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ABSTRACT
In this paper we show how a user profile (in the context
of a content-based recommender system and represented by
means of a Bayesian Network) can be enhanced when a more
detailed description of an item’s content is considered. Two
main assumptions have been considered: the first implies
that the set of features used to describe an item can be
organized into a well-defined set of components or categories,
and the second is that the user’s rating for a given item
is obtained by combining user opinions of the relevance of
each component. This new user profile therefore consists
of two different parts: one represents how the user should
rate each content component, and the other represents how
this information might be combined in order to obtain the
overall rating.

As users do not normally express their opinions about
structural components, in this paper we propose that these
components be considered as hidden variables. The user
profile is learnt by means of the Expectation-Maximization
algorithm from the set of user’s ratings.

Categories and Subject Descriptors
H.3 [Information Storage and Retrieval]: Miscella-
neous

General Terms
Content-based Recommender Systems, User Profile, Hidden
Variables
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1. INTRODUCTION
Thanks to the massive growth of Internet in terms of new

content, it is possible to access an enormous amount of infor-
mation about any subject. The development of new tools to
improve the information seeking is a very important task and
one which is generating an incredible amount of research.

Recommender Systems (RS) attempt to determine user
preferences in order to predict their needs. They link the
users with products that they might potentially ’consume’
(buy, look at, listen to, read, etc.) by automatically asso-
ciating the content of the products or the opinions of other
users with the opinions or actions of those users who are in-
teracting with them. In short, the objective of these systems
is to generate suggestions about new items or to predict the
utility of a specific product for a particular user. Not only
do they work with ’typical objects’ found on Internet (e.g.
web pages, videos, images, documents in different formats,
etc.) but they can also deal with any type of item or service.

The required information for operation is given by how
users explicitly rate the products on the one hand (usually in
the form of votes), and by implicitly observing user behavior
on the other, i.e. studying previous user action (purchases,
visited links, browsing habits, etc.). All of this information
enables the system to be personalized and adapted to each
user and to their individual characteristics and features.

Regarding the content description of the products, in tra-
ditional RSs [3, 16] the items are described by means of a set
of attributes or features F = {f1, f2, . . . , fl}. The products
may therefore be seen as vectors in a vector space where the
dimension equals the total number of attributes of F . A
value of 0 will be assigned in those positions in these vec-
tors where the corresponding features do not occur in the
article description, and a value other than 0 will be assigned
if they do. These values are known as weights and they
usually express the importance of the ith attribute in the
corresponding product.

Using the information in the database of ratings and the



<movie>

<movieID> 1294 </movieID>

<title> Batman (1989)</title>

<actors>

Keaton M., Nicholson J., Basinger K., Cory P.

</actors>

<director> Burton Tim </director>

<genres> Action Fantasy Thriller </genres>

<keywords>

hostess obsessive-love dc-comics joker rivalry

</keywords>

<plot> Gotham City: dangerous, corrupt police, etc.

</plot>

....

</movie>

Table 1: Example of an item’s XML description

description of the items’ content, the user profile is built
and represented in the same way, i.e. as an attribute vector
containing the corresponding weights of each attribute.

Finally, the predictions are obtained by considering a sim-
ilarity measure between the user profile and an unobserved
item. The cosine similarity [20] is the most commonly used
function. Other alternative techniques are based on data
mining [21].

As pointed out in [2] ’most of the recommendation methods
produce ratings that are based on a limited understanding of
users and items as captured by user and item profiles and
do not take full advantage of the information in the users
transactional histories and other available data’.

In this paper we shall focus on this direction and we
shall attempt to improve the description of the user’s pro-
file by means of a more thorough description of an item’s
content. In particular, we shall assume, on the one hand,
that the set of features used to describe an item can be
organized into a well-defined set of components or cate-
gories. For instance, the categories used to describe a movie
might be title, genre, actors, keywords, etc. and in
a vacation context the components of a hotel RS might be
location, activities, services, etc.. It should be noted
that this kind of information is currently available in most
cases thanks to the use of the XML standards for sharing
data. For example, Table 1 shows an XML description of
the movie Batman. The second assumption is that the user’s
rating for a given item is obtained by mixing the user’s opin-
ions of the relevance of the set of components which describe
an item. For example, I would like the movie Batman be-
cause I like its genre and its cast.

