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The use of pervasive computing technologies for advertising purposes is an interesting emergent field for large, medium, and small
companies. Although recommender systems have been a traditional solution to decrease users’ cognitive effort to find good and
personalized items, the classic collaborative filtering needs to include contextual information to be more effective. The inclusion
of users’ social context information in the recommendation algorithm, specifically trust in other users, may be a mechanism for
obtaining ads’ influence from other users in their closest social circle. However, there is no consensus about the variables to use
during the trust inference process, and its integration into a classic collaborative filtering recommender system deserves a deeper
research. On the other hand, the pervasive advertising domain demands a recommender system evaluation from a novelty/precision
perspective. The improvement of the precision/novelty balance is not only a matter related to the recommendation algorithm
itself but also a better recommendations’ display strategy. In this paper, we propose a novel approach for a collaborative filtering
recommender system based on trust, which was tested throughout a digital signage prototype using a multiscreen scheme for
recommendations delivery to evaluate our proposal using a novelty/precision approach.

1. Introduction
Currently, the use of pervasive computing technologies for
advertising purposes is an interesting emergent field for large,
medium, and small companies. One of the marketing areas,
advertising, is defined as “any paid form of non-personal
presentation and promotion of ideas, goods or services by
an identified sponsor” [1]. Frequently, research has focused
on advertisement delivery to potential clients through their
personal devices (smartphones, tablets, or PCs), but public
space is still attractive for advertisers, taking into account that
75% of purchase decisions are made at or near the sale place
[2]. This field, known as digital signage, is related to digital
content display using public screens [3]. However, there
are challenges associated with pervasive advertising spaces
implementation, which can be analyzed from the following

perspectives: First, the need for personalized content is an
issue that can be addressed from recommender systems
theory, which provides tools and techniques to provide
suggestions in a huge collection of items for a specific user.
Specifically, collaborative filtering has been one of the most
popular techniques for recommendation purposes; it looks
for correlations between users to recognize their affinity
and then associates their items evaluations [4]. Nonetheless,
the customization process also demands the inclusion of
information about the user context. It may be challenging to
include all variables that may be considered as “context” in the
recommendation algorithm, but one variable is particularly
interesting for the advertising domain: the user’s “social
context.” For years, the “word of mouth” has been a powerful
technique for marketing purposes, so the inclusion of the
user’s social context information in the recommendation
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algorithm (specifically, trust in other users) is a mechanism
for obtaining ads’ influence from other users in the closest
social circle. The traditional collaborative filtering used in
recommender systems calculates recommendations based on
users’ similarities in their ratings, but they are anonymous
users. The inclusion of social context information may
improve the ads recommendation process with persuasion
purposes, considering that 67% of purchase decisions are
influenced by the opinions of close others. Although some
studies have developed proposals for the inclusion of information in users’ social circle, they are frequently based on
explicit mechanisms to calculate the trust between users,
or they try to infer this same information from the ratings
matrix itself. Other approaches define mechanisms to infer
trust from social networks, but, in most cases, they use
proprietary networks or the integration strategy into the recommendation algorithm is not completely defined and tested.
Another main concern is related to the evaluation focus
for a recommender system in a pervasive advertising domain.
Frequently, the evaluation of recommender systems has been
concentrated on precision aspects, but the recommendation
novelty may be an aspect even more relevant for persuasion
purposes in advertising. Nonetheless, the improvement of
the precision/novelty balance for the recommender system
in these cases may be not only a matter of the RS algorithm
itself but also a better display strategy issue. In digital signage
environments, for example, most public display interaction
initiatives do not consider multiscreen approaches, where
the content may be distributed between different devices
(e.g., public screens and smartphones). A screen content
replication has been used instead; if this approach combines
aggregation techniques for delivering recommendations to
groups of people on the main screen with a more robust trustbased recommendation algorithm to deliver custom items on
a personal screen (e.g., a smartphone), the balance between
the precision and the novelty of the recommendations could
improve. On the other hand, several approaches have been
defined to measure novelty in different recommender system
variants, but a suitable definition for the advertising domain
deserves a deeper analysis, which is one of the contributions
of this work.
According to the previous analysis, our proposal is focused
on the research question of how to build a recommender
system for pervasive advertising environments supported
on a Smart TV-smartphone framework, and the following
hypotheses are evaluated: (H1) the inclusion of multiscreen
capabilities for the recommendations delivery improves the
precision/novelty balance; (H2) the inclusion of trust information in the collaborative filtering algorithm helps to
improve the precision/novelty balance.
The current work develops a new recommender system
approach for the advertising domain and makes the following
contributions: a trust inference algorithm from social network interaction information; a collaborative filtering recommendation algorithm variant to include trust information
during the recommendation process; a digital signage case
study definition, where we analyzed the effects of the trust
inclusion and multiscreen display strategy over recommendation precision and novelty; and an evaluation scheme
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derived from the work of Vargas and Castells [5] to measure
the novelty in the pervasive advertising domain.
This paper is structured as follows: Section 2 summarizes
some related works, Section 3 introduces the trust inference
algorithm, Section 4 describes the strategy to include trust in
classic collaborative filtering, Section 5 introduces the study
case and the features of the implemented prototype, Section 6
describes the results of the experiments, and Section 7
outlines conclusions and future work.

