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Abstract

With the growth of the Web over the past years,
there has been a similar increase in the services
that are accessible over the Web. E-commerce,
such on-line stores, is one of the most promis-
ing applications. Recommendation Systems are
tools designed to help users to find items within
a given domain, according to their own prefer-
ences, expressed by means of a user profile. A
general model for recommendation systems based
on Bayesian Networks is proposed in this paper.
The model makes decisions about which items are
the most useful for the user, carrying out the nec-
essary computations in a very efficient way.

1 Introduction

In a basic e-commerce application, anonymous
users can access the site, browse or search for the
product that are in stock and add selected prod-
uct to a shopping cart. But, in order to purchase,
the costumer must log in as a member. In gen-
eral, the memberships application process collects
details about the costumers preferences. In order
to facilitate the user purchases, a recommending
application should be added to the site.

Broadly speaking, a Recommendation System
(RS) provides specific suggestions about items (or
actions), within a given domain, which may be
considered interesting to the user [12]. The input
of a RS is normally expressed by means of infor-
mation given by the user about his/her tastes or
preferences, provided either explicitly (by means
of a form or a questionnaire when he/she logs in)
or implicitly (using purchase records, viewing or

rating items, visiting links, taking into account
the membership to a certain group,...). All the
information about the user that the RS stores is
known as the user profile.

There are two main types of RSs: Content-based
and Collaborative filtering RSs. The former tries
to recommend items based exclusively on the user
preferences, whereas the latter tries to identify
groups of people with tastes similar to that of the
user and recommends items that they have liked
[1]. A much more exhaustive classification of RSs
is found in [9].

A new content-based RS is presented in this pa-
per: e-Bay.Net, a recommending system that
should be used in e-commerce applications which
is based on the Bayesian Network formalism, or
playing on words, e-buying in the Web Network.
The proposed RS is based on Probabilistic Com-
puting, one of the multiple fields that comprise
Soft Computing. Although many others ap-
proaches to the RS are found in the literature,
Probabilistic Graphical Models (one of the two
major paradigms of probabilistic reasoning) have
been used in this field in different areas: Bayesian
Networks (BN) learning algorithms are the tools
by which the user profile is built [15, 11, 16, 4];
BN-based classifiers have been also employed in
collaborative filtering [2, 10, 13]. Also, Influence
Diagrams [8] have been employed to deal with RS,
posing the problem as a decision task. This ap-
proach, focused on hierarchical domains, i.e., the
items to be recommended can be grouped in a hi-
erarchy, has been considered in [7]. In this case,
the model makes decisions about which items in
the hierarchy are more useful for the user.
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The paper is organised in the following way: Sec-
tion 2 describes the BN-based RS, i.e, its topol-
ogy and the probabilities measuring the strength
of the relationships, and also shows how inference
is performed in order to give recommendations to
the user on the application domain. Section 3
presents an example illustrating how the proba-
bilities could be estimated from a data set and
Section 4 includes the conclusions and some re-
marks about further research.

2 Basic Recommending System

In this section we shall describe the RS where the
users, in order to express the preferences about a
given item, will only have two alternatives: the
item match or not (although in some degree)
their preferences. Then, the system should rec-
ommend, ordered by their a posteriori probabil-
ity of relevance, those more satisfying products
regarding the user needs.

In order to recommend a product our system will
take into account two different, but complemen-
tary, situations that describe the capability of the
product to fulfil the user needs: The first one,
the exhaustivity of the product that models the
extent to which the product contains all the fea-
tures required by the user. The second one, the
specificity of the product that measures the extent
to which all the user’s needed concerns the prod-
uct. Thus, a product can be exhaustive but not
specific (all the product’s features are included in
the user preferences, but the user’s profile con-
tains more preferences which are not included in
the product) and vice versa (all the features in
the user profile belongs to the product, but the
product is also described with many others fea-
tures). The final decision of recommend (or not
recommend) a product will be a combination of
the two dimensions.

2.1 The Bayesian Network topology

First of all, we shall describe the different kinds
of nodes in the BN and how they are related to
each other.

• Feature nodes, F : These nodes represent
the set of items by which the user can express

his/her preferences, represented by the set F =
{F1, F2, . . . , Fl}. Since only two alternatives are
considered, each node Fk, has associated a ran-
dom binary variable, which can take its values
from the set {f−k , f

+
k }, representing that the fea-

ture does not match or matches, respectively, the
user’s preferences.

• Exhaustivity nodes, E: There exists one ex-
haustivity node for each product in the system,
represented by the set E = {E1, E2, . . . , Em}.
Each node Ei has associated a random binary
variable taking its values from the set {e−i , e

+
i },

representing that it does not describe or describes
exhaustively, respectively, the user preferences.

