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An Unsupervised Clustering Technique of XML Documents based on
Function Transform and FFT

Lee, Ho Suk’

ABSTRACT

This paper discusses a new unsupervised XML document clustering technique based on the function transform and FFT(Fast Fourier
Transform). An XML document is transformed into a discrete function based on the hierarchical nesting structure of the elements. The
discrete function is, then, transformed into vectors using FFT. The vectors of two documents are compared using a weighted Euclidean
distance metric. If the comparison is lower than the pre specified threshold, the two documents are considered similar in the structure and
are grouped into the same cluster. XML clustering can be useful for the storage and searching of XML documents. The experiments were
conducted with 800 synthetic documents and also with 520 real documents. The experiments showed that the function transform and FFT
are effective for the incremental and unsupervised clustering of XML documents similar in structure.

Key Words : Unsupervised Clustering, Structure of Elements, Function Transform, FFT, Weighted Euclidean Distance

1. Introduction

incremental and unsupervised clustering of XML documents

XML(Extensible Markup Language) is used as a stand-
ard means of information representation and exchange on
the internet and on computer science. Applications such as
credit card information processing, internet network moni-
toring, sensor data collection, and e-business services
constantly collect and process a large amount of data to
foresee trends and to detect anomalies in the applications
and services. The amount and fashion of data collected and
transferred by these applications necessarily require an
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for document storage, searching, and querying.

Data clustering has been studied during the last decades
and many techniques or algorithms have been developed
[1]. The data clustering can be classified into hierarchical
clustering, partitional clustering, probabilistic model-based
clustering, and incremental clustering. The hierarchical
clustering attempts to build up meaningful clusters from
each document by grouping the related documents into a
cluster in a bottom-up fashion. The partitional clustering
starts from the whole documents and attempts to partition
the whole documents into meaningful clusters in a top-
down fashion. The probahilistic clustering uses a probabilistic
model to cluster the data. The data are assumed to come
from a finite mixture model of probability distributions.
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The most commonly used probabilistic model is a Gaussian
function. The incremental clustering begins with a single
document in a cluster and attempts to cluster the next
incoming document into the cluster or builds another cluster
to group it. The Euclidean distance is commonly used for
the computation of dissimilarity between two points. The
weighted Euclidean distance is obtained by multiplying a
weight to the Euclidean distance. K-means clustering alg-
orithm is the most frequently used algorithm for clustering.
The simple implementation of K-means algorithm computes
the average of the cluster and uses it as the centroid for
clustering. The algorithm is known to work well for compact
and isotropic data. Clustering can also be understood in
terms of supervised or unsupervised clustering. Supervised
clustering assumes the existence of an estimation function for
the appropriateness of the clustering. Unsupervised clustering
does not assume an estimation function. The incremental
clustering is a kind of unsupervised clustering{?, 3, 4].

The general purpose of data clustering is to derive
some relevant information from the data. The clustered
data may show some tendency or regularity in the data
and may even show some relevant knowledge worth
noting. The clustering of XML documents can be used
for XML data querying for information retrieval, for the
efficient storage of XML documents, and even for system
protection purpose because unusual document can be
discovered easily. The clustering of documents according
to their structure can also facilitate searching because
similar documents can be searched and processed within
a specific category.

This paper discusses a new technique of XML document
clustering based only on the structure of elements of the
document and also shows the effectiveness of weighted
Euclidean distance metric over the simple K-means clu-
stering algorithm. This paper also compares the proposed
approach with the approaches of [5] and [7] and shows
the advantages of the proposed approach. The structure of
elements of a document is represented by a pair of n-
dimensional vectors after the function transform and FFT.

2. Related works

There have been considerable amount of works on
document clustering. Tag encoding method was developed
for the detection of structural similarity of XML document
[Bl. They developed encoding functions named as direct
encoding, pairwise encoding, and nested encoding. The
encoding functions transformed the XML document into
time series. They defined the DFT(Discrete Fourier Tran-
sform) distance of documents as the approximation of the
difference of the magnitude of the DFT of the two encoded
documents. The definition of DFT distance had the property

of metric satisfying the triangular inequality and used to
compute the structural dissimilarity of the documents.

Algorithms were proposed to extract features from XML
documents, where a feature may refer to a path or a node
pair in a XML tree[6]. They transformed a XML tree into
a vector of features and built a high-dimensional matrix to
represent the XML trees. They applied principal component
analysis to reduce the dimension of the matrix and used
the K-means algorithm to cluster the veclors, which meant
the documents.

A structure graph (s-graph) was discussed to represent
the structure of the XML document[7]. The s graph is a
directed graph with nodes and edges, where the nodes
are elements or the attributes and the edges represent the
parent child relationship or the element attribute relationship.
They defined the distance metric using the number of
edges in the structure graph. The clustering was imple-
mented in two steps. In step one, they scanned the nodes
of the document stored in memory, computed the structure
graph, and encoded them in a data structure. In step two,
they applied a clustering algorithm to generate the clusters.
The structure graph was represented in bit strings, so the
actual clustering was performed on a set of hit strings.

An edit script algorithm was discussed to detect changes
between documents, especially between the different ver-
sions[8l. They defined five edit operations such as insert,
delete, update, move, and copy. The algorithm worked in
two stages. In the first stage, matching relationships between
the old and new versions of a document were produced
by applying the path matching algorithm in a bottom-up
manner. Then, edit scripts were computed by doing a top-
down breadth first search on the two versions. The method
using edit distance between tree structures of documents
have a time complexity of O(nlIml|), where |nl and |ml
are the respective sizes of the documents. In reference[9],
another algorithm using edit distance was discussed.

