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Summary

Summary

With the tremendous growth of the information aaklié on the World Wide
Web (WWW), significant amounts of time and effore aneeded in order to find the
relevant information. A lot of commercial searclgieres are developed to help users
to locate the information of their interest by niang their queries against the database
of previously indexed documents. However, most deangines only index Web
documents, i.e. HTML files, they do not index stikn publications that normally
appear in PostScript or PDF (Portable Document Bfrrformats. Only Google
(Google Inc., 2001) has recently announced thatilltinclude PDF sources in its
search space. The retrieval of scientific publeadi over the WWW poses a
challenging problem to many researchers in the @fredormation retrieval.

To tackle this problem, a scientific publicatiord@xing and retrieval system,
called PubSearch, has been proposed. It comphses tmajor components: Citation
Indexing Agent, Web Citation Database, and InteliigRetrieval Agent. The Citation
Indexing Agent downloads the scientific literatfirem the Web, extracts the citation
information to form a Web Citation Database. Thissis focuses on investigating the
Intelligent Retrieval Agent, which applies data ma@qtechniques on the Web Citation
Database to extract useful knowledge for documieistering and author clustering.

For document clustering, the data mining processsists of five steps,
namely, feature selection, pre-processing, transdtion, document cluster generation,
and retrieval. The Kohonen's Self-Organizing MapS(®M) and Fuzzy Adaptive

Resonance Theory (Fuzzy ART) are applied as thenmitechniques. Evaluation on

viii
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the training and retrieval performance of these tmsural networks has been
conducted.

For author clustering, the data mining processasedd on author co-citation
analysis. It consists of six steps, namely, craatlor co-citation pairs, create raw co-
citation matrix, convert into correlation matrixergerate author clusters, display author
cluster map, and finally author retrieval. The Aggkrative Hierarchical Clustering
(AHC) algorithm is employed to generate the auttiosters. The Multidimensional
Scaling (MDS) technique is combined with the AH@Qaaithm to display the author
cluster map. Performance evaluation has been daotié on four different similarity
measure methods, including the single link, conepletk, average link, and Ward’s
method.

The thesis ends with a brief discussion on theréutuork, which includes
combining the co-citation and co-word analysis,estigating other mining tasks,
improving the visualization of the clustering rdsul and providing online

recommendations of new Web publications.



Chapter 1  Introduction

Chapter 1
Introduction

1.1 Scientific Publications over the WWW

In recent years, the World Wide Web (WWW) has besame of the most
important media with which people can share infdromaresources. In the past, there
was always a considerable time lag between the letiop of the research and the
availability of the publications. With the WWW, saitific publications can be easily
made online. Some research papers are even publmihdéhe WWW before they
appear in traditional research journals or confeeggoroceedings. In fact, most of the
scientific research work published in scholarlyrjmals and conference proceedings
are now also provided online in the form of digiiararies (Schatz and Chen, 1996;
Levy and Marshall, 1995; Fot al, 1995; Racet al, 1995).

For scientific researchers, they can always searchnd the WWW to keep
update on the research trends that are relevartham. With the help of such
information, researchers can concentrate on newarels issues and avoid doing
research on the topics that have been done anépetlbefore. As such, the WWW
allows for efficient sharing of information amongsearchers that is crucial to a
successful research environment. However, as noesitgic publications are made
online by different content providers, they tend&poorly organized. Thus, it makes

the search of relevant research publications diffiand time consuming.
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With the enormous amount of publications and infation available on the
WWW and other networked information sources suchdmgtal libraries, it is
necessary to have efficient mechanisms to helparelers to locate related

publications accurately and effectively.

1.2 Search Engines

Currently, Web-based search engines such as At@a\AdtaVista Company,
2000) and Yahoo! (Yahoo! Inc., 2000) have been ldgesl to allow users to specify a
guery and match it against a database of previandgxed documents. These search
engines can be divided into two broad categories:mobot-driven and robot-driven.
For non-robot-driven search engines, the subjaetcttiries/trees or hierarchical lists
are created manually. Yahoo! is one of the examplesion-robot-driven search
engines. In contrast, robot-driven search engin#eat information from Web sites on
the WWW automatically and create an index for th&hrere is no human intervention
needed. Most commonly used commercial search endgieéong to this category.
They examine the Web sites in terms of relevanceastls contained in each page. In
order to do this, they not only index sites subaditby users, but also continuously
search the entire Web using specific software @nogr (so-calledobots spidersor
crawler9. Lycos (Lycos Inc., 2000a), Excite (At Home C2000) and HotBot (Lycos
Inc., 2000b) are the most popular search engingsdoan this approach.

However, search engines are insufficient to hel@mrdeng research
publications accurately and efficiently due to thiowing reasons:
* Low precision and relevanc&earch engines normally return long lists of eghk

documents that users are forced to sift throudgintbthe relevant ones. The results

generated are too generalized and not focusedeospécific needs of the users.
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Moreover, the returned URL (Universal Resource tamgalinks may not be
available anymore since it may be removed by thwriger due to out-dated
indices generated by the search engines.

Limited search engine coveraggearch engine coverage relative to the sizeeof th
publicly indexed Web has decreased substantialigesDecember 1997. With no
engine indexing more than 16% of the publicly ineg&XVeb (Lawrence and Giles,
1999), only a small percentage of the Web pagesdexed by search engines.
Unequal accessSearch engines are more likely to index Web sitashave more
links to them, more likely to index US Web siteartmon-US Web sites, and more
likely to index commercial Web sites than educatldfveb sites.

Out of date It may take months to index new or modified Wéless by most
search engines. It means that users may not gat information by using these
search engines even if the information is alreaaine. This problem exacerbates
with the increasing growth rate of the WWW.

Different ranking methadSearch engines produce results according to tveir
ranking methods and do not tailor to a user's dcheeds and interests. For
example, Excite uses link popularity as part ofdisking method. Web pages with
many links pointing at them are given a slight liahsing ranking, since a page
with many links to it is probably well regarded the Internet. Some hybrid search
engines, such as those with associated directariag,give a relevancy boost to
Web sites they have reviewed. HotBot and Go.corsrn®y Enterprises Inc., 2000)
will give Web pages an extra boost if search teapgear in their meta tags. In
contrast, Lycos does not read them at all. As stegearch publications published

from various Web sites can get different treatmé&wts different search engines.



Chapter 1  Introduction

* File format of Web publicationsCurrently, most research publications on the
WWW are in PostScript or PDF (Portable Documenttadj format. They are not
accessible through the commercial search enginesoas search engines do not

index such file formats.

1.3 Intelligent Information Retrieval

Apart from search engines that help users to logafi@mation over the
WWW, a number of intelligent information retrievllR) systems (Mladenic and
Institute, 1999) have recently emerged to findtthéy relevant information to a user’s
needs. IIR systems are software agents that irieegine techniques of information
retrieval and artificial intelligence. Traditionakarch engines enable users to retrieve
potentially relevant Web pages, but unable to mlevstructural or content-based
information. IR systems require automatic learnamgl prediction about the relevance
of a document’s content to the user’s informatiaeds. Currently, IIR has been
employed by a wide range of applications includifgb navigation (Shavlik and
Eliassi-Rad, 1998; Pazzaet al, 1996; Rucker and Marcos, 1997), news filtering
(Lang, 1995; Konstaret al, 1997), information finding (Hammondt al, 1995;
LaMacchia, 1996; Krulwich and Burkey, 1996; Kaatzal, 1997), and information
tracking (Yang and Liu, 1999).

Besides the above applications, IR has also bepfieal for searching and
retrieval of documents over the World Wide Web. WEE (Han et al, 1998),
Bookmark Organizer (Maarek and Ben Shaul, 1996)NI®(Q(Sahamiet al, 1998),
and BUS (Shiret al, 1998) have used different clustering techniqoesrgjanize Web

documents for retrieval. Similar to search engirtkese systems are ineffective to
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search scientific publications as they focus omytextual Web data format rather than
PDF or PostScript format.

Recently, an IIR agent known as CiteSeer (also daag Researchindex)
(Giles et al, 1998; Bollackeret al, 1998; Lawrenceet al, 1999; Bollackeret al,
2000) has been developed for the retrieval of rekepublications. CiteSeer is an
autonomous Web agent for the generation of citatimhces. It can automatically
generate citation indices from online academicdii@re in electronic format including
PostScript and PDF. In addition, a powerful intéxeec Web interface is also
developed to help finding relevant papers usingnaey search or by navigating the
links between papers through the citations. Cite8#ters from conventional citation
indexing systems in that it can create more upai@ @ditations that are not limited to a

pre-selected set of journals and the operationnsptetely autonomous.

1.4 Citation Database and Retrieval

In published journal articles, there are always s@uapers or books that are
cited as references for the concepts or ideas exsén them. Such citations are used
to refer the reader to the relevant papers foh&urteading on the concepts and ideas
that are introduced in the source paper. Thesd papers provide a valuable source of
information and directives for researchers in thkehange of ideas, the current trends
and the future development in their respectived§elA citation index contains the
references that a literature cites, linking thersediterature to the cited document.
Citation indices can be used to identify the rededields or newly emerging areas,
analyze research trends, find out the scholarlyachpand avoid duplication of

previous works.



Chapter 1  Introduction

Citation database is a data warehouse used fangtatation indices. Some of
the information stored in the citation databasdukhes “author name”, “paper title”,
and “journal name”. It contains all the cited refeces (or bibliographies) published
with the articles. These cited references reveal tiee source paper is linked to the
prior relevant research on the assumption thatgciind cited references have a strong
link through semantics. Therefore, citation index te used to facilitate the searching
and management of information. Some commerciatiaitandex databases such as
those provided by the Institute for Scientific Infaation (IS1) (ISI, 2000) are available
over the Web. ISI produces Social Science Citatex, Arts & Humanities Citation
Index, etc. Through these indices, users are atlotweperform searching on cited
references from the citation databases.

As discussed earlier, CiteSeer can automaticalbatly parse and index
scientific publications found on the WWW. It difeefrom ISI in which ISI generates
citation indices for existing periodicals, whilet€seer is able to capture the most
recent “snapshot” of publications on the WWW. Cotlg CiteSeer uses Web search
engines such as AltaVista, HotBot, and Excite, hedristics to locate good starting
points for searching the WWW. It then downloadstBospt or PDF files of the
publications, converts them into text using Prg&ciiom the New Zealand Digital
Library project (PreScript, 1998). The converterttdeare parsed to extract citations
and the context in which the citations are madthéebody of the paper. Finally, the

extracted information is stored in the citationatiatse.

Both ISI and CiteSeer support citation-based nreditielS| provides two types
of search: General Search to search for publication subject term, author name,
journal title, or author affiliation, and Cited Reénce Search to search for

publications that cite the author or publicatioattthe user has specified. CiteSeer also
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supports two types of keyword search on citationd amdexed publications. The
results returned can be ordered by the numbetatians or by the publication date. In
addition, it also supports Related Document Linkt tirsts the related documents of a
selected document. However, both ISI and CiteSeerndt support document
clustering retrieval and author retrieval. In tphi®ject, we focus on providing these
two types of citation-based clustering retrievalht@ques using document keywords

and author information.

1.5 Data Mining

Data mining, also known as Knowledge Discovery iatdbases (KDD)
(Fayyadet al, 1996; Fayyad, 1998), has been defined as “thetmaal extraction of
implicit, previously unknown, and potentially uskefoformation from data”. It uses
machine learning, statistical and visualizationhteques to discover the knowledge
from large databases. Data mining has been apigiethny applications in areas such
as analyzing medical outcomes, detecting credit deaud, predicting customer
purchasing behavior, predicting the personal istecd Web users, and optimizing
manufacturing processes (Mitchell, 1999). Many daiaing tools have also been
developed to scour databases for hidden patterms, predictive information, and
allow businesses to make proactive, knowledge-drdexisions.

Different data mining tasks (Fayyast al, 1996) have been defined. This
includes characterization, classification, assamiat prediction and clustering.
Machine learning algorithms are central to theda daning tasks. Some of the most
commonly used algorithms in data mining are artifimeural networks, generic
algorithms, decision trees, nearest neighbor methwde induction and data

visualization. Many companies provide commercialplementations of these
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algorithms (Garofalakiet al, 1999). However, these algorithms have significant
limitations (Mitchell, 1999). They typically assunttee data contains only numeric or
symbolic features but no image feature. They atsume the data has been carefully

collected into a single database with a specifta daining task in mind.

1.6 Objectives

The primary objective of this research is to balditation-based indexing and
retrieval system for scientific publications oveetWWW. These publications often
appear in some academic institution’s Web siteBastScript, PDF or HTML format.
Currently, many intelligent systems for the retakwf Web documents (in HTML
format) have been developed, but not on Web stiemtiblications in PostScript or
PDF format. From the previous discussion, citafitsex can be used as a powerful
search tool for scientific literature. This givesthe motivation to generate the citation
indices of Web scientific publications and storerthinto a citation database. Through
such citation indices, intelligent retrieval of Wedientific publications is possible.

To achieve this, we have developed a citation-basdedxing and retrieval
system known as PubSearch. It consists of threernsamponents, namely, Citation
Indexing Agent, Web Citation Database and Inteflig@etrieval Agent. The Citation
Indexing Agent automatically generates citationiaed of Web scientific publications
and stores them into the Web Citation Database. lhhadligent Retrieval Agent
applies data mining techniques on the Web Citabatabase to support intelligent
retrieval of Web publications.

This project focuses on applying data mining teghes to the Web Citation
Database for scientific publication retrieval. Tieb Citation Database has been

analyzed to investigate the possible knowledge tmatld be extracted. As most
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researchers are interested in scientific publioatiavithin certain research areas,
identifying different research areas and authaysfthe same research area becomes
one of the most important knowledge to be minednfthe Web Citation Database.
Therefore, the mining tasks can be defined as dentinclustering and author
clustering. One possible way to achieve this isough the use of clustering
techniques.

Figure 1-1 shows the data mining work of this pcgjevhich is listed as

follows:

Document

Clustering AN
|::> Data Mining
Author

Clustering

Web
Citation
Database

Scientific Publication
Retrieval

Figure 1-1. Applying data mining on Web Citationt&lzase.

* Mining for Document ClusteringData mining is applied to the Web Citation
Database to group Web publications based on keysiondarities between them.
Two kinds of neural network techniques, Kohonen'slf-®rganizing Map
(KSOM) (Kohonen, 1995) and Fuzzy Adaptive ResonaHeeory (Fuzzy ART)
(Carpenteet al, 1991), are investigated.

* Mining for Author Clustering Author Co-Citation Analysis (McCain, 1990) is
incorporated into the data mining process to categoauthors into different
research areas from the Web Citation Database. i$ihased on the assumption
that if the frequency of two authors cited by tlans publication is very high,

these two authors may belong to the same or singtsarch field.



Chapter 1  Introduction

1.7 Organisation of the Thesis

This chapter gives the background information amdivation of the research
work. It briefly discusses the limitations and dbmeks of the commercial Web search
engines. Different kinds of intelligent informatioetrieval agents are also introduced,
followed by a brief discussion on citation indexizgd data mining. The objectives of
the research work are then stated. The rest dht#sss is organized as follows.

Related work on relevant areas of the researahssussed in Chapter 2. It
includes a detailed discussion on intelligent agi@md various mining techniques that
can be applied to the citation database. The pemp@pproach to mine the Web
Citation Database is also given.

Chapter 3 describes the overall structure of theb\publications indexing and
retrieval system, PubSearch. The three major coemenof the system, Citation
Indexing Agent, Web Citation Database and IntefligeRetrieval Agent are
introduced.

The data mining process for document clusterindissussed in Chapter 4.
Two different techniques, Kohonen's Self-OrganiziMpps (KSOM) and fuzzy
Adaptive Resonance Theory (ART) neural networksehlaeen implemented in the
system. The comparison of these two techniquesasgiven in this chapter.

Chapter 5 presents the mining process for authmtering. The Author Co-
Citation Analysis (ACA) technique is incorporatexdta the mining process. The
performance evaluation on the proposed data mieicignique is also presented.

Finally, Chapter 6 concludes the research workdisclisses possible areas for

future work.
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Chapter 2
Related Work

As the project focuses on Web scientific publmatretrieval, this chapter first
discusses the various intelligent information etal agents and their applications.
Related work on document retrieval techniques atati@n-based retrieval techniques
are also reviewed. Then, different data mining $ashkd algorithms are presented. As
data mining techniques will be applied to the Watatibn Database for document
clustering and author clustering, the related elusg)y algorithms are discussed in
detail. Finally, a discussion on the proposed ngrigchniques to be developed in this

research is given.

2.1 Intelligent Information Retrieval Agents

Intelligent Information Retrieval (IIR) agents aeftware systems deployed on
the WWW to help users to search, retrieve, filted arganize information related to
their interests. Most IIR systems are used to beowse WWW, retrieve Web
documents or find some specific information. Sortteep IR systems can also help
users to schedule meetings. For example, Calengareftice (Mitchellet al, 1994)
connects to a user’s electronic calendar and ldamsaser’s scheduling preferences to
provide advice to the user for new, unscheduledtimgeGenerally, IR systems or
agents can be classified into the following categgorWeb navigation, information

filtering/categorization, information finding ande&ly document retrieval.

11
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2.1.1  Web Navigation

This type of Web agents learns the user profilesl @mscovers Web
information that corresponds to users’ preferen¥ésbWatcher (Armstron@t al,
1995) interactively helps users locate desiredrinédion by taking keywords from
users, suggesting hyperlinks, and receiving evianatWisconsin’s Adaptive Web
Assistant (WAWA) (Shavlik and Eliassi-Rad, 1998pisther agent that is capable of
accepting instructions on the type of informatibattusers are seeking. WAWA then
compiles these instructions into a neural netwaordk @ses it to guide users to navigate
the Web autonomously in the discovery, retrieval &ltering of online information.
Another agent system, Syskill & Webert (Pazzatnal, 1996), collects ratings of the
explored Web pages from the users and learns fireflerences using Bayesian
classifier. A Web-page recommendation system, kn@snSiteseer (Rucker and
Marcos, 1997), measures the similarity between bwawk files of different users and
groups them accordingly. This will then be used recommending Web pages for

users to navigate.

