05 : 05.
The error in these results is consistent with the expected error, according to previous studies in [30] and [31]. However,
when we observe the time required to compute the recommendation for the entire group, we see that it is not an
acceptable time for an interactive system.
4.2

Performance of the Slope One variant

As we explained in Section 3.3, with the aim of improving the response time of recommendation, we implemented a
variant of the Slope One algorithm. In order to analyze the results of this implementation we took a sample of users
from the full dataset, keeping the distribution percentages for ratings as shown in the Table 3 (like in the previous
experiment for the common Slope One implementation). Then we define the input variable N representing the size
of Su0 in the Equation (3) (Su0 is the set of items with the highest number of ratings among the items that user u has
rated). By varying N, we obtain the results shown in the Table 4. The results show that reducing the number of ratings
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Table 4: Recommendation times and prediction quality (MAE) for different values of number of items N.
N

20

40

80

100

Time

00:01:52

00:05:07

00:06:55

00:09:35

MAE

0.68568

0.68722

0.68984

0.69210

Table 5: Recommendation times for N = 20 and different values of number of items M.
M

100

250

500

1000

Time

00:00:04

00:00:07

00:00:12

00:00:23

used in the algorithm, we can improve performance without a large cost in quality. We confirm that the total time for
generating the recommendation decreases in proportion to N. Then, according to the results obtained, we decided to
set the size of Su0 to N = 20.
4.3

Amount of recommendable items

If we consider only the 20 items with the highest number of ratings among the items that user u has rated, computing
the recommendation for a group with U users, over a catalog of M items, has an order of O(M)xO(U)x20 (using the
group recommendation algorithm defined in Equations (5) and (3)). Therefore, reducing M, we get an even smaller
recommendation time. As a disadvantage, we have that possible recommendations will be bounded, since we are
restricting the co-domain of the recommendation function. The recommendation time for N = 20, taking as variable
the number of items M that can be recommended is presented in Table 5.
As we already mentioned, our work has as its main objective to recommend movies from cinema listings for a
group of users, so M corresponds to the movies in the cinema listings for the date range in which the group intends
to go to the cinema. In this way, we significantly decrease the recommendation time compared to the scenario of the
whole catalog, and it validates our initial intuition on the no need of a big-data software in order to perform the task.
This approach is also applicable to other contexts than cinema listings, where the subset of candidate movies
could be created from some pre-filter (e.g. gender), which allows the user to guide the recommender system, and thus
preventing the system from considering those results that the user already knows will not be of interest for him or
her. For other applications where the time taken to generate the recommendation is not something critical (sending
weekly suggestions to users subscribed via email for example), then there would be no problem in considering the
whole catalog and there would not need to limit the value of M. As we see, depending on the context for which the
recommendation is used, It may make sense to consider the entire catalog or just a subset of it. Therefore, in our
implementation, the set of items to recommend is an input parameter to the recommendation algorithm, which, in the
specific case of going to the cinema, is the set of movies in the cinema listings within the range of dates that the group
intends to go to the cinema.

5

The Mobile Application and the System Architecture

In order to test and validate our recommender system for ephemeral groups, we developed a full functional prototype
that helps end-users to plan going to the cinema in group. The prototype is formed by a mobile application and a
central backend, that are explained in this section.
5.1

The Mobile Application

The mobile application is designed for end-user usage of the recommender system. Users can create events (going
to the cinema), invite other users to join the event, receive recommendations about a cinema listing, and evaluate
individual or group predictions. It is a prototype for mobile devices which consists of a HTML5 view that accesses
the system’s functionality through a RESTFul API and uses frameworks for mobile devices trying to maximize the
usability and user experience. Authentication is done through username and password on the local system or using
some account from a social network (e.g. Facebook). Using HTML5 allows us to improve portability, maintenance,
and reduce development times, because the same HTML5 application can be run on any modern mobile device without
having to reprogram (in a different language) a native client for each different type of device.
The prototype allows users to create events. Each event defines a start and an end date that the system uses to
obtain entries from movie listings within that date range and generates recommendations from these entries. The
event’s owner chooses a set of users from the friend list and the system sends them an invitation to participate in
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(a) Add a new event to go to the cinema in the mobile application.

(b) Details of an event in the mobile
application.

(c) Information details of a movie in the mobile application.