In this paper we shall show how by taking these two as-
sumptions into account, the system predictions may be im-
proved and the explanations of the recommendations are
better. From a commercial point of view this is important
because if users trust the system, then they are more likely
to buy the items which this offers, but if they don’t, then
they will stop using it.

For practical purposes, however, it is quite common that
we only know the overall rating which the user has given
to the observed item (usually explicitly by submitting the
rating in an online system or simply by means of a click on
a web page), and we do not, therefore, know the relevance

of the structural components. In this paper, we shall also
present a methodology that is based on the Expectation-
Maximization algorithm and which is able to capture (learn)
how a user rates each different structural component and
also how this information might be combined in order to
obtain the overall rating. As a result, a better representation
of the user profile is obtained.

The first section of this paper briefly introduces content-
based recommender systems. Section 2 describes the prob-
abilistic framework modeling the user’s behavior and how
it can be used to predict the active user ratings in Section
3. Section 4 explains how the user’s rating behavior can be
learnt when the structural component ratings are missing.
Section 5 explores the experimental results obtained. Fi-
nally, Section 6 presents our conclusions and future lines of
research.

2. CONTENT-BASED RECOMMENDER SYS-
TEMS

There are three main types of RS depending on how the
recommendations are performed:

• content-based: recommended products are similar to
those which the active user 1 rated positively in the
past.

• collaborative-based: products consider to be good for
other users with similar tastes to the active user are
recommended.

• hybrid: recommendation is achieved by combining content-
and collaborative-based approaches.

In [26, 4], an alternative classification with a finer granu-
larity is presented. For further information about the state-
of-the-art of this recommending field, we would like to refer
our readers to the papers [1, 2, 4, 8, 9, 13, 18, 22, 24, 26]
which offer a more exhaustive overview of both classic and
more modern techniques.

We shall focus on the first type of recommender system
as this is the type of model presented in this paper. In
content-based recommendation methods, the utility of item
I for a user is estimated by taking into account the util-
ity assigned by the user to other items. Traditional heuris-
tics are mostly based on information retrieval methods. A
typical example of a real system is Fab [3] which recom-
mends web pages based on the 100 most important words
in each HTML document. Other techniques for content-
based recommendations have also been used (e.g. Bayesian
classifiers [17, 12]) and various machine learning techniques
which include clustering, decision trees, and artificial neural
networks [17] (mainly for user modeling problems), specif-
ically for acquiring models of individual users interacting
with an information system. A more in-depth description of
the content-based technique can be found in [26].

2.1 Content Recommender Systems based on
Bayesian Networks

In this section, we will briefly mention some of the papers
which (like ours) explore the application of Bayesian Net-
works to the content-based recommendation problem, and

1The active user is the person who the system is recom-
mending for.



more specifically, the construction of a user profile by means
of these types of probabilistic graphical models.

In [19], Schiaffino and Amandi develop a technique that
allows reasoning based on cases and Bayesian Networks to
be combined. The aim is to build user profiles incrementally.
More specifically, the graphical model is used to model the
user information needed. The network comprises nodes rep-
resenting the attributes that the user has used to express its
query as well as other nodes that are added and are related
to the former. The arcs linking the nodes are previously
established as they depend on the domain. Inference in the
graph produces the a posteriori probabilities of the nodes
that represent more general concepts.

In [25, 5], a method for building user profiles using Bayesian
Networks is proposed in the context of document filtering.
From the set of documents that the user has judged to be
relevant or not, a network is learnt by coding user prefer-
ences. Once again, the documents are sorted in descending
order of their a posteriori probability.