2.1.2 Information Filtering/Categorization

The IIR systems falling into this category empl@yigus information retrieval
techniques to automatically retrieve, filter andegarize Web documents. WebACE
(Han et al, 1998) uses clustering algorithms based on graptitipning to
automatically categorize a set of Web document®kBark Organizer (Maarek and
Ben Shaul, 1996) combines hierarchical clustereahniques and user interaction to
organize Web documents. NewsWeeder (Lang, 1998)sistem for electronic news

filtering. It uses the text classification techreg generate a model of users’ interests.

12
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2.1.3 Information Finding

These agents search for relevant information usshgracteristics of a
particular domain and possibly a user profile tgamize and interpret the discovered
information. FAQ-Finder (Hammondt al, 1995) uses a natural-language question-
based interface to access distributed text infaonasources and matches questions
from relevant FAQ files against user questionsyiit then find the answers to these
guestions. Internet Fish (LaMacchia, 1996) is amo#xample that also uses a natural-
language interface, but instead of finding ansviersiser questions, it helps users to
extract useful information from the Internet. Besdfinding information on the
WWW, another group of agents searches for expesicacdn a given topic for the
user. The ContactFinder (Krulwich and Burkey, 198¢¢nt categorizes bulletin board
messages into different topic areas and assists bgereferring them to the experts
whom can help them. Referral Web (Kaatzal, 1997) constructs the social networks
on the Web and searches for the co-occurrence mesan close proximity in any

online documents.

2.1.4 Web Document Retrieval

This type of IR systems retrieves Web documentsnially in HTML format)
in different ways. SONIA (Service for Organizing tWerked Information
Autonomously) (Sahanet al, 1998) has been implemented as part of the Stethdfo
Digital Libraries Testbed. It is accessed througk SenseMaker (Baldonado and
Winograd, 1997) interface, which allows users tmudtaneously query multiple
heterogeneous information sources including popiMab search engines, proprietary
information database (e.g. DIALOG (The Dialog G201)) and so on. It then makes

use of machine learning methods to extract relefeattires from documents through

13
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a multi-tiered feature selection process that ®amized to the user’s query. Another
system, called BUS (Bottom Up Scheme) (Séiral, 1998), is mainly used for the
indexing and retrieval of SGML (Structured Genemdi Markup Language)
(Herwijnen, 1994) or XML (eXtensible Markup Lang@gdLight, 1997) documents.
The indexing is performed at the lowest level oé thiven structure and query
evaluation computes the similarity at higher leuws) accumulating the term

frequencies at the lowest level in a bottom-up neann

2.1.5 Discussion

Although there exist so many intelligent agentiéfp users browse the Web,
filter information and retrieve Web document, ordyfew intelligent systems are
available to help users to search for scientifibligations. Web scientific publications
normally appear in PDF or PostScript formats. Asce engines do not index PDF or
PostScript files, these Web publications can notdbeeved through them. For most
researchers, they can only rely on some simpleckeanls provided by the content
provider for searching and retrieving Web publiocas. For example, users can make
use of the search tools available in IEEE (IEEED®@Gr ACM (ACM, 2000) digital
libraries to locate the required publications. Heare only Web publications provided

by the content provider can be retrieved.

2.2 Document Retrieval Techniques

The currently available document retrieval techegjican be classified into
three broad categories: feature-based approachbaks approach, and knowledge
representation approach. Popular keyword-basedseargines adopt feature-based

approach where documents are characterized usimyréebased representations.

14



Chapter 2  Related Work

Systems using the database approach build a fulltemalized data warehouse of
information in the Web (Chawathet al, 1994; Atzeniet al, 1997). Knowledge
representation approach tries to extract the kndydefrom the Web first, and the
gueries are answered by dynamically accessing tled Wased on the extracted
knowledge (Arengt al, 1996; Kirket al, 1995; Etzioni and Weld, 1994).

PubSearch creates the Web Citation Database thrisigbitation Indexing
Agent. It then mines the knowledge from the Welatiin Database for retrieving
scientific literature over the Web. Therefore, Ped®h adopts both database and
knowledge representation approaches. Database re&es to the Web Citation
Database and knowledge extraction requires theotudata mining techniques. Thus,
the following sections will discuss the citationskd retrieval techniques and the

related data mining algorithms.

2.3 Citation-Based Retrieval

To our knowledge, there are only two systems thgipert citation-based
document retrieval, one is provided by Institute Szientific Information (ISI) (IS,
2000), the other is CiteSeer (Gilesal, 1998, Bollackeet al, 1998; Lawrencet al,
1999; Bollackeret al, 2000). As discussed in Chapter 1, ISI maintaimsumber of
citation databases. It provides two types of sea@kneral Search and Cited
Reference Search, which are actually simple keyweatch. ISI allows users to find
related papers. However, the relevance is judgetidygitations that are shared by two
papers. That is, if there are one or more commtatia@ns between two papers, they
are considered as related. This method may nactetthe relevance between any two

papers accurately, as the citation frequency habaen considered.
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CiteSeer supports two types of keyword search a¢ati@ns and indexed
publications. For the citation search, all citaianatching the given query along with
the context of source papers where the citatiorsiroare retrieved. The results are
ordered according to the number of times each papeted. When searching the full-
text of indexed publications, CiteSeer returns lieader for matching publications
along with the context of the publication where Kegwords occur. Users can order
the publications according to the number of citadior by publication date. CiteSeer
can also display the related publications. Thetedl@ess is judged using several
algorithms. A Term Frequency x Inverse Documengteacy (TFIDF) (Salton and
McGill, 1983) scheme is adopted to locate publarati with similar words. Distance
comparison of publication headers is used to findlar headers. Common Citation x
Inverse Document Frequency (CCIDF) is applied ta fpublications with similar

citations.

Different from the above two systems, PubSearcls damsupport document
clustering as well as author clustering retrievagdd on the mining of the knowledge

from the Web Citation Database.

2.4 Data Mining Process

Figure 2-1 shows the general data mining processydd et al, 1996;

Mitchell, 1999), which consists of the followingyé steps:

Perform
Define Select Prepare . d_ata Evaluate
L mining by -
mining I:> data for I:> data for I::> 4 I:> mining
. . applying
tasks analysis analysis L2 results
mining
techniques

Figure 2-1. Data mining process.
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1. Define mining tasksAt the beginning of the mining process, the ngntasks or
mining goals need to be defined or established.

2. Select data for analysig his includes selecting a dataset or focusing sanbset of
variables or data samples on which the knowledgeodery is to be performed.

3. Prepare data for analysisThe selected data needs to be pre-processethtivee
the noise, replace the missing or unknown values, e

4. Perform data mining by applying mining techniqu@$ie appropriate mining
techniques are investigated and applied to thecteeledata to extract the hidden
relationships, or discover the interesting patterns

5. Evaluate mining resultsThe mining results need to be interpreted antuated to
judge their usefulness.

In general, data mining tasks can be classified iwb categories (Fayyaet.
al., 1996): descriptive data mining and predictiveadatning. Descriptive data mining
focuses on finding human-interpretable patternsril@ag the data. Predictive data
mining involves the construction of one or a setafdels, and attempts to predict the
behavior of unknown or future data sets of interAsata mining system (Han, 1999)
may achieve the goals of description or predichigithe following data mining tasks.

* Generalization and Summarizatio@eneralization and summarization provides a
description of a behavior from a subset of datashibuld cover not only the
summary properties such as count, sum, and avebageglso the properties on
data dispersion such as mean, standard deviatonAgribute-oriented induction
(Hanet al, 1993; Han and Fu, 1996; Michalski, 1983) ancdatbe (Han, 1997)
are the two commonly used approaches to suppod deheralization and

summarization. For example, summarization can leel @6 compare the sales of
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product A and product B and derive an overviewh# factors that differentiate
the sales of these two products.

Association Association is the discovery o#fssociation relationshipsor
correlation among a set of items. For example, it can be tsatescribe which
items are commonly purchased with other items isupermarket. Association
approaches often express the resultant affinitigernms of confidence-rated rules
such as “80% of all transactions in which beer mashased also included potato
chips”. Confidence thresholds can be set to eliteial but most common trends.
The commonly used techniques for mining associatidles include Apriori
(Agrawal and Srikant, 1994), DHP (Paet al, 1995) and the algorithms for
mining the generalized and multi-level associatiates (Srikant and Agrawal,
1995; Han and Fu, 1995).

Classification Classification analyzes a set of training daté emnstructs a model
for each class based on the features in the datee @n effective classifier is
developed, it can be used for better understanafimgch class in the database and
for classification of future data. For example tangeted marketing, classification
uses data on past promotional mailings to identifg targets most likely to
maximize return on investment in future mailingsheTpopular classification
methods are decision tree algorithms such as CARIUin{an, 1986), ID3
(Breimanet al, 1984) and C4.5 (Quinlan, 1993).

Clustering Clustering is the process of grouping physicahlostract objects into
classes of similar objects. Data clustering isdentify clusters embedded in the
data, where a cluster is a collection of data dbjebat are “similar” to one
another. Clustering differs from classificationthre way that it does not rely on

any predefined classes. The clustering processeiformed automatically by
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clustering algorithms that identify the distingurgd characteristics of the data
object and then partition the n-dimensional spaeéndd by the data object

attributes along natural cleaving boundaries. @husg analysis techniques can be
based on probability analysis (Fisher, 1987; Fish®85), statistical classification

(Cheeseman and Stutz, 1996; Jain and Dubes, 1888)distance measurement
(Agrawalet al, 1993; Faloutsos and Lin, 1995).

* Prediction Prediction predicts the possible values of sonssimgy data or the
value distribution of certain attributes in a sétobjects. The prediction process
involves the finding of the set of attributes relev/to the attributes of interest (e.g.
by some statistical analysis) and predicting theevaistribution based on the set
of data similar to the selected object(s). Usuaibgls like regression analysis,
generalized linear model, correlation analysis, dadision trees can be used in
prediction.

* Time-series Time-series analysis (Han, 1997) is to analyZarge set of time-
series data to find certain regularities and irgtieng characteristics including
search for similar sequences or sub-sequencesmamdg sequential patterns,
trends and deviations.

This research focuses on data mining techniquesldstering. There are two
possible ways to apply clustering to the Web GitatDatabase: document clustering
based on keyword similarities, and author clustgerbased on author co-citation
analysis. In the following sections, a more dethiigscussion on the techniques that
can be used for mining the Web Citation Databaséhiese two types of information

will be given.
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2.5 Mining Techniques for Document Clustering

Document clustering has traditionally been inveggd mainly as a means to
improve the performance of search engines by pegt@ling the entire corpus (van
Rijsbergen, 1979). Clustering has been extensistlgied in the area of literature
search (Jardine and van Rijsbergen, 1971; van &gem, 1974; Croft, 1980), and the
common element among clustering methods is a moflelvord co-occurrence.
Documents are categorized into different groups rbgasuring the degree of
overlapping sets of words.

The performance of clustering is directly affectedthe clustering methods
chosen. There is a large number of clustering dlgos. All of them try to maximize
the variation between clusters relative to the atan within clusters. They can be
broadly divided into two basic categories: hierazahand non-hierarchical algorithms
(Jain and Dubes, 1988; Kaufman and Rousseeuw, 199@¢cent years, many new
algorithms for document clustering have also beepgsed and implemented. They
are quite different from the traditional clusteriatgorithms and cannot be simply
classified as hierarchical or non-hierarchical athms.

In this section, we will briefly discuss three aaiges of clustering algorithms:

hierarchical, non-hierarchical, and other docunofudtering algorithms.

2.5.1  Hierarchical Clustering Algorithms

As the name implies, hierarchical clustering aldons (Jainet al, 1999)
involve tree-like construction process. There aven tstrategies available for
hierarchical clustering. A divisive strategy prodedy subdividing the initial cluster
into smaller groups of documents. An agglomeratatesyy proceeds by building the

classification tree bottom-up, joining single do@nts into the clusters with the whole
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collection as the tree root at the end. Most hadmaal clustering algorithms are
variants of the single link (Sneath and Sokal, }9¢®@mplete link (King, 1967),

average link (Sneath and Sokal, 1973), and Wardthad (Ward, 1963). The single
link, average link and Ward’s method typically ta®ér) time, while the complete

link method typically takes Ofptime (Voorhees, 1986).

Within all kinds of the hierarchical clustering atghms, Agglomerative
Hierarchical Clustering (AHC) algorithm is probabiiye most commonly used. It
computes the proximity matrix containing the disefetween each pair of patterns
first. Each pattern is treated as a cluster inliBginning. Then, it finds the most
similar pair of clusters using the proximity mataxnd merges these two clusters into
one cluster. The proximity matrix is also updateadflect this merge operation. This
algorithm is typically slow when applied to largecdment collections. It is also
sensitive to the halting criteria as the stoppimmgnp greatly affects the clustering
results. If the stopping point is set too earlgrénmay be too many clusters generated.
On the contrary, if the stopping point is set tate] it may end up with too few
clusters or even only one cluster.

Some variants of the AHC algorithm have been pbbtisin the literature
(Zamir and Etzioni, 1998). One of the exampleshis Buckshot and Fractionation
algorithms introduced in Scatter/Gather (Cuttiag al, 1992). Unlike the AHC
algorithm that is quite slow, Buckshot and Fraciiboon are faster, linear time
clustering algorithms.

In the following sections, the SONIA (Service forganizing Networked
Information Autonomously) system is taken as am®la to illustrate how the AHC

algorithm works. The Buckshot and Fractionatioroatgms will also be discussed.
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2.5.1.1 Agglomerative Hierarchical Clustering (AHC) Algorit hm

SONIA (Service for Organizing Networked InformatioAutonomously)
(Sahami, 1998), which has been implemented asopdéne Stanford Digital Libraries
Testbed, employs machine learning techniques taateredynamic document
categorizations based on the full-text of articlascording to the query results, it
automatically retrieves, parses and organizes dentsninto coherent categories. At
the same time, the system can save such docungantinations into user profiles that
can then be used to help classify future querylteby the same user.

The clusters are generated as follows. First, tbamgaverage AHC algorithm
is used to form an initial set of clusters, whichthen further optimized with an
iterative method. Both methods rely on the defimtof similarity measure of any two
documents. The similarity score used in SONIA isdahon the expected probabilistic
overlapping on words between a pair of documente Jimilarity measure between
each document and cluster is computed and eachrgmtus assigned to the cluster
that is the closest. This process is repeated gptivergence or some maximum
number of iterations is reached.

This algorithm requires some predefined paramdtera users, for example,
the number of clusters needs to be generated. &3, shie result may not be very

accurate, as users normally do not know what i®#st value for such parameters.

2.5.1.2 Fractionation and Buckshot

The Scatter/Gather system (Cuttiagal, 1992) is an example of browsing
approach to retrieval process. It uses fast doctieiastering toscatterthe collection
into a small number of document groups or clustamnsl, presents short summaries of

them to the user. Based on these summaries, thhecheeses one or more of the
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groups that are potentially interesting. The seleéajroups argatheredtogether to
form a sub-collection. Then, the system operatethnsub-collection and the same
process repeats until the groups become smalletharsdn more detail.

Two clustering algorithms are proposed for thisrapph, Fractionation and
Buckshot. Both algorithms use the group-average A@rithm in clustering.

Fractionation is used in the initial stage to fithet cluster centers over the
whole document collection. It findscenters by initially dividing the whole collection
into N/mbuckets of a fixed size > k, whereN is the total number of documents in the
collection andm is a randomly chosen number. The group-average Alg@rithm is
applied to each of these buckets separately torgenalocument groups. The
generated groups are then treated as individualspieat the entire clustering process.
This algorithm will obviously suffer the same disadtage as in AHC, i.e. the need of
specifying the arbitrary halting criteria.

Buckshot is used in the refinement stage to furttegegorize documents in
each sub-collection. The idea of the Buckshot dlgar is to choose a small random
sample of the documents of sizkkn, wherek denotes the desired number of clusters
andn denotes the number of documents in this sub-d@lecthen apply the group-
average AHC algorithm, and return the centers efclbsters found. This algorithm is
not deterministic since random sampling is employEkdat is, using this method

repeatedly on the same corpus may produce diff@aatitions.

2.5.2  Non-hierarchical Clustering Algorithms

Non-hierarchical clustering algorithms select thester seeds first and assign
objects into clusters based on the seeds specilied. seeds may be adjusted

accordingly until all clusters are stabilized. Nuoierarchical clustering methods
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include the K-means algorithm which typically tak€nkT) time (Rocchio, 1966),
where k is the number of desired clusters and thesnumber of iterations, and the
Single-Pass method that takes O(nk) time where tkasnumber of clusters created
(Hill, 1968). These algorithms are faster than A+¢C algorithm. One advantage of
the K-means algorithm is that it can produce oygilag clusters. Its disadvantage is
that the selection of initial seeds may have gragact on the final result. The Single-
Pass algorithm also suffers the same disadvantatjarsother disadvantage is that the
effectiveness of the algorithm is dependent onaifter in which the documents are
processed. Several variants of the K-means algoriitave also been reported in the
literature. One of them is the Leader Clusteringpathm (Hartigan, 1975), which
selects the initial partition by assigning thetfolata item to a cluster and considers the
next data item by measuring the distance betwenédlv item and the existing cluster
centroids. This process repeats until all datastane clustered.

The interests in artificial neural networks (Hegtzal, 1991) started more than
a decade ago. In general, the application of newealorks may be applied in areas
that are characterized by (1) noise, (2) poorlyansiod intrinsic structure, and (3)
dynamic nature. These characteristics are commdondaoment clustering process. As
there is no satisfying way to represent text doaumeso far, noise is inevitably
imposed. The poorly understood intrinsic structisedue to the fact that it is
impossible to know the content of every documerthendocument collection. Finally,
the new documents are kept on adding into the deatmollection which makes it
dynamic.

Some of the well-known examples of artificial ndureetworks used for
clustering include Kohonen's Self-Organizing MapS@®M) (Kohonen, 1995) and

Adaptive Resonance Theory (ART) (Grossberg, 1986dats. Competitive learning
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is required in these neural networks, however, lg@ning or weight update
procedures are quite similar to those in some iclasslustering approaches. For
example, KSOM is essentially a stochastic versibrK-aneans clustering method
(Jainet al, 1999). What distinguishes KSOM from K-meanshit in addition to the

closest cluster, the neighboring clusters are wadas well. The learning algorithm in
ART models is similar to the Leader Clustering aidgpon (Moor, 1988).

