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ABSTRACT

XML and peer—to—peer (P2P) technologies are nowsadagreasingly being combined in many
application scenarios. Indeed, while XML is thenskard for representing and exchanging data, P2P
networks offer innovative opportunities to usersi@are and locate distributed data over the Intefiries
synergistic coupling of XML and P2P networks becemarticularly appealing in mining contexts, sush a
document clustering. Clustering XML documents iteagively used to discover meaningful groups igdar
collections of XML documents according to structaned/or content information. However, despite the
growing availability of distributed XML sources anbde variety of high-demand environments, existing
methods for clustering XML documents work only inentralized way.

In this chapter we address the problem of clugjeKML documents in a collaborative distributed
environment. We developed a clustering frameworlXML sources distributed on a P2P network. XML
documents are modeled based on a transactionalseagation which uses both XML structure and cdnten
information. The clustering method employs a cedtt@ased partitional scheme suitably adapted tdkwar
a P2P network. Each peer is enabled to computaisiecing solution over its local repository and to
exchange the resulting cluster representativestivétother peers. The exchanged cluster represastare
hence used to compute the global clustering salutica collaborative way. Effectiveness and efficig of
the framework were evaluated on real XML documeitiections varying the number of peers. Experimienta
results have shown significant improvements of aaltaborative distributed algorithm with respectthe
centralized clustering setting in terms of exeaqutiimne, although achieving clustering solutionst téidl
remain accurate with a moderately low number ofesdd the network.

INTRODUCTION

The extensibility of its markup functionalities apwith its natural capability of representing cdexp
real-world objects and their relationships are kbgs of success of XML in enabling the developnant
domain-specific markup languages. This has hadoagtimpact on the role of XML in the Internet, whe
XML languages have been developed for a large tyadedomain applications, ranging from multimedia
and networking to Web content syndication and rendefrom scientific data representation and ttere
to business processes.

In recent years, the use of XML for data repregemtaand exchange has become centrahigh-
demand environment©n the one hand, the growing availability of oML document repositories has
raised the need for fast and accurate organizatieuch data. In this respect, researchXtfl document
clusteringhas produced a variety of approaches and methttsdifferent focuses on aspects such as the
structure and/or content type of XML features, XML data representation and summarization model, th
XML similarity measures, and the strategy of clusggthat was able to such special requirementieabng
with large document collections and high dimendibpaease for browsing, meaningfulness of cluster



descriptions (Candillier, Tellier, & Torre, 2005;eboyer & Gallinari, 2008; Doucet & Lehtonen, 2006;
Kutty, Tran, Nayak, & Li, 2008; Lian, Cheung, Manlisu& Yiu, 2004; Nayak & Xu, 2006; Tran, Nayak,
Bruza, 2008; Tagarelli & Greco, 2010).

On the other hand, the inherently distributed reatfr XML repositories is also calling for adequate
distribute processing techniques that can aid fhieiet management and mining of XML data. As an
example, think of some Web news services that mreharge of very frequently gathering up-to-date
information spanning over thousands of news souifesich services aim to highlight (new) hot tapic
through the news channels or provide the usersavfersonalized) view on the news headlines, nhigint
be required to apply clustering algorithms to tbevs articles with a frequency of few minutes.

Clustering XML documents in such high-demand emuinents is hence challenging as the algorithms
developed are to be able to face tight requirememtsoth processing power and space resourcedirgxis
methods for clustering XML documents are insteaglgieed as centralized systems, which is mainlytdue
the difficulty of decentralizing most clusteringategies and, additionally, to a humber of issuesng in
the development of a convenient yet effective surimation of both XML structure and content informoat
in XML documents.

XML distributed applications are increasingly beidgmanded in several domains, such as software
and multimedia sharing, product rating, personalfifimg, and many others. A great merit of such an
extensive use of XML in distributed applicationgige to the popularity ggeerto—peer(P2P) networks. A
P2P network is a distributed system with the follmyvmain propertieéRodrigues & Druschel, 2010). It has
a high degree of decentralization, since procegsinger, bandwidth and space resources are coredhayt
the peers, which implement both client and seruectionalities of the system. In general, there lbara
high heterogeneity of resources, in terms of hardveand software architecture, power supply, gedgcap
location. A P2P is mostly self-organizing, sinceg aewly introduced peer node requires little ommanual
configuration for the system maintenance. Multipthministrative domains usually characterize théesys
as the peers are not owned or controlled by aeioagjanization. The deployment costs of a P2P isyate
typically lower than client-server systems, thatiksts independence of dedicated infrastructurd|enthe
upgrade of the system components is made easieauBe there are few if any peers with centralizatks
the P2P system is also more resilient to faultsadtatks.

