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Abstract

The problem of building Recom-
mender Systems has attracted con-
siderable attention in recent years.
The objective of this paper is to au-
tomatically recommend and rank a
list of new items to a user based
on both items this user has already
voted on and past voting patterns of
other users. The proposed model is
based on Probabilistic Computing,
one of the multiple fields that com-
prise Soft Computing. Particularly
we make use of the Bayesian net-
works formalism.

Keywords: Recommender System,
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1 Introduction

The change of the web use, from an academic
use to a commercial one, has been carried out
during the last decade. This commercializa-
tion of the web presents a new set of problems
to be solved and therefore new opportunities
for researching. In this paper we will study
the following problem: How to design a sys-
tem that can help to recommend new prod-
ucts to clients?.

This kind of systems are called Recommender
Systems (RS). Broadly speaking, a RS pro-
vides specific suggestions about items (or ac-
tions), within a given domain, which may be
considered interesting to the user [13]. In or-
der to recommend new products, the system

takes into account the user preferences as well
as the similarities of the user with other users
in the system (obtained from past voting pat-
terns).

The set of user’s preferences, known as the
user profile, is normally provided either ex-
plicitly (by means of a form or a questionnaire
when he/she logs in) or implicitly (using pur-
chase records, viewing or rating items, visiting
links, taking into account the membership to
a certain group,...). These preferences will be
collected over time, giving a much more reli-
able identification of the user preferences or
tastes.

The proposed system will be modeled using
Bayesian networks (BN). The reason is that
we can combine a qualitative representation
of the problem (which explicitly represents
the dependence and independence relation-
ships between items and user votes, as well as
the dependences or similarities between users)
with a quantitative representation by means
of a set of probability distributions, measur-
ing the strength of these relationships. In all
the process we must consider the computa-
tional aspects of the RS, where the sparse-
ness of the data and the fact that the ranking
should be computed in real time constitute
two challenging problems.

The paper is organized in the following way:
Section 2 presents the fundamentals of RS as
well as related works. Section 3 describes the
format of the input databases. Section 4 is
used to describe the topology of the BN and
its learning algorithm. Section 5 discuss the
estimation of the confitional probability dis-



tributions from the datasets. Section 6 shows
how the inference is performed in order to
give recommendations to the user. Section 7
presents some experimental results and Sec-
tion 8 includes the conclusions and some re-
marks about further research.

2 Recommender Systems

Although many other approaches to the RS
are found in the literature [9], in this pa-
per we focus on probabilistic model-based ap-
proaches to RS. The predictions are made by
building (offline) an explicit model of the re-
lationships among items. This model is then
used (online) to finally recommend the prod-
uct to the users. There are three main vari-
ants of Recommender Systems [1]:

e (Content-based RS: In this variation the sys-
tem stores content information about each
item to be recommended. This information
will be used to estimate how similar certain
items are to each other or the similarity with
respect to user preferences (also represented
by means of a subset of content features).

Different approaches can be found in the liter-
ature. For instance, in [11] a probabilistic user
model is constructed based on the content de-
scription of the items rated and then is used to
infer ratings for unseen items. Search engines
can be also be thought as recommender sys-
tems purely based on content description [4].
Based on BN, [6, 7] recommend a product by
taking two different (but complementary) sit-
uations into account: the exhaustivity and the
specificity of the product with respect to the
user needs. In addition, influence diagrams [5]
have been used to deal with RS in hierarchical
domains where the items to be recommended
can be grouped in a hierarchy.

o (ollaborative filtering RSs: These systems
try to identify groups of people with tastes
similar to that of the user and recommend
items that they have liked. In this case, we
can distinguish between two approaches. The
first one, that construct a full joint probabil-
ity distribution about items and then uses this
distribution to make prediction online. For in-
stance, in [15, 3] BN learning algorithms are

the tools by which the distribution is learned.
Also BN-based classifiers [2, 10, 14] have been
applied to this purpose. The second approach
builds several conditional models, one for each
user, that predict the likelihood of an individ-
ual item given a combination of the observed
votes for the rest of users [8].

e Hybrid RS: In this case, both content and
collaborative approaches are combined. An
example of a hybrid collaborative filtering is
proposed for help on browsing documents on
line [12]. In this model a joint density function
is constructed assuming the existence of a hid-
den variable representing the different topics
of the documents. This variable renders users,
documents and words conditionally indepen-
dent. The probability parameters relating the
hidden variable with the observed data are es-
timated using EM algorithm.

Hybrid systems have the advantage of both,
content-based systems because they can make
recommendations for entirely new items for
which there is no history, and collaborative
systems since they do not ignore historical po-
tential valuable information.