Figure 2: The Mobile Application interface.
the event. Then, guest users accept or reject the invitation and therefore, in this way, the ephemeral group for going
to the cinema is formed. Figure 2(a) shows the interface of new events. The system predicts the rating for the
ephemeral group confirmed until the time for each movie and sorts these predictions in descending order, from the
most recommended to the least recommended. With each user that accepts an invitation, the system immediately
updates the recommendation for the group, taking into account the preferences of the new member. Figure 2(b) shows
the detail of an event and the system recommendations for the current group within the movie listings. Then, each user
can see all the options from the movie listings, have access to the detailed information of each movie (Figure 2(c)),
watch a trailer, read the reviews, and finally select one to watch. This information is shared with other group members.
Thus, in addition to generating recommendations, the system helps the group in the final decision of which movie
to watch, sharing information about preferences. In [45], it is explained that this final decision is a critical piece of
information that should be managed by recommender systems. Therefore, using the system’s recommendations to
the group, having the possibility to check the details of each movie from the movie listings and having shared the
user preferences on the different alternatives for each member, the group decides which movie to see at the cinema.
Once the event is finished, each user can rate the movie that was seen, directly from the same mobile application,
providing feedback to the system through the input of new ratings. The system will use these ratings to improve future
recommendations for both the user and the groups that he or she integrates.
5.2

The System Architecture

The system architecture has two main components: a generic service recommender and a movie recommendation
system that uses the generic service. The generic recommender service has as its main purpose implementing the algorithms for individual and group recommendations that were previously discussed. This generic service is abstracted
from any particular object type to recommend, so it recommends items in a generic way. On the other hand, the movie
recommender system is in charge of context items and give a semantic domain in movies and cinema. It executes the
data access components, business logic and exposes the business services through a service interface for higher layers
in a service-oriented architecture (SOA).
For the implementation of our prototype, we use a single server running the recommendations, but it might as well
have several of these and a load balancer to scale up the solution so as to improve response times for recommendations.
For example, in the case of group recommendations, the possibility of increasing these servers would allow to split
group into as many subgroups as servers become available, and thus, request predictions concurrently to each server
for a specific subgroup. Then, it would be sufficient to process final results in the master application server.
As shown in Figure 3, there are other important components as part of the solution. The extract, transform, and load
(ETL) processes are in charge of loading meta-data and content sources from external suppliers. To achieve this, and in
order to make it extensible to any other provider, we used the concept of input adapter. These adapters are responsible
for getting the data from external sources, transforming them and loading them into our system using a common model
structure. This common model must be well known by all adapters. As we mentioned in Subsection 5.1, each group
member can check the details of the different movies in the cinema listings, as part of the help that the system provides
to the group to decide which movie to see. This information has been imported by the ETL process, using meta-data
from IMDB (and with the IMDbPY package [46]). Also, we keep the detail of the meta-data of each movie obtained
12
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Figure 3: High level picture of the system architecture.

from IMDb from the 10681 titles from Movielens, initially loaded as part of the dataset used to solve the problem of
lack of data already mentioned in Section 3.1. Should be noted that mapping between IMDb and MovieLens titles is
not direct. We identified two required transformations to apply to the titles obtained from MovieLens prior to searching
in IMDb:
i) remove the year of publication as part of the title of the movie,
ii) identify the occurrence of A, An, The, La, Le, Les after the title, relocate them at the beginning and remove the
initial coma.
If search recovers more than one result, the identifiers are not synchronized automatically and they are stored in
a temporary structure for candidates identifiers waiting to be finally resolved by human intervention. Finally, it is
important to note that although this process is defined for an initial load, it also applies to synchronize new movies
that are added to the cinema listings.
To implement the playback of movie trailers the system uses several ETL processes for content sources. Each
adapter solves the particularities of a content supplier to extract, normalize and save the information needed to play the
content, such as the input adapter of IVA Trailers which implements data access protocol Open Data Protocol (OData)
to query over its data model. As part of the solution we also develop a content suppliers managment that allows to
easily incorporate views for playback. It just requires to name the view with the supported supplier’s identifier. Each
view knows how to interpret the information loaded by the ETL and resolves whether it must use the supplier’s player
or use your own, do a redirect, mount an iframe or do whatever it takes.
Finally, in terms of communication between these components, we define a RESTFul API for communication
between the mobile application and the movie recommender server, using JSON for the serialization of the exchanged
messages. Communication between the movie recommender server and the generic recommender service is achieved
through the use of SOAP web services.

6

Experimental Validation

In this section we will explain the tests and the results obtained when subjecting our system to recommend and make
predictions to real groups of users that pretend to go to the cinema. We will begin by describing the test’s construction,
then we will present the main data collected and the result obtained, both individually and for groups of users.
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Table
6: Number of groups by size. The number of groups for a specific size k, corresponds to the combination value
6
6!
=
k
k!(6−k)! .