2. Related Works
From pervasive advertising (specifically digital signage) as a
field study, we will next summarize some of the most relevant
related works, taking into account the main concepts for the
current research.
Recommender systems have evolved from data mining
and machine learning theories. They have been studied for
years as a classic solution to decrease the cognitive effort when
there are a huge collection of items the users may explore,
independent of a specific domain. Some previous works have
compiled the concepts, algorithms, and techniques that are
more relevant from the recommender systems perspective
[6–8]. Specifically, collaborative filtering has been one of the
most used techniques for recommender systems. It looks for
correlations between users to recognize their affinity and then
to associate their item evaluations [4]. Some previous works
have applied collaborative filtering techniques for advertising
purposes [9], including some context variables, but from an
explicit approach; the inclusion of trust during recommendation has been less explored for this specific domain.
By and large, the inclusion of trust in recommender
systems may be studied from two approaches: explicit trust
information from users or trust inferred from users’ information. Regarding the first approach, Massa and Avesani [10]
extended classic recommender system algorithms by including a trust matrix in addition to the ratings matrix to replace
the traditional prediction mechanism with an algorithm that
calculates the trust propagating in a network, and they used
this estimation instead of similarity. Golbeck [11] developed
FilmTrust, a website that uses trust inferred from a proprietary social network to offer movie recommendations; the
work focuses on determining how to create interfaces to represent the connections between users based on the information they provided by themselves using an algorithm called
TidalTrust. Other similar propagation approaches may be
seen in [12, 13]. Several other works have developed proposals
for trust inference, which are related to the second approach.
O’Donovan and Smyth [14] extend the traditional user × item
space to a user × item × context space, defining a trust matrix
inferred from user ratings; a similar proposal was developed
by Martı́n-Vicente et al. [15] but for expertise and reputation
inferences. Other proposals go beyond and try to infer trust
from social network information. For example, Chen and
Fong [16] propose a recommendation framework for social
networks based on collaborative filtering and trust. In this
research, two methods to compute similarity are defined:
the first one uses the similarity of profiles, and the second
one is based on people’s interactions. From these two values,
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a unique value is computed and included in the recommendation algorithm; additionally, the authors propose a
framework to use the social network Facebook. Bakshy et
al. [17] demonstrated that the interactions between people
in a social network are the strongest component of trust
inference, and other research works are coherent with this
trend, defining frameworks based on interaction information
to infer trust. Gilbert and Karahalios [18] define a predictive
model that maps social media data to tie strength on a
dataset of over 2.000 social media ties. As a result, the top
15 predictive variables for trust inference were defined. Other
proposals have used similar approaches based on interaction
information, and we found several agreements between the
reference variables used for trust inference purposes [19–21].
These works set an important starting point for the current
research, and we will expand on some aspects of them in the
following sections.
Although the previous works are important advances in
trust inference with recommendation purposes, there are
some noted gaps with regard to the context of the current
research: the pervasive environment demands to capture as
much information as possible in an implicit way, and the
pervasive advertising domain is not an exception, so trust
inference mechanism from explicit information captured
from the users is not attractive for this domain. Although
the trust inference from the ratings matrix itself or from an
extended user × item × context matrix is interesting, it still
infers information from anonymous users, and there is no
assurance that these users belong to the closest social circle
of the user. According to the previous characterization of the
advertising domain, we are interested in inferring information from friends, which is a disadvantage of these techniques
and classic collaborative filtering. Therefore, trust inference
from social network information seems to be a more suitable
solution for the pervasive advertising domain, but the use
of proprietary social networks restricts the system scalability
for recommendation purposes. On the other hand, there is
no consensus about the best variables to infer trust from
public social networks such as Facebook, and there is no clear
strategy to include trust information in the recommendation
algorithm. These aspects deserve deeper research.
Another important aspect is the evaluation approach to
use for a trust-based recommender system in the pervasive
advertising domain. One of the more demanding challenges
in recommender systems theory is related to metrics fragmentation to evaluate different aspects of these types of
systems. Herlocker et al. [22] developed an empirical analysis
for different accuracy metrics, and Gunawardana and Shani
[23] defined a guide for the design of offline experiments with
evaluation purposes. Traditionally, precision has been the
metric frequently used to evaluate the recommender system,
but, according to the pervasive advertising domain features,
the novelty of the recommendations may be more relevant
with persuasion purposes. McNee et al. [24] propose new
directions to evaluate recommender systems, including the
novelty degree. Ge et al. [25] analyze the roles of coverage
and novelty in the recommendation quality and introduce
methods to measure them. Kawamae [26] proposes an algorithm to generate novel recommendations that focuses on
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the search time that, in the absence of any recommendation,
each user would need to find a desirable and novel item by
himself, following the hypothesis that the degree of the user’s
surprise is proportional to the estimated search time. In one
of the most interesting works related to novelty measurement,
Vargas and Castells [5] developed a formal framework for the
definition of novelty and diversity metrics that unifies and
generalizes several state-of-the-art metrics. The novelty of a
piece of information generally refers to how different it is with
respect to “what has been previously seen,” by a specific user,
as long as the diversity generally applies to a set of items,
and it is related to how different the items are with respect
to each other. This is related to novelty in that when a set is
diverse, each item is novel with respect to the rest of the set
[5]. This work is used as a starting point for the novelty metric
definition in the current research, and its contribution will be
described later in detail.
Finally, although the previous works define methods to
measure the novelty degree in the recommendation, some
of them also define approaches to influence novelty from
the recommendation algorithm itself. However, as one of the
main hypotheses of the current research, the balance between
the precision and the novelty of recommendations may be
affected by not only the recommendation algorithm itself
but also a better recommendations’ display strategy. For our
specific study case, in the digital signage space design, we
consider some works related to the delivery of recommendations to groups of people [27, 28]: the PolyLens system, a
variant of MovieLens [29], MusicFX [30], and Intrigue [31].
Other approaches have defined mechanisms to improve the
interaction between users and public displays ([32–34] or
[35–38]), but a multiscreen approach from the recommender
systems perspective and its effect on the balance between
precision and novelty have not been explored.

3. Inferring Trust from Social Networks
The trust inference concept is strongly related to the homophily concept, a principle that postulates that people tend to
form ties with other people who have similar characteristics
[39]. In the most basic sense, this approach can lead to a relationship binary analysis to study a friend/no friend condition.
However, this approach is not sufficient to try to infer trust
between individuals, as is illustrated in the following example
from social network analysis: suppose that user A and user
B are friends, and user B and user C are also friends, but
user A and user C are only acquaintances. A few days later,
user C sends a friendship request to user A, and now they are
connected as friends when A accepts the invitation. From the
binary approach perspective, there are no differences between
the relationship between users A and B and that between
users A and C, although this is not accurate in practice. Trust
inference is a concept that goes beyond a simple “friend/no
friend” status analysis, and a new concept arises from the
social network analysis to complement this approach: tie
strength. The tie strength feature tries to calculate the strength
of the relationship between two users when a tie exists
between them. Therefore, a tie strength analysis will deliver
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two possible main results: strong ties (real friends) and weak
ties (acquaintances) [40].
Although profile information could provide some level of
information about the similarities between people, previous
research has found that interaction information is one of the
most important sources to try to predict the tie strength.
Several techniques may be applied to infer tie strength
using diverse technologies: the reciprocity of calls between
two mobile phone users, the number of tweets between
Twitter users, or even the email exchange activity between
individuals. Nonetheless, social networks provide a richer
space to infer trust from several types of interactions and
therefore build a more accurate picture of the trust map of
a specific user. Specifically, the current research will use the
social network Facebook as a reference. Other works have
built proprietary social networks for their experiments, but
the study of Facebook may enable a more scalable solution in
several domains due to the network’s popularity and use by
millions of users.
As a starting point, the current work uses the model
proposed in [18] where the authors introduce a predictive
model that maps social media data to tie strength on a dataset
of over 2.000 social media ties to distinguish between strong
and weak ties. Table 1 shows a summary of the predictive
model proposal for the variables in different categories.
This model defines the top 15 predictive variables; we
compare these top 15 results with similar research to obtain
a unified set of variables as the starting point for our study
(see Figure 1).
According to the previous results, seven variables are
selected as a starting point to build the trust inference
algorithm between two users, A and B (as shown in the
following part).
First set of variables to infer trust from Facebook are as
follows:
Exchanged inbox messages.
Likes (from B to A).
Tags to B.

Table 1: Social media data predictive model.
Wall words exchanged
Wall posts
Inbox messages exchanged
Status updates
Comments
Likes
Tags
Number of friends
Days since last communication
Wall and inbox intimacy words
Appearances together in photos
Distance between hometowns
Relationship status

Intensity

Intimacy

Duration
Reciprocal services

Structural

Emotional support

Social distance

Demographic

Source: [18].