KSOM is one of the most popular unsupervised tdols ordering high-
dimensional statistical data in the way that simitgput items are mapped close to
each other. KSOM can be used to display a colourfap of topic concentrations,
which can be further explored by the user by dgllin to browse the specific topic.
However, KSOM does not allow gradual learning, tisatwhenever there is a new
document added into the document collection, treniag process needs to be
performed on the whole enlarged document collecgain, which makes this
algorithm computationally expensive. This tradedoétween continued learning and
buffering of old memories is called the stabilityagticity dilemma (Grossberg, 1986).
ART was introduced in 1986 to solve this problem.

The following sections will introduce the KSOM aiW®RT neural network

models.

2.5.2.1 Kohonen’s Self-Organizing Maps

The Kohonen’s Self-Organizing Maps (KSOM) (Kohond95) basically
converts patterns of arbitrary dimensionality irttee responses of one- or two-
dimensional arrays of neurons. The feature mappamgbe thought of as a non-linear
projection of the input pattern space on the nesiramray that represents features.

Learning within self-organizing feature maps resuht finding the best matching
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neuron cells that also activate their spatial neoghk to react to the same input. After

learning, each input causes a localized respongmdia position on the neurons’

array that reflects the dominant feature charasttes of the input. The KSOM neural

network training algorithm (Kohonen, 1995) is shawirigure 2-2.

For each encoded input vector X, do step 1 to 8tapd repeat the same process
the whole training set for user-defined numberiroes:
1.

Obtain the similarity measure between the inputoreand the weight vectors
the output nodes, and compute the winner outpué sdthe one with the short

normalised Euclidean distance.
X =W, | =min{|X -W/}
wheré\ is the weight vector.
Update weight vectors as:
AW, (t) =a (N, ,)[x(t) —w (t)] fori Nm(t)
where Ny(t) denotes the current spatial neightbourhoads a positive-value

learning function0 <a(N,,t) < 1 The functiona can be respresented as:

r. —

a(N,,t) = a(t)expc-—"1 > M for i O Ni(t)
g=(t)

where f, and 1 are the position vectors of the winning cell aheé tvinning
neighbourhood nodes respectively, andt) and o (t) are suitable decreasi

functions of learning time t.

5 for

of

est

Figure 2-2. KSOM neural network training algorithm.

Some systems use KSOM neural network for infornmatedrieval. One of the

notable examples is the WEBSOM system (Honkelal, 1997; Honkelat al, 1998;

Kohonenet al, 2000), which uses KSOM to group documents acogrth the words

that they contain. The WEBSOM method has been tsedganize articles from the

Usenet newsgroups as illustrated at the WWW addhidiss/websom.hut.fi/websom/

The interface of the system shows the cluster mapatiows the user to zoom in any
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particular clusters to see more detailed infornmaby clicking the map image with the
mouse.

There are three main phases in WEBSOM: the preegsicg of the input, the
formation of the word category map and the fornmatd the document map. Before
applying KSOM to the document collection, some textual information and the
words that occurred below certain threshold areoread from the newsgroup articles.
On the word category map, words are clusteredantordered set of word categories.
Related words fall into the same or nearby categorihen, the documents can be
encoded as word category histograms with the aigdvaid category map. Related
words in the same or similar categories would cbuate similarly in the document
encoding process. Finally, these encoded docunaeatgresented as inputs to KSOM,
which organizes them by unsupervised learning. rAftee learning process, the
document clusters shown as different regions ofitt@iment space can be visualized
on the document map.

Currently, WEBSOM allows users to move on the doeainmap, zoom in and
view the contents of the nodes. WEBSOM may alsauged for content-directed
document search. The position of the retrieved oh@u on the document map
provides a starting point for exploring related woents in the nearby areas.
However, WEBSOM does not provide explicit listin§ related documents. It still
depends on the users to manually explore the nrlel@cuments. On the other hand,
the WEBSOM method is only applicable to textual wloents. Scientific literature in
PDF or PostScript format need to be converted et files first before the

WEBSOM method can be applied to them.
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2.5.2.2 Fuzzy Adaptive Resonance Theory

Basically, an Adaptive Resonance Theory (ART) nekwoonsists of two
layers of units. The units contained in the fieydr receive input from the outside
world. Therefore, this layer is referred to as fib@ture representation field. The units
contained in the second layer are used to reprélserdiusters of the input data. This
layer is referred to as the category representdteld. Weighted connections exist
between every unit of these two layers.

The ART family consists of a series of models, udahg ART, ART1, ART2,
ART3, Fuzzy ART, etc. The first ART model was depdd by Grossberg
(Grossberg, 1986) to solve the problem of tradebetiveen continued learning and
buffering of old memories (i.e. stability-plasticidilemma). ART1 is the binary
version of ART, which can stably learn to categerimnary inputs presented in an
arbitrary order (Carpenter and Grossberg, 19878T2A (Carpenter and Grossberg,
1987b), ART3 (Carpenter and Grossberg, 1990) armxyFART (Carpenteet al,
1991) have been developed to handle multiple vahagtern vectors, that is, either
binary or analog data. ART2 and ART3 may be contprtally inefficient due to the
need to iteratively normalize patterns (Carpentel @Grossberg, 1987b; Carpenter and
Grossberg, 1990). The Fuzzy ART model is basederiuzzy logic computations. It
is capable to categorize arbitrary collections dfitearily complex analog input
patterns effectively.

In our research, the input to the ART network isuwoent vector, which
contains analog data. Therefore, only ART2, ARTAd &uzzy ART could be
considered. Properties of learning for Fuzzy ARVehheen reported in (Carpentsr
al., 1991). One of the important properties is thertshaining time. Hence, Fuzzy

ART is chosen to be the ART network model usedhéresearch.
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Fuzzy ART incorporates computations from fuzzy Hetory into ARTL1
systems by replacing the non-fuzzy intersectionratpe (n ) that describes ART1
dynamics (Carpenter and Grossberg, 1987a) by theyfAND operator () of the

fuzzy set theory.

eer

o
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@
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Figure 2-3. Architecture of Fuzzy ART neural netiwarodel.

Figure 2-3 illustrates the architecture of the FUBRRT neural network model.

Each Fuzzy ART system includes a pre-processind fig, an input fieldF,, and a
category representation fieléf,. F, modifies the current input vector, whil€,
receives both bottom-up input froff, and top-down input fronF,. If the original
input vector is M-dimensional, then tHg field will have 2M nodes (as the original
input vector needs to go through the complementading in theF, field), and the
F, field will have N nodes, where N represents theximam number of categories
that the F, field can accomodate. Each of the N category nauéise F, field have
2M connections with thé, field. Each node j irF, field has an associated vecwy;

distributed along the connections from that nodalkohe nodes in thé; field. W is

called the weight vector for th® gluster. Initially, before the learning occurd, thie
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weights in the vectold have the value 1 and each category node is saioeto

uncommited. Only after a category node codesrgs ifnput, it becomes committed.

For each encoded input vector, do step 1 to seepd4epeat the process for the whole
training set until no change in the weights of tleéwork.
1. Normalise the input vector to prevent category ifgmtion. The complemented
codedFo - F1 inputl is a 2M-dimensional vector:
l=(a, &=(a, ...an & ..., a°)
where # =1 —a for id[1, M].
A complemented coded input is automatically noreealj it is because

=2a+(M->a)=M

i=1

1] :‘(a,a°)

2. For the input and F2nodej, the choice functiof; is defined by
I Ow|

a*“"’i‘

T.(1)=

J

174

where the fuzzy intersection is defined by(P 0Q), =min(p,,q, )and where thg
M

norm| | is defined byP|=>"|p|.
i=1

The system makes a category choice where at mastFannode can become
active at a given time. The inddxlenotes the chosen category, where
Ty=max{T;:]=1...N.
The output vectoX of the field F2 is setay; =1 andy;=0for j#J.
3. Resonance occurs if the match function of the ahaséegory meets the vigilance
threshold, i.e.
1 Ow)
I
then the weight vectaw; is adjusted according to the equation:

W = A DWE) + 0= i

>p

Otherwise, mismatch reset occurs, where the vdltieeochoice functiol; is set
to 0. The search process continues until a choagggory meets the vigilance

criteria.

Figure 2-4. Fuzzy ART neural network training altan.
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There is no distinction between training mode agideval mode in the ART
model. The training can be performed continuoudtgmever a new input is presented
to the Fuzzy ART network. The training algorithmtbé Fuzzy ART neural network
is shown in Figure 2-4.

Three parameters determine the dynamics of a FARZy network, a choice

parametera > 0, a learning rate parametgi1[0, 1], and a vigilance parameterL]
[0, 1]. a affects the bottom-up inputs that are producetthet-, nodes according to
the input pattern presented Bt. S controls the adjustment of the wight vecW

The vigilance threshold level indicates how closargput must be to a stored cluster
to provide a desirable match. The higher the vigigathreshold, the more precise the

documents are categorised.

2.5.3  Other Document Clustering Algorithms

Recently, many other document clustering algorghmave been proposed,
including Suffix Tree Clustering (Zamir and Etziprii998), Supervised Clustering
(Aggarwalet al, 1999), and Word Clustering (Slonim and Tishby)@0

Suffix Tree Clustering (STC) is a linear time ckrétg algorithm based on
identifying the phrases that are common to grodpdocuments as opposed to other
algorithms that treat a document as a set of uneddeords. STC has three logical
steps: (1) document “cleaning”; (2) identifying badusters using a suffix tree; and
(3) combining the base clusters into clusters. Dwent “cleaning” stems each word,
strips the non-word tokens and marks the sentenoedaries. The identification of
base clusters can be viewed as the creation ohwarted index of phrases for the

document collection. This is done using a datactire called a suffix tree (Gusfield,
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1997). Documents may share more than one phraskee llast step, the base clusters
with high overlap in their document sets are merged

In contrast to most other clustering algorithms,iclvhare unsupervised
clustering, Supervised Clustering assumes that eaexisting sample of training
documents with the associated classes is availaldeder to provide the supervision
to the categorisation of the whole document cabbectA set of seeds which are
representative of the defined classes are idedt#red they serve as the starting points
of the subsequent clustering process. The subseqglustering process is independent
of any further supervision. The number of clustergnaintained by either merging
two clusters if the similarity of seeds of thenmhigher than a predefined threshold or
by discarding a cluster if the number of documémthe corresponding cluster is less
than a predefined value.

The Word Clustering method is quite different frath the other clustering
algorithms as it incorporates the information estdck method (Tishbgt al, 1999).
It has two stages. First, word clusters are ex@éthttased on the distribution of the
documents in which they occur. In the second stigeoriginal representation of the
documents, the co-occurrence matrix of documentsugewords, is replaced by a
much more compact representation based on theaoreace of the word-clusters in
the documents. Using this new document representatihe same clustering
procedure for word clusters can be re-applied tainkihe desired document clusters.
The main advantage of this algorithm lies in a igant reduction of the inevitable
noise of the original co-occurrence matrix of doemts versus words, due to its very
high dimension. But the time complexity of this @ighm is O(|XJ), where X is the
number of documents to be processed, as doublteeghg procedure is used, which

is not suitable for very large datasets.
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254 Discussion

Although there are many different document clustgtechniques as discussed
in this section, the techniques to be used depeamyg much on the nature of the
problem and the final goal to achieve. In this pobj the source documents in the Web
Citation Database are represented by the keywortbreewith words extracted from
their citations and the clustering is based on waréccurrence between document
vectors. We aim to find the clustering algorithrattis fast in terms of computational
complexity. As discussed earlier, non-hierarchagbrithms usually have linear time
complexity, which makes them the best candidatesiisfy the speed requirement.

Another factor to consider is on how to presentdiistering results to the user
intuitively. The Kohonen’s Self-Organising Map (KS algorithm used in the
WEBSOM system can generate a map display easilgh $uaps provide a visual
overview of the whole document collection with demidocuments located close to
each other. As mentioned earlier, the KSOM algaritts closely related to the
classical K-means clustering algorithms (Forgy, 8t96loyd, 1982, Lindeet al,
1980). KSOM without the neighbourhood function iguivalent to K-means. In
KSOM, the computational complexity of constructihg mapping function is O(f)
where M denotes the number of model vectors (Kaski, 1998). But in the special
case where the ratio between the “width” of theghbourhood and the size of the map
is fixed, the computational complexity is only O(Mjo there is a trade-off between
the computation time and the size of the map M deaérmines the resolution of the
mapping. In this project, the size of the map vl limited to be 1810 (i.e. a
maximum of 100 clusters will be generated), theesfthe computation time can still

be considered as linear.
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KSOM has been applied for information retrievaimany different ways. Lin
(Lin, 1997) used KSOM to form a map based on titlescientific documents. Rauber
and Merkl (Rauber and Merkl, 1999) had develop&DaiLib digital library based on
KSOM. The WEBSOM method is different from the abamethe idea of applying
KSOM algorithm twice: first for word category ansiy and second for document
maps creation based on the first analysis. Althotighword category analysis can
help to group the synonymous or interrelated wotdgether, the “too good”
generalising ability of the word category map magult in inaccurate clusters. The
reason behind is that words having similar rolesentences while describing different
themes may be mapped to the same node.

However, KSOM is not suitable for the dynamic eamment like the Web
Citation Database as the database is kept on aimriy adding in new scientific
publications. To cater for the new information,ctestering needs to be done on the
whole database. It is very time consuming and iciefit. Therefore, Fuzzy ART will
be the better choice as it allows continuous legr@nd does not require re-learning
for the whole document collection. However, ARTsate order-dependent, that is,
different categories are obtained for differentessdin which the data is presented to
the net. Also, the size and number of clusters ige¢ee by ART depend on the value
chosen for the vigilance threshold, which is usededcide whether a pattern is to be
assigned to one of the existing clusters or a lastar.

In this project, both KSOM and Fuzzy ART algorithare investigated as data

mining techniques used in document clustering.
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2.6 Mining Techniques for Author Clustering

There are two types of co-citation relationshipse os based on documents
while the other is based on authors. Document @&ii@n analysis was first introduced
by Small and Griffith (Small and Griffith, 1974) imid-1970s as one of the major
guantitative techniques in science studies to niep dtructure and dynamics of
scientific research. The major function of documemicitation analysis measures the
number of documents that have cited a given paidafuments together. This is
referred to as co-citation strength. It reflects threquency of items being cited over
time. The patterns revealed by document co-citagjenerally agree with patterns of
direct citation, but differ significantly from bilolgraphic coupling patterns. Two
papers are bibliographically coupled if they citeear more reference(s) in common,
while document co-citation is a relationship betwested documents. White and
Griffith later introduced Author Co-Citation Analgs(ACA) in 1981 where the co-
citation relationship is based on authors (White &iffith, 1981). That is, if the
frequency of two authors cited by the same paphrgis, then there may exist certain
relationship between these two authors.

Using document co-citation approach, it is possiblanalyze the contribution
of a specific document to a given research fielehtTs, this approach focuses on very
fine granularity. Author co-citation approach ham@or advantage over the document
co-citation approach in that it can identify therimsic inter-connectivity links that
might be missing using document co-citation appno@chen and Carr, 1999). For
example, one author may write several differentlag but all on the same concept.
These articles are cited by different source papgarsm the citers’ point of views, all
these articles should be equivalent as they tatkiathe same concept. But document

co-citation analysis would treat them as differarticles and fail to recognize the
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fundamental connections among them. On the otherd,hauthor co-citation
relationships are dynamic and reflect the evolytecline, and merger of research
fields. Hence, only author co-citation relationshipill be examined in this research.
In this section, the document co-citation methodl e briefly reviewed while the

author co-citation method will be discussed in dleta

2.6.1 Document Co-Citation

The algorithm developed by Small and Griffith (Sihnahd Griffith, 1974)
takes citation index as initial input. For all tHecuments in the citation index, cited
frequency is first calculated by measuring the nerdf times a document was cited.
Documents with cited frequency above a certainstioll are kept for further
processing. Co-citation pairs are then generategbther with their associated
frequency of co-occurrence. Finally, all the docuatseare clustered by having at lease
one document of the co-citation pair in common. &ample, a pair (A, B) is selected
at the beginning, all the pairs that contain A carB added to the cluster. This process
repeats until no pairs that contain a common doctmwéh those in the cluster. Then,
another pair is selected from the remaining auttemcitation pairs to form a new
cluster. The whole process repeats until all thesgmelong to a cluster.

The fundamental premise of document co-citatiorlyasigis that “the greater
the number of times that a pair of documents aexdiogether, the more likely that
they are related in content” (Bellardo, 1980). Heere it should be understood that
two different documents might be cited togethea ithird document for a wide variety
of reasons. They may contribute to the same kinchofvledge or theory, or they may
represent totally opposite theories. Even so, detunto-citation analysis is still

considered as a powerful method to achieve docuciastering since it provides a
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way to measure the scholarly dependency upon preweorks. It also shows the

coherence of the literature and changes over tinam iintelligible way.

2.6.2  Author Co-Citation

Author Co-citation Analysis (ACA) (White and Giritfi, 1981) provides a
method for tracing the intellectual structure inesce studies. It is based on the
frequency with which any works by an author is &dko any works by another author
in a third and later works. A common sequence epston ACA is given in Figure

2-5:

Data Source

Authors

Selection of Authors

Selected Authors

Calculation of Author Co-
Citation Frequencies

Author Co-Citation
Frequencies

Compilation of Raw Co-
Citation Matrix

Raw Co-Citation
Matrix

Conversion of Raw Co-
Citation Matrix to
Correlation Matrix

Correlation Matrix

Application of
Multivariate Analysis on
the Correlation Matrix

Figure 2-5. Procedure of Author Co-Citation AnasyG\CA).
1. Selection of authordVhen the data store is huge, only a small saofdeithors is
selected for analysis. In order to reflect the akcscholarly relationship of the

original data store as much as possible, autharaldibe selected from various
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research fields. This author set will define théaadarly landscape that being
mapped.

2. Calculation of author co-citation frequenciebhis step calculates the number of
co-occurrence of any two different authors fromgb&cted sample.