3 The database

The systems that we propose in this paper
lyes in the third approach of RS, so we have
to consider two different information sources:
the content-based knowledge and the collab-
orative component.

With respect to the content component we
typically have a large number m of items
T ={,I,...,I,} and a large number [ of
features F = {Fy,F,,...,F;} , where each
item has been described by a set of attributes
or features. For instance, in order to describe
a movie we can use a set of genres (action,
western, comedy, etc.) or to describe a restau-
rant the kind of food it serves (Mediterranean,
Chinese, etc.) can be used. In this case, the
content description can be viewed as a very
sparse binary m X | matrix D, where d; ; = 1
indicates that item ¢ can be described with
feature j, and the entry is assumed to be zero
otherwise. For instance, consider the follow-
ing matrix description where rows correspond



to items and columns correspond to features.

Table 1. Database of Items description, D
[ ZJo[1]2]3[4[5[6[7[8]9]

I j0j1{1]0|1|0]|0]|0]0]O
Ib |0]0|0]1]1]{0]0]0]0]O0
I3 0]0|1]1]0(|1]0]0]0]O0
Iy 00|01 ]1]{0]0]0]0]O0
Is |0]0|0|0|0|1]0]|0]1]O0

With respect to the collaborative compo-
nent, we have a large set of n users,
U ={Uy,U,,...,U,}, which have rated some
items, either explicitly or implicitly. We de-
note by #r the number of different values that
can be used to rate an item (e.g., a movie can
be rated on a scale of 1 to 5). Again, the ob-
served data can be viewed as a very sparse
n X m matrix, R, since a typical user only
rates a very small fraction of the items. In
the matrix R, rq ; represents the rate of user
U, for the item I; and it is assumed to be zero
when the item is no voted on by the user. For
example, consider the following matrix where
the rows represent the users, columns are used
to represent items and #r = 2.

Table 2. Database of user rates, R
(UL L[ [I5].. ]

U2 |2 (0 |10]0
U |0 |0 |1 |2 0
Us|2 (2 ]0 |0 0
Usf|2 |1 |0 |0 0
Us||0 |0 |0 |O 2

4 BN hybrid RS: Setting the
dependence relations

To design the system we adopt the following
set of ‘linear’ relations between information
sources:

F—IT—U—YV

where the relation 7 — 7 is used to model
the description of the items Z by means of
a set of features F, representing the content
based component of the model. The relation
7 — U models the database of user votes

or ratings for the observed items. Finally, the
relation Y — V), which represents the collab-
orative component, will be used to represent
that the final prediction for an active user will
also depend on the votes of people with simi-
lar preferences.

4.1 Content Based Component

This component contains the set of m fea-
tures, F, and the set of [ items, Z. There
exists a feature node Fj, for each feature used
to describe a product and, also, there exists a
node for each product in the system, I;.

Both, feature Fj and item I;, have associ-
ated a random binary variable, taking val-
ues from the sets {fi o, fr,1} and {ijo,4;1},
respectively. The subindex 0 is used to rep-
resent that the variable is not-relevant to the
user’s preferences whereas the subindex 1 rep-
resents the relevance alternative.

With respect to the topology of this
(sub)model, we consider the following logi-
cal implication: Since a product is described
with a fixed set of features, there is an arc
from each feature node to each item node hav-
ing this features (Figure 1 shows the relations
that can be obtained from Table 1). With
these arcs we are expressing the fact that the
probability of relevance of the product will de-
pend on the relevance values of the different
features that comprise it.

4.2 Modeling the User Votes

In order to represent the dependence relation-
ships between items, 7, and user votes, U,
we have to include one variable for each user
which had voted for a product and a set of
arcs going from each product, I;, which has
been voted by the user U, to the node repre-
senting that user (Figure 1 shows the relations
expressed in Table 2). We do not include arcs
connecting features and user votes because we
consider that these variables are independent

! Although the presented topology implies that a
feature F' is marginally independent of any other fea-
ture, this assumption (restrictive in some domains)
could be relaxed to include relationships between evi-
dence items.



given that we know the relevance value for the
items in the system.

A node, U,, will be used to represent the prob-
ability distribution associated to the pattern
of rating of user U,. If we assume that votes
are integer scaled with a range from 1 to #r,
the states of each node correspond with the
set {0,1,2,...,#r}. Note that there exits an
additional value 0 which has been included to
model the “No interest on vote” situation.