Attribute Utility Theory (MAUT), we initially define the trust
that user A has in user B as follows:
𝑇A,B = 𝛼

∑ TagsTo
∑ IM
∑ Likes
+𝛽
+𝛾
totIM
totLikes
totTagsTo

+𝛿

∑ TagsFrom
∑ Cotags
∑C
+𝜀
+𝜃
totTagsFrom
totCotags
totC

+0

∑ WP
,
totWP

Tags from B.
Cotags (posts where both users are tagged together).
Comments (from B to A).
Wall posts (from B to A).
Once we define the first set of variables for trust inference,
we define a first approach for the algorithm. The main goal
is to build an equation that combines the contributions
of this set of variables to calculate a trust score that can
later be integrated into a collaborative recommender filtering
technique and keep it as simple as possible for performance
purposes. Because trust is not necessarily symmetric, from
the work of [41] and according to the simple Multiple

Days since first communication
Links exchanged by wall post
Applications in common
Mutual friends
Groups in common
Similarity of interests
Common networks
Number of positive words
Number of negative words
Gifts exchanged
Age difference
Occupations difference
Educational difference
Political and religious difference
Gender
Number of apps installed
Number of inbox messages
Number of wall posts
Number of photo’s comments

(1)

where 𝛼 + 𝛽 + 𝛾 + 𝛿 + 𝜀 + 𝜃 + 0 = 1, IM is inbox
messages exchanged, C is comments, WP is wall posts, and
tot is the prefix for “total,” which is the total amount of items
for a particular attribute, that is, the total amount of inbox
messages exchanged by a certain user with all his friends. This
normalization makes sense when we consider the interaction
frequency between individuals as a clear indicator of trust.
For example, suppose user A has the number of interactions
with users B and C, as shown in Figure 2. At first glance,
A could trust C more than B, but this is likely because C
is a more active user than B, so the activity level of both
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Predicting tie strength with
social media (Gilbert and
Karahalios, 2009)

Social network collaborative filtering
framework and online trust factors: a
case study on Facebook (Chen and
Fong, 2010)

Trust inference
Main variables

Interpersonal trust measurements
from social interactions in Facebook
(Li, 2014)

Inbox messages
Tag photos
Photos tagged
Cotag
Comments
Likes
Wall posts

Tie strength in Q&A on social
network sites (Panovich et al., 2012)

How to calculate trust
between SN users
(Podobnik et al., 2012)

Using transactional information to
predict link strength in online social
networks (Kahanda and Neville, 2009)

Figure 1: State of the art: trust inference from user interactions.

2
B

3
A

1

C
1

Figure 2: Users’ interactions in a social network.

(2) Covariance Matrix Calculation. This step looks for relationships between the set of variables. At the end, we select
the eigenvectors that correspond to the largest eigenvalues to
obtain a linear principal component combination, as follows:
𝑚

𝜆𝑖
× 𝑢𝑖 × 𝑍𝑖𝑗 ,
∑
𝜆𝑚
𝑖=1

𝑇𝑗 = ∑
users must be taken into account. Suppose B has a total of 5
interactions with his friends, and C has 10 interactions. When
normalization takes place, we see that almost 60% (3/5) of B
interactions are with user A, as long as the interactions only
represent the 40% (4/10) for user C, so the effect of the active
user is strong. In conclusion, it is important to have a global
vision of the network activity and not to focus on only the
trust inference in the specific pairs’ activity. Other works have
used similar approaches for normalization [17, 21].
The final challenge is related to a correct estimation of
the weights of each variable in the equation. This is not a
trivial issue, and some proposals have used empirical estimations and subjective weights during experimentation [42].
Although it may be an acceptable approach, we looked for
a mechanism to combine correlated variables; for example,
a tag may trigger a comment or a like, so the numbers of
these interactions are related. Accordingly, we choose to adapt
the method suggested by Li [21], which applies the principal
component analysis (PCA) statistical procedure. PCA uses an
orthogonal transformation to convert a set of observations
of possibly correlated variables into a set of uncorrelated
values by finding a smaller set of linear combinations for the
interaction variables. As a result, it also assigns weights to
each independent component, which simplifies the process of
calculating the weights according to the contribution of each
interaction type. In summary, the process obtains the trust
score for each friend of a user 𝑢, as follows.

(3) Trust Score Calculation. The trust score is calculated in two
steps:

(1) Interaction Matrix Calculation. For each friend 𝑗 of user 𝑖

(𝑗 ∈ 𝐹𝑖), an interaction vector is defined, →
𝑠𝑖𝑗 ; therefore, each
row represents the interaction between friend 𝑗 and user 𝑖,
and each column represents a type of interaction (|𝐹𝑖| rows
and 7 columns, one for each interaction variable). Then, the
matrix is normalized according to the previous requirements
analysis.

Once the method is defined to calculate a trust score between
users from social network information, we validate this first
set of variables to consider the perception of real users
regarding the role of each variable in trust inference (see
Appendix A).
From the results, we observe that inbox messages, comments, and wall posts contribute more to trust inference from

̃

𝑍𝑖𝑗𝑘

=

𝑠𝑘

𝑖𝑗−𝑥𝑘
V𝑘

,
(2)

∑ 𝑥𝑘
𝑥𝑘 =   ,
𝐹𝑖 
2

∑ (𝑆𝑖𝑗𝑘 − 𝑥𝑘 )
√
𝑘
V =
𝐹𝑖  − 1 .
 

(a) We obtain an initial score according to each principal
component contribution (see (2)).
(b) Then, we normalize this score on a −1 to 1 scale to
ease the score integration with the recommendation
algorithm, as it will be described later:
Trust score
=

(PCAscore − PCAmin ) × (Scoremax − Scoremin )
PCAmax − PCAmin

(3)

+ Scoremin .
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Table 2: Ground truth test results for trust inference.

Test
1
2

Weighting
method

Variables
Inbox messages,
comments, wall posts
Inbox messages,
comments, wall posts,
tags to

Average Accuracy

PCA

18.4

63%

PCA

17.6

65%

the users’ perspective. With these results as a starting point,
we performed a ground truth test to calculate the accuracy
of the trust inference algorithm. The top ten friends for each
participant were computed using the first version, including
the seven initial variables, and then the second version,
updating the variables according to the users’ perspective
tests. Then, participants were asked to rank their calculated
top friends from most trusted to least trusted (ground truth).
Finally, we compared the algorithm results for the two
versions and the ground truth results using a simple subtraction between the order given by the algorithm and the
order given by the users. The results from the second version
of the algorithm outperformed those of the first version,
so we conducted additional tests to verify whether the tag
information inclusion was relevant (Table 2).
Table 2 shows that although there is no significant
effect by excluding the tags variable, it slightly improves
trust inference accuracy. Therefore, the final trust inference
equation was defined as follows:
𝑇A,B = 𝛼

∑ TagsTo
∑ IM
∑C
∑ WP
+𝛾
+𝜃
+0
.
totIM
totTagsTo
totC
totWP

(4)