• Specificity nodes, S: These nodes are used to
represent the specificity of a product to the user’s
profile. Therefore, there are also one specificity
node for each product, i.e., S = {S1, S2, . . . , Sm}
with Si taking its values from the set {s−i , s

+
i },

representing whether the user profile does not
concern or concerns the product, respectively.

• Advisable nodes, A: These nodes are used
to represent the final decision: to recommend or
not recommend a product to the user. Again,
there exits one advisable node for each product,
i.e., A = {A1, A2, . . . , Am} with Ai having asso-
ciated a random binary variable with the values
{a−i , a

+
i }, representing that the product is not rec-

ommended or recommended, respectively, to the
user.

•User Profile node, U : There exists a unique
user profile node representing the user’s prefer-
ences. It is a virtual node, that will be used to
include the evidence into the system.

To complete the BN, we need to specify its topol-
ogy (the arcs). In this case, two logical implica-
tions must be represented.

i) The first one, that comprises those relationships
which do not change with the time and, there-
fore, fixed in the system. These relationships have
been represented by solid lines in Figure 1. Thus,
since a product is described with a fixed set of fea-
tures, there is an arc from each feature node to
each exhaustivity node that represents the prod-
uct. With these arcs we are expressing the fact
that the exhaustivity of the product will depend
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Figure 1: e-Bay.Net Recommending System.

on the relevance values of the different features
that comprise it. A different set of fixed rela-
tionships is the one used to determine whether a
product is finally recommended or not. In this
case, since the final decision will depend on both
exhaustivity and specificity we add, for each prod-
uct, two arcs going from the exhaustivity and the
specificity nodes to the advisable node that rep-
resents the product.

ii) The second set of implications is related to
those relationships that depend on the particular
preferences of the user, represented in the user
profile. These relationships can not be assessed
until the preferences are known, and therefore can
not be fixed a priori. Dashed lines in Figure 1
represents these relationships. In these case, we
include an arc from the user profile node to each
feature used to represent the user’s preferences.
Also, and in order to measures the specificity of
the ith product, we include an arc from a feature
node to the specificity node Si whenever the fea-
ture belongs to the profile but it had not been
used to describe the product.

2.2 Estimating the conditional
distributions

To complete the model’s specification, the numer-
ical values for the conditional probabilities have to
be assessed. Thus, for each variable Xi we have
to estimate a family of conditional probability dis-
tributions P (Xi | pa(Xi)), being pa(Xi) a config-
uration for the variables in the parent set of Xi,

Pa(Xi). In this section, we shall give some gen-
eral guidelines on how these probabilities might
be estimated1. We shall present these probabili-
ties considering an increasing order of complexity:

• For every feature Fk being a “root” node,
i.e., which does not belong the the profile U ,
we need to assess the a priori probability of
relevance p(f+

k ). The value p(f−k ) is obtained
as p(f−k ) = 1− p(f+

k ).

• For every feature Fj in the profile we only
need to assess one conditional probability
that measures the strength of the feature in
the profile. We propose p(f+

j |u) = w(u, Fj),
with 0 ≤ w(u, Fj) ≤ 1. Thus, when
w(u, Fj) = 0 we are expressing that we pre-
fer products which does not include feature
Fj and with w(u, Fj) = 1 we are representing
a higher interest on products with feature Fj .

• For every advisable node, Ai, p(a+
i |Ei, Si)

measures the strength of the exhaustivity
and the specificity of the product into the fi-
nal recommendation. This estimation is sim-
ple since a recommending node Ai has only
two parents, Ei and Si, and should be com-
puted by means of

p(a+
i |e

+
i , s

+
i ) = 1 p(a+

i |e
+
i , s

−
i ) = βi

p(a+
i |e
−
i , s

+
i ) = 0 p(a+

i |e
−
i , s

−
i ) = 0

(1)

with 0 ≤ βi ≤ 1 in such a way that the less βi,
the more importance to the specificity node
we are giving.

• The estimation of the probability dis-
tributions for exhaustivity and specificity
nodes, i.e., p(e+

i |pa(Ei)),∀Ei ∈ E and
p(s+

i |pa(Si)),∀Si ∈ S, is more complex. In
these cases, taking into account that both
nodes might have a great number of parents,
it can be quite difficult to assess and store the
required conditional probability tables (with
a size exponential with the number of par-
ents). So that, we propose the use of a canon-
ical model, similar that the one presented in
[6], to represent the conditional probabilities,
which will allow us to design a very efficient

1In Sections 2.3 and 3 we shall illustrate the way in
which these values can be obtained in real domains.
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inference procedure. We define these proba-
bilities as follows:

p(e+
i |pa(Ei)) =

∑
Fk∈R(pa(Ei))w(Fk, Ei).

p(s+
i |pa(Si)) = 1−

∑
Fk∈R(pa(Si))w(Fk, Si).