XML is being coupled with P2P networks (Koloniari Ritoura, 2005; Abiteboul, Manolescu, &
Taropa, 2006; Rao & Moon, 2009; Antonellis, Mak®&s,Tsirakis, 2009), thanks to the merits of P2P in
enabling innovative services. Hence, devising #ridiged approach to XML clustering based on a P2P
system arises as a new challenge in efficient XMitadnmanagement and mining. Ideally, a distributed
approach to efficiently clustering XML documentgyiti satisfy at least the following special requiegns:

» High level of resource distribution the decentralization should involve both theaddijects and the
other data needed to perform clustering.

* Collaborativeness- this should be a major advantageous aspectirgstiom the establishment of
the clustering approach on a P2P network, in olderevelop a distributed system that is reliable,
resource sharing-aware, and able to effectivelyedficiently exchange the processed information.

» Limited network load- a summarized data structure should be deviseditably represent structure
and content information in XML data, and to ensameefficient exchange of information.

» Ease of implementatior because each peer in the network is easy totamairthe clustering
strategy adopted by the network nodes and the gsoweinformation exchanged between the nodes
needs to be feasible on a large-scale system.

This chapter addresses the problem of clusteringL Xddcuments on a distributed, peer-to-peer
network. A framework recently proposed in (Grecayll& Ponti, & Tagarelli, 2009) is presented. Suach
framework exploits the approach in (Tagarelli & Gre2010; Tagarelli & Greco, 2006) for modeling and
clustering XML documents. That approach allowstfansforming XML documents intisansactional data
based on the notion &fee tuple which aims to model any XML document accordin@gtitat, relational-like
representation. XML tree tuples are well-suited dlustering XML documents according to both stroetu
and content information.

The distributed environment underlying the framdwassumes that only a portion of the input
collection of XML documents to be clustered canabeessed by each node in the network. The clugterin
task is performed according to a collaborative maglkere each node communicates with all the abhes.

In particular, according to the well-known paradightentroid-based partitional clusterin@ain & Dubes,
1988), the information exchanged among the nodsstia form ofcluster centroids Summarizing the



clustered data based on cluster centroids is higksjrable, especially in scenarios where the iclaia is
spread across a network. Indeed, cluster centpymigde an accurate as well as compact representafi
the information to be exchanged among the variaggs in the network. In this way, the exchanged dat
highly representative and, at the same time, theark load is maintained relatively small.

The collaborative clustering approach in the distied framework essentially acts as follows. Each
node in the network is responsible for computinigaal clustering solution (a partition of its owat of
XML data), whose clusters are summarized by “loaa@htroids that are sent to the other nodes in the
network. The nodes are also responsible of compudirsubset of the “global” centroids by taking into
account the information stored in the correspondliogal” centroids received from the other nodebeT
global centroids are eventually sent back to @lribdes to be used for updating the local clugiesatution.
The process ends when no global centroid changbsegpect to the previous iteration.

Experiments were conducted on large, real-worltecobns of XML documents, whose features are
particularly suitable for assessing the validitydidtributed collaborative clustering of XML docunte. The
experiments were performed by varying the numbernofles in the network while keeping the
communication among nodes minimized. Results hhwess that, although accuracy is typically lowerrtha
in the centralized case, a relatively small numbemodes is sufficient for drastically improvingeth
efficiency of the clustering task.

This chapter is organized as follows. Section “Bgioknd” briefly discusses related work. Section
“XML Transactional Representationitroduces the transaction model used for represgstructure and
content information from XML documents. Section fl@borative Clustering of XML Documents”
describes the XML transactional similarity measarel the collaborative clustering algorithm. Section
“Experimental Evaluation” reports experimental fesachieved by our approach from both effectivenes
and efficiency viewpoint. Section “Conclusion andgtife Research” contains concluding remarks and our
pointers for future research directions.

BACKGROUND

In the past few years, there has been a greategsitén XML data management in distributed
environments. In this respect, early research stutticused on efficient distributed query processind
optimization. (Abiteboul, Manolescu, & Taropa, 2p@®scribes an extension of the Active XML (AXML)
language used to embed service call specificamoXML documents, by which XML applications can
easily be specified and deployed in complex distad systems. Antonellis, Makris, and Tsirakis @00
propose a distributed clustering-based approaefffitwently locate XML documents over a P2P netwfurk
the purpose of improving time performance of quagysystems. This problem is also studied in (Rao &
Moon, 2009), where XML documents and XML query eatt are mapped into algebraic signatures, and
distributed hash tables are used to index the dentisignatures.

