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ABSTRACT

With the rapid growth of text documents, document clustering technique is
emerging for efficient document retrieval and better document browsing. Recently,
some methods had been proposed to resolve the problems of high dimensionality,
scalability, accuracy, and meaningful cluster labels by using frequent itemsets derived
from association rule mining for clustering documents. However, there are still two
situations to be confronted, if we use association rule mining in our approaches: (1)
the important sparse key terms may be obscured; (2) too many itemsets will be
produced, especially when items in the dataset are highly correlated. Moreover,
frequent itemset-based clustering methods usually need a lot of time to generate the
large number of itemsets. Considering the above two issues, we present three fuzzy
frequent itemset-based document clustering approaches which using fuzzy association
rule mining to provide significant dimensionality reduction over interesting fuzzy
frequent itemsets. By applying fuzzy association rule mining, each term in the

document dataset is labeled with a linguistic term, like Low, Mid, or High.

First, we propose the Fuzzy Frequent Itemset-based Hierarchical Document

il



Clustering (F’IHC) approach, which employ fuzzy set theory for document
representation to find suitable fuzzy frequent itemsets for clustering documents. In
addition, F'THC constructs a hierarchical cluster tree for providing flexible browsing.
Second, in order to label clusters with conceptual terms, we present a Fuzzy Frequent
Itemset-based Document Clustering (F?IDC) approach with the use of WordNet as
background knowledge to explore better ways of representing document semantically
for clustering. FIDC presents a means of dynamically deriving a hierarchical
organization of hypernymy from WordNet based on the content of each document
without use of training data or standard clustering techniques. Third, we propose a
Fuzzy Frequent Itemset-based Soft Clustering (F*ISC) approach by extending F’IDC
under the consideration of overlapping clusters. FYISC provides an accurate measure
of confidence, and adopts the a-cut concept to assign each document to one or more

than one cluster.

As a result, in the proposed clustering approaches, the interesting fuzzy frequent
itemsets are used to reduce the dimensionality of term vectors. In addition, these
itemsets do not increase with the growth of documents. Hence, our approaches
perform better for large document collections. Our experimental results show that our
proposed F’IHC, F’IDC, and F’ISC approaches indeed provide more accurate
clustering results than prior influential clustering methods presented in recent

literature.

Keywords: Document Clustering, Text Mining, Association Rule Mining, Frequent

Itemsets, Fuzzy Set Theory, WordNet.

v



ACKNOWLEGEMENT

MEmT OB LFIE A 4 EL R o8 v A 4 T - BRFE o
Eéﬁ%ﬁﬂﬁ%‘ﬁ BEEG S (A AFEREET R %hA$Q$@
HEMR RN R PR Bl w RFUEE L G B R R R Y W] R

;\;’;FK'QE’[%Iéi?E— &5\;_{— ﬁ%'\‘*‘ \gj;}lﬁé«frﬁ'géﬁﬁfkﬁ?& , l’f—"—l«”“ l— )#m FTO

BAOAKRE IO ERFFREEF U SRR T L X BB

Fl
B X EFITIT A RS i%%%iﬁﬁﬁdgﬁﬂﬂﬁﬁ%§i~%?ui

AR AR L T ARSI B o RALE TR MR BT

=3
7
B!
a—‘-
Bi
%
ok
.
A
F_k
"
<
By
L
—h

CRRRPE D 5 BT AP BE SR B

AT EFEm Y ARG Y AR RS R E S s iy R ]

Pt BRE WL E R BRSPS RRTE Y AR LR R
B ATREZFSFTF AL RRERHMRI T RAE L SRR T AT
PHpE - FRAFFIANEZ LR ASAFFI NG AP RRfro B F
FERAT R AT BB TRELFIFTEEHR R EH Y RLES

Rf o WETHA RPN LG R PR R E VL P

FTAHPFIHENEE FEF 5 mEAE L5y 4 Rl i
Lo i SR NI b R S R 2 U L SR (F T Ly AR
o FENNRR LB FEI L BHE P R ATR FIAAL e & it
FORMIE Aok 2D ASRS N A RGBT R R R M R e R T

EER AL G i e £ B P s PR e R

Fhme  BMALF SR H A I AR 2L E R Ak

A\



YRIFEP X 7)o WP A E AR 0 AR AR 3R 0 FA R

BELANRE RE AP

BoE B R B T A LA B BE e RO S § e s s

EH AR WEHE L A I REFES S BRI HA LR A A Y B TP

#mMﬁ gﬂﬁ§$ﬂxyﬁv—gm Y T B i AR Y VU2 BT AR Y
b TR P o

Bois » BRWAhHE NGRS ABmB e E R | F L g A RN A

2007 # 77 7 5LApi8 > L F]A AP 0 fEEA P A2010 £ 1 0 10 5L - A2R S
A4 ES S 'ﬁ‘\'ﬁ:ﬁ g\ Fﬁ;\‘.gﬁﬁ&; %%&;%ﬁj}‘a NN - AN S A |

BArdg 3 #Frend Sl 40 AP HEPERFATEREREER

W o )’%j‘.@;k B S hRA o

Vi



TABLE OF CONTENTS

# B eooeeessess s sns s s ess s nss RS eRseRs RS eA SRR AR AR AR RS RS0 i
ABSTRACT ..ucuuiiiicniiensnicsnnsesssecssissesssecsssssesssesssssssssssssssssssssssssssssssssssssssssssssssssssssass iii
ACKNOWLEGEMENT .....cconiiiininntinsnnsinsscssensecssissssssessssssssssssssssssssssssssssssssssssssssess v
TABLE OF CONTENTS ..ccotiiiininntinenssisssnssesssssssssssssssssssssssssssssssssssssssssssssssssasssssse vii
LIST OF FIGURES ......uucouiiiiitiniinensninsensessuisssnssssssisssssssssssssssssssssssssssssssasssssssssss ix
LIST OF TABLES ......uoouitiintiienninsnisesssisssnsesssissssssssssisssssssssssssssssssssssssssssssasssssses xi
LIST OF NOTATIONS....uuiniiuicrtnsensaissssssesssissssssesssssssssssssssssssssssssssssssssssssssassssssss xiii
Chapter 1 INtroduction .........ceeeciciiciseicssnnccsssncssssncsssncsssssossssssssssessssesssssssssssssnssss 1
1.1 Background and MoOtiVAtion..........ccceeevierieiiiienieeiierie ettt 1

1.2 ReSearch ODJECLIVES .....ccueeiuiieiieiiieiieciie ettt ettt e be e esse e 4

1.3 Organization of the TheSiS .....c..ccccviiiiiiiiiiieeiieeeee e 6
Chapter 2 Related WOrK .........ueiieeiiivniinvniinsnicssnicssnicssnnicsssnesssssesssssessssssssssssssssess 7
2.1 A Generic Process of Document ClUStering............coceeeeevverieneenenieneeniennn 7

2.2 Document Clustering MethodS.........ccieiiieniiinieiiieiieeieeeeeeeee e 9

2.3 Association Rules for Text Mining Applications............cccveevveeerveeeinneens 12

2.4 FUzZzZy Set TREOTY...cuioue ittt ettt esit ittt ettt 15
Chapter 3 Fuzzy Frequent Itemset-based Hierarchical Document Clustering
(FZTHC) APPIOACH c..vivvcererirnnsnsesssssssscsssssasssessessessessessessessessessssessessense 17

3.1 Stage 1: Document Pre-proCessing.......c...coveviereeneenieneeneenieeienieenienienieens 18

3.2 Stage 2: Candidate Clusters EXtraction .............ccceeeeviieiiienieeniieniecieeneens 21

3.2.1 The Membership FUNCtions...........cccovieviiiieriiieciie e 22

3.2.2 The Fuzzy Association Rule Mining Algorithm for Text.................. 24

3.2.3 An Illustrative Example of Stage 2 ........ccceevvieviiiiienieeiiecieeeee 26

3.3 Stage 3: The Cluster Tree Construction ........c..eecveeeviveerieieeriiieesieeesveeeenen 31

3.3.1 Building the Document-Cluster Matrix (DCM)........ccccocuveviveniiiannene 32

3.3.2 Building the Hierarchical Cluster Tree...........ccccceevierieeniienieeiienee, 34

3.3.3 TIEE PIUNING ..oeeeniieeiie et e 35

3.3.4 An Illustrative Example of Stage 3.........ccccooiiviniiniinniiiicneciceee 37

3.4 EXPEITMENLS ...cutiiiiieiiieiieeieeiie et eeite et et e eteeieeeteesaaessbeesseeesseenseesnseeneaans 42

34,1 DAASELS ..eeeeeiiieeiiee e 42

3.4.2 Evaluation of Cluster Quality: Overall F-measure..........c..cccccccueneee. 44

3.4.3 The Effect of Feature Selection..........ccccoeeevierieneniiiniencnienieicnne 45

3.4.4 Experimental Results and Analysis........c.ccceevveeviieeiiiencieeeieeeiee e, 46

3.5 SUIMIMATY ..eouiiiiiiiiiieeie ettt ettt st et sane e nes 52

vii



Chapter 4 Fuzzy Frequent Itemset-based Document Clustering (F*IDC)

APPIOACH cocueeveriiiinrnrinssrnnricssssnniscssssssssssssssesssssssssssssssssssssssssssssssssssssssasss 53

4.1 Stage 1: Document ANalyZing...........ccccveeeeuieeniiieeniiieeeiie e eereeeeeeeeieee e 54

4.2 Stage 2: Document Representation and Enrichment..............cccccocenieenne. 55

4.3 Stage 3: Document CIUSTETING........ccccveeriieriieriieniieiee e eiee e 58

4.3.1 The Fuzzy Association Rule Mining Algorithm for Texts................. 58

4.3.2 CIUSTETING ..ttt ettt ettt ettt saees 59

4.4 An Ilustrative Example of FZIDC Method ............oo.oveeveeeereeeeeeeeeeeeeeeeenn, 60

4.5 EXPEIIMENLS...cccuviiiiiieeiiieeeiieeeieeesteeestteeestaeessteesseeesseeessseeessseeesssessssseeanes 62

4.5.1 DAtASELS ...cueveuiieiirieieietet et 63

4.5.2 Parameters SIECTION. .....c.couivrueuiriririeieirerieie e 64

4.5.3 Experimental Results and Analysis .......ccccoevereienrininenneneeseeseens 66

4.0 SUITIMATY ..ottt sttt ettt e e e 73
Chapter 5 Fuzzy Frequent Itemset-based Soft Clustering (F’ISC) Approach ..75
5.1 Document Analysis MoOdULe ... ..cceiiiimnieriieieeieeie ettt 76

5.2 TermOnto Construction Module ...........cccecivieniniinieninieneeeeeeee 77

5.3 Candidate Cluster Extraction Module ..o 78

5.4 Overlapping Cluster Generation Module ................cocceeeieniiiiieniieiiiees 78

5.5 An Illustrative Example of FAISC Method......ccc.oueveeeieeeeeeeeeeeeeeees 79

5.6 EXPETIMENLS.......oeiiiiiiiiieiiiiecoreeessiet e sttt e st ansteeeenaeeeesaeeessseeensseesssseeesseennnses 82

5.6.1 Parameters SeleCtion ......vcvueweeritiviiniinienienieeieeeerieee e 83

5.6.2 Experimental Results and Analysis .........ccccoeeveeiienieeciienieniieee e, 84

5.7 SUMMATY ..uviiiiiieiiiee ettt et e e e e e e e aae e e s sabeeesesssaeeesenseeaeens 89
Chapter 6 Conclusions and Future Work ........ceioiiciceicnsnicssnnicssnncsssncssnsncsnns 91
0.1 CONCIUSIONS ...entiiiiieiieeie ettt ettt ettt esite bt esneeeeeens 91

0.2 FUUIE WOTK ..ottt e 92
BibliograpRy ..ccccueiiiiiinniiinisrnniicssssnnicssssnnicssssssnessssssssssssssssssssssssssssssssssssssssssssssssassses 94

viii



LIST OF FIGURES

Figure 2-1: General process of document ClUStering. ............ccoeeeeviieriiencieeneenieeieenne. 7
Figure 2-2: Types of document classification. ..........c.eecueerieiiieniieiienieciiece e 9
Figure 3-1: The FTHC framewWork. ..........cooovvivovveeeeeeeeeeseeeeeeeesee s 17
Figure 3-2: A detailed illustration of Algorithm 3.1.......ccccoiiiiiiiiiiii e 21
Figure 3-3: The predefined membership functions of this example. .........cccccecuevueennee. 23
Figure 3-4: A detailed illustration of Algorithm 3-2. .........coooiiiiiiiiieee 25
Figure 3-5: A formal illustration of Document-Term MatrixX. ........ccccoeceeveeiervenennnene 32
Figure 3-6: A formal illustration of Term-Cluster MatrixX. ........ccoceeverienienieneencnnens 33
Figure 3-7: A formal illustration of Document-Cluster Matrix. ...........ccoeeeveervenennnens 34
Figure 3-8: A detailed illustration of Algorithm 3.3.........ccccoiiniiiiiiiiiee, 37
Figure 3-9: The derived hierarchical cluster tree. .........cccoooveveriinienieiiiieceerceee 41

Figure 3-10: The accuracy test of F*IHC for different MinSup values with the optimal

cluster numbers determined by the sibling merging algorithm. ............. 49
Figure 3-11: The detailed time cost analysis of F’THC on five datasets...................... 50
Figure 3-12: Scalability 0f FTHC.........cccooiiiuieioeeeeeeeeeeeeeeseeeeee s 51
Figure 4-1: The FPIDC framewWOIK. ...........oveveueeeeeeeeeeeeeeeeeeeeeeeeseeeeeeseeseee e 54
Figure 4-2: The detailed description of Algorithm 4.1........cccccooiiiiiiiiiiiieeee, 57
Figure 4-3: The predefined membership functions............ccceeceeeeiieniieiienieecieenieeieen, 59
Figure 4-4: The detailed description of Algorithm 4.2, ..........ccoociiiiiiiiniiiiieeee, 60
Figure 4-5: The process of Algorithm 4.1 of this example..........cccceverienieriniencenens 61
Figure 4-6: The process of Algorithm 3.2 of this example...........ccceeiieiiiiiienenncnn. 61
Figure 4-7: The process of Algorithm 4.2 of this example.........ccccevervierieniniiencnnens 62

Figure 4-8: The accuracy test of F2IDC for different MinSup values with the optimal

cluster numbers determined by the clusters merging step algorithm. ....... 72

Figure 4-9: Scalability 0f FIDC..........coccoviimiieeeeeeeeeeeeeeeeeeee s 73

X



Figure 5-1: The FZISC frameWOTK. .......ovoveeeeeeeeeeeeeeeeeeeeeeeeeeee e ee e, 76

Figure 5-2: A formal illustration of Multiple Clusters MatriX.........ccccoeeeverienennnennne. 79
Figure 5-3: The detailed description of Algorithm 5.1.........cccvviviiiiiniiiiiie e, 80
Figure 5-4: The process of Algorithm 4.1 of this example..........cccevervieriininiencnnens 81
Figure 5-5: The process of Algorithm 4.2 of this example...........ccceevevvierciieiiiieeeninn. 81
Figure 5-6: The process of Algorithm 5-1 of this example. ........c.cccceeviriininiincnnnens 82
Figure 5-8: The detailed time cost analysis of FISC on Reuters dataset. ................... 89



LIST OF TABLES

Table 2-1: Summary for our approaches and the other document clustering algorithms.

.................................................................................................................... 12
Table 3-1: DOCUMENL SEL. .....couviriieiiriiiriieieriiesitee ettt sttt 21
Table 3-2: The fuzzy set in this eXample. .........ccocoveeriiieiiiiecieee e 26
Table 3-3: The count values of three fuzzy regions for each key term. ....................... 27
Table 3-4: The set of fuzzy frequent 1-itemsets in this example. ..........cccceeevveennennne. 27
Table 3-5: The candidate St Co. ....eevuieriiriiriiiiiieeeieeeee e 28
Table 3-6: The fuzzy values of (stock.Low, record.Low) in D..........cccccccvveecrveenneennne. 28
Table 3-7: The count values of candidate 2-1temSets. .........ceeceeveerierienieriinieneeienne 29
Table 3-8: The DTM of this eXample...........cocvieiiiiiiiiee e 38
Table 3-9: The TCM of thiS eXamPle. ......ccoviiiiieiiiieieeieiiie et 38
Table 3-10: The DCM of this €Xample. .....c.ccoiieriiiiiiiiieiiiee e 39
Table 3-11: The Inter Sim values of all target clusters.............cccoecveviieiieniieiciienenn, 39
Table 3-12: The compare results between the parent ClUSter ¢, gy -evvreeereererereenenees 41
Table 3-13: Statistics for our test datasets.........ceevierieriieriiiniieieie e 44
Table 3-14: Keyword statistics of our test datasets...........cceeeeeiierieiiiienienieeeeen 46
Table 3-15: Comparison of the overall F-Measure ..........ccccoccveeviiierciieeniie e 47
Table 4-1: Statistics for our test datasets........coceveerieriereriierieneeiereeeeeeee e 64

Table 4-2: List of all parameters for our algorithms and the other three algorithms. ..65
Table 4-3: Keyword statistics of our test datasets..........cecueevueeriieiiienieenieenie e 65
Table 4-4: Average overall F-measure comparison for four clustering algorithms .....67

Table 4-5: Improvement Ratio for other three clustering algorithms on the four

ALASELS. .euveeieiiete et ettt 68
Table 4-6: The effect of enriching the document representation. ............ccceeeveeeeurennns 70
Table 4-7: Cluster Labels generated by F’IDC algorithm on Re0 dataset. .................. 70

Xi



Table 5-1: List of all parameters for our algorithms and the other four algorithms. ...83

Table 5-2: Average overall F-measure comparison for five clustering algorithms on

The FOUT dATASELS. ...eieeiiiiiieieeieeeeeee ettt ettt eeeeeeeeeeeeees 85

Table 5-3: The effect of enriching the document representation on Classic and Re()
ATASELS. ..ottt ettt ettt ettt 88

Table 5-4: The effect of enriching the document representation on RS and Webkb
ALASELS. ..ottt 88

Xii



LIST OF NOTATIONS

D A document set

n The number of documents

d; The i-th document, 1 <i<n

T The term set of D

m The number of key terms in D

t The j-th key term, 1 <j <m

Kp The key term set of D

fii The frequency of key tem ¢ in document d;, 1 <i<n, 1 <j<m,
r The fuzzy region, and r € {Low, Mid, High}
wi(f;) The fuzzy value converted from f;; in region
count; the summation of w;; values fori =1 to n
max-count; The maximum count value among count’, values
max-R; The fuzzy region of t; with max-count;

k The number of candidate clusters of D

T The fuzzy frequent itemsets for describing ¢

ch= (DC ,7) A candidate cluster, with key term set 7= {t;, 72, ..., t,} — Kp

C, The candidate cluster set of D

c A target cluster, with key term set 7= {t;, t5, ..., t,} < Kp
Cp The target cluster set of D

CcT The cluster tree of D

F A term forest of a set of terms {#1. %2, ... ¢t ....tw} € KD

J A term tree of term ¢

w=[w ] The Document-Term Matrix (DTM)

G=[g"" ] The Term-Cluster Matrix (TCM)
V=[v,] The Document-Cluster Matrix (DCM)
M=[m,] The Multiple Clusters Matrix (MCM)

Inter _Sim(c.,c}) The inter-cluster similarity between two target clusters c

and c!