4.3 Collaborative Component

This component is used to relate a given user
with other users with similar tastes. These re-
lationships should be directly modeled in the
BN by means of the inclusion of arcs between
any two related users. These arcs would be
obtained by means of a learning algorithm
that searches for dependences between users.
Thus, whenever a dependence (similarity) be-
tween the preferences of user U, and user U,
has been found, an arc connecting both nodes
will be included in the BN. But, taking into
account that similarities between users tastes
tends to be symmetric (when U, is highly re-
lated with Uy it is common for U, being also
related with U,), a cycle could be included in
the BN, which is forbidden in a BN topology.

Figure 1: Recommending System Topology

So, to facilitate the presence of these rela-
tionships in the model, we propose the in-
clusion of a new of set of nodes V to denote
collaborative votes. There exists one collabo-

rative node for each user in the system, i.e.,
VY = {W,V,,...,V,}. These nodes will be also
used to estimate the probability distributions
of the user’s votes and therefore they will take
their values in the same domain than U, i.e.,

{0,1,2,...,#r}.

The parent set of a variable V, in the graph,
Pa(V,), will be learned from the database of
votes, R. This set will contain those user vari-
ables, U, € U, where U, and U, should have a
greater similarity between their tastes. Nat-
urally, U, should belong to Pa(V,). Thus,
given a similarity measure, the set Pa(V,) can
be obtained by using a threshold or consider-
ing only the first p variables in the ranking.
We propose to use the Pearson correlation
coefficient to measure the similarity between
users, also used as the basis of the weights in
different collaborative systems.

> i(ra,; —Ta) (T — Tp)

Sim(Uaa Ub) =
\/Ej(Ta,j —Ta)? 3 (rp,; — Tp)?
1)
where the summations over j are over those
items for which users U, and Up have recorded
votes, Pa(U,) N Pa(Up) in the BN. If there
are no common items in U, and U, voting
histories, then sim(U,,Uy) = 0 by default.
Also, 7, is the mean vote for user Uy, i.e.,

_ 1
"o = TPa(ty)] 2 Tak

IkEPG.(Ua)

5 Estimating the conditional
probability distributions

To complete the model’s specification, the
numerical values for the conditional proba-
bilities have to be assessed. Previously, we
are going to introduce some notation. Thus,
given a variable X;, lowercase letters are user
to denote the variables realization. For in-
stance, z;; denotes that variable X; takes
the jth-value. We write Pr(z;;|pa(X;)) for
P(X; = z; j|pa(X;)), with pa(X;) denoting a
configuration of the parent set of X;, Pa(X;),
or sometimes Pr(X) to denote the probability
distribution.

Whereas the estimation of the probability dis-
tribution for feature nodes is quite simple, the



situation for the rest of the probability dis-
tributions is more complex because the great
number of parents a node might have. In
these cases, it can be quite difficult to assess
and store the required conditional probability
tables (with a size exponential with the num-
ber of parents). So, we propose the use of a
canonical model, similar to the one presented
in [4], to represent the conditional probabili-
ties, which will allow us to design a very ef-
ficient inference procedure. Thus, for a given
node X; we have to define these probabilities
as follows:

pa(Xi)) = >

Yy €Pa(X;)

Pr(z;;

w(yk; Tig) (2)

where gy, ; is the value that variable Y}, takes
in the configuration pa(X;) and w(y,z; ;)
are weights measuring how this I** value
of variable Y) describes the j* state of
node X;, with w(yge,zi;) > 0 and
2.V, ePa(X;) W(Yk,o, Tij) < 1.

All these weights might be estimated from the
datasets and could be defined as follows:

— For every feature Fj, ., since it has no par-
ent, we need to assess the a priori probabil-
ity of relevance. In this paper we propose
Pr(fx,1) = ng/m, being m is the number of
products (the size of Z) in the dataset and
ny is the number of times that feature Fj
has been used to describe a product. The
value Pr(fyo) is obtained as Pr(fyo) = 1 —

Pr(fy,1)-

For instance, considering the data in Table
1, we have that Pr(fy;) = 0.2 and that
P’I‘(f5,1 = 04)

- Given an item node, I; in Z, since it rep-
resents a bivaluated variable, we only have
to define the weights needed to compute
Pr(ij1|pa(I;)) because Pr(ijolpa(l;)) =1 —
Pr(ijlpa(ly)).

, ! +1
w(fr,1,45,1) = % (3)
w(fr0,%51) =0
being M(I;) a normalizing factor
computed by means of M(I;) =

Y repar;) log((m/ng) + 1)/log(m + 1)

The expression log((m/ng) + 1)/log(m + 1)
is used to measure the importance of the
feature in the whole data set, in a similar
way than inverted document frequency is used
in the field of Information Retrieval. Note
that the more features are relevant in the
configuration the greater the probability of
relevance of I;.