XML allows for publishing information that can bedited and reorganized in a distributed
collaborative way. (Ignat & Oster, 2008) invest&gathe problem of XML document reconciliation iRP2P
network by proposing an environment in which ug@sgorm an off-line editing of XML documents, and
their edits are committed and synchronized withdhes performed by the other users as they recotmec
the network. In order to guarantee consistencynabstone operational transformation based apprbash
been employed to merge XML structures of the editell. document.

Data mining algorithms are traditionally designedatork with data located in a centralized system
and/or memory. However, with the development ajdascale systems, there has been an increasingqidema
for data mining methods that can work in paralted aistributed environments. This is challengingtfeo
main reasons: data mining algorithms usually rexjlarge resources in terms of storage systemsitasd
highly inefficient to transfer the huge amount aftad stored in several (distributed) databases aatyze
them in a single centralized site. Early proposais distributed data mining exploited agent-based
architectures. Kargupta, Hamzaoglu, and Staffo@®T) design a distributed system in which each taigen
able to model its local world and the global salntiis cooperatively obtained by exploiting agent
communication exchange. Dhillon and Modha (2000findea parallel implementation of the k-Means
algorithm based on the message passing model.i€esal Talia (2008) focus on distributed data nrés
WSREF services by exploiting the Grid infrastructud¢her examples of distributed data mining cafobed
in (Cannataro, Congiusta, Pugliese, Talia, & Tron#004; Kargupta, Park, Hershberger, & Johnsof9:19
Prodromidis, Chan, & Stolfo, 2000).



As regards distributed document clustering in P2Rvarks, (Eisenhardt, Muller, & Henrich, 2003)
discusses the efficiency of partitional clusteragproaches like k-Means based on centroids inasie df
distributed clustering of documents. Here, localstdring solutions are improved taking into account
recommendations exchanged among the peers, whareaters are summarized as keyphrases.
A very recent P2P approach to distributed docurokstering is presented in (Papapetrou, Siberskp&r,
2010). Here the clustering strategy is again based k-Means-like scheme, whereas the main nolieky
in the cluster summary indexing and in the 2-stepcudhent-to-cluster assignment, which are
probabilistically controlled. Despite the P2P scenathis approach however ignores any notion of
“collaborativeness” in the computation and/or exwe of cluster centroids/summaries, which might
improve the efficiency (and parallelism) of thetdisuted clustering process.

To the best of our knowledge, Hammouda and Kaneltlae only authors that have addressed the
problem of distributed clustering of (plain) documteefrom acollaborativefashion (Hammouda & Kamel,
2006). They had the intuition that recommendatiershanged between the peers in the network may
improve the accuracy of document clustering insritiuted environment. In their work, document tus
summaries in the form keyphrases are also explo@a proposed work also exploits a notion of
collaborativeness in a distributed environment; éeasv, besides dealing with the more complex case of
semistructured (XML) documents, in our approachdeeise different strategies for summarizing cluster
and exchanging information between the peers. bt, faur XML cluster summaries are defined as
transactions that are comprised of items contaihighly representative structure and content inédrom
present in that cluster of XML documents. MoreovéKIL information exchanged among peers is not
supplied in the form of recommendations, but irinapter way that exploits “meta-representatives”iahh
guide the construction of the global clusteringitioh.

XML TRANSACTIONAL REPRESENTATION

Tagarelli and Greco (2010, 2006) originally introdd an XML representation model that allows for
mapping XML document trees intcansactional dataln a generic application domain, a transacticiasizst
is a multi-set of variable-length sequences of ajavith categorical attributes; in the XML domaan,
transaction is devised as a set of items, eacthmhwembeds a distinct combination of structure @mtent
features from the original XML data. Within thisew, XML documents are not directly transformed to
transactional data, rather they are initially deposed on the basis of the notiontade tuple Intuitively,
given any XML document, a tree tuple is a tree @spntation of a complete set of distinct concdys dre
correlated according to the structure semantidb@briginal document tree. Tree tuples extractethfthe
same tree maintain similar or identical structurgilevreflect different ways of associating contevith
structure as they can be naturally inferred froendtiginal tree.

XML tree tuple extraction

Tree tuple resembles the notion of tuple in refatiodatabases and has been proposed to extend
functional dependencies to the XML setting (AreBakibkin, 2004; Flesca, Furfaro, Greco, & Zumpano,
2003). In a relational database, a tuple is a foncassigning each attribute with a value from the
corresponding domain.

Given an XML treeXT, anXML tree tupler derived fromXT is a maximal subtree &T such that, for
each (tag or complete) pattin XT, the size of the answer pfon ris not greater than 1. We denote with
and T the set of tree tuples that can be derived from gimen treeXT and from the collectiorKT,
respectively. Also, we ude; to denote the set of complete paths in a tree twphtuitively, a tree tuple is a
(sub)tree representation of a set of distinct cpticthat are correlated according to the structereantics
of the original tree. Tree tuples extracted frore game tree maintain identical structure whileewtfl
different ways of associating content with struetas they can be naturally inferred from the oabjiree.