In [15], a Bayesian network is used to learn a model that
represents a questionnaire completed by users of an educa-
tional platform. This will be used as an individual profile
employed to determine the order of the educational units
shown to users.

3. MODELING THE USER’S BEHAVIOR
Prior to modeling the user’s behavior, we will introduce

some notation. By way of input, our system will consider
a database that represents the product descriptions. Typi-
cally, we have a large number m of items I = {I1, I2, . . . , Im}.
In order to describe an item, we assume that the informa-
tion is organized into a well-defined set of k structural com-
ponents C, C = {C1, . . . , Ck}. In order to describe each
component, Ci, a subset of a large number li of features
Fi = {Fi,1, Fi,2, . . . , Fi,li} can also be used. For instance,
in order to describe the component genre of a movie, we
can use a subset of {action, western, comedy, sci-fi,

etc.}. The overall set of features will be denoted by F , i.e.
F = ∪iFi. In this paper, we will refer to a given feature in
F , independently of the structural component it belongs to,
by using only one sub-index as in Fj . Therefore, the con-
tent description can be viewed as a very sparse binary vector
∆, with l =

Pk

j=1
lj where δj = 1 indicates the fact that

the item can be described with feature Fj , and the entry is
assumed to be zero otherwise.

3.1 Probabilistic framework
In this section, we will present the probabilistic framework

by characterizing the user’s rating pattern. This framework
defines a probabilistic generative model for user ratings.
In particular, we shall assume that the user’s rating for a
particular item is given by combining user opinions about
the components that describe this item. For instance, in
a movie-based system, the user rating will depend on the
genre, actors, director, etc.

We shall assume that the user can rate a given item I using
#r different values. For instance, in MovieLens, users can
rate any of the movies they have seen with 1 to 5 stars, i.e
{1*, 2*, 3*, 4*, 5*}. In addition, without loss of generality,
we shall assume that each category Ci can be rated with the
same number of values in #r.

In this setting, after an item I has been observed, each
user’s rating is generated according to a probability distribu-

..... ..... .....
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Figure 1: BN representing the generative model

tion θ in the following way: first, the user decides how prob-
able each candidate rating is for all the components which
describe the item, C, and then the final rating is selected
by combining the individual components. Thus, given the
probability distribution representing the model, θ, we can
determine the probability of the final user’s rating by means
of

Pr(vi|I, θ) =
X

c∈C

Pr(vic|I, θ) (1)

where c = {c1, . . . , ck} represents any configuration for the
set of components ratings. In order to characterize the
model with a reduced number of parameters, we need to
impose certain assumptions:

A0 : given that we know how the user rates each different
component of an item, C1, . . . , Ck, the overall vote,
V , is independent of the features used to describe the
item.

A1 : the components ratings are marginally independent.
For example, knowing that the user rated the genre

of a movie as 5* this gives no information about the
probability of the director component being 3*.

A2 : given that we know the user rating for one compo-
nent, the features describing this component are condi-
tionally independent. For example, knowing that the
genre is rated as 5*, then the fact that the movie is a
western does not provide any information about the
relevance of the movie also being a comedy.

By combining all these assumptions, the generative model
can be represented by means of the Bayesian network in Fig-
ure 3.1. This is therefore the topology used to represent the
user profile where the set of relations Ci −→ Fi represents
how the user should rate each content component and the
relation betweenC1, . . . , Ck and V encodes that the user’s
final vote is determined by combining the relevance of the
different components.

3.2 Training recommender systems
Since the topology of the model is fixed, learning the

model consists in estimating the parameters θ, defining the
conditional probability distribution by using a set of train-
ing data D = {d1, . . . , dn}. Each individual data di rep-
resents the user’s judgement for the item Ii, where di =
{vi, c1,i, . . . , ck,i, f1,i, . . . fl,i}, is a tuple where vi is the rat-
ing of item Ii, and cj,i, j = 1, . . . k, are the ratings for each
component. Finally, f•,i will take the value 1 if the item
can be described using feature F• and 0 if it cannot. Our
objective is to find the most probable value of θ given the



evidence of the training data and the structure of the gener-
ative model G, i.e. to find θ = arg maxθ Pr(θ|D, G). Since

Pr(θ|D, G) ∝ Pr(D|θ, G)Pr(θ|G)

where the quantity Pr(D|θ, G) is the likelihood function,
expressing the probability of the observed data set being
generated from the model represented by θ and G, and the
quantity Pr(θ|G) represents the prior distribution over the
parameters given the topology of the model.