Usually, recommender systems are used to accurately estimate the degree to which a particular user will like a
particular item. Specifically, collaborative filtering is a recommendation algorithm that bases its predictions on the ratings
or behavior of other users in the system; that is, it finds users
whose previous ratings are similar to those of the current user
and uses those ratings to predict what the current user will
like [43]. Traditionally, collaborative filtering recommender
systems use a similarity metric to find the user’s neighbors,
and, based on the preferences in that neighborhood, they
compute a prediction for an item. The collaborative filtering
algorithm is defined by the following aggregation function:
∑𝑛𝑢=1 (𝑟𝑢,𝑖 − 𝑟𝑢 ) ∗ 𝑊𝑎,𝑢
,
∑𝑛𝑢=1 𝑊𝑎,𝑢

𝑝𝑎,𝑖 =

(5)

where 𝑝𝑎,𝑖 is the predicted rating for user 𝑎 on item 𝑖, 𝑟𝑎 represents the average rating for user 𝑎, 𝑛 is the neighborhood, and
𝑊𝑎,𝑢 is a similarity metric between users, frequently calculated using Pearson’s correlation coefficient; other alternatives
as Spearman’s correlation coefficient are used too. In practice,
the traditional collaborative recommender systems exhibit
weaknesses related to the sparse nature of data (users typically
rate only a small fraction of the available items), the cold

∑𝑢∈𝑛 𝑡𝑎,𝑢 𝑟𝑢,𝑖
.
∑𝑢∈𝑛 𝑡𝑎,𝑢

(6)

Golbeck [46] proposed an algorithm called TidalTrust,
which follows this strategy. According to Goldbeck’s research
findings, this strategy does not necessarily offer a clear
benefit over the classic collaborative filtering, but it improves
recommendations for users who disagree with the average
rating for a specific item.
The second approach introduces an alternative for the
weight calculation (𝑊𝑎,𝑢 in (5)), which tries to infer the
weights throughout the relations of the target user in the trust
network (using propagation or aggregation techniques). In
(5), PCC weights are replaced by trust values 𝑡𝑎,𝑢 :
𝑝𝑎,𝑖 = 𝑟𝑎 +

4. Trust-Based Collaborative Filtering

𝑝𝑎,𝑖 = 𝑟𝑎 +

start problem (new users have not rated enough items to
be linked to similar users), or, even more important, the
algorithm philosophy itself to calculate the similarity with
anonymous users. Swearingen and Sinha [44] and Sinha and
Swearingen [45] demonstrate that people tend to rely more
on recommendations from people they trust than anonymous
users; it therefore is a strong motivation to try to incorporate
trust in a classic collaborative filtering technique. In the
literature, two strategies are commonly used to include trust
in the recommendation algorithm: the trust-based weighted
mean and trust-based collaborative filtering.
The first one redefines the recommendation strategy by
computing a trust-based weighted mean; instead of computing
the average rating for item 𝑖 from the ratings 𝑟𝑢, 𝑖 from all
system users 𝑢 who are already familiar with 𝑖, it includes trust
values 𝑡𝑎,𝑢 , which reflect the trust degree for raters 𝑢. Therefore, the highly trusted users ratings will have more weight:

∑𝑛𝑢=1 (𝑟𝑢,𝑖 − 𝑟𝑢 ) ∗ 𝑇𝑎,𝑢
.
∑𝑛𝑢=1 𝑇𝑎,𝑢

(7)

Massa and Avesani [47] propose an example for this strategy.
According to their findings, the strategy improved the behavior for controversial users, but it also improved the prediction
accuracy for cold start users.
Although both approaches show improvement for controversial item rating predictions and cold start recommendations, they replace the correlation component that
calculates the similarity between users, likely based on the
assumption that trust and similarity are correlated, according
to the analysis of Victor et al. [48]. However, we consider
that it could not be an exact assumption as long as the trust
between users does not necessarily indicate “similar tastes.”
Therefore, we adapted a trust-based collaborative filtering
strategy, replacing the similarity correlation component of
(5) with a new one, including a weighted contribution for
similarity and trust:
𝑝𝑎,𝑖 = 𝑟𝑎 +

∑𝑛𝑢=1 (𝑟𝑢,𝑖 − 𝑟𝑢 ) ∗ 𝑊𝑇𝑆𝑎,𝑢
,
∑𝑛𝑢=1 𝑊𝑎,𝑢

𝑊𝑇𝑆𝑎,𝑢 = 𝛼𝑊𝑎,𝑢 + 𝛽𝑇𝑎,𝑢 ,

(8)
(9)

where 𝛼 + 𝛽 = 1, 𝑇𝑎,𝑢 represents the trust score between
two users, calculated throughout the process illustrated in
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n neighbors

They are similar but not
friends

They are friends but not
similar

They are similar and
friends
For each i in n

Trust coefficient
calculation

Pearson correlation
calculation

WTS calculation

Figure 3: Trust inclusion in the recommendation algorithm.

Section 3, and 𝑊𝑎,𝑢 reflects the correlation between users,
calculated by techniques as Pearson’s correlation coefficient
or Spearman correlation coefficient; in strict sense, Pearson’s
correlation coefficients have requirements related to the normal distribution of the data, so a nonparametric coefficient
as Spearman may be used instead. As a matter of fact,
Lathia et al. [49] reported, for example, that the precision of
the recommender system is not affected significantly by the
choice of the similarity measure, so it should not be a concern
in the practice.
In simple terms, we calculate the correlation coefficient
between users and then the trust score for neighborhood
users (see Figure 3). An alternative could be to use a trustbased filtering technique where the trust values act as a filter,
so only the most trustworthy neighbors participate in the
recommendation process, as suggested by O’Donovan and
Smyth [14]. However, it demands a highly connected group
in the social network to assure an adequate number of users
in the neighborhood setup, so this strategy could be more
demanding to implement in practice.
In practice, 𝛼 and 𝛽 are weights that enable the algorithm
calibration to give higher priority to the trust or similarity
contribution. We used this feature for different tests during
the experimentation using different weights for trust and
similarity.

5. Trust-Based Recommendations on
Digital Signage Environments:
An Implementation Approach
Advertising has played an important role in commerce since
it originated. Recently, a new paradigm known as pervasive
advertising, which refers to the use of pervasive computing
technologies for advertising purposes, has arisen as a promising bet for modern advertisers and consumers. Although
most pervasive advertising approaches have been directed to

mobile devices (smartphones or tablets), public spaces are
also very interesting for the industry, taking into account
that the 75% of purchase decisions are made at or near the
purchase place [2]. This field, known as digital signage, is
related to digital content display using public screens [3]. We
implemented a digital signage prototype as a study case to
test the new recommendation algorithm based on trust and
similarity contributions. This scenario implies the analysis
of interesting requirements for the purpose of the current
research: first, ads are personalized and adapted to the context; second, ads are addressed to a group of people instead
of individuals; finally, the precision of recommendations is a
metric frequently evaluated in RS research, but the extent of
novelty is also important in the advertising domain as part of
the persuasion. Therefore, a balance between precision and
novelty is a desirable feature.
Regarding the first requirement, for all variables that may
be considered as “context,” likely the most relevant variable
for the advertising domain is the social context. For years,
“word of mouth” has been a powerful technique for marketing purposes, so the inclusion of users’ social context information in the recommendation algorithm (specifically, trust
in other users) is a mechanism for obtaining ads’ influence on
other users in the closest social circle, instead of anonymous
users, as in traditional collaborative filtering. The inclusion of
trust information may improve the ad recommendation process with persuasion purposes, knowing that 67% of purchase
decisions are influenced by the opinions of close others.
Regarding the second requirement, the recommendation
process for a group of people implies a new set of challenges,
which have been addressed in several studies through the use
of special aggregation techniques during the recommendation process; specifically, the techniques described by Masthoff [28] were used as reference. However, the recommendation process improvement in these cases may be not only
a matter of the RS algorithm itself but also a better display
strategy issue. Most public display interaction initiatives do
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Recommender
system

