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Summary
Text documents are the most widely used type of data in corporate practice.
Among many aspects of dealing with, and processing of text documents, text categorization is often an initial phase. Text categorization is meant here as an automatic
assignment of a text document, characterized by keywords, into some categories. We
use a linguistic quantifier guided aggregation, via linguistic summaries, to obtain
a concise description of documents, and show its use in text categorization.
Keywords: text categorization, fuzzy linguistic summaries
1. Introduction
Text documents play more and more important a role in corporate practice because an overwhelming majority of data used in organizations and companies is of a textual form. This importance of tech documents is amplified by the fact that a huge amount of text information produced
and available in the Internet that is more and more employed as a source of crucial source of data
in practical applications.
The above mentioned importance of textual documents and a glut of textual information implies a need to develop tools and techniques that could retrieve information from textual documents that could be useful for various tasks exemplified by data mining and knowledge discovery,
decision support, etc.
An initial stage in the utilization of textual documents is their categorization, i.e. their assignment to appropriate categories as, for instance, business, finances, agriculture, industry, etc.
Text categorization may be meant more generally than a pure classification problem. For example, a concise description of a collection of text documents may be valuable. Though at
a semantic level this is related to information extraction and text summarization, a a concise description may be useful even when referring to a lower level characteristics of documents (e.g., in
terms of keywords, their frequencies of occurrence, etc.). In respect to a concise description of
a set of documents, a relatively new and promising technique is the linguistic summarization. This
paper presents an application of this new technique for the purposes of information retrieval, notably text categorization.
2. Linguistic summarization of data
The purpose of linguistic summarization is to provide means for an intuitive, humanconsistent description of a group of objects. A linguistic summary may be exemplified by:
“Many orders have a low commission”
(1)
“Most of the young employees have high salary”
(2)
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and was introduced by Yager (cf., e.g., [22]) and further developed by many authors including
Kacprzyk and Yager [9], Kacprzyk, Yager and Zadrony [10], Kacprzyk and Zadrony [12].
Formally, such linguistic summaries may be conveniently expressed using Zadeh’s [25] linguistically quantified propositions as, respectively:

Qy ' s are S

(3)

QRy ' s are S

(4)
with: Y={y1,…,yn} - a set of objects to be summarized, e.g. the set of workers. A={A1,…, Am} –
a set of attributes characterizing y’s from Y, e.g. salary. Aj(yi) is a value of Aj for yi.
A linguistic summary of a data set Y consists of: (a) a quantity in agreement Q, i.e., a linguistic quantifier (e.g. “many”), (b) a summarizer S, i.e., an attribute Aj together with a linguistic term
defined on its domain (e.g. “low commission” for attribute “commission”), (c) optionally,
a qualifier R, i.e., another attribute Ak together with a linguistic term defined on its domain determining a (fuzzy subset) of Y (e.g. “young” for attribute “age”), (d) truth (validity) T of the summary, i.e., a number from the interval [0, 1] assessing truth (validity) of the summary (e.g. 0.7),
and may be, therefore, represented as a quadruple (Q, S, R, T).
Using Zadeh's [25] fuzzy-logic-based calculus of linguistically quantified propositions,
a (proportional, nondecreasing) linguistic quantifier Q is a fuzzy set in the interval [0,1] as, e.g.

for x ≥ 0.8
1
°
µQ ( x) = ®2 x − 0.6 for 0.3 < x < 0.8
°0
for x ≤ 0.3
¯

(5)

Then, the truth (validity) of (3) and (4) are calculated, respectively, as

truth(Qy ' s are S ) = µQ [ 1n ¦in=1 µ S ( yi )]
truth (QRy ' s are S ) = µQ [¦in=1 ( µ R ( yi ) ∧ µ S ( yi )) / ¦in=1 µ R ( yi )]

(6)
(7)

Both, summarizer (S) and qualifier (R) are assumed above in a rather simplified, atomic form
referring to just one attribute. They can be extended to cover more sophisticated summaries involving some confluence of various attribute values as, e.g, "young and well paid".
One can also use other methods of the linguistic quantification as the OWA operators (cf.
Yager and Kacprzyk and Dubois et al.’s OWmin, and even generalized quantifiers, cf. [6] or [7]).
Summaries may be formulated “manually” and, possibly, verified autdomatically on the set of
objects. In data mining, more attractive is an automatic mining of linguistic summaries. Here,
linguistic summaries are meant as succinct descriptions of categories of documents in terms of
keywords (terms, tokens). The system produces automatically a set of linguistic summaries for a
given set of test documents belonging to a category (categories), but they may be modified/extended by a human operator. We discuss an application based on the vector space model
with documents represented as vectors of keywords (their weights in documents).
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However, even more attractive from the point of view of manual manipulations of description
of categories is a representation referring to the concepts dealt with in a document. In such a case,
linguistic summaries may take into account hierarchies of concepts.
Kacprzyk and Zadrony [11] review a number of approaches for the derivation of linguistic
summaries with the use of efficient algorithms for association rules mining which seems to be
promising. It makes possible to derive linguistic summaries in a slightly simplified form (basically, both qualifiers and summarizers have to be conjunctions of atomic conditions), however it
offers efficient algorithms. In this approach an interpretation of the following generalized and
fuzzified forms of association rules are employed, respectively:
A1 IS f1∧...∧An IS fn  An+1 IS fn+1∧...∧An+m IS fn+m

(8)

(9)
(Q, An+1 IS fn+1∧...∧An+m IS fn+m, A1 IS f1∧...∧An IS fn, T)
with fi’s denoting linguistic terms in the domain of Ai, while Q and T are determined by a so-called
confidence measure of the association rule (8) – cf. [11] and references therein.
The number of derived linguistic summaries may be huge. We adopt the following pruning
scheme for summaries of type (6): a summary (Q1, S1, R1, T1) is pruned if there exists another
summary (Q2, S2, R2, T2) satisfying: R1 subsumes R2, S2 subsumes S1, Q1 ⊆ Q2. This leads to
a substantial, lossless reduction of the number of rules.
3. Using linguistic summaries in text categorization
Text categorization is a special case of classification. We denote: D = {di}i=1,N- a set of text
documents, C = {ci}i=1,S - a set of categories, Ξ: D×C→{0,1}- assignment of categories to documents, T = {tj}j=1,M- a set of terms. Additionally, a set of training documents is considered, i.e.,
such a set D1 ⊂ D that Ξ(d,c) is known for d∈D1 and any c∈C
The documents are usually represented by a function: F: D × T  [0, 1], i.e. a document is
represented as a vector: di → [w1,...,wM], wj = F(di,tj), di ∈ [0,1]M where each dimension corresponds to a term and the value of wj (weight) determines to what extent a term tj∈T is important
for the description of the document. A popular function F is a tf×idf function F(di,tj)=fij∗ log(N/nj)
where fij is the frequency of a term tj in a document di and nj is a number of documents containing
term tj. We assume a normalized tf×idf. A richer structure of documents may be taken into account
as discussed in Section 4.
Often, some additional assumptions are made about C and/or Ξ as, e.g., C contains just two
categories and exactly one category is assigned to a document. We adopt here the most general
case of multiclass multilabel categorization without these restrictions on C or Ξ.
Many classifier algorithms may be applied, including rule-based systems, decision trees, neural networks, etc, cf., e.g., [17]. Since we need to aggregate partial results obtained when particular
terms are taken into account separately, one can apply linguistic quantification. In [27, 29] we used
the classic Rocchio algorithm with learning consisting in computing a centroid vector for each
category of documents. Then, in classification, a document is classified to a category whose centroid is most similar to this document. As the categories (their centroids) represent many documents, one should not expect a match between a centroid and a document along all dimensions.
More reasonable is to formulate a requirement that along most of the dimensions there is a match.
This may be formalized using the following linguistically quantified proposition: “A document
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belongs to a category if most of the important terms present in the document are also present in
the centroid of the category”.
On the other hand, usually the classifiers compute for each document and category a matching
degree that yields an ordered list of categories for each document. If just one category is to be
assigned, it is natural to choose the one with the highest rank. In multilabel categorization the
classifier has to decide how many of top ranked categories should be assigned to a document. This
is referred to as a thresholding strategy problem (cf., e.g., [27]). We can: choose a fixed number of
top ranked categories for each document; assign such a number of documents to each category so
as to preserve a proportion of the cardinalities of particular categories in the training set; or assign
a category only if its matching score is higher than a fixed threshold. We proposed some approaches for thresholding strategy [27] based on linguistic quantification. One is to choose such a
threshold r that „most of the important categories had a number of sibling categories similar to
r in the training data set". By a sibling category for a category ci we mean a category that is assigned to the same document as category ci. Another approach may be: "Select such a threshold
r (rank) that most of the important categories are selected and most of the selected categories are
important". A rank threshold is selected for each document d separately.
4. Using linguistic summaries for text categorization
Linguistic summaries were originally meant for databases that usually feature a strictly determined structure with clearly identified attributes and their domains. Thus, summaries are welldefined knowing the schema with additional metadata as a dictionary of relevant linguistic terms
(cf., e.g., [9, 10]). Text documents usually lack a strict structure and are much less suitable for
standard mining techniques, including linguistic summaries. However, as we focus here on the text
documents available in the Internet, the situation is more promising because most of such documents reveal some structure, notably since HTML is employed which secures a certain degree of
structure of compliant documents (especially XHTML). More and more documents available and
exchanged via Internet follow XML specifications which support quite a rich and well defined
structure. This makes possible to distinguish different parts of documents that may be important
for text categorization. Thus, starting with the vector space model and assuming a structure of
documents and basic metadata (like name of the file, date of creation, etc.), one has a rich description of text documents.
We assume the model of Internet-based documents by Bordogna and Pasi (cf. e.g., [3]).
A document is divided into sections (parts). For typical HTML documents at least TITLE and
BODY sections are usually present. Let P={pk}k∈[1,K] be a set of sections (parts). Then, a document
is represented as the vector di=(di11,...,diKN), where dikj denotes the weight of term tj in section k of
document di. Thus, dikj’s are computed by a function F: D × P × T  [0, 1], and (cf. [3]) it may be
proper to use different forms of F for different parts of a document. For example, for a title section, usually containing just a few terms, it may be better to assume the Boolean indexing, i.e. to
assign the weight 1.0 to all terms appearing there.
For simplicity, we assume one-level structured documents. Higher-level structured representation (i.e., where a hierarchy of parts is considered) may be more appropriate when a collection of
fairly homogeneous semi-structured documents is considered. For higher-level structured documents, Bordogna and Pasi [3] postulate the use of aggregation operators, possibly linguistic quantifiers. That is, when computing F, the formula corresponding to, e.g., tf×idf, is used directly only
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for triples (di,pk,tj) such that pk is a lower level part. For other triples, F(di,pk,tj) is calculated as an
aggregation of F(di,pl,tj) for all such l’s that pl is nested in (more precisely: is a child of) pk. Thus,
such an approach gives another opportunity for the use of linguistic quantification. In learning
algorithms used for classifier construction, linguistic quantifiers (or other aggregation operators)
may be tuned (learned) during the training phase.
Thus, we convert a set of original text documents into vectors of term weights from [0,1].
These may be accompanied by information on category (class) belonginess of given document, if
available. To reduce the term set we perform typical operations of stopword elimination and
stemming. We obtain a counterpart of a set of numerical data typically dealt with using data mining techniques, including linguistic summarization. A text document may be here interpreted as
a transaction with terms corresponding to items. Thus, we have a natural setting for the mining of
association rules.
We derive linguistic summaries by mining fuzzy association rules. First, we translate crisp
data replacing original weights (from [0,1]) with linguistic labels that best match them. We are
interested only in terms with high weights, so we use the following dictionary of linguistic labels:
“very important, important, somewhat important“ which are defined as trapezoidal fuzzy numbers
on [0.5, 1.0]. The actual shape of their membership functions depends on the distribution of
weights in the analyzed set of documents.
Depending on the purpose of linguistic summarization we derive a set of linguistic summaries
for a set of documents representing one category or various categories. The former may be useful
in case of simple filtering of information, while the latter for a regular categorization of documents. Linguistic summaries derived in the former scenario may also be useful per se – as a description of given set of documents, not necessarily assigned to a specific category. Scenarios in
which linguistic summaries are applicable may be summed up as follows.
4.1. Regular text categorization
We also prune the rules which have the same basic form for most of the categories. A “soft”
pruning may be done via the reduction of a validity degree of such rules through a formula similar
to the IDF for terms weighting.
For text categorization the most useful are summaries referring to the category attribute.
Moreover, in this context, fuzzy association rules are more obviously applicable – without any
further re-interpretation via linguistic summaries. Thus, first of all, rules of the type:
A1 IS f1∧...∧An IS fn  Category=c
(10)
are sought.
Derivation of such (crisp) rules for classification is advocated in [13]. They form a set of sufficient conditions for the belongingness of a document to a given category. However, such rules
are valid only to some extent – expressed as a confidence measure or a combination of a linguistic
quantifier Q and a validity degree T in terms of association rules and linguistic summaries, respectively. Thus, such a rule may be interpreted as setting the lower bound for the belongingness of
a document to category c equal to conjunctively combined degrees of truth of the rule antecedent
and rule’s validity:

µc(d) ≥ truth(A1 IS f1 ∧...∧ An IS fn) * T

(11)
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where truth(⋅) denotes the (degree of) truth of the antecedent of the rule for document d (i.e., how
well weights of particular terms in d match labels Ai), and T is validity of the rule. The (11) for the
lower bound may be derived by interpreting an association rule pÆq in the spirit of conditional
probability, i.e. truth(p  q) = truth(p∧q)/truth(p), where truth(s) refers to the cardinality of objects verifying s, that is truth(p  q) directly corresponds to the way confidence measure for an
association rule is computed. Then, as truth(p∧q) ≤ min (truth(p), truth(q)) (which is obvious in
probability theory and also as a general constraint valid for any t-norm ∧) we immediately obtain
(11). The formula (11) may also be obtained via the interpretation of an association rule as a fuzzy
implication in the sense of Gougen, i.e.,
truth(pq)

= for p ≤ q
= truth(q)/truth(p)
elsewhere
(12)
Also rules corresponding to the necessary conditions of belongingness, i.e.:

Category=c ∧ A1 IS f1∧...∧An IS fn  An+1 IS fn+1∧...∧An+m IS fn+m (13)
are worth considering. Obviously, they are also approximate and may be interpreted as setting the
upper bound for belongingness of a document to category c:

µc(d) ≤ truth(An+1 IS fn+1∧...∧An+m IS fn+m) / T
provided that
truth(A1 IS f1 ∧...∧ An IS fn)

14)

≥ truth(An+1 IS fn+1∧...∧An+m IS fn+m) / T (15)

assuming T ≥ 0, which is trivially verified by association rules usually derived using quite a high
confidence measure requirement. If in (13) only the part Category=c appears, then condition (15)
should be assumed trivially verified and (14) applies.
Thus, we disjunctively combine the lower bounds produced by rules (10) and conjunctively
the upper bounds resulting from relevant rules of type (13). In case of inconsistent lower and upper
bounds no conclusion may be drawn about belongingness of a document to a category. In order to
avoid such cases, instead of a conjunctive/disjunctive aggregation of bounds some softer, linguistic
quantifier guided, schemes of aggregation may be adopted.
4.2. Filtering/routing of documents
One important example of application of the tools and techniques proposed may be to use the
linguistic summaries derived (without a category attribute) both to filter out relevant documents
and to interactively modify his/her profile. The former is through checking for a new document if
it satisfies the linguistic summaries derived. The rules are meant more to describe a given category
of documents – a primary task linguistic summaries were conceived for – than to discriminate
among various categories. The latter is limited by operating on the level of terms (keywords).
A further development towards linguistic summaries based on concepts and possibly supported by
a thesaurus (or ontology) of relevant concepts will here be relevant.
4.3. Comparison of sets of documents
We consider now the problem of how to compare two collections of documents if they are related to the same topic (category, class). The comparison between the summaries derived is possi-
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ble but, clearly, more difficult. First, identical summaries are identified. Further, also some relations between summaries (e.g., subsumption) may be exploited.
4.4. Remarks on related works
The use of association rules for classification, a technique used to derive linguistic summaries,
was proposed and implemented by Liu et al. [18]. Antonie and Zaïane [1] adopted that approach to
text categorization. Hu et al. [8] proposed the use of fuzzy association rules for classification, and
Feldman and Hirsh [5] proposed a system (FACT).
5. Concluding remarks
We consider text categorization meant as an automatic assignment of a text document, characterized by keywords, into some categories. We employ a linguistic quantifier guided aggregation,
in the form linguistic summaries, to obtain a concise description of documents, and show its use in
text categorization. We mentioned that the tools and techniques proposed are relevant in corporate
practice in which an overwhelming majority of data items is of a textual character.
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