There are various approaches for document clustering
[10~20]. In reference[21], they discussed feature sets for
document clustering. The feature sets were “text-features”,
“tag-features”, and “text plus tag features”. They used a
publicly available clustering tool to evaluate their feature
sets for clustering effectiveness. In references [22, 23, 24],
incremental techniques for conceptual clustering were
explained. In reference[25], an incremental clustering tech-
nique, in which an interactive clustering technique using a
mixture of supervised and unsupervised learning methods
was discussed. They designed an interactive learning
algorithm combining the advantages of both learning
methods and applied the algorithm for the learning of
spoken language for mobile robot.
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3. Problem Statement and Overview of the Proposal

In this paper, a new and efficient clustering algorithm for
XML documents based only on the structure of elements is
proposed. The basic requirements of the clustering algorithm
were considered to be a fast execution and an effective
clustering.

Generally, the goal of clustering is to group documents
of similar topics together without necessarily considering
the structure of document. The goal of this approach,
however, is to group documents of similar structures
together because it is observed that documents of similar
structures contain similar contents and could be clustered
together under the condition that the source of documents
is already known in advance[26).

The document is read into memory using a DOM
parser and the nodes are traversed using a recursive fun-
ction and the structure of the document is transformed
into a discrete function. The discrete function, then, is
transformed into frequency domain by the FFT[28]. The
result of FFT is a pair of complex numbers consisting of
x and v values and considered to he a pairr of n-
dimensional vectors. The pair of n dimensional vectors is
considered to represent the hierarchical nesting structure
of the elements in the document. The storage for cluster
is represented by a tree structure consisting of cluster
heads with information such as cluster name and cluster
average and the document nodes with the information of
document such as the document file name, the vectors,
the averages, and the standard deviations.

The clustering algorithm works in an incremental and
unsupervised fashion. Pairs of n-dimensional vectors are
compared using a weighted Euclidean distance metric. The
first vector is put into the first cluster. The next vector is
compared with the first vector in the previous cluster using
the weighted Euclidean distance metric. If the comparison
is below the pre—specified threshold of the weighted
Euclidean distance metric, the current vector is considered
similar with the first vector and also with other vectors
already in the cluster and grouped into the same cluster,
otherwise it is compared with another vector in the next
cluster. This process continues until all documents are
clustered. The number of clusters is not determined a
priori. The structural differences hetween the documents
only determine the number of clusters. In the simple
implementation of K-means clustering, the average of the
vector is compared with the cluster average. If the com-
parison is below the pre-specified threshold of the K-
means clustering algorithm, the document is grouped into
the cluster, otherwise the average of the vector is compared
with the average of the next cluster. This process continues
until all documents are clustered.

The XML documents used for clustering experiments
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consists of three groups. One group contains synthetic XML
documents generated using ToXgene document generation
tool developed by University of Toronto and IBMI[27]. The
other group contains real XML documents downloaded
from a news release wehb site called www.prweb.com[26].
The third group includes synthetic XML documents from
ToXgene documents for the explicit demonstration of
clustering of documents with different element structures.

To summarize, this approach shows a new XML docu-
ments clustering technique using function transform, FFT,
and distance computation by weighted Euclidean distance
metric. The complexity of clustering mainly depends on
the FFT. This approach is implemented using Java 2
v1.5.0_06. The literal values of elements and attributes are
not considered for clustering in this approach.

4. Function Transform

The reference[5] used tag encoding to transform the
XML document into time series or signal data as used in
most approaches of data mining applications. But a XML
document can better be transformed into a discrete function
based on the nesting structure of the elements because
the nesting structure can be considered the main essential
structure representing the semantic structure of the
document. The encoded time series or signal data do not
seem to represent the semantic structure of the document.

The XML document is parsed and read into memory
and the nodes of the document are traversed recursively
and a discrete function is generated representing the
nesting structure of the elements of the document. The
discrete function itself is represented with X coordinate
values and the corresponding v coordinate values and
stored in arrays.

The following shows the function transform algorithm
in a simple procedure.

Procedure function_transform(node)

{

for ( nodes) {
if (node = document_node) {

x coordinate computation;

v coordinate computation;

call function_tranform(node);

}

if (node = element_node) {
x coordinate computation;
v coordinate computation;
get the list of child nodes;
for(length of list)

call function_transform(node list);
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The followings show the sample synthetic document
“review0.xml” and the discrete function representing the
sample document. The “reviewO.xml” is generated by the
ToXgene tool.

The length of x coordinate values is equal to the length
of the document. The v values represent the nesting
structure of elements. For example, “review” element is at
nesting level 1, “book” element at nesting level 2, “title”
element at nesting level 3, and finally “end” element at
level 1 in the discrete function of “review0xml” below.
The “end” element is not included in the original XML
document but is included only in the discrete function to
end the function. It can be seen that the v coordinate
values correctly represent the nesting structure of elements
in the document.

The followings show the document “reviewOxml” and
the discrete function of the document.

“review(.xml”

<?xml version="1.0" encoding="US-ASCII" 7>
-<I-—generated by ToXgene on Thu June 1 18:34:56 KST 2006-->
—-<review>
—<book ishn="9491701375">
<title>sly, permanent pearls before the permanent, ruthless</title>
<author>Usha Degimbe</author>
<author>Bud Diz</author>
<author>Hovav Salmon</author>
<author>Jessie English</author>
<author>Kojiro Bogle</author>
<author>Wuu Vefsnmo</author>
<author>Xiaoquing Vershinin</author>
</book>
<user>Balakrishnan. McKinney @verity.com</user>
-<review rating="3">
<p>attainments do boost doggedly slyly permanent
orbits;daring tithes at the ir</p>
<p>even gifts hinder never;careful notornis will have
to haggle carefully thin players-—courts throughout
the sly pinto was blithely from the sentiments!daring
theodolites according to the even, thin forges
can</p>
</review>
</review>

