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ABSTRACT

better candidate than frequent patterns [1] for text categorization, since they can provide much better coverage of
objects and have a computational advantage. In addition,
we develop an algorithm for text categorization using hyperclique patterns. In this algorithm, we explore two design
issues. First, we exploit a new way of removing redundant
rules. Second, we integrate feature selection into the ruleextraction procedure. Finally, our experimental results show
that our approach has a better performance than existing
methods in terms of both computational performance and
the classiﬁcation accuracy.

The use of association patterns for text categorization has
attracted great interest and a variety of useful methods have
been developed. However, the key characteristics of patternbased text categorization remain unclear. Indeed, there are
still no concrete answers for the following two questions:
First, what kind of association patterns are the best candidate for pattern-based text categorization? Second, what is
the most desirable way to use patterns for text categorization? In this paper, we focus on answering the above two
questions. Speciﬁcally, we show that hyperclique patterns
are more desirable than frequent patterns for text categorization. Along this line, we develop an algorithm for text
categorization using hyperclique patterns. The experimental results show that our method provides better performance than state-of-the-art methods in terms of both computational performance and classiﬁcation accuracy.

2.

ALGORITHM DESIGN ISSUES

Vertical Pruning with General-to-Specific Ordering. Given two rules R1 : I1 ⇒ c, and R2 : I2 ⇒ c, R1 is said
more general than R2 and R2 is said a speciﬁc rule of R1 ,
if and only if I1 is a subset of I2 . Also, there is a generalto-speciﬁc (g-to-s) ordering between R1 and R2 . The g-to-s
pruning strategy [4, 6] compares rules having g-to-s ordering
and removes more speciﬁc but less accurate one. However,
it is computationally expensive to check the g-to-s relationship between rules. If association patterns are stored in a
preﬁx tree [6, 4], rules along both the vertical direction and
the horizontal direction can exhibit super-subset relationships. The vertical check only needs one pass of depth ﬁrst
traversing over the whole tree for all branches while the horizontal check needs multiple passes traversing over the whole
tree for each rule node in the tree. So, we only eliminate
ineﬀective speciﬁc rules along vertical direction, and defer
the pruning step along horizontal direction until the classiﬁcation time. If multiple rules exhibiting g-to-s ordering
cover the test instance simultaneously, we only select the
best matching rule for the test instance. After the next sequential covering step in the training stage, the number of
rules will be greatly reduced, so the testing time will not
increase too much. In this way, we make a balance between
the training and testing time.
Integrating Feature Selection with Rule Pruning
Traditionally, feature selection has been used as an independent data preprocessing procedure. However, this tradition
way to use feature selection is not eﬀective for ATC, since
the predetermined features may not be frequent items and
can be pruned before they are used for text categorization.
In our method, we integrate feature selection into the rule
extraction procedure. Once the measures of each rule have
been computed, the feature selection metric can be derived
without extra computation as an additional procedure.
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1. INTRODUCTION
Text categorization is a key technique for processing and
organizing text documents. Text categorization techniques
are often used to classify news stories and to guide a user’s
search on the Web. Recently, there has been considerable
interest in using association patterns [1] for text categorization [4, 7, 8]. This is known as Associative Text Categorization (ATC). A key beneﬁt of ATC is to produce semanticaware classiﬁers which include understandable rules for text
categorization. While several interesting algorithms have
been developed, further investigation is needed to characterize ATC with respect to the following two issues:
1. What kind of association patterns are the best candidate for associative text categorization?
2. What is the most desirable way to use association patterns for text categorization?
The goal of this work is to address the above two issues.
Indeed, we illustrate that the hyperclique patterns [9] is a
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pruning method. In this experiment, the ’Pure’ version
does not have any g-to-s pruning. Also, the ’Complete’ version has a complete pruning. Finally, the ’Vertical’ version
adopts a g-to-s pruning only along vertical paths in the preﬁx tree. We investigated the computational performance
of the above three approaches. Due to space limitation,
we only show the results on W ebKB while similar results
were also observed on Reuters and 20N G. Figure 2 shows
the training time of three approaches. We can see that the
complete approach (curve C) is extremely time-consuming
compared to the other two approaches. We also observe that
the diﬀerence between P ure (curve P ) and V ertical (curve
V ) is not signiﬁcant.
Table 1: Best Results of ATC-HPs
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Figure 1: A Comparison of ATC using FIs and HPs
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3. EXPERIMENTAL EVALUATION
We conducted experiments on three real-world data sets
including Reuters, 20N ewsGroup (20N G), and W ebKB,
which are widely used in text categorization research [4, 7,
8]. All experiments were performed on a PC with 1.7GHz
CPU and 1Gbyte of memory running Windows 2000.

3.3

Earlier research [5] has revealed that text categorization
can beneﬁt from larger vocabulary size. This is also true for
associative text categorization. In other word, we have to
increase the coverage of objects (vocabulary) by association
patterns for a better performance of ATC. However, for frequent pattern mining, the increase of the coverage is at the
cost of losing eﬃciency. Indeed, the cost of frequent pattern
mining becomes extremely expensive if support thresholds
are very low. To this end, we use hyperclique patterns (HPs)
instead of frequent itemsets (FIs) as candidates for ATC. We
choose HPs for two reasons: 1) HPs include objects which
are strongly related to each other [9]. 2) HPs can be identiﬁed at very low levels of support thresholds, so HPs can
provide better coverage of objects than frequent patterns.
Figure 1 shows that the training time of ATC-HPs is signiﬁcantly less than that of ATC-FIs on all observed data
sets. The computation savings become more dramatic when
minsup decreases. This indicates that, with the help of hypercliques, we can get better results with a larger vocabulary
size by setting lower support thresholds, especially for the
sparse data set such as 20NG.
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Table 1 shows the classiﬁcation results using ATC-HPs
on three data sets. In the table, we can observe that our
classiﬁcation performance on Reuters is much better than
currently reported overall best results in [3]. Also, our result
on 20N G is comparable to the value (around 76%) obtained
in [10]. As for WebKB, we used C-SVC in LIBSVM [2] as
the SVM tool and chose RBF as the kernel function. The
best result of 89.68% by SVM is worse than that of ATCHPs. More importantly, in addition to a training time of 328
seconds, SVM needs a feature selection procedure, which
takes up to 83 seconds. In contrast, the total training time
by ATC-HPs is only 105 seconds.

3.1 The Choices of Association Patterns
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Figure 2: A Time Comparison of Pruning Methods

3.2 The Effect of Rule-Pruning Methods
Here, we evaluate the performance of the proposed rule-
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