(2)
where w(Fk, Ei) and w(Fk, Si) are the
weights of each feature Fk in the respec-
tive exhaustivity and specificity nodes, with
w(Fk, ·) ≥ 0 and

∑
Fj∈Pa(·)w(Fj , ·) ≤ 1.

Also, R(pa(X)) is the subset of features that
are relevant in the configuration pa(X), i.e.,
R(pa(X)) = {Fj ∈ Pa(X) | f+

j ∈ pa(X)}.
So, the more parents of X are relevant the
greater the probability of relevance of X.

2.3 Specifying the user profile

In this section we shall describe how the system
interacts with the user. In order to illustrate the
process, suppose a RS where the products are a
set of movies and the features are the set of key-
words or themes describing a movie. In this case,
the user might use two different items to express
his/her preferences:

• Type 1 evidences (T1): The user can describe
his/her interest by means of a subset of features.
For instance, a user might be interested in a movie
where the action is located in Poland (0.3), and
the story is about the Holocaust Nazi (1) in the
second war (1). The numbers in brackets, denoted
by λ(Fi), are weights measuring the strength of
each feature Fi in the profile. Thus, in this ex-
ample, we are expressing a weak interest in the
location of the movie and a higher interest in the
other features.

• Type 2 evidences (T2): The users express their
preferences with a list of products expressing their
interest in others products which are similar to
the given ones. For instance, the user would be in-
terested in movies similar to “Schindler’s list”(1)
and “Pianist”(0.7).

Now will study how T2 evidences can be included
into the system. Thus, a straight approach should
be to instantiate each product, j, in the profile
to relevant (at some degree), particularly the ex-
haustivity node representing the product, Ej . In
this case, the BN will compute a set of messages

that will be sent to each feature Fi used to de-
scribe the product. These messages could be con-
sidered as a pair of likelihood values. Neverthe-
less, computing these probabilities is problematic
due to the huge number of calculus needed (expo-
nential on the number of parents that a exhaus-
tivity node have).

We propose a methodology which based on the
following idea: by setting the preferences on a
set of products, the user can obtain new pieces
of evidence about the relevance to our informa-
tion need of those features that describe the prod-
ucts. Thus, whenever a feature Fi belongs to a
product in the profile we should modify the be-
lief supporting the assert “feature Fi is relevant”,
i.e., the weight w(u, Fi), in the same degree than
the strength of the product in the profile. Note
that whenever a feature belongs to several prod-
ucts judged as relevant in the profile, different
pieces of evidence (weights) will be received. We
will denote by λ(j, Fi) the evidence sent from jth-
product to feature Fi.

Since feature nodes might receive T1 and T2 ev-
idences, all the information must be combined in
order to determine the final weight of the fea-
ture in the profile, i.e, the weights used to es-
timate the conditional distributions in feature
nodes, w(u, Fi), in subsection 2.2. Particularly,
in this paper we propose to use:

w(u, Fi) =

{
λ(Fi) if ∃ T1 evid.
avg{λ(j, Fi)} if 6 ∃ T1 evid.

(3)
Thus, whenever the user express explicitly the
interest in a feature Fi using T1 evidence, the
strength of this feature will be set to λ(Fi), even
when this feature receives also T2 evidences. Oth-
erwise, if the feature receives only T2 evidences,
then the average value of the different weights as-
sociated to each product in the profile, λ(j, Fi), is
setted (different alternatives could be to use the
minimum or the maximum of λ(j, Fi)).

Thus, the user’s requests are expressed by means
of a user profile, U . Formally, U ⊆ F is the set of
features whose relevance values are known (each
feature Fi ∈ U is instantiated to relevant at some
degree) and let u be the corresponding configura-
tion.
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2.4 Inference

To provide the user with an ordered list of rec-
ommendations, we have to be able to compute,
for all the products, the posterior probabilities of
being recommended, i.e., ∀A ∈ A, p(a+|u), i.e.,

p(a+|u) =
∑

e∈E,s∈S
p(a+|e, s, u)p(e, s|u).