Assuming that given the model, each individual’s data
is independent of the others, the probability Pr(D|θ, G) is
obtained as the product over all the user ratings, i.e.

Pr(D|θ, G) =
n
Y

i=1

Pr(di|θ, G)

Given the model topology G, the probability distribution
can be factorized into a set of local distributions, one for each
node Xj in the graph viewed as a function of θj (therefore,
θ = (θ1, . . . , θs)): Pr(xj |pa(xi), θj , G) where pa(xj) is any
configuration of the parent set of Xj .

Since we are assuming that the data are drawn indepen-
dently, a maximum likelihood estimate of the probabilities
might be used. In certain situations, it might be that this
is a combination of values that never occur together in the
training set. In such cases, a frequency-based probability
estimator will be zero. To overcome this problem, Laplace
smoothing is usually introduced in practice and so we gen-
erally have that

θijk = Pr(xi = k|pa(xi) = j, θ) =
αijk + Nijk

αij + Ni,j

(2)

where Nijk is the number of times that variable Xi takes
the value k and the parent set of Xi takes the configuration
j, Nij =

P

k Nijk and αij =
P

k αijk
2. A special case of

Laplace smoothing is to add one smoothing [11] obtained by
setting αijk = 1.

3.3 Using the recommender system
Once the parameters have been estimated from the train-

ing set, it is possible to use the model to predict how the user
might rate an unobserved item based on the items previously
rated by the user. In this case, the new movie plays the role
of the evidence, where we consider that each feature Fs is
used to describe the item as relevant and each feature which
has not been used to describe the item as non−relevant and
the objective is to compute Pr(V |I, θ). These evidences are
introduced into the system and the a posteriori probabil-
ity distribution for the user’s rating will be obtained as the
sum over all the possible alternatives for the variables in C.
Given the topology of the underlying BN, this probability
can be expressed as

Pr(vi|I, θ) =
P

C
Pr(vi|C1, . . . , Ck, θ)

Qk

j=1
Pr(Cj)

Qlj
s=1 Pr(fs|Cj , θ).

Since the problem is to predict how the current user might
rate this unobserved item, the rate with the highest posterior
probability is selected, i.e.

arg max
j

Pr(vj |I, θ)

2The values α can be viewed as the parameters of a Dirichlet
distribution over the a priori distribution P (θ|G).

3.3.1 Explaining the predicted rate
Explaining has an important role in recommender sys-

tems [23]. Among other things, good explanations inspire
user trust and loyalty, increase satisfaction, enable users to
know what they want faster and more easily, and persuade
them to try or purchase a recommended item. These are,
in fact, the same reasons as those behind the development
of explanation facilities for expert systems: humans are re-
luctant to accept automatic advice if they are not able to
understand how the system reached its conclusions.

In a Bayesian network framework, we can find different
methods for generating explanations [10]. One of these is
called abduction. The objective of an abduction process is to
search for values of the non-observed variables which better
justify the evidence. There are a large number of alternative
explanations of the evidence and therefore the objective of
abduction is to find the most probable explanation, i.e.

x
∗ = arg max

x
Pr(x|ev)

It should be noted that this is not the same as finding x =
{x∗

1, . . . , x
∗
k} such that x∗

i = arg maxxi
Pr(xi|ev),∀xi 6∈ ev.