3. Compilation of raw co-citation matrixThe author co-citation frequencies will
form a two dimensional matrix with identically ordd authors’ names on the
rows and columns. The co-citation matrix is comgutsing a citing frequency
threshold to reduce the set of potential candidateslustering.

4. Conversion of raw co-citation matrix to correlatiomatrix The raw data matrix is
converted to a matrix of proximity values, whichlicate the degree of similarity
of author-pairs. The Pearson correlation coeffic{@dohnson, 1988) has been used
as the measure of similarity in many ACA studiesnother method of
transformation is to rank and order the co-citati@guencies by row and assign
the appropriate mean rank value to each cell.

5. Application of multivariate analysis on the correétan matrix The values in the
correlation matrix define the degree of similarityhe higher the positive
correlation, the more similar the two authors ammf the perceptions of citers.
Multivariate analysis is applied to the correlatioatrix to generate the clusters.

Step 5 is the most crucial part of ACA. In genethtee approaches can be
used for multivariate analysis: Cluster Analysigjltilimensional Scaling and Factor

Analysis (McCain, 1990). Different from the docurhefustering based on the word

co-occurrence, these techniques are based on thputation of similarities among

co-citation patterns of each author. The followsudp-sections will discuss these three

techniques in details.
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2.6.2.1 Cluster Analysis

Two most popular approaches to Cluster Analysis Agglomerative
Hierarchical Clustering (AHC) (Everitt, 1986) antkrhtive Partitioning algorithms
(Jain and Dubes, 1988). They belong to hierarchuketering methods and involve a
tree-like building process as mentioned in SecBdnl. The difference between them
is on “bottom-up” approach versus “top-down” apmtoaln the AHC algorithm,
clusters are built from the bottom with individuals groups of individuals gradually
joining to form clusters, while in the IterativerB&oning algorithm, a collection of all
individuals are split from the top to the bottonddhe process iterates until the desired
number of clusters is reached. The AHC algorithmoimmonly used in ACA research
work.

The AHC method can be applied to the correlatiofrimaAuthors are joined
to the existing cluster or two clusters are mergegether based on the similarity
values between different author-pairs. SPSS-X (SIR852000) provides a clustering
program that implements a variety of AHC proceduiasluding the single link,
complete link, average link and Ward’s method. MAsIA researchers use the
complete link or Ward’s method as they consistepdyform well on co-cited author

data in terms of providing interpretable result<(@ain, 1990).

2.6.2.2 Multidimensional Scaling

Multidimensional Scaling (MDS) (Greegt al, 1989) is used to create visual
displays or maps from correlation matrices, so thatunderlying structure within a
set of objects can be studied. Authors who are ilyeag-cited appear close to each
other in the multidimensional space. Authors withny links to others tend to be in

central positions, while authors who are weaklkéith will be placed in the periphery.
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In this way, central and peripheral research spieateon can easily be shown
(Kruskal, 1977).

The multidimensional scaling programs used in AG#&lude MDSCAL,
TORSCA (two stand-alone programs), and ALSCAL (Catep Software, SPSS-X)
(SPSS Inc., 2000). The input to MDS can be a sitylanatrix or correlation matrix.
The output of MDS is a display of points, usuallyapped into two or three
dimensions. Points representing authors with higtilarities will be placed closely
together in the “intellectual space” while pointgpresenting authors with high
dissimilarities will be placed farther apart. Thaimpurpose of MDS is to maintain
the same relationship between the original datenash as possible in two or three

dimensions.

2.6.2.3 Factor Analysis

Essentially, Factor Analysis (Gorsuch, 1983) attesnip “explain” the inter-
relationships observed among the original variabheeugh the creation of a much
smaller number of “derived” variables or factors ACA, a factor is interpreted by the
subset of authors loading on it, i.e. making suligthcontributions to its construction.
Every author loads on (contributes to) every fachod the interpretation or definition
of each new factor is based on those authors g lbadings. The strength of inter-
correlation among the factors may also reveal stpgated linkage between authors.
The stopping rule decides the number of factorsaete¢d. In SPSS-X, the stopping
rule is implemented as the sum of the squared hgadon the factor is less than 1. The
advantage of factor analysis is its ability to destoate the breadth of contributions by

authors who load substantially on more than on@fac
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2.6.2.4 Discussion

For Factor Analysis, as every author contributesetery factor and the
definition of each new factor is based on thoséhaust with high loadings. The
computation complexity will be O(N where N is the number of authors being
analyzed and f is the number of factors finallyragted. As discussed in the previous
section, the Agglomerative Hierarchical ClusterifdHC) method has the
computation complexity O(f), where N is the number of clusters generateds It
much faster than the Factor Analysis and the dlgoris simpler to implement. Thus,
the AHC method will be used for author clusteringhis project.

Multidimensional Scaling (MDS) is mainly used teate the visual display of
points. The points in the map represent the ind@ichuthor placed according to the
inter-author similarities. The map requires someuaa processing to group points to
form clusters. On the other hand, deciding on thenlver of dimensions is an
important issue for MDS. Normally, the input coat®n matrix is mapped into two or
three dimensions for easy analysis. But this maulten a very poor, highly distorted
representation of the original correlation mathxthis research, we tend to present the
author cluster map with each point representingugthor in a two-dimensional map.
Therefore, MDS is applied in our project to obtte XY-coordinate of each author
from the correlation matrix.

To our knowledge, there are no systems which caonaatically generate
author clusters based on the author co-citationlysisa Most researchers in
information studies field still rely on some statal tools, like SPSS, to do the
analysis on author co-citation data. The authocitaiion raw matrix needs to be
generated either manually or using other softwarst before feeding into the

statistical tools. The results produced are not-vlaktered author groups. Researchers
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still need to manually group authors accordinghte positions of the authors in the
output display. So the whole process depends heawil human interpretation. In
PubSearch, author clusters are generated autothaticd no human interpretation is

required at all.

2.7 Summary

From the survey of various intelligent agents aldé nowadays, it can be
observed that there is a lack of searching tootifipally designed for scientific
publications retrieval. Citation indexing has bgeoved to be an appropriate way to
index scientific literature. In this research, We@ibation Database is generated to store
the citation index information. Data mining is applto the Web Citation Database to
extract the useful knowledge for scientific publioa retrieval. Two data mining tasks
are defined based on the structure and attribdtésed/Neb Citation Database, which
are document clustering and author clustering. o¢aritechniques for document
clustering as well as author clustering are revibared compared. After evaluating the
different types of clustering algorithms, KSOM aRdzzy ART are selected as the
appropriate methods for document clustering, wAiC and MDS are found to be

the suitable methods for author clustering.
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Chapter 3

Web Citation Indexing and Retrieval
System

As discussed in Chapter 1, this research aims telole a Web Citation
Indexing and Retrieval System known as PubSeardchamonsists of three major
components: Citation Indexing Agent, Web Citaticat@base and Intelligent Retrieval
Agent. In this chapter, the system overview of Redygh is first given. As the thesis
focuses on the Intelligent Retrieval Agent, thea@an Indexing Agent will only be
briefly reviewed. The Web Citation Database will inened for document and author
clustering for supporting information retrievaltime Intelligent Retrieval Agent. Thus,
it is necessary to have an in-depth understandinthe structure of the database,

which will be described here.

3.1 System Overview of PubSearch

Figure 3-1 shows the system overview of the Pulzx®eaystem. Citation
Indexing Agent generates the Web Citation Datab#sérst downloads scientific
publications from the Web. There are two ways tdlds. The first method is similar
to CiteSeer in that Citation Indexing Agent usesbVgearch engines (like AltaVista,
Excite, HotBot, etc.) to search for pages that aonkeywords such as “paper”,
“postscript”, “publications”, etc. Another way is lownload the papers from the Web
sites that are specified by the users. The doweldbg@dpers are then parsed to extract

the citations. The citation indices are generatdosequently and stored in the Web
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Citation Database. Intelligent Retrieval Agent agpldata mining techniques to the
Web Citation Database to discover the hidden maahips among the research
publications and explore the useful knowledge tlithelp to improve the efficiency

and effectiveness of the retrieval.

| |

¢ ¢ $

Research Research Research
Web Site Web Site Web Site

Web Publications Web Publications

= \ i PubSearch /
I
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Figure 3-1. System overview of PubSearch.

In the PubSearch system, users interact with tywegyof clients, one is the
Indexing Client and the other is the Retrieval @idf the user is only interested in the
papers from certain Web sites, he/she can usentiexing Client to specify these Web
sites and the frequency that the Citation Indexfkgent needs to monitor them
periodically. Otherwise, the Citation Indexing Agemly uses the default monitoring
frequency, i.e. seven days to track the Web sdaad by the Web search engines. If
there are any new papers, the Web Citation Datalalsbe updated accordingly. To

retrieve scientific publications, user’s query iegented to the Retrieval Client, which
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will then pass it to the Intelligent Retrieval Agen get the search results and display

to the user.

3.2 Citation Indexing Agent

Citation indexing is one possible way to index Waelentific publications. It
allows the navigation backward in time through likeof cited articles and forward in
time to predict what are the newly emerging redeéisdds by identifying the research
trends. This makes citation index to be a powddal for scientific literature search.
Generally, citation indexing techniques can be sifeesl into two broad categories,

namely, manual indexing and automatic indexing.

3.2.1 Manual Indexing

Currently, most citation indices for scientific piglations are created manually.
Some existing commercial citation databases (inetudScience Citation Indgx
provided by the Institute for Scientific InformatiISI) (ISI, 2000) and the legal
database offered by the West Group (WestGroup,)2@880end on human preparation
of the information. There are only two differenaisgh strategies provided by ISI, one
is through keyword indices, and the other is thioagation indices. As the citation
indexing process requires human processing, thecitdtion databases are biased
because the selection of the items to be indexpdrdis on the management decisions

of ISI (Cronin and Snyder, 1997).

3.2.2 Automatic Indexing

Opposed to manual citation indexing, automatictiotaindexing requires no

human processing. All the processes, namely, dostsm&cquisition, parsing, and
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citation extraction, are done automatically. Cutlsenthe only automatic citation
indexing system can be found on the Web is Cite8e#eset al, 1998; Bollackeet
al., 1998; Lawrencet al, 1999; Bollackeet al, 2000).

CiteSeer uses Web search engines (such as Alta, WstBot, and Excite) and
heuristics to locate papers. For example, CiteSaersearch for pages which contain
the keywords “publications”, “papers”, “postscriptétc. After getting the URL
address as the starting point, CiteSeer can th@hthiat URL location to download
PostScript or PDF files, and convert them into teging PreScript from the New
Zealand Digital Library project (PreScript, 1998he converted text files are first
verified to be valid research documents by checkimegexistence of the reference or
bibliography section. Then, the following infornti are extracted: URL address of
the downloaded file, title and author block, abstrantroduction, citations, and full-
text. Once the reference section is identified,itlggvidual citations are extracted and
parsed into the following fields: title, author,ayeof publication, page numbers, and
citation tag. The citation tags, for examples, [&iles 97], and “Fayyad 96", refer to
the information used in the body of the documertidlp readers to locate the citation.
The citation tags can be used to extract the cordkxitations from the document

body.

3.2.3 PubSearch Approach

It can be observed from the above that the autenca@tition indexing method
is much more efficient. It does not require humaocpssing, hence, no bias will be
caused. In PubSearch, the automatic citation imgexnethod will be used. The
Citation Indexing Agent is currently under develaprh by another student (Ho,

2000).
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PubSearch is different from CiteSeer, which alspliap the automatic citation
indexing method, in the following ways:

* Indexing Different from CiteSeer, in addition to using Webarch engines to
locate papers, PubSearch is also designed to fcatpersonal interests. It allows
users to specify their interested Web sites. FigdBegives two examples of Web
sites which list the publications from a researnoktitution and an individual
researcher. Based on these Web sites, PubSearclowaload all the papers from

them, and extract the citation information to fahm citation database.

|
; Publications - Miciosoft Internet Explorer L[] '3 Hummels Publications - Microsaft Intenet Explarer
J Fle Edt Vew Favoes Took Hep ‘ “ Fle Edt Vew ngoriles Took Hep "
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Figure 3-2. Examples of two publication Web sites.

* Monitoring. CiteSeer uses a combination of Web search engilleb crawling,
and mailing list monitoring to continuously seaffon new scientific publications
24 hours a day. We doubt the efficiency of suchhamgtas continuous updating
needs to consume expensive resources and compalagpower. While for
PubSearch, it provides periodic updating and monigofunctionality, which can
update the citation database automatically if tteeeeany new papers added to the

monitored Web sites. The updating frequency caspeeified by the user, which
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could be three days, one week or one month. An plkamf the monitoring

interface is given in Figure 3-3.

User.  YuLe Ho Login Time: 8/31/2000 3:5:47 AN

Yieh Page Specification Yieh Site Specification

Monitored Weh Pages Ihttp: Sfgenlab. larc.nasa. gov!GEDLABfPu.blicat,ions,-’inde:j Remove |

Title: GEOLAB Publications

Fapwardis) Igrid Add |
G all words r any words r exact phrase

Author(s) IWilliam T. Tones Add |
r all names G any hnamnes

Published Since [san = [1005 =]

Published Befors [Monih 7| [vear =]

Checking Frequency IEveryweek j

[ Tpdaee | men |

PubWaicher Service! Copyright®1999-2000 Nanyang Technological University. All righis reserved.

Figure 3-3. Monitoring interface.

3.3 Web Citation Database

Figure 3-4 shows the relationships of the two mé&gbies created in the Web
Citation Database. They are the SOURCE and CITATI@bles. The attributes of
each table are also given. The SOURCE table stbeemformation of source papers
while the CITATION table stores all the citationstracted from the source papers.
Most attributes of these two tables have the saate definitions such as the paper
title, author name, journal name, journal volunmeirpal issue, page number, and the
year of publication. URL_link is the Web URL addsesf the corresponding
document. With this field, full-text access is pbks The “Paper_ID” of the
SOURCE table and the “Citation_ID” of the CITATIOfble are the primary keys in

these two tables respectively. The “No_of citatiof’the SOURCE table is the
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number of references contained in the source papke “Source ID” of the

CITATION table links to the “Paper_ID” of the SOUEGable to identify the source

paper that cites the particular publication starethe CITATION table.

I

=:7 Relationships
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Figure 3-4. Database structure of the Web Citablatabase.

Table 3-1 lists the description of all the fielasthe Web Citation Database.

The Descriptioncolumn briefly describes each field while thable column indicates

which table contains that particular field. Mostlfis in the CITATION table are

similar to those in the SOURCE table. It shouldbdie noted that for all the papers,

only the first three authors are stored in theticotadatabase. This is based on the

assumption that the fourth author onwards conteblittle to the paper.
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Table 3-1. Data field description of the Web CdatDatabase.

Field Name Description Table
paper_ID Unique identifier of the paper SOURCE, £TTON
no_of citation | Number of citations in the paper SCLE
paper _title Source paper title SOURCE, CITATION
authorl The first author name SOURCE, CITATION
author?2 The second author name SOURCE, CITATION
author3 The third author name SOURCE, CITATION
no_of authors | Number of authors SOURCE
affiliation1 Affiliation of authorl SOURCE
affiliation2 Affiliation of author2 SOURCE
affiliation3 Affiliation of author3 SOURCE

journal_name

Journal name

SOURCE, CITATION

journal_volume

Journal volume

SOURCE, CITATION

journal_issue Journal issue SOURCE, CITATION
page from Starting page number of the paper SOURCEATION
page_to Ending page number of the paper SOURCEATON
year_of pub Year of publication SOURCE, CITATION
pub_address Publisher address SOURCE

language Language of the paper SOURCE

URL_link URL address of the paper SOURCE

citation_ID Unique identifier of the cited paper TATION

source_ID The identifier of the source pap@ TATION

that cites the paper which

is

referred by “citation_ID”

An example of records stored in the SOURCE and QION tables is
illustrated in Figure 3-5. Records in the SOURCH &ime CITATION tables have
many-to-many relationships. That is, one sourceep&om the SOURCE table may
cite multiple papers in the CITATION table. Whilaerecord in the CITATION table
may be cited by more than one source paper in @ERCE table. The example
shows that both source papers 1068 and 1124 @tsame paper entitled “A simple
blueprint for automatic Boolean query processingitten by Salton. On the other

hand, the source paper 1068 cites papers by Satwbby Harter at the same time.
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SOURCE Table

Paper_lD : 1068 Record 1
Paper_title : Information access tools for software > Paper_title : A simple blueprint for automatic
reuse boolean query processing
Authorl : Heninger S f Authorl : Salton G
Record 2
Record 2
Paper_ID : 1124 ; ;
Paper_title : Psychological relevance and
Paper_title : Representing documents using an information science
explicit model of their similarities
Authorl : Harter SP
Authorl : Bartell BT
Author2 : Cottrell GW

Author3 : Belew RK

Figure 3-5. Example of records stored in the SOURG& CITATION tables.

The Web Citation Database contains rich informatiost can be mined for
scientific publication retrieval. The traditionadcliment clustering technique measures
the similarity between documents by counting therlapping keywords within them.
Similarly, in the Web Citation Database, the keydgrontained in the cited paper
titles can also be used to measure the similafityoarce papers. On the other hand,
author information can be analyzed to reveal thaticmships between the citing and
cited authors. Therefore, by examining the WebtmaDatabase, the paper title and

author name fields will be used for the mining psgs.

3.4 Intelligent Retrieval Agent

The Web Citation Database stores bibliographic datapublished journal
articles. It can be used as a source of informafion discovering the hidden
relationships between papers and authors. Mostesktrelationships cannot be readily

seen and require some statistical methods andsasila§ome of the functions that can
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be supported using the citation database for irdtion processing are listed as

follows:

1.

Search for publications based on author, title,tedost, and keywordThis kind of
search is widely implemented in many informatiortriezal systems. Simple

Boolean search algorithm is applied to refine gareh.

. Search for papers belonging to a particular field aategory A large category

may be sub-divided into smaller categories. Seanaly be refined to a smaller
category to provide a more specific search of edeto users.

Create a list of experts within a research figRksearchers can be categorized into
different groups according to their research irgtse

Track the research activities of a certain researchThe publications by a
particular researcher can be displayed in chroncébgrder, which allows users to
track his/her research activities.

Determine the impact of a publication on the resbdield by the frequency it has
been cited by other publicationslowever, this is only relevant for publications
that have existed for some time. New publication$ need time to be cited by
future publications.