Consider the XML document tree shown in Figure hjcl represents two software tools. Any
internal node has a unique label denoting a tagenarereas each leaf node is labeled with eithererand
value of an attribute, or symb8land a string corresponding to #RCDATA content model. Path answers
can be easily computed: for example, the paftware.tool.name yields the set of node identifiersig{ Ny},



and the pathsoftware.tool.developer.S yields the set of strings“doftware’s
developer 2}.

developer 1 “software’s

<software>
<tool>
<name>software's name 1</name>
<developer>software's developer 1</developer>
<developer>software's developer 2</developer>
<description>software's description 1</description>
<review>
<comments>any user's comments 1</comments>
<Ireview>
<ltool>
<tool>
<name>software's name 2</name>
<developer>software's developer 1</developer>
<description>software's description 1</description>
<review>
<comments>any user's comments 2</comments>
<Ireview>
<review>
<comments>any user's comments 3</comments>
<recommendation>software's recommendation</recommendation>
<Ireview>
<ltool>
<Isoftware>

software on
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Figure 1. Example XML document and its tree XML

Four tree tuples can be extracted from the exatngde in Figure 2, nodes belonging to the same tree
tuple are shaded the same. Two distinct tree tafdeextracted starting from the left subtree roatethe
software element, as here there are two patifiware.tool.developer. Two other distinct tree tuples are instead
extracted starting from the right subtree rootedoftware, as here there are two patuftware.tool.review,

each of which yields a distinct path answer cowasing to a tool.
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Figure 2. The tree tuples extracted from the XMietof Figure 1

Transactional modeling of XML tree tuples

In the huge amount of available structured dategl@vant portion is represented bgnsactional
data that is, variable-length sequences of objecth wétegorical attributes. Given a $et {e,, ..., e} of
distinct categorical values, @tems a transactional database is a multi-set of tiiwestr O |. The item
domain is built over all the leaf elements in aegiwcollection of XML tree tuples, that is the sédustinct
answers of complete paths applied to the tree supletransaction is then modeled with the set efg
associated to the leaf elements of a specificttngke. The intuition behind such a model lies maioh the
definition of XML tree tuple itself: each path ajgal to a tree tuple yields a unique answer, thoh éam in
a transaction indicates information on a concept 18 distinct from that of other items in the same
transaction.

Formally, given an XML tree tuple and a pathp O P,, anXML tree tuple itenin 7is a paire = <p,
A; (p)>, whereA; (p) denoteshe answer op on 7. The XML transactioncorresponding ta is the set of
XML tree tuple items of.

COLLABORATIVE CLUSTERING OF XML DOCUMENTS
XML tree tuple item similarity

XML features are represented by tree tuple itenerdfore, in order to compare XML data in our
transactional domain, we define a measure of siityilaetween tree tuple items according to theincure
and content features. Given two tree tuple itenasdg, thetree tuple item similarityunction is defined as:

sime, g) =fx sims(e, ) + (1-f) x simc (e, §)

wheresing (resp.sin) denotes the structural (resp. content) similasgyween the items, afd] [0, 1] is a
factor that tunes the influence of the structuraitgo the overall similarity. Since the combinatiof
structure and content information characterizeXlsi. tree tuple item, it is advisable to take toleca on
computing similarity between XML tree tuple itenk®r this purpose, we introduce a similarity thrédho
0 [0, 1] that represents the minimum similarity vafoe considering two XML tree tuple items as simila
According with this, two XML tree tuple itengsandg are said to bgmatchedf sime, ) >

Similarity by structure

Structural similarity between two tree tuple iteengndg is evaluated by comparing their respective
tag paths. Computing the similarity between any paths is essentially accomplished by referring & a
simple case of string matching of their respectlement names, and finally averaging the (weighted)
matchings. To this end, given any two tagandt,, the Dirichlet function A) is applied in such a way that
A(ty, 1) is equal to one if the tags match, otherwlié, t,) is equal to zero.

Given two XML tree tuple itemg ande, letp = ti.tp. ... tin andp; = tj1.tp. ... &n be their respective
tag paths. Thetructural similaritybetweerg ande, is defined as
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such that, for each tagand pattp =t..t,. ... &, S(t, p, @) = max;- 1.y (1+|a-1])™ x At t,).

Above, the tag matchings are corrected by a fastoch is inversely proportional to the absolute
difference of location of the tags in their resperipaths. Essentially, this factor penalizes fthalarity of
two paths that have the same tags but are difigrieciated.