Figure 5: Public display ads screen.
Smart TV

Smartphones

Figure 4: Prototype basic architecture.

not consider multiscreen approaches, where the content is
distributed between screens in a complementary way; screen
content replication has been used instead. This thought is
related to the third factor too because a better display strategy
may also contribute positively to the novelty perception: by
definition, group recommendations displayed on a public
screen will be less personalized than recommendations displayed in a personal device (e.g., smartphone or tablet), so
they could be more novel for users. This hypothesis is an
important contribution of the current research, and it will be
analyzed in the following section for the current scenario.
According to the previous description, we implemented a
novel electronic alternative for a traditional static ads board,
in which people post ads using paper posters; these boards are
frequently found in small shops or on academic campuses.
The proposed implementation replaces the old board with a
new cooperative Smart TV-smartphone model, where both
devices’ screens offer ads to users under different but complementary approaches: ads recommendations for group profiles
are on public TV screens, and ads recommendations for
individual profiles are on smartphones screens. Moreover, the
interaction capabilities between the two devices change the
static behavior of the traditional board; the basic architecture
for the prototype is shown in Figure 4.
In summary, Android applications were developed for
mobile phones and Google Smart TV set top box. These applications used a middleware API for interaction management
developed for us. The users in front of the public display log
in to the system using a “Login with Facebook” feature. The
middleware details are out of the scope of this paper. Please
refer to [50] for more details.
Briefly, some of the main functionalities of the implemented prototype are as follows:
(i) Ad recommendations for a group of users watching
the TV screen: the group of users was limited to
four people, basically for usability reasons, taking into
account the screen size (42 inches). The recommender
calculates the best ad list for the people interacting
with the public screen using aggregation techniques;

Figure 6: Mobile device list screen.

these ads were organized on a list of six ads for each
one (see Figure 5).
(ii) Ad recommendations according to individual preferences on the smartphone screen: the recommender
calculates the best ad list for each person in front of
the public display, and it shows the ads on the mobile
device screen (see Figure 6). It uses the recommendation algorithm described in the previous section. The
user can obtain detailed information for a particular
advertisement and add ads to his or her favorites.
(iii) Basic interaction between mobile device application
and public display: the user can go over the ads on the
public display using a control pad from the mobile
application (Figure 7); using a tap gesture, the user can
obtain detailed information for a particular ad in a
public display and watch it on his or her mobile device
screen. Each user is identified by a specific color.
(iv) Explicit and implicit ad ratings: users can rate the ads
on a public screen or the mobile device list using the
“Like” and “No Like” options available in the mobile
application user interface. Thanks to the middleware
capabilities, it is also possible to generate implicit
ratings according to the users’ actions (e.g., request
more information about an ad, ignore ads from the
screen, and add the ad to favorites).
(v) Posting ads: users post ads to the public screen,
writing the ad information from the mobile device.
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Figure 7: User pad control and ads post.

The user can use the smartphone’s camera or photo
gallery to upload a product picture (Figure 7).

6. Experimental Results
We design an experimental framework based on the work
of Herlocker et al. [22] to define important considerations
during the tests. Specifically, the purpose of the experiments
was to evaluate the following hypotheses:
(H1) The inclusion of multiscreen cooperation mechanisms improves the precision/novelty balance during
the recommendation process.
(H2) The inclusion of trust information in the collaborative
filtering algorithm improves the precision/novelty
balance during the recommendation process.
6.1. Domain Considerations. According to the previous
description, we tested our recommendation proposal in a pervasive advertising domain, specifically using a digital signage
prototype. Thinking about pervasive advertising features,
some important aspects about the domain were considered:
the main task for the RS will be to find “some good items”;
not all good items are required for advertising purposes.
Utility maximization for a user is related not only to good
recommendation accuracy but also to some extent of novelty.
Recommendation novelty may have higher priority over the
first one for advertising purposes. In this sense, although the
false positive rate may be considered spam advertising, some
of these ads may be novel, so a balance between false positive
and novel ads is desirable. Additionally, the false negative rate
is particularly relevant for advertisers, as long as they want the
items they consider relevant to become recommended ads.
Finally, according to the analysis of the advertising domain
presented in Introduction of this paper, context information
in this case was represented by the inclusion of “trust” in
the recommendation algorithm, according to the procedures
described in the previous sections.
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Figure 8: Trust graph for test group.

6.2. Dataset Considerations. Because our recommender system proposal is based on trust, we required two datasets: one
with ratings and the other one with trust scores. One of the
main challenges was the lack of a suitable ratings’ dataset
for the advertising domain, so we decided to build one. We
built a web application where students at the University of
Cauca could post and rate ads; then, a set of users participated
in interactive sessions using the implemented prototype
described previously to improve the dataset information.
The first interactions were useful to test the collaborative
filtering and the aggregation techniques for the advertising
domain. The results were published in [51, 52]. At the end, we
completed a dataset with 127 ads, 176 users, and 10.128 ratings
for the tests.
For the dataset including trust information, the main
challenge was to find a homogeneous group of people where
each member had at least one connection in Facebook with
another member of the group. For the offline tests, we decided
to generate this information in a hard-code way based on the
users of the rating dataset because our main interest was to see
the effect of trust inclusion in the recommendation process;
ground truth tests were performed previously for the trust
inference algorithm itself, as described in Section 3. At the
end, we obtained a dataset with 30852 trust connections, as
shown in Figure 8. The graph shows the connections between
users, so each pair of connected users shares a trust value
between 0 and 1. The green connections represent higher
values of trust as long as red connections represent lower trust
values. Regarding the users in the graph, the color and size are
given by the node degree; green ones have a higher degree,
and red ones have a lower degree.
For the online tests, the task was more challenging
because of the requirement of connections between people,
as described previously. Several volunteers groups were tested
to meet this criterion. Finally, twenty volunteers from Fundación InnovaGen, in Popayán, met these requirements, and
they agreed to participate in the interactive session during
the experiment. We used the Graph API Explorer from
Facebook to obtain information from the social network with
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U13

U5

U20
U14

U7

U6

U4
U12

U15

U1
U2

U16

U17

Figure 9: Fundación InnovaGen social graph.