In our case, the problem is slightly different: the objec-
tive is to justify to the user why the system recommends a
given rating vj for an observed item Ij . We are expressing
something along the lines of Considering your profile, you
might rate this item with value vj because .... For explana-
tion purposes, we must therefore consider as evidence both
the proposed rate and the item description:

exp = C = arg max
C

Pr(C|vj , Ij) (3)

Thus, an explanation is a set of values for the structural
components of the item. For example we might say

Considering your profile, you might rate this item
with value 4* because its genre is considered 5*
and its keywords are considered 3*.

4. HANDLING HIDDEN COMPONENTS
In the previous section we considered that the ratings for

all the structural components describing an item are known,
but this is not usually the case. In general, the user only
gives the system the final rating for each observed prod-
uct (or this rating is determined non-intrusively). Conse-
quently, our training data set becomes DL = {dl

1, . . . , d
l
n}

where the superscript indicates that we have not observed
the values for an item’s structural components, i.e. dl

i =
{vi, f1,i, . . . , fl,i}.

From a recommending perspective, our goal is the same:
to predict the value of the rating that an individual would
give to the as yet unseen item. In this paper, we will con-
sider two different approaches for tackling this problem: the
first, discussed in Section 4.1, where any kind of structural
information when recommending is used, and the second,
discussed in Section 4.2, where the objective is to learn a
model that considers our knowledge about how users make
their decisions. For this purpose, we propose the use of the
Expected−Maximization algorithm (EM) [6] to estimate not
only how the user might rate each structural components but
also how this information could be combined by the user in
order to obtain an item’s overall predicted rating, vi.

4.1 Naive Bayes model
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Figure 2: Naive Bayes Model.

Perhaps the most direct alternative for predicting the final
user’s rating is to consider only the information in DL, i.e.
the user’s ratings and the set of features describing the item.
These features can be considered as a flat description of an
item, i.e. we do not consider any structural component. In
this case, the prediction process can be seen as a classifi-
cation problem: we must assign an item I to one of a set
of #r pre-defined ratings (categories). A supervised learn-
ing framework is normally used to train the classifier, where
a learning algorithm provides a set of N labeled training
data {di(fi, vi) : i = 1, ..., N} from which it must produce a
classification function mapping items to ratings.

A popular learning algorithm for classification purposes
is obtained when a set of conditional independence assump-
tions is considered in the generative model. In particular,
conditioned on the rating (class variable), the probability
distributions of the observed features are independent. This
is the well-known naive Bayes assumption which has proved
to be helpful when the dimensionality D of the input space is
high [14, 17] (as it is in the recommending problem) because
it requires a small amount of training data to estimate the
parameters necessary for recommending. A Bayesian net-
work representing this model is illustrated in Figure 4.1.

Once the model is completed, it can be used for prediction
purposes in a similar way to the one presented in Section 3.3,
i.e.

vote = arg max
j

Pr(vj |I, θ)

Using the Naive Bayes assumption, when the item I is de-
scribed with the set of features F1, . . . , Fm, the computation
of Pr(vj |I, θ̂) is reduced to:

Pr(vj |F1, . . . , Fm) =
1

S
Pr(vj)

m
Y

i=1

Pr(fi|vj) (4)

where S is a normalization constant.
Given the incomplete data set, we can use maximum like-

lihood estimators to fit the naive Bayes model to the training
data in a similar way to the one presented in Section 3.2.

4.2 Learning hidden variables
In this section, we will discuss how the parameters related

with the structural components of the products, C, can be
learnt from the data set. For this purpose, we propose the
use of the EM algorithm which finds maximum likelihood
solutions for models with latent variables [6].

EM is essentially an iterative algorithm which performs
hill-climbing in the data likelihood space, alternating be-
tween performing an expectation (E) step, which computes
an expectation of the likelihood by including the latent vari-
ables as observed, and a maximization (M) step, which com-
putes the maximum likelihood estimates of the parameters
by maximizing the expected likelihood found on the E step.

The parameters found on the M step are then used to be-
gin another E step, and the process is repeated. Under
certain conditions, EM converges to parameter values at a
local maximum of the likelihood function.