For example, using the data in Ta-
ble 1, M(Il) = 2.247, w(fljl,z'l,l) =
0.445, w(fg,(),il,l) = 0 and w(f471,z'1,1) =
0.243. Then, Pr(i11|f1,1, f2,0, fa,1) = 0.706.

- For user’s node U, we need to measure the
influence of the item I in the pattern of vote
of U,. Thus, if user U, votes for item I
with the value s, i.e., r,; = s, and depending
whether the configuration pa(U,) represents
that the user has interest in the item I or
not (Iy = i1 or I = iy, respectively), these
weights will be defined as.

w(ik,laua,s) = 1/|PG(Ua)‘-
W(ik,1, Ug,r) = 0, with ¢ # 5,0 <t < #r.
w(ik,0,Ua0) = 1/|Pa(U,)].
w(ik,01ua,t) = Oa 1 S 4 S #lr'
(4)
being |Pa(U,)|) the number of items previ-
ously voted by U,.

For instance, given pa(U1) = {i1,1,42,0,%4,1}
and the data in Table 2, we have that
the values of the distribution Pr(uy|pa(U)
are:  Pr(uipolpa(U1)) = 0 + 1/3 + 0,
Pr(uialpa(U)) = 0 + 0 + 1/3 and
Pr(ui2lpa(Ui)) =1/3+0+0.

- Focusing on collaborative vote nodes V, to
estimate the final vote for the user V, we have
to distinguish between the weight that user U,
brings by himself and those weights given by
the users with similar tastes Uy, with U, €
pa(Va).

w(“a,Sa'Ua,s) =«
w(Uq t,Va,s) = 0, with ¢ # 5,0 < t < #r.
(5)
and for 0 <t,s < #r

(1=

— N(up,t,Ya,s)+B3s
w(tos Vays) = TPavy) T :

N(up,s)+B

(6)
where 0 < a < 1 in such a way that the
greater is « the greater weight is assessed to



the past votes of U,. The value N (upy,vq5))
is the number of items from the set Pa(U,) U
Pa(Uy) that being voted with value t by user
Uy have been also voted with value s by user
U, and N(up;) is the number of items in
Pa(U,) U Pa(Uy) voted with value ¢ by user
Up. B and g, are the parameters of a Dirichlet
prior over user ratings. Note that the weights
w(up,t,Vq,s) are proportional to the maximum
a posteriori (MAP) estimator of Pr(vg s|up)-

For example, considering o = 0.5, = 1
and ¢; = 1/3 and the data set in Ta-
ble 2, we have that for the configuration
pa(Vl) = {ul,Q,UQ’(),U3’1,U4’1} the probabil—
ity distribution for Vi is: Pr(viglpa(V1)) =
Pr(vi1]pa(V1)) = 04+0.024+0.06+0.03 = 0.11
and Pr(viglpa(Vi)) = 0.5 + 0.12 + 0.05 +
0.11 = 0.78.

6 Helping Users: Inference

Previously to discuss the inference mechanism
we have to discuss how the users should inter-
act with the system . In order to illustrate the
process, suppose a RS where the items are a
set of movies and the features are the set of
genres or keywords describing a movie. In this
case, we have the following alternatives:

1. Given an active user U, and a movie I
in the system (rated by others users) the
problem is to predict the rate that user
U, should assess to the movie. From a
probabilistic point of view we have to
compute Pr(vqs|l), 1 < s < #r. Note
that this is the typical performance of
collaborative RS. With the same philos-
ophy, the system can be used to recom-
mend to user U, those movies with higher
probabilities of being liked by him. This
can be done by instantiating in turn the
set of unseen movies of U,.

2. Given a new movie which do not be-
long to the system (it has not been
voted previously by any user), we can
also predict the rate that a given user
U, should assess. Here, if we con-
sider as evidence those features describ-
ing the movie (Fj, ..., Fy;) and we instan-

tiate them in the BN, we can compute
Pr(ves|Fi, ..., Fp), 1 < s < #r. Also,
by computing these probabilities for all
users in the system, we can recommend
this new movie, as in a information fil-
tering process, to those users who should
rate positively the movie.

3. Focusing in the content based com-
ponent, the user can express also
his/her preferences on some features
Fy,...,F} (e.g., ‘western and comedy’)
and by instantiating in turn the un-
seen movies I; in the system compute
Pr(ves|Fy, ..., Fy,I;). Then, the higher
rated movies will be recommended.