6.1

Group size

Number of groups

2

15

3

20

4

15

5

6

6

1

Test Description

6.1.1

Individuals

We invite six individuals to participate in the tests. On the main characteristics of these individuals we have that four of
them are Uruguayan males: two students and two teachers of computer engineering; and two are Argentinian females
outside the computer field: a music teacher and a high school student with a major in humanities. The ages range
between 23 and 35. We will identify the users by the letters A, B, C, D, E and F.
6.1.2

Groups

We make all the possible combinations of these individuals in order to generate groups of 2, 3, 4, 5 and 6 members. In
total, we generate 57 groups, and Table 6 shows the number of groups by size.
6.1.3

Cinema listings

We generate a fictitious cinema listings for 14 days. The movies for each day are taken from existing movies in the
system catalog for the years 2007 and 2008. These movies correspond to the latest movies loaded into the MovieLens
10M dataset [44]. We only consider a subset of the movies for these years, the selection criterion pursued the objective
of considering movies with higher amounts of information available in the system, in order to facilitate and help each
individual during the process of choosing the film they prefer to see. The movie listings information included the
following data: poster, title, genre, director, writer, cast, country, language, synopsis, and the link to the trailer. A total
of 169 films are considered, with 11 to 13 movies for each day.
6.1.4

Procedure

In order to avoid the cold start problem, we request each individual to rate (in the scale 1 − 5) between 10 to 20 movies
that they have watched previously. The movies in this training list are part of the system catalog and are not part of
the test cinema listings. Once the user profile for each individual based on these initial ratings is calibrated, we send
each user the following information: the groups which they belong to, the days they must go to the cinema with each
group, the cinema listings for each day and the movies details. As a second stage of the test, we ask the individuals
that for each day and each group, indicate us their degree of preference for each movie, also on a scale of 1 to 5 where:
• 1 = ”I wouldn’t go in no way”
• 2 = ”I wouldn’t go”
• 3 = ”Go or not is irrelevant for me”
• 4 = ”I would go”
• 5 = ”I would love to go”
An important point to note here is that this value is estimated for each individual based on the cinema listings
information and trailers provided. That is, it indicates the degree of preference of the individual to go to the cinema to
watch the movie with the group without actually knowing if they will like it after watching it. Later, we will use this
information in order to validate our recommender system for individuals.
Finally, we ask each of the individuals, on the basis of the explicit preferences for each day and groups in which
he or she participated, to indicate for each of the first three movies recommended by the system, whether they thought
that the recommendation was good or not. That is, if it found that the group recommendation generated by the system
is useful for the group. We also ask each individual for each day, to indicate whether their favorite movie for the day is
actually the movie that the system understands is the most recommended for them. Later, we will use this information
in order to validate our recommender system for groups and individuals.
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6.2

Evaluation Methodology

In this section we present the methodology we have used in order to evaluate the results of our tests. First, we present
the individual evaluation method used to measure whether the individual recommendations were successful or not.
Second, we present a group evaluation method for the same purpose, but considering all the groups that have been
formed for the test. For both, we will follow a similar approach to the T-Check method [47] used for technologies
evaluation, but supplanting the design stage of a solution and the implementation of prototypes for the design and
implementation of the tests we have presented in the subsection 6.1. Therefore, we will define some hypotheses that
we a priori consider that should be fulfilled to consider the system useful for individuals and groups, then we will
define the criteria to use in order to evaluate whether the hypotheses are fulfilled or not, and finally (and already at
the next section), we will evaluate whether our hypotheses are fulfilled or not based on the tests performed and the
evaluation criteria that we have defined.
6.2.1

Evaluation method for individuals

Following are the hypotheses and the evaluation criteria that we have defined to test the usefulness of our system
individually. The hypothesis are:
• Individual hypothesis 1 (IH1): Predictions made by the system are similar to the explicit preferences that individuals have indicated a priori for each movie in the cinema listings.
• Individual hypothesis 2 (IH2): The movie that the system understands is the most recommended for each individual for each day, usually coincides with the movie that the individual would choose to go to watch as first
choice.
And the evaluation criteria considered are:
• Evaluation criteria 1 for individual hypothesis 1 (IH1-C1): This first criterion proposes the MAE calculation
for each individual and then calculating the overall MAE as an average of these. We are going to accept that the
hypothesis is fulfilled if the global value for the individual MAE is similar to the expected value according to
the studies of performance for the Slope One algorithm mentioned in Section 4.1, i.e. similar to 0.779.
• Evaluation criteria 1 for individual hypothesis 2 (IH2-C1): This second approach is to compare for each day
and each individual if the first choice that each individual chooses explicitly as the movie that they would go to
see, coincides with the movie that system understand is most recommended for the individual for that day, i.e.
the movie that tops the list of recommendations for the individual for that day. Then, the evaluation criterion
used is based on the responses of individuals during the test when they are prompted to indicate whether their
favorite movie for the day is actually the movie that the system understands is the most recommended for them.
We are going to accept that the hypothesis is fulfilled based in this criterion if at least at half of the cases the
system guesses the user’s first preferred option.
6.2.2