As our approach considers that we know a more detailed
description of an item, we could include the structural con-
tent information in the training data set. Thus, if we assume
that features are grouped into different structural compo-
nents the set of observed DL becomes

D
L = {V, [F1,1, . . . , F1,l1 ], . . . , [Fk,1 . . . Fk,lk ]}.

For example, considering two structural components, genre
and keywords in a movie domain, an observed data is dl =
{4, [0, 0, 1], [1, 0, 1]}, where the first value is the rate and the
other values represent whether a given feature in each cate-
gory is used to describe the product or not.

In this framework, the hidden variables are the set of
structural components C = {C1, . . . , Ck} and assuming that
the complete data set DLC exists, the log−likelihood func-
tion for the observed data is given by

ln Pr(DL|θ) = ln

 

X

C

Pr(DL
, C|θ)

!

.

Let us now suppose that for each observed data we know
the value of the latent variables. Thus, following on with our
example, let us assume that we know the importance of the
genre and keywords components for each observed movie.
For example, if genre=5 and keywords=3, then completing
the data dl we obtain d = {4, 5, 3, [0, 0, 1], [1, 0, 1]}. Once we
know this, the data set should be complete, and therefore by
considering the generative model, the parameter θ can easily
be found by maximizing the complete data set likelihood
functions (see Section 3.2)

Pr(DL
, C|θ) = Pr(C|DL

, θ)Pr(DL|θ).

In practice, although we do not have the complete data
set, if we know the model parameters θ, our knowledge of
the values of the latent variables in C is only given by the
posterior distribution Pr(C|DL, θ). Since we are assuming
the generative model for the user rating process, i.e. the
probability distribution can be factorized into a set of local
distributions, these probabilities can easily be computed by
means of

Pr(C|V F, θ) = Pr(V |C, θ)

k
Y

i=1

Pr(Ci|θ)

li
Y

j=1

Pr(Fj |Ci, θ)

Because we do not have the complete-data log likelihood,
the hidden values might be completed by alternatively using
their expected value under the posterior distribution of the
latent variable, which corresponds to the E step of the EM
algorithm. In the subsequent M step, we can maximize this
expectation by using Equation 2. In our case, we choose the
initial parameters θ0 randomly. The algorithm then iterates
until it converges to a point where the estimation of θ does
not change from one iteration to the next (see Table 2).

4.2.1 Computational requirements
Although, in theory, the EM will involve there being a

large complete data set, in practice, the assumption that we
know the topology of the generative model will be helpful for



Table 2: Learning profile from uncomplete data set.

• Initialization step:

Set t = 0

Set θ0 at random.

• Iterate until convergence

E-step: Use the current model parameters θt to estimate
the probability that the given item (data in the
data set) can be generated by means of any con-
figuration of the latent variables C, i.e.

Pr(c1, . . . , ck|v, f1, . . . , fl, θt).

Complete the hidden values using these probabil-
ities, i.e.

C
t+1 = E[C|Dl

, θt].

M-step: From the “completed” data set, re-estimate the
model parameters θt+1, i.e. calculate a new max-
imum a posteriori estimator for the parameters
θt+1, i.e.

θt+1 = arg max
θ

P (DL
Ct+1|θt)P (θt).

computational purposes3. Thus, using the independences in
the generative model we know that the joint probability dis-
tribution can be factorized into a set of local distributions.
Moreover, if we observe Equation 2 we can find that in or-
der to estimate the vector of parameters θ we only need to
know, on the one hand, the frequency values for the set V C

(involving the final vote and the structural components C),
i.e. V C = {V, C1, . . . , Ck} and, on the other, the frequency
values for l different sets CjFi, with i = 1, . . . , l, where each
CjFi comprises the feature variable Fi and the only struc-
tural component Cj it belongs to.

In the E-step, therefore, having computed the probabil-
ity Pr(c1, . . . , ck|v, f1, . . . , fl, θt) for each data dl ∈ DL, we
must complete l + 1 different frequency sets, which implies
an enormous saving in storage and time processes. Obvi-
ously, the estimation of the values θt+1 in the M-step can
be obtained easily from the frequency values stored in the
l + 1 frequency sets, i.e. V C and CjFi, using Equation 2.