the authorization of each user. All data were anonymous,
so only IDs were used for all users, and only the number
of interactions was processed without intervention over
the message content. Once the interaction information was
complete, we computed the trust score between users using
the process described in Section 3.
Figure 9 shows the graph representing the communities
inside the group. According to the graph, 3 communities
were detected: the green community, which is the largest
and has the nodes with higher degrees, and the yellow one
and the red one, which have nodes with lower degrees.
This information allowed us to set up the groups during
the interactive experience with the recommender system
implemented in the prototype. Due to the high degrees in
the green community, some of its members participated more
than once during the experiment.
6.3. Precision and Novelty Metrics. As a rule, precision has
been the most popular metric for a recommender system
evaluation, and it is defined as the ratio of relevant items
selected to number of items selected or the probability that
a selected item is relevant:
𝑃=

𝑁𝑟
.
𝑁

(10)

However, for the purposes of the current research and according to the advertising domain considerations described previously, it is more interesting to evaluate the recommender
system from a precision/novelty perspective. Although several approaches measure the recommendations novelty in the
literature, Vargas and Castells [5] proposed an interesting

framework for the definition of novelty and diversity metrics
that unifies several state-of-the-art metrics. Specifically, this
framework supports metrics taking into account the ranking
and relevance of the recommended items.
These properties are important for the current research
because the interactive nature of our proposal for the specific
domain (pervasive advertising), ranking, and relevance take
into account how users interact with recommendations (top
items receive more attention in each screen list) and user
subjectivity (how relevant the item may be for the user).
According to the authors, the novelty of a piece of information generally refers to “how different it is with respect to
what has been previously seen” by a user. Nonetheless, in the
advertising domain, the effectiveness of ads will be measured
not only by “how different they are from previous ads” but
also by “how relevant actually they could be for the users,”
so the novelty metric should include the influence of these
properties during the recommendation process.
In simple terms, the framework is based on three fundamental relationships between users and items (Figure 10):
(i) discovery, that is, an item is seen by (or is familiar to) a
user; (ii) choice, that is, an item is used, picked, selected, or
consumed by a user; and (iii) relevance, that is, an item is
liked by, useful to, or enjoyed by a user. To simplify the model,
the authors assume that relevant items are always chosen if
they are seen, irrelevant items are never chosen, and items
are discovered independently of their relevance.
In terms of probability distribution, these relations are
expressed as
𝑝 (choose) ∼ 𝑝 (seen) 𝑝 (rel) .

(11)

Given a ranked list 𝑅 of items recommended to user 𝑢, the
novelty can be expressed as
𝑚 (𝑅 | 𝜃) = 𝐶∑ 𝑝 (choose | 𝑖, 𝑢, 𝑅) nov (𝑖 | 𝜃) ,
𝑡∈𝑅

(12)

where 𝐶 is a normalizing constant and 𝜃 is a generic context
variable to consider different perspectives in the novelty
definition. 𝑝(choose | 𝑖, 𝑢, 𝑅) reflects the browsing model
grounded on item choice and nov(𝑖 | 𝜃) an item novelty
model. For the purposes of the current research, we used
a popularity based item novelty where high novelty values
correspond to long-tail items that few users have interacted
with and low novelty values correspond to popular top items,
including ranking and relevance factors. According to the
domain features, this approach makes sense not only for
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2𝑔(𝑢,𝑖) − 1
,
2𝑔max

(15)

𝑔 (𝑢, 𝑖) = max (0, 𝑟 (𝑢, 𝑖) − 𝜏) .
𝑔 is a utility function derived from the ratings, where 𝜏
represents the indifference rating value according to Breese
et al. [53].
6.4. Offline Tests. First, we tested the trust-based recommender system using the dataset built from scratch, including
ratings and trust scores, as described in Section 6.2. The
tests were related to hypothesis (H2) and were focused on
precision and novelty calculations.
To observe the effect of trust on the precision and
novelty of the recommendations, we conducted several tests
for different values for the contribution of the trust and
similarity components of (9). The tests ranged from a classic
collaborative filtering (𝛼 = 1, 𝛽 = 0) to pure trust-based
collaborative filtering (𝛼 = 0, 𝛽 = 1). Table 3 summarizes
the test values for similarity and trust weights.
Figure 11 shows the precision results for the different
tests. It is interesting to observe the poor performance of
the recommendation algorithm when a pure trust-based
collaborative filtering takes place; this finding is coherent with
previous findings of other researchers [11, 54]. Therefore, a
similarity component should be included in the recommendation algorithm to improve the precision results when a trust
score influences the recommendation process.
Although it seems that the trust component does not have
a meaningful influence on the precision of the recommendation algorithm compared to a classic collaborative filtering

Test 11

𝑝 (rel | 𝑖, 𝑢) ∼

Test 10

It also includes a relevance component 𝑝(rel | 𝑖𝑘 , 𝑢) that can
be modeled as a heuristic mapping between rating values and
probability of relevance, according to the following function:

Test 9

(14)

Test 8

1
.
log2 (𝑘 + 1)

Similarity
0%
10%
20%
30%
40%
50%
60%
70%
80%
90%
100%

Test 7

disc (𝑘) =

0.5800
0.5600
0.5400
0.5200
0.5000
0.4800
0.4600
0.4400
0.4200
0.4000

Test 6

In this case, the novelty metric can be read as the expected
number of seen relevant recommended items that were not
previously seen. The equation includes a ranking component
disc(𝑘) that defines a logarithmic decrease according to the
item position in the list:

Test 5

𝑖𝑘 ∈𝑅

Test 4

(13)

Trust
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Test 3

= 𝐶 ∑ disc (𝑘) 𝑝 (rel | 𝑖𝑘 , 𝑢) (1 − 𝑝 (seen | 𝑖𝑘 )) .

Test number
1
2
3
4
5
6
7
8
9
10
11

Test 2

nov (𝑅 | 𝑢)

Table 3: Similarity and trust weights for the different tests.

Test 1

users but also for advertisers: frequently, advertisers would
like to promote new products, and they will likely be longtail items at first for the recommender system. Therefore,
a metric of how well the recommender system behaves in
these cases could be useful for advertisers. It is expected that
this behavior improves with the inclusion of a multiscreen
approach according to our hypothesis.
In summary, we describe the equations we defined for the
novelty metric according to the item popularity based model:

Precision

Figure 11: Recommender system precision results for different
similarity-trust values.

approach, it is worth studying the algorithm behavior from a
novelty perspective. In this case, we selected 50 random users
from the dataset, and we calculated the novelty value, including rank and relevance factors, as described in Section 6.3.
According to the previous findings, we conducted two tests
for a classic collaborative filtering recommender system (test
11; 𝛼 = 1, 𝛽 = 0) and a trust-based recommender system (test
6; 𝛼 = 0.5, 𝛽 = 0.5). Table 4 summarizes the results.
The mean value suggests that the trust-based recommender system performed better than a classic collaborative
filtering from a novelty perspective. We conducted a 𝑡-test to
determine whether this difference is statistically significant;
previously, considering the sample size we ran a KolmogorovSmirnov test to check the normal distribution of data getting
a 𝑝 value of 0.19 for the data associated with the classic
algorithm and a 𝑝 value of 0.09 for the data associated with
the algorithm including trust, so the data follow a normal
distribution in both cases. The 𝑡-test delivered a 𝑝 value <
0.001, supporting hypothesis (H2). This finding indicates that
trust inclusion in the recommendation algorithm improves
the precision/novelty balance. However, it is important to
contrast these results with the real users’ perceptions. This
process will be described in the next section.
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Table 4: Novelty results for the recommender system including and
excluding trust.
Test
Traditional
recommender system
Trust-based
recommender system

Mean

𝑁

Standard
deviation

0.18

50

0.058

0.23

50

0.070

Table 6: Mapping between user actions and recommender system
scale.

