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Abstract. Content-based recommender systems (CBRS) and collabo-
rative filtering are the type of recommender systems most spread in the
e-commerce arena. A CBRS works with two sets of information: (i) a set
of features that describe the items to be recommended and (ii) a user’s
profile built from past choices that the user made over a subset of items.
Based on these sets and on weighting items features the CBRS is able
to recommend those items that better fits the user profile. Commonly, a
CBRS deals with simple item features such as key words extracted from
the item description applying a simple feature weighting model, based
on the TF-IDF. However, this method does not obtain good results when
features are assessed in multiple values and or domains. In this contribu-
tion we propose a higher level feature weighting method based on entropy
and coefficients of correlation and contingency in order to improve the
content-based filtering in settings with multi-valued features.

1 Introduction

Recommendation systems are excellent tools to customize information in settings
where the vast amount of information overloads users. Particularly, content-
based recommender systems, CBRS [1,4,12,13], are one of the traditional types
of such systems, which uses the available information about the choices that
the user made in the past. This information is used to build a user profile that
exposes the user’s preferences or necessities. Besides, it is necessary a database
of descriptive information about the items, each item is described by a set of
features.

Typically, a CBRS works with textual analysis so that the features are words
or terms that describe the items. In this way, given a set of features or terms, the
vector describing an item is filled by ones and zeros that indicates whether or
not a term appears in the text description of that item. Nevertheless, in a more
general case, the features can be assessed by multi-valued variables or different
domains: numeric, linguistic or nominal, boolean, etc.

Similar to other recommendation systems, the content-based ones present
advantages and disadvantages. So they often are combined with other models
such as collaborative or knowledge-based in order to improve its performance.
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The basic functions of a CBRS consists of (i) updating the profile of each user
(ii) filtering the available products with the user’s profile and (iii) recommending
the products that better fits the profile. The filtering process should consider
that not all features are equally important. Obviously, when a user selects an
item, he/she is watching some features that are important and ignoring others
that are worthless to him/her. This consideration represents an implicit feature
weighting which is subjective and different for each user.

The aim of this paper is to introduce a new method to obtain these weights, in
recommendation settings where the features can be assessed with multi-valued
variables or in multiple domains, by using the implicit ratings obtained from
the users in the past. Thus, assigning weights to the features, according to the
weighting that the user has implicitly provided, the profile will be more useful in
the recommendation process. Our proposal computes two measures for weighting
each feature. First we take into account the entropy or amount of information
for each feature, the more entropy the more weighting should have. And second
we consider the correlation (for quantitative features) and contingency (for qual-
itative features), between items chose by the user in the past and the values of
some features of the set of items. The greater the relationships, the higher the
weight for the feature.

This paper is structured as follows. Section 2 reviews necessary concepts for
our proposal. Sections 3 describes in further detail our proposal for weighting
multi-valued features which is illustrated by an example in Section 4. Finally,
Section 5 points out some conclusions.

2 Preliminaries

In this section we review briefly content-based recommender systems and meth-
ods commonly used for weighting features in this setting.

2.1 Content-Based Recommender Systems

First we will review briefly content-based recommendation systems [1,11,13].
Those systems use a database with a set of items A = {ai, i = 1...n} described
by a set of features C = {cj , j = 1...m} defined each one in a domain Dj , so that
each item ai is described by a vector Vi = {vij ∈ Dj , j = 1..m} (see Table 1).

Table 1. Data for a CBRS

c1 . . . cj . . . cm

a1 v11 . . . v1j . . . v1m

. . . . . . . . . . . . . . . . . .
an vn1 . . . vnj . . . vnm

For each user, u, there exists a set Au = {au
i ∈ A, i = 1, . . . , nu}, where

au
i are the items experienced by the user, u. The assessments of their features
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are described by, vu
ij , and a user’s preference assessments, ru

i ∈ Du (implicit or
explicit) being Du the expression domain (see Table 2).

Table 2. User data for a CBRS

c1 . . . cm Ru

au
1 vu

11 . . . vu
1m ru

1

. . . . . . . . . . . . . . .
au

nu
vu

nu1 . . . vu
num ru

nu

Pu pu
1 . . . pu

m

Wu wu
1 . . . wu

m

By using the user’s information, the CBRS computes a user profile Pu that
represents the user preferences and a weighting vector Wu that includes the
weights of each feature according to their relevance in the user’s needs:

– Pu =
{
pu

j ∈ Dj , j = 1..m
}

are the user’s values for item features. They can
be obtained in different ways [1,11,13].