Discrete function of “review(0.xml”

(ELEMENT = review)(X=1,Y=1)
(ELEMENT = book){X=2,Y=2)
(ELEMENT = title)(X=3,Y=3)
(ELEMENT = author)(X=4,Y=3)
(ELEMENT = author)(X=5,Y=3)
(ELEMENT = author)(X=6,Y=3)
(ELEMENT = author)(X=7,Y=3)
(ELEMENT = author)(X=8Y=3)
ELEMENT = author)(X=9,Y=3)
author)(X=10,Y=3)
ELEMENT = user)(X=11,Y=2)

A@A
=
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3
i

(ELEMENT = review)(X=12,Y=2)
(ELEMENT = p)(X=13,Y=3)
(ELEMENT = p)(X=14,Y=3)
(ELEMENT = p)(X=15Y=3)
(ELEMENT = p)(X=16,Y=3)
(ELEMENT = end) (X=17,Y=1)

The following shows the discrete function of a real
document “newO.xml” downloaded from internet. The
document contains 216 elements but only 1 through 30
elements are shown without losing the general structure
of the discrete function of the document.

Discrete function of “new0.xml”

(ELEMENT = rss)(X=1,Y=1)
(ELEMENT = channel)(X=2,Y=2)
(ELEMENT = title)(X=3,Y=3)
(ELEMENT = [ink)(X=4,Y=3)
(ELEMENT = description)(X=5Y=3)
(ELEMENT = language)(X=6,Y=3)
(ELEMENT = image)(X=7,Y=3)
(ELEMENT = title)(X=8,Y=4)
(ELEMENT = urD(X=9,Y=4)
(ELEMENT = link)(X=10,Y=4)
(ELEMENT = width)(X=11,Y=4)
(ELEMENT = height)(X=12,Y=4)
(ELEMENT = managingEditor)(X=13,Y=3)
(ELEMENT = webMaster)(X=14,Y=3)
(ELEMENT = tt])(X=15,Y=3)
(ELEMENT = item)(X=16,Y=3)
(ELEMENT = title)(X=17,Y=4)
(ELEMENT = link)(X=18,Y=4)
(ELEMENT = description){X=19,Y=4)
(ELEMENT = guid)(X=20,Y=4)
(ELEMENT = item)(X=21,Y=3)
(ELEMENT = title)(X=22,Y=4)
(ELEMENT = link)(X=23,Y=4)
(ELEMENT = description)(X=24,Y=4)
(ELEMENT = guid)(X=25,Y=4)
(ELEMENT = item)(X=26,Y=3)
(ELEMENT = title)(X=27,Y=4)
(ELEMENT = link)(X=28Y=4)
(ELEMENT = description)(X=29,Y=4)
(ELEMENT = guid)(X=30,Y=4)

(ELEMENT = description)(X=214,Y=4)
(ELEMENT = guid)(X=215,Y=4)
(ELEMENT = end) (X=216,Y=1)

5. Fast Fourier Transform

The discrete function is transformed into a frequency
domain by FFT[28] for comparison. FFT works efficiently
on input of length of powers of two. The length of v
values is checked whether it is powers of two. If the
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length is not powers of two, zero values are added to
make the length of y values powers of two. Then, the
FFT performs and produces arrays of complex numbers
as the results. The values are produced in the form of
(x, y) and are interpreted as a pair of n dimensional
vectors representing the structure of the document. The
averages and the standard deviations of x and y values
are also computed and stored. The complexity of FFT is
Olnlogn), when the length of data is powers of two,
where n is the length of input data to FFT. The length
of output vectors from FET is the same with the length
of the discrete function.

The followings show the document “review882.xml”, the
result of function transform, and a pair of output vectors
computed by FFT, which is considered to represent the
XML document with the structures of the document encoded
n it.

review882.xml

<7xml version="1.0" encoding="US-ASCII" 7>
-<l--generated by ToXgene - on Thu May 18 08:53:24
KST 2006——>
—-<review>>
—-<book ishn="9178217221">
<title>even forges closely furious warthogs</title>
<author>Dzung Pierce</author>
<author>Marisa Vassallo</author>
<author>Moss Frisberg</author>
<author>Shigeyuki Tahar</author>
<author>Amandio Lamma</author>
<author>Iraj Noakes</author>
<author>Dannz Lipper</author>
<author>Baziley Arimoto</author>
<author>Donko Ullah</author>
<author>Esen Ghidini</author>
</hook>
<user>Ferran.Croshy@cas.cz</user>
—~<review rating="1" date="2000 05 10">
<p>fluffy, into:sly, quick decoys doubt bli</p>
</review>
</review>

Result of function transform of “review882.xml”

(ELEMENT = review)(X=1,Y=1)
(ELEMENT = book)(X=2,Y=2)
(ELEMENT = title)(X=3,Y=3)

(ELEMENT = author)(X=4,Y=3)
(ELEMENT = author)(X=5,Y=3)
(ELEMENT = author)(X=6,Y=3)
(ELEMENT = author)(X=7,Y=3)
(ELEMENT = author) )
(ELEMENT = author)(X=9,Y=3)
(ELEMENT = author)(X=10,Y=3)
(ELEMENT = author)(X=11,Y=3)
(ELEMENT = author)(X=12,Y=3)
( )

(

(

(

(
(X=8,Y=3
(

(

(

(
ELEMENT = author)(X=13,Y=3)
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ELEMENT = user)(X=14,Y=2)
ELEMENT = review)(X=15Y=2)
ELEMENT = p)(X=16,Y=3)
ELEMENT = end) (X=17,Y=1)

P

Output vectors from FFT of “review82.xml”

23,0
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6. Experiments of Clustering

The clustering algorithm works in an incremental and
unsupervised fashion. The first vector is put into a cluster
and the next vector is compared with the vector in the
previous cluster using the weighted Euclidean distance
metric. The average of next vector is compared with the
cluster average in the case of the K-means clustering
algorithm. The unsupervised clustering means that the
structural difference of the documents solely determines
the clustering process and the number of clusters.