Xiii



Chapter 1

Introduction

1.1 Background and Motivation

Clustering textual documents into different groups is an important step in
indexing, retrieval, management, and mining of abundant text data on the Web or in
corporate document management repositories [4][27][56][61]. Recently, the incessant
flourishing of Internet invigorates various textual documents to be shared over the
cyberspace astonishingly. However, it also makes users suffer from the
information-overloading problem. In particular, when users pose queries to WWW
search engines, they usually bewilderingly receive a small number of relevant Web
pages intermingled with a large number of irrelevant Web pages. The focus of textual
document clustering technique has shifted towards providing ways to reorganize
search results into meaningful cluster hierarchies for efficiently browse large
collections of documents. Therefore, a good textual document clustering technique
has to provide a helpful complement for traditional search engines when

keyword-based search returns too many documents.

The aim of document clustering algorithms is to automatically discover the
hidden similarity and the key concepts of clustered documents for users to
comprehend a large amount of documents. Over the past decades, several effective
document clustering algorithms have been proposed to mitigate the hassle, including
the k-means [36], Bisecting A-means [53], Hierarchical Agglomerative Clustering

(HAC) [26][29][61], and Unweighted Pair Group Method with Arithmetic Mean



(UPGMA) [39]. Nevertheless, as pointed out by [3][17][24][45][33], there are still

challenges in improving the clustering quality, which we list as follows:

(1)

2)

)

4

)

(6)

To cope with high dimensionality: As the volume of textual document increases,
the dimensionality of term features increases as well.

To improve the scalability: Many document clustering algorithms work fine on
small document sets, but fail to deal with large document sets efficiently.

To promote the accuracy: Many existing document clustering algorithms require
users to specify the number of clusters as an input parameter. However, it is
difficult to determine the number of clusters in advance. Moreover, an incorrect
estimation of the input parameter, i.e., the number of clusters, may lead to poor
clustering accuracy [17].

To assign meaningful cluster labels: Meaningful cluster labels will guide users in
the process of browsing the retrieved results. Thus, each cluster should be labeled
with an understandable description. However, most of traditional clustering
algorithms do not provide labels for clusters.

To extract semantics from text: The bag-of-words representation used for
clustering algorithms is often unsatisfactory as it ignores the conceptual similarity
of terms that do not co-occur actually [24][45].

To enable overlapping clusters: Many well-known clustering algorithms focus on
hard clustering, where each document belongs to exactly one cluster. However, a
document could contain multiple subjects. By using soft clustering algorithms

[33], a document would appear in multiple clusters (i.e., overlapping clusters).

To resolve the problems of high dimensionality, large size, and understandable

cluster description, Beil et al. [3] developed the first frequent itemset-based algorithm,

namely Hierarchical Frequent Term-based Clustering (HFTC), where the frequent



itemsets are generated based on the association rule mining [12]. They only
considered the low-dimensional frequent itemsets as clusters. Moreover, HFTC
discovers overlapping clusters, which is useful for a search engine where overlapping

clusters occur like Yahoo! Directory.

However, the experiments of Fung et al. [17] showed that HFTC is not scalable.
For a scalable algorithm, Fung et al. proposed the FIHC (Frequent Itemset-based
Hierarchical Clustering) algorithm by using frequent itemsets derived from
association rule mining to construct a hierarchical topic tree for clusters. They also
proved that using frequent itemsets for document clustering can reduce the
dimensionality of term vectors effectively. Yu et al. [63] presented another frequent
itemset-based algorithm, called TDC, to improve the clustering quality and scalability.
This algorithm dynamically generates a topic directory from a document set using
only closed frequent itemsets and further reduces dimensionality. But, the clusters
generated by FIHC and TDC are non-overlapping. In [23], the authors proposed that
document clustering methods should provide multiple subjective perspectives onto the

same document to enhance their practical applicability.

Recently, WordNet [40], one of the most widely adopted thesaurus for English,
has been extensively used as an ontology in grouping documents with its semantic
relations of terms [24][45][11][28]. Many existing document clustering algorithms
mainly transform textual documents into simplistic flat bags of document
representation, i.e., term vectors or bag-of-words. Once terms are treated as individual
items in such simplistic representation, the semantic content of a document is
decomposed and cannot be reflected. Thus, Dave et al. [11] proposed using synsets as
features for document representation and subsequent clustering. However, synsets

decrease the clustering performance in all experiments without considering word



sense disambiguation. Meanwhile, Hotho et al. [24] used WordNet in document
clustering for word sense disambiguation to improve the clustering results. Jing et al.
[28] presented another application of WordNet, which described how to find mutual
information between terms by using the background knowledge through WordNet. In
[45], Recupero proposed a new unsupervised document clustering method by using
WordNet lexical and conceptual relations to allow common clustering algorithms to
perform well. In this thesis, the reasons of utilizing hypernyms from WordNet are

two-fold:
(1) We intend to obtain more general and conceptual labels for derived clusters.

(2) From the experimental results in [11][49], the authors found that the performance

of adding hypernyms is better than adding synonymy.

1.2 Research Objectives

Among the techniques developed for data and text mining, association rule
mining [1][20] is one of the useful and successful techniques for discovering
interesting rules. It helps users discover meaningful association rules to represent a
relationship between different pairs of a set of attribute values. However, there are
still two situations to be confronted, if we use association rule mining in our

approach:

(1) Some important terms that express the topics of a document may be rarely
appeared in the document collection. That is, only the terms which frequently
occur in the document collection can be obtained, which implies the important

sparse terms may be obscured in the process of document clustering.



(2) Association rule mining often suffers from producing too many itemsets,
especially when items in the dataset are highly correlated [35]. As our approach
aims to consider the semantic relationships from WordNet, the situation may

become severer after adding correlated hypernyms.

Considering the above two issues, we will propose an approach which stems
from prior studies [22][30][38], by integrating fuzzy set concept [64] and association
rule mining to provide significant dimensionality reduction over interesting frequent
itemsets. Moreover, Kaya et al. [30] think that fuzzy association rule mining is
understandable to humans because it integrates linguistic terms with fuzzy sets. By
applying fuzzy association rule mining, we can discover fuzzy frequent itemsets as
candidate clusters, like (term,.Low, term,.High) or (term,.Low, term,.Low), and label

the terms with a linguistic term, like Low, Mid, or High.

Thus, we present three document clustering approaches based on fuzzy frequent
itemsets. First, we propose the Fuzzy Frequent Itemset-based Hierarchical Document
Clustering (FTHC) approach to solve high dimensionality, scalability, accuracy, and
meaningful cluster labels. In addition, F'IHC provides a term-based algorithm for the
analysis of a document set to generate a flexible hierarchical document cluster tree,
which can be easily integrated into a document management system for providing

flexible browsing and retrieving of various applications.

Second, in order to label clusters with conceptual terms, we present a Fuzzy
Frequent Itemset-based Document Clustering (F’IDC) approach with the use of
WordNet as background knowledge to explore better ways of representing document
semantically for clustering. F’IDC presents a means of dynamically deriving a
hierarchical organization of hypernymy from WordNet based on the content of each

document without use of training data or standard clustering techniques.

5



Third, we present a Fuzzy Frequent Itemset-based Soft Clustering (F*ISC)
approach by extending FIDC under the consideration of overlapping clusters. F’ISC
provides an accurate measure of confidence, and adopts the a-cut concept [64] to

assign each document to one or more than one cluster.

By conducting experimental evaluations on the several datasets, it has been
proven that our proposed F’THC, FIDC, and F’ISC approaches indeed provide a more

accurate cluster result than previous clustering methods presented in recent literature.

1.3 Organization of the Thesis

The subsequent sections of this thesis are organized as follows. In Chapter 2, we
briefly review related work on general process of document clustering, major
document clustering methods, association rules for text mining Applications, and
fuzzy set theory. In Chapter 3, the Fuzzy Frequent Itemset-based Hierarchical
Document Clustering (F’IHC) approach will be described, together with an
illustrative example. Chapter 4 illustrates the Fuzzy Frequent Itemset-based
Document Clustering (F*IDC) approach. We depict in Chapter 5 the description of the
Fuzzy Frequent Itemset-based Soft Clustering (F*ISC) approach. Finally, we conclude

and propose some future directions in Chapter 6.



Chapter 2
Related Work

In the first place, the general process of document clustering is described in
Section 2.1. Then, the literature concerning document clustering methods will be
surveyed in Section 2.2. In Section 2.3, we will discuss how association rules are
applied to text mining. Finally, we briefly review some basic knowledge of fuzzy sets

in Section 2.4

2.1 A Generic Process of Document Clustering

The aim of document clustering is to group similar documents together based on
the content of a set of documents. According to [59], we divide the general process of
document clustering into three main stages, including Document Pre-processing,
Document Representation, and Document Clustering (as shown in Figure 2-1). These

stages are described as follows.

Documents

Stage 1: Document
Pre-processing

Document
Representation

Stage 2: Document

Representation

|
Stage 3: Document Clustering l = o
Clustering Clusters

Figure 2-1: General process of document clustering.
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1. Document Pre-processing. In order to satisfy document clustering methods, the
given unstructured documents need to be preprocessed. There are two steps in this
stage, namely Term Extraction and Term Selection, for generating the term set from

the document collection.

(1) Term Extraction: The whole extraction process is as follows:
* Extract terms. Divide the sentences into terms and extract terms as features.
* Remove the stop words. A pre-defined stop-word list' is applied to remove
commonly used words that do not discriminate for topics.
* Conduct word stemming. Use the developed stemming algorithms, such as
Porter [44], to convert a word to its stem or root form. The frequencies of
stemmed terms instead of the original terms in the document collection are

computed.

(2) Term Selection: After extracting terms, it is crucial to reduce the set of term
features, a process referred to as term selection. For example, a term should be
discarded (i.e. from the term set) if it appears rarely or more frequently in the
document collection. Several methods, such as itemset pruning [3], feature
clustering or co-clustering [37], feature selection technique [51], and matrix
factorization [50][62], have been applied to reduce the dimensionality for high

clustering accuracy.

2. Document Representation. The most common representation is the so-called
“bag-of-words” matrix, where each document is represented as a vector based on
the terms which occur in the relative documents, and then the clustering methods

compute the similarity between the vectors [47]. Several document representation

' Tt contains a list of 571 stop words that was developed by the SMART project.
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methods have been proposed, including binary (which shows the presence or
absence of a term in a document) and term frequency (which shows the frequency

of'a term in a document).

3. Document Clustering. Common approaches for document clustering have been
used, including the k-means [36], Bisecting k-means [53], Hierarchical
Agglomerative Clustering (HAC) [26][29][61], and Unweighted Pair Group
Method with Arithmetic Mean (UPGMA) [39], etc. The details of each clustering

approach will be depicted in the following section.

2.2 Document Clustering Methods

The basic principle of document classification is to classify or group a set of
unlabeled documents into classes or clusters. According to [53], we divide document
classification into three subcategories, 1.e., supervised or unsupervised, hard or soft,
and partitioning, hierarchical, or frequent itemset-based. These subcategories can be

shown in a tree structure as Figure 2-2 depicts, which we describe as follows.

Document
Classification

: Unsupervised
Supervised (Clustering)
' |
Hard Soft
(Disjoint) (Overlapping)
! |
Partitionin Hierarchical Frequent
£ itemset-based

Figure 2-2: Types of document classification.



1 Supervised and Unsupervised (Clustering): In supervised document
classification, a set of predefined classes are available. On the other hand, in
unsupervised document classification, also called document clustering, there are
no pre-determined classes available. Document clustering is the process of
calculating document similarities to form clusters. The documents within a cluster
are similar to each other and, simultaneously, dissimilar to the documents in the

other groups.

2 Hard (Disjoint) and Soft (Overlapping): Hard clustering algorithms compute
the hard assignment (i.e., each document is assigned to exactly one cluster) and
produce a set of disjoint clusters. Soft clustering algorithms compute the soft
assignment (i.e., each document allows to appear in multiple clusters) and
generate a set of overlapping clusters. For instance, a document discussing
“Natural language and Information Retrieval” should be assigned to both of the

clusters “Natural language” and “Information Retrieval”.

3 Partitioning, Hierarchical, and Frequent itemset-based: For document
clustering, partitioning-based methods exclusively partition the set of documents
into a number of clusters by moving documents from one cluster to another, such

as k-means [36] and Bisecting k-means [53].

Compacted to partitioning-based methods, hierarchical-based document
clustering is to build a hierarchical tree of clusters whose leaf nodes represent the
subset of a document collection, like Hierarchical Agglomerative Clustering
(HAC) [26][29][61] and Unweighted Pair Group Method with Arithmatic Mean
(UPGMA) [39]. Moreover, this method can be further classified into
agglomerative and divisive approaches, which work in a bottom-up and top-down

fashion, respectively. An agglomerative clustering iteratively merges two most
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similar clusters until a terminative condition is satisfied. On the other hand, a
divisive method starts with one cluster, which consists of all documents, and
recursively splits one cluster into smaller sub-clusters until some termination

criterion is fulfilled.

Besides, a new category of document clustering, namely “frequent
itemset-based clustering,” has been extensively developed, including FIHC [17],
HFTC [3], and TDC [63]. Frequent itemset-based clustering methods use frequent
itemsets generated by the association rule mining and further cluster the
documents according to these extracted frequent itemsets. These methods reduce
the dimensionality of term features efficiently for very large datasets, thus they
can improve the accuracy and scalability of the clustering algorithms. The
organization of clusters generated by frequent itemset-based clustering methods

could be a flat set or a hierarchical tree of clusters.

Moreover, an advantage of frequent itemset-based clustering method is that
each cluster can be labeled by the obtained frequent itemsets shared by the
documents in the same cluster. A cluster label could only be used to describe the
main concept of the cluster, but also differentiate the cluster from its sibling and
parent clusters [55][65]. However, most frequent itemset-based -clustering
methods ignore the semantics of the terms in the process of generating frequent
itemsets. In the thesis, the proposed approaches provides more general cluster
labels because they take into account the semantics of the terms using background

knowledge, WordNet.
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Table 2-1 summarizes the characteristics of the proposed approaches and other

document clustering algorithms.

Table 2-1: Summary for our approaches and the other document clustering algorithms.

Hierarchical-based Partitioning-based Frequent itemset-based
Hard |° Hierarchical * k-means [36] A Hierarchical Tree of Clusters
Agglomerative Clustering | ® Bisecting k-means [53] * Fung et al. (2003) [17]
(HAC) [61] * Hotho et al. (2003) [24] * * The proposed approach (FZIHC) [8][9]

* Unweighted Pair Group e Sedding ef al. (2004) [49] * | A Flat Set of Clusters

Method with Arithmetic | » Wang et al. (2006) [58] * * Yu et al. (2004) [63]

Mean (UPGMA) [39] * Recupero (2007) [45] * * The proposed approach (FZIDC) [5][6] *
Soft * Lin and Kondadadi (2001) A Hierarchical Tree of Clusters
[33] * Beil et al. (2002) [3]
A Flat Set of Clusters

* The proposed approach (F’ISC) [7]%

* means a WordNet-based document clustering approach.

2.3 Association Rules for Text Mining Applications

According to [15], the authors have defined that knowledge discovery in
database has several interactive and iterative phases to extract useful knowledge from
huge volumes of data, where data mining has been recognized as the most important

phase, as it offers flexibility for extracting useful patterns from business data.

In data mining, association rule mining [20] is a popular method for discovering
interesting association rules in large databases. The form of an association rule can be
represented as X — Y, where X and Y are sets of items and X N ¥ = I, and is usually
adopted for market basket analysis to describe the following meaning: customers that
buy product X also buy product Y for satisfying some predefined minimum support
value and minimum confidence value. In general, each itemset has an associated
measure of statistical significance called Support value, which is the fraction of all
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transactions that contain the itemset. For example, an itemset X with support value,
supp(X) = 0.5, regards there are 50% of transactions in the dataset containing X. An
itemset can be chosen as a frequent itemset if its support value is larger than or equal
to the predefined minimum support value. The confidence value of an association rule,
denoted conf(X — Y) = supp(XUY)/supp(X), is to measure how often items in Y
appear in transactions which also contain X. Finally, a rule X — Y will be discovered
whether its confidence value is larger than or equal to the predefined minimum

confidence value or not.

Due to the strong need for analyzing the vast amount of textual documents
spread over the Internet, text mining is also growing rapidly. By the definition
described in [15][52][60], Text Mining, also known as Intelligent Text Analysis, Text
Data Mining or Knowledge Discovery in Text (KDT), refers generally to the process
of extracting interesting and non-trivial information and knowledge from unstructured
text. The main purpose of text mining is to acquire fruitful knowledge from a large
document set. It draws on techniques from data mining, computational linguistics,

database systems, information retrieval, and artificial intelligence to achieve the goal.

As text mining is much more complex than data mining because text data are
inherently unstructured and fuzzy [54], some studies [13][15][34] applied the
technique of association rule mining in document management. For example,
Feldman and Dagan [15] have presented a Knowledge Discovery in Text (KDT)
system, which used the simplest information extraction approach to get interesting
information and knowledge from unstructured text collections. Lin et al. [34]
proposed a method, namely Mining Term Association, to acquire the semantic
relations between terms when applying to documents. Moreover, Delgoado et al. [13]

think that association rule mining is the first data mining technique employed in
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mining text collections. It is very interesting since many applications related to text
processing involve associations and co-occurrence between terms. These works

mainly focused on analyzing the co-occurrence terms for document management.

Recently, to flexibly conduct the association rule mining for more applications,
some research works [22][30][38] have been proposed to integrate fuzzy set theory
[64] and association rule mining for handling items with quantitative values while
discovering fuzzy association rules from given transactions. Basically, a fuzzy
association rule mining approach proposed by Hong et al. [22] first use membership
functions to convert quantitative values into a fuzzy set in linguistic terms. Then, the
scalar cardinality of each linguistic term on all transactions is calculated. The mining
process based on fuzzy counts was used to find interesting association rules. In
addition, Hong et al. [21] described some fuzzy mining concepts and techniques
related to association rules discovery in details, including mining fuzzy association
rules, mining fuzzy generalized association rules, and mining both membership

function and fuzzy association rules.

In the association rule mining technique, each document merely contains binary
terms, meaning that a term either appears in a document or not. However, terms in the
documents may be presented with quantitative types, such as term frequency or term
weight. In this thesis, we thus focus on employing fuzzy association rule mining
devised by Hong et al. [22] by regarding a document as a transaction, and those term
frequency values in a document as the quantitative values (i.e., the number of
purchased items in a transaction) to find the association relationships between terms.
To illustrate the usefulness of fuzzy data mining in document clustering, we use fuzzy
set concepts to model the term frequency describing the important degree of a term in

a document. In contrast with using the crisp set concept, in which a term is either a
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member of a document or not, fuzzy set concepts make it possible that a term belongs

to a document to a certain degree.

2.4 Fuzzy Set Theory

In this section, we briefly review some basic knowledge of fuzzy sets [64].

According to [68], a fuzzy set is considered as a class with fuzzy boundaries.

Definition 2.1 (Fuzz set): A fuzzy set A in the universe of discourse U = {uy, ua,...,u,}
is defined by the membership function w4, denoted as u4(u), where u € U. Each

element u of U has a membership value, in the closed interval [0,1], given by u.