5. EXPERIMENTATION
In this section, we will present preliminary experimenta-

tion to study whether the proposed methodology is promis-
ing or not. In particular, we shall consider the problem of
recommending a hotel for vacation purposes. In this case,
and in order to describe the hotel, we use the following set
of structural components:

• Location: this component represents the possible (non-
exclusive) alternatives where the hotel might be lo-
cated, taking its values in city, beach and mountain.

3Algorithms can be found in the literature (see [7]) for learn-
ing a good structure with a fixed set of hidden variables, but
these algorithms have higher computational costs since they
do not know the underlying structure of the model.

Figure 3: BN used in the experimentation

• Activities: this component represents the set of pos-
sible activities that can be done nearby including swimming,

golf and trekking.

• Services: this component represents the services which
are offered by the hotel, i.e. parking and restaurant.

• Payment: this component represents those concepts re-
lating to payment, for example the price (cheap and
expensive) and the possibility of paying by credit

card.

• Rooms: this component represents the different types
of rooms in the hotel. In the example, the two non-
exclusive alternatives used are 2pax and 3-4pax.

Therefore, the generative model is the one presented in
Figure 5 where we assume that the rate variable is bi-
valuated, taking its values in {1 = Like, 2 = Dislike}. It
should be noted that these values will be those used for rat-
ing the structural components.

In addition, and for illustrative purposes, we shall assume
that the user’s behavior when rating a hotel is based on a
majority strategy, i.e. the overall rating for a given hotel
will depend on a simple count of the votes received for each
structural component. The rating which receives the largest
number of votes is then selected as the majority decision.
Definition. Majority Rate: a node V is said to represent
a majority combination criterion if, given a configuration of
its parents pa(V ), the conditional probability distributions
can be represented as

Pr(V = s|pa(V )) =



1

m
if s = arg maxk count(k, pa(V ))

0 otherwise

where count(k, pa(V ) is a function returning the number of
occurrences of the state k in the configuration pa(V ), and m

is the number of states where count(k, pa(Gi)) reaches the
maximum value.

For example, considering a node V with five parents and
two candidate ratings, 1= Like and 2= Dislike, then Pr(V =
1|1, 1, 2, 1, 1) = 1 and Pr(V = 1|1, 2, 2, 1, 2) = 0.

In order to validate our approach, we generate a synthetic
data set of 600 data split into 80% for learning and 20%
for testing purposes. We use the learning data set to tune
the parameters of the proposed model. In order to study



Model %Succ. Recall Prec. F1
Generative 68% 0.7179 0.5714 0.6364
Learning Parameter 64% 0.7692 0.5357 0.6316
Naive Bayes 71% 0.6668 0.5778 0.6190
Learning Profile from 71% 0.6668 0.6190 0.6420
Hidden Components

Table 3: Experimental results.

our proposal’s performance, we shall consider four differ-
ent models: the first is the original model, i.e. the model
from which the data set has been generated; the second is
the model learned when considering the complete training
data set, i.e. all the information is available (see Section
3.2); the third is the one learned from the incomplete data
set (obtained by removing the information concerning the
structural components) using Naive Bayes; and the fourth
is obtained by using the algorithm in Section 4.2, which
learns the user profile from the incomplete data set.

5.1 Results and Discussion
In order to measure the accuracy of each model, we will

consider the frequency with which an RS makes correct or
incorrect decisions about whether an item is good or not.
Following [8], two different measures might be considered:
Recall, which is defined as the ratio of relevant items se-
lected, Nrs, to the total number of relevant items available,
Nr, and Precision, which is defined as the ratio of relevant
items selected, Nrs, to the number of items selected, Ns.