Odd

Least Misery (LM)

S1
S2

𝛼 = 1, 𝛽 = 0
𝛼 = 0.5, 𝛽 = 0.5

Even

Most Pleasure (MP)

S1
S2

𝛼 = 1, 𝛽 = 0
𝛼 = 0.5, 𝛽 = 0.5

6.5. Online Tests. The tests with real users used the infrastructure of the prototype described in Section 5 for the
pervasive advertising domain, specifically in a digital signage
environment. The purpose of this set of tests was related to
hypotheses (H1) and (H2). As described in Section 6.2, one of
the main challenges was to find a homogeneous group with
enough connections to enable a correct trust inference from
the social network. Twenty volunteers from the Fundación
InnovaGen group met these requirements to perform the
test in two sessions: During the first one, the recommender
system used a classic collaborative filtering approach (𝛼 = 1,
𝛽 = 0) to deliver individual recommendations to personal
devices (smartphones) as long as, during the second session,
the recommender system included a trust and similarity
component with equal weights (𝛼 = 0.5, 𝛽 = 0.5).
A total of 8 groups of 3 people were configured to participate in the experiment according to the social connections
graph information. Some of them repeated the experiment
because of their relationships with other members of the
group. Regarding the group recommendations displayed on
the Smart TV, we alternated two aggregation techniques
between the groups to test the effect of each one; previous
experiments showed a better performance for the chosen
techniques [51]. We used the Least Misery aggregation technique for the odd groups (1, 3, 5, and 7); this technique
makes a list of ratings with the minimum individual ratings,
and the items are recommended based on the rating on that
list. Higher rankings indicate less misery, so the group is as
happy as its least happy member. We used the Most Pleasure
technique for the even groups (2, 4, 6, and 8); in this case, a
list of ratings is made with the maximum of the individual
ratings. The items are recommended based on the rating on
that list, and the higher ranking indicates more pleasure.
Table 5 summarizes the tested algorithm variants for each
participant group.
During each session, the users interacted with the system
for five to ten minutes. As part of the interaction, the users

Precision gap

Smartphone
RS algorithm

Smart TV
Aggregation technique

5
4
3
2
1

Explicit like
Add to favorites
Request add information
Ignored item from screen
Explicit dislike

Table 5: Session configuration for online tests.
Group

RS scale

User interaction

0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01
0

1

2

3

4
5
Sessions

6

7

8

Figure 12: Precision gap ({𝛼 = 1, 𝛽 = 0} − {𝛼 = 0.5, 𝛽 = 0.5}).

performed several actions, such as browsing the ads (on
the Smart TV and smartphone screen), rating ads (on the
Smart TV and smartphone screen), and detailing a group
ad displayed in the Smart TV in the smartphone screen or
adding an ad to their favorites list. For the explicit ad-rating
task, we used a binary scale (like, no like) because it makes
more sense than the classic 1 to 5 stars in the user context. This
interaction introduces a novel mechanism to capture implicit
ratings for the system throughout a mapping between the
user actions and a classic scale from 1 to 5, used during the
experiment (Table 6).
At the end of each session, we also captured the users’
perception through a short survey in the smartphone of each
user to complete our analysis from a qualitative perspective
(see Appendix B).
During the experiment, we used Smart TV-smartphone
middleware capabilities to capture logs in JSON format for
the activity of the whole sessions, and, then, we processed the
data. Next, we will introduce the most important results of
this experiment.
6.5.1. Trust Influence over Recommendations Precision. Figure 12 shows the gap between the precision values during
the experiment sessions for each group ({𝛼 = 1, 𝛽 =
0} − {𝛼 = 0.5, 𝛽 = 0.5}). The results are coherent with
the trend observed during the offline experiments. This
difference is always positive; that is, a higher weight for
similarity component (𝛼) will increase the precision value.
The observed variation for the precision value was between
0.03 and 0.09 (𝑝 value < 0.001). According to the results,
a positive effect over novelty was expected and it will be
analyzed in the next section.
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Table 7: Trust influence over recommendations novelty.
Session
(S1) 𝛼 = 1, 𝛽 = 0
(S2) 𝛼 = 0.5, 𝛽 = 0.5

Mean
0.6247
0.7072

Std. dev.
0.0814
0.0799
𝑝 value

Std. error mean
0.0192
0.0188
0.011

90.00
85.00
80.00
75.00
70.00
65.00

Table 8: Multiscreen influence over recommendations novelty.
Recommendation strategy
Trust-based collaborative
filtering (smartphone)
Aggregation technique
(smart TV)

60.00

Mean

Std. dev.

Max.

Min.

55.00

0.3922

0.1499

0.2456

0.7982

50.00

0.4562

0.1189

0.2997

0.6840

45.00

𝑝 value

0.02

6.5.2. Trust Influence over Recommendation Novelty. Table 7
shows a statistical descriptive analysis of the effect of trust
introduction in the recommendation algorithm on novelty.
The novelty metric included the rank and relevance components, and it was calculated for each session to compare them.
According to the results, novelty is positively affected
when the trust component is included in the recommendation algorithm, which is coherent with the results observed
during the offline tests. Therefore, there is good evidence to
support hypothesis (H2).
6.5.3. Multiscreen Influence over Recommendations Novelty.
Table 8 shows a statistical descriptive analysis of the effect
of the multiscreen approach on novelty. In this case, we
calculate the novelty value for the group recommendations
in the Smart TV and the personalized recommendations in
the smartphone introducing the trust component (𝛼 = 0.5,
𝛽 = 0.5). The novelty metric includes rank and relevance
components.
According to the results, the novelty value is larger for
the recommendations delivered in the Smart TV for the
group profile. Therefore, there is good evidence to support
hypothesis (H1). However, we conducted a deeper analysis
taking into account the trust inclusion and the real users’
perception. Figure 13 shows the results for the number of
cases where the group novelty is higher than the individual
novelty including and excluding the trust component for
different variants of the novelty metric. The trend is coherent
with the previous results because the novelty for group
recommendations is higher than the novelty for personalized
recommendations in more than 50% of cases, with or without
the inclusion of the trust component. However, there is an
interesting finding: when the trust component is included, the
number of cases where the group recommendations novelty
is higher is reduced. A proper justification of this behavior
may be analyzed in the user novelty perception results shown
in Figure 14. According to the survey results, it is interesting
to observe how the trust component inclusion in the recommendation algorithm improves the novelty perception for the
personalized recommendations delivered in the smartphone.