A = G4, ) |, €U}, @.1)

Definition 2.2 (Fuzzy Relation): A fuzzy relation R between variables v and w, whose
domains are V and W, repressively, is defined by function that map an ordered pair

(v, w) in V' x Wto its degree in the relation, where is a value between 0 and 1.
R=VxW-> [0, 1] (2.2)

Let x4 and up be the membership functions of the fuzzy sets 4 and B, respectively. In

the following, we summarized some fuzzy operations used in this thesis.

Definition 2.3 (Fuzzy Set Union): The union of the fuzzy sets 4 and B is denoted as A4

U B and is defined by
AUB= {(uiaﬂAuB (u,) ‘ Haos (uz) = Max(luA (ui)"uB (uf))’u" € U} . (2.3)
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Definition 2.4 (Fuzzy Set Intersection): The intersection of the fuzzy sets 4 and B is

denoted as A N B and is defined by
ANB= {(uz sy (1) ‘ Mg W) = Min(p, (u,), 11, (), u; € U} ) (2.4)

Definition 2.5 (a-cut): The a-cut of the fuzzy set 4 is denoted as A4, and is defined by
A, ={u|p,w)za, u,eU}y ac[0,1]. (2.5)

The a-cut is the crisp set that contains all the elements of U whose membership values

given by x4 are greater than or equal to the specified value of a.

In the following, we will present three fuzzy frequent itemset-based clustering
approaches, which employ fuzzy set theory for document representation, to find
suitable fuzzy frequent itemsets for clustering documents. Moreover, the mined fuzzy

frequent itemsets will be expressed as the cluster labels.
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Chapter 3
Fuzzy Frequent Itemset-based Hierarchical

Document Clustering (F’IHC) Approach

In order to browse and organize documents smoothly, hierarchical clustering
techniques have been proposed to cluster a collection of documents into a hierarchical
tree structure. Despite that, there still exist several challenges for hierarchical
document clustering, such as high dimensionality, scalability, accuracy, and

meaningful cluster labels [3][16][17] .

In this chapter, we will present an effective Fuzzy Frequent Itemset-Based
Hierarchical Clustering (F*IHC) approach, which uses fuzzy association rule mining
algorithm to construct a hierarchical cluster tree for providing flexible browsing.
There are three stages in our FAIHC framework as shown in Figure 3-1 . We explain

them in Sections 3.1 - 3.3.

Document Set

Candidate

Cluster Set.

Stage 1: Document pre-processing

[Key Term
Set] _

Term [Term Sefl| " Remove Stemmer Term w
Extraction Stop Words ) Sclcclion)

Stage 2: Candidate clusters extraction

dr={{t1, f11), (U2, f12), === (s f1m)}
d>={(t1, f21), (L2, 122), ***, (s fom) }

dy={(t1s fu1)s U2 fr2)s =5 (s frm) }

[Fuzzy Frequent

Calculate
Support
Values

Calculate
Confidence
Values

[Rule pairs]

Support Values
> minsup

confidence Values
> minconf

Membership |
Functions

Stage 3: The cluster tree construction

Tree

all

\ !

Target

\J

Pruning

Clusters

i

oz =2

Document-Cluster Matrix

Figure 3-1: The FIHC framework.

17

The Hierarchical Cluster Tree




3.1 Stage 1: Document Pre-processing

This stage describes the required transformation processes of documents to
obtain the desired representation of documents. As there are thousands of words in a
document set, the purpose of this stage is to reduce dimensionality for high clustering
accuracy. Several methods, such as itemset pruning [3], feature clustering or
co-clustering [37], feature selection technique [51], and matrix factorization [50][62],
have been applied to reduce dimensionality. To solve this problem, we have to find
the terms that are significant and important to represent the content of each document.
Hence, we must remove the terms that are not meaningful and discriminative to
increase the clustering accuracy and maintain the computing cost small. We describe

the details of the pre-processing in the following:

1. Divide the sentences into terms.

2. Remove the stop words. 'We use a stop word list’ that contains words to be
excluded. The list is applied to remove the terms that have general meaning but

do not discriminate for topics.

3. Conduct word stemming: Use the developed stemming algorithms, such as

Porter [44], to reduce a word to its stem or root form.

4. Term selection. The terms with selection metric weights all higher than
pre-specified thresholds will be selected as key terms. In our approach, three
feature selection methods [46], tf-idf, tf-df, and tfidf-tfdf, are used to select
representative terms for each document, and these feature selection methods are

defined as follows:

2 It contains a list of 571 stop words that was developed by the SMART project.
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(1) tf-idf (term frequency-inverse document frequency): It is denoted as #fidf;
and used for the measure of the importance of term # within document d;.
For preventing a bias for longer documents, the weighted frequency of each
term is usually normalized by the total frequencies of all terms in document
d;, and is defined as follows:

J D]
= log(
Zf |{di|tj€di’diED}|

y

tfidfyy= ) 3.1

J=1

where fj; is the frequency of term # in document d;, and the denominator is
the total frequencies of all terms in document d,. |D| is the total number of
documents in the document set D, and |{d; | ¢; € d;, d; € D}| is the number

of documents containing term ¢,.

(2) tf-df (term frequency-document frequency): It is represented by #/df; and
evaluated by (3.2) for the value calculated by dividing the term frequency
(TF) by the document frequency (DF), where TF is the number of times a
term ¢; appears in a document d; divided by the total frequencies of all terms
in d;, and DF is used to determine the number of documents containing

term ¢; divided by the total number of documents in the document set D:

) dlt.ed.,d eD
Jy and pp it €did e D}

S D
L/ ij

Jj=1

tfdf;= TF/DF, where TF =

(3.2)

~

(3) tfidf-tfdf: It is the multiplication of #fidf; and tfdf;, and we denote it as

dfidf-ifify
dfdf-1fify= tfdfy - 1fdlfy (33)

After these weights of each term in each document have been calculated, those

which have weights all higher than pre-specified thresholds are retained. Subsequently,
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these retained terms form a set of key terms for the document set D, and we formally

define them as follows.

Definition 3.1: A document, denoted d;= {(t1, fi1), (t2, fi2)s---» (s fii)s-- > (tms fim)}, 1S @
logical unit of text, characterized by a set of key terms ¢ together with their

corresponding frequency f;;.

Definition 3.2: A document set, denoted D = {d,, d,,..., d,,..., d,}, also called a
document collection, i1s a set of documents, where 7 is the total number of documents

in D.

Definition 3.3: The term set of a document set D = {d,, d>,..., d,,..., d,}, denoted Tp =
{ti, to,..., t,..., t;}, is the set of terms appeared in D, where s is the total number of

terms.

Definition 3.4: The key term set of a document set D = {d,, d>,..., d;,..., d,}, denoted
Kp={t, tr,..., tj,..., tn}, is a subset of the term set 7p, including only meaningful key
terms, which are not appeared in a well-defined stop word list, and satisfy the

pre-defined minimum threshold of term selection methods.

Based on these definitions, the representation of a document can be derived by
Algorithm 3.1 shown in Figure 3-2. For example, for a document set D = {d, d,...,
dio}, which includes ten documents. By Algorithm 3.1, suppose we can obtain the
derived representation of D and its key term set Kp = {stock, record, profit, medical,
treatment, health} as shown in Table 3-1. Notice that we use a tabular representation,
where each entry denotes the frequency of a key term (the column heading) in a
document d; (the row heading), to make our presentation more concise. This

representation scheme will be employed in the following to illustrate our approach.
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Algorithm 3.1: The document pre-processing algorithm for deriving the
representation of all documents in a document set D.

Input: A documentset D = {d,, d»,..., d..., d,}; A well-defined stop word list; The
minimum tf-idf threshold a; The minimum tf-df threshold £; The minimum tfidf-tfdf
threshold y;

Output: The key term set of D, Kp; The formal representation of all documents in D as
defined in Definition 3.1.

1. Extract the term set Tp = {#,, t5,..., £j,..., £}
2. Remove all stop words from Tp,.
3. Apply Word Stemming for 7.
4.Foreachd;, € D do
For eacht; € Tp do
(1) Evaluate its #fidf;;, tfdf;, and tfidf-tfdf;; weights.
(2) Retain the term if tfidf;; > o, tfdf; > f, and tfidf-tfdf; > .
5. Obtain the key term set K, based on the previous steps.
6. Foreachd; € D do
For eacht; € Ky do

(1) count its frequency in d; to obtain d;= {(t,, fi1), (t2, fi2)s- -+ (Zs fi))s- > (Ems fim) } -

Figure 3-2: A detailed illustration of Algorithm 3.1.

Table 3-1 : Document set.

D Key Term Set
ocs ID :
stock | record | profit | medical | treatment | health

d; 2 1 1 0 0 0
d, 1 1 0 0 0 0
ds 1 0 2 0 0 0
d, 0 0 0 3 0 2
ds 0 0 0 11 1 1
ds 0 1 0 4 0 0
d; 0 0 0 8 1 2
dg 3 0 1 0 0 0
dy 0 1 0 3 0 0
dyo 0 0 0 8 2 1

3.2 Stage 2: Candidate Clusters Extraction

The objective of this stage is to take a document set D, a set of predefined

membership functions, the minimum support value #, and the minimum confidence
value /4 as input, and to output a set of candidate clusters. To achieve this goal, we
modified the algorithm proposed by Hong et al. [22] to capture the relationships among

different key terms of the document set. Since each discovered fuzzy frequent itemset
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has an associated fuzzy count value, it can be regarded as the degree of importance

that the itemset contributes to the document set.

In the following, we will define the membership functions, present our algorithm,

and finally explain our approach by an illustrative example.

3.2.1 The Membership Functions

The membership functions are used to convert each term frequency into a fuzzy
set. Therefore, we define the #-f (term frequency) fuzzy set in Definition 3.5 used in

this thesis.

Definition 3.5: A t-f fuzzy set of document d; is a pair (£, w/ ), where Fj; is a set and
equals to {w"(f,) /¢,.Low, w)™ (f,) [ t,.Mid, w;*"(f;) I t,.High },w},: FF —[0,2], and r can

be Low, Mid, or High. The notation #.r is called a fuzzy region of ¢, For each term

pair (%, f;) of document d;, w;(f,)1s the grade of membership of ¢ in d; with Low, Mid,

and High membership functions.

0, fy =0
1+fl%, 0 <f;<aq
Low 1 . (3'4)
w"(f)=12, f; = @ s a =min(f;), a, =avg(f;)
a,—f.
14+ 2 j(lz—(II’ al<f!./.<a2
L f; 2 a
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0, f;=0
1, fu =aq,
f.—a
) 1+77 laz—al’ a < f;<a (3.5)
w (f;) = o ay=min(fy), ay =avg(f;) , a = max(f;)
2, fy =a
a,—f.
1+ %_az, a, < f; <ay
1, fU = a,
0, ;=0
L f <a
; 3.6)
W= o . @ =ave(f)), & =max(f,) (
ij ij 1+f,-j a, . a <ﬁ<a2 1 ij 2 ij
h~ 4 Y
2, f; =a

In formulas (3.4), (3.5), and (3.6), min(f;) is the minimum frequency of terms in

n

.
D, max(f;) is the maximum frequency of terms in D, and avg(f;) = [ =] where

K|

Jfi# min(fy) or max(f;), and |K]| is the number of summed key terms. For example,

based on the document set in Table 3-1, the derived membership functions are shown

in Figure 3-3.

Membership

Value Low Mid High
2

1 4 11 Frequency
min(f;) ave(fy) max(f;) of terms

Figure 3-3: The predefined membership functions of this example.
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3.2.2 The Fuzzy Association Rule Mining Algorithm for Text

To describe our fuzzy association rule mining algorithm shown, we need the
Definitions 3.6 - 3.7. The candidate cluster set C~’D for a document set D can be

generated by Algorithm 3.2 shown in Figure 3-4 .

Definition 3.6: For a document set D, a candidate cluster ¢ = (ﬁc,r) is a two-tuple,

where D_ is a subset of the document set D, such that it includes those documents

which contain all the key terms in 7= {t,, f,..., t;} < Kp, ¢ > 1, where K is the key
term set of D and ¢q is the number of key terms included in z In fact, 7 is a fuzzy
frequent itemset for describing ¢ . To illustrate, ¢ can also be denoted as

~4q

~q
Cleotyn 1) O €

&> and will be used interchangeably hereafter. For instance, in Table

3-1, the candidate cluster &._..= ({di, do, ds, dg}, {stock}), as the term “stock”

(stock) |

appeared in these documents.

Definition 3.7: The candidate cluster set of a document set D, denoted

C, =1{é,...,¢~,,¢&,..., %, is a set of candidate clusters, where k is the total

number of candidate clusters.
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Algorithm 3.2. Basic algorithm to obtain the fuzzy frequent itemsets from the document set.

Input: A set of documents D = {d, d,,..., d,}, where d= {(t,, fi), (t2, f22),---» (& fip)se s (s fim)}5 A
set of membership functions (as defined in Section 3.2.1); The minimum support value 6; The
minimum confidence value 4 .

Output: A set of candidate cluster.

1. Foreach d; € D do
For each t; € d;do
sy — F, = wﬁ”“'/t,..Low+ wyi"/tj Mid + mf"g”/tj .High //using membership functions
2. Foreacht; € K do
Foreachd; € D dno . )
Low __ Low Mid __ Mid High __ High
(1) count; _ZW'/ ,count; _ZW’Y , count’ _Zw’/
3. For each #; € Kp do ™' i=1 P
Low tM,'d
j

(1) max-count; = max( count;”, coun High'

, countj

max-count
|D| L>0, 1< j<m} //|D]isthe number of documents.

5.For(q=2; L, # D ; g++) do // Find fuzzy frequent g -itemsets L,
(1) C, = apriori_gen(L,.;, ) // similar to the a priori algorithm

4. L, = {max-R,| support(t,) =

(2) For each candidate g -itemsets 7 with key terms (¢, t5,..., ¢;) € C,do
(a) Foreach d; € D do
= min {WM-R/ =120, q} 1/ W;"“’C'Rf is the fuzzy membership value of the

W, i . . .
maximum region of # in d..

it

n
(®) count, = Zw,.,
i=1

count

(3) L,={reC, | support(r)=

6. For all the fuzzy frequent g-itemsets z containing key terms (#, %,...,%;), where g = 2 do //
construct the strong fuzzy frequent itemsets
(1) form all possible association rules

A ATUAT G AW AT, DT k=110 g.
(2) Calculate the confidence values of all possible association rules

n
Z Wie
i=l1

Z(Wil A AWy s Wy A e AW,)
i=1

() C,={ 7 € L,| confidence( 7) > A}
7. ¢, Ly v G,

confidence(r) = —

Procedure apriori_gen(Z,.;, 0)
1. for each itemset /; € L, do
for each itemset /, € L, do
() if (L[] =L[1] L[2]=4L[2] ... L[A-2] = L[k-2] L[k-1]= L[k-1]) then
Co=A{clc=1 L}
2. Return C,

Figure 3-4: A detailed illustration of Algorithm 3-2.
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3.2.3 An Illustrative Example of Stage 2

Consider using the document set D in Table 3-1, the membership functions

defined in Figure 3-3, the minimum support value 40%, and the minimum confidence

value 60% as inputs. The procedure of Algorithm 3.2 is illustrated in the following.

Step 1. The input membership functions are used to convert each term frequency into

a fuzzy set. By taking the first key term 7, “stock” in document d; as an

example, its term frequency ‘2’ will be transformed into the fuzzy set F; =

1.67/stock.Low + 1.33/stock.Mid + 1.0/stock.High based on the given

membership functions, where the notation term.region is called a fuzzy region.

This step will be repeated for the other terms, and the results are shown in

Table 3-2.
Table 3-2 : The fuzzy set in this example.
Level-1 Fuzzy Set
Doc ID stock record rofit medical treatment health

L M\ H|L\M\ H|L|\M H|L|\M\H|L M|H|L M|H
dy (1.67(1.33{1.00{2.00{1.00{1.00{2:00{1.00{1.00]0.00/0.00|0.00{0.00{0.00{0.00|0.00|0.00{0.00
d, (2.00{1.00{1.00{2.00{1.00{1.00{0.00(0.00{0.00]0.00|0.00|0.00{0.00{0.00{0.00|0.00|0.00{0.00
d; |2.00{1.00{1.00{0.00|0.00|0.00{1.67|1.33{1.00]0.00|0.00|0.00{0.00{0.00{0.00|0.00|0.00{0.00
ds 10.00{0.00]0.00{0.00{0.00]0.00{0.00{0.00{0.00(1.33{1.67{1.00|0.00|0.00{0.00 (1.67|1.33|1.00
ds 10.00{0.00]0.00{0.00{0.00]0.00{0.00{0.00{0.00{1.00{1.00{2.00{2.00|1.00{1.00 2.00|1.00{1.00
ds 10.00{0.00]0.00{2.00{1.00|1.00{0.00{0.00{0.00{1.00{2.00{1.00|0.00|0.00{0.00 (0.00|0.00{0.00
d; 10.00{0.00{0.00{0.00|0.00|0.00{0.00(0.00{0.00|1.00{1.43|1.57{2.00{1.00{1.00|1.67|1.33|1.00
dg (1.33(1.67(1.00{0.00|0.00|0.00{2.00(1.00{1.00]0.00|0.00|0.00{0.00{0.00{0.00|0.00|0.00{0.00
dy 10.00{0.00{0.00{2.00{1.00{1.00{0.00(0.00{0.00|1.33|1.67|1.00{0.00{0.00{0.00|0.00|0.00{0.00
dyp 10.00/0.00{0.00{0.00|0.00{0.00]0.00(0.00|0.00|1.00{1.43|1.57 1.67|1.33|1.00|2.00{1.00{ 1.00

Step 2. For D, the scalar cardinality of each fuzzy region for each key term is

calculated as count value. For example, the scalar cardinality of the fuzzy

region stock.Low = (1.67 + 2.00+ 2.00 + 1.33) = 7.0. By repeating this step for

the other regions, the results can be obtained as Table 3-3 illustrates.
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Table 3-3: The count values of three fuzzy regions for each key term.

Terms Count Terms Count Terms Count
stock.Low 7.00 | profit.Low 5.67 | treatment.Low 5.67
stock.Mid 5.00 | profit.Mid 3.33 | treatment.Mid 3.33
stock.High 4.00 | profit.High 3.00 | treatment.High 3.00
record.Low 8.00 | medical. Low 6.66 | health.Low 7.34
record.Mid 4.00 | medical.Mid 9.20 | health.Mid 4.66
record.High 4.00 | medical.High 8.14 | health.High 4.00

Step 3. Then, the region of each key term with maximum count value will be found.
Take the key term  “stock” as an example. Its count value is 7.0 for Low,
5.0 for Mid, and 4.0 for High. Due to the count value for Low is the highest
among the three count values, the region Low is thus used to represent the key
term “stock” in the following steps. This step is repeated for the other key

terms. Thus, Low is chosen for “stock”, “record”, “profit”, “treatment”, and

“health”, and Mid is chosen for “medical”.

Step 4. According to the maximum count value for each key term chosen in Step 3,
these key terms must be checked against the predefined minimum support
value 40%. Since the count values of stock.Low, record.Low, profit.Low,
treatment.Low, medical.Mid, and health.Low, are all larger than 40%, these

key terms are put in L, (fuzzy frequent 1-itemsets) as shown in Table 3-4.

Table 3-4 : The set of fuzzy frequent 1-itemsets in this example.