Similarity by content

A textual content unifor short, TCU) is referred to as the preprocedset of a tree tuple item, that
is, a#PCDATA element content or an attribute value. To weigbtrelevance of terms in TCUs, an adaptation
of the populartf.idf (term frequency - inverse document frequency)h® XML transactional domain is
defined.

Given a collectionrXT of XML trees, letw; be an index term occurring in a TGlJof a tree tuple
belonging toT extracted from a treBT belonging toXT. Thettf.itf (Tree tuple Term Frequency - Inverse
Tree tuple Frequengywveight ofw; in u; with respect ta is defined as

ttf itf (Wj,ui|r)=tf (Wj,ui)x exp{ r&j’r}x M xln( Ny ]

r NXT Nt

wheretf (w;, u)) denotes the number of occurrencesvoin u;, and the other symbols denote the number of
TCUs appearing in (N,) and in the portion containing; (n;.), in XT (Nx7) and in the portion containing,
(nx7), In T (Ny) and in the portion containing (n;r). Note that thétf.itf weight increases by increasing each
of the factors in the function, namely the terngirency within the specific TCU, the term populaatross
the TCUs of the same XML transaction and acrosg @igs of the same document tree, and the ternyrarit
across the whole collection of TCUs.

Content similarity between two tree tuple itemscanputed by measuring the text similarity of their
respective TCUs. A vector-space model to represenT CUs is adopted, therefore any TGUs modeled
with a vector whosgth component corresponds to an index tasrand contains thef.itf relevance weight.
To measure the similarity between TCU vectors, wedl-known cosine similarity (Strehl, Ghosh, &
Mooney, 2000) is used.

The centralized approach: XK-means algorithm

XML tree tuples modeled as transactions can becieffily clustered by applying a centralized
partitional algorithm devised for the XML transactal domain. A partitional clustering problem c@tsiin
partitioning a set Xy, ..., X} of objects ink non-empty groups each containing a homogeneoustsobs
objects.

In (Tagarelli & Greco, 2010; Tagarelli & Greco, B)D a centroid-based partitional clustering
algorithm, called XK-means, was developed as ananf thek-Means algorithm for the XML transactional
domain. XK-means embeds novel notions of proximdtpong XML transactions, and XML cluster
representative (centroid). The basic idea undeglyire algorithm is to search for the “shared” itemgen
comparing any two XML transactions. Following orfettie commonly used measures for categorical data,
the similarity of two XML transactions could be cpuated as directly proportional to the number of own
items and inversely proportional to the number iffecent items. However, computing exact intersacti
between XML transactions will likely lead to verggr results, since two XML (tree tuple) items magre
relevant structural or content information evenutio they are not identical. Therefore, the notidn o
standard intersection between sets of items waaneeld with one able to capture similarities, rathan
strictly exact matching, from content and structigegures of XML elements.

Let tr; andtr, be two transactions, and [0,1] be a similarity threshold. The set jg§hared items
betweertr, andtr, is defined as



matcH (try, tr,) = match (try — tr,) O matcH(tr, — try)

wherematcH (tr; - tr)={e O tr;| g, O tr;, sim(e, &) = y; ~ 'O tr;, sim(e’, &) > sim(e, &,)}. The set ofy
shared items resembles the intersection betwensaittions at a degree greater than or equal toiksty
threshold ). This notion of (enhanced) intersection is alsdhat basis of theXML transaction similarity
function:

_ matcH ( tr, tr)
simy(tg, try) :W
1 2

The above function is used XK-meansto measure the proximity among transactions. M&ggo
given a clusterC, its centroidc is computed by starting from the set pfhared items among all the
transactions within C. More precisely, for eacmsaction inC, the union of thesshared item sets with
respect to all the other transactions Gnis obtained; this guarantees no dependence ofotter of
examination of the transactions. Then, the sgtgifared items is involved to compute a centroidritathe
form of a tree tuple. According to such a functianraw centroid is firstly defined by selecting fkems
from these union sets with the highest frequertog:raw centroid, however, may not have the forra tte
tuple, as some items therein may refer to the gaatle but with different answers. Any raw centrogd i
transformed into a tree tuple. This step involvesetd of items and yields a tree tuple composed byhall t
distinct pathg involved into the items ih; the content associated to each gath the union of the contents
of the items in havingp as a path. A greedy heuristic refines the curcentroid by iteratively adding the
remaining most frequent items until the sum of pdge similarities between transactions and cedtroi
cannot be further maximized. Performing again tbtisp, any refinement guarantees that the resulting
centroid satisfies the requirements presented above

The distributed approach: CXK-means algorithm

The main novelties and intuitions introduced Xi-means such as XML transaction proximity
measure and cluster centroid for a set of XML taatien, are exploited by th€XK-meansXML
transactional clustering algorithm for a distriliteollaborative environment (Greco, Gullo, Ponti, &
Tagarelli, 2009). The pseudo-code@X{K-meanss sketched in Figure 3.