P = Nrs

Ns
R = Nrs

Nr
(5)

It is well known that these measures are inversely correlated
and depend on the number of items returned. We shall use
the F1 metric [8] which is one of the most common metrics
for combining P and R into a single value:

F1 =
2PR

P + R
(6)

This metric takes its values in [0, 1] verifying that the
closer a value is to 1, the better the quality of the model
when recommending good items.

The results for each model are presented in different rows
in Table 3. For each model, we present the % of success,
i.e. the number of times that we predict the correct rating,
the Recall, Precision and F1 metrics. From this Table, we
could conclude that when learning user profiles it is better
to take into account information about the item’s structure.
It should be noted that when this kind of information is
not used, the Naive Bayes approach obtains the worst result
in the F1 metric. Another promising feature is the results
obtained when learning structured profiles from a set of rat-
ings where the structural components are latent. The best
result is obtained by considering the percentage of success,
precision and F1 metrics. Nevertheless, in our opinion, this
finding (something which should be validated with more de-
tailed experimentation) is not conclusive if the user profile
has not been captured properly.

5.1.1 What about the ability to learn the user’s rat-
ing pattern?

In the previous section we discussed the accuracy of the
model when recommending items to the user. Our objective

SP

LAR 11 12 21 22

111 1.0 1.0 1.0 0.76
112 1.0 1.0 1.0 0.49
121 0.99 0.87 0.86 0.05
122 0.92 0.36 0.61 0.20
211 1.0 0.22 0.99 0.0
212 0.99 0.44 0.55 0.0
221 0.33 0.58 0.0 0.0
222 0.11 0.47 0.0 0.0

Table 4: Pr(V = 1|L, A,R, S, P

in this section is to consider whether the methodology pro-
posed in Section 4.2 is able to learn the user profile or not.
With this purpose in mind, we will measure the capability
of the model to learn the user’s rating pattern, i.e. the re-
lationships between rate variable and the set of structural
components C.

In this experiment, we have assumed that the user’s rat-
ing pattern is based on a majority criterion. This pattern
is encoded in the set of conditional probability distributions
stored at node V , i.e. P (V |LARSP ) where L, A, R, S, P de-
notes the value of the Location, Activity, Rooms, Services

and Payment variables. In Table 4 we show the probabilities
learnt from the incomplete data set (we only show the values
P (V = 1|LARSP )). Assuming that given a configuration
our model will recommend the rating of greatest probability,
i.e. the recommended rating is 1 if P (V = 1|pa(V )) > 0.5,
we highlight in bold those probability values that might rep-
resent a failure in the recommendation.

From this table we can conclude that for a given con-
figuration of the values in Pa(V ), we shall recommend the
proper rate, i.e. following a majority criterion, in 84.37%
of the times. Moreover, these failures occurs in those sit-
uations where three components were rated with a value
whereas the other two were rated with the opposite. From
this perspective, we can conclude that the learnt pattern of
rating is close to the majority criterion and is therefore a
good representation of the user profile. This will be helpful
when explaining a given recommendation.

6. CONCLUSION
In this paper we have studied the problem of learning a

profile that captures the mechanisms which a user uses to
rate an item. This new user profile includes information
about the structural content of a product: we assume that
a product is described using a well-defined set of categories
and that the user rates an item by combining the ratings
for the different structural components. Although the sec-
ond assumption might be considered restrictive in certain
domains, we think that it could be valid in a recommend-
ing framework. Since the user usually only gives an overall
product rating, we present a methodology for learning both
how the user combines the information and how the user
should rate each individual component from a set of incom-
plete ratings.

We consider this paper to be the first step towards a new
description of the user profile that might be able to incor-
porate structural content information. There are, however,



three challenges which still need to be overcome: first, it
is necessary for there to be more detailed experimentation
to analyze how good the learnt representation of the user
profile is; secondly, we must study how the system could
interact with the user and also how it should be learnt from
this interaction; and finally, since we have a better descrip-
tion of user behavior we can use this information to design
collaborative-based recommender systems.
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Ciencia y Empresa be la Junta be Andalućıa’ under Projects
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