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Abstract
Numerous data mining techniques have been proposed for mining useful patterns in text documents. However, how to effectively use
and update discovered patterns is still an open research challenge, particularly in the domain of text mining. Since most existing text
mining methods adopted term-based approaches, they all suffer from the problems of polysemy and synonymy. Over the years, people
have often held the hypothesis that pattern (or phrase)-based approaches should perform better than the term-based ones, but many
experiments do not support this hypothesis. This paper presents an innovative and effective pattern discovery technique which includes
the processes of pattern deploying and pattern evolving, to improve the effectiveness of using and updating discovered patterns for
finding relevant and interesting information. Substantial experiments on RCV1 data collection and TREC topics demonstrate that
the proposed solution achieves encouraging performance.
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I. Introduction
The field IR deals with the representation, storage of and access to
information items. Modern IR is the most usual way of information
access, mostly due to the increasing widespread of the World
Wide Web (WWW). The concept of information in this context
can be very misleading, as it is strongly bound to a user’s request.
IR systems are posed a user information need, normally in the
form of a query, and they must return the whereabouts of pieces
of information related to this enquiry, normally in the form of
documents. IR systems present the information solely as a ranking
of documents, whereas other systems, like Question-Answering
(QA), might further elaborate this presentation with an ulterior
process. The inherent subjective facet inside a user’s interest
implies that the problem of satisfying a user information need is
always going to be open.
In this context, IR deals with the problem of finding and presenting
documents of unstructured data that satisfy information need
from within collections of documents. There are some points in
the definition that need clarification. First of all, unstructured
refers to data which have a semantically arbitrary structure, that
can be conveyed unambiguously to a computer, as opposed to
a relational database for instance. The term document refers to
the granularity of the information presented to the user. It can
represent abstracts, articles, Web pages, book chapters, emails,
sentences, snippets, and so on. Moreover, the term document is
not restricted to textual information, as users may be interested
in retrieving and accessing multimedia data, like video, audio or
images. Collection refers to a repository of documents from which
information is retrieved. A user information need, also referred to
as query, must be ‘translated’ in order for an IR system to process
it and retrieve information relevant to its topic. This ‘translation’
is usually made by extracting a set of keywords that summaries
the description of information need. Lastly, the presentation of
the information must be in such a way that facilitates the user to
find the documents that he is interested in. A good IR system must
support document browsing and filtering tasks for facilitating a
user’s retrieval experience.
IR systems may be general or specialised with regard to the
amount and type of data they have to scale up to, each facing
© 2014, IJARCST All Rights Reserved

different challenges. Examples of general IR systems are the
widely available Web Search Engines (WSE) that process billions
of heterogeneous Web documents. Examples of specialised IR
systems are email retrieval systems or Desktop search systems
integrated in modern Operating Systems (OS).
This issue of IR scalability is the main topic of interest of this
paper IR system must provide responses to user queries efficiently,
and they must do it fast. IR systems need to be fast because of the
exponentially increasing amount of information that is available
for retrieval today. In fact, today’s technological advancements
have allowed for vast amounts of information to be widely
generated, disseminated, and stored. This has rendered the retrieval
of relevant information a necessary and cumbersome task, which
requires effective and efficient systems.
Text mining is the discovery of interesting knowledge in text
documents. It is a challenging issue to find accurate knowledge
(or features) in text documents to help users to find what they
want. In the beginning, Information Retrieval (IR) provided many
term-based methods to solve this challenge, such as Rocchio
and probabilistic models [4], rough set models [23], BM25 and
support vector machine (SVM) [34] based filtering models. The
advantages of term based methods include efficient computational
performance as well as mature theories for term weighting, which
have emerged over the last couple of decades from the IR and
machine learning communities. However, term based methods
suffer from the problems of polysemy and synonymy, where
polysemy means a word has multiple meanings, and synonymy
is multiple words having the same meaning. The semantic meaning
of many discovered terms is uncertain for answering what users
want.
We also conduct numerous experiments on the latest data collection,
Reuters Corpus Volume 1 (RCV1) and Text Retrieval Conference
(TREC) filtering topics, to evaluate the proposed technique. The
results show that the proposed technique outperforms up-to-date
data mining-based methods, concept-based models and the stateof-the-art term based methods.
We ask that authors follow some simple guidelines. In essence,
we ask you to make your paper look exactly like this document.
The easiest way to do this is simply to download the template,
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Table 1: A Set of Paragraphs

and replace the content with your own material.
II. Information Retrieval Process
IR systems must cope with at least three different processes. The
process of information retrieval is shown in fig-1
• Representing the content of documents.
• Representing a user’s information need.
• Comparing both representations.

IV. Pattern Taxonomy Model
In this paper, we assume that all documents are split into paragraphs.
So a given document d yields a set of paragraphs PS (p). Let D
be a training set of documents, which consists of a set of positive
documents, D+; and a set of negative documents, D-. Let T {t1; t2;
. . . ; tm} be a set of terms (or keywords) which can be extracted
from the set of positive documents, D+.
Given a term set X in document d X’ is used to denote the covering
set of X for d, which includes all paragraphs dp€ PS (d) such that
X € dp i.e X’ {dp|dp € PS (d), X € dp}
Fig 1: Process of information retrieval
The process of representing the content of documents is also called
indexing.
III. Related Work
In [3], data mining techniques have been used for text analysis
by extracting co-occurring terms as descriptive phrases from
document collections. However, the effectiveness of the text
mining systems using phrases as text representation showed no
significant improvement. The likely reason was that a phrasebased method had “lower consistency of assignment and lower
document frequency for terms” as mentioned in [18].
Term-based ontology mining methods also provided some thoughts
for text representations. For example, hierarchical clustering [28],
[29] was used to determine synonymy and hyponymy relations
between keywords. Also, the pattern evolution technique was
introduced in [25] in order to improve the performance of termbased ontology mining.
For the challenging issue, closed sequential patterns have been
used for text mining in [51], which proposed that the concept of
closed patterns in text mining was useful and had the potential
for improving the performance of text mining. Pattern taxonomy
model was also developed to improve the effectiveness by
effectively using closed patterns in text mining. In addition, a
two-stage model that used both term-based methods and pattern
based methods was introduced in [26] to significantly improve
the performance of information filtering.

supr (X)=|X’|/ |PS(d)|.
A term X is called frequent pattern if it supr ≥ min_sup, a minimum
support.

Table 1 lists a set of paragraphs for a given document d, where PS
(d) = {dp1; dp2; . . . ; dp6}, and duplicate terms were removed.
Let min_sup= 50%, we can obtain ten frequent patterns in table 1
using above definitions. Table 2 illustrates the ten frequent patterns
and their covering sets.
Not all frequent patterns in Table 2 are useful. For example, pattern
ft3; t4g always occurs with term t6 in paragraphs, i.e., the shorter
pattern, {t3; t4}, is always a part of the larger pattern, ft3; t4; t6g,
in all of the paragraphs. Hence, we believe that the shorter one,
ft3; t4g, is a noise pattern and expect to keep the larger pattern,
{t3; t4; t6}, only.
Table 2: Frequent Patterns and covering sets.

Patterns can be structured into a taxonomy by using the is-a (or subset)
relation. For the example of Table 1, where we have illustrated a set of
paragraphs of a document, and the discovered 10 frequent patterns in
Table 2 if assuming min sup = 50%. There are, however, only three closed
patterns in this example. They are <t3; t4; t6>, <t1; t2>, and <t6>.
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Fig. 2: illustrates an example of the pattern taxonomy for the
frequent patterns in Table 2.
Where the nodes represent frequent patterns and their covering sets;
non closed patterns can be pruned; the edges are “is-a” relation.
After pruning, some direct “is-a” retaliations may be changed, for
example, pattern ft6g would become a direct subpattern of ft3;
t4; t6g after pruning non closed patterns.

Smaller patterns in the taxonomy, for example pattern {t6}, (see Fig. 1)
are usually more general because they could be used frequently in both
positive and negative documents, and larger patterns, for example pattern
{t3; t4; t6}, in the taxonomy are usually more specific since they may be
used only in positive documents. The semantic information will be used in
the pattern taxonomy to improve the performance of using closed patterns
in text mining, which will be further discussed in the next section.

V. Pattern Deploying Method
In order to use the semantic information in the pattern taxonomy
to improve the performance of closed patterns in text mining, we
need to interpret discovered patterns by summarizing them as
d-patterns (see the definition below) in order to accurately evaluate
term weights (supports). The rationale behind this motivation is
that d-patterns include more semantic meaning than terms that are
selected based on a term-based technique (e.g., tf*idf). As a result,
a term with a higher tf*idf value could be meaningless if it has not
cited by some d-patterns (some important parts in documents).
The evaluation of term weights (supports) is different to the
normal term-based approaches. In the term-based approaches,
the evaluation of term weights is based on the distribution of terms
in documents. In this research, terms are weighted according to
their appearances in is covered closed patterns.

Fig. 3: Algorithm 1: PTM (D+, min_sup).

Table 3: Comparison of All Methods on the First 50 Topics

PTM (IPE) versus Other Models
The number of patterns used for training by each method is shown
in Fig1. The total number of patterns is estimated by accumulating
the number for each topic. As a result, the figure shows PTM
(IPE) is the method that utilizes the least amount of patterns for
concept learning compared to others. This is because the efficient
scheme of pattern pruning is applied to the PTM (IPE) method.
© 2014, IJARCST All Rights Reserved
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Nevertheless, the classic methods such as Rocchio, Prob, and
TFIDF adopt terms as patterns in the feature space; they use much
more patterns than the proposed PTM (IPE) method and slightly
less than the sequential closed pattern mining method. Particularly,
nGram and the concept-based models are the methods with the
lowest performance which requires more than 15,000 patterns
for concept learning. In addition, the total number of patterns
obtained based on the first 50 topics is almost the same as the
number obtained based on the last 50 topics for all methods except
PTM (IPE).
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VI. Conclusions
There are many data mining techniques have been proposed in
the last decade. These techniques include association rule mining,
frequent item set mining, sequential pattern mining, maximum
pattern mining, and closed pattern mining. However, using these
discovered knowledge (or patterns) in the field of text mining
is difficult and ineffective. The reason is that some useful long
patterns with high specificity lack in support (i.e., the low-frequency
problem). We argue that not all frequent short patterns are useful.
Hence, misinterpretations of patterns derived from data mining
techniques lead to the ineffective performance. In this research
work, an effective pattern discovery technique has been proposed
to overcome the low-frequency and misinterpretation problemsfor
text mining. The proposed technique uses two processes, pattern
deploying and pattern evolving, to refine the discovered patterns in
text documents. The experimental results show that the proposed
model outperforms not only other pure data mining-based methods
and the concept based model, but also term-based state-of-the-art
models, such as BM25 and SVM-based models.
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