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Information content that
can be recommended by a
RS
Providing a user with
content adapted or suited to
their needs and wants
A structured representation
of the user preferences for
items
System’s selected items that
are suggested to a user
Recommender systems
Conditions under which an
item is evaluated by a user
Metadata in the form of
freely chosen keyword

Definition
RSs are information search and ﬁltering tools that
provide suggestions for items to be of use to a
user. They have become common in a large number of Internet applications, helping users to make
better choices while searching for news, music,
vacations, or ﬁnancial investments. RSs exploit
data mining and information retrieval techniques
to predict to what extent an item suits the user
needs and wants and recommend those items with
the largest predicted ﬁt score.

Introduction
The explosive growth and variety of information
available on the Web and the rapid introduction of
new e-business and social services (buying products, product comparison, auction, forums, social
networking, multimedia fruition) have created
such a richness of choices that, instead of producing a beneﬁt, this overabundance risks to backﬁre.
While choice is good, more choice is not always
better. Indeed, choice, with its implications of
freedom, autonomy, and self-determination, can
become excessive, creating a sense that freedom
may come to be regarded as a kind of miseryinducing tyranny (Schwartz 2004). Moreover, if
dozens of different types of jams are likely to

confuse and paralyze a buyer, as it is illustrated
in Schwartz (2004), thousands or even millions of
songs are simply impossible to scan if the ultimate
goal is just to play some of them.
Such a scenario motivated the introduction of
recommender systems (RSs) (Ricci et al. 2011;
Konstan and Riedl 2012). RSs are information
search and ﬁltering tools that provide suggestions
for items to be of use to a user. They have become
common in a large number of Internet applications, helping users to make better choices while
searching for news, music, vacations, or ﬁnancial
investments. “Item” is the general term used to
denote what the system recommends to its users,
and a speciﬁc RS normally focuses on one type of
items (e.g., movies or news). Accordingly, its core
algorithmic component and its graphical user
interface are customized to provide useful and
effective suggestions for that speciﬁc type of
items. Recommender systems play an important
role in highly rated Internet sites, such as Amazon.
com, YouTube, Netﬂix, Yahoo, Tripadvisor, Last.
fm, and IMDb. More recently, social networks,
such as Linkedin and Facebook, have introduced
recommender systems to suggest groups to join or
people to relate with.
In their simplest form, personalized recommendations are offered as customized lists of
items. In performing this selection the system
tries to predict what the most suitable products
or services (items) are, based on the user’s characteristics and preferences. In order to complete
such a computational task, a RS must elicit from
users such characteristics and preferences, either
along the full history of previous interactions with
the users or exploiting information entered by the
users at the time the recommendation is requested.
Moreover, such information either can be explicitly expressed, e.g., as ratings for products, or can
be inferred by interpreting user actions. For
instance, the navigation to a particular page can
be interpreted as an implicit sign of preference for
the items shown on that page.
The study of recommender systems is relatively new compared to research in other classical
information system tools and techniques (e.g.,
databases or search engines). Recommender systems emerged as an independent research area in
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the mid-1990s (Goldberg et al. 1992; Resnick
et al. 1994), and it is still fast growing. Research
works on RSs are published in major conferences
on machine learning (ICML, KDD, NIPS), information retrieval (SIGIR, WISDM, CIKM), intelligent user interfaces (IUI), and personalization
(UMAP). A speciﬁc ACM conference on recommender systems has been launched on 2007, and
every year it attracts more and more submissions
and attendees. In total, thousands of papers are
published every year on this subject.
In this paper we provide a description of the
general computational model of a recommender
system. We aim at modeling in a compact but
rigorous presentation the core functionality of a
recommender system. We will decompose it into
three fundamental tasks: user’s preferences elicitation, prediction of user’s evaluations for items,
and recommendations generation and presentation. In the last section we will conclude this
short article with a discussion of some challenges
for RSs.