Therefore, regardeless the user’s interest is in
a new movie or in a set of features, and in
order to homogenize the inference process, we
always consider as evidence the instantiation
of a subset of features, those used to describe
either the user’s preferences explicitly and/or
the movie(s).

With this instantiation we guarantee that the
estimation of the final score of a user U, will
receive evidences from two different paths:
On the one hand, the one that consider the
similarity between the new movie and those
movies that has been previously rated by him.
On the other hand, by estimating how other
users of the system would rate the new movie
and considering the similarity of the user U,
with them.

6.1 Inference

In order to predict the utility of unseen items
for user U, we have to compute the proba-
bility distribution Pr(v,slev), 0 < s < #r.
From a probabilistic perspective, this proba-
bility can be defined by means of

P’r‘(’l)a,5|61}) = Z PT(UG,S,E,Ik,Uj‘e'U)-
FIU
(7)

Considering (1) that in a BN a node is inde-
pendent of all its predecessors given that we
know the the particular values that its par-
ents takes and (2) using the advantages of the



canonical models used to express the condi-
tional probability distributions (equation 2),
these final probabilities can be computed ef-
ficiently by means of a top-down propagation
mechanism, where the posterior probabilities
of one layer are obtained using the posterior
probabilities computed in the previous layer,
starting from features nodes.

The following theorem (the proof is omitted
due to lack of space) shows how to compute
the a posteriori probabilities.

Theorem 1: Let X, be a node in the RS
network, let mx, be the number of parents
of X, let Yj be a node in Pa(X,) and ly,
the number of states that Y; takes. Then, if
the conditional probability distributions can be
expressed under the conditions given by equa-
tions 2, the exact a posteriori probabilities can
be computed by means of the following for-
mula, where if F; is not an evidence, F;j ¢ ev,
Pr(fjilev) = Pr(fj1) and Pr(fjilev) = 1
otherwise:

mx, °Yj
Pr(z,slev) = ZZ y],kaxas Pr(yjk|ev).

7 Empirical Analysis.

Althought a more detailed experimentation
must be done, this section presents some pre-
liminary results about the performance of the
system. To do that we consider the Movie-
Lens dataset collected by the GroupLens Re-
search Project at the University of Minnesota
during the seven-month period from Septem-
ber 19th, 1997 through April 22nd, 1998 with
votes ranging from 1 to 52. The dataset con-
tains 1682 movies, each one being described
by a set of keywords from a set of 19 genres.
The number of users in the dataset is 943. We
use a set of 20000 rating as the training set
to learn both the network topology and the
parameters. With respect to the topology we
determine that two user U, and U are highly
related when the absolute value of the corre-
lation coefficient is greater than 0.85 and to
estimate the weights in eq. 6 and 7 we use the
values @« = 0.5, = 1 and ¢; = 1/6. We also

http://www.movielens.org

use a set of 4732 rating as the test set. Note
that training and test sets are disjoint.

Particularly, our objective in this experimen-
tation is to study the predictive capacity
of the model, thus we use the dependences
learned from the training set to predict the
votes in the test set. In order to predict the
vote for the active user we use two different
selection alternatives: In the first one we show
the state with higher probability (HP) and in
the second one we show the state with bet-
ter ratio (BR) between the a priori (without
evidences) and the a posteriori probabilities.

Also, in order to predict the performance of
the system we use two different measures:
A(e) which measures the percentage of times
that the system predict the correct vote of the
user, using both HP and BR selection criteria
and AD(e) which measures the average abso-
lute deviation between the recommended and
the true user votes.

Table 3. Experimental Results.
A(HP) | A(BR) | AD(HP) | AD(BR)
0.501 | 0.322 | 0.815 1.094

From this table we can conclude that recom-
mending the state with higher probability is
the best option being its performance quite
reasonable since the half of the times it has
success on predict the correct vote whereas in
the other cases the system output is not so far
from it.

8 Conclusions

A general hybrid BN-based model for recom-
mendation systems has been proposed in this
paper. Taking into account efficiency consid-
erations, the posterior probabilities for recom-
mending are computed using a very efficient
method based on canonical models. Guide-
lines of how estimate the probability values
from a data set and also how the RS inter-
acts with the users have been given. It must
be note that the proposed model is quite gen-
eral, since it can be applied to solve differ-
ent recommendation tasks being also able to
incorporate different sources of evidence (see
Section 6).



As future works, we are planning to evaluate
the model with real problems, involving real
users to determine the quality of the recom-
mendations provided. We are also studying
mechanisms to incorporate better specifica-
tions of the products into the system and new
methods to estimate the weights stored in the
nodes of the BN.
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