Algorithm: CXK-MEANS

Input: set S of XML transactions distributed over m nodes,
number k of clusters, similarity threshold y

Output: partition C of Sin k clusters distributed over m nodes

Process N,
1: define a partition of {1, ..., k} into m subsets {Z,, ..., Z,,}
// Z;is the responsibility assignment of node N;
2: send the chosen responsibility assignments to each node

Process N;

3: select a global centroid g; for each j [1 Z;

4: repeat

5: send global centroids g; for each j I Z; to all other nodes

receive the remaining global centroids from all the other nodes

set the initial local centroids Ii,- as equal to the global centroids
assign each transaction to the cluster with the closest local centroid
(according to the sim”,function)
9:  re-compute local centroids /; of each cluster C;

o N




10:  if each /; does not change then

11: send a termination signal to all other nodes
12:  else
13: send a continuation signal and local centroids to all the other nodes

14: receive local centroids from all the other nodes
15: if there exists a node that does not terminate then
16: compute global centroids g;
for each j [0 Z; employing local ones received by the other nodes
17: until each node terminates
Figure 3. The CXK-means clustering algorithm

In the CXK-meansalgorithm, document data are distributed owernodes and each node
communicates with all the other ones sending “locahtroids and receiving “global”’ centroids. Aritial
process corresponding to a nodg defines a partition of the set {1,., k} of cluster identifiers intom
subsets. Each set contains the identifiers of thsters for which the nodi} has the responsibility of
computing the global centroids (i.e., tesponsibility assignmentsit should be noted that the presence of
nodeN, does not contrast the collaborative nature ofdK&-meanslgorithm. Indeedl, is not responsible
of summarizing the information coming from the wais peers (nodey;, ..., Ny,) and, therefore, does not act
as a coordinator; rathex, performs only trivial startup operations which pnnciple, can be performed by
any other peer nodd, ..., N, .

Each node\; is in charge of computing local clustés, ... , C'. and local centroid,, ..., I',, but also
a subset; of the global centroids; this is performed by I'rmy(at its own responsibility aSS|gnment and the
local centroids computed by all nodes. Each node dgrocess that executes a classMeans-like
partitional clustering scheme on its local dat&i(8 is the subset of the whole &of transactions available
from the original distributed dataset stored intml@N;). The clustering process employs global centroids
received from each other node in the network anditetes when transaction assignments to locatesisis
do not change. For each nade the local centroid of a clust@L is computed by starting from the setyof
shared items among all the transactions W|th'|n The procedure followed is the one employedXi+
means

The global centromj;J of a clustelC; is computed in a way similar to that employedifwal centroids.

A major difference is that global centr0|ds are poted by con3|der|ng then local centroidd?, .. AT
(computed by each nodd, ..., N.,) along with their respective WelgHG |, ..., ICT|, which are needed for
taking also into account the size of the clustenmarized by each node The ranonale in this raspdbat
the greater the welgﬂﬂt | (i.e., the greater the number of transactionsriggtm to the cluste€; stored into
the local repositorg at node) the more reliable the local centrdidn summarizing clusteg; is — in other
terms,|'; is more reliable than any other local centigidutputted by a nodé# i such thatC'j| < |C}).

Nodes communicate their local state by sending@ tb other nodes in the network. In particular, a
node sends a termination signal if, at the endsolocal clustering process, all its local clustentroids do
not change with respect to the ones computed inpthgious execution. In this way, the collaborative
clustering process continues until each node iméteork reaches a stable clustering solution.

EXPERIMENTAL EVALUATION
Experimental setting

The experimental evaluation was mainly conceivedvaluate the performance G6XK-meanswith
respect toXK-meansn terms of both efficiency and effectivenessthis respect, the number of nodes in the
peer—to—peer distributed environment was varieohftoto a maximum of 19, where a network size etpal
1 clearly refers to the baseline case representdiebcentralized case (i. XK-meansalgorithm).

Data description
Two real-world document collections were involvatbithe evaluation. Figure 2 illustrates the XML
DTDs that can be inferred from each of the evatutlatasets. Note that these schemas are presayed



for purposes of description of the datasets inwblvto the experiments, that is, they were not uhathg
the evaluation since the approach at hand doe®qoire the availability of XML schemas.