EPC

EPC rank

EPC rel

EPC rank, rel

Trust 0%
Trust 50%

Figure 13: Cases where group recommendation novelty is greater
than personalized recommendation novelty.
70
60
50
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0

0
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Figure 14: Users’ novelty perception when trust component is
included.

It explains the previous behavior, and it is coherent with the
findings described in Section 6.5.2. In conclusion, although
the trust component has a positive effect on the novelty
value for personalized recommendations, the multiscreen
approach favors the novelty perception regarding group
recommendations. This evidence also supports hypotheses
(H1) and (H2).
6.5.4. Aggregation Technique Influence over Recommendation Novelty. Initially, we considered the survey results to
compare the user perception with the quantitative analysis
during the interaction. Figure 15 shows the novelty trend for
the users’ perception using a specific aggregation technique
during both sessions. The results are coherent with the
findings described in the previous section for the multiscreen
effect on the recommendation novelty for both techniques.
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Figure 15: Users’ novelty perception per aggregation technique.
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Figure 16: Novelty per aggregation technique (group novelty value > individual novelty value).

However, the MP technique seems to exhibit better behavior
than the LM technique, specifically during the second session
(trust 50%), but because the statistical evidence we found was
not enough (𝑝 = 0.558), we went a step further with the
quantitative analysis.
Table 9 shows a statistical descriptive analysis of the
effect of the aggregation technique change on the group
recommendation novelty. The novelty metric included the
rank and relevance components, and it was calculated for the
sessions where the Least Misery or Most Pleasure techniques
were used.
According to the results, there is evidence that the
aggregation technique affects the novelty value for the group
recommendations, with a slight positive effect for the Most
Pleasure technique.

Table 9: Aggregation technique influence over recommendation
novelty.
Aggregation technique

Mean

Std. dev.

Std. error mean

LM
MP

0.4046
0.5076

0.1133
0.1046

0.0327
0.0302

𝑝 value

0.03

Figure 16 shows the trend when the two aggregation
techniques are compared taking into account the number
of cases where the group recommendation novelty value
overcomes the personalized recommendation novelty value.
As expected, the MP technique exhibits a better behavior than
LM including the ranking and relevance factors in the novelty
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metric, but the effect is less evident when the trust component
is enabled in the recommendation algorithm because the
novelty value increases for personalized recommendation,
according to the analysis of Section 6.5.2.

7. Conclusions
In this work, we developed a proposal for a collaborative
filtering recommender system based on trust. The trust
component was included in the recommendation algorithm
throughout two phases: (i) an algorithm calculated a trust
score from social network interaction information (Facebook
was used for this purpose); specifically, we defined four
variables from the state-of-the-art and ground truth tests
for the algorithm: inbox messages, tags to user, comments,
and wall posts. (ii) Then, the recommendation algorithm
calculated the recommendations based on the similarity and
trust components between users. The algorithm was designed
to modify the similarity and trust contributions, which eased
the algorithm calibration for specific practical requirements.
We studied the algorithm behavior in the pervasive advertising domain, specifically in a digital signage prototype. This
domain study let us think about the recommender system not
only from the algorithms perspective itself but also from the
recommendations display strategy. A multiscreen advertising
prototype was designed and implemented to evaluate the
proposed recommender framework using custom datasets
and real users’ perception. Traditionally, recommender systems are evaluated from a precision perspective, but the
recommendations novelty is a relevant aspect, specifically for
the advertising domain. We used the model proposed in [5] to
define a novelty metric based on an item popularity approach
that takes into account ranking and relevance factors during
the recommendation process; it does make sense because the
novelty is related not to recommending unknown items but
to recommending novel and potentially useful items.
We evaluated our framework from a precision/novelty
perspective with interesting findings: we found during the
offline and online tests that the trust component introduction
improved the novelty for the recommendations. However, a
pure trust-based algorithm affected the precision adversely,
so it is advisable to do a combination of similarity and trust
components to keep a better precision/novelty balance. We
also found that a multiscreen approach using aggregation
techniques to generate group recommendations improved
the precision/novelty balance for the whole system; we
obtained higher novelty value for Smart TV recommendations in more than 50% of the cases during the online
experiments. Additionally, we found that this trend remained
unalterable when the trust component was introduced;
nonetheless, the number of cases where the Smart TV recommendations’ novelty value was higher decreased because the
users perceived an increase in the novelty of the smartphone
recommendations, due to the trust component effect in the
recommendation algorithm.
Finally, we demonstrated that the aggregation technique
influenced the novelty for group recommendations; in this
case, the Most Pleasure technique exhibited better behavior
than the Least Misery technique, but the effect was less
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evident when the trust component was introduced due to
the novelty increase in the personalized recommendations
displayed in the smartphone.

8. Future Work
Next, we will address the limitations found during the study
that can be used as a starting point for future work. First, the
offline tests were limited by the absence of suitable datasets for
the advertising domain but also Facebook datasets with the
right information to infer trust according to our algorithm
features. The dataset we built for ad information may be
used as a starting point for gathering more information and
for building a robust dataset with test purposes. It could
be complemented with Facebook dataset information that
enables a trust score calculation. We used a simulation for the
trust score during the offline tests.
In practice, the operation of our proposed algorithm
requires taking into account important considerations: first,
the trust inference depends on the availability of sufficient interaction information. For now, it implies having a
homogeneous group with enough social activity between
participants, which may be challenging in digital signage
environments where people may join a group in an ad hoc
way. For online experiments, we conducted a previous study
of the social activity between the members of the target group
to get accurate results, but it is a feature to improve in practice.
Additionally, the frequent changes to the Facebook API
impose several restrictions to implement trust inference algorithms from the social network information in real time. Our
approach was to precalculate the trust scores for the known
group and store them in a database to avoid a permanent connection to Facebook, but, again, it could be problematic for ad
hoc digital signage environments.
Finally, we restricted the number of participants to four
people during the experimentation of our multiscreen recommender system approach because of usability issues. The
number of participants depends on several factors, such as
the main screen size, the hardware capabilities to support
the middleware interaction information flow, and the recommender system operation itself. Although we reached some
conclusions as a starting point in our previous work [50],
these aspects should be carefully analyzed during a practical
implementation of the system.

Appendix
A. Users Perception about
Trust Inference Variables
We conducted a survey with 57 anonymous volunteers from
the SmartSoft Play company (we used an intranet web page
and all of them were familiar with technology), and we asked
them to select which variables better represented trust in
another person on Facebook. We simplified the subset to 5
variables. (All tag-related variables were represented simply
as tags.) The results are summarized in Figure 17 for a total of
145 votes for the 5 variables.
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Figure 17: Trust inference set of variables validation.

B. Users Perception Survey about
Recommender System Precision and
Novelty
It is shown in the following part.
Users Perception Survey
Session #
(1) What screen offered you recommendations closer to
your personal preferences?
(i) Smart TV
(ii) Smartphone
(2) What screen offered you more novel recommendations (likely unknown but interesting for you)?
(i) Smart TV
(ii) Smartphone.
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in Proceedings of the Workshop on Pervasive Advertising and
Shopping, in Conjunction with the 8th International Conference
on Pervasive Computing (Pervasive ’10), Helsinki, Finland, 2010.
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