Considering that (1) advisable nodes, A, and user
profile node, U , are independent given that we
know the values of exhaustivity and specificity
nodes, i.e., p(a+|e, s, u) = p(a+|e, s) and that (2),
for a given product, Ai, the model verifies that the
variables Ei and Si are conditionally independent
given the query, i.e., p(Ei, Si|u) = p(Ei|u)p(Si|u).
Then, the probability of recommend an advisable
node is:

p(a+
i |u) = p(e+

i |u)[β + (1− β)p(s+
i |u)]. (4)

Following an approach similar to the one used
in [6], the posterior probabilities for exhaustivity
and specificity nodes can be computed efficiently
by means of the following formula:

p(e+|u) =
∑
F∈Pa(E)\U w(F,E) p(f+) +∑
F∈Pa(E)∩U w(F,E)p(f+|u) , (5)

p(s+|u) = 1−
∑
F∈Pa(S)w(F, S)p(f+|u) . (6)

3 Example of Use.

First, we shall focus on the description of the
data set of products. In this paper, we shall
consider that a product is described by means of
a list of keywords matching each one of its fea-
tures. For instance, the set of feature keywords
used to describe the film Schindler’s list might
be: concentration-camp, ghetto, Holocaust, Pol-
ish, rescue, survivor, war, Jewish, German and
Nazi.

In this example we will consider a data set with
five product and its associated features: p1 =
{f1, f3, f4, f6, f7, f9}, p2 = {f0, f4, f5, f7, f9},
p3 = {f2, f3, f5, f7, f8}, p4 = {f0, f1, f3, f5, f6},
p5 = {f0, f4}. From these data we can estimate
the probability distributions to be stored in the
BN. In this paper we propose to use the follow-
ing values, although different alternatives might

be considered:

p(f+
k ) = nk/N

w(Fk, Ei) = log((N/nk) + 1)/[log(N + 1)M(Ei)]
w(Fk, Si) = log((N/nk) + 1)/[log(N + 1)M(Si)]

(7)
whereN is the number of products in the data set,
nk is the number of times that feature Fk has been
used to describe a product and M(Xi) is a nor-
malising factor computed by means of M(Xi) =∑
Fj∈Pa(Xi) log((N/nk) + 1)/log(N + 1) . Note

that the expression log((N/nk) + 1)/log(N + 1)
is used to measure the importance of the feature
in the whole data set, in a similar way than in-
verted document frequency is used in the field of
Information Retrieval [3].

Now, we will consider two different profiles al-
ternatives, U , to express the user’s preferences.
The first one, where the user only considers T1
evidences: U1 = {f0(1), f4(1), f5(1), f7(1), f9(1)},
U2 = f0(0.5), f1(0.5), f2(1), f6(0.3), f9(0.1)} and
U3 = {f0(1), f8(1)}. The second one, considering
both, T1 and T2, evidences: U4 = {f8(0.8), p5(1)}
and U5 = {f8(0.8), p4(1)}, p3(0.5)}. The next ta-
ble shows, for each product its probability of ad-
equacy to the profile U . For each case we present
a pair of values, .a; .b, representing the proba-
bility values obtained when using β = 0.25 and
β = 0.75, respectively.

U p1 p2 p3 p4 p5

1 .51; .65 1; 1 .27; .42 .35; .55 .53; .84
2 .32; .39 .31; .41 .48; .56 .38; .45 .37; .49
3 .16; .38 .34; .51 .44; .53 .32; .48 .42; .64
4 .28; .46 .50; .64 .33; .47 .30; .49 .71; .90
5 .50; .65 .37; .55 .49; .60 .72; .86 .39; .66

This example will help us to illustrate also the
effect of the β values when combining exhaus-
tivity and specificity. For instance, considering
profile U3 we have that for β = 0.25 we rec-
ommend (in order) the products p3, p5, p2, p4, p1

whereas using β = 0.75 we recommend (in or-
der) the products p5, p3, p2, p4, p1. This situation
holds because product p3 is less exhaustive than
p5 (p(e3|u3) = 0.57 and p(e5|u3) = 0.75) but p3

is more specific than p5 ( p(s3|u3) = 0.68 and
p(s5|u3) = 0.42). A similar reasoning could be
done when considering U5.
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4 Conclusions

A general BN-based model for recommendation
systems has been proposed in this paper. Taking
into account efficiency considerations, the poste-
rior probabilities for recommending are computed
using a very efficient method based on canonical
models. Guidelines of how estimate the probabil-
ity values from a data set and also how the RS
interacts with the users have been given.

As future works, we are planning to evaluate the
model with real problems, involving real users
to determine the quality of the recommendations
provided. We are also studying mechanisms to
incorporate better especifications of the products
into the system.
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