The DBLP dataset is a subset of the DBLP arcHigedigital bibliography on computer science which
contains citations on journal articles, conferemapers, books, book chapters, and theBHLP is
comprised of 3,000 documents which correspond ®84b,transactions and 8,231 itenBBLP is
characterized by a small average depth (3), whereasumber of leaf nodes is 13,209 and the maximum
fan out is 20. According to its element type déifom (Fig. 2(a)), exhibits short text descriptidiesy., author
names, paper titles, conference names), and a atedstructural variety which corresponds to 4 main
structural categories, namely “journal articlesirticle), “conference papers’inproceedingy “books”
(booR, and “book chapters”iricollectior). Also, 6 topical classes are identified WBLP, which are
“multimedia”, “logic programming”, “web and adapévsystems”, “knowledge based systems”, “software
engineering”, and “formal languages”. If both cartand structure information are taken into accolifit
classes are identified.

The IEEE dataset refers to the IEEE collection version @l#ich has been used as a benchmark in the
INEX document mining track 2088IEEE consists of 4,874 articles originally published2® different
IEEE journals from 2002 to 2004. Such articlesdella complex schema which includes front matteckba
matter, section headings, text formatting tags aradhematical formulas. We kept most of the logical
structure elements and removed the stylistic mazkag shown in the DTD of Fig. 2(b). In our XML
transactional domain, tHEEE collection has 211,909 transactions and 135,868g. Also, the number of
leaf nodes is 228,869, the maximum fan out is 48|, the average depth is about 5.1EEE, the article
journals determine the categories that were usgartition the collection, which strictly follow ¢horiginal
INEX categorization. Precisely, two structural cmiees correspond to “Transactions” and “non-
Transactions” articles, respectively, whereas tlassification by content organizes the articles thy
following 8 topic-classes: “Computer”, “Graphics*Hardware”, “Artificial Intelligence”, “Internet”,
“Mobile”, “Parallel”, and “Security”. Moreover, 14ybrid classes are identified according to thesesiral
and content classes.

Cluster validity measures

The quality of clustering solutions for the datasetas assessed by exploiting the availability of
reference classifications for XML documents. Thgeotive was to evaluate how well a clustering fts
predefined scheme of known classes (natural chk)stEor this purpose, the evaluation employed thi-w
known F-measurg(Larsen, & Aone, 1999), which is defined as thent@ric mean of values that express
two notions from Information Retrieval, namdlyecisionandRecall F-measure ranges within [0,1], where
higher values refer to better quality results. 8itee tuple decomposition of XML documents andthe
transactional modeling were performed as prelinyindrases, the evaluation process take into acabent
setSof XML transactions.

Given a seb ={try, ..., try} of XML transactions, lef” = {T'y, ..., T'y} be the reference classification
of the objects ir§ and C = {C,, ..., C«} be the output partition yielded by a clusteriigaaithm. Precision
of clusterC; with respect to clask; is the fraction of the objects i§; that has been correctly classified,
whereasRecallof clusterC; with respect to clads is the fraction of the objects I that has been correctly
classified. Formally,

‘Cmr‘ \ijri\ 2F3]Fﬂ
= E =
cl TR TTRR)

In order to score the quality € with respect td” by means of a single value, the overall F-measure
F(C, I') is computed using the weighted sum of the maxirfyrscore for each clags.

P

! http://dblp.uni-trier.de/xml/
2 http://www.inex.otago.ac.nz/data/documentcollacasp



Results

Effectiveness

Table 1(a—b) illustrates accuracy performancesimétdaon (a)DBLP an (b) IEEE by CXK-means
when data are equally partitioned over the nodegefiments have been performed for each of the
clustering type (i.e., content-, structure-, andteat/structure-driven) by varying the number ofle For
each dataset and clustering setting, results teferultiple (10) runs of the algorithm and correspdo F-
measure scores averaged over the randevafues specific of the clustering setting. Moraowbe best
setting of parameterwas found to be close to high values (typicallp\a0.85), for each dataset and type
of clustering (Tagarelli & Greco, 2010).

Clustering type #nodes avg F-measure

(#clusters)
fO[0,0.3] 1 0.795
(content-driven similarity) 3 0.730
5 0.701
(6 clusters) 7 0.639
9 0.574
fO[0.4,0.6] 1 0.803
(structure/content-driven similarity) 3 0.750
5 0.716
(16 clusters) 7 0.641
9 0.585
fO[0.7,1] 1 0.991
(structure-driven similarity) 3 0.971
5 0.935
(4 clusters) 7 0.855
9 0.751

(a)
Clustering type #nodes avg F-measure

(#cluster s)
fO[0, 0.3] 1 0.629
(content-driven similarity) 3 0.552
5 0.514
(8 clusters) 7 0.440
9 0.396
f0[0.4,0.6] 1 0.598
(structure/content-driven similarity) 3 0.524
5 0.478
(14 clusters) 7 0.423
9 0.375
fO[0.7,1] 1 0.655
(structure-driven similarity) 3 0.572
5 0.527
(2 clusters) 7 0.453
9 0.406