The weighted Euclidean distance constitutes the conti-
nuous space and is considered to satisfy the positivity,
symmetry, and triangular inequality properties and is used
as a distance metric{2]. The following shows the equation.

d=(Zw(xi yi)2)1/2 @

where w stands for the weight. The average of standard
deviation of vector x and vector v was used as the weight
of weighted Fuclidean distance metric. The weight was used
to reduce the influence of spread of the computed distance.
The pre-specified threshold for the weighted Euclidean
distance comparison can be selected between 0.1~25.
When the threshold nears 0.1, more clusters are generated
because the comparison is minute. The pre-specified thre-
shold means that the documents grouped mnto a specific
cluster are more similar than the documents grouped into
a different cluster in terms of the value of pre-specified
threshold. The pre-specified threshold of K-means com-—
parison is O.lxlO"N, because the cluster average is around
1.0 such as 1.0000000000000007 or 0.9999999999999989. When



174 JENES2l=FX D M14-DH M25(2007.4)

the threshold is above this value, only one cluster is generated.

The experiments were conducted with three types of
XML documents. One type of XML documents consists of
the synthetic documents generated by the ToXgene XML
document generation tool developed by the University of
Toronto and IBMI27]. The characteristics of the documents
are as follows, the elements of the documents are all
identical, the values of the elements are meaningless because
the values are generated by a random distribution, and the
structures of the documents are very similar varying only
in the frequencies of elements appearing in the document.
A total number of 800 documents were used for the
clustering experiments. Table 3 shows the experiment
results. The other type of XML documents are real ones
downloaded from the news release website, www.prweb.com.
The documents are about the daily news in every aspect
of our lives such as economics, politics, business, sports,
computer industry, and entertainment. The characteristics
of the documents are as follows, the elements of docu-
ments are limited and come from a known set of elements,
the structure of documents belonging to a specific news
category are similar with repetitions of elements. A total
number of 520 documents were used for the clustering
experiments. The third type includes four synthetic XML
documents from ToXgene documents for the explicit
demonstration of clustering with different element structures.
The test computer is Pentium IV 1.80GHz with 256MB
RAM under the MS Windows XP professional version.

The experiments were conducted in two modes. In
mode one, the clustering algorithm was experimented using
weighted Euclidean distance metric. The following shows
the results of clustering of synthetic documents using the
weighted Euclidean distance metric.

Weighted Euclidean distance clustering of 200 synthetic xml files
56 clusters created.
Elapsed Time for clustering: 3781(ms).

CLUSTER NAME: cluster(1)
DOCUMENT NAME: C./Eclipse/java?/xstreaml /result/outputl/reviewO.xml
DOCUMENT NAME: C./Eclipse/java2/xstreaml/result/output]/reviewd7. xmml
DOCUMENT NAME: C/Eclipse/java?/xstreaml/result/output]/reviewbd.xml
DOCUMENT NAME: C/Eclipse/java?/xstreaml/result/output]/reviewl .xmi
CLUSTER NAME: cluster(2)
DOCUMENT NAME: C,/Eclipse/java)/xstreaml/result/output]/reviewt. xarl
DOCUMENT NAME: C/Fclipse/java?/xstreaml /result/output]/reviewl8 xml
DOCUMENT NAME: C./Eclipse/java?/xstreaml/result/output]/reviewr0.xml

The following shows the results of clustering of synthetic
documents using K-means clustering algorithm.

K-means clustering of 200 synthetic xml files.
7 clusters created
Threshold=0.00000000000000001

Elapsed Time for clustering: 3297(ms)

CLUSTER NAME: cluster(1)
DOCUMENT NAME: C/Eclipse/javal/xstreaml/result/output]/review).xml
DOCUMENT NAME: C./Eclipse/java2/xstreaml/result/output]/review?.xml
DOCUMENT NAME: C./Eclipse/java2/xstreaml/result/outputl/review? xml
DOCUMENT NAME: C:/Bclipse/java2/xstreaml/result/output] /reviewR ximl

The following shows one sample of real documents
named “newQ.xml” and shows the results of clustering
using the weighted Euclidean distance metric. The file
was renamed for the convenience of processing.

“new0.xml”

<?xml version="1.0" encoding="ISO 8859 1" ?>>
<IDOCTYPE rss (View Source for full doctype...)>
—-<rss version="0.91">
—<channel>
<title>PRWeb: Art and Entertainment Celebrities</title>
<link>http://www.prweb.com</link >
<description>Latest news releases from PRWEB.COM
for Art and Entertainment Celebrities
</description>
<language>en</language>
-<image>
<title>PRWeb Press Releasse Newswire</title>
<url>http://www.prweb.com/prwebrss.gif</url>
<link>http://www.prweb.com</link>
<width>130</width>
<height>49</height>
</image>
<managingEditor>xml@emediawire.com
</managingEditor>
<webMaster>xml@emediawire.com</webMaster>
—<item>
<title>Talking Ronald Reagan Doll is Proof that the
Bible is Real, Says Author</title>
<link>http.//www.prweb.com/releases/20069910/5/
prwebh378649.htm</link>
—<description>
~<I[CDATA[ Author Gregory Gordon claims that a
talking doll of Ronald Reagan is the talking image
of the Beast spoken of in Revelation chapter 13
verse 15. (PRWEB May 31, 2006)
Trackback URL: http://www.prweb.com/chachingpr.php
/TGI2ZS1 TaWsnLU1hZ24tU3VthS1TY WxmL Vplem8=
1>