– Wu =
{
wu

j , j = 1..m, 0 ≤ wu
j ≤ 1

}
are the weights that show the relevance

of each feature, according to user’s needs.

Once we know the available data for a CBRS, we will describe its working:

1. Acquisition of the items’ features and users’ profiles. The system updates
the user profiles based on implicit information obtained in the past.

2. Filtering process. For each item and feature the system calculates the sim-
ilarity with the user profile. The values obtained are then aggregated to
obtain the similarity with each item.

3. Recommendations. The system selects the most similar items to user’s
necessities.

2.2 Feature Weighting in CBRS

We have aforementioned that the user profile, Pu, is used to filter the most
suitable items together a weighting vector, Wu. In the literature is common a
feature weighting method based on item descriptive words [13,15] based on the
Term Frequency - Inverse Document Frequency (TF-IDF) [2] that has been used
as a weighting scheme in Information Retrieval [7], Decision-Making problems
[5], etc.

The use of TF-IDF feature weighting in CBRS [15], consists of user’s profiles
with zeros and ones that indicate the existence or absence of key words in the
item description. The weights are computed for each user, u and each feature, cj

by using two factors: (i) A quantification of the intra-user similarity, FF (feature
frequency), which indicates the characteristic frequency of cj for user u and (ii) a
quantification of the inter-user dissimilarity, IUF (inverse user frequency) which
provides a higher value to the distinctive characteristics, i.e., the least repeated
in the set of users.
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W (u, cj) = FF (u, cj) ∗ IUF (cj) (1)

Commonly, the factor FF (u, cj), is computed by using the number of times that
feature cj appears in the items that user u has rated positively. The second factor,
according to the TF-IDF scheme [2], is computed as IUF (cj) = Log |U|

UF (cj)
being

UF (cj) the number of users that have rated positively any item that has the
feature cj , and |U | the total number of users registered in the system. Such
weights are used in the filtering process to match the user’s profile and the items
descriptions.

This feature weighting method is useful in CBRS dealing with binary features
based on text descriptions, i.e., a feature is a word that can appear (value 1)
or not appear (value 0) in an item’s description. However, for those systems
dealing with multi-valued features, the previous approach is not appropriate be-
cause a richer modelling with more than 2 values is necessary. The problem of
weighting multi-valued features has been addressed in other areas like informa-
tion retrieval and machine learning [9,10]. Nevertheless, this problem has been
performed poorly in recommender systems settings. Our aim is to provide a
proposal to address satisfactorily this issue in CBRS.

3 Feature Weighting Based on Entropy and Dependency
Measures

Our aim is to propose a new feature weighting method for CBRS that can cope
with multi-valued features. This proposal uses the data structure showed in
Tables 1 and 2. We consider the item descriptions V u

i. =
{
vu

ij , j = 1 . . .m
}

and
the features descriptions V u

.j =
{
vu

ij , i = 1 . . . nu

}
.

Our proposal consists of a feature weighting method that computes a weight
for each feature according to (i) the amount of information provided by itself
(multi-valued features can provide different amount of information), and (ii) the
correlation between the items experienced by the user and the features of items.
The feature weighting method follows the phases described below (see Figure 1):

1. Calculation of inter-user similarity. It is computed to know which features
are more relevant to the user. For each feature cj , we propose the use of the
entropy Hj to compute the amount of information that it can offer.

2. Calculation of intra-user similarity. It is calculated the correlation between
user’s past items and the features values on the set of items. This calculation
will depend on the nature of the features (qualitative, quantitative). For a
feature cj and a user u, it is calculated a coefficient of dependency, DCuj ,
between the ratings obtained from the user, Ru = {ru

i , i = 1, . . . nu}, and the
valuations of the feature in the items rated, V u

.j =
{
vu

ij , i = 1 . . . nu

}
:

– Correlation coefficient: for quantitative features.
– Contingency coefficient: for qualitative features.
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Fig. 1. Feature weighting based on entropy and dependency measures

3. Calculation of weights. Finally, it is obtained the feature weight as a result
of the product of entropy and degree of dependency.