Terms Count Support Values
stock.Low 7.00 7.00/10=70%
Record.Low 8.00 8.00/10=80%
profit. Low 5.67 5.67/10=57%
medical Mid 9.20 9.20/10=92%
treatment.Low 5.67 5.67/10=57%
health.Low 7.34 7.34/10=73%

Step 5. (1)The candidate set C; is generated from L; as shown in Table 3-5.
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Table 3-5 : The candidate set C,.

Candidate 2-itemsets

Candidate 2-itemsets

Candidate 2-itemsets

(stock.Low, record.Low)

(record.Low, profit.Low)

(profit.Low, treatment.Low)

(stock.Low, profit.Low)

(record.Low, medical.Mid)

(profit.Low, health.Low)

(stock.Low, medical Mid)

(record.Low, treatment.Low)

(medical.Mid, treatment.Low)

(stock.Low, treatment.Low)

(record.Low, health.Low)

(medical.Mid, health.Low)

(stock.Low, health.Low)

(profit.Low, medical. Mid)

(treatment.Low, health.Low)

(2) For each candidate 2-itemset in C,, there are three sub-steps to be

performed:

(a)The fuzzy value of each document for each candidate 2-itemset is
calculated. For instance, the derived fuzzy value of (stock.Low,

record.Low) in document d; can be calculated as: min(1.67, 2.00) =

1.67. The results for the other documents are shown in Table 3-6.

Table 3-6 : The fuzzy values of (stock.Low, record.Low) in D.

DocID stock.Low record.Low |min(stock.Low, record.Low)
d, 1.67 2.00 1.67
dy 2.00 2.00 2.00
d; 2.00 0.00 0.00
dy 0.00 0.00 0.00
ds 0.00 0.00 0.00
ds 0.00 2.00 0.00
d; 0.00 0.00 0.00
dyg 1.33 0.00 0.00
do 0.00 2.00 0.00
dyo 0.00 0.00 0.00

(b)Calculate the scalar cardinality for each candidate 2-itemset.

3-8 lists the results for all candidate 2-itemsets.
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Table 3-7 : The count values of candidate 2-itemsets.

Candidate 2-itemsets Count Support Values
(stock.Low, record.Low) 3.67 3.67/10=37%
(stock.Low, profit.Low) 4.67 4.67/10=47%
(stock.Low, medical. Mid) 0.00 0%
(stock.Low, treatment.Low) 0.00 0%
(stock.Low, health.Low) 0.00 0%
(record.Low, profit.Low) 2.00 2.00/10=20%
(record.Low, medical. Mid) 3.67 3.67/10=37%
(record.Low, treatment.Low) 0.00 0%
(record.Low, health.Low) 0.00 0%
(profit.Low, medical .Mid) 0.00 0%
(profit.Low, treatment.Low) 0.00 0%
(profit.Low, health.Low) 0.00 0%
(medical. Mid, treatment.Low) 3.86 3.86/10=39%
(medical.Mid, health.Low) 5.53 5.53/10=55%
(treatment.Low, health.Low) 5.34 5.34/10=53%

(3) Because only the count values of (stock.Low, profit.Low), (medical.Mid,
health.Low), and (treatment.Low, health.Low) are larger than the
predefined minimum support value 40%. Thus, they are stored in L,

(fuzzy frequent 2-itemsets).
Step 5. Since L, is not null, repeat the step 5 as follows.

(1) g, a variable used to store the number of key terms kept in the current

itemsets, is set as 2.

(2) The candidate 3-itemset (medical.Mid, health.Low, treatment.Low) is
generated from L. The count value of the candidate 3-itemset

(medical.Mid, health.Low, treatment.Low) is 3.00.

(3) Then, its support value is 3.00/10 = 0.30. Since its support value is not

larger than 40%, it is not put in L.

Step 6. Since Ljis null, we proceed to step 6. For each fuzzy frequent itemset, the
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association rules are constructed by accomplishing the following sub-steps.

(a) Based on the fuzzy frequent itemsets, all possible association rules are

formed:

If stock = Low, then profit = Low

If profit = Low, then stock = Low

If medical = Mid, then health = Low
If health = Low, then medical = Mid
If treatment = Low, then health = Low

If health = Low, then treatment = Low

(b) Then, we calculate the confidence values of the above possible
association rules. Take the first rule pair as an example. Their
confidence values are calculated as follows:

B [f stock = Low, then profit= Low

10
Z (stock.Low profit.Low)

il _ 467 _ 67%
7.0
Z (stock.Low)
i=1
B [f profit =Low, then stock = Low
i
(stock.Low M profit.Low)
~ _4.67 _ 0%
5.67

10
Z (profit.Low)

i1
For the other rule pairs, the results are shown below:

If medical = Mid, then health = Low, with a confidence value of 0.60.
If health = Low, then Medical = Mid, with a confidence value of 0.75.
If treatment = Low, then health = Low, with a confidence value of 0.94.

If health = Low, then treatment = Low, with a confidence value of 0.73.
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In the proposed algorithm, we estimate the strength of association among key
terms in the document set by using confidence values. There is useful information
when the co-occurring keywords have been shown. This is because highly
co-occurring terms are used together. Thus, our algorithm compute the confidence

values of a rule pair to check the strong association of key terms (¢, t,..., #,) of the

fuzzy frequent g-itemsets. Take the candidate cluster ¢, ooy @S an example.

Since its confidence value of the rule pair “If stock = Low, then profit = Low” and “If

profit = Low, then stock = Low” are both larger than the minimum confidence value
60%, Eétock’ oy 18 put in the candidate cluster set CD. Finally, the candidate cluster

S ~1 ~1 ~1 ~1 ~1 ~1 ~2 ~2
set CD - { C(stock) H C(record) H C(proﬁt) b C(medical) 3 C(treatment) b c(health) H c(stock,proﬁt) H C(medical,health) H

& }+ will be output.

(treatment, health)

3.3 Stage 3: The Cluster Tree Construction

The candidate cluster set generated by the previous steps can be viewed as a set
of topics with their corresponding sub-topics in the document set. In this stage, we
first construct the Document-Term Matrix (DTM) and the Term-Cluster Matrix (TCM)

to derive the Document-Cluster matrix (DCM) for assigning each document to a

fitting cluster, such that each ¢/ contains a subset of documents. For the documents
in each ¢/, the intra-cluster similarity is minimized and the inter-clusters similarity is
maximized. We call each ¢! a target cluster in the following. Based on the

assignment result, we will find the set of target clusters C,, = {¢|, c},..., ¢/,..., ¢4},

1

and then use these target clusters to form a hierarchical tree for the document set D.
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To avoid the constructed cluster tree including too many clusters, we use the tree

pruning method to prune unnecessary clusters.

3.3.1 Building the Document-Cluster Matrix (DCM)

First, consider each candidate cluster ¢ = ¢; , , with fuzzy frequent
ety

itemset 7. 7 will be regarded as a reference point for generating a target cluster. Then,
to represent the degree of importance of document d; in a candidate cluster ¢, an
n % k Document-Cluster Matrix will be constructed to calculate the similarity of

terms in d; and ¢/ . To achieve this goal, we have to define two matrixes in Definition

3.8 and Definition 3.9, namely Document-Term Matrix and Term-Cluster Matrix,
respectively. Finally, based on Definitions 3.8 - 3.9, we can define the Document-

Cluster Matrix (DCM) of a document set D in Definition 3.10.

i

Definition 3.8: A Document-Term Matrix (DTM), denoted Wz[wmafo’J, for a

document set D, is an n x p matrix, such that w;™ " is the weight (fuzzy membership

value of the maximum region) of term # in document d; and t; € L; and can be
calculated from the Steps 4 and 5 of Algorithm 3-2. A formal illustration of DTM can

be found in Figure 3-5.

1, t, t,
max—Rj max—Rj max—Rj ]
d 11 12 e 1p
1
d max—Rj max—Rj max—Rj
W _ 2 W21 W22 e sz
dn max—R; max—R; max—R;
| nl n2 o np

nxp

Figure 3-5: A formal illustration of Document-Term Matrix.
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Definition 3.9: A Term-Cluster Matrix (TCM), denoted G = [ ey J, for a document

set D of n documents, is an p x k matrix, such that for 1 <j<p, 1 </ <k, and

Z wmax R ifg=1,

. Score(c ) d;e E},t/ el
max—IK; ~
g == ———1= where score(¢]) = z Wk G3.7)
! max—R; ij . .
Z Wy diedftel, 1
= 7 else,

In Formula (3.7), w;™ " is the weight (fuzzy membership value of the maximum

region) of term ¢ in document d; € ¢; and 4 is the minimum confidence value.

max—R

Each g, of TCM represents the degree of importance of key term f in a

candidate cluster ¢, by referring to those documents including 7. To reduce the

dimension, only key terms appeared in L; were applied in TCM. A formal illustration

of TCM can be found in Figure 3-6.

1 >l ~q ~q
G Gt G G
R; max—Rj max—Rj Rj
L | &u 8 8u 8k
¢ max—R/ max—R; max—R; max—R;
&y gzz 1 & 8ok
G =
t max—R R/» max—R_/. max—R/.
p_gpl gpl 1 gpl o gpk Apxk

Figure 3-6: A formal illustration of Term-Cluster Matrix.

Definition 3.10: A Document-Cluster Matrix (DCM) for a document set D of n

documents is the inner product of its DTM and TCM. It is an n x k matrix, and can be

defined as V' =[v,], where
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max—R;
D
_ _ max—R; max—R max—R; gz/ _ .
v, =row,(W) - COZI(G)_[W,I Tw W f] ) —Zw,pgp, ,1<i<mand 1</<k.
. p=1
max—R;

~ o~ ~q

~1 2~ ~q t t t G G G
Cipevr Cyg Gy - Cyp 1 2 P r max—R, 7
dil Voo Vg Yy e Vi d, f g,
d max—R; | max—R; fmax—R; t max—R;
ool Ve Va Ve Vu | W W W b .
—R.
d| V.. Vv,V ...V, d, t, g™
L i .
nxk - -
nxp pxk

Figure 3-7: A formal illustration of Document-Cluster Matrix.

3.3.2 Building the Hierarchical Cluster Tree

Based on the obtained DCM, each document can be assigned to only one target

cluster by using the following rules.

Rule 1. Each element v; of the DCM matrix represents the degree of importance of

document d; in a candidate cluster E,l. For each document d; (the row i of
DCM), if there exists only one maximum vy in {v;, va,..., vl-y}eé(lr) (the

column 1 to y of DCM), where 1 <y <k, then d; will be assigned to a target

cluster ¢, ; otherwise, apply Rule 2.

~1

¢ Z{di |V =max{v,,v,y,...., v, } €¢),wherel <y < k} 3.9

Rule 2. If a document d; has the same maximum values {vi, vi,..., Viy} € 5(11) from

more than one of the candidate clusters {Ef, 5;,..., 5;}, then d; will be
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assigned to a target cluster c,, such that its fuzzy frequent itemset 7 has the

highest count value. Notice that when ¢ = 1, the count value is max-count;

(refer to the Step 3 in Algorithm 3-2).

After assigning each document to the best fitting cluster, the resulting tree can be
formed as a foundation for pruning and a natural structure for browsing. The cluster

tree built by F’THC algorithm has the following eight features:

1. The cluster tree is built in a top-down fashion, which is different from the cluster
tree obtained in a bottom-up fashion by FIHC.

2. Each child target cluster has exactly one parent target cluster.

3. The topic of a parent target cluster is more general than the topic of its children
target clusters. The nodes become more and more specialized as they get closer to
the leaf nodes.

4. A parent target cluster and its children target clusters are “similar” to a certain
degree.

5. Each target cluster employs one fuzzy frequent g-itemset 7 as its cluster label.

6. The root node of the cluster tree appears at level 0, and is tagged with the cluster
label “all”.

7. Each target cluster with its fuzzy frequent g-itemset appears in the level g of the
tree.

8. The depth of the cluster tree is the same as the maximum size of fuzzy frequent

itemsets.

3.3.3 Tree Pruning

When a low minimum support value and a low minimum confidence value are
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used, the target cluster tree would become broad and deep. The documents with the
same topic may be spread to several small target clusters, which would cause low
document clustering accuracy. In order to generate a natural hierarchical cluster tree
for higher document clustering accuracy and for easy browsing, one tree pruning
method is used for merging similar target clusters at level 1. This method employs
Definition 3.11 to compute the inter-cluster similarity between two target clusters. In
the following, the minimum /Infer-Sim will be used as a threshold o0 to decide whether

two target clusters should be merged.

Definition 3.11: The inter-cluster similarity between two target clusters ¢! and ¢! ,

¢, # c,,is defined by Formula (3.9):

n
Z Vixxviy

Lol
diec,,c

Inter _Sim(c,,c})= — (3.9)
\/Z (Vix)z X Z (viy)2
d,ec. diec)l,

where v, and v, stand for two entry, such that d; e ci , d; e c;, in DCM,

respectively; The range of Sim is [0, 1]. If the Inter-Sim value is close to 1, then both

clusters are regarded nearly the same.

The objective of sibling merging is to shrink a tree by merging similar target
clusters at level 1 for attaining high document clustering accuracy. Each pair of target
clusters at level 1 of a tree is calculated by using the inter-cluster similarity measure.
The target cluster pair with the highest Inter-Sim value is to keep merging until the
Inter-Sim value of all target clusters at level 1 is less than the minimum /Inter-Sim

threshold 4.

Algorithm 3.3 shown in Figure 3-8 is used to assign each document to the best

fitting cluster, and finally builds a cluster tree for output.
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Algorithm 3.3. The cluster tree construction algorithm for building a hierarchical cluster tree for assigning each
document to a fitting cluster.

Input: A document set D = {d,, d,,..., ..., d,}; The key term set K, = {1, tr,..., t;,..., t»}; The candidate cluster

set C, ={&!, ..., & ,&,..., & A minimum Infer-Sim threshold 6.

Output: A cluster tree CT = {c,, c},..., ¢] ..., ¢!}

1. Build n X p document-term matrix W = [w;““ i }

Build p x k term-cluster matrix G = [g;‘]“”" ] .

»
W8 .

p=l

2.
3. Build  x k document-cluster matrix ¥ = W -G = [v, ]
4. Assign a document to a best target cluster.
(1) c,l :id“ |v, =max{v,,v,,..,v,} €, where the number of v, is 1}; Otherwise, apply Rule 2
2) c,1 ={d;| vi=max{vi1, vi,..., Vii} € 51' , where the number of v;> 1 and with ¢ the highest fuzzy count value
max-count; corresponding to its fuzzy frequent itemset}.
5. Sibling merging
(1) Remove the empty node at level 1.
(a) If there is no documents in target cluster ¢, then {this empty target cluster ¢, skip, and cluster a, try}.
(2) For each pair of target clusters at level 1.
(a) Calculate the Inter Sim.
(b) Store the results in the inter-cluster similarity matrix /.
(3) Keeping merging until the Inter Sim of each pair of target clusters at level 1 is less than J.
(a) Select the target cluster pair with the highest /nter Sim.
(b) Merge the smaller target cluster into the larger target cluster.
(c) Repeat Step 5(2) to update /.
6. Tree construction.
(1) Sort all target clusters by the number of key terms with its fuzzy frequent g-itemset in ascending order.
(2) Remove the candidate clusters that have no parent target clusters.
(3) Identify all potential children:
(a) Let ¢ be the number of terms in ¢; s fuzzy frequent g-itemset.
(b) PotentialChildren = Find all target clusters with g + 1 terms, such that each of the key term is a subset
of ¢]’s key terms in fuzzy frequent g-itemset.
(4) Choose the most similar children:
(a) Find a parent target cluster and its children target clusters against each PotentialChildren.
(b) Set the potential children cluster.
(5) Children splitting.
(a) Scan the tree in a top-down fashion.
(b) For each non-leaf node ¢ {in level q of the tree do
For each document in ¢} do
Based on DCM, if the v; value of a document d; in parent cluster C,"f1 is equal to or lower than that
of some of its children cluster ¢’ ; then this document will be moved to the child cluster with the
maximum v; value.
7. Output the cluster tree C7.

Figure 3-8: A detailed illustration of Algorithm 3.3.

3.3.4 An Illustrative Example of Stage 3

For example, consider the document set in Table 3-1. The key term set Kp =

{stock, record, profit, medical, treatment, health}, which was generated in Section

~1

: ~ _ ~1 ~1 ~1 ~1
3.2.1. The candidate cluster set C, = { Cistocky > Cirecord) > Clprofity > Cmedical) > Ctreatment) »

~1 ~2 ~2 ~2 : :
c(health) H c(stock, profit) > C(medical, health) ° c(treatment, health) } was already generated n SeCtlon 323
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Now, suppose the minimum /Inter-Sim value is 0.6. The proposed

construction algorithm proceeds as follows:

Step 1. Build 10 x 6 Document-Term matrix W in Table 3-8.

Table 3-8: The DTM of this example.

cluster tree

Documents/ stock.Low | record.Low profit.Low | medical.Mid | treatment.Low | health.Low

Key Terms
d) 1.67 2.00 2.00 0.00 0.00 0.00
d> 2.00 2.00 0.00 0.00 0.00 0.00
ds 2.00 0.00 1.67 0.00 0.00 0.00
ds 0.00 0.00 0.00 1.67 0.00 1.67
ds 0.00 0.00 0.00 1.00 2.00 2.00
ds 0.00 2.00 0.00 2.00 0.00 0.00
d; 0.00 0.00 0.00 1.43 2.00 1.67
ds 1.33 0.00 2.00 0.00 0.00 0.00
do 0.00 2.00 0.00 1.67 0.00 0.00
dyo 0.00 0.00 0.00 1.43 1.67 2.00

Step 2. Build 6 x 9 Term-Cluster matrix G in Table 3-9.

Table 3-9: The TCM of this example.

Iéf:sierl;mS/ ~(lsmck) 5(lrecord) E(Iproﬁt) 5(1medical) E(ltreatment) E(lheahh) 5(2stock,proﬁ1) E(%ncdical, health), 5(2trealment,health)
stock.Low 1.00{ 0.52| 0.71| 0.00] 0.00] 0.00 1.19 0.00 0.00
record.Low 0.50| 1.00| 0.25| 0.50{ 0.00{ 0.00 0.42 0.00 0.00
profit.Low 1.00{ 0.35/ 1.00] 0.00] 0.00] 0.00 1.67 0.00 0.00
medical. Mid | 0.00| 0.40] 0.00] 1.00] 0.42] 0.60 0.00 1.00 0.70
treatment.Low | 0.00] 0.00] 0.00] 1.00] 1.00] 1.00 0.00 1.67 1.67
health.Low 0.00| 0.00| 0.00| 1.00{ 0.77 1.00 0.00 1.67 1.29

Step 3. Build 10 X 9 Document-Cluster matrix } in Table 3-10.
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Table 3-10: The DCM of this example.

gi)lf:tlgf;nts/ E(lstock) E(Irccord) E(lproﬁt) E(Imcdical) 5(]treatment) E(lhcalth) E(itoek,proﬁt) 5(2medical,health) E(ztreatment,hcalth)
d, 4.67| 3.58| 3.69| 1.00 0.00] 0.00 6.15 0.00 0.00
d> 3.00{ 3.05| 1.93] 1.00, 0.00{ 0.00 3.21 0.00 0.00
d; 3.67| 1.64| 3.10/ 0.00 0.00] 0.00 5.16 0.00 0.00
ds 0.00| 0.67| 0.00] 3.34/ 1.99 2.67 0.00 4.46 3.32
ds 0.00| 0.40| 0.00] 5.00] 3.96] 4.60 0.00 7.67 6.61
ds 1.00| 2.80| 0.50| 3.00] 0.84| 1.20 0.83 2.00 1.40
d; 0.00| 0.57| 0.00| 5.10] 3.89| 4.53 0.00 7.55 6.48
dsg 3.33| 1.40[ 2.95| 0.00 0.00f 0.00 4.92 0.00 0.00
do 1.00| 2.67| 0.50, 2.67| 0.70| 1.00 0.83 1.67 1.17
dio 0.00| 0.57| 0.00| 5.10) 3.81| 4.53 0.00 7.55 6.36

* Numbers appeared in boldface mean the largest values of each row of E(IT) .