Evaluation method for groups

Following are the hypotheses and the evaluation criteria that we have defined to test the usefulness of our system at
group level. The hypothesis are:
• Group hypothesis 1 (GH1): There is a high degree of acceptance in groups for system’s recommendations.
• Group hypothesis 2 (GH2): The usefulness of the system does not depend on group size. The system is useful
regardless of group size (considering typical groups that goes to the cinema between 2 and 5 or 6 individuals).
And the evaluation criteria considered are:
• Evaluation criteria 1 for group hypothesis 1 (GH1-C1): This first criterion proposes the computation of the
percentage of acceptance of each group that goes to the cinema to watch the movie that the system understands
is the most recommended for this group based on the cinema listings for the day. We are going to accept that
the hypothesis is fulfilled based in the following criterion: if at least at a half of the groups, the acceptance
percentage to the system’s first recommendation reaches or exceeds half of the individuals in the group.
• Evaluation criteria 2 for group hypothesis 1 (GH1-C2): This second criterion proposes the calculation of the
percentage of acceptance of each group to the movie that was the most accepted movie by individuals in the
group considering the three system recommendations for this group and day. We are going to accept that the
hypothesis is fulfilled based in this criterion: if at least 90% of the groups, the acceptance percentage to the
system’s first three recommendations reaches or exceeds half of the individuals in the group. That is, only in
10% of groups the absolute majority is not reached.
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Figure 4: Individual MAE computation by user: mean and standard deviation. Blue line is the overall MAE (average),
1.102.

• Evaluation criteria 1 for group hypothesis 2 (GH2-C1): We will use the concept of percentile to verify that the
percentages of acceptance (either to the first recommendation option or to the most accepted alternative within
the three recommended items) are similar regardless of the sizes of the groups. For each group size we will plot
the acceptance percentages for percentiles on a scale of 10 and we will observe the behavior of each graph. We
are going to accept that the hypothesis is fulfilled based in this criterion if functional values follow the same
trend for all sizes of groups plotted.
6.3

Validation and Results for Individuals

Here are the results for individuals. We present the results organized according to individual evaluation criteria that
were defined in the previous section.
6.3.1

Validation of IH1-C1

For each user and entry in the cinema listings we compute the error obtained by comparing the prediction of the system
vs. the explicit user preference. Figure 4 summarizes the results obtained when computing the MAE for each user
individually. The overall MAE (average) is 1.102. It is similar, but worse, than the reference value 0.779. The standard
deviation between absolute estimations is 0.766, therefore our MAE is in the confidence interval of the expected value
(we do not have information about confidence interval in reference works). So, we accept that the hypothesis IH1
is fulfilled based in this criterion, and therefore, we verify that the predictions made by the system for each user are
similar to explicit preferences that users had indicated during the test. As a complementary information, two main
differences are in our procedure compared to previous works, that would justify the deviation in MAE estimation.
First, the MAE’s computation is done based on explicit preferences that individuals have indicated previously than
watch the movie, and in previous works these values are the preference after watch the movie. Second, we only use
10-20 movies in order to avoid the cold start problem, where previous works have shown that they needed much more
information in training stage.
6.3.2