Discover the future trends of specific researclhdfieThe historical data on the
change of research fields can be gathered to pribicrends of research areas.

PubSearch will investigate the first three funcsiosearch for publications

based on author, title, or keyword can be realiagdncorporating simple Boolean

search mechanism into the system. For the secoddthard functions, document

clustering and author clustering will be perfornmedthe Web Citation Database to

extract cluster information, such that users camcepapers belonging to a particular

field or get a list of experts within the same egsh area. The fourth function can be
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achieved by performing simple author name seardAubSearch. The returned results
will be a list of publications ordered by “year_ ptiblication”, which can give users a

rough idea on that author’s research activities.tRre fifth function, it can be realized

by deriving the impact factor of the publicatiororRhe last function, to predict the

future trends, text mining techniques (Doet al, 1999) need to be performed.

However, the accuracy of the research trend iscdiffto evaluate. Hence, it is not the
focus of our research.

In this research, document clustering is the prymarining task to be
performed. To achieve this, the input records nieete pre-processed to form the
document vectors. Due to the storage limitation,fulbtext of source papers are
stored in the Web Citation Database. Therefore,tthditional approach of forming
the document vector by extracting the keywords ftbm body text of the document
cannot be adopted here. However, citation inforomattan be used to judge the
relevance of documents as cited articles are pibketie authors as related documents
(Giles et al, 1998). The more the two source documents sharsame citations, the
higher the possibility they belong to the same asde area. Thus, keywords of the
cited paper titles are used as the feature fatarespresent the source document.

The citation information gives us the idea on hdw two authors’ research
interests are related through other papers that ttieir works. As such, author
clustering is another mining task that can be perénl. As discussed above, the
“source_ID” of the CITATION table links to the “pap ID” of the SOURCE table,
that is, all the records with the same “source_IiD"the CITATION table are
publications cited by the same source paper. Basethis idea, author co-citation

pairs can be created, which can then be used thoaadlustering.
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3.5 Test Citation Database

During the development of the Intelligent Retrieyaent, the Web Citation
Database is not available as it is under the cocistn of another student who focuses
on the Citation Indexing Agent (Ho, 2000). Therefoa test citation database, which
follows the same structure of the Web Citation Dat®, is used. This database is
created by downloading the publications from 19872997 in Information Retrieval
(IR) field of the Social Science Citation Index rfrothe Institute for Scientific
Information’s Web site, which includes all the joals on Library and Information
Science. A total of 1,466 IR related papers wetdecsed from 367 journals with
44,836 citations. The two tables, SOURCE and CIT@N] were set up based on

these IR papers.

3.6 Summary

In this chapter, the overview of the Web citatiadexing and retrieval system
known as PubSearch is given. The three major coemisnof PubSearch, namely,
Citation Indexing Agent, Web Citation Database émelligent Retrieval Agent, are
introduced here. Citation Indexing Agent is onliebly reviewed, as it is not the focus
of this research. The structure of the Web Citaflmtabase is discussed. It contains
two major tables, SOURCE and CITATION. Two miniragks are investigated, they
are document clustering based on citation papestdand author clustering based on
author names. These mining tasks are performeleintelligent Retrieval Agent.

To our knowledge, CiteSeer is the only indexingesysavailable for searching
Web scientific publications. However, PubSeracledsf from CiteSeer in three ways:

indexing, monitoring and retrieval. During the indey process, CiteSeer only uses

54



Chapter 3  Web Citation Indexing and Retriewastem

Web search engines to download papers, it may gndvith many repeated or
irrelevant Web sites as one of the main drawbacksdarch engines is the long list of
irrelevant search results. Besides using Web seangmes, PubSearch also allows
users to specify their interested Web sites to doadhpapers. In this way, PubSearch
tailors to users’ interests. CiteSeer monitors thew scientific publications
continuously 24 hour a day. It consumes expensasources and computational
power. PubSearch provides periodic monitoring fiumetlity. The retrieval method in
CiteSeer is quite restricted. The first query tdeSeer must be keyword search.
CiteSeer then returns a list of citations or adisindexed articles matching the query.
The literature can be browsed by following the t@mia links. PubSearch provides
more flexible ways for retrieval as it incorporatatelligent techniques. With this, it
allows users to conduct keyword search as welluisoa search. The results will be
the publications or authors that belong to the seesearch area even if the keywords

or author names do not appear in the user spedgjtiedy.
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Chapter 4

Data Mining for Document
Clustering

This chapter discusses a data mining process thasnthe Web Citation
Database for document clustering. The proposedrdateng techniques are based on
two different neural network models, namely, KohwreSelf-Organizing Maps
(KSOM) and Fuzzy Adaptive Resonance Theory (Fuz®TA The implementation
as well as the evaluation of the training and egti performance of the two models

will be discussed.

4.1 Data Mining Process

Knowledge discovery can be either directed or wutied (Berry and Linoff,
1997). Directed knowledge discovery is charactdrisg the presence of single target
field whose values are to be predicted in termthefother fields of the database. In
undirected knowledge discovery, there is no tafiglt. It is normally used to identify
patterns or recognise relationships in the datanirMi cluster information from the
Web Citation Database is considered as undireatet/ledge discovery process as it

reveals the hidden relationships from the citatatabase.
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Figure 4-1. Data mining process for document chusge
Figure 4-1 shows the data mining process for doatirakeistering. It consists
of the following five steps:

1. Feature SelectianThe paper titles of the citation records in theBACitation
Database are extracted as feature factors to esgirhee document vectors.

2. Pre-Processing The extracted paper titles are pre-processed stdysequent
processing. It includes tokenization, stemming, stogp word removal.

3. Transformation The extracted keywords are converted into doctinventors.
Random projection method (Kaski, 1998) is usedettuce the dimensionality of
the document vectors.

4. Document Cluster GeneratiolSOM and Fuzzy ART are chosen to be the two
data mining techniques to be applied to the Weht©in Database for document
clustering.

5. Retrieval. After the Document Cluster Generatiostep, the knowledge base is

formed, which contains the document cluster infdromaas well as the generated
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neural network models. The extracted knowledgesisdufor document cluster

retrieval.

4.1.1 Feature Selection

Salton (Salton and McGill, 1983) discusses clustedapproaches using TFIDF
vector representations for text data, which is ti@st popular clustering approach
adopted today. Each component of a document veéstoalculated as a product of

Term Frequency (TF) and Inverse Document Frequédy) as follows:

d, =TF(w,,d)xIDF (w,) =TF(w,,d) % log

DF (w;)
where d, is the I" element of the vector representation of a documient
TF(w;,d) is the number of times word, occurred in a documedt

D is the total number of documents in the documehéction;

DF(w,) is the document frequency, which is the numbedaduments in
which word w, occurred at least once.

A popular similarity measure, the cosine measure lia used to compute the angle
between any two document vectors. Using this metdoduments will be classified
into different groups according to the distancesvben them.

TFIDF method is used based on the premise thduthtext of a document is
always available such that words can be extractedha feature factors of the
document. However, due to storage limitation, ihat possible to store the full-text
for all source documents into the citation databdberefore, the traditional approach
can not be adopted here. Other methods need tavbstigated to form the document

vector.
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After an analysis of the Web Citation Database, pn@ose to use citation
information to judge the relevance of documentsited papers are picked by the
authors as related documents. Therefore, insteadtcdcting keywords from the full-
text of the documents as the feature factors, #nawvkrds are extracted from the
citations of source documents. If two documentsestize same citation, they will also
share the same keywords. In particular, the keysvane extracted from the paper
titles of all the citations. For each document, thventy most frequently occurred
keywords will be extracted from its citations byetRre-Processingstep. Then, the

TFIDF method is adopted to represent the documectov.

4.1.2  Pre-Processing

The Pre-Processingtep involves text processing techniques, whiatsisb of
the following tasks:

» Tokenization This refers to breaking the paper titles seledtech the Feature
Selectionstep into distinct words. As English words areasafed by spaces,
therefore, it is easy to extract each single waidgispaces as the separator.

e Stemming It converts words into their root forms. For exden “retrieved”,
“retrieving”, and “retrieves” will become “retriev'That is, we simply drop the
“ed”, “ing” or “es”.

» Stop word removalWords with weak or no meanings are removed, ssctto”,
“the”, “a”, etc. A stop word list is used to idefytsuch words.

The WordNet (WordNet, 2000) library is used to lempent these techniques.

It has built-in functions to perform the above ®sKhe keyword pre-processing

algorithm is shown in Figure 4-2. For each documtnd first twenty most frequently
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ng

occurred keywords are extracted from its citatioghigotal of 5,487 distinct keywords

are extracted from all the citations in the Welafiin Database.

Keyword_Pre-Processing_Algorithm:
1.

2. For each record read from the CITATION table, daps3.

4. Go to step 2 to process the next record read fhenCITATION table.

Sort all the records in the CITATION table of theelV Citation Database i

ascending order of the source paper ID.

If the current record is the first record in thdadese, go to step 3.1. Otherwi

compare it with the previous record, if they hakie same source paper ID, i

these two citation records belong to the same sopaper, go to step 3.1, else,

to step 3.3.

3.1. Tokenize all keywords from the “paper _titlegldl of the current record, ste
the extracted keywords to their root forms, andaeenstop words.

3.2. For every keyword, accumulate the numbercofirrence.

3.3. If the current record has a different soyraper ID from the previous recor,
it implies the keywords from the citations of theyous source paper are
extracted. Then, sort the keywords for the pervisoisrce paper based

their occurrence, and take the first twenty mosqdiently occurrec

keywords as the feature factors of the previouscgopaper. Go to step 3|

to process the current record.

[72)
o

e.
go

m

Figure 4-2. Keywords pre-processing algorithm.

4.1.3 Transformation

The Transformationstep converts documents into vectors before feeiitty

the neural networks for training. Traditionally,admnents are represented using the

vector space model (Salton and McGill, 1983) orebatSemantic Indexing (LSI)

(Deerwesteret al, 1990). In the vector space model, documents gpeesented as

TFIDF vectors. The major problem of this modelhs tiuge vocabulary in the large

collection of free-text documents, which results danvast dimensionality of the
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document vectors. LSI tries to reduce the dimeradignof the document vectors by
forming a matrix in which each column correspondsthie vector of a document.
Then, the factors of the space spanned by the coleuntors are computed using a
method called Singular-Value Decomposition (SVD)il[W999). The factors that
have the least influence on the matrix are omitéeduich in turn reduces the
dimensionality of the matrix. But this method siiturs expensive computation time.

In this research, the random projection method KKd998) is used to reduce
the dimensionality of the document vectors withioging the power of discrimination
between the documents. This method works as follties original document vector
is multiplied by a random matrix R which consisté random values, and the
Euclidean length of each column of R has been nissathto unity.

Kaski (Kaski, 1998) proved that when the dimensisrreduced tod, the
variance between the document vectors with redutietensions and the original
document vector is at moafd. If d is small, the variance will be big which resutisai
great loss of the original information. Therefodeneeds to be carefully set to retain
the original information as much as possible. lis tlesearch, the variance between
0.005 to 0.01 is considered as acceptable. Thdtvd] be between 200 to 400. Here,
we set this number to 300 in considering the traifidsetween the variance and the
computational complexity. The original document teecis 1x5,487, the target
document vector is 2300, therefore, the matrix R should be 5,4800. The final
document vectors obtained only have 300 dimensishs;h increases the learning
speed dramatically.

According to Kohonen (Kohonen, 1998), a sparseriipaojection matrix R
with exactly 5 randomly distributed ones in eachuom is almost as good as the

vector space model. An example of such a matrshavn in Figure 4-3.

61



Chapter 4  Data Mining for Document Clustering

Sparse Binary Projection Matrix
5487x300
(each column consists of five ones)

1 0 0 1 1
0 1 1 0 0
1 1 0 0 1
0 0 1 1 0
0 0 1 0 1
0 1 0 0 0

Figure 4-3. An example of the sparse binary praeanatrix R.
Consider the matrix product = X xR where X is the original document
vector, Y is the resulting document vector, the computati@aanplexity is O(nd),
wheren andd are the dimensions before and after the randonegron, which are

5,487 and 300 respectively. The pseudocode for sochputation is illustrated in

Figure 4-4.
fori =1 step 1 until 300 do y(i) = 0O;
fori =1 step 1 until 300
begin
forj = 1 step 1 until 5487
begin
if R(i,j)=1
begin
y() = y(i) + x();
end
end
end

Figure 4-4. Pseudocode for the computation of dsimarality reduction.

An example of theélransformationstep is illustrated in Figure 4-5. The first
twenty highly occurred keywords are extracted fithi citations of the source paper.
As there are altogher 5,487 distinct keywords exé@ from the whole citation
database, each document will be represented astar weith 5,487 dimensions. The
index column of Figure 4-5 represents the positbreach keyword in the %5,487
vector. The presence df keyword will set the™ element in the document vector to

be 1. Then, each element of the vector is weightedFIDF. The resulting vector is
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multiplied by the sparse binary projection matoxéduce its dimension from 5,487 to

300. Finaly, the vector is normalized before fegdmto the neural network.

Paper Title: A Survery of Information Retrieval and Filtering Methods

Keywords extracted from its citations

Extracted Keywords Index

information 2

retriev 6

index 63

document 15

text 88

semantic 9

algorithm 106

cluster 567

query 1150

filter 2569

intelligent 1201

probability 1956

learn 79

performance 3595

statistics 582

database 4479

relevance 431

analysis 4902

search 67

term 178
Encoding

0 1 0 0 0 1 0 0 1 0 0 1x5487
Multiply the weight
0 0.8936 0 0 0 0.7852 0 0 0.6949 0 .. 0 1x5487

Multiply the sparse binary projection matrix

0 4.7987 | 2.5761 | 3.4873 0 3.9625 0 2.8976 | 3.7549 0 2.8765 | 1x300

Normalization

0 0.7653 | 0.4341 | 0.5593 0 0.5632 0 0.4928 | 0.6948 0 0.4726 1x300

Figure 4-5. An example of theransformatiorstep.

4.1.4 Document Cluster Generation

This is the most crucial step of the overall dataing process. The algorithms
used are KSOM and Fuzzy ART neural networks. Teg@ize the source documents

into different clusters, training needs to be candd for both neural networks. The
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training procedures for the KSOM and Fuzzy ART nisd@ee not the same due to the

differences in the architectures of these two n&del

4.1.4.1 Training the KSOM network

Before the encoded document vectors are fed iredKtBOM neural network
for training, the weights of the network are irlisad with the random real numbers
within the interval [0, 1]. A total of 1,000 recarih the SOURCE table is used as the
training set. The performance of the KSOM neurdlvoek retrieval depends on the
number of clusters generated and the average nuofltErcuments within a cluster.
However, the decision on the best size of the efustap remains a non-trivial
problem that requires some insight into the stmgctof the training data. In our
implementation, the number of clusters to be gdedre set to 100 in order to obtain
fast retrieval speed. The initial neighbourhooa s&set to be half the number of the
clusters. The number of iterations and the inigakning rate are set to 5,000 and 0.5
respectively.

The training algorithm for the KSOM neural netwoslas given in Section
2.5.2.1. During the training, whenever a winnerstdu is found, the weights to the
winner cluster together with its neighbourhood néede updated according to the
input pattern. The updated weights are stored filreaas the neural network model.
During the retrieval stage, no weight updates ase€fopmed. This prevents any

incoming query from corrupting the “index” storedthe neural networks.

4.1.4.2 Training the Fuzzy ART Network

Three parameters determine the dynamics of a FARAy network, namely, a

choice parameterr > 0, a learning rate parametg# 1[0, 1], and a vigilance
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parameterpll [0, 1]. The choice parameter affects the bottom-up inputs that are
produced at theF, nodes according to the input patterns presentel, .aAs short

training time is only possible for small valuesatfoice parameter (Carpenter al,

1991), thereforeg is set to 0.2 in our work$ controls the adjustment of the wight
vectorW. We setfs = 1 if j is an uncommitted node an@ = 0.5 if j is a committed

node. The vigilance threshold level indicates hdese an input must be to a stored
cluster to provide a desirable match. The higher \lgilance threshold, the more
precise the documents are clustered. However derdo compare the performance of
KSOM and Fuzzy ART more closely, the number of s to be generated using
Fuzzy ART is set as close as possible to the nuwiiained in KSOM, which is 100.

Therefore, the vigilance threshold is set to 0.Fuzzy ART, which has generated 129
clusters. The training algorithm of the Fuzzy AR€ural network was given in

Section 2.5.2.2.

4.1.4.3 Cluster Information Database

During the training process, the relationship betwéhe input source paper
vector and the winning cluster number is saved théCluster Information Database.
The database contains two major tables, KSOM_OUTBRWMITART _OUTPUT, which
store the cluster results from the KSOM and FuzRf Aieural networks respectively.
Table 4-1 gives the data structure of the table KISOUT. It basically stores the
information on which cluster the source paper bggoto. The fields “Row_No” and
“Column_No” record the position of the cluster hetl0x10 KSOM map. These two

fields are used during the display of the docuncirdter map in the retrieval process.
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Table 4-1. Data structure of the table KSOM_OUT.

Field Name Description

Paper_ID The unique identifier of the source paper.

Cluster_No The identifier of the cluster that therent source paper belongs to.

Row_No The row location of the current clusterie KSOM map.

Column_No | The column location of the current clugtehe KSOM map.

The data structure of the table “ART_OUTPUT” isndar to the table
“KSOM_OUTPUT” except that it does not store any fRdNo” or “Column_No”

information, as it is not possible to generatediuster map information.

415 Retrieval

In the Retrievalstep, a user’'s query is submitted to the systdma. iicoming
query is pre-processed, parsed and encoded inilarsiay as thé’re-Processg and
Transformationsteps of the data mining process. The encoded gqueetor is fed into
the network to determine which clusters to be at#ig. This process can be seen as
analogous to the use of indices in the documemieval process. In this scenario,
instead of having an index file, the index is erembth the form of weight distribution
in the neural networks. The activated clusterseammined to retrieve the documents
within the cluster, which are then ranked basethercloseness to the user’s query.

There are three different stages in Redrievalstep, namely, pre-processing of

user input, document retrieval, and document rapkirhich are given in Figure 4-6.