Step 4. Assign each document to its best target cluster.
c(stock) {db d37 dg} C(lrecord) = {dZ} c(medlcal) {d4a d5, d67 d7a d9, le}

1
(proﬁt) { } (treatment) { } (health) { }

Step 5. Sibling merging.

1 1 1
(1) Remove the empty l'lOde { C(proﬁt) H c(treatment) > c(health) }

(2)The Inter Sim values of all pairs of target clusters are calculated in

Table 3-11.

Table 3-11: The Inter Sim values of all target clusters.

Cluster pairs (c,, c¢,) Inter_Sim
(C(stock)s Crecord)) 0.94
(C(stock)> C(medical)) 0.14
(Cirecord)s C(medical)) 0.34

(3) Keep merging until the Inter Sim of all pairs of target clusters are lower

than the minimum /nter-Sim value 0.6.
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(a) Based on the above result, the cluster pair (¢(stock), Cirecord)) has the

highest Inter Sim value.

1
(record

(b) Since the number of documents of Cporgy 1S less than c, the

(stock) ?

1

document in Cpeorg

: : 1 1 —
) 18 merged into ¢y, - Thus, ¢y, = {d1, da,

d3: dg} .
(¢) Update the inter-cluster similarity matrix. We omit the details here
due to space limitation.
Step 6. Tree construction.
(1) Sort all target clusters based on the number of key terms, we obtain

1 1 2 2 2
{ c(stock) ’ c(medical) s C(stock, profit) * c(medical, health) * c(treatmem, health) } .

(2) Remove the target clusters and it has no parent clusters to produce the

2
result { c(treatment, health) }

(3) Indentify all potential children.

: 2 2
(a) The number of terms in  Ciuy oy AN Clnegicar hearyy  aT€ DOt 2.
. . 1 : 2
(b) The  PotentialChildren — of  Cyu)y 18 Cloapomy and  the

. 2
1S C(medical, health) *

PotentialChildren of ¢!

(medical)

2

(stock, profit) are set as the child cluster

2
and C(medical, health)

(4) The target clusters ¢,

and ¢

(medical) *

of ¢

(stock) respectively.

(5) Children splitting.

(a) Here, we take the documents in the parent cluster c, for

(medical)
example.
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(b) Based on DCM, we compare the value v; of each document in the

1 . . 2 .
parent cluster ¢ .., and its child cluster ¢ gcupean t0 decide

whether the document is divided into the child cluster. The result is

shown in Table 3-12.

Table 3-12: The compare results between the parent cluster c(lme dical)

. . 2
and its child cluster ¢ ;... peam -

Documents / & a2 Whether the document is
Clusters (medical) (medical.health) | djyided into the child cluster

dy 3.34 4.46 Yes

ds 5.00 7.67 Yes

ds 3.00 2.00 No

d; 5.10 7.55 Yes

dy 2.67 1.67 No

d 10 5.10 7.55 Yes

* Numbers appeared in boldface mean the largest values of each row.

Step 7. Finally, the derived cluster tree CT can be shown in Figure 3-9.

all

| |

(stock) (medical)
ds

(stock,profit) do
d; \
d (medical,health)
d 3 d4
dg d5
d;
d[ 0

Figure 3-9: The derived hierarchical cluster tree.
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3.4 Experiments

In this section, we experimentally evaluate the performance of the proposed
algorithm by comparing with that of the FIHC approach. We make use of the FIHC
1.0 tool® to generate the results of FIHC. The produced results are then fetched into
the same evaluation program to ensure a fair comparison. All the experiments have

been performed on a P4 3.2GHz Windows XP machine with 1GB memory.

3.4.1 Datasets

We used the five standard datasets employed by the FIHC experiments. These
datasets are widely adopted as standard benchmarks for the text categorization task.
To find key terms, stop words were removed and stemming was performed.
Documents then were represented as TF (Term Frequency) vectors, and unimportant
terms were discarded. This process implies a significant dimensionality reduction

without loss of clustering performance.

The statistics of these datasets, after the document preprocessing described in
Section 3.2.1, are summarized in Table 3-13. They are heterogeneous in terms of
document size, cluster size, number of classes, and document distribution. The
smallest document set contains 1,504 documents, and the largest one contains 8,649
documents. Each document is pre-classified into a single topic, i.e., a natural class.

The class information is utilized in the evaluation method for measuring the accuracy

3 http://ddm.cs.sfu.ca/dmsoft/Clustering/products/
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of the clustering result. The detailed information [42] of these datasets can be

described as follow:

Classic*: This dataset is a combination of the four classes CACM, CISI, CRAN,
and MED abstracts. Classic includes 3,204 CACM documents, 1,460 CISI
documents from information retrieval papers, 1,398 CRANFIELD documents from
aeronautical system papers, and 1,033 MEDLINE documents from medical

journals.

Hitech: The Hitech dataset was derived from the San Jose Mercury newspaper
articles, which are delivered as part of the Text REtrieval Conference’ (TREC)
collection. The classes of this dataset are computers, electronics, health, medical,

research, and technology.

Re0: Re0 is a dataset, derived from Reuters-21578° text categorization test
collection Distribution 1.0. Re0 includes 1,504 documents belonging to 13

different classes.

Reuters’: This dataset is extracted from newspaper articles. These documents are
divided into 135 topics mostly concerning business and economy. In our test, we
discarded documents with multiple category labels, and the result is consisting of
documents associated with a single topic of approximately 9,000 documents and

50 classes. This dataset is also highly skewed.

Wap: This dataset consists of 1,560 Web pages from Yahoo! Subject hierarchy
collected and classified into 20 different classes for the WebACE project [19].

Many classes of Wap are close to each other.

* fip:/ftp.cs.cornell.edu/pub/smart/
5 hitp://trec.nist.gov/
® http://www.daviddlewis.com/resources/testcollections/
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Table 3-13: Statistics for our test datasets.

Number of Number of Class Si The Length of
Datasets Documents | Natural Clusters ass Slze Documents
Total Total Max |Average| Min Average
Classic 7094 4 3203 | 1774 | 1033 43
Hitech 2301 6 603 | 384 | 116 221
Re0 1504 13 608 | 116 11 76
Reuters 8649 65 3725 | 131 1 42
Wap 1560 20 341 78 5 216

3.4.2 Evaluation of Cluster Quality: Overall F-measure

The F-measure is often employed to evaluate the accuracy of the generated
clustering results. It is a standard evaluation method for both flat and hierarchical
clustering structure. More importantly, this measure balances the cluster precision and
cluster recall. Hence, we define a set of document clusters generated from the
clustering result, denoted C, and another set, denoted L, consisting of natural classes,
such as each document is pre-classified into a single class. Both sets are derived from
the same document set D. Let |D| be the number of all documents in the document set
D; |ci| be the number of documents in the cluster ¢; € C; || be the number of
documents in the class /;e L; |c; N [j be the number of documents both in a cluster ¢;

and a class /;. Then, the two standard evaluation measures are defined as follows.

Overall F-measure The F-measure is often employed to evaluate the accuracy of
clustering results. Fung et al. [17] measured the quality of a clustering result C using
the weighted sum of such maximum F-measures for all natural classes according to
the cluster size. This measure is called the overall F-measure of C, denoted F(C),

which is defined as follows.
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l c. NI,
F(C)=Zumax {F}, WhereF:ﬂ’ P=| 7] a
ljeL|D c; eC P+R

1.
nd g =GN (3.10)
|ci] ||

In general, the higher the F(C) values, the better the clustering solution is.

Improvement Ratio To compute a ratio signifying how much improvement is
achieved for our proposed approach, F'ITHC, when compared to FIHC method. The
Improvement Ratio (IR) is the relative value of improvements to the F(C) value of

F’IHC. In the following, we defined the IR:

o F(C)FZIHC _F(C)FIHC
- F(C)FIHC

@3.11)

where F(C)"" and F(C)™© tepresent the F(C) values of FJIHC and FIHC,

respectively. A higher IR value indicates that the clustering quality of FXIHC method

is better than the clustering quality of FIHC.

3.4.3 The Effect of Feature Selection

In document clustering, feature selection is essential to make the clustering task
efficient and more accurate. The most important goal of feature selection is to extract

topic-related terms, which could present the content of each document.

Before applying F’IHC, we first consider the feature selection strategy. To select
the most representative features, we use Formulas (3.1), (3.2), and (3.3) to obtain
three weights and select these terms, which their weights are all higher than the
pre-defended thresholds. Table 3-14 shows the keyword statistics of our test datasets

and the suggested thresholds for each dataset.
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Table 3-14: Keyword statistics of our test datasets.

Number off Number of | Percentage of | Parameter | Parameter | Parameter
Datasets | Terms | Key Terms Term (a threshold) | (# threshold) | (y threshold)
Removed
Classic 41681 41251 1.0% 0.028 0.01 0.005
Hitech 126737 20830 83.6% 0.015 0.04 0.0008
ReO 2886 2696 6.6% 0.01 0.05 0.0005
Reuters 16641 14679 11.8% 0.05 0.06 0.003
Wap 8460 8021 5.2% 0.01 0.07 0.0007
3.4.4 Experimental Results and Analysis

We have conducted experiments to compare the accuracy of our algorithm F*IHC
with other methods in Section 3.3.4.1 In Section 3.3.4.2, we further evaluate the
accuracy of FTHC with respect to different MinSup parameters ranging from 2% to

9%. The efficiency of our algorithm is measured in Section 3.3.4.3.

3.44.1. Accuracy Comparison

Table 3-15 presents the obtained overall F-Measure values for FFIHC and FIHC
algorithms by comparing four different numbers of clusters, namely 3, 15, 30, and 60.
We use the same minimum support, ranging from 3% to 6%, to test FIHC and F*THC

in each data set, and list their average overall F-Measure values.

It is apparent that the average accuracy of FTHC is superior to that of all other
algorithms. Although the performances of UPGMA, Bisecting k-means, and FIHC
are slightly better than that of F’THC in several cases, we argue that the exact number
of clusters in a document set is usually unknown in real case, and F’IHC is robust
enough to produce stable, consistent and high quality clusters for a wide range

number of clusters. This can be realized by observing the average overall F-measure
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values of all test cases. Notice that as UPGMA is not available for large data sets

because some experimental results cannot be generated for UPGMA, and we denoted

them as N.A.
Table 3-15: Comparison of the overall F-Measure.
Datasets # of X Bi.

# gflﬁ?et:}sl;al Clusters FIHC FIHC | UPGMA h-means
Classic(4) 3 0.51 053 | NA. 0.59 *
15 0.53 * 0.53 *| N.A. 0.46

30 0.54 * 0.52 N.A. 0.43

60 0.56 * 0.45 N.A. 0.27

Average 0.54 * 0.51 N.A. 0.44
Hl(tg)‘?h 3 0.47 0.48 0.33 0.54 *
15 0.47 * 0.45 0.33 0.44

30 0.48 * 0.46 0.47 0.29

60 0.45 * 0.42 0.40 0.21

Average 0.47 * 0.45 0.38 0.37

{{1%3 3 055 *| 040 0.36 0.34

15 0.54 * 0.41 0.47 0.38

30 0.54 * 0.38 0.42 0.38

60 0.54 * 0.40 0.34 0.28

Average 0.54 * 0.40 0.40 0.34

R?‘ggrs 3 049 *| 048 | NA. 0.48
15 0.56 * 0.47 N.A. 0.42

30 0.57 * 0.47 N.A. 0.35

60 0.54 * 0.42 N.A. 0.30

Average 0.54 * 0.46 N.A. 0.39
ng)’ 3 0.39 0.37 0.39 0.40 *
15 0.61 * 0.49 0.49 0.57

30 0.62 * 0.56 0.58 0.44

60 0.62 * 0.59 0.59 0.37

Average 0.56 * 0.50 0.51 0.45

N.A. means not available for large datasets * means the best competitor

The experimental results of UPGMA and Bi. k-means are the same as that of FIHC.
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From the experimental result in Table 3-15, based on Formula (3.11), our
proposed approach has gained (0.54-0.4)/0.4 = 35% and (0.54-0.42)/0.42 = 28% F(C)
value improvement in average on Re0 and Reuters datasets, respectively, compared
with FIHC algorithm. For the other datasets, the reasons for limited improvement
may be due to the numbers of clusters were fixed with 3, 15, 30, and 60 for
comparison purpose, and these numbers of clusters may not be appropriate for these

datasets.

3.4.4.2. Sensitivity to Various Parameters

Our algorithm has two main parameters for the adjustment of accuracy quality.
We now discuss how the default values were chosen, the effects of modifying those
parameters, and suggestions for practical uses. The first one is mandatory and is
denoted MinSup, which means the minimum support for fuzzy frequent itemsets
generation. The other is optional, and is denoted KCluster, which represents the
number of clusters at level 1 of the cluster tree. In Table 3-15, we do not only
demonstrate the accuracy of the produced solutions, but also show the sensitivity of

the accuracy of KCluster.

Figure 3-10(a) depicts the overall F-measure values of F’IHC when accepting
different mandatory parameters, but ignoring the parameter values of the optional
ones. We observe that high clustering accuracies are fairly consistent while MinSup
are set between 2% and 9%. As KClusters is not specified in each test case, the
sibling merging algorithm has to decide the most appropriate number of output

clusters, which are shown in Figure 3-10(b).
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Figure 3-10: The accuracy test of F'IHC for different MinSup values with the optimal

cluster numbers determined by the sibling merging algorithm.

Based on our test, we observe a general guidance that the best choice of MinSup
can be set between 3% and 6%. Nevertheless, it cannot be over emphasized that

MinSup should not be regarded as the only parameter for finding the optimal
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accuracy. It is supposed that users are responsible to adjust the shape of the cluster
tree based on the value of MinSup. The smaller the value of MinSup, the deeper (and

broader) a cluster tree can be generated, and vice versa.

3.4.4.3. Efficiency and Scalability

Our algorithm involves three major phases: finding fuzzy frequent itemsets,
initial clustering, and clusters merging. Figure 3-11 depicts the average execution
time of FIHC algorithm on five datasets, where there were five different MinSup,
5% ~ 9%, set to evaluate the performance. According to the result shown in Figure
3-11, the document length dominates the performance of the execution time. From
Figure 3-11, we further found that the average execution time of the fuzzy mining
stage on five datasets is almost identical. The runtime of our algorithm is inversely
related to the input parameter MinSup. In other words, runtime increases as MinSup
decreases. Due to the longer average length of documents in Hitech and Wap datasets,
their average initial clustering and cluster merging time is higher than that of the

other datasets.

30
B Classic

25 Hitech |
. O Re0
s 2 O Reuter ]
E = O Wap
o @ 15 _
5L

(%]

gl) § 10 § -
:e -
> 5 ]
S B 1 [l

0 | ,_ ——— |

Fuzzy Association Initial Clustering Cluster Merging  Entire Time Cost
Mining Stages MinSup=5%-9%, Kcluster = 60

Figure 3-11: The detailed time cost analysis of FFIHC on five datasets.
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To analyze the scalability of our algorithm, we get 100,000 documents from
RVCI (Reuters Corpus Volume 1) dataset [31], which contains news from Reuters
Ltd. There are three category sets: Topics, Industries, and regions. In our experiments,
we consider the Topics category set, which includes 23,149 training and 781,265
testing documents. Before clustering this dataset, documents were parsed by
converting all terms in documents into lower case, removing stop words, and applying

the stemming algorithm.

Figure 3-12 shows the runtimes with respect to the different sizes of RVCI
dataset, ranging from 10K to 100K documents, for different stages of our algorithm.
The whole process was completed within five minutes. The figure also shows that
fuzzy mining and the initial clustering stages are the most two time-consuming stages
in our algorithm. In the clustering stage, most of the time is spent on constructing

initial clusters and its runtime is almost linear with respect to the number of

documents.
350
300 | —e— Fuzzy Association Mining
250 || —— Initial Clustering
§ —a— Cluster Merging ){//
:E: | | —<¢— Entire Time Cost
.é.
=
=7

0 & - - - - - - -
10 20 30 40 50 60 70 80 90 100
a=0.6, =0.5,y=0.3, # documents (in thousands)

MinSup=10%, Kcluster = 60

Figure 3-12: Scalability of F'IHC.
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3.5 Summary

Although numerous interesting document clustering methods have been
extensively studied for many years, the high computation complexity and space need
still make the clustering methods inefficient. Hence, reducing the heavy
computational load and increasing the precision of the unsupervised clustering of
documents are important issues. In this chapter, we derived a frequent itemset-based
hierarchical document clustering approach, based on the fuzzy association rule mining,
for alleviating these problems satisfactorily. In our approach, we start with the
document pre-processing stage; then employ the fuzzy association data mining
method in second stage; automatically generate a candidate cluster set, and merge the
high similar clusters, and finally build a hierarchical cluster tree in a top-down fashion
for easy browsing. Our experiments show that the accuracy of our algorithm is higher
than that of FIHC method, UPGMA, and Bisecting k-means when compared on the
five standard datasets. Moreover, the experiment results show that the use of fuzzy
association rule mining discovery important candidate clusters for document
clustering to increase the accuracy quality of document clustering. Therefore, it is

worthy extending in reality for concentrating on huge text documents management.
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Chapter 4
Fuzzy Frequent Itemset-based Document

Clustering (F’IDC) Approach

Many documents contain the similar semantic information, even though they do
not contain common words. For instance, if one document describes the ‘apple’ issue,
it should be turned up ‘fruit’ issue even though the document does not contain term
“fruit’. In order to consider the conceptual similarity of terms that do not co-occur
actually, we employ WordNet in our document clustering approach and show where
and how it can be fruitfully utilized.

However, most frequent itemset-based clustering algorithms only account for term
frequency in the documents and all ignore the important semantic relationships
between terms. Therefore, our approach aims to investigate whether or not WordNet
semantic relationships can improve the clustering quality of frequent itemset-based
clustering

In this chapter, we propose an effective Fuzzy Frequent Itemset-based Document
Clustering (F*IDC) approach based on fuzzy association rule mining in conjunction
with WordNet for clustering textual documents. In contrast to FIHC approach
proposed in Chapter 3, this chapter illustrates how to add hypernyms as term features
for the document representation, how to utilize the hypernyms in the process of fuzzy

association rule mining to obtain the conceptual labels from the derived clusters.

The overall process and detail design of the proposed F’IDC approach is shown
in Figure 4-1. The process of F’IDC is similar to the general process of document

clustering (as depicted in Figure 2-1), expect for the gray-colored components (i.e.,
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Document Enrichment, Fuzzy Frequent Itemset Mining, and Clustering, etc.) In the

following, we explain these three stages in our framework:

Term
Extraction

I

Documents

Stage 1: Document

Key Term Set
Pre-processing

Document
Representation

Stage 2: Document
Representation and
Enrichment

Document
Enrichment

WordNet

Fuzzy
Association

Membership Rule Mining

Functions

i

Stage 3: Document
Clustering

Clustering

Clusters

Figure 4-1: The F’IDC framework.

4.1 Stage 1: Document Analyzing

As with document clustering techniques, the proposed approach starts with term
extraction. For a document set D = {d, d>,..., d,,..., d,}, a term set Tp = {1, to,...,
t,..., ts}, which is the set of terms appeared in D, can be obtained. The details of the

term extraction are described in Section 2.1.

The feature description of a document is constituted by terms of the document
set to form a term vector. A term vector with high dimensions is easy to make

clustering inefficient and difficult in principle. Hence, we employ tf-idf [46] as the
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feature selection method to produce a low dimensional term vector. A term will be
discarded if its weight is less than a tf-idf threshold y. Formula (4.1) is used for the
measurement of #fidf; for the importance of a term # within a document d;. For
preventing a bias for longer documents, the weighted frequency of each term is
usually normalized by the maximum frequency of all terms in d;, and is defined as

follows:

, D]
tfidf. =0.5+0.5*—~L— x Jog(1+
b max(f) i edodep) @

J

where f;; is the frequency of ¢ in d;, and the denominator is the maximum frequency of
all terms in d;. |D| is the total number of documents in the document set D, and |{d; | ¢;

€ d;, d; € D}| 1s the number of documents containing ;.

After the step of term selection, the key term set of D, denoted Kp = {11, to,...,
t,..., t,} 1s obtained. Kp is a subset of 7p_including only meaningful key terms, and

satisfying the pre-defined minimum tf-idf threshold .

4.2 Stage 2: Document Representation and Enrichment

In this stage, each document d;in D is represented using those terms in Kp. Thus,
each document d; € D, denoted d; = {(t1, fi), (t2, fi2)s---s (& fii)s-vs (tms fim)}, 1S
represented by a set of pairs (term, frequency), where the frequency f;; represents the

occurrence of the key term ¢ in d;.

Accordingly, we enrich the document representation by using WordNet, a source
repository of semantic meanings. WordNet, developed by Miller et al. [40], consists

of so-called synsets, together with a hypernym/hyponym hierarchy.
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The basic idea of document enrichment is to add the generality of terms by
corresponding hypernyms of WordNet based on the key terms appeared in each
document. Each key term is linked up to the top 5 levels of hypernyms. After key
terms are extracted from the document set, they can be organized based on the
hierarchical (IS-A) relationship of WordNet [40] to construct term trees. A term tree
(defined in Definition 4.1) is constructed by matching a key term in WordNet and then
navigating upwards for the top 5 levels of hypernyms. Eventually, all term trees can

be regarded as a term forest (defined in Definition 4.2) for the document set D.

Definition 4.1: A term tree of term ¢, denoted J= (W, H, I, t), is a 4-tuple consisting of

a set of hypernyms / = {h,..., h,.} of a key term ¢; € W, together with their reference
function H: 2" |—2" in W, where W represents the WordNet and H links the set of
hypernyms up to five levels in W. We denote /; < hy, when A, is the hypernym of /;

defined in W.

Definition 4.2: A term forest of a set of terms {t, t», ... t ... tn}, denoted
F={T, T2 5oy Tir---» Im}, 18 a set of term trees, where m is the total number of key

terms in D.

Using hypernyms can help our approach magnify hidden similarities to identify
related topics, which potentially leads to better clustering quality [24][49]. Hence, we
enriched the representation of each document with hypernyms based on WordNet to
find semantically-related documents. Based on the key terms appeared in a document,
the representation of this document is enriched by associating them with the term
trees accordingly. For a simple and effective combination, these added hypernyms

form a new key term set, denoted Kp = {t, to,..., tw, h1,..., h.}, where h; is a
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hypernym. The enriched document d; is represented by d;= {(t1, fi1), (2, f2)-- -5 (tps fip),
(h1, hfir),-.., (hy, hfi)}, where a weight of 0 will be assigned to several terms appearing
in some of the documents but not in d;. The frequency f; of a key term ¢ in d; is

mapped to its hypernyms {4,..., A;..., h,} to accumulate as the frequency Afj; of h;.

The reason of using hypernyms of WordNet is that hypernyms can reveal hidden
similarities to identify related topic, potential leading to the better clustering quality
[49]. For example, a document about ‘sale’ may not be associated to a document
about ‘trade’ by the clustering algorithm if there are only ‘sale’ and ‘trade’ in the key
term set. But, if the more general term ‘commerce’ is added to both documents, their
semantic relation is revealed. The suitable representation of each document for the

later mining can be derived by Algorithm 4.1 shown in Figure 4-2.

Algorithm 4.1. Basic algorithm to obtain the designated representation of all documents
Input: A document set D; A well-defined stop word list; WordNet /¥; The minimum tf-idf threshold y.
Output: The formal representation of all documents in D.

Extract the term set Tp = {#), tr,..., tj,..., Is}
Remove all stop words from 7}
Apply Stemming for 7}
Foreach d; € D do //key term selection
Foreacht; € Tp do
(1) Evaluate its #fidf;; weight // defined by Formula (4.1) in Section 4
(2) Retain the term if #fidf; >y
5. Form the key term set Kp = {#1, ta,..., ,..., tm}, Where m <s
6. FcJacht e Kp do //referto W
=W, 1, H, t) // find the set of hypernyms /= {h;,..., 4.} and their links /
7. Form the Term Forest F = {7, % ..... J.... Ton}
8. Foreachd; € Ddo //document enrichment step
Foreacht; € K do
(1) If (h; is hypernyms of ;) then //refer to W
(a) hfy — hfy + 1
(2) If (h; 1s not in Kp) then
(b) Kp— Kp U {h;}
9. Foreachd; € Ddo //in order to decrease noise from hypernyms, tf-idf method is executed again
For each #; € Kp do
(1) Evaluate its #fidf;; weight
(2) Retain the term if #fidf; >y
10. Form the new key term set Kp = {t, t,..., tw, h1,..., h}
11. For each d; € D, record the frequency f; of t; and the frequency Af;; of 4; in dj to obtain the final

representation of di= {(t1, fi1), (t2, f)s- -, (tws fim)> (h1s Bfir)s..., (B, Bfir)}

bl o M

Figure 4-2: The detailed description of Algorithm 4.1.
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4.3 Stage 3: Document Clustering

The final stage is to group the documents into clusters. In the following, we first

define the membership functions and present our fuzzy association rule mining

algorithm for texts. Subsequently, based on the mining results, we illustrate the details

of the clustering process.

4.3.1 The Fuzzy Association Rule Mining Algorithm for Texts

According to Definition 3.5, the corresponding membership functions w/(f;)

are defined by Formulas (4.2), (4.3), and (4.4), respectively. The derived membership

functions are shown in Figure 4-3.

0, f,=0

1+f’7 -%—a’ a

2, b <ﬁ./.<c

L —d
1+f” %—d’ c < fysd
I, f,>d

IA
Bon
IA
o>

Wéow (f;]) —

0, f,=0
1, f,<a

fcy
1+77 h—a @ < Jfy
2, b <f,j.<c

—d
1+f’f %—d’ c < f;
1, f;>d

IA

W ()=

IA

d

0, f;=0
I, f; <a

1+f’7 -%—a’ a

2,b < f;<c

1+f’7_6%_d, c < fy,sd

IN

W;igh (fg) = f <b

=

l

a=0,

b=min(f,),

_ g,y min(f))
2 b

d= avg(f,)

4.2)

a =min(f;),

_ Cavg(f,) + min(f;)’
2 b
¢ =avg(f)),

b 4.3)

_ max(f)-avg (£,
d=avg(f;)+ p

a=avg(fy),

4.4

) max(f,)-avg(f,)
b=avg(f;)+ — 4

rrmzx(fl‘.,) - avg(ﬁ/;

c=avg(f,)+ 3

d =max(f;)

58



In Formulas (4.2), (4.3), and (4.4), min(f;) is the minimum frequency of terms in

D, max(f;) is the maximum frequency of terms in D, and avg(fy) = FE—L where f;; #

Iy
min(f;;) or max(f;), and |K] is the number of summed key terms.
Membership
Value
A e e Ve \
: N
\.
\.
\.
\.
. F
: requency
of terms
1 \
11 15
min(f;;) avg(f;) max(f;)

Figure 4-3: The predefined membership functions.

Then, we use the membership functions shown in Figure 4-3 and Algorithm 3.2

(shown in Figure 3-4) to generate the candidate cluster set as output.

4.3.2 Clustering

The objective of Algorithm 4.2 shown in Figure 4-4 is to assign each document

to the best fitting clusterc/, and finally obtain the target cluster set for output. The

assignment process is based on the Document-Cluster Matrix (DCM) derived from
the Document-Term Matrix (DTM) and the Term-Cluster Matrix (TCM). We define
DTM and TCM by Definitions 3.8 and 3.9, respectively. The DCM of a document set
D is defined by Definition 3.10. For avoiding low the clustering accuracy, the
inter-cluster similarity (defined by Formula (3.9) in Chapter 3) between two target

clusters is calculated to merge the small target clusters with the similar topic.
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Algorithm 4.2: Basic algorithm to obtain the target clusters

Input: A document set D = {d,, d,,..., d;,..., d,}; The key term set Kp = {#, t,..., t,..., tn}; The
candidate cluster set CD ={&, ..,&.,&..,&}; Aminimum Inter-Sim threshold J;
Output: The target cluster set ¢, = (¢, ¢, ¢f,..., ¢

i

1.Build #n x m document-term matrix p — [W@X*Rfv } // W;‘“*RJ is the weight (fuzzy value) of ¢; in d; and

Y

t e L.
2.Build m x k term-cluster matrix G:[g‘/_';‘“*&] Il gyt :M , 1 <j<m 1< 1[<k and
’ zwxmfk,
i=1
~q\ — max—R max—R, - . . ~
score(¢y) = Z W, , where w, s the weight (fuzzy value) of t; ind; e ¢/ and ¢ € L.

dedf,tier

m

3.Build n x k document-cluster matrix y= w.G = [v,., ] = z Win &t -

m=1

4.Based on V, assign d;to a target cluster ¢/

(1) ¢l = {d,. |v, =max{v,,v,,...,v;} € ¢, where the number of v, is 1} , otherwise (2).
(2) ¢ =1{di|va=max{va, vi,..., va} € &, where the number of v; > 1 and & with the highest
fuzzy count value corresponding to its fuzzy frequent itemset}.
5.Clusters merging
(1) For each ¢/ e Cpdo
(@) If (¢/ = null) then { remove this target clusters ¢/ from Cp }

(2) For each pair of target clusters (cj,c;) € Cpdo

(a) Calculate the Inter _sim

(b) Store the results in the Inter-Cluster Similarity matrix /.
(3) If (one of the Inter_sim value in I 2 ) then

(a) Select (¢, cf,) with the highest Inter sim.

(b) Merge the smaller target cluster into the larger target cluster.

(c) Repeat Step (2) to update /

6.O0utput Cp

Figure 4-4: The detailed description of Algorithm 4.2.

4.4 An Illustrative Example of F'IDC Method

Suppose we have a document set D = {d,, d,,..., ds} and its key term set
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Kp = {sale, trade, medical, health}. Figure 4-5 illustrates the process of Algorithm 4.1
to obtain the representation of all documents. This representation scheme will be

employed in the following to illustrate our approach.

Key Term Set
D Key Terms Docs Sale | trade | medical| health
O Hypernyms d, 110 0 0
d, 0 3 0 0
commerce) Af;=4 A 1 3 0 0
dy 0 0 8 1
ds 0 0 11 2
<marketing hfi/ -1 ‘ Document Enrichment
' Key Term Set Hypernyms
fi=3 Docs sale |trade |medical | health |marketing |commerce

1 0 0 0 1 1

sale Jfi=1 - 0 3 0 0 0 3

T 1 3 0 0 1 4

0 0 8 1 0 0

0 0 11 2 0 0

Figure 4-5: The process of Algorithm 4.1 of this example.

Consider the representation of all documents generated by Algorithm 4.1 in
Figure 4-5, the membership functions defined in Figure 4-3, the minimum support
value 70%, and the minimum confidence value 70% as inputs. The fuzzy frequent

itemsets discovery procedure is depicted in Figure 4-6.

Level -1 Fuzzy Set
Docs sale trade medical | health |marketing |commerce Term Count | (count 1 # of docs)
LIM/H|LIM|H|L|M|H|LM|H|LM|H|L|M|H Support Values
Membership | di_|2-0[1.0[1.0[0.0[0.0]0.0] 0.0[0.0[0.0[0.0[0.00.0[2.0]1.0[1.0]2.0[L.0[ 0| . . sale.Low 4.0 4.0/5=80%
Functi d,_[0.0[0.0[0.0]1.5[2.0[1.5 0.0[0.0]0.0]0.0[0.0]0.00.0]0.0[0.0] 1.5[2.0] 1.5 | Minimum I i 4.0 4.0/5=80%

» dy [2.0[1.0[1.0]1.5[2.01.5]0.0[0.0]0.0[0.0[0.0]0.02.0]1.0[1.0[ 1.0[2.0[2.0 5“716"0;’“ health.Low 4.0 4.0/5=80%
dy10.0[0.0]0.0[0.0[0.0]0.0] 1.0]1.0]2.0]2.0]1.0]1.0]0.00.0[0.0]0.0]0.0[0.0 ® g [marketing.Low| 4.0 4.0/5=80%
ds_0.0[0.0]0.0]0.0]0.0[0.0] 1.0[1.0[1.0]2.0[2.0]1.00.0[0.0[0.0] 0.0]0.0]0.0 commerce Mid| 5.0 5.0/5=100%

count|4.0|2.0{2.0(3.0(4.0{3.0{ 2.0[2.0(3.0{4.0(3.0{2.0|4.0|2.0(2.0|4.5|5.0|4.5

Rule Pairs Confidence Values Gc“‘;rf“c frequent

5 -itemsets
> (sale.Low n marketing.Low) 40
If sale = Low, then marketing = Low |- f =—=100% (count | # of docs)
3 (sale.Low)  *0 Mini Candidate 2-i Count Support Vales
i P § S
Z(sale.Luwmmarke(ing.an) 40 70% (sale.Low, marketing.Low) 4.0 4.0/5=80%
If marketing = Low, then sale = Low |\~ s =4—'n ~=100%| <—— |(trade Mid. commerce Mid) | 4.0 4.0/5=80% !
Z(m:\rkcling.Low) - :
o v
5
If trade = Mid, then commerce = Mid Z((mde.Midmcommerce.J\V =%: 100% Docs | trade.Mid|commerce.Mid |min(trade.Mid, commerce.Mid)
> (trade.Mid) d, 0.0 0.0 0.0
1
3 d 2.0 2.0 2.0
" (trade.Mid ~ commerce.Mid) 5
If commerce = Mid, then trade = Mid| ! s :ﬂ:xo% s 2.0 2.0 2.0
> (commerce.Mid) >0 d, 0.0 0.0 0.0
= d: 0.0 0.0 0.0
s
Generate
candidate clusters
5 oAl ~1 ~1 ~1 ~1 ~2 ~2
C = {Csate)s Ctrade)s Ciheatthyy Clmarketingys C Cltrade, Clirade, }

Figure 4-6: The process of Algorithm 3.2 of this example.
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Moreover, consider the candidate cluster set ¢, was already generated in

Figure 4-6. Now, suppose the minimum /Inter-Sim value is 0.5. Figure 4-7 illustrates

the process of Algorithm 4.2 and shows the final results.

DTM DCM
?(‘:“'T":r"‘:l’s/ sale.Low |trade.Mid | medical. High | health.Low marketing.Low [commerce.Mid| (.[]":);sc:_s 5(]“]“ 5('mdc‘ 5““"}1) é ¢! E’(zlmdg E(fmde
d 2.0 0.0 0.0 0.0 2.0 1.0 d, 4.6 2.8 0.0 4.6 5.0 4.6 2.8
A 0.0 2.0 0.0 0.0 0.0 2.0 dy 22| 36 0.0 2.2 4.0 2.2 3.6
ds 2.0 2.0 0.0 0.0 2.0 2.0 &] d 62| 5.6 0.0 6.2 8.0 6.2 5.6
ds 0.0 0.0 2.0 2.0 0.0 0.0 dy 0.0 ] 0.0 2.0 0.0 0.0 0.0 0.0
ds 0.0 0.0 1.0 2.0 0.0 0.0 / ds 0.0 ] 0.0 2.0 0.0 0.0 0.0 0.0
TDM minimum
Key Terms / . ".1 o " 0 5 > l Inter-Sim 50%
Clusters Cisale)| Cltrade)| Cihealty| € ing) | € C(rade, commerce)| C(urade, commerce) Cluster pairs (¢ ) | Inter_Sim
sale.Low 1.0[ 05 | 0.0 1.0 1.0 1.0 0.5
trade.Mid 051 1.0 | 0.0 05 1.0 05 1.0 (C(commerce)s C(health)) 0.0
medical.High 0.0 | 0.0 1.0 1.0 0.0 0.0 0.0
health.Low 00]0.0] 1.0 1.0 0.0 0.0 0.0 l Generate
marketing.Low | 1.0 | 0.5 | 0.0 1.0 1.0 1.0 0.5 . target clusters
commerceMid_| 0.6] 08 1 0.0 | 0.6 1.0 0.6 0.8 Cneattr) = {dl,, dls}

1
€ commerce) = {d\, da, d3}

Figure 4-7: The process of Algorithm 4.2 of this example.

4.5 Experiments

In this section, we experimentally evaluated the performance of the proposed
algorithm by comparing with that of FIHC, k-means, Bisecting k-means, and UPGMA
algorithms. We make use of the FIHC 1.0 tool to generate the results of FIHC.
Moreover, Steinbach er al. [53] compared the performance of some influential
clustering algorithms, and the results indicated that UPGMA and Bisecting
k-means are the most accurate clustering algorithms. Therefore, the CLUTO-2.1.2a’
Clustering tool is applied to generate the results of k-means, Bisecting k-means, and
UPGMA. The produced results are then fetched into the same evaluation program to
ensure a fair comparison. All the experiments were performed on a P4 3.2GHz
Windows XP machine with 1GB memory. The implementation was written with Java

1.5 to allow reusability of the written code.

7 http:/glaros.dtc.umn.edu/gkhome/views/cluto/
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4.5.1 Datasets

To test the proposed approach, we used four different kinds of datasets: Classic,
Re0, RS, and WebKB, which are widely adopted as standard benchmarks for the text
categorization task. They are heterogeneous in terms of document size, cluster size,
number of classes, and document distribution. Moreover, these datasets are not

specially designed to combine with WordNet for facilitating the clustering result.

Table 4-1 summarizes the statistics of these datasets. Each document is
pre-classified into a single topic, i.e., a natural class. The class information is utilized
in the evaluation method for measuring the accuracy of the clustering result. The

detailed information of these datasets is described as follows:

* Classic®: This dataset is a combination of the four classes CACM, CISI, CRAN,
and MED abstracts. Classic includes 3,204 CACM documents, 1,460 CISI
documents from information retrieval papers, 1,398 CRANFIELD documents from
aeronautical system papers, and 1,033 MEDLINE documents from medical

journals.

e Re0’: Re0 is a dataset, derived from Reuters-21578'" text categorization test
collection Distribution 1.0. Re0 includes 1,504 documents belonging to 13

different classes.

e R8'": RS is a subset of the Reuters-21578 text categorization collections. It

considers only the documents associated with a single topic and the classes which

¥ ftp://ftp.cs.cornell.edu/pub/smart/

% The preprocessed datasets can be downloaded. http:/glaros.dtc.umn.edu/gkhome/cluto/cluto/download/
1" http://www.daviddlewis.com/resources/testcollections/

""" The preprocessed datasets can be downloaded. http://web.ist.utl.pt/~acardoso/datasets/
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still have at least one train and one test example. R8 includes 7,674 documents

with 8 most frequent classes.

 WebKB'*: This dataset consists of web pages collected by the WebKB project of
the CMU text learning group [10]. These pages are manually classified into seven
classes. In our test, we select the four most popular entity-representing classes:

course, faculty, project, and student.

Table 4-1: Statistics for our test datasets.

Documents | Classes Class Size Document Length
Datasets Total Total | Max | Average| Min Average
Classic 7,094 4 3203 1774|1033 43
Re0 1,504 13 608 116/ 11 76
R8 7,674 8 3,923 959 51 48
WebKB 4,199 4 1,641 1050| 504 124

4.5.2 Parameters Selection

Table 4-2 summarizes the parameters for our proposed method and the other

algorithms to compare the clustering performance.

Before applying F’IDC, we first consider the feature selection strategy. In order
to select the most representative features, we use Formula (4.1) to obtain the key
terms with weights higher than the pre-defined thresholds y. Table 4-3 shows the

keyword statistics of our test datasets and the suggested threshold for each dataset.

2 The preprocessed datasets can be downloaded. http://www.cs.technion.ac.il/~ronb/thesis.html
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Table 4-2: List of all parameters for our algorithms and the other three algorithms.

Parameter Name FIDC | FIHC |UPGMA"™" |Bi. k-means"
Datasets Classic, Re0, R8, WebKB
Stopword Removal Yes
Stemming Yes
Length of the smallest term Three
Weight of the term vector tf tf-idf tf-1df tf-idf
Levels of hypernyms H1, H2, H3,H4, H5
Cluster count k& 3,15, 30, 60

H1 represents the addition of direct hypernyms; H2 stands for the addition of

hypernyms of the first and second levels, and so on.

Table 4-3: Keyword statistics of our test datasets.

Dataset 4 of # of Terms # of Terms y threshold
atasets after after ) WordNet-based
Terms 3 . FIDC 2
pre-processing | Enriching FIDC

Classic 40,291 40,279 41,931 0.60 0.65

Re0 2,886 2,678 3,507 0.60 0.65

RS 16,810 16,790 18,692 0.60 0.65

WebKB 42,503 34,310 36,622 0.60 0.65

The two algorithms, F?IDC and FIHC, both have two main parameters for the

adjustment of accuracy quality. This first one is mandatory and is denoted MinSup,

which means the minimum support for frequent itemsets generation. The other one is

optional, and is denoted KCluster, which represents the number of clusters. As

Bisecting k-means and UPGMA require a predefined number of clusters as their

inputs, their KCluster parameters must be provided.

1> The command was vcluster -clmethod=agglo -crfun=upgma -sim=cos -rowmodel=maxtf -colmodel=idf
-clabelfile=<X>.mat.clabel <X>.mat < K>.

14

<X> is the name of the dataset being tested (ex. R8, WebKB etc.), and <K> is the number of clusters desired in

the final solution. Vcluster is the name of the Cluto clustering program that clusters data from .mat files as

input.

"> The command was vcluster -clmethod=rbr -crfun=i2 -sim=cos —cstype=best -rowmodel=maxtf -colmodel=idf
-clabelfile=<X>.mat.clabel <X>.mat <K>.
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4.5.3 Experimental Results and Analysis

The experiments were conducted by the following steps. First, we evaluated our
method, F’IDC, on the four datasets mentioned above and compared its accuracy with
that of FIHC, Bisecting k-means, and UPGMA. Moreover, we verified if the use of
WordNet can generate conceptual labels for derived clusters. Second, the dataset,
RVCI (Reuters Corpus Volume 1) [31], was chosen to evaluate the efficiency and

scalability of F*IDC.

4.5.3.1. Accuracy Comparison for FAIDC Algorithm

Table 4-4 presents the obtained overall F-Measure values for WordNet-based
F’IDC and the other WordNet-based algorithms by comparing four different numbers
of clusters, namely 3, 15, 30, and 60, on four datasets respectively. For each
algorithm, we run each dataset enriched with the top 5 levels of hypernyms. We
tested each algorithm’s clustering results with the value H, the levels of hypernyms,
from 1 to 5 and selected the best results. We chose the minimum support in {25%,
28%, 30%, 32%, 35%} to run F?IDC with WordNet for all datasets. Moreover, we set
the minimum support values, ranging from 3% to 6%, to obtain the best results for

FIHC.

It is apparent that the average accuracy of Bisecting k-means and FIHC are
slightly better than that of FIDC in several cases. We argue that the exact number of
clusters in a document set is usually unknown in real case, and F’IDC is robust
enough to produce stable, consistent and high quality clusters for a wide range

number of clusters. This can be realized by observing the average overall F-measure
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values of all test cases. Notice that UPGMA is not available for large data sets
because some experimental results cannot be generated for UPGMA, and we denoted
them as N.A. Since FIHC is not available for the documents of long average length,

there is no experimental result generated on the WebKB dataset, and we also marked

them as N.A.

Table 4-4: Average overall F-measure comparison for four clustering algorithms

on the four datasets.

(#]3;l tNa::ltlsral # of Clusters | FFIDC(H) | FIHC(H) | UPGMA(H) | Bi. k-means(H)

Classes)

Classic 3 0.68(3) *| 0.51(1) N.A. 0.61(5)

4) 15 0.70(3) *| 0.51(1) N.A. 0.59(5)

30 0.70(3) *| 0.52(1) N.A. 0.43(5)

60 0.69(3) *| 0.51(1) N.A. 0.28(5)

Average 0.69(3) *| 0.51(1) N.A. 0.48(5)

Re0 3 0.56(3) *| 0.43(1) 0.40(3) 0.40(3)

(13) 15 0.53(3) *| 0.40(1) 0.35(3) 0.42(3)

30 0.52(3) *| 0.39(1) 0.35(3) 0.36(3)

60 0.52(3) *| 0.34(1) 0.35(3) 0.30(3)

Average 0.53(3) *| 0.39(1) 0.36(3) 0.37(3)

R8 3 0.57(3) 0.47(1) N.A. 0.59(3) *

(8) 15 0.443) *| 0.43(1) N.A. 0.42(3)

30 0.43(3) *| 0.43(1)% N.A. 0.36(3)

60 0.44(3) *| 0.43(1) N.A. 0.23(3)

Average 0.47(3) *| 0.44(1) N.A. 0.40(3)

WebKB 3 0.48(1) * N.A. 0.44(1) 0.33(3)

4) 15 0.49(1) * N.A. 0.43(1) 0.19(3)

30 0.49(1) * N.A. 0.42(1) 0.13(3)

60 0.49(1) * N.A. 0.36(1) 0.07(3)

Average 0.49(1) * N.A. 0.42(1) 0.18(3)

N.A. means not available for the datasets

The Improvement Ratio (IR) is the ratio of improvements to the F(C) value of

* means the best competitor

our proposed approach, F’IDC, when compared with the other compared algorithms.

In the following, we define the /R:
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B F(C)FZIDC _F(C)<Y>

IR s ,
F(C)< >

(4.5)

where F(C)"™° and F(C) represent the F(C) values of F2IDC and the other

three algorithms (e.g., <Y> can be FIHC, UPGMA, or Bi. k-means), respectively. A
higher IR value indicates that the clustering quality of F’IDC method is better than

the clustering quality of the other algorithms.

From the experimental result in Table 4-4, based on Formula (4.5), our proposed
approach has gained F(C) value improvement in average (as shown in Table 4-5) for
the other three algorithms on four datasets. The percentage of improvement ratio

ranges from 7% to 172% based on the increases of the F(C) value.

Table 4-5: Improvement Ratio for other three clustering algorithms on the four datasets.

Clustering Algorithms Improvement Ratio
Datasets Bi. Bi.
FIDC(w) | FIHC(w) |UPGMA (w) o WY, FIHC |UPGMA k-means
Classic | 0.69(3) | 0.51(1) N.A. 0.48(5) +0.35 N.A. +0.43
Re0 0.54(3) | 0.39(1) 0.36(3) 0.37(3) +0.39 +0.50 +0.46
R8 0.47(3) | 0.44(1) N.A. 0.40(3) +0.07 N.A. +0.18
WebKB | 0.49(1) N.A. 0.42(1) 0.18(3) N.A. +0.17 +1.72

4.5.3.2. The Effect of Enriching the Document Representation

As described in Section 4.2.2, when enriching the document representation, we

utilize WordNet to exploit hypernymy for clustering. We now demonstrate the effect

of adding hypernyms into the datasets as follows.

Since FIHC obtained the best performance in terms of accuracy among the three

comparing algorithms, we tested F2IDC and FIHC by the baseline method and the
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addition of hypernyms of different levels. Table 4-6 shows the comparison of
clustering results obtained by F’IDC and FIHC, respectively. In Table 4-6, “Baseline”
means that no hypernyms are added; “H1” corresponds to the addition of direct
hypernyms; “H2” stands for the addition of hypernyms of first and second levels, and
so on. We chose the minimum support, ranging from 4% to 8% to run the baseline
result of F2IDC for all datasets. The results in Table 4-6 show that FIHC decreases
the clustering accuracy when increasing the levels of hypernyms. WordNet-based
FIHC does not provide the improvement with respect to the baseline method. For the

obtained results, the reasons could be:

(1) Using hypernyms as additional features in the document enrichment process
inevitably introduces a lot of noise into these datasets;
(2) Word sense disambiguation was not performed to determine the proper meaning

of each polysemous term in documents [24] .

By Table 4-6, it is obvious that the average overall F-measure values of
WordNet-based F’IDC are superior to that of WordNet-based FIHC when adding
hypernyms of the first, second, and third levels on almost all datasets, except for
WebKB dataset. The performance of FIDC with the addition of direct hypernyms is
better than that of FXIDC with higher levels of hypernyms on WebKB dataset. Due to
the longer average length of documents in WebKB dataset, higher levels of hypernyms

may add more noise to the clustering process and decrease the clustering accuracy.

In contrast to WordNet-based FIHC, our approach can ameliorate the effect of
adding hypernyms by filtering out noise for clustering. The use of WordNet for F’IDC
induces better clustering results on Classic dataset, while the improvements of the
others are not particularly spectacular. In the case of the Reuters tasks, the limited

improvement may not cause a particular worry. It is not likely to work well for text,
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such as documents in Reuters-21578, which is guaranteed to be written in concise and

efficiently [48].

Table 4-6: The effect of enriching the document representation.

Classic Rel RS WebKB

Datasets 5 5 5 5
F’IDC | FIHC | F'IDC | FIHC |[F’'IDC | FIHC | F’IDC | FIHC
Baseline | 0.54 0.51 0.50 0.40 0.55 0.55 0.44 | N.A.
H1 0.67 0.51 0.52 039 | 043 0.44 0.49 N.A.
H2 0.65 0.50 0.51 0.38 0.43 0.44 0.48 N.A.
H3 0.69 0.49 0.53 0.38 0.47 0.40 0.46 N.A.
H4 0.66 0.47 0.53 0.38 0.47 0.40 0.45 N.A.
HS 0.67 0.47 0.52 0.38 0.47 0.40 0.43 N.A.

To understand the reason why WordNet enhanced FIDC to perform better, a
sample of the cluster labels generated by F’IDC on Re0 dataset can be found in
Table 4-7. Due to the rich semantic network representation provided by WordNet,
F’IDC with WordNet generates more general and meaningful labels for clusters. For
example, the label ‘commerce’ produced by F?IDC with WordNet is a more general

concept than the labels sell’ and ‘trade’ generated by FAIDC without WordNet.

Table 4-7: Cluster Labels generated by F’IDC algorithm on Re0 dataset.

F’IDC without WordNet F’IDC with WordNet
bank, dollar, currency, growth, Activity, agent, assemblage,
industry, market, nation, rate, rise, commerce, (commodity, good),
rose, sell, trade currency, forecast, growth,
merchant, nation, rate, record,
(bush, rose, shrub)

4.5.3.3. Sensitivity to Various Parameters

Figure 4-8(a) and (b) respectively depict the overall F-measure values of F2IDC

and WordNet-based FIDC when accepting different mandatory parameters, but
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ignoring the parameter values of the optional ones. We observed that high clustering
accuracies are fairly consistent while MinSup are set between 2% and 9% for F2IDC
and set between 15% and 35% for WordNet-based F’IDC. As KClusters is not
specified in each test case, the clusters merging step in Algorithm 3 has to decide the
most appropriate number of output clusters, which are shown in Figure 4-8(b) and (d)

for FFIDC and WordNet-based F’IDC, respectively.

Based on our test, we concluded a general observation that the best choice of
MinSup can be set between 4% and 8% for F’IDC, and set between 25% and 35% for
WordNet-based F’IDC. Nevertheless, it cannot be over emphasized that MinSup

should not be regarded as the only parameter for finding the optimal accuracy.

4.5.3.4. Efficiency and Scalability

To analyze the scalability of our algorithm, we get 100,000 documents from
RVCI (Reuters Corpus Volume 1) dataset [31] , which contains news from Reuters
Ltd. There are three category sets: Topics, Industries, and Regions. In our experiments,
we consider the Topics category set, which includes 23,149 training and 781,265
testing documents. Before clustering this dataset, documents were parsed by
converting all terms in documents into lower case, removing stop words, and applying

the stemming algorithm.

71



| ——Classic4 —@—-Rel —4+—=R8 ——WebKB |

0.7

0.6 i :I
0.5 ‘__’__P,@_*\i*

04

0.3

0.2

Overall F-measure

0.1

002 003 004 005 006 0.07 008 009
Min Conf'=0.7; Min Inter-8im =0.5,  MinSup

(@)
90
80 A
. T N
2 60 & N\
- L P e —
3 3 —a—
20
lg p— . e - —

002 003 | 004 | 005 ] 0.06 | 007 0.08 | 0.09

—+—Classicd | 64 40 40 51 51 41 40 38
—=—Re0 50 34 37 34 31 31 32 33
—4—R8 54 61 75 49 81 54 52 51
——WebKB 5 8 9 9 10 12 12 8

Min Conf = 0.7; Min Inter-Sim = 0.5; MinSup

(©

72

| ——Classict —®—Re0 —+RS ——WebKB

o =t & T
0.50 4!__4/_;__ .___.___-——I—I—l

Overall F-measure
<
I
<
|

g —a
0.30
0.20
0.10
0.00 . : ; ; . . : . |

0.15 0.18 0.2 0.22 025 028 0.3 0.32 033

Min Conf= 0.7; Min Inter-Sim = 0.5; MinSup
The levels of hypornyms = H3

(b)
30
25
w20
=
E 15
[
w10
*
5
0
015 | 018 | 0.2 022 | 025 028 03 0.32 | 0.35
——Classicd | 14 7 5 4 4 4 8 7 7
—l—Re0 22 23 15 19 12 10 7 T 6
——R8 20 16 13 12 10 7 6 4
——WebKB T 4 4 9 7 6 3} 8 5
Min Conf'= 0.7; Min Inter-Sim = 0.5; .
Thelevels of hvpernvms = H3: MinSup
(d)

Figure 4-8: The accuracy test of F2IDC for different MinSup values with the optimal cluster numbers determined by the clusters merging step algorithm.



Figure 4-9 shows the runtimes with respect to the different sizes of RVC1 dataset,
ranging from 10K to 100K documents, for different stages of our algorithm. The
figure also shows that fuzzy association mining and initial clustering stages are the
most two time-consuming stages in our algorithm. In the clustering process, most of
the time is spent on constructing initial clusters and its runtime is almost linear with
respect to the number of documents. As the efficiency of the fuzzy association rule
mining is very sensitive to the input parameter MinSup, the runtime of F’IDC is

inversely related to MinSup. In other words, runtime increases as MinSup decreases.
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Figure 4-9: Scalability of F’IDC.
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4.6 Summary

The importance of document clustering emerges from the massive volumes of
textual documents created. Although numerous document clustering methods have
been extensively studied in these years, there still exist several challenges for
improving the clustering quality. Particularly, most of the current documents
clustering algorithms, including FIHC, do not consider the semantic relationships

among the terms. In this paper, we derived an effective Fuzzy Frequent Itemset-based
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Document clustering (F’IDC) approach that combines fuzzy association rule mining
with the external knowledge, WordNet, for grouping documents. The key advantage
conferred by our proposed algorithm is that the generated clusters, labeled with
conceptual terms, are easier to understand than clusters annotated by isolated terms. In
addition, the extracted cluster labels may help for identifying the content of individual

clusters.

Our experiments reveal that the proposed algorithm has better accuracy quality
than that of FIHC, Bisecting k-means, and UPGMA methods on our datasets. Our

primary findings are as follows:

(1) Our approach facilitates the integration of the rich knowledge of WordNet into
textual documents by effectively filtering out noise when adding hypernyms into

documents and generating more conceptual labels for clusters.

(2) FIHC performs better for documents of short average length, but worse for

documents of long average length.
(3) The other document clustering algorithms, like Bisecting k-means and UPGMA,

are sensitive to the number of clusters.

In the next chapter, we will extend F’IDC to generate overlapping clusters for
providing multiple subjective perspectives onto the same document to enhance its

practical applicability.
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Chapter 5
Fuzzy Frequent Itemset-based Soft Clustering
(F’ISC) Approach

In this chapter, we further propose an effective Fuzzy Frequent Itemset-based
Soft Clustering (F*ISC) approach by extending F’IDC under the consideration of
overlapping cluster problem. F’ISC provides an accurate measure of confidence, and
adopts the a-cut concept (defined in Definition 2.5) to assign each document to one or

more than one target cluster.

Figure 5-1 shows the proposed F’ISC (Fuzzy Frequent Itemset-based Soft
Clustering) framework, which consists of four modules, namely Document Analysis
Module, TermOnto Construction Module, Candidate Clusters Extraction Module, and
Overlapping Clusters Generation Module as explained in Sections 5.2.1, 5.2.2, 5.2.3,

and 5.2.4, respectively.

In this framework, when receiving a set of textual documents, our first module
will extract and select the key term set, and then the second module organizes it into a
term forest (defined in Definition 4.2) by referring to WordNet for generating the
Document Set D. The third module implements our fuzzy association rule mining
procedure to generate the candidate cluster set. Finally, the last module constructs and
evaluates the Document-Cluster Matrix (DCM) to produce the target clusters. The

whole process will be illustrated by a comprehensive example.
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Figure 5-1: The F’ISC framework.

5.1 Document Analysis Module

There are two stages in this module, namely Key Term Extraction and Key Term

Selection, for reducing the dimensionality of the source document set:
1. Key Term Extraction: The whole extraction process is as follows:

(1) First of all, each document is broken into sentences. Then, terms in each
sentence are extracted as features. In this thesis, a term is regarded as the

stem of a single word.
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(2) The terms appeared in a pre-defined stop-word list'® are removed.

(3) Remained terms are converted to their base forms by stemming. The terms
with the same stem are combined for frequency counting. Finally, the

frequency of each term in each document is recorded.

2.  Key Term Selection: We understand that terms of low frequencies are supposed
as noise and useless for identifying the appropriate cluster. Thus, we apply the
tf-idf (term frequency x inverse document frequency) method defined in Formula
(4.1) to choose the key terms for the document set. A term will be discarded if its
weight is less than a fixed tf-idf threshold y. Subsequently, these retained terms
form a set of key terms for the document set D, and we have defined them in

Definitions 3.1 - 3.4.

5.2 TermOnto Construction Module

The objective of this module is based on the usage of WordNet for generating a
richer document representation of the given document set. As the relationships of
relevant terms have been predefined in WordNet ontology, in this module, we intend
to use the hypernyms provided by WordNet ontology as useful features for document
clustering. Thus, we use Algorithm 4.1, as shown in Figure 4-2, to generate the

extended representation of each document for later mining process.

' Tt contains a list of 571 stop words that was developed by the SMART project.
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5.3 Candidate Cluster Extraction Module

After the above processes, documents are converted into structured term vectors.
Then, the fuzzy data mining algorithm is executed to generate fuzzy frequent itemsets
and output a candidate cluster set. In the module, we use the membership functions
described in Figure 4-3 and the fuzzy association rule mining algorithm for texts

shown in Figure 3-4 to generate the candidate cluster set.

5.4 Overlapping Cluster Generation Module

The objective of this module is to assign each document to multiple clusters

{cl,....,cly, where i > 1 and ¢ > 1. The assignment process is based on the derived

Document-Cluster matrix (DCM) defined in Definition 3.10. Then, we apply
intersection of fuzzy set theory to compute the membership degree of each document
in one candidate cluster with the other candidate clusters. Hence, we define one

matrix, namely Multiple Clusters Matrix (MCM), in Definition 5.1.

Definition 5.1: A Multiple Clusters Matrix (MCM), denoted M = [m,, ], is an n % C;
matrix, such that m, = min{m;, m;} is the membership degree of document d; in

intersection of two candidate clusters ¢/m ¢t where [, j €{1, 2,..., k}, [ # j, and

q = 1. A formal illustration of MDM can be found in Figure 5-2.
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Figure 5-2: A formal illustration of Multiple Clusters Matrix.

Moreover, we apply the a-cut threshold [64][68] determined by Formula (5.1) to
evaluate the minimum value which satisfies the restrictive condition, and it can

appropriately provide flexibility to overlapping clusters.

a< min { max m,.g]} (5.1)

l<g<cl 1<i<n

Then, based on the obtained DCM, an unassigned document ¢; might belong to more

than one target cluster by using Formula (5.2).
¢l = {di‘ v, >max{(p—a), a} where p=max{v,, V,y,..., V; } eEﬁ} (5.2)

Finally, to avoid low clustering accuracy, the inter-cluster similarity(defined by
Formula (3.9) in Chapter 3) between two target clusters is calculated to merge the

small target clusters with the similar topic.

Algorithm 5.1 shown in Figure 5-3 is used to assign each document to the fitting

target clusters, and finally builds a target cluster set for output.

5.5 An Illustrative Example of F’ISC Method

Suppose we have a document set D = {d,, d,,..., ds} and its key term set Kp =

{sale, trade, medical, health}. Figure 5-4 illustrates the process of Algorithm 4.1 to
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obtain the representation of all documents. Moreover, rectangle nodes represent actual
key terms appearing in the document set; spheroid nodes represent newly-added
hypernyms. In this example, the key term ‘sale’ has the parent nodes ‘marketing” and
‘commerce’. Similarly, ‘trade’ and ‘marketing” have the same parent node

‘commerce’.

Algorithm 5.1. Basic algorithm to obtain the target clusters

Input: A document set D = {d,, d,,..., d,,..., d,}; The key term set Kp = {1, to,..., tj,..., tn};
The candidate cluster set C’D =1{¢, ..., ¢, ,,cl..., ¢/t s A minimum Inter-Sim threshold J

Output: The target cluster setC, = {cll cé cl,..., cji}

max—R max—R; .
1. Build # x p document-term matrix W = [wij & ] A is the weight (fuzzy value) of

tiind;and t; € L.

: . max— max— SCOT"@(Eq)
2. Build p x k term-cluster matrix Gz[g/.,a R’}. /18 o =—— 1< j<p, 1< <k
i max—R;
~q\ mafoj max—Rj S = . .
and , score(c/) = Z Wy ,where W is the weight (fuzzy value) of ; in

=9
d;e ¢litet

diandt e L. ,
3. Build n x k document-cluster matrix V.= W-G = [v,]|= pZ::,Wipgpz .
4. Build n x C} multiple clusters matrix M = [m;,]
5. Decide the a-cut threshold « <, <n;i<nck{ lizaiagcn[mig] }
4. Based on V, assign d;to target clusters
¢l = {d,.| v, >max{(p—a), a} where p = max{v,, V;p,..., V; } € 51‘1}
6. Clusters merging
(1) For each ¢/ € Cp do
(a) If ( ¢/ = null) then { remove this target clusters clq from Cp }
(2) For each pair of target clusters ( Cz, C;) e Cp do
(a) Calculate the Inter_sim
(b) Store the results in the Inter-Cluster Similarity matrix /.
(3) If (one of the Inter sim value in I > 0) then
(a) Select (¢!, c;]) with the highest Inter_sim.
(b) Merge the smaller target cluster into the larger target cluster.
(c) Repeat Step (2) to update /
7. Output Cp

Figure 5-3: The detailed description of Algorithm 5.1.
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Figure 5-4: The process of Algorithm 4.1 of this example.

Consider the representation of all documents generated from Figure 5-4, the
membership functions defined in Figure 4-3, the minimum support value 80%, and
the minimum confidence value 80% as inputs. The fuzzy frequent itemsets discovery

procedure is depicted in Figure 5-5.

Level -1 Fuzzy Set
Docs sale trade medical | health |marketing |commerce Term Count | (count | # of docs)
LIM{H|L|M|H|L|M|H|L|M|H|L|\M|H|L|M|H Support Values
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Figure 5-5: The process of Algorithm 4.2 of this example.

Moreover, consider the candidate cluster set ¢, was already generated in

Figure 5-5. Now, suppose the minimum /nter-Sim value is 0.5. Figure 5-6 illustrates

the process of Algorithm 5.1, together with the final results.
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Figure 5-6: The process of Algorithm 5-1 of this example.

5.6 Experiments

In this section, we experimentally evaluated the performance of the proposed
algorithm by comparing with that of FIHC, k-means, Bisecting k-means, and UPGMA
algorithms. To test the proposed approach, we used four different kinds of datasets:
Classic, Re0, RS, and WebKB, which are described in Subsection 4.3.1 and

summarized the statistics in Table 4-1.

Notice that overall F-Measure favors for the hard assignment generated by
clustering algorithms. In order to demonstrate the performance of our approach, we
present experiments in which we generated hard assignment (this has been called
hardening the clusters) [2] and then evaluated the output of our algorithm. The
hardening scheme is simply performed by assigning each document to the cluster
which has a maximum membership degree among all the document clusters. Thus, it
can be employed to evaluate the performance of our approach by comparing with the
other hard clustering methods. Thus, we use overall F-Measure to evaluate the

clustering quality of F’ISC and the other compared algorithms.
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5.6.1 Parameters Selection

Table 5-1 summarizes the parameters for our proposed method and the other
algorithms to compare the clustering performance. Since k-means, Bisecting k-means,
and UPGMA may generate different clustering results each time with randomly
chosen initial value. Therefore, the final result of these three algorithms is an average

from five runs performed on a given dataset.

Table 5-1: List of all parameters for our algorithms and the other four algorithms.

Parameter Name FISC | FIHC | k-means Bi. UPGMA

k-means

Datasets Classic, Re0, R8, WebKB

Stopword Removal Yes

Stemming Yes

Length of the smallest term Three

'Weight of the term vector TF tf-idf tf-idf tf-idf tf-idf

Levels of hypernyms hi, ho, hs, hy, hs

Cluster count k 5,10, 15, 30, 45, 60, 80, 100

Before applying F’ISC, we first consider the feature selection strategy. In order
to select the most representative features, we use Formula (4.1) to obtain the key
terms with weights higher than the pre-defined thresholds y. Table 4-3 shows the

keyword statistics of our test datasets and the suggested thresholds for each dataset.

The two algorithms, F’ISC and FIHC, all have two main parameters for the
adjustment of accuracy quality. This first one is mandatory and is denoted MinSup,
which means the minimum support for frequent itemsets generation. The other one is

optional, and is denoted KCluster, which represents the number of clusters.
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5.6.2 Experimental Results and Analysis

The experiments were conducted by the following steps. First, we evaluated our
approach, F’ISC, on the four selected datasets described in Section 4.1 and compared
its accuracy with that of FIHC, the standard k-means, Bisecting k-means, and
UPGMA. Second, we verified if the use of WordNet can improve the clustering
accuracy on these compared algorithms and generated conceptual labels for the
derived clusters. Third, the dataset Reuters was chosen to evaluate the efficiency and

scalability of F’ISC.

5.6.2.1. Comparison of FISC with Other Algorithms

Figure 5-7 presents the obtained overall F-Measure values for F’ISC and the
other algorithms by comparing eight different numbers of clusters on four datasets.
For each algorithm, we run each dataset enriched with the top 5 levels of hypernyms.
We tested each algorithm’s clustering results with the value 4, the levels of hypernyms,
from 1 to 5 and selected the best results. We chose the MinSup threshold from the
elements in {25%, 28%, 30%, 32%, 35%} to run F2ISC with WordNet for all datasets.
Moreover, we use the minimum support, ranging from 3% to 6% for FIHC for all
datasets. Notice that UPGMA is not available for large data sets because some
experimental results cannot be generated for UPGMA. Since FIHC is not available for
the documents of long average length, there is no experimental result generated on the

WebKB dataset.

By Table 5-2, it is obvious that the average overall F-measure values of FISC

with WordNet are superior to that of the other algorithms on all datasets. Although the
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average accuracy of Bisecting k-means and FIHC shown in Figure 5-7 are slightly
better than that of FISC in several cases. We argue that the exact number of clusters
in a document set is usually unknown in real case, and F’ISC is robust enough to
produce stable, consistent and high quality clusters for a wide range number of
clusters. This can be realized by observing the average overall F-measure values of all
test cases. From Figure 5-7, we also observed that the clustering accuracy of k-means,
Bisecting k-means, and UPGMA are sensitive when the number of clusters changes.
These algorithms require users to specify the number of cluster as an input parameter,
which may imply poor clustering accuracy when we input an incorrect parameter

[17].

Table 5-2: Average overall F-measure comparison for five clustering algorithms on

the four datasets.

Datasets FZISC(h) FIHC(h) | k-means(k) | Bi. k-means (h) | UPGMA ()

Classic 0.65(3) * | 0.49(1) 0.47(2) 0.45(5) N.A.
Re0 0.53(3) * | 0.36(1) 0.35(2) 0.34(5) 0.36(1)
R8 0.44(3) * | 0.42(1) 0.34(3) 0.33(3) N.A.

WebKB 0.48(1) * N.A. 0.16(4) 0.15(1) 0.38(1)

N.A. means not scalable to run

* means the best competitor

5.6.2.2. The effect of the Enriched Document Representation

As described in the second module of our approach, when enriching the
document representation, we use the hypernyms from WordNet as useful features for
clustering. We demonstrate the effect of adding hypernyms in our approach. In the
following, all algorithms are tested by the baseline method and the addition of

hypernyms of various levels.
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Figure 5-7: Overall F-measure comparison for five clustering algorithms on the four datasets.
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Table 5-3 shows the average overall F-measure results obtained by all algorithms
on classic and re0 datasets. The results for R8 and WebKB datasets are shown in
Table 5-4. In Table 5-3 and Table 5-4, “Baseline” means that no hypernyms are added;
“h,” corresponds to the addition of direct hypernyms; “h,” stands for the addition of
hypernyms of first and second levels, and so on. We chose the minimum support
values, ranging from 4% to 8%, to run the baseline result of FISC for all datasets.
The evaluation results in Table 5-3 and Table 5-4 confirm that the average overall
F-measure values of WordNet-based F’ISC performance are superior to that of the
other algorithms when adding hypernyms of the first, second, and third levels on
almost all datasets, except for WebKB dataset. The performance of FISC with the
addition of direct hypernyms is better than that of FISC with higher levels of
hypernyms on WebKB dataset. Due to the longer average length of documents in
WebKB dataset, we think that higher levels of hypernyms may add more noise to the

clustering process and decrease the clustering accuracy.

From Table 5-3 and Table 5-4, the use of WordNet for F’ISC induces better
clustering results at least 5% higher than the other algorithms on Classic and WebKB
datasets, particularly the improvement of Classic dataset. However, adding
hypernyms may not be beneficial for the clustering task. The reason is that using
hypernyms as additional features in the document enrichment process inevitably
introduces a lot of noise into these datasets. In contrast to the other WordNet-based
algorithms, our approach can ameliorate the effect of adding hypernyms by filtering

out noise for clustering on Classic and WebKB datasets.
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Table 5-3: The effect of enriching the document representation on Classic and Re( datasets.

Datasets . Classic : . Rel :
FIISC | FIHC | k-means |Bi. k-means | UPGMA | F’ISC | FIHC | k-means | Bi. k-means | UPGMA
Baseline 0.48 0.47 0.45 0..46 N.A. 0.55 0.38 0.36 0.35 0.40
hy 0.63 0.49 0.46 0.44 N.A. 0.52 0.36 0.34 0.34 0.36
h, 0.64 0.49 0.47 0.44 N.A. 0.52 0.35 0.35 0.34 0.35
h; 0.65 0.48 0.47 0.45 N.A. 0.53 0.36 0.35 0.34 0.35
hy 0.61 0.45 0.45 0.44 N.A. 0.51 0.36 0.35 0.34 0.35
hs 0.62 0.45 0.45 0.45 N.A. 0.51 0.36 0.33 0.34 0.35

N.A. means not scalable to run  boldface entries highlight the best competitor in each column from /; to /5 (the row headings)

Table 5-4: The effect of enriching the document representation on R8 and Webkb datasets.

Datasets > RS - > Weblch -
FIISC | FIHC | k-means |Bi. k-means| UPGMA | FIISC | FIHC | k-means |Bi.k-means | UPGMA
Baseline 0.53 0.52 0.35 0.34 N.A. 0.43 N.A. 0.15 0.15 0.35
hy 0.36 0.42 0.34 0.33 N.A. 0.48 N.A. 0.15 0.15 0.38
h, 0.37 0.41 0.34 0.33 N.A. 0.43 N.A. 0.15 0.14 0.38
h; 0.44 0.37 0.34 0.33 N.A. 0.37 N.A. 0.15 0.14 0.38
hy 0.43 0.37 0.33 0.33 N.A. 0.33 N.A. 0.16 0.14 0.38
hs 0.43 0.36 0.33 0.32 N.A. 0.33 N.A. 0.15 0.14 0.38

N.A. means not scalable to run  boldface entries highlight the best competitor in each column from #; to 4s (the row headings)

However, comparing with the baseline method, the use of WordNet decreases the
clustering accuracy on Re0 and R8 datasets for our approach and the other compared

algorithms. For the obtained results, the reasons could be:

(1) It is not likely to work well for text, such as documents in Reuters-21578, which

is guaranteed to be written in concise and efficiently [48].

(2) Word sense disambiguation was not performed to determine the proper meaning

of each polysemous term in documents [24].

5.6.2.3. Efficiency and Scalability

Our algorithm, F’ISC, involves three major phases: finding fuzzy frequent
itemsets, initial clustering, and clusters merging. Figure 5-8 shows the scalabilities of
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F’ISC on different sizes of Reuters datasets, ranging from 1K to 8K documents.

16
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12 —h— Merging /E]
—E— Total
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Figure 5-8: The detailed time cost analysis of FYISC on Reuters dataset.

5.7 Summary

In this chapter, we derived a fuzzy-based document clustering approach that
combines fuzzy association rule mining with WordNet to take semantic information
into account. In the total processes, we begin with the process of document
pre-processing and further enrich the initial representation of all documents by using
hypernyms of WordNet in order to exploit the semantic relations between terms. Then,
fuzzy association data mining algorithm automatically generates fuzzy frequent
itemsets and regards them as candidate clusters. Finally, each document is dispatched
into more than one cluster by referring to these candidate clusters, and then highly

similar clusters are merged.

Moreover, document clustering methods should provide multiple subjective
perspectives onto the same document to enhance their practical applicability. For this

issue, we adopt the a-cut concept in the process of document clustering to assign each
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document to one or more than one target cluster. The generated overlapping clusters

occur naturally in many applications such as Yahoo! directory

Our experiments reveal that the proposed algorithm has better cluster quality
than that of FIHC, k-means, Bisecting k-means, and UPGMA methods based on the

four datasets of Classic, Re0, RS, and WebKB.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

The importance of document clustering emerges from the massive volumes of
textual documents created. Although numerous document clustering methods have
been extensively studied in these years, there still exist several challenges for
increasing the clustering quality. Particularly, most of the current document clustering
algorithms do not consider the semantic relationships among the terms nor search an
organization of documents into overlapping clusters. In this thesis, we derived three
fuzzy frequent itemset-based document clustering methods, namely F’[HC, F’IDC,

and F’ISC, to solve these challenges.

The key advantage conferred by our proposed algorithms, F2IDC and F’ISC, is
that the generated clusters, labeled with conceptual terms, are easier to understand
than clusters annotated by isolated terms. In addition, the extracted cluster labels may
help for identifying the content of individual clusters. Moreover, the other advantage
of F’ISC method is that overlapping clusters occur naturally in many applications

such as Yahoo! directory.

Our experiments reveal that the proposed algorithm has better accuracy quality
than that of FIHC, k-means, Bisecting k-means, and UPGMA methods based on the

comparison on these datasets. Our primary findings are as follows:

(1) The use of fuzzy association rule mining discovery important candidate clusters

for document clustering to increase the accuracy quality of document clustering.
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3)

4

F’IDC and F’ISC approach are successful in avoiding the expansion of terms
with noisy features on Classic and WebKB datasets.

FIHC performs better for documents of short average length, but worse for
documents of long average length.

The other document clustering algorithms, like k-means, Bisecting k~-means, and

UPGMA, are sensitive when the number of clusters changes.

6.2 Future Work

(M

)

Our future work will focus on the following two aspects:

Combining the syntactic analysis: For finding the important terms in a document,
terms with different part-of-speech (POS) and syntactic attributes should be set
different weights according to their relatedness in a document [67]. There are a
lot of syntactic analysis tools that can be used to tag all terms in the document set,
i.e., Qtag'” parser. We will further study whether our proposed algorithm with a
syntactic analysis tool can improve the clustering results.

Incrementally updating the cluster tree: When the number of documents increases
sequentially in a document set, it is inefficient to reform the cluster tree for each
new insertion. That is, it is admirable to reflect the current state of the whole
document set by incrementally updating the cluster tree [14][43]. Therefore, we
intend to propose an efficient incremental clustering algorithm for assigning a
new document to the most similar existing cluster in the future. Some recent
researches on data mining concerning data streaming [41][18][25] may be

applicable for such incremental clustering development.

17 http://www.english.bham.ac.uk/staff/omason/software/qtag.html
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(3) Using Wikipedia: we will consider the abundant structural relation within
Wikipedia, such as hyperlinks and hierarchical categories, to improve the
performance of clustering [57]. In addition, we will further compare our proposed
approaches with other new frequent itemset-based document algorithms, such as
Clustering based on Frequent Word Sequences (CFWS) [32] and Maximum

Capturing (MC) [66].
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