Validation of IH2-C1

In order to evaluate this criterion we consider the responses of each individual during the test when they were prompted
to indicate whether their favorite movie for the day was actually the movie that the system understood was the most
recommended for them. Table 7 shows the users’ responses, where the computed system’s hits percentage to the first
user option based on these answers is 43.75%, that does not reach the value of acceptance proposed 50% (although
is very close). Therefore, considering this criterion, we could not accept hypothesis IH2 as valid. Analyzing what
happen, we identify that in many cases, when system does not hit which option would be the user’s first choice, we
have that in general the movie that the system understands is the best option for the user, has a very close explicit
preference for the option that is first choice for the user, but that because user answers only “Yes / No”, then when
user marks negatively a recommendation from the system, we can not appreciate how close the system was to guess,
we can only say if the system was right or not strictly, which is quite strong. Therefore, we propose to observe what
happen if we modify the question, asking individuals if their first choice coincides with some of the movies that the
system understands are the two most recommended movies for the individual. Now, under this new premise and as
we can see in Table 8, we found that the hit’s percentage is 58.75% surpassing the 50% that we set as minimum value
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Table 7: 43.75% hits to the first user option. Where y means “yes, the system has guessed my first option”, n means
“no, the system has not guessed my first option”, and dash - indicates that “for that day, the user did not participate
in the test”.
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Table 8: 58.75% hits to the first user option considering first two recommendations. Where y, n and - indicates the
same than Table 7.
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for the acceptance criteria. And in case of considering the three most recommended movies for the user, as seen in
the Table 9, in 67.5% of cases the system is correct that some of these films is the first choice of the individual. Given
these results, we can say that our hypothesis IH2 is not valid, but the following similar hypothesis IH2’ is valid: the
movie that a user would choose to go to see as first choice, usually is one of the two movies that the system understands
are the most recommended for this individual and this day. This observation highlights the importance that our system
should present at least the first two recommendations, and not just the first one.
6.4
6.4.1

Validation and Results for Groups
Validation of GH1-C1

Figures 5(a) and 5(b) show the histogram and the empirical cumulative distribution of the groups’s acceptance to
watch the movie that the system understands is the most recommended movie for this group. 71.9% of groups accept
the first recommendation, therefore we accept that the hypothesis is fulfilled based in this criterion.
6.4.2

Validation of GH1-C2

Figures 5(c) and 5(d) show the histogram and the empirical cumulative distribution of the groups’s acceptance to watch
the movie that was the most accepted movie by individuals in the group considering the three system recommendations
for this group and day. As expected, a larger value of acceptance than GH1-C1 is obtained. In this case, 98.2% of

Table 9: 67.5% hits to the first user option considering first three recommendations. Where y, n and - indicates the
same than Table 7.
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Figure 5: Histogram (a) and the empirical cumulative distribution (b) of the percentage of acceptance of each group
that goes to the cinema to watch the movie that the system understands is the most recommended movie for this group.
Histogram (c) and the empirical cumulative distribution (d) of the percentage of acceptance of each group that goes
to the cinema to watch the movie that was the most accepted movie by individuals in the group considering the three
system recommendations for this group and day.
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Figure 6: Empirical cumulative distributions (by group size) of the percentage of acceptance of each group that goes
to the cinema to watch the movie that the system understands is the most recommended movie for this group.

groups accept one of the three main system recommendations. Therefore, we accept that the hypothesis is fulfilled
based in this criterion.
6.4.3

Validation of GH2-C1

Figure 6 shows the empirical cumulative distributions (by group size) of the percentage of acceptance of each group
that goes to the cinema to watch the movie that the system understands is the most recommended movie for this group.
There is no change in behavior between group sizes, therefore we accept that the hypothesis is fulfilled based in this
criterion.

7

Conclusion

In this paper, we present a system that recommend movies from cinema listing to ephemeral groups. To offer recommendations to ephemeral groups is a new research area and it has several practical applications beyond our particular
case. In our work, we combine a group model based strategy with a collaborative filtering algorithm for individuals.
As collaborative filtering we use the Slope One algorithm in order to compute individual predictions, and as group
model we use the multiplicative utilitarian strategy as the technique to join predictions into a recommendation to the
group.
We study in depth the application of these techniques to our specific problem, including the solution of practical
problems and few improvements applicable to the particular case. As particular problems, we solve the ramp-up
problem and the cold start problem, and we use the geometric mean in order to fit the scale of the multiplicative
utilitarian strategy. As improvements, we implement the full system in a small server without the use of big-data
software, we modify the computation of individual predictions in order to have a faster response (without loss of
quality) and in order to allow the use of very useful pre-filters in the query.
We create a full prototype of the system, and we validate it in a real scenario with 57 groups of sizes between 2 and
6 members. For this scenario, we measure the effectiveness of our solution for individual and group recommendations.
We validate that our predictions for individuals are similar to the explicit preferences that individuals have indicated a
priori for each movie in the cinema listings, and one of the main three recommendations coincides in 67.5% of cases
with the movie that the individual would choose to go to watch as their first choice. And more importantly, we validate
that our recommendations for groups have a high degree of acceptance (98.2% of groups accept one of the three main
system recommendations), and it does not depend on the group size (considering a typical group size of moviegoers
between 2 and 6 individuals).
We expect to transform our prototype into a service, because it is close to a production software: as end-user
interface we use a mobile application following the standard HTML5 with good response times, the authentication
is done via common social networks, extra information about movies is downloaded from IMDb, and many other
features.
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