</description>
</item>
~<item> ... .. </item>
</channel>
</rss>

Weighted Euclidean clustering 200 real xml files
19 clusters created
Elapsed Time for clustering: 23453(ms)
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CLUSTER NAME: cluster(1)

DOCUMENT NAME: C:/Eclipse/java2/xstream]l/news/new(.xml

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new2.xml

DOCUMENT NAME: C:/Eclipse/java?/xstreaml/news/newd.xml
CLUSTER NAME: cluster{2)

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/newl.xml

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new3.xml

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/newb.xml
CLUSTER NAME: cluster(3)

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new31.xml
CLUSTER NAME: cluster(4)

DOCUMENT NAME: Ci/Eclipse/java?/xstreaml/news/new37.xml
CLUSTER NAME: cluster(5)

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new45.xml

The following shows the results of clustering of real
documents using K-means clustering algorithm.

K-means clustering of 200 real xml files
threshold=0.00000000000000001
17 clusters created

Elapsed Time for clustering: 23844(ms)

CLUSTER NAME: cluster(1)
DOCUMENT NAME: Ci/Eclipse/java2/xstream]/news/new0.xml
DOCUMENT NAME: C:/Eclipse/iava2/xstreaml/news/new?2.xml
DOCUMENT NAME: C:/Eclipse/java?/xstreaml/news/newd.xml
DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/newt.xml

CLUSTER NAME: cluster(2)
DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/newl.xml
DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new3.xml
DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/newbxml

CLUSTER NAME: cluster(3)

DOCUMENT NAME: C:/Eclipse/javad/xstreaml/news/new31.xml
CLUSTER NAME: cluster(4)

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new37.xml
CLUSTER NAME: cluster(5)

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/news/new45.xmi

We will explain the results of the experiment in detail
in the following section 7.

7. Performances

First, we show the clustering differences between using
the weighted Euclidean distance clustering and the K-means
clustering. They are different because the computation of
distances for the comparison of documents is different.
When the averages of documents are nearly centered on
a single value, ie, when the structure of the documents
are very much similar, the threshold for K-means clustering
algorithm must be selected carefully in order to produce

A
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reasonable clustering of documents. When the weighted
Euclidean distance metric is used, the computation of dis-
tances usually takes more time but the clustering is more
stable in the experiments, because the distances span more
widely.

The following shows the clustering of synthetic documents
using the weighted Fuclidean distance metric and using the
K-means clustering algorithm for the comparison of clustering
differences. The document “reviewQ.xml” is shown on page 3.

Weighted Euclidean distance clustering of 200 synthetic xml files

CLUSTER NAME: cluster(1)
DOCUMENT NAME: C:/Eclipse/java2/xstream/result/output]/review0.xml
DOCUMENT NAME: C:/Eclipse/java2/xstreaml/result/outputl/reviewd7 xrl
DOCUMENT NAME: C:/Eclipse/javad/xstreaml/result/output]/reviewdd.xorl

K-means clustering of 200 synthetic xml files.

CLUSTER NAME: cluster(1)
DOCUMENT NAME: C:/Eclipse/java2/xstreaml/result/output]/reviewd.ximl
DOCUMENT NAME: C:/Eclipse/java2/xstreaml /result/output]/review?.xml
DOCUMENT NAME: C:/Bclipse/javaZ/xstreaml/result/output]/review? xml

“review47.xml”

<?xml version="1.0" encoding="US ASCIl" 7>
—<l-—generated by ToXgene on Wed May 17 20:10:17 KST
2006-->
~<treview>
~-<book ishn="6301948479">
<title>Tiresias shall have to maintain;dug</title>
<author>Jinhua Note</author>
<author>Manuk Constantineau</author>
</book>
<user>Surapant. Peak @ernet.in</user>
<review rating="3">

<p>bold, - - ruthle</p>
<p>sauternes - quie</p>
</review>
</review>
“reviewd4”

<?xml version="10" encoding="US ASCII" ?>
—<!-—generated by ToXgene on Wed May 17 20:10:17 KST

2006—->
~<review>
~<book ishn="1998853966">
<title>bold, -+ - fluffy</title>

<author>Haifeng White</author>
<author>Milton Nisnevich</author>
<author>Reimund Herber</author>
<author>Goli Carchiolo</author>
<author>Hacene Dyckhoff</author>
<author>Hiroyoshi Hogen</author>
<author>Merritt Baar</author>

</hook>

<user>Saurab.McAlister@bellatlantic net</user>
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—<review rating="2">

<p>brave, =+ - after</p>
<p>permanent, -+ - darin</p>
<p>multipliers -+ -+ doggedly</p>
<p>sheaves -+ permanent</p>
</review>
</review>
“review2.xml”

<?xml version="1.0" encoding="US ASCIl" 7>
—<!-—generated by ToXgene on Wed May 17 20:10:16 KST
2006-->
-<review>
-<book ishn="1310559268">
<title>quick warthogs</title>
<author>Dhiraj Jurka</author>
<author>Klaus Burkhart</author>
</book>
<user>Sukemitsu. Lanfear@emc.com</user>
-<review rating="0">

<p>stealthly -+ - regularl</p>
<p>somas - across</p>
<p>slow - - attainm</p>
<p>ironic -+ - sentiment</p>
</review>
</review>
“review7.xml”

<7xml version="1.0" encoding="US ASCI" ?>
~<!-—generated by ToXgene on Wed May 17 20:10:16 KST
2006-—>
-<review>
—<book ishn="1488943965">
<title>ironic sen</title>
<author>Liuba Weinstein</author>
<author>Michi Jacquin</author>
<author>Epaminondas Urpani</author>
<author>Earlin Getta</author>
<author>Haifeng White</author>
<author>Gerassimos Altepeter</author>
<author>Evangelos Kroll</author>
<author>Jose Drabenstott</author>
<author>Francisco Molenaar</author>>
</book>
<user>Augustus. Hedger@forwiss.de</user>
—-<review rating="2">