In the coming sections we show in further detail each phase.

3.1 Inter-user Similarity

To compute how informative is each feature we propose the use of the entropy.

Definition 1[6,14]. Entropy of information is the average amount of information,
measured in bits, which contains a random variable. Given a random variable x,
its entropy is given as:

H(x) = −
∑

i

p (xi)Log2 (p (xi)) (2)

Features with a greater entropy are most interesting and should have a greater
weight. For example, given two features, c1 and c2 (see Table 3), if a user rates
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positively the item a1, the value c2 = 1 must have more weight than c1 = A
because it provides more information to the system.

Table 3. Example: two features with different entropy

a1 a2 a3 a4 a5 a6 a7 a8

c1 A B B A B A A B

c2 1 3 2 4 4 5 6 5

For each feature cj the system computes the entropy Hj that is normalized
in H∗

j ∈ [0, 1] (see equation 3):

Hj = −∑
kj

(fkj /n)Log2(fkj /n)

H∗
j = Hj∑

i Hi

(3)

being {kj} the set of values that the feature cj takes, fkj the frequency of the
value kj in the whole set of items A and n the total number of items. This
calculation consideres Log 0 = 0. The value H∗

j indicates the amount of infor-
mation that the feature cj provides to the system. For example, for an attribute
that only take two values, its entropy H is around 1 bit of information. While,
another attribute that takes 16 different values is around 4 bits of information.

3.2 Intra-user Similarity

In this phase, the system measures the contingency or correlation between the
ratings in the user’s profile and the values of a feature cj on the set of items.
If there is a dependency between these variables, it suggests that the feature
is important for the user. Depending on the nature of the feature we propose
different measurements. For quantitative features is used a correlation coefficient.
For qualitative features is used a coefficient of contingency. We propose to use
two well known coefficients of dependency for measuring the intra-user similarity:
Pearson’s correlation coefficient for correlation, and Cramer’s V coefficient for
contingency [3].

Pearson’s correlation coefficient should be used when data are approximately
distributed according to a normal distribution. We assume this premise. In other
cases we may use other coefficients, like Spearman’s one [3], instead of Pearson’s
coefficient.
Definition 2 [3]: Pearson’s correlation coefficient measures the linear relation-
ship between two variables. Unlike the covariance, the Pearson correlation is
independent of the scale of measurement of variables:

r =
σXY

σXσY
(4)
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s.t.

⎧⎪⎪⎨
⎪⎪⎩

σXY = 1
n

∑n
i=1 xiyi + x̄ȳ

σX =
√∑n

i=1
x2

i

n − x̄2

σY =
√∑n

i=1
y2

i

n − ȳ2

Definition 3 [3]: Cramer’s V coefficient . It is a contingency ratio that measures
the dependence between two random variables, X and Y, where at least one of
them is qualitative.

V =

√
χ2

n · min (I − 1, J − 1)
(5)

s.t.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

χ2 =
∑I

i=1

∑J
j=1

(pij−qij)
2

qij

n is the total number of occurrences
I is the number of distinct values of the variable X
J is the number of distinct values of the variable Y
pij is the frequency of the pair (i, j)
qij = pX=i·pY =j

n is the theoretical frequency of the pair (i, j)
pX=i is the frecuency of X = i
pY =j is the frecuency of Y = j

The dependence coefficient, DC, between the ratings made by the user u and
the values of items for the feature, cj , is given by the following expression

DCuj =
{ |PCCuj | if cj is quantitative

V Cuj if cj is qualitative

being PCCuj the Pearson’s correlation coefficient corresponding to the variables
Ru and V u

.j .

PCCuj =

∑
i ru

i vu
ij −

∑
i ru

i

∑
i vu

ij

nu√(∑
i (ru

i )2 − (∑
i ru

i )2

nu

)√(∑
i

(
vu

ij

)2 − (∑
i vu

ij)
2

nu

) (6)

and V Cuj is the Cramer’s V, contingency coefficient corresponding to the same
variables for qualitative features.