User's Pre-processed Retrieved

Query_| Pre-Processing Query Document Documents
Retrieval Using
of User Input

Neural Network

Document
Ranking

Retrieval Client
ﬁ Ranked Document List

Figure 4-6. Theetrieval step.
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4.1.5.1 Pre-Processing of User Input

User Input: relationship between recall and precision

H Keyword Pre-processing

Extracted Keywords Index
relationship 5
recall 8
precision 3
Encoding
0 0 1 0 1 0 0 1 0 0 0
Multiply the weight
0 0 0.5489 0 0.8752 0 0 0.7431 0 0 0

Multiply the sparse binary proje

ction matrix

0.5489 | 0.5489 | 0.8752 0 0 0 1.6183 0 0 0 0.8752
Normalization
0.3248 | 0.3248 | 0.6592 0 0 0 0.8921 0 0 0 0.6592

Figure 4-7. Example of encoding the user input kays.

1x5487

1x5487

1x300

1x300

Figure 4-7 illustrates an example of encoding teer's input. User’s input

string is firstly tokenized and parsed into distikeywords. As discussed in the

previous section, a total of 5,487 distinct keyvgadle extracted from all the citations

in the Web Citation Database. Thus, the user’stilkggywords are compared with

these 5,487 words to form a 5,487-dimensional quector. The occurrence of the

keyword will set the element of the query vectotthe corresponding position to 1.

Otherwise, the keyword will be used as the indemtéo read from the WordNet

thesaurus to find its synonyms. If any of the symos is found in the 5,487-keyword

list, the original keyword in the query is repladedthe synonym. If it fails to find the

matched keywords from the WordNet thesaurus, tleahent of the query vector will

be set to 0.
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During the weight multiplication step, instead sing the weight term TFIDF
as used in the document vector, each element imukey vector is weighted using

gf xidf (the frequency of the term in the quefythe inverse document frequency of

the term in the collection) (Turtle and Croft, 199This is used based on the
assumptions that a content-bearing term that odceguently in the query is more
likely to be important than one that occurs infregtly, and terms that occur
infrequently in the document collection are mokely to be important than frequent
or common terms.

After the above process, the query vector is miidtipbby the same matrix R

that is used in the training phrase to reduceintgedsionality to 300.

4.1.5.2 Document Retrieval Using Neural Network

This stage recalls the similar documents learnddréeand ranks them based
on the closeness to the user’'s input query. Theeval algorithm of the KSOM

network is different from the Fuzzy ART network.

KSOM Network

In the KSOM neural network, the competitive leagnis used to compute the
winning cluster as in the training process. Theli@lean distance of the documents
within the cluster to the user’s input query isdise rank the documents. Figure 4-8
shows the cluster map in response to the queryativaship between recall and
precision”. It includes the winning cluster and iitsighbourhood clusters. The best-
matched cluster is indicated to the user. In thise¢ the best matching cluster is 95.
The interface also allows the user to browse thinahg cluster map. By clicking any
of the cluster numbers in the cluster map, docusénin that particular cluster are

then listed and ranked according to the least Heah distance from the user’s query.
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This can be seen in Figure 4-9. The paper titlesuaderlined to allow users to get the
full-text content of the paper through the underylURL links. There are also “citing”
and “cited” links provided, which allow the userdo deeper into the citing or cited

documents of that particular publication.

://127_0.0.1/scriptsWwWWQuote dII? oft Internet Explo
File Edt Yiew Favoites Tools Help ‘
3 A
K ) W @ @@ | B S 9w o @3 @
Back Fanard! Stop Refresh Home Search Favorites History Mail Print Exgiit PowerWord  Joyo
| Address [&] hitp:/127.0.0.1/sciptsAwwwBuote. dI? =] @6 |J Links >
=l
You asked to search for - relationship between recall and precision
gearching for exact keyword - relationship between recall and precision
Cluster no - 95 is the best match for the given query
RESULTS SUMMARY - CLUSTER MAP
853 54 855 86 87
858 859 =0 51 92
93 94 95 56 97
o8 99 X X x
L £ £ )8 X
@] Done [ [ Localinanet

Figure 4-8. Cluster map for the KSOM algorithm.

J CiteMine Search Tool: Search Results - Microsoft Intemnet Explorer provided by TUCOWS

| File Edt View Favoites Tools Help

‘ o B 4 Q m 2 B g v . @ @
Back Foiard Stop  FRefiesh  Home Seaich  Fawoites Histo Mail Prirt Edit Powerwiord  Joyo
| Addiess [ htp 14127001 /seripts v/ Quote, AIPMFcI SAPICommand=DisplayListirum=35 =] @ee M Links >

=

Search Result (KSOM)

Cluster Number = 85

Article

ONLTINE TWFORMATTOM-RETRIEVAT, - CONCEDTE, PRINCTIPLES, AWD TECHNIQUES; EIMHORN DA; TNFORMATTON
TECHNOLOGY AND LIBRARIES, V6, N1, 1987, P74-75 Jcited links , citing links]

ONLINE INFORMATION-RETRIEVAL - CONCEPTS ERINCIPLES AND TECHNTIQUES; DUNCAN EE; LIBRARY
JOURWAL, V112, N4, 1987, P5& [cited links , giting links]

ONLINE INFORMATIOMN-RETRIEVAL — CONCEPTS, PRINCIPLES, AND TECHNIQUES, TOBIN CM; DATABASE-THE
|MacazImg OF DATABASE REFERENCE AND REVIEW, V10, N1, 1387, PL03 [cited links , citing links]
ONLINE INFORMATIOMN-RETRIEVAL - CONCEPTS, PRINCIPLEE, AND TECHNIQUES; LIVESEY B; PROGRAM-—
AUTOMATED LIBRARY AND INFORMATION SYSTEMS, V22, N4, 1988, P421-422 [cited links , citing
links

A GENERAL RESEARCH AGEMDA IN NATURAL-LANGUAGE PROCESEING AND INFORMATION-RETRIEVAL; WARMER
\AJ; JOURNWAL OF EDOCATION FOR LIBRARY AND INFORMATION SCIENCE, VvV 29, N1, 1988, P60-62 cited
links , giting links]

|COMPUTERIZED INFORMATTICON-STORAGE AND RETRIEVAL-SYETEMS; AZUBUIKE AA and UMOH J3;
|INTERNATIONAL LIBRARY REVIEW, V20, M1, 1988, P101-110 [cited links , citing links]

USER PERCEPTIONS AND EXPECTATICNS OF AN INFORMATICON-RETRIEVAL SYSTEM; JOSEPH B, STEIMBERG
ER, and JONES AR; BEHAVIOUR & INFORMATION TECHNWOLOGY, V&, NZ, 1989, P77-88 [cited links ,
citing links
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|| [B& Localintianet
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Figure 4-9. The result for the cluster number Sagithe KSOM algorithm.
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Fuzzy ART Network

The recall of the stored documents in the Fuzzy ARUral network can be
interpreted as identical to training. However, Yigalance test is always passed and no
weight updates are performed during retrieval.

Figure 4-10 shows the search result for the saneeyduelationship between
recall and precision” using the Fuzzy ART netwofke total number of documents
returned is 87, which is much greater than thel totenber of documents returned
using the KSOM network, 32. Another difference frét¢éBOM is that there are no
neighborhood clusters information displayed usimg Fuzzy ART network. This is
because the Fuzzy ART network is sensitive to #guence of the training data. In
another words, the training data presented to tezy= ART network in different
sequence will result in different clusters to bagyated. Therefore, there is no direct

relationship between the winning cluster and itgmeorhood clusters.

T - T

| Ble Edt View Favortes Toos Hel |
% = > | B = i o

‘ - R | [¢] 4 el [=d 3 | B 9 w . @ ]

| Bask " Fowed Stop Refiesh  Home Sesich  Favorter  Hitow | Mal Print Edit Powetword  Joo )

| Adress [&] hitp 44127001 sscriptsiwieiwGunte. I B

Search Result (Fuzzy ART) :'

Cluster Number = 11

Sed Article
no

USER MODELING IN INTELLIGENT INFORMATION-RETRIEVAL; BRAJNIK G, GUIDA G, and TASSO C;
TNFORMATTON PROCESSING & MANAGEMENT, V23, N4, 1987, P305-320 [cited links , eciting links]

A PROTOTYPE OF AN INTELLIGENT SYSTEM FOR INFORMATION-RETRIEVAL - TOTA; CHIARAMELLA Y and

2 DEFUDE B; INFORMATION PROCESSING & MANAGEMENT, V23, N4, 1987, P285-303 [cited links , citing
links

INFORMATTION-RETRIEWAL SYSTEM ON ORGANTIC-COMPOUND STRUCTURES DESTIGMNED FOR THE SM-TYEPE

COMPUTER; KACHALKOV AM, MOLODTSOV 8G, and SMIRNOYV VI; NADCHNO-TERHENICHESKAYA INFORMATSIYA

3 SERIYA 2-INFORMATSTONINYE PROTSESSY T SISTEMY, V23, N4, 1987, P285-303 [cited links , citing
links] , M4, 1987, P14-17 [cited links , citing links]
DIALOG WITH INFORMATION-RETRIEVAL SYSTEMS - CAUSES OF DISCOMFORT AND MEANS OF THEIR

4 ELIMINATION; TOOM AI; NAJCHVO-TEKHNICHESKAYA INFORMATSIYA SERIYA 2—-INFORMATSIONNYE PROTSESSY
T SISTEMY, V23, W4, 1987, P285-303 [cited links , citing links] , N4, 1987, P14-17 [cited
links , citing links] , N4, 1987, P1-5 [cited links , citing linke]

‘5 A BTRATEGY FOR INFORMATION-RETRIEVAL FROM THE CIM TECHNWNICAL LIBRARY; YOUNG PV; CIM BOLLETIIN,

‘ wE0, MB99, 1987, P54 [cited links , citing links]
s !INFORMATION—RETRIEVAL EY THE TOMNE CONSULTANT/; BEAVERS EM; ARSTRACTS OF PAPERS OF THE
|AMERTCAN CHEMTCAL SOCIETY, V193, 1987 [cited links , citing links]

s |INFORMATTION-RETRIEVAL - FUNDAMENTALS FOR INFORMATTION-SCIENTISTES; KRAUSE J; NACHRTICHTEN FIUR L]

© || = Localintanet

Figure 4-10. Search result of the Fuzzy ART network
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4.1.5.3 Document Ranking

The ranking of documents is done according to theliean distance of the
query term from all the documents in the clustalt(®, 1991). Given a document

vectord and a query vectay, their similarity sim(d,q) is computed as follows:

n

Z(Wdiqui)
sim(d, q) = —=

[3 (3

i=1 i=1

where wa and wq are the weight of thé'ielement in the document vectband query
vectorg respectively. The formula actually measures thelii@an distance between
the document vector and the query vector. Any dasumthat have the smallest value
is given the highest rank and the results in thetel are sorted based on this principle.
For the case where the values are the same, tkimgdretween the documents is done

randomly.

4.2 Performance Evaluation

The performance evaluation has been conducteddtr KSOM and Fuzzy
ART neural networks. The training performance a#l a® the retrieval performance
of these two models is compared. The experiments warried out on a Pentium Il

450 MHz machine with 128M RAM under the Windows bjeration system.

4.2.1  Training Performance

The performance of KSOM neural network’s trainingpdnds on the initial
weights and the selection of training parametehe fiumber of iterations should be
expected to be reasonably large, as the learniray statistical process. For good

statistical accuracy, the number of steps shouldtbdeast 500 times larger than the

71



Chapter 4  Data Mining for Document Clustering

number of neurones (Kohonen, 1990). Here, the nuwfxeeurones was chosen to be
10x10 and the number of iterations should be at 1689000. But with such large
number of training steps, the algorithm is very pamational and the intermediate
results may be repeated when the training settasge. In this research, the number
of iterations was set to 5,000.

The vigilance threshold of the Fuzzy ART networledmines the number of
clusters generated. A value close to 1 indicatasaltlose match is required and there
will be more clusters to be generated, while foaken vigilance threshold, a poorer
match is acceptable. For comparison purpose, theauof clusters generated by the
Fuzzy ART network should be as close as possibléhab of the KSOM network.
Therefore, the vigilance threshold was set to 8.tha number of clusters generated is
129 which is quite close to the number of clustgnserated by KSOM, i.e. 100.

The training performance is evaluated in two aspeohe is the training

efficiency and the other is the training accuracy.

4.2.1.1 Training Efficiency

Table 4-2. Statistics on training efficiency of KBnd Fuzzy ART.

Criteria KSOM Fuzzy ART
Pre-Processing Time 1 min 6 sec 1 min 6 sec
No. of Iterations 5,000 800
Training Time 46 min 25 sec 12 min 11 sec
Total No. of Clusters 100 129

The training efficiency can be measured based ertdtal training time and
the number of iterations required by the neuralvoéts to reach the convergent state.
In this experiment, the following data was usede Tlumber of keywords in the

keyword list was 5,487. The number of words to learshed in the WordNet
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dictionary was 121,962. The total number of docunusied for training (training set)
was 1,000.

Table 4-2 shows the training performance of theserteural networks. It can
be observed that Fuzzy ART requires much lessitigitime as compared to KSOM.
One of the reasons is that the number of iteratibed=uzzy ART network required to
reach the convergent state is less than that iK8@M network. The advantage for
the Fuzzy ART network is that when there are newudtents added into the
document collection, only the additional new docataeneed to be presented to the
Fuzzy ART network for training. Therefore, the triag time will be much faster. But
for KSOM, so long as the document collection changeneeds to erase the previous
memories and re-learn from the whole training sas@gain which makes it very
time-consuming.

Another difference of these two neural networkthes total number of clusters
generated. For KSOM, the number of clusters waslpfimed. It was set to be 100 in
this experiment. For the Fuzzy ART model, the numddeclusters generated depends
on the vigilance threshold level. Here, the vigdanthreshold was set to 0.7 to

generate 129 clusters.

4.2.1.2 Training Accuracy

The training accuracy is measured by evaluatingefifectiveness of cluster
assignments. The standard recall, precision anthéasure are used here. Recall is
defined as the ratio of correct assignments bysttstem divided by the total number
of correct assignments. Precision is the ratio mfect assignments by the system

divided by the total number of system’s assignmefte F measure, which was
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introduced by Rijsbergen (Van Rijsbergen, 1979mismes recall (r) and precision

(p) with an equal weight as follows:

F(r. p) :( 2rp ]

r+p

The R scores can be calculated for each category andage@ across the
experiments. Two kinds of averaging methods canuded, micro-averaging and
macro-averaging techniques (Yang and Liu, 1999)crdaveraging scores are
computed on a per-document basis, they tend to dmindted by the system’s
performance on large categories. Macro-averagiragescare computed on a per-
category basis, therefore, they are more likelyb# influenced by the system’s
performance on small categories. Here, we only oreamicro-averaging jFin the
performance evaluation as it has been widely usenldss-method comparison (Yang
and Liu, 1999). That is, the; value is computed globally over all thexm binary
decisions, wherea is the number of total training documents, amés the number of
categories. In addition, for comparison purpose,ag® defineerror as the ratio of
wrong assignments by the system divided by thel totamber of system’s
assignments.

Ten judges were selected to manually categorissirdents into clusters.
1,000 documents were randomly selected for the Eampasurement. The number of
the manually categorized clusters was 20. Theseuatigncategorized clusters were
used as the correct result with which the systepesformance is compared.
Therefore, the output of the KSOM network was asbto 20 as well. The vigilance
threshold of the Fuzzy ART network was set to O.ifilérder to get the same number

of clusters as in KSOM.

74



Chapter 4

Data Mining for Document Clustering

Table 4-3. Summary of training accuracy of KSOM &uodzy ART.

Algorithm Recall Precision r Error
KSOM 0.8143 0.8271 0.8206 0.0375
Fuzzy ART 0.7725 0.8007 0.7866 0.0486

Table 4-3 summarises the overall performance sctirean be observed that
KSOM performs better than Fuzzy ART on both reeadt precision. Figure 4-11
shows more detailed performance scores for KSOMFRumty ART. The horizontal
axis is divided into equal-sized intervals for thening set frequency ranging from 50
to 1000. The vertical axis represents the S€ore. The curves are obtained by
averaging the per-category Bcores per interval for each neural network atbori
and interpolating the Fscores. Although at some points, Fuzzy ART perfobeiser
than KSOM, the overall performance of KSOM is dbiditter than Fuzzy ART. It can

also be observed that when the training set i®|dhg I scores become stable.

——KSOM —#—Fuzzy ART |
1
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Training Set Frequency

Figure 4-11. Performance of clustering accuracyKleOM and Fuzzy ART.
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4272 Retrieval Performance

The retrieval performance is evaluated based oratleeage on-line retrieval
speed, retrieval precision and recall. Retrievaesbmeasures how fast the result is
presented to the user after submitting the seawehygPrecision is defined as the ratio
of the number of documents that are judged as aetefor a particular query over the
total number of documents retrieved. Recall isrgfias the ratio of the number of
relevant documents retrieved over the total numdferelevant documents in the
collection. Recall is considerably more difficult measure than precision because it
requires finding relevant documents that may notrdteéeved in answering user’s
query (Blair and Maron, 1985). As the document asr{g quite large, it is difficult to
get the total number of actual relevant documewtor@ing to the user’'s query.
Therefore, the retrieval recall was not measuratisexperiment.

As precision deals with the concept of relevance, need to have a clear
definition of the relevance. Harter (Harter, 199®2)d Saracevic (Saracevic, 1996)
classified the concepts of relevance into two nw@@sses: objective or system-based
relevance, and subjective or human (user)-basevamete. The objective relevance
can be defined as a topically measure in the sdreea document is objectively
relevant to a request if it deals with the topictbé request (Harter, 1992). The
objective relevance is restricted to deal only wile degree to which the query
representation matches the contents of the rettiemdormation objects. The
subjective or user-based relevance is concernech wite aboutness and
appropriateness of a retrieved information objext eefers to the various degrees of
intellectual interpretations carried out by humdrservers (Saracevic, 1995). This

relevance measure is not based on the relatiolstpeen a query representation and

76



Chapter 4  Data Mining for Document Clustering

a retrieved information object, it is solely depermh the judgements of the users
themselves.

