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Abstract

We present an application of association
rules and fuzzy association rules to find new
terms that help the user to search in the web.
A first query is made to the web and an ini-
tial set of documents is retrieved. Consider-
ing the terms of the collection as items, text
transactions are constructed and association
rules are extracted. Fuzzy association rules
are also considered when the presence of an
item in a transaction is a weight between
zero and one. A selection of the best rules is
carried out and the terms in those rules are
offered to the user to refine the query.
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1 Introduction

The lack of homogeneity in web documents both in
the structure and in their indexing by the search robots
makes difficult to find relevant information in the web.
Most of the retrieved set of documents in a web search
meet the search criteria but do not satisfy the user
needs, and the amount of documents is so huge that
the user feels overwhelmed. This is due generally to
a lack of specificity in the formulation of the queries.
Most of the times, the user does not know the vocabu-
lary of the topic or query terms do not come to user’s
mind at the query moment. If the retrieved documents
do not satisfy user’s needs, the query improvement
process starts.
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In the field of Information Retrieval, this problem has
been treated as query expansion or query refinement
(a good review of the topic can be found in [7]). The
main solutions given to solve it are based mainly on
two approaches: the automatic query expansion, [10],
where the augmentation of query terms to improve the
retrieval process is carry out without the intervention
of the user, and the second one is the suggestion of
new terms to the user to be added to the original query
in order to guide the search towards a more specific
document space, called semi-automatic query expan-
sion [12].

In our system, we use mining techniques to solve this
problem. Crisp association rules and fuzzy associ-
ation rules are used as a technique to find presence
dependence relations among the terms from an ini-
tial set of retrieved documents. A group of selected
terms from the extracted rules generate a vocabulary
related to the search topic that helps the user to narrow
the query with the aim of reduce the number of docu-
ments retrieved with the first query. Given a query and
a set of retrieved documents, the query representation
is matched to each document representation in order
to obtain a relevance value for each document. If a
document term does not appear in the query, its value
will be assumed to be 0. In the case of the crisp case,
the considered model is the Boolean one [14], while
in the fuzzy case the considered model is the general-
ized Boolean model with fuzzy logic [4]. The user’s
initial query generates a set of ranked documents. If
the top-ranked documents do not satisfy user’s needs,
the query refinement process starts.

In the next section, several mining concepts such as
association rules and transactions are defined. In sec-
tion 3, association rules are applied to query reformu-
lation in an Information Retrieval framework. An ex-



perimental example is shown in section 4 and conclu-
sions are given in section 5.

2 Association Rules and Fuzzy Association
Rules

Given a database of transactions, where each transac-
tion is an itemset, we can extract association rules.
Formally, let T be a set of transactions containing
items of a set of items I. Let us consider two itemsets
I1, I2 ⊆ I, where I1∩ I2 = /0. A rule I1 ⇒ I2 is an impli-
cation rule meaning that the apparition of itemset I1 in
a transaction implies the apparition of itemset I2 in the
same transaction. The reciprocal does not have to hap-
pen necessarily [11]. I1 and I2 are called antecedent
and consequent of the rule, respectively. The rules
obtained with this process are called boolean associa-
tion rules or in general association rules since they are
generated from a set of boolean or crisp transactions.

Fuzzy association rules are defined as those rules ex-
tracted from a set of fuzzy transactions FT where the
presence of an item in a transaction is given by a fuzzy
value of membership.

The complete model of transactions and association
rules in the fuzzy framework can be found in [5].

2.1 Measures for Association Rules

The extraction of association rules is based on the val-
ues of support and confidence. We shall note supp(Ik)
the support of the itemset Ik. The support and the con-
fidence of the rule I1 ⇒ I2 noted by Supp(I1 ⇒ I2)
and Con f (I1 ⇒ I2), respectively. Support is the per-
centage of transactions containing an itemset, calcu-
lated by its probability, while confidence measures
the strength of the rule calculated by the conditioned
probability of the consequent with respect to the an-
tecedent of the rule. Only itemsets with a support
greater than a threshold minsupp are considered, and
from the resulting association rules, those ones with
a confidence less than a threshold minconf are dis-
carded. Both thresholds must be fixed by the user be-
fore starting the process.

To deal with the imprecision of fuzzy transactions, we
need to obtain the support and the confidence values
with alternative methods which can be found mainly
in the framework of approximate reasoning. We have
selected the the evaluation of quantified sentences pre-

sented in [16], evaluated by means of method GD pre-
sented in [6].

Moreover, as an alternative to confidence, we propose
the use of certainty factors to measure the accuracy
of association rules, since they have been revealed as
a good measure in knowledge discovery too [9]. A
detailed study of the application of this measure can
be found in [1].