V Cuj =

√√√√√√∑
ku

∑
kj

(
fku,kj

−
fku

fkj
nu

)2

fku
fkj

nu

nu min (|Du| , |Dj|) (7)

where ku and kj are indexes for the set of different values in Ru and V u
.j respec-

tively, fku , fkj are the frequencies of values indexed by ku and kj respectively
and fku,kj is the frequency of simultaneous occurrences of the two values indexed
by ku and kj .
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The Pearson coefficient is bounded on the interval [-1,1] providing information
on the degree of dependence and also the type of dependence, direct or inverse.
For our purposes it is not important the type of dependence. So, we take the
absolute value, thus the result is in the interval [0,1]. In this way, and because
of the Cramer V is also bounded in [0,1], DC coefficient will be bounded in that
interval, being the value 1 the maximum dependence degree.

3.3 Calculation of Features’ Weights

Once the factors H∗
j and DCuj have been obtained, the system will compute the

weight of a feature cj as the product of both factors:

wu
j = DCuj · H∗

j (8)

Since a vector of weights {wi} must satisfy the property
∑

wi = 1, the final
vector of weights W ∗

u is given by:

W ∗
u =

{
w∗u

j | j = 1, . . . , m, w∗u
j =

wu
j∑

i wu
i

}
(9)

4 Example

Let us consider an example with a set of items A = {a1, . . . , a20} where each
item is described by a set of features or characteristics C = {c1, . . . , c5} being
c1, . . . , c4 quantitative features assessed in the domains {1, . . . , 4}, {1, . . . , 6},
{1, . . . , 20} and {1, . . . , 30} respectively, and c5 a qualitative feature assessed in
the domain {A, B, C, D}. In Table 4 it is shown the description of each item
according to such a set of features.

Table 4. Item-Feature matrix

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12 a13 a14 a15 a16 a17 a18 a19 a20

c1 1 3 2 2 4 2 1 1 4 2 2 1 1 3 4 1 2 4 1 2

c2 2 6 2 3 4 4 2 6 5 4 3 6 2 4 5 2 2 4 2 4

c3 2 5 12 14 8 16 4 4 15 14 18 17 10 13 17 1 1 19 9 11

c4 5 20 10 11 25 13 5 2 28 12 9 4 6 18 27 3 10 29 1 14

c5 A C B B D B A A D B B A A C D A B D A B

On the other hand, we have a set of user’s ratings in the domain {1, . . . , 5}
that are shown in Table 5. These are the items that the user has rated in the
past. In our case we assume 10 items have been already rated.

Our goal is to obtain a vector of weights for the five features given, to be used
during the search of the items that best fit the user profile. So, we will apply
entropy based weighting method.
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Table 5. User’s ratings

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10

1 5 2 3 4 3 1 1 5 2

Calculation of entropies. We obtain: H = {Hj} = {1.86, 2.13, 3.92, 4.12, 1.86}.
Its normalization provides a vector of relative entropies:

H∗ =
{
H∗

j

}
= {0.13, 0.15, 0.28, 0.30, 0.13}

Calculation of dependence degrees. For the features c1, . . . , c4 we calculate the
correlation coefficient by using equation (6) obtaining the values:

PCCu1 = 0.91, PCCu2 = 0.52, PCCu3 = 0.40, PCCu4 = 0.93
For the qualitative feature c5, the contingency coefficient obtains, V Cu5 =

0.73. Therefore, the vector of dependence degrees will be:

DCu = {DCuj} = {0.91, 0.52, 0.40, 0.93, 0.73}

Calculation of features’ weights. Finally, applying the formula (8) we obtain the
vector of weights

Wu =
{
wu

j

}
= {0.12, 0.08, 0.11, 0.28, 0.10}

We then normalize it according to (9) and obtain the final vector of weights for
the features considered. That will be used by the CBRS in order to compute the
recommendations.

W ∗
u =

{
w∗u

j

}
= {0.18, 0.12, 0.16, 0.40, 0.14}

5 Conclusions and Future Works

The use of feature weighting methods in content based recommender systems has
been a usual solution for their filtering processes. Additionally, the most common
weighting method has been the TF-IDF, but it presents some drawbacks when
the information manages by the recommender system is multi-valued or assessed
in different domains.

In this contribution we have proposed a new method for calculating weights
of features for content-based recommendation systems, where the features can
be both quantitative and qualitative. The new method is based on two factors:
intra-user similarity and inter-user dissimilarity that in our proposal the former
is computed either by the Pearson correlation for quantitative features or by the
Cramer’s V for qualitative ones. And the latter is computed by the entropy that
measures the amount of information of each feature.
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