In this research, we apply the above two kindsedévance to evaluate the
system. They are system-based relevance carrieddettly at the objective
processing level of the system by examining th&ednist of documents generated by
the system, and user-based relevance associatetheitiser or user level.

There are many factors determining the retrievatigion, e.g. the accuracy of
keywords pre-processing of training documents |ehening rate of the KSOM neural
network, the vigilance threshold of the Fuzzy ARStwork, and the quality of user’'s
input queries. If a user’s input query contains ynaaw keywords that are not found
in the keyword list, the retrieval performance wile degraded. To conduct the
experiment, 50 queries (listed in Appendix A) weyamed with the keywords chosen
carefully. The topics that closely related to theexted returned results for these
qgueries were also clearly defined by the 10 persogk that these topics were used to
evaluate the retrieval precision.

Search sessions were conducted to the system bgathe 10 persons. Each
person assessed the outcomes by perceiving whiitheeturned information object
corresponds to the topical area required by thermmétion need of the query. As the
returned list might be very huge, it was not pdssib examine every document one
by one. Only the first 20 documents were assesse&hch search session. The other
documents were considered as irrelevant. For tluened list that contained less than
20 documents, all documents were examined. Thessssnt were made according to
the three categories: highly relevant, partialllevant and not relevant (Pao, 1993).

Three different values 1.0, 0.5 and 0.0 were assigto the above categories
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respectively. In addition, two more categories50and 0.25, were added in order to

make a finer assessment.

OKSOM + System-Based BKSOM + User-Based
B Fuzzy ART + System-Based OFuzzy ART + User-Based

Relevance Value

N s = mhs S NS NEAS EA S N REAS HA H = MM

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Rank Order of Document by the System

Figure 4-12. System-based versus user-based relei@nKSOM network.

The system-based relevance values and users’ edsedsvance values for
one search session using the KSOM and Fuzzy ARWVanks are compared in Figure
4-12. From the system'’s point of view, the algaritb topically precision is quite high
(85.45% for KSOM and 84.65% for Fuzzy ART). But rfrothe test persons’
perspectives, the precision is not so high as Wieeatl average precision is 81.25% for
KSOM and 74.5% for Fuzzy ART. The relevance meagareone query session is
listed in Appendix B.

It can also be observed that the system-based aredev values are in
descending order as the relevance values werelai@duby the system itself. The
user-based relevance values were calculated by swgrup the results of all the test
persons and averaged over these 10 persons. Fems#rs’ points of views, the
relevance values of the first 20 documents are imoiescending order. That is,
documents that were listed behind may be more aatethan the documents appeared

in the front.
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The overall retrieval precision is obtained by rageng the system-based
relevance and user-based relevance. The finaltrasdlthe average retrieval speed are
listed in Table 4-4. It can be observed that KSGdduires longer retrieval rate but
with higher overall retrieval precision.

Table 4-4. Statistics on retrieval performance 8 and Fuzzy ART.

Technique Average Retrieval Retrieval Precision
Speed System-Based| User-Based| Average
Relevance Relevance
KSOM 1.6 sec 84.35% 78.5% 81.43¢
Fuzzy ART 0.7 sec 83.12% 71.25% 77.199

In conclusion, both KSOM network and Fuzzy ART mlodee capable to
uncover the semantic similarities of documents thasem the feature vector
representation of the documents. The results aetliawsing the KSOM network
resemble the similarity of documents more faithfujet at the expense of longer
training time. On the other hand, KSOM is not shlgafor dynamic document

database, as re-learning is required when thexel&nge in the document database.

4.3 Summary

In this chapter, document clustering using the KS@M Fuzzy ART neural
networks is discussed. It has been observed tleah¢hiral networks have a special
way to store information. The vital information m®t stored in memory locations.
Rather, it is distributed throughout the neuralwoek systems. The network
architecture represents the knowledge and dynaypicasponds to the input. The
ability to handle imprecise information makes treumal networks extremely fault
tolerant and can give very good results which malylre achievable with any other

techniques.
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The performance evaluation for both KSOM and FuZ@®T has been
conducted. The results show that the system usirBOM achieves higher
categorisation as well as retrieval precision. Heave learning a new pattern in
KSOM network, the existing or previous stored infiation in the network is affected.
The Web Citation Database is dynamic in the sehaertew citation information is
kept on adding into the citation database whenéwae are new scientific literature
posted in the Web. Therefore, using KSOM to categand retrieve documents from
the Web Citation Database is not suitable, asamileg is required. On the contrary,
the Fuzzy ART network exhibits a degree of plastievhen acquiring new training
data. The recall of the data already learned isaffetted, and the weights for clusters
already stored are not modifiable. To concludehi®OM and Fuzzy ART networks
have their advantages and disadvantages, but FARZynetwork algorithm is more

suitable to be applied in the dynamic environmerchsas Web Citation Database.
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Chapter 5
Data Mining for Author Clustering

Traditional study of the intellectual structure thie scholarly community is
usually carried out by utilizing the author co-tiba analysis. As discussed in Chapter
2, two authors are correlated if the frequencyheirtworks that are cited together by
another publication is very high. We can then pretfiat the research interest of these
two authors must be similar or related. In thispthg the data mining process for

author clustering is discussed.

5.1 Data Mining Process

Figure 5-1 shows the data mining process for authgtering. It consists of
the following six steps:

1. Create Author Co-Citation Pairs'he author co-citation pairs are created from the
Web Citation Database by grouping two distinct atghtogether with the same
“source_ID” in the CITATION table.

2. Create Raw Co-Citation MatrixThe co-citation frequency of each author pair is
calculated first, which is then used to compute ¢becitation link strength. The
author pairs with the co-citation link strengthdyela certain threshold are filtered
out and the rest will form the raw co-citation npatr

3. Convert into Correlation MatrixThe raw co-citation matrix is converted into the
correlation matrix by substituting the author ctaton count with the Pearson’s

correlation coefficient.
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4. Generate Author ClustersThe Agglomerative Hierarchical Clustering (AHC)

algorithm is applied to the correlation matrix Engrate the author clusters.

5. Display Author Cluster MapThe Multidimensional Scaling (MDS) technique is

used to generate XY-coordinates for all the autlothe two-dimensional space,

which are then combined with the cluster knowledgedisplay author cluster

maps.

6. Author Retrieval The author cluster information is used to perf@uthor cluster

retrieval.
Cregte_AuthO_r Author Information Web Citation
Co-Citation Pairs ‘
Database

H Author Co-Citation

Pairs
Create Raw Co- Auth0|_'
Citation Matrix Information
Raw Co-Citation
H Matrix V
Correlation Author Retrieval
Convert into Matrix. | pisplay Author Cluster Map . Result j
Correlation Author Retrieval
. Cluster Map =
Matrix = —
I
Author
Correlation Clusters o PubSearch
Matrix uster Retrieval System
Information
Generate Author Cluster Information -
Clusters > Cluster Information

Database

Figure 5-1. Data mining process for author cluatgri

511 Create Author Co-Citation Pairs

The input to this step is the CITATION table frohetWeb Citation Database.

One of the attributes of the CITATION table is “so& ID”, which specifies the

source paper of the current record. The records thié same “source_ID” are from

the same source paper. Therefore, the author atecit pairs can be created by
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grouping two distinct authors together with the eafasource ID”. The co-citation
count of each author pair is calculated as theitatian frequency. Only the first
author of any cited papers is taken into consigmratThat is, authors who are
published as co-authors in the second or latetipasiwill not be used in this step.

Table 5-1. A part of the CITATION table.

citation_ID | source_ID Authorl
7 3 Boswell P
8 3 Finch C
9 3 Garner WR
10 3 Gray B
11 3 Levey M
13 3 Macgregor J
14 3 Macgregor J

Table 5-2. Author co-citation pairs.

Sequence No Author Co-Citation Pairs
1 Boswell P Finch C
2 Boswell P Garner WR
3 Boswell P  Gray B
4 Boswell P  Levey M
5 Boswell P Macgregor J
6 Finch C Garner WR
7 Finch C Gray B
8 Finch C Levey M
9 Finch C Macgregor J
10 Garner WR Gray B
11 Garner WR Levey M
12 Garner WR  Macgregor J
13 Gray B Levey M
14 Gray B Macgregor J
15 Levey M Macgregor J
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For example, Table 5-1 displays a part of the CIT@N table. All the citation
records were extracted from the same source paperding to the same “source_ID".
A total of 15 author co-citation pairs can be gatest as shown in Table 5-2. It should
be noted that although the author “Macgregor J'eapp twice in the citation records
with the “CITAION _ID” equals to “13” and “14” respévely, it will only be treated
as one author in the creation of author co-citapams. In another words, the author

pair, Macgregor J-Macgregor J, will not be created.

5.1.2 Create Raw Co-Citation Matrix

After the author co-citation pairs are created, toecitation link strength

(Garfield, 1980) is calculated using the followifogmula:

Link Strength (AB) = X/ (Y = X)
where X is the number of co-citations of authormd @uthor B, Y is the sum of total
number of citations of A and total number of ctas of B. In fact, this formula
normalizes the co-citation link strength by takingp the account of the total number
of citations for both A and B.

A threshold is set to filter out the author pairsthwinsignificant co-
occurrences. Author pairs with co-citation linkesigth exceeding the threshold value
are retained. The raw co-citation matrix can thenftrmed by taking the list of
authors as the entries in both row and column. Vidhee of each cell in the matrix is
the co-citation frequency count of the authorshie torresponding row and column.
Such matrix is symmetric, as the lower triangulaatn® is identical to the upper
triangular matrix.

For each diagonal cell of the matrix, White andff@ni (White and Griffith,

1981) select the value based on the highest offetial co-citation counts for each
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author. Chen and Carr (Chen and Carr, 1999) putndan co-citation counts of the
same author in the diagonal cell. As the diagoedls store the self-citation counts,
they do not contribute to the author clusteringcpss. Here, the diagonal cell values
are treated as zeros. An example of the raw cdartamatrix with co-citation
frequency values is shown in Table 5-3.

Table 5-3. An example of a ¥@0 raw co-citation matrix with co-citation frequenc

AUTHOR [ Anderson Baddley| Bates | Belkin Blair | Bookstain| Borgman| Brainerd | Cleverdon| Cooper
Anderson 0 53 9 10 3 2 12 45 1

Baddeley 53 0 0 0 0 0 0 89 0

Bates 9 0 0 287, 74 27 187, 0 24 29
Belkin 10 0 287 0 91 67 166 0 141 89
Blair 0 74 91 0 32 38 0 34 55
Bookstain 0 27 67 32 0 13 0 14 136
Borgman 12 0 187 166 38 13 0 25 13
Brainerd 45 89 0 0 0 0 0 0 0
Cleverdon 0 24 141 34 14 25 0 52
Cooper 0 0 29 89 55 136 13 0 52 0

The link strength of each author co-citation paicalculated and the result is
shown in Table 5-4. For example, if the link strégnthreshold is set to 0.13, for the
author co-citation pairs containing “Anderson”, ynlAnderson-Baddley and
Anderson-Brainerd pairs will be retained.

Table 5-4. An example of a ¥@0 raw co-citation matrix with link strength.

AUTHOR [ Anderson Baddley| Bates | Belkin Blair | Bookstain| Borgman | Brainerd| Cleverdon| Cooper
Anderson 0 0.2849 0.0259 0.021g 0.0098 0.0068 0.0334 0.2239 0.0042 0
Baddeley 0.2849 0 0 0 0 0 0 1.5345 0 0
Bates 0.0259 0 0| 1.3165 0.2913 0.0941 0.9444 0 0.102q 0.0984
Belkin 0.0219 0| 1.3165 0| 0.2473 0.1772 0.4743 0 0.568§ 0.243§
Blair 0.0098 0 0.2913 0.2473 0 0.1356 0.1262 0 0.191q 0.2477
Bookstain 0.0068 0 0.0941] 0.1772 0.1356 0 0.4761 0 0.076) 1.0709
Borgman 0.0338 0| 0.9444 0.4743 0.1262 0.4761 0 0 0.1024 0.0404
Brainerd 0.2239 1.5345 0 0 0 0 0 0 0 0
Cleverdon 0.0042 0 0.1024 0.5685 0.1910 0.0761 0.1025 0 0 0.3355
Cooper 0 0 0.098q 0.2438 0.2477 1.0709 0.0405 0 0.3355 0

The value of the link strength threshold affects timal results of the author

clustering process as the greater the frequencwy afiven pair, the greater the
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likelihood that the two authors belong to the sassearch area. Therefore, the scope
of the research area can be adjusted by increamindecreasing the threshold.
Generally, the higher the threshold, the narrowerdcope. In this research, the link

strength threshold is set to 0.45 which is deteeshiexperimentally.

5.1.3 Convert into Correlation Matrix

If two authors are cited frequently with a thirdtlsar separately, but
infrequently with others, then they will have atigositive correlation. This can be
perceived as related or similar by the citing papah. That is, even though the two
authors may not be highly co-cited, they may gtilsent certain degree of similar co-
citation profile. For example, author A is highlyed with author C but not with other
authors. Similarly, author B is also highly citedttwauthor C but not with other
authors. The overall co-citation count for authdrand B may be small. But they still
exhibit the similar co-citation profiles as bothtlaars are cited frequently with author
C. The creation of correlation matrix can help émove the differences between
authors who are highly cited and those who haveilainprofiles but are less
frequently cited overall (Kerlinger, 1973).

The correlation is defined as a measure of sinylafihe higher the positive
correlation, the more similar the two authors amwanf the perceptions of citers. The
Pearson’s correlation coefficient is normally usedauthor co-citation analysis to
measure the similarity between author pairs (Waitd McCain, 1998). The formula
used to calculate the Pearson’s correlation caeffie (Johnson, 1988) is given as

follows:

o NG XV - X)QY)
JING. X3 - X)2ING Y -3 Y)?
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where X and Y are two input vectors and N is theeafision of the input vector. For
example, if a raw co-citation matrix of 40 authdssgenerated, for an author co-
citation pair A and B, each element of input vecfowill be the co-citation count of
author A with all the other authors, each eleméninput vector Y will be the co-
citation count of author B with all the other authaand N will be 39 as we do not take
the self-citation count into consideration.

The Pearson’s correlation coefficient r measures $trength of linear
correlation. It is always between —1 and +1 inslesi+1 means perfect negative linear
correlation and +1 means perfect positive linearretation. This correlation
coefficient r does not change if the X and Y valeslare interchanged. An example of
the correlation matrix is shown in Table 5-5:

Table 5-5. An example of a ¥@0 correlation matrix.

AUTHOR [ Anderson Baddley| Bates | Belkin | Blair | Bookstain| Borgman | Brainerd| Cleverdon| Cooper
Anderson 0| 0.7813 0.1914 0.1865 0.1807 0.12 0.1567 0.6251 0.1344 0.1209
Baddeley 0.7813 0 0.018 0.0125 0.016f 0.0024 0.0127 0.5939 0.0044 0.0001
Bates 0.1914 0.018 0| 0.928§ 0.8013 0.5206 0.9289 0.0146 0.6883 0.6123
Belkin 0.186 0.0125 0.9288 0| 0.8554 0.6757 0.8274 0.0107 0.8438 0.786
Blair 0.1807 0.0164 0.8013 0.8554 0 0.7175 0.7191 0.0122 0.7845 0.7933
Bookstain 0.12] 0.0024 0.5204 0.6757 0.717§ 0 0.452 0.002% 0.6553 0.8931
Borgman 0.1562 0.0127 0.9289 0.8274 0.7191 0.452 0] 0.0049 0.6063 0.5274
Brainerd 0.6251] 0.5939 0.0149 0.0107 0.0122 0.002% 0.0049 0 0.0041 0
Cleverdon| 0.1344 0.0044 0.6883 0.8438 0.7845 0.6553 0.6063 0.0041 0 0.8364
Cooper 0.1209 0.000)] 0.6123 0.78§ 0.7933 0.8931 0.5276¢ 0 0.8364 0

From the co-citation pairs containing the authond&rson”, it can be easily
found that the author pair, Anderson-Baddeley, he most highly co-cited one.

Therefore, these two authors may belong to the sas®arch area.

5.1.4 Generate Author Clusters

The correlation matrix stores the inter-author proty values. It serves as the
input to the Agglomerative Hierarchical ClusterigHC) algorithm to derive the

author clusters. Figure 5-2 shows the basic proaketse AHC algorithm.
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AHC_Algorithm:

Input: A set of N items (or authors) to be clustered, amd\Nx N correlation matrix.

Process:

1. Start by assigning each item to its own clusteiatTis, N clusters will be created
initially.

2. Find the most similar pair of clusters and mergarthnto a single cluster.

3. Compute the similarities between the new clustet each of the old cluster

\*2)

There are four different methods to compute theilaiines, namely, the singl

D

link, complete link, average link, and Ward’s metho
4. Repeat steps 2 and 3 until the desired numbewustarks is reached.

Output: The desired number of clusters.

Figure 5-2. The AHC algorithm to generate authasirs.

As shown in Figure 5-2, the similarity measure teps3 can be done in
different ways, using the single link, completekjiraverage link clustering, and
Ward’s method as follows.

» Single link or nearest neighbor methdd this method, the similarity between one
cluster and another cluster equals to the greateslarity from any members of
one cluster to any members of the other clusteos. diustersC, and Cg, the
similarity Sag between them is defined as:

Spe = MIN(S(N», Ng))
where N,00C, and N, OC,; and S(N,,Ny) is the similarity value betweeNa
andNg.

* Complete link or furthest neighbor methothis method is the opposite of the
single link method, the least similarity pair beemewo clusters defines the inter-
cluster similarity. For cluster€, and Cg, the similarity Sig between them is
defined as:

Sps = MaxS(N,, Ng))
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where N,[0C, and N, JC; and S(N,,N;) is the similarity value betweeNa
andNg.

* Average link methodThe average link clustering uses the average vpag-
similarity between two clusters as the inter-clustenilarity. For cluster<Ca and
Cg, the similarityS\g between them is defined as:

Spe = avgy(S(N,, Ng))
where N,[0C, and N, JC; and S(N,,N;) is the similarity value betweeNa
andNg.