<p>platelets -+ - could hav</p>
<p>permanent -+ - pl</p>
<p>dogged, - - brave</p>
<p>quick, -+ beyond</p>
</review>
</review>

If the three documents “review(”, “review47”, and “review
54" in cluster(1) clustered using the weighted Euclidean
distance metric are compared with the three documents

<Table 1> Count of elements of documents in cluster (1)
using the weighted Euclidean distance clustering

Element review(.xml reviewd7 xml reviewbH4.xml
book 8 3 8
review 2 2 4

{Table 2> Count of elements of documents in cluster (1)
using the K means clustering

Element review(.xml review2.xml review7.xml
hook 8 3 10
review 2 4 4

“review(”, “review2”, and “review7" clustered using the
K-means clustering algorithm, it can be seen that the
documents clustered using the weighted Euclidean distance
metric are more similar than the documents clustered
using the K-means clustering algorithm.

The following Table 1 shows the count of elements in
the outer book structure and the review structure in
“review0.xml”, “reviewd7.xml”, and “reviews4.xml” documents.
We can see that the “review0O.xml” and “review47.xmi”
have the same number of two elements in the outer review
structure. And we can .see that the “reviewO.xml” and
“reviewbd.xml” have the same number of eight elements
in the outer book structure.

The following Table 2 shows the count of elements in
the outer book structure and the review structure in
“review0.xml”, “review2.xml”, and “review7.xml” documents.
We can see that the “reviewO.xml” and “review2xml”
have nothing in common in the number of elements in
the outer book and review structure. We can only see
that “review2.xml” and “review7.xml” have the same mumber
of four elements in the outer review structure.

These results show that the weighted Euclidean distance
clustering is more effective than the K means clustering
in the clustering of similar synthetic documents.

We also experimented with the real documents. The
clustering algorithm generated 19 clusters using weighted
Euclidean distance metric and 17 clusters using K means
clustering algorithm. The followings show a portion of
the clustering result of each method.

Weighted Euclidean clustering 200 real xml files

CLUSTER NAME: cluster(1)
DOCUMENT NAME: C./Eclipse/java2/xstreaml/news/new(.xml
DOCUMENT NAME: C:/Eclipse/java?/xstreaml/news/new2.xml
DOCUMENT NAME: C:/Eclipse/iavad/xstreaml/news/newd.xml

K-means clustering of 200 real xml files

CLUSTER NAME: cluster(1)
DOCUMENT NAME: C:/Eclipse/java?/xstreaml/news/new0.xmi
DOCUMENT NAME: C:/Eclipse/javaZ/xstreaml/news/new2.xml
DOCUMENT NAME: C:/Eclipse/java?/xstreaml/news/new4.xmi



If we compare the clustering results of each method, we
can see that the clustering results are very similar except
for some clusters. The following explains the similarities
and the differences. In hoth cases, cluster(1) contains nearly
even numbered documents and cluster(2) contains nearly
odd numbered documents. Cluster(3) through cluster(7)
contain same documents. Cluster(8) contains “newbl.xml”
and “newll13.xml” using weighted Euclidean distance metric
but contains “newbl.xml”, “newll13xml”, and “newl71.xml”
using K means clustering algorithm. Cluster(9) through
cluster(17) contain the same documents. But cluster(19)
contains “newl89.xml” using weighted Euclidean distance
metric but “newl89.xml” was contained in cluster(1)
using K-means clustering algorithm. Using the clustering
of weighted Euclidean distance metric, cluster(3) contains
“new3lxml”, cluster(4) contains ‘“new37.xml”, cluster(5)
contains  “new4bxml”, cluster(6) contains ‘“newd47.xml”,
cluster(7) contains “new49.xml” and “new69.xml”, cluster(9)
contains “newblxml”, cluster(10) contains “newl03.xml",
cluster(11) contains “newl0bxml”, cluster(12) contains
“newll5xml”, cluster(13) contains “newl4b.xmi”, cluster(14)
contains “newl5l.xml”, cluster{15) contains “newl70.xml”,
cluster(16) contains ‘“newl7lxml’, cluster(17) contains
“newl72.xmi”, and cluster(18) contains “newl73.xml”. After
examining the clusters, it can be observed that these
clusters were generated based on the information of the
nesting structure of the elements and the number of
elements in the documents as expected.

Based on these observations, it can be concluded that
the weighted Euclidean distance metric is more stable and
effective in XML document clustering, because the com-—
putation of difference between documents include all the
values of vectors not just the averages of the clusters.
The clustering results validate the appropriateness of the
function transform of XML document and the use of FFT
for the generation of wvectors for the comparison of
difference between the documents.

Second, we conduct another experiment to explicitly
demonstrate the clustering based only on the hierarchical
nesting structure of the document using the weighted
Euclidean distance metric. The following shows four
synthetic documents “testO.xml”, “testl.xml”, “test2.xml”,
and “testd.xml” produced by editing the “reviewO.xml” by
emphasizing the nesting structure of elements from 1
through 4 levels.