The certainty factor (CF) of an association rule is
defined as I1 ⇒ I2 based on the value of the confi-
dence of the rule. If Con f (I1 ⇒ I2) > supp(I2) the
value of the factor is given by expression (1); other-
wise, is given by expression (2), considering that if
supp(I2)=1, then CF (I1 ⇒ I2) = 1 and if supp(I2)=0,
then CF (I1 ⇒ I2) = −1

CF (I1 ⇒ I2) =
Con f (I1 ⇒ I2)− supp(I2)

1− supp(I2)
(1)

CF (I1 ⇒ I2) =
Con f (I1 ⇒ I2)− supp(I2)

supp(I2)
(2)

3 Association Rules and Fuzzy Association
Rules for Query Refinement

Once the user queries the system, a first set of docu-
ments is retrieved. From this set, the representation
of documents is extracted. We consider each docu-
ment as a transaction called text transaction. Let us
consider TD = {d1, . . .dn} as the set of text transac-
tions from the collection of documents D, and I =
{t1, . . . , tm} as the text items obtained as representation
of each di ∈ D with their membership to the transac-
tion expressed by W = {wi1, . . . ,wim}. On this set of
transactions we extract the association rules.

We must note that we do not distinguish in this process
the crisp and the fuzzy case, but we give general steps
to extract association rules from text transactions. The
specific cases will be given by the item weighting
scheme that we consider in each case. When the
weights associated to the transactions take the values
{0,1}, it means that the attribute is not present in the
transaction or it is, respectively. These transactions
can be called boolean or crisp transactions. In the
fuzzy case, we can consider a weighted representation
of the presence of the terms in the documents by a nor-



malized weighting scheme in the unit interval. Con-
cretely, we consider two fuzzy weighting schemes,
namely the frequency weighting scheme [3] and the
TDIDF weighting scheme [2], both normalized. After
the rules are extracted, a selection of them is carried
out and the terms appearing in the selected rules are
shown to the user. Then, the user chooses the most
appropriate terms to guide the search towards her/his
needs. Those terms are added to the query and the
system is queried again.

As several authors assert, the selection of good terms
in the query is crucial for the goodness of rules[8],
[13] and for query expansion [12], since the poor dis-
criminatory power of frequent terms can generate a
query with a worst performance than the original one
due to the poor discriminatory ability of the added
terms. Therefore, the problem of selecting good terms
to be added to the query have two faces. One the
one hand, if the terms are not good discriminators,
the expansion of the query may not improve the re-
sult. But, on the other hand, in dynamic environments
or systems where the response-time is important, the
application of a pre-processing stage to select good
discriminatory terms may not be suitable. In our case,
since we are dealing with a problem of query refine-
ment in Internet, information must be shown on-line
to the user, so a time constraint is present.

Solutions for both problems can be given. In the first
case, discriminatory schemes almost automatic can be
used alternatively to a preprocessing stage for select-
ing the most discriminatory terms. This is the case
of the TFIDF weighting scheme. In the second case,
when we work in a dynamic environment, we have
to remind that to calculate the term weights follow-
ing the TFIDF scheme, we need to know the pres-
ence of a term in the whole collection, which limits
in some way its use in dynamic collections, as usu-
ally occurs in Internet. Therefore, instead of improv-
ing document representation in this situation, we can
improve the rule obtaining process. The use of alter-
native measures of importance and accuracy such as
the ones presented in section 2.1 is considered in this
work in order to avoid the problem of non appropriate
rule generation.

3.1 The Selection of Rules for Query Refinement

The extraction of rules is usually guided by several
parameters such as the minimum support (minsupp),

the minimum value of certainty factor (mincf), and the
number of terms in the antecedent and consequent of
the rule. Rules with support and certainty factor over
the respective thresholds are called strong rules.

Once the strong association rules are extracted, the se-
lection of useful rules for query refinement depends
on the appearance in antecedent and/or consequent of
query terms. Let us suppose that qterm is a term that
appears in the query and let term ∈ S, S0 ⊆ S. Some
possibilities are the following:

• Rules of the form term ⇒ qterm. We could sug-
gest the term term to the user as a way to restrict
the set of results.

• Rules of the form S0 ⇒ qterm with S0 ⊆ S. We
could suggest the set of terms S0 to the user as a
whole, i.e., to add S0 to the query.

• Rules of the form qterm ⇒ term with term ∈ S.
We could suggest the user to replace qterm with
term in order to obtain a set of documents that in-
clude the actual set (this is interesting if we’re go-
ing to perform the query again in the web, since
perhaps qterm is more specific that the user in-
tended).

The previous examples allow us to provide the user
with some alternatives in order to discard some re-
trieved documents or obtain others by performing the
query again in the web. However, it is necessary to
take into account the reciprocal of the rules. For ex-
ample, if both term ⇒ qterm and qterm ⇒ term are
strong, then that means that having term and qterm in
a query is equivalent to some extent (depending on the
minc f threshold employed). Then, the rules are unin-
teresting in order to specialice/generalize the results.
But these rules can be interesting if we are going to
perform the query again in Internet, since new docu-
ments not previously retrieved and interesting for the
user can be obtained by replacing term with qterm.

4 An Experimental Example

To carry out the experimental stage, we have made
an initial query to the search engine Alltheweb
(http://www.alltheweb.com) with the search and re-
sults in Spanish. For the query terms, we have taken
a short query (only one term), and a term with more



than one meaning. The term query is ’fresas’ which
means ’strawberries’ in Spanish but also ’milling cut-
ter’. The purpose of this kind of query is to find ad-
ditional terms that can broad the query but narrow the
set of retrieved documents. Therefore, if the user re-
trieves a set of one hundred documents with the term
’fresas’ with the intention of looks for the industrial
tool and she/he does not know more vocabulary re-
lated to that concept, the resulting rules can suggest
her/him some terms to add to the query, which can dis-
card the documents related to other meanings (always
that the additional terms are not in the vocabulary of
the other meanings).

From the more than 61.000 retrieved documents, we
analyze the 100 top-ranked documents. This tech-
nique of considering also the top-ranked documents
from the document set resulted from the first query
is called local analysis [15]. After the extraction of
document representation, we obtain 832 terms. If we
obtain the text transactions, we have 100 transactions
with 832 items. Considering the possible weighting
schemes we have proposed in section 3, we can dis-
tinguish broadly between the crisp and the fuzzy case.
This last case can have a frequency weighting scheme
or a TFIDF weighting scheme. Based on the se-
lected case, we extract the rules without establishing a
threshold for the confidence or the certainty measure.
The number of components of the rule (antecedent
and consequent) can not be more than 5. In the case of
the crisp case, the number of rules extracted is 87954
(with a minsupp of 5%); in the case of the fuzzy fre-
quency scheme, we obtained 68 rules (also with a min-
supp of 5%); and, in the case fuzzy TFIDF scheme we
obtained 3686 rules with a minsupp of 2%. We decide
to decrease the support threshold in this last case be-
cause the number of obtained rules with a support of
5% was only 4.

These results reveal one of the main advantages of the
fuzzy approach: the selection of good rules. In the
crisp case, the weight of a item in a transaction can
be only 0 or 1. This means that, if a term appears
only one time in a document but other term appears 10
times in the same document, both of them will have a
weight of 1. This generates a huge number of rules
that, on one hand does not reflect the real presence
relation among terms in the documents, and on the
other hand, overwhelms the user, who is not able to
hand and understand so many rules. The fact that in

the TFIDF scheme with a minsupp of 5% only 4 rules
have been obtained shows that, really, this scheme dis-
card in some way those terms with a poor discrimina-
tory power, so the terms appearing very frequently in
the whole collection have a low weight. The princi-
ple of this scheme accords to the selection of rules in
the sense that those rules where a high frequent term
appears do not give new information. For instance,
those rules where the term fresas appear do not pro-
vide information about the relation of presence with
the other terms in the rule, since the term fresas ap-
pears in all the documents (otherwise they would not
been retrieved). When the TFIDF scheme is used, the
term fresas has assigned a weight of 0, since appears
in all the documents of the collection. This means that
any rule with the term fresas will appear in the set of
extracted rules when the TFIDF weighting scheme is
applied.

However, the terms appear with fresas in the same
rule can decrease the number of documents retrieved.
For instance, in the case of the frequency weighting
scheme, the rule f rontales1 → f resas appears with a
certainty factor of 1. Although from the point of view
of new information the interpretation of this rule do
not provide anything new, from the point of view of
reducing the number of documents, the term frontales
can suggest to the user a new term related to the mean-
ing of the industrial tool, which she/he did not know
before due to a lack of vocabulary in the topic. Other
rules that provide new vocabulary terms about the
industrial tool with the same weighting scheme are
herramientas2 → f resas with a confidence of 70%
and a certainty of 0.8.

As for the accuracy measures, some results are coun-
terintuitive when we compare the values of confidence
and certainty, which reveals that when the rules re-
late two items very frequent, the confidence is quite
high by the certainty is not. For instance, in the crisp
case, the rule f resas → productos3 has a confidence
of 13.26% while the certainty value if of 0.001.

5 Conclusion and Future Work

We have presented an application of association rules
and fuzzy association rules to solve the information

1’frontales’ in Spanish means ’profiles’
2’herramientas’ in Spanish means ’tools’
3’productos’ in Spanish means ’products’



retrieval problem of query refinement in the web.
Those rules are extracted from a set of transactions
which represents the document set retrieved by an ini-
tial query to the web. A list of terms extracted from
the rules related to the terms in the query are shown to
the user in order to refine the query.

The experimental example shows the extraction of
good rules. From this rules a selection process is car-
ried out on the basis on the form of the rule and the
purpose of the process. The user can decrease the
number of documents retrieved by the first query or
can query the web again with a different vocabulary
to retrieve a new set of documents.

As future work, we will extend this approach to the
automatic case and will compare the results with other
approaches to query refinement found in the literature.
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