(b)

Table 1. Clustering accuracy results for data edyudistributed over the nodes: (a) DBLP and (b) EEE

As it is reasonable to expect, the centralized casesponds to an upper bound in terms of clusjeri
guality for the distributed collaborative approatthile the focus here is not on the effectivenesduation
of the centralized case, it can be noted how tlhsteting accuracy decreases as the number of nodes
increases, regardless of the dataset and the tymdustering. However, this performance degradation
remains relatively acceptable for a distributedimment, which is partly due to the model of chust
centroid in achieving good quality summaries far thusters. Indeed, loss of accuracyCOK-meanswith
respect toKkK-meanswvas always lower than 0.2 in relation to the nundfenodes leading to the stabilization
of efficiency performance determined in the presiguaragraph (i.e., 4 and 6 f@BLP and IEEE,
respectively); particularly, the decrease in accykgere roughly equal to 0.08BLP) and 0.14IEEE).



Efficiency
Figure 4 shows time performances on the four etialualatasets by increasing the number of nodes.
The dataset size was also varied in order to cendiet whole datasets and reduced-size (50%) datzse

show the scalability o€CXK-means Results refer to structure/content-driven clusterexperimentsf([]
[0.4,0.6]) and data equally distributed in the raty
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Figure 4. Clustering time performances varying tiuenber of nodes and the dataset size:
(a) DBLP, and (b) IEEE

Time (ms)

Here a noteworthy remark is that the performanc@Xik-meandakes major advantages with respect
to XK-meansn terms of runtime behavior. In fact, a highemier of nodes in the network leads to more



parallelism, which results in a drastic reductidrihe overall time needed for the clustering tds&wever,
when the number of nodes grows up, the data exeldaagiong nodes grow up as well. This fact clearly
affects negatively the network traffic (i.e., thentroid exchange) which might not be negligible ranye.
Indeed, as it can be noted in Fig. 3 for both thtaskts, after a drastic reduction of the runtioetd the use

of just a few nodes, the runtime remains roughlystant for a certain range, then it starts to iyghcrease
when the number of nodes becomes significantly drigiRegarding the evaluation of the stabilization
(saturation) points, it can be noted that time grenfinces olEEE tend to stabilize for 6 and 4 nodes,
respectively in the case of full and halved dataseDBLP, time performances tend to stabilize for a smaller
number of nodes (4 and 2, respectively) which i ttua smaller size dBLP with respect tdEEE, in
terms of both transactions and vocabulary of terms.

Another important remark is that, as the dataget isi halved, the minimum number of nodes to bring
down the clustering times tends to decrease. Turihdr confirms that the advantage of the distabut
collaborative approach with respect to the ceredlione tends to become less significant as tlesetasize
is reduced.

CONCLUSION AND FUTURE RESEARCH

In this chapter we presented a collaborative clijeapproach to organizing XML documents in P2P
networks. The framework is based on a distributesitroid-based partitional clustering algorithm,enén
cluster centroids are used to describe local aodagiclusters of the input document collection. ieaode
yields a local clustering solution, whose clustars represented by local centroids. These centiaids
exchanged with the other nodes in the network aoliborative way; the ultimate goal is to explsitch
local centroids for computing global clusters tf@in the overall clustering solution. Experimentasults
have shown that XML distributed collaborative ckrsig is more efficient than the corresponding
centralized clustering setting, though paying ghgldecrease in accuracy.

There are several directions that are worthy oégtigation. Some of them involve enhancements of
the framework we have proposed in this chapter.ifgiance, semantic information of both structanadl
content type from XML data could be integrated ur rlamework at different levels, following the dju
provided in (Tagarelli & Greco, 2010). Other futwesearch directions regard in general the implgsing
a distributed approach to XML document clusteringsuch contexts as data integration and information
retrieval. Collaborative distributed clustering ¥ML documents can in fact efficiently support the
integration and classification of heterogeneous X&durces, but the extent to which this can be lsekd
to be thoroughly investigated. The summarizatiod amtraction of information from the Web and the
consequent organization of selectively structurddrmation (wrapped data) represent real-world ades
in which collaborative distributed clustering of XMlocuments can help in different ways. For inséanic
clustering can be used to preliminarily filter setssof documents that are cohesive with respegtsigecific
domain of interest for the user who needs to sunz@aextract and organize the extracted data. Also,
distributed clustering can easily be applied to bsult of summarization and extraction of hetenegels
Web sources without requiring any effort of cennation of resources.
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