Recommendation Model and
Techniques
A general computational model for recommender
systems
was
previously
described
in
Adomavicius and Tuzhilin (2005). In this model,
a RS is deﬁned as a machinery implementing a
real-valued function deﬁned on the product space
of the users and items r*: U  I ! R that predicts
how a pair consisting of a user u  U and an item
i  I is mapped to the evaluation r*(u, i) of the
user u for the item i. They call this number r*(u, i)
the predicted “utility” of the item for the user. We
prefer here not to use the term “utility,” as in the
RS literature no special assumption is made on the
characteristics of the evaluation function, while a
utility function does satisfy speciﬁc constraints.
For that reason we call it “predicted evaluation.”
Then, having predicted evaluations of users for
items, a RS recommends to a user u the items
i with the largest predicted evaluations r*(u, i).
Evaluations are called ratings of users for items in
Collaborative Filtering RSs (see next section on
Evaluation Prediction Techniques). A RS
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computes the prediction r*(u, i) on the base of a
collection of observations: these are interactions
between users and items, and they provide the
system with information about the users’ preferences. In many cases these interactions produce
explicit evaluations performed by some users on
some items. In some other cases, more complex
types of relationships are observed, for instance,
the relative preference of a user for an item when it
is compared to another item.
In this survey we introduce a generalization of
this two-dimensional model (Users  Items) that
is inspired by the multidimensional model introduced in Adomavicius et al. (2005), and it is
motivated by recent researches on social networks
and tagging recommender systems (Marinho et al.
2011). Moreover, we delineate a model for RSs
that decomposes its behavior into three fundamental tasks: preference elicitation, item evaluation prediction, and recommendation generation.
Preference Elicitation
The ﬁrst task that a recommender system must
implement is the elicitation of user preferences;
this means, in RS terminology, that the system
must be able to collect from users a set of evaluations for items.
More formally, let us assume that there exist
three sets U, I, and M. U is the set of users, I is the
set of items, and M is the set of possible situations
under which the items can be experienced. For
instance, M can be the user’s location when the
item, e.g., a restaurant, was searched and selected
or the location of the user when a recommendation
for a restaurant is required (more on this is
discussed later on).
Then the experience of a user for an item is a
quadruple (u, i, m, r(u, i, m))  U  I  M  R
where u is the user who interacted with item i in
the situation m and evaluated the item r(u, i, m) 
R. We use here the function notation r(u, i, m) to
stress that the evaluation is a function of the user,
the item, and the situation. R is an evaluation
scale containing the possible (ordered) evaluation
values. Evaluations are commonly called ratings,
and a popular evaluation scale is the ﬁnite set
{1, 2, . . ., 5}. This scale is used, for instance, by
Amazon.com. But, different evaluation scales are