« Ward’'s method The loss of information that results from the upmg of
individuals into clusters can be measured by tke sum of squared deviations of
every point from the mean of the cluster to whithelongs. This method joins
two clusters that result in the smallest increaséhe overall sum of the squared
intra-cluster distance. For clustefz and Cg, the Error Sum of Square (ESS) is

computed as:
n 2 1 n )
ESS=) X; _ﬁ(z X))
i=1 i=1

where X, is the element il€s or Cg, n is the total number of elements@ and

Cs. The ESSis calculated for every pair of clusters. The talasters with the
smallestESSare joined together to become one cluster.

In the implementation, linked list is used to sttre similarity matrix data. If
the matrix is NkN, there are N elements in the main linked listt Each element,
there is another linked list to store the similasalue between this element with all
the other elements. Initially, there are N clusterth each cluster contains a single
element. The pair with the greatest similarityasirid. Then, these two elements are

deleted from their corresponding entries and a Beivy is created for these two
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elements. The similarities between this clustehvall the other elements are then
calculated. This can be considered as a merge ggoBestopping threshold is defined

such that no clusters can be merged if all thelarity values are below this threshold.

Data Structure to Store the Similarity Matrix

[ A {e[oe —{c[b. —D[Dp —{E[Def=
| \‘|3/ —{ ¢ Do A D[ Dy —{E[ Dy

| \l/ 30 [ Do [ E [ Dee

| % €[00 o
=
— @
H D, has the greatest similarity
| AC 3B Ducp A D | Ducp HE|Dpce
| \‘|3/ D[ Dy —E [ Dy o
\ \c|>/ F E [ Do =

)]

H D,c e has the greatest similarity

‘A\T/E H B‘ DACE,B HD‘ DACE,D ’__L_
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H Dgp has the greatest similarity

[ ACE |31 B[ Dices AP Ducen
[ D |

()
Figure 5-3. Data representations of the similangtrix and clustering result.
Figure 5-3 shows the data representations of tindasity matrix and cluster
result. The input similarity matrix is>®, which contains five authors, author A,

author B, author C, author D, and author E. Iditjighese five authors are stored in a

90



Chapter 5 Data Mining for Author Clustering

linked list as shown in Figure 5-3 (a). Each erdfythis linked list stores another
linked list that contains the similarity value wah the other authors. For example, for
the slot of author A, it contains another linkest lihat stores the similarity values
between author A and authors B, C, D, and E resdgt which are Rg, Dac, Dap,
and D\e. At the beginning, there are five clusters witblrealuster only containing one
author.

After the first scanning of the linked list storedthe slot for author A, the
similarity value between A and C £P) is found to be the greatest among the values
between A and all the other authors and it is gretdttan the stopping threshold.
Therefore, the slot for author A is now occupiedthy author pair A and C, which is
treated as a single element. The similarity valhetsveen the author pair AC with all
the other authors B, D, E are re-calculated ancedtm the linked list as shown in
Figure 5-3 (b). On the other hand, authors A andr€ grouped into one cluster,
therefore, the main linked list only contains fantries now with authors A and C
stored in the same slot. As A and C are treated single element now, all the other
entries which contain the similarity values betwé&eand other elements are deleted.
For example, the entry containing the similarityueabetween B and C is deleted.
This can be observed in Figure 5-3 (b) where thieelil list for author B only has two
entries that contain the similarity values betwBeand authors D and E respectively.
This process repeats until no similarity valuesgresater than the stopping threshold.
In this example, two clusters are finally obtainedh A, C, and E are grouped into
one cluster while B and D are grouped into anothester as shown in Figure 5-3 (d).

Deciding the number of clusters is essential fierdrchical clustering. The
clustering method begins by considering each authde a cluster. At each stage of

the analysis, the algorithm combines two clustetd,at the end, all of the authors are
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in a single cluster. We need to define the stoppirg such that at certain point, the
algorithm will quit from the cluster merge processl return the clusters at that stage.
As the hierarchical clustering approach used isoagerative, it is obvious that
the first two clusters merged are the ones thaivdhe greatest similarity. However,
when the number of authors per cluster increasaadrging the existing clusters, the
authors within each cluster are increasingly digainas the process goes on. In this
step, the retrieval efficiency also needs to besitred, and each resulting cluster
should contain a reasonable number of authors.aliefg the above considerations,
the threshold for the stopping rule is set to Qubhsthat two clusters will only be
merged when the inter-cluster similarity is greatesn the threshold (Zamir and

Etzioni, 1998).

5.1.5 Display Author Cluster Map

After the clusters are generated, it is necessamyresent the author cluster
information in a graphical manner to make it morHeative and intuitive.
Traditionally, ACA research relies on the Multidingonal Scaling (MDS) program in
the SPSS statistical package to generate the aathster map. It requires human
interpretation to identify author clusters. Cherhé@, 1999; Chen and Carr, 1999)
incorporates visualization techniques into citatimmalysis to generate the author
cluster map in three-dimensional world. The citatipatterns are extracted from
document collections using Latent Semantic IndeXiDgerwestert al, 1990) and

Pathfinder Network Scaling (Schvanevedtliial, 1989).
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Modified MDS Algorithm:

Input: An N x N correlation matrix (D).

Process:

1. Assign author points to coordinates in a two-din@ms space arbitrarily.

2. Compare Euclidean distances among all the paipiots to form a matrix, whic

5. Repeat step 2 through step 4 until stresswill not get any lower.

Output: XY-coordinates for each author.

is called a Dhat matrix.

. Compare the Dhat matrix with the original correatimatrix D by evaluating th
stress(Chatfield and Collins, 1989) function. The smaltee stressvalue, the
greater the correspondence between them. The dgdoeraof thestressfunction

IS given as:

ZZ(f(Xij)_dij)z

i=1 j=1

stress=
scale

where N is the original dimension of the similarity matrix

d; refers to the Euclidean distance between pairged j on the two-

dimensional map;

f(x;) is the transformation function of the original inpdata of the

similarity matrix; in metric scaling,f(x;)=X%;; and in non-metric

ij 7
scaling, f(X; ) is a weak monotonic transformation of the inputac

that maximizes the stress function;
scale refers to a constant scaling factor, it is useddep thestress
value between 0 and 1.
When the MDS map reproduces the input data peyfettté stressis zero. Thus
the smaller thetress the better the representation.
. Adjust the coordinates of each point in the dictthat can best minimize th

stress

(0]

a

e

Figure 5-4. The modified MDS algorithm to generatg¢hor cluster maps.
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Here, we propose another method to generate tieracluster map. It uses
MDS algorithm (Greert al, 1989) to map authors in the correlation matrio itwo-
dimensional space with each point representing aumnor. The modified MDS
algorithm is given in Figure 5-4. The output of tigorithm is the XY-coordinate of
each author. Then, based on the author clustemmafiton and XY-coordinates of all
the authors, a two-dimensional map is generatesth@asn in Figure 5-5. Authors from
various clusters are differentiated using pointthwiifferent shapes and colors. Each
cluster represents a research area. Authors witieirsame cluster are the experts or

researchers of the same research area.
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Figure 5-5. Author cluster map.

5.1.6  Author Retrieval

The author cluster information and cluster map Haa@n incorporated into the
author retrieval process of the PubSearch retrigystem. The user’s query input will
be author name, either full name or partial nanie Jystem will then display the map

of the author cluster that the searched authomigsito.
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Figure 5-6. Author cluster map for the search queryBelkin”.
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Figure 5-7. List of papers by “Belkin”.
For example, if the user’'s query is “Belkin”, Figus-6 shows the map of the
cluster that contains the author “Belkin”. Eachmioepresents an author. The distance
between each other roughly corresponds to theaityilamong them. By clicking any

author names, a list of papers written by that @u#ne displayed as shown in Figure
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5-7. All the paper titles are underlined to indec#ite availability of the URL links for

full-text access of the publications. Users ar® @kowed to view the author cluster
map by clicking the button “Click here for overallithor cluster map” in Figure 5-6.
The author cluster map will then be displayed aswhin Figure 5-5.

Besides author information retrieval, the autharstdr maps can also be used
to monitor the change of the research focus ofracp#ar author as well as the newly
emerged research areas throughout the years. sTHiigstrated as follows. Forty most
highly cited authors from the test citation databmsinformation retrieval field from
1987 to 1997 are used as author samples. Useddlaneed to enter the range of the
publication year such that author cluster mapsgareerated in different time frames.
For example, the 10-year period is divided into tivoe frames, 1987 to 1991 and
1992 to 1997. The records with the publication dateng within these two time
frames are analyzed separately and two authoreclusaps are formed as shown in
Figure 5-8 and Figure 5-9 respectively.

For illustration purposes, the boundaries of ewarthor cluster are manually
drawn and the description for each research aregiven based on the common
research topics of every author within a clusterthars from different research areas,
such as the general IR theory, IR techniques, IRehaser information seeking and
retrieving behavior, are displayed. The area of maerized IR system &
mathematical model during the period of 1987-1%9fore or less similar to the area
of IR system design and evaluation during the pemd 1992-1997. The newly
emerged research fields include user perspectivd® and IR theory research. Some
authors’ research interests have changed over tivesperiods. For example, Belkin

shared the same research interest with Van Rijeber@roft and Sparck Jone during
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the period of 1987-1991. But his research focussegbently shifted to user

information seeking and retrieving behavior.
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5.2 Performance Analysis

The performance evaluation has been conductedeonltistering results. The
entropy measure that uses labels as defined ineyBdl998) is applied here. Each
author is manually given a label according to tbgearch area the author belongs to.
The labels are used to measure the entropy ofethdting cluster as a measure of

guality. The entropy of a given clusi€ris defined by the following formula:

c(i,C) c(i,C)
%" Z(Z(C) Z(C))

where c(i,C ) is the number of times labeloccurs in clusteC. The entropy for a

cluster is zero if the labels of all the authors e same, that is, all the authors are in
the same research area. Otherwise, it is posilie. total entropy is the weighted

average of the individual cluster’s entropies:
_ 1
Sotal __Z(ec x NC)
M “c

where M is the total number of clusters af. is the number of authors in cluster

Therefore, the lower the entropy, the better thalitu of the author clustering
algorithm.

In the proposed author clustering process, twafadaffect the final clustering
results. The first one is the co-citation link sgth threshold. As recalled from the
previous sections, only author pairs with the Ilgtkength greater than the pre-defined
threshold are used to form the correlation mat@xher author pairs are discarded
from the measurement. Experiments need to be coediilc order to get the optimal
co-citation link strength threshold. Another factbat can affect the clustering results

is the method used to calculate the similarity leetvclusters. Four different methods

98



Chapter 5 Data Mining for Author Clustering

were implemented to compare the performance. Theng whe single link, complete

link, average link and Ward’'s method.

5.2.1  Experiment

The whole test citation database consisted of gaperinformation retrieval
studies published from 1987 to 1997, which was Varge. For experimental purpose,
we had chosen 40 most highly cited authors asrtpetidata to do the experiment.
These authors had been classified into six difteresearch areas (Ding, 1998) using
the SPSS tool with manual processing. Table 5-@shbe classification result.

Table 5-6. The classified author clustering results

Research Area Author Names

General IR theory Salton G

Computerised IR system & Croft WB, Jones KS, Robertson SE, Vanrijsbergen CJ

mathematical model

IR model Bookstein A, Cooper WS, Fox EA, HarmanLDsee
RM, Wong SKM
Psychology Anderson JR, Baddeley AD, Brainerd G3jkCFIM,

Hintzman DL, Humphreys MS, Jacoby LL, Murdock
BB, Ratcliff R, Roediger HL, Schacter DL, Squire LR
Tulving E
IR theory & techniques Blair DC, Cleverdon CW, Dervin B, Ellis D, Harter

(less mathematical & SP, Ingwersen P, Lancaster FW, Marchionini|G,

computerized) Markey K, Meadow CT, Swanson DR

User searching behaviour Bates MJ, Belkin NJ, Bengi@L, Fidel R, Saracevic
T
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5.2.2  Co-Citation Link Strength Threshold

In this section, experiments were conducted to show the co-citation link
strength affects the final clustering result. Theemplete link method was used for
similarity measure as it can achieve the best etisg result that will be shown later.
Table 5-7 shows how documents were distributedto different clusters by research

area labels when co-citation link strength wastsed.3. The entropye.) for each

cluster was also calculated.

Table 5-7. Statistics of entropy for each clustghwo-citation link strength = 0.3.

Research Area Clusters

1 2 3
General IR theory 0 0 1
Computerised IR system & mathematical 1 3 0 0
model
IR model 0 0 6 0
Psychology 9 1 0 3
IR theory & techniques (less mathematical & O 1 1 9
computerized)
User searching behaviour 0 0 0 5
Entropy (e.) 0.2611| 0.2741| 0.0947| 0.2183
Total entropy €,..,) 2.1126

By varying the co-citation link strength threshottifferent clustering results
are obtained. Figure 5-10 shows a comparison ofetiteopy values calculated by
varying the co-citation link strength thresholdrfr®.3 to 0.7 using the complete link
method. The optimal value for the co-citation listkength threshold is 0.45, and the
corresponding entropy value obtained is 0.8562¢ckvigives the best clustering result.

It should be noted that increasing or decreasiagltreshold results in poor accuracy.
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Figure 5-10. Entropy values by varying the co-aialink strength threshold.

5.2.3  Comparison of Different Similarity Measure Methods

Four similarity measure methods, namely, the sirglk, complete link,
average link and Ward’s method, were implementext. ddmparison purpose, the
same cut-off criterion was used for these four mesh The clusters were stopped to
merge when the similarity measure between therasis than 0.5. The co-citation link
strength threshold was set to 0.45. Table 5-8 shbeswumber of clusters obtained
and the entropy values using these four clusteriathods.

Table 5-8. Performance measurement of entropy uBffegent clustering methods.

Clustering Method Number of Clusters Obtained Enpy Value
Single link 3 2.1673
Complete link 5 0.8562
Average link 3 2.5489
Ward’'s method 4 1.6932

The best performance is obtained using the comfildtanethod. It produces
tightly bound or compact clusters (Baeza-Yates,2)9%he single link method, in

contrast, suffers from a chaining effect (Everit886) and produces the poorest
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performance result. It has a tendency to genehastecs that are straggly or elongated.
The average link method is very efficient when tiigects form natural distinct
“clumps” and it performs equally well with elongdie‘chain” type clusters. The
Ward’s method is different from the above threehnds because it uses an analysis
of variance approach to evaluate the distances dagtwclusters. In general, this

method is quite efficient, however, it tends toateeclusters in small size.

5.3 Summary

Author Co-citation Analysis is an effective methtmdgenerate author clusters
according to the author co-citation data. But autyethere is no system that makes
use of co-citation to perform author clustering oaodtically. Researchers in the
information studies field still rely one some sttial packages, such as SPSS, to get
the statistics of the author co-citation patterBased on the output from these
packages, researchers then manually group the rauitto different research areas
according to the authors’ positions shown in th&ou In our research, the author
clusters are generated automatically using autlmcitation analysis technique

without the need of any human intervention.
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CHAPTER 6
Conclusion and Future Work

6.1 Summary

With the enormous growth of the World Wide Webfedent search engines or
search tools have been developed to help peopteabe their interested information
in the Web. Currently, there are no search engiggscifically for scientific
publication retrieval as scientific literature naihy appears in Portable Document
Format (PDF) or PostScript formats, which are mateked by most commercial
search engines. This research tackles this prolbgrproposing and developing a
scientific publication indexing and retrieval syst&nown as PubSearch. It consists of
three major components: Citation Indexing Agent, bWMEitation Database and
Intelligent Retrieval Agent. The Citation IndexiAgient searches through the Internet
to locate the possible Web sites that contain s@empublications, and then browse
through these Web sites to parse the scientigeditire. The citation information is
then extracted and stored in the Web Citation Cestab The thesis focuses on
discussing the Intelligent Retrieval Agent, whigbpkes data mining techniques for
document clustering and author clustering.

In the related work, some of the existing intehg agents are firstly reviewed.
To our knowledge, CiteSeer is the only system sogports automatic indexing and
retrieval of scientific publications. Different fmo CiteSeer, we focus on mining the
Web Citation Database for document clustering amtiax clustering for intelligent

retrieval. For document clustering, both hierarahiand non-hierarchical clustering

103



Chapter 6 Conclusion and Future Work

techniques are investigated. In this research,Kbkonen’s Self-Organizing Map
(KSOM) and Fuzzy Adaptive Resonance Theory (FuzRy Amethods are selected as
the mining techniques for document clustering. Faothor clustering, different
techniques including Cluster Analysis, Multidimesrsal Scaling (MDS), and Factor
Analysis are reviewed. The Agglomerative HierarahiClustering (AHC) of Cluster
Analysis is used to generate author clusters. dlss combined with MDS to display
author cluster maps.

The Web Citation Database consists of two majdess SOURCE and
CITATION. The SOURCE table stores the informatidrithee source papers while the
CITATION table stores all the citations extractedni the source papers. For the
purpose of testing the mining results, a testiomatiatabase is used. This database is
created by downloading the publications from 19871897 in the Information
Retrieval field of the Social Science Citation Irdeom the Institute for Scientific
Information’s Web site, which includes all the joals on Library and Information
Science. A total of 1,466 Information Retrievalated papers were selected from 367
journals with 44,836 citations.

For document clustering, the data mining processsists of five steps,
namely, feature selection, pre-processing, transdtion, document cluster generation,
and retrieval. As the Web Citation Database ordyest the citation information and no
full-text is available, the traditional TFIDF apph cannot be adopted here.
Generally, the more the two documents share thee satations, the more they are
similar. Thus, document vectors can be formed biyaeing keywords from the
citations. KSOM and Fuzzy ART are implemented as twning techniques to cluster
documents. Performance results have shown that K8&iachieve higher clustering

and retrieval accuracy than Fuzzy ART. However,ZyURT is more suitable for the
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dynamic Web environment as re-leaning is not needbdnever there are new
information added into the citation database.

For author clustering, the data mining procedsased on co-citation analysis.
It consists of six steps, namely, create authocitadion pairs, create raw co-citation
matrix, convert into correlation matrix, generatghar clusters, display author cluster
map, and author retrieval. The AHC algorithm isduss the mining technique. The
MDS technique is combined with the AHC algorithmgenerate the author cluster
maps. Four different methods, namely, the single, icomplete link, average link, and
Ward’s method, are implemented and compared. Tisé frformance is achieