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. ABSTRACT

Text based classification is the process to classify
the documents into pre-defined categories based on
their content. The task of data mining is to classify

 the documents autornatically into oredeﬁned classes

based on their content. Existing supervised learning

algorithms are to classify text need sufficient™ =~

documents to learn accurately. This paper presents a
new algonthm for text classification usmg data
rnmmg that requtres fewer documents for trammg
'_ Instead of usmg words, word relatlon ie the
association rules from these words, is used to derwe
_ feature set ﬁom pre-classnf' ed text documents News
Group clata set consists of twenty thousand message
is one whlch is w1dely used. Cdlculate the dlstance
to classnfy the test samples Before class:ﬁcatlon
_ mltlally the reduced feature set is recelved from TF!
I.DF method wlueh was dtscussed already in theour
: earher work Fmally, the assoclatlon rules are: formed

: b,' prror Algonthm and term sets are also formed

Keytt'*ords : Text.Categdrimtion; ‘Association rule,

ApriorAlgorithm: . 0 el D
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L. INTRODUCTION

The volume of information is continued to increase,
better finding, filter and manage these resources. Text
categorization is the assignment of natural language
" documents to one or more predefined categories based
on their semantic content which is an important
. component in many informational organization and
management tasks.rAutomatic text categorization task
can play an important role in a wide variety of more
flexible dynamic and personallzed tasks as well as real
time sortmg of email or ﬁles the document management
systems search engmes dlgltal libraries. Many
_class:ficatron methods have been applled to Text
Categonzatron, for example, Nalve Bayes Pmbabrlrstlc
CIassrf iers[1], Deersrontxeeclassrﬁexs [2] Regress:on_
methods [3} Neural thwork (4], Knn classlﬁers [3 5]
& Support Vector Machme(SVM)[G] In many
applrcauons, dynarmcally mining Iarge web reposnones
the computatlonal eﬁiclency of these schemes is often
the key element to be considered. Sebastiani pomted
out 1n hls survey on text categonzatlon [7] Assoclatton
Rulc Mtnmg can also play an 1mportant role in
d;scovenng knowledge [8} It atms to extract mtcrcstmg
correlatlons, frequent patterns, assocrat:ons or casual
.structures among sets of ttems m the transactlon
databascs orotherdata teposrtones [9] Assoclatron Rule
, of data mlmng mvolves plckmg out the unknown
interdependence of the data and finding outrtll_e.rules
between those items [10]. Agrawal introduced
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Association rules Point of Sale (POS) systems in
supermarkets. A rule is defined as an implication of the
form A=>B, Where A&!B*“@ the lefi-hand side of the
‘ rule is catled as antecedent. The right-hand side of the

rule is called as consequent. [10]

This paper is organized as following. The second
- section gives an overview of Text Categorization with
Association Rule. In the third section, introduce a
new Text Categorization approach with apriori
Algorithm. Experimental results are described .in
Section four, the research and future..work_:are

summarized the fifth section.
1. AssociaTion RULE MINING

' JSince the presentation of Association Rule Mini.ng
by Agrawal, Imielinski and Swami in their paper
“Mining association rules between sets of items in

large databases” in 1993 [11], this arca remamed
| one of the most actrve research areas in machme
learnmg and knowledge dlsoovery Presently,
Assoolatron Rule Mrmng is one of the most important
tasks in data mining. It is considered as a strong tool
for market basket analysis that aims to investigate
the shoppmg behavior of customers in hopmg to ﬁnd
regularltres (1 l} Assocratlon Mmmg is one of the
most 1mportant data mmmg s functronalrtres and it
is the most popular techmque whlch has been studled
_by researchers Extractmg assocratron rule is the hub

of d tamunng [12] Iti is mmmg for assocratron rules

“.in database of sales transactions between the rterns
whrch is 1mportant field of the research in dataset
The proﬁts of these rules are detecting unknown

relationships, producing results which can perform

basis for decision making and prediction [12]. The
discovery of association rules is divided into two
phases [13]. In the first phase, every set of items is
called item set, if they occurr together greater than
the minimum support threshold [14], this item set is
called frequent item set. Finding regular item sets is .
easy but costly, so this phase is more important than
second phase. In the second phase, it can generate
many rules from one item set as in form, if item set
{1, 12 13}, its rules are {I1_ 12, 13}, {12 11, B},
{I3_ll, 12}, {11, 12_13}, {11, l3_ll |3 {12, 13 11},
number of those rules is n2-1 where n= numher of
items. To validate the rule (eg X_Y),_\r_l'here X and
Y are items, based on conﬁdence.threshold \t'hich
determine the ratio of the trans'actions_' which contain
X and Y to the transactions A% which oontain X
this means that A% of the u'ansactlons which contam
X also contam Y. The minimum support and the
conﬁdenoe are deﬁned by the user whlch represents
constramt of the rules. So the support and conﬁdence
thresholds should be applied for allthe _rules to prune
the rules which values less than thresholds values.
The problem that is addressed into association mining
is finding the association among different items from

large set of transactions efficiency [12].
ML InTrRODUCTION OF AN APRIORI ALGORITHM

Thls is also referred asa fastAlgonthm m mmm'7
frequent rtem sets. and assoolanons The mam
objective of apriori Algorlthm is to uncover ludden
information that is the major goal of data mining, lt
was first introduced in 1993, Association Rules

Mining is a very popular data mining technique and
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it finds relationships among the different entities of
records (for example, transaction records). Since the
introduction of ﬁ'equént item sets in 1993 by Agrawal
etal. [15], itreceived a great deal of attention in the
field of knowledge discovery and data mining.
Association mining using apriori Algorithm is

fondamentally based on the principle of

% Numerous item set generation: Generate all

item sets with support>= min-support.

* Rule generation: Generate high confidence

‘rules from each frequent item set.
A. Classical Apriori Algorithm

Join Ste'p: -Ckis genérated by joining Lk-1"with
itself. |

Prune step: - Any (k-1) -itemset that is not frequent

cannot be a subset of a frequent k-1 itemset
\Vherc,' _

Gy Candidato tomset of sizo
},k:__FreFI_t{gnt itcfmset o‘__f_si_zc‘_k_

‘L= {frequent items};

for(k=1; L 1= f;’kH—) &o"begin

.. = candidates gonerated from L,
foreach trétnsaction t in database do

increment the counit of all candidates in C,,, thatare

contained int

'L,,,=candidates in C,,, with min_support

end
return Ek L,

B. Draw Backs in the Apriori Algorithm:
% Over fitting
* Poor comprehensibility

% Both these issues arise because of the increase
in the number of Association Rules generated

and result in low classification accuracy.
% Solution — Pruning Techn iquc.

1V, Methodology

Modified Aprior
\L Association Rules
Chi-Squre '

J

I Level Rules Generated.

Database Coverage

\!

I Level Rules Generated

Figurel Steps in P.run.ing,, o
IV. Pruning The Set Of Association Rules
The number:of rules that are. be: 'générai;gd in the
Association Rule Mining phase could be very large.
There are two issues that must talk 1o in this case,

One of them is that such a huge amount of the rules

could contain noisy information which would inislead

the classification process.
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Another is that a huge set of the rules would make

the classification time longer. This could be an

important probtem in the applications where fast

responses are required. The pruning nicthods that
deals in this paper are the following: eliminate the

precise rules and keep only those

that are more general and with high confidence, and
prune unnecessary rules by database coverage. It
introduces the notions used in this subsection by the

following definitions:
Algorithm Pruning the set of association rules

Input : The set of Association Rules that arc found
in the association rule mining phase (S) and the

training text collection (D)

Output: A set of rules used in the classification

process

Method:

{1) for éach ﬁ:le in the set S

(.2)‘ prune those that have.lower confidence. )
(3) anew set of rules §’ is generated

(4) foreachrule R in the set S

(5) go over D and find those transactions that are

covered by the rule R
{6y if R classifies 60rrectly at least one transaction
(7) seléctR

(10) remove those cases that were covered by R

5.1 Prediction Of Classes Associated With New

Documents

The set of rules that are selected after the pruning
phase, which represents the actual classifier. This
categorizer can be used to predict to which class’s

new documents are attached.

Given a new document, the classification process
searches in this set of rules for finding those classes
are the closest to be attached with the document

presented for categorization.

This subsection discusses the approach for labeling
new documents based on the set.of associatioﬁ ruiés
that forms the classifier. A trivial solution would be
to attach to the new document, the class that has the
most rules matching this new document or the class
associated with the first rule that applies to the new

object. However, in the text categorization domain,

multi-class categorization is an important and
challenging problem that needs to be solved. In this
approach give a solution to this problem by

introducing the dominance factor.

By employing this variable, allow the system to assign
more than one category. The dominaﬁcé factor iis
the proportion of rules of the most dommant category
in the applicable rules for a documeut to classify.
Given a document to classify, the terms in the
document would yield a list of applicable rules. If
the applicable rules are grouped by cafcgory in their
consequent part and the groups are ordered by the

sum of rules’ confidences, the ordered groups would

indicate the most significant categories that should
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be aftached to the document to be classified. This
order category dominance factor is 4 The dominance
factor allows to select the candidate among the
- categories only the most significant. When # is setto
“a certain percentage, a threshold is computed as the
sum of rules’ confidences for the most dominate
category times, the value of the dominance factor.
Then, onlythose categories that exceed this threshold
that are selected. Take K Classes(S #) function
selects the most k sngmﬂcmt classes in the

classification aigorlthm [16]

VL. Experimental Results And Performance Study

Text Corpora

In order to independently evaluate the Al gorithm in
respect of other approaches, like other researchers
in the field of automatic text categorization, we used
the Reuters-21578 ter(t collection [17] as
benchmarks. This text darabase is described below.
Text collections for experiments are usually split into
two parts: one part for training or building the
‘_clas's.ificr. and a second part for testing the
cf"r'ectlvcness of the system. There arc many sp[ﬂs of
the Reuters collectlon itis chosen to use thie ModApte
vers:on The evaluation of a classd' eris donc usmo
| _lhe precls:on and recall measures. To derwe a robust
measure of the effectiveness of the classrf“ ier, it rs
ableto c1lculate the break event point, lhe ] 1 pomt
preo:sron and average precision to eva[uate the
classrﬂcatron for a threshold rangmo from 0
(recal! 1) up to a value where the prec1sron \"llue
'equ_als 1 and the recali value equals 0, incrementing

the.thresh,o!d with n given threshold step size. The

2

0

break event point is the point where recall meets
precision and the eleven values 0.0, 0.2,..0.9.
“Average precision” refines the eleven point precision
as it approximates the area “below” the precision /

recall curve.

VII. Results

Experimental

Results Precision

0.96
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0.92 -

g
o
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20 News Group

Reuters
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Ficure 2.1

‘ Experimental Results Recall
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Experimental Result of the Speed

Speed {Seconds)

e
2000
18.00 -
16.00 -
14.00
12.00 -
10.00 -
8.00 -
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4.00
2.00 -
0.00
Reuters 20 News Group
mKNN BINNTC = H3TC

Figure 2.3

Viii. Conclusion And Future Work

*

This research paper proposed techniques to

improve the performance of text document

categorization. The results obtained o prove

that the proposed algorithms are efficient and
effective in classifying the new documents and

can be applied to all online news npplications.

* “In future the classification model can be built

- whnch analyses terms on the concept sentence

m document
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