R
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possible and have been used both in the scientiﬁc
literature and in some deployed RSs; for instance,
the simpler evaluation schema provided by positive (“like,” +1) vs. negative (“not like,” 1)
evaluation is used in YouTube.com. It is interesting to note that rating scales are not neutral and
they inﬂuence the user evaluation process (Kuﬂik
et al. 2012) and consequently the RS behavior.
A recommender system, in order to generate
recommendations, must ﬁrst collect a set of experiences from the users in U, for items in I, in some
situations M, i.e., to acquire a set E(D) = {(u, i, m,
r(u, i, m)): (u, i, m)  D
U  I  M}. The
evaluation r(u, i, m) can be collected either explicitly or implicitly. By “explicitly” we mean that the
user is explicitly entering in some form her evaluation r(u, i, m) on the presented item. In
“implicit” models the user is not entering evaluations but is acting on the presented items, e.g., is
watching a recommended video, or is browsing
the presented information about an item. The system is then inferring the user evaluation (a value in
R) from the user action. We ﬁrst discuss the
“explicit” approach and then the “implicit” one.
Many recommender systems allow users to
“explicitly” evaluate (rate) items as they encounter them while interacting with the system. In
addition, many RSs explicitly request the user to
evaluate a certain number of items (e.g., 20 books)
before providing recommendations (for new
books). This may happen in the sign up stage,
i.e., when the user registers to the system and
obtains the credential to access it. Another popular
approach for collecting evaluations is to let the
user to “correct” the system predictions by entering evaluations for items that have been
recommended, hence possibly ﬁxing erroneous
predictions. In this case the system may learn
that some of the recommended items are not
good options, i.e., the user may enter low evaluations for them.
In more sophisticated approaches the system
may implement a precise preference elicitation
strategy by applying active learning techniques
(Rubens et al. 2011). So, for instance, the system
may identify the most popular items and request
the user to rate them, with the objective of maximizing the probability that the user knows these
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items and can really evaluate them. Or, in a
completely different approach, the system may
ask the user to evaluate the items that have
received so far the most diverse evaluations,
since the opinion of the user on these items can
better reveal the speciﬁc users’ preferences.
In “implicit” feedback approaches the user is
not directly entering evaluations for items by
choosing values from the evaluation scale R considered by the system. So, for instance, the user is
not entering a star-based score for the books she
has read. The underlying assumption is that the
user may not want to spend time for this task;
hence, the system must infer the evaluations in
the target R scale from another measure in
another scale R0. For instance, in the music recommender system presented in Moling et al.
(2012) the system is measuring the percentage of
a suggested track that is actually listened to by the
user to decide what type of track to recommend
next. Another popular implicit evaluation scale is
the number of times a user visited the item (played
a track or browsed a page). Yet another example of
the “implicit” approach is offered by systems that
do not ask the user to evaluate individual items,
but allow them to compare two items or to criticize them (McGinty and Reilly 2011). In this case
the system ﬁrst presents some recommended
items. These are primarily generated for letting
the user to specify the characteristics of the preferred items. In response, the user can inform the
system that the presented items do not completely
conform to her preferences and select one item
that is almost good but is still lacking a preferred
feature (e.g., it should be cheaper). In these cases
the system uses the user input, which is composed
by the selected item and the “critique,” to update
the evaluation prediction function for that user r*
(u, , ).
Item Evaluation Prediction
The second task, item evaluation prediction, uses a
data set of user-provided evaluations to predict new
evaluations. In fact, this is the most important task
of a recommender system: exploiting a data set of
experiences, its background knowledge, E(D) =
{(u, i, m, r(u, i, m)): (u, i, m)  D U  I  M}
to generate predictions of the user evaluations for
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other experiences E* (D*) = {(u, i, m, r*(u, i, m)):
(u, i, m)  D* U  I  M}, where r*(, , ) is the
evaluation prediction function that is estimated
with a speciﬁc recommendation technology. In
the next section, we will present some techniques,
e.g., collaborative ﬁltering or content-based, which
have been introduced to compute the evaluation
prediction function r*(, , ). D* is the set
containing the user, item, and situation combinations for which the recommender system can generate evaluation predictions. D* is disjoint from
D and may be equal to (U  I  M) \ D or smaller.
It is smaller when the RS is not able to generate
evaluation predictions for all the items and situations combinations that the user has not evaluated
yet. In fact, recommender systems ﬁnd it difﬁcult,
for instance, to make recommendations for new
users and new items. These are users who never
entered any evaluation in the system or items that
were never evaluated by any user (users and items
not present in D) (Ricci et al. 2011; Konstan and
Riedl 2012).
We note that I, U, and M are sets of objects and
may, or may not, have an internal structure, i.e.,
they may have features. For instance, in plain
collaborative ﬁltering systems, which will be
described later on, items’ and users’ features,
even if available, are not exploited, and the situation space is ignored. For that reason the evaluation
function is modeled as a matrix R = [ru,i ] mn,
where u and i are simple indexes ranging from 1 to
m and n, respectively, and ru,i  R. Whereas, in
content-based systems, items have an internal
structure and are described with features. Items’
features are used to generate user-speciﬁc classiﬁers that can predict the user evaluation for
(unseen) items (Lops et al. 2011).
It is worth noting that some recommender systems do not collect user evaluations for items in
order to make predictions, i.e., they can make
recommendations even though E(D) is empty.
For instance, case-based recommender systems
let the user to enter a partial description of the
preferred item q, as query, and then, using this
input, they generate predictions r*(u, i, q) of the
user evaluation for item i. They accomplish this
task by exploiting the similarity of q and i, based
on some description of i. Hence, in CBR RSs, the
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situations set M is the space of all possible user
queries (Bridge et al. 2006).
Evaluation Prediction Techniques
In order to implement the item evaluation prediction function, RSs can exploit a range of techniques. This has been the major topic of research
in RSs. We will here brieﬂy indicate the most
important types of techniques, referring the interested reader to Ricci et al. (2011) for more examples, references, and details.
Recommendation techniques vary in terms of
the addressed domain, the knowledge used, and
the recommendation algorithm, i.e., essentially
how the item evaluation prediction is actually
computed. We provide here an overview of the
different types of RS techniques by quoting a
taxonomy introduced by Burke (2007) that has
become classical for distinguishing between recommender systems and referring to them. Burke
(2007) lists six different types of recommendation
approaches.
Content-Based