“test0.xml”

<?7xml version="1.0" encoding="US ASCII"?>
<I-—generated by ToXgene on Thu June 1 18:35:01 KST 2006-—>
<review>
<book ishn="1953229935">
<title>thin courts</title>
<author>Enno Poesio</author>

b
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<author>Gunvant Borrowman</author>
</hook>
<user>Katsuji. Camacho@conclusivestrategies.com</user>
<review rating="2">
<p>ironic, slow </p>
<p>regular</p>
<p>bold, daring</p>
<p>sometimes</p>
</review>
</review>

“testl.xml”

<?xml version="1.0" encoding="US ASCII"?>
<I--generated by ToXgene on Thu June 1 18:35:01 KST 2006-—>
<review>
<book ishn="1953229935">
<title>thin courts on the sometimes</title>
<author>Enno Poesio</author>
<hook ishn="1953229935">
<title>thin courts on the sometimes</title>
<author>Enno Poesio</author>
</book>
<author>Gunvant Borrowman</author>
</book>
<user>Katsuji.Camacho@conclusivestrategies.com</user>
<review rating="2">
<p>ironic, slow dependencies ought to be yo</p>
<p>regular dinos to the regular, silent she</p>
<p>bold, daring epitaphs within the closely</p>
<p>sometimes idle dinos could have to integ</p>
</review>
</review>

“test2.xml”

<Ixml version="1.0" encoding="US ASCII"?>
<I--generated by ToXgene on Thu June 1 18:35:01 KST 2006-->
<review>
<bhook ishn="1953229935">
<title>thin courts on the sometimes</title>
<author>Enno Poesio</author>
<book ishn="1953229935">
<title>thin courts on the sometimes</title>
<book ishn="1953229935">
<title>thin courts on the sometimes</title>
</book>
<author>Enno Poesio</author>
</book>
<author>Gunvant Borrowman</author>
</book>
<user>Katsuji.Camacho@conclusivestrategies.com</user>
<review rating="2">
<p>ironic, slow dependencies ought to be yo</p>
<p>regular dinos to the regular, silent she</p>
<p>bold, daring epitaphs within the closely</p>
<p>sometimes idle dinos could have to integ</p>
</review>
</review>
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“test3.xml”

<?xml version="1.0" encoding="US ASCI"?>
<I--generated by ToXgene on Thu June 1 18:35:01 KST 2006——>
<review>>
<book ishn="1953229935">
<title>thin courts on the sometimes</title>
<author>Enno Poesio</author>
</book>
<hook isbn="1953229935">
<title>thin courts on the sometimes</title>
<author>Enno Poesio</author>
<book ishn="1953229935">
<title>thin courts on the sometimes</title>
<author>Enno Poesio</author>
</book>
<author>Gunvant Borrowman</author>
</book>
<hook>
<author>Gunvant Borrowman</author>
</book>
<user>Katsuji.Camacho@conclusivestrategies.com</user>
<review rating="2">
<p>ironic, slow dependencies ought to be yo</p>
<p>regular dinos to the regular, silent she</p>
<p>bold, daring epitaphs within the closely</p>
<p>sometimes idle dinos could have to integ</p>
</review>
</review>

The following shows the expected clustering results.

Elapsed Time for clustering: 750(ms)

CLUSTER NAME: cluster(1)

DOCUMENT NAME: C:/Eclipse/java2/xstreaml/test/test0.xml
CLUSTER NAME: cluster(2)

DOCUMENT NAME: C./Eclipse/javaZ/xstreaml/test/testl.xml
CLUSTER NAME: cluster(3)

DOCUMENT NAME: C:/Eclipse/java?/xstreaml/test/test2.xml
CLUSTER NAME: cluster(4)

DOCUMENT NAME: C:/Eclipse/javaZ/xstreaml/test/test3.xml

Observing these experimental results, we can see that
the four distinct documents are correctly clustered into four
separate clusters using the weighted Euclidean distance
metric.

Third, we compare the proposed approach with other
approaches. In reference[b], the authors used a nearest
neighbor method for the evaluation of clustering and
defined three measures for the evaluation. First, they used
similarity matrix CS to represent the average similarity
between classes. Second, they used error rate of a kNN(k
Nearest Neighbor) classifier, e, defined as the average of
the document membership in a specific cluster. Low
values of the error rate correspond to good result. Third,
they defined the average percentage of documents, g, in

the k neighborhood of a generic document belonging to
the same class of that document. This provides a measure
of the stability of a Nearest-Neighbor. Fourth, they used a
measure of sensibility of the similarity meastre, e(S), hetween
documents. Low value of sensibility probability measure
denotes a good performance. They used each of the value
0.0892, 0.1880, and 0.7417 as the value of these measures
for the nested encoding of the synthesized documents and
showed the average similarity value of the nested encoding
from 0.058 to 0840 in Table 5. They used the values
0.1124, 0.0493, and 0.9243 as the values of these measures
for the nested encoding of the real documents.

In reference[7], the authors used a structure graph
method with four parameters to measure the clustering
accuracy. The four parameters are CS, IS, SD, and R. CS
means the closeness between the clusters, IS means the
average similarity over all pairs of clusters, SD is the
standard deviation of the number of documents in the
clusters, and finally R means the ratio of outlier docu-
ments. A good cluster means a large value of CS (close
to 1) and a small IS and SD (close to 0). The values of
CS range from 04 to 097, IS from 0019 to 0.33, SD
from 5 to 13011, and finally R from 0011 to 0.077 as a
function of database size as shown in Table 5. The
values of CS range from 0.64 to 0914, IS from 0.114 to
0.158, SD from 62 to 420, and finally R from 0.009 to 0.22
by varying the number of clusters.

We used the weighted Euclidean distance shown in (1)

as a measure of similarity between the documents in the
clusters and used the value 0.1~2.5 as the threshold. The
distance between the documents clustered into a specific
cluster is lower than the threshold. For example, if we
set the threshold at the value of 0.5, the distance between
“reviewQ.xml” and “review2.xml” is 0.0483 and the distance
between “reviewd.xml” is 0.0867. The threshold value serves
the purpose of setting the limit of the similarity between
the documents in a cluster and of the dissimilarity between
the clusters themselves. From these observations, it can
be seen that the weighted Euclidean distance computed
based on the function transform and FFT is an effective
measure for the computation of similarity between the XML
documents for clustering compared to other measures used
in the references [5] and [7].
The following Table 3 shows the number of clusters generated
using the synthetic documents by varying the threshold
values from 0.1 to 25. The numbers 56, 66, --- 10, 4 mean
the number of clusters generated. The execution time of
clustering for 200 documents is about 2,620 ms, and for
400 documents about 4,600ms, and for 600 documents
about 6,200 ms, and for 800 documents about 8,200ms.

The number of clusters decreases rapidly at the threshold
value of 1.0. The users can. select the threshold value
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{Table 3> Number of clusters generated using the synthetic
documents by varying the threshold values

Thr | 0.1 0.3 05 0.7 10 15 2.0 25
200 56 56 56 48 31 16 10 4
400 66 66 66 o7 34 17 10 4
600 71 71 71 59 35 17 10 4
800 74 74 74 61 35 17 10 4

* Thr : Threshold, * 0.1~2.5 : Threshold values

* 200, 400, 600, 800 : No. of documents, * 74, €6, -, 4 : No. of clusters

{Table 4> Number of clusters generated using the real
documents by varying the threshold values

Thr 0.1 03 05 0.7 1.0 15 2.0 25
200 19 19 19 19 19 19 19 19
400 29 29 29 29 29 29 29 29
520 35 3H 3H 3H 35 3b 35 35
# Thr : Threshold, * 0.1~25 @ Threshold values
* 200, 400, 520 : No. of documents, * 19, 29, 35 : No. of clusters

{Table 5y Comparison of approaches

(5] [71 Proposed approach
cs Oé)gi(; €S | 04~097 | Threshold(s) 01~25
0019~ Average(s) 1.0
E(S) 0.18%0 15 '0‘33 SD(s) NS
Clusters(s) 4~74
Q(S) 0.7417 SD 5~13011 Threshold(r) 01~25
0011~ Average(r) 1.00002
elS) 0.0892 R O 077 SD(r) 69.74
’ Clusters(r) 19~35
x CS @ similarity matrix, * Ek(S) : error rate, * Qk(S) @ stability,

x e(S) ¢ sensitivity of similarity,

% CS  closeness, * IS : mean similarity, * SD : standard deviation,
#* R outlier ratio

* Threshold(s) : Threshold(synthetic documents)

# Average(s) : average of first cluster(threshold=1.0, documents=200)
* SD(s) : standard deviation of first cluster(threshold=1.0, docs=200)
« Clusters(s) : No. of clusters(synthetic documents)

# Threshold(r) : Threshold(real documents)

+ Average(r) © average of first cluster (threshold=1.0, documents=200)
% SD(r) : standard deviation of first cluster{threshold=1.0, docs=200)
* Clusters(r) : No. of clusters(real documents)

from 05 to 2.0 depending on the applications.

The following Table 4 shows the number of clusters
generated using the real documents by varying the thre-
shold values from 0.1 to 2.5. The numbers 19, 29, 35 mean
the number of clusters generated. The execution time of
clustering for 200 documents is about 20,700 ms, and for
400 documents about 37500ms, and for 520 documents
about 48500ms.

The number of clusters generated does not change by
varying the threshold values. This is because the structures
of the documents belonging to a specific news category
are similar but the structures of documents belonging to
other news category are quite different and thus cannot
be clustered into the same cluster. This can mean that
the documents are already clustered according to the
news category in this case.

The following Table 5 shows the data of [5, 7], and
the proposed approach. We can see that the parameters
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and the data are different. In[b], CS means the average
similarity between classes. Ex(S) means the error rate.
Q(S) means the average percentage of documents belonging
to the same class. e(S) means the sensitivity of the similarity
measure. In[7], CS is a measure on the closeness between
the clusters. IS is the average similarity over all pairs of
clusters. SD is the standard deviation of the number of
documents in the clusters. R is the ratio of outlier documents.

But as Table 3 and Table 5 show the number of clusters,
the parameters, and the data, the proposed approach is
comparable to the approaches of [5] and [7] and is better
in terms of the threshold selection for the number of clusters
to generate to meet the changing needs of the applications.

And as Table 1 shows the number of elements in the
structure and the clustering result, we know that the
proposed approach has the advantage in terms of the
accuracy of clustering based solely on the structure of
elements represented by the function transform and the
distance computed by the weighted Euclidean metric.

The incremental and unsupervised clustering technique
of this approach is unique in using discrete function
transform representing the hierarchical structure of elements
in the document for clustering. The clustering, thus, is
done based only on the nesting structure of the elements.
The pre-specified threshold solely determines the incre-
mental and unsupervised clustering process. It controls
the cohesiveness and separation of the clusters. That is,
it controls the similarity limit of the documents contained
within the clusters and the dissimilarity boundary of the
clusters themselves. The current threshold range was
selected by the experimentation using the current synthetic
and real documents.

8. Conclusion

This paper shows an incremental and unsupervised
clustering technique of synthetic and real XML documents
using function transform and FFT. This approach clusters
the XML documents based on the hierarchical nesting
structure of the elements. The difference between the
documents was computed using the weighted Euclidean
distance metric. I a user wants a fast solution considering
only the nesting structure of the XML document, this
approach can be a feasible solution. The experiments show
that the weighted Euclidean distance metric is more effective
for the clustering of XML documents for the synthetic
and real XML documents. The proposed approach has the
advantage in terms of the accuracy of clustering based
solely on the structure of elements. The proposed approach
is comparable to the approaches of [5] and [7] and is
better in terms of the number of clusters to generate to
meet the changing needs of the applications by adjusting
the thresholds.
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In future research directions, the function transform
including the attributes as well as the relationship of the
element and attribute will be addressed.
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