The system implements for each user a “classiﬂer”
that learns to evaluate (classify) higher the items
that are similar to the ones that the user evaluated
higher in the past. The similarity of items, or more
in general the item classiﬁcation rule, is calculated
based on the features associated with the compared items. For example, if a user has systematically positively rated movies that belong to the
action genre, then the system can learn that other
movies from this genre should have a high value
for that user (Lops et al. 2011).
Collaborative Filtering

The simplest and original implementation of this
approach predicts that the active user, i.e., the user
asking for recommendations, will evaluate higher
the items that other users with similar tastes liked
in the past (Desrosiers and Karypis 2011). The
similarity in taste of two users is calculated
based on the similarity of the evaluations’ history
of the users. Collaborative ﬁltering is probably the
most popular and widely implemented technique
in RSs. The latest approaches to CF use latent
factor models, such as matrix factorization (e.g.,

R
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using Singular Value Decomposition, SVD).
These methods map both items and users to the
same latent factor space. Then the predicted evaluation of a user for an item is basically computed
by the dot multiplication of their representative
vectors, which gives a kind of similarity between
the user and the item in this common representation space (Koren and Bell 2011).
Demographic

These techniques predict item evaluations based
on the demographic proﬁle of the user. The
assumption is that different recommendations
should be generated for different demographic
niches. Many Web sites adopt simple and effective personalization solutions based on demographics. For example, users are dispatched to
particular Web sites based on their language or
country. Or suggestions may be customized
according to the age of the user.
Knowledge-Based

Knowledge-based systems predict item evaluations based on speciﬁc domain knowledge about
how certain item features meet user’s needs and
preferences and ultimately how the item is useful
for the user. Notable knowledge-based recommender systems are case-based (Bridge et al.
2006). In these systems a similarity function
estimates how much the user needs (problem
description) match the recommendations (solutions of the problem). Here the similarity score
can be directly interpreted as the predicted item
evaluation of the user. Another group of knowledge-based systems uses constraints, to represent
user preferences and to ﬁnd relevant items
(Jannach et al. 2010).
Community-Based

In this type of systems, item evaluation predictions are based on the preferences of the user’s
friends. Evidence suggests that people tend to
rely more on recommendations from their friends
than on recommendations from similar but anonymous individuals. This observation, combined
with the growing popularity of open social networks, is generating a rising interest in community-based systems or social recommender
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systems (Golbeck 2006). This type of RS techniques acquires and exploits information about
the social relations of the users and the preferences of the user’s friends. The item evaluation
predictions are based on ratings that were provided by the user’s friends.
Hybrid Recommender Systems

These RSs are based on the combination of the
abovementioned techniques. A hybrid system
combining techniques A and B tries to use the
advantages of A to ﬁx the disadvantages of
B. For instance, CF methods suffer from newitem problems, i.e., they cannot generate evaluation predictions for items that have no ratings.
This does not limit content-based approaches
since the prediction for new items is based on
their description (features) that are typically easily
available. Given two (or more) basic RS techniques, several ways have been proposed for combining them to create a new hybrid system (see
Burke 2007 for the precise descriptions).
Recommendation Generation
RSs, after having generated evaluation predictions for items, can generate recommendations,
i.e., absolve their primary role. The classical and
common approach for recommendation generation is to recommend to user u in situation m the
N items i that have the largest predicted evaluation
in that situation, i.e., the set TopN(u, m) I, where
|TopN(u, m)| = N, and if i  TopN(u, m), then r*
(u, i, m)  r*(u, j, m), for all j 2
= TopN(u, m)
(Adomavicius and Tuzhilin 2005). N is normally
a small value, such as 5 or 10. Reducing the
number of recommendations is essential to
address the main goal of a recommender system,
as we mentioned in the Introduction, namely, to
ﬁlter irrelevant items and simplify the user’s decision-making process.
Similarly, the system can rank all the items for
which the recommender can generate an evaluation prediction and present to the user the ranked
list of these items, ordered by decreasing value of
the predicted evaluation r*(u, i, m). It is worth
noting that this ranked list is not generally equal to
the full set of items I, since, as we mentioned
above, the RS may not be able to generate an
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evaluation prediction for all the items (in all the
situations). Hence, in practice this ranked list contains the TopN(u, m) items for a large value of N.
In fact, there is a growing understanding that
this apparently obvious design choice may not be
the most appropriate in many cases. For instance,
the top N items may be all very similar; hence, it
would be more useful to introduce in the recommendation list those items, which may have a
lower predicted evaluation but are, all together,
providing a more useful information to the user.
The essential point that we raise here is that, while
the item evaluation prediction function estimates
to what extent the user likes an item, the user
decides what item to select by browsing the recommendation list. Hence, items presented in the
recommendation list must fulﬁl two, possibly
conﬂicting, criteria: be interesting to the user and
help the user to make a decision. As the diversity
issue points out, items that can better help the user
to make a decision may not be just the best top ﬁve
items that he may select.
Another related issue is pertaining to the information that is provided together with the recommendations. In practice this has been dealt by
including explanations for the recommendations
(Tintarev and Masthoff 2012). Explanations may
be directed to enhance the transparency or the
scrutability of the system, i.e., giving to the users
hints about the system internal behavior. Or they
may increase the trust, the persuasiveness, and the
subjective satisfaction of the user. Or ultimately
explanations can improve the efﬁciency and effectiveness of the decision-making process
supported by the recommender.
Key Applications
As we mentioned above, the illustrated recommender system model focuses on three types of
entities: users U, items I, and situations M. In the
following sections we will illustrate three key
applications of this model, where the situation
space is representing, the context, or the group
of users, or a tag. We must stress that the simpler
and more popular model, which is described in
Adomavicius and Tuzhilin (2005), does not consider any situation space M. In that case the recommendations are generated for a user, independently
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from any other additional information that may
specify the recommendation situation.
Context-Aware Recommender Systems

The ﬁrst application of the model described in the
previous section refers to context-aware recommender systems (Adomavicius et al. 2011). In this
case M contains the possible alternative contextual situations that may be concurrent with the
experience that a user makes of an item and can
have an impact on the item evaluation. The goal is
to make predictions of user evaluations for items
in a particular target contextual condition m.
For instance, Baltrunas et al. (2012) describe a
place of interests (POIs) recommender system for
the tourism domain, where 14 contextual factors
are considered. To mention some examples, there
are factors that describe the time of the travel, the
weather condition, the mood of the user, or the
type of group that is accompanying the traveler.
We refer the reader to Baltrunas et al. (2012) for a
detailed description of these contextual factors.
For each factor a ﬁnite set of possible values is
deﬁned. For instance, the weather factor can take
the values: snowing, clear sky, sunny, and rainy.
Hence, in this recommender system M is the space
of all the possible combinations of the values for
these 14 contextual factors: M = F1   F14,
where, for instance, F9 = {snowing, clear sky,
sunny, rainy} is the weather factor that we mentioned above. This system uses a collection of
users’ evaluations for a collection of places of
interests in Bolzano (items), in different contextual situations, to predict the users’ evaluations for
POIs not yet experienced in some possibly new
contextual situations.
Context-aware RSs are now an active research
area and we refer the reader to Adomavicius et al.
(2011) for more examples and techniques. The
major technical difﬁculties are related to the following: understanding the impact of the contextual factors on the personalization process;
selecting (dynamically) the right factors, i.e., relevant in a particular personalization task;
obtaining sufﬁcient and reliable data describing
the user preferences in context; and embedding
the contextual information in a more classical
recommendation computation technique.

R
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Group Recommender Systems

The second application refers to group recommender systems (Jameson and Smyth 2007). In
this case M represents the possible groups of users
that u may belong to, and the ultimate system goal
is to offer the same set of recommendations for
items to the users belonging to a group. The
underlying assumption is that the items will be
experienced together, e.g., in a travel recommender system, the users will travel together to
the recommended place. The data set of the users’
experiences E(D) in this case contains quadruples
of the type (u, i, g, r(u, i, g)), where g is a subset of
users in U that contains u, and r(u, i, g) is the
evaluation provided by the user u, for item i, when
the item was experienced together with the other
users in g. The idea is that the user evaluation is
inﬂuenced by the presence of other users
(Masthoff 2011), i.e., r(u, i, g) is in principle
different from r(u, i, h) if h 6¼ g.
A group recommender system with such background knowledge must predict the evaluation of
u for other items, let us say i0 when she is together
with the users in g0 . It is worth noting that no
group recommender system is actually making
predictions for the user evaluations as a function
of the group g the user belongs to. Conversely, the
current leading approach is to ﬁrst predict the
individual evaluations independently from the
group, using a standard two-dimensional model,
i.e., neglecting the situation in M, which means
that r*(u, i, h) = r*(u, i, g) = r*(u, i), for all
groups h, g  M. Then, in a second step, group
RSs compute the “group evaluation prediction”
for an item by aggregating the various evaluation
predictions for that item for the groups members.
So, for instance, if the average aggregation
method is used, the predicted evaluation of the
group g for the item i is AVG u  g { r*(u, i)}, and
the items with the largest group aggregated evaluations are recommended.
Other approaches, instead of aggregating evaluation predictions, aggregate the input evaluations
of the users u belonging to a group g, hence generating (ﬁctitious) group evaluations r(g, i, g).
These group evaluations, which constitute the
group model, are again computed by, for instance,
averaging the evaluations of the users in the group
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for a given item. Then, the group evaluation predictions are computed for these ﬁctitious users
considering them as normal users. One can
describe this approach in the model proposed in
this article, by introducing new ﬁctitious users that
represent groups g, and then the evaluation prediction function for a group g is r*(g, , g).
The group recommendation application is
stressing once more the fundamental, but so far
neglected, difference between the evaluation prediction and the recommendation generation tasks
of a recommender system. As we mentioned
above, the best recommendations may not be for
the items having the largest predicted evaluation.
For group recommendations, a better approach is
instead to really try to predict r(u, i, g), i.e., the
evaluation of u for item i when experienced
together with the other users in g. Then the system
must compute recommendations for u when she is
together with the users in g not simply by taking
the highest predicted items, but trying to generate
a recommendation list that is really useful for the
group, e.g., by combining items that would help
the group to make a joint and agreed decision.
Tag-Based Recommender Systems

The last application refers to social tagging recommender systems (Marinho et al. 2011). In
social tagging systems, such as Delicious,
BibSonomy, and Last.fm, users can search and
browse the items managed by the system, which
in these three examples are bookmarks, bibliographic references, and music, respectively. But,
in addition to this basic functionality, users can tag
the items with tags, i.e., metadata in the form of
freely chosen keywords. On top of these systems,
various kinds of recommendations are possible.
One can recommend items to user, but also tags to
be assigned by a user to an item, or even users to
users. In tag-based recommender systems, M, the
space of situations, is a tag vocabulary V. An
evaluation r(u, i, t) in these systems is taking
values just in the set {1}, where r(u, i, t) =
1 means that the user u has tagged the item i
with the tag t. Hence, in this scenario, a set of
collected experiences E(D) ={(u, i, t, 1): (u, i, t)
 D U  I  V} represents tag assignments
performed by users to items. This set of

Recommender Systems: Models and Techniques

experiences, actually considering only the triples
(u, i, t), i.e., discarding the redundant 1, is called in
social tag systems a Folksonomy. So, given a
Folksonomy, the evaluation prediction task of a
tag-based recommender system can be specialized
by saying that it predicts whether a user u will
assign the tag t to the item i, or in other words, if
the triple (u, i, t) not yet included in the
Folksonomy should be added to it.
As we mentioned above, while the basic evaluation prediction task in this case is predicting if r(u,
i, t) is 1, i.e., if a user will assign a tag to an item,
various speciﬁc recommendation generation tasks
have been considered. The two more popular are to
recommend a set of items to a user and to recommend a set of tags to a user for tagging an item. The
ﬁrst one is the classical (two-dimensional) recommendation task of a RS, i.e., where the recommendations are not supposed to be dependent on the tag
that the user is giving to the target item (the situation). In fact, tag assignments are used to generate
item recommendations, e.g., by using tag assignments to identify similar items (tagged in a similar
way) or similar users (tagging common items) in
collaborative ﬁltering techniques. But in this case,
the recommendations offered to a user are not
depending on the tags that the user may have
selected for the recommended item. In this case,
the original three-dimensional matrix of observed
tag assignments (experiences) r(u, i, t) = 1 can be
projected into the two classical two-dimension
space of users and items evaluations r(u, i).
This is performed by simply assigning to r(u, i)
the value 1 if there exists a tag t such that
r(u, i, t) = 1. Then, on this two-dimensional
space of U  I, standard recommendation techniques, such as collaborative ﬁltering, can be
applied to compute evaluation predictions (i.e., if
a user likes or not the items) and generate the ﬁnal
recommendation sets.
Conversely, if the goal is to recommend tags to
a user for tagging an item, one must consider the
original three-dimensional model. After having
identiﬁed the triples (u, i, t) that are predicted,
i.e., such that r*(u, i, t) = 1, the system simply
recommends the tag t for tagging the item i to the
user u. In practice, prediction functions are scoring the triples not yet observed, e.g., by assigning
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a predicted evaluation in [0, 1], and then the
N tags, for a given pair (u, i), that are predicted
to score higher are recommended to the user u for
tagging the item i. A large number of techniques
have been proposed to compute this score, and we
refer to Marinho et al. (2011) for a survey in this
fast-growing research area.

Future Directions
The research on RSs is still very active, and
numerous issues and challenges are still open.
We want to list here some of them, with the
obvious caveat that this list cannot be complete
and is inﬂuenced by our personal vision. The
reader is also referred to Konstan and Riedl
(2012) for another discussion on the future of
recommender systems.
Group Recommenders
Group recommenders deal with situations when it
would be good if the system could recommend
information or items that are relevant to a group of
users rather than to an individual (Jameson and
Smyth 2007). For instance, a RS may select television programs for a group to view or a sequence
of songs to listen to, based on preference models
of all group members (Masthoff 2011).
Recommending to groups is clearly more complicated than recommending to individuals. Assuming that we know precisely what is good for
individual users, the issue is how to combine
individual user preferences or aggregate recommendations for the group members into groupspeciﬁc recommendations (Jameson and Smyth
2007). Even if several techniques have been proposed so far (Masthoff 2011), very few experiments have been conducted in live-user studies
(Senot et al. 2010), and it is challenging to deﬁne
measures for assessing the quality of group
recommendations.
Proactive Recommender Systems
Proactive recommenders can decide to push recommendations even if not explicitly requested.
The largest majority of the recommender systems
developed so far follow the “pull” model, where
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the user originates the request for a recommendation. In the scenarios emerging today, where computers are ubiquitous and users are always
connected, it seems natural to imagine that a RS
can detect needs even if they are not explicitly
stated by the user with a request. In this scenario,
the system therefore must predict what to recommend but also when and how to “push” its recommendations. By accurately estimating when the
RS can become proactive without being perceived
as disturbing, the perceived utility of the recommendations may greatly increase.
Active Learning
RSs need to actively look for new data during the
operational life (Rubens et al. 2011) (Active
Learning). This issue is normally neglected on
the assumption that there is not much space for
controlling what data (e.g., ratings) the system can
collect, because these decisions are autonomously
taken by the users when visiting the system. Actually, a RS provokes the users with its recommendations. In fact, many systems (e.g., MovieLens.
org) explicitly ask for user ratings during the
recommendation process. Hence, by tuning the
process, users can be pushed to enter into the
system a range of different information. Speciﬁcally, they can be requested to rate particular
items, because the knowledge of the user’s opinions about these items is estimated as beneﬁcial
for improving a particular aspect of the system
performance, e.g., in order to generate more
diverse recommendations or just to improve the
prediction accuracy. Some recent works have
addressed these issues (Harpale and Yang 2008;
Rashid et al. 2008), but more research activity is
required to assess the proposed techniques in liveuser studies and to design more adaptive solutions
to the dynamics of the data managed by the system (Elahi et al. 2011; Golbandi et al. 2011).
Privacy Preserving
RSs exploit user data to generate personalized
recommendations. In the attempt to build increasingly better recommendations, they collect as
much user data as possible. This can clearly have
a negative impact on the privacy of the users, and
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the users may start feeling that the system knows
too much about their true preferences (Kobsa
2008). Therefore, there is a need to design solutions that will parsimoniously, sensibly, and cooperatively collect user data. At the same time these
solutions will ensure that the acquired knowledge
about the users cannot be freely accessed by malicious users.
Diversity
Assuring the diversity of the items recommended
to a target user is an important feature of a recommender system (Smyth and McClave 2001). For
instance, it is more likely that the user will ﬁnd a
suitable item in a recommendation list, if there is a
certain degree of diversity among the recommendations. There is a limited value in having perfect
recommendations for a restricted type of products,
unless the user has expressed a narrow set of
preferences. There are many situations, especially
in the early stage of a recommendation process, in
which the users want to explore new and diverse
directions. In such cases, the user is using the
recommender as a knowledge discovery tool.
The research on this topic is still in an early
stage and is now trying to characterize the nature
of this “diversity” (Vargas and Castells 2011), i.e.,
whether the system must produce diversity among
different recommendation sessions, or within a
session (Adomavicius and Kwon 2012), and
how to achieve simultaneously diversity and
accuracy of the recommendations (Vargas and
Castells 2011).
Generic User Models
Generic user models (Kobsa 2007) and crossdomain recommender systems are able to mediate
user data (item evaluations) through different systems and application domains (Berkovsky et al.
2008). Using generic user model techniques, a
single RS can produce recommendations about a
variety of items. This is normally not possible for a
traditional RS which can combine more techniques
in a hybrid approach, but cannot easily beneﬁt from
the user preferences collected in one domain to
generate recommendations in a different one. Solutions to this problem may further push the adoption
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of personalized mobile recommender systems, running on the user personal communication device
and offering ubiquitous support in many user’s
activities (Ricci 2011).
Sequential Recommendations
Recommender Systems may optimize a sequence
of recommendations (Shani et al. 2005;
Baccigalupo and Plaza 2006), for instance, a
sequence of songs broadcast by a personalized
radio channel. Sequential recommendations may
be generated by systems that manage a structured
dialogue between the user and the recommender.
These systems are called conversational and have
emerged in the attempt to improve the quality of
the recommendations that are normally offered by
simpler systems based on a onetime request/
response. Conversational RSs can be further
improved by implementing learning capabilities
that can optimize not only the items that are
recommended at each conversational step but
also how the dialogue between the user and the
system must unfold in all possible situations
(Mahmood et al. 2009).
Robust Recommender Systems
Finally, the topic of robust recommender systems
has become a major issue in the past few years.
New research activities have focused on algorithms designed to generate more robust recommendations, i.e., recommendations that are
harder for malicious users to inﬂuence. In fact,
collaborative recommender systems are dependent on the goodwill of their users, i.e., there is
an implicit assumption that users will interact
with the system with the aim of getting good
recommendations for themselves while providing useful data for their neighbors. However,
users might have a range of purposes in
interacting with RSs, and in some cases, these
purposes may be opposed to those of the system
owner or those of the majority of its user population. Namely, these users may want to damage
the Web site that is hosting the recommender or
to bias the recommendations, e.g., to score some
items better or worse, rather than to arrive at a
fair evaluation (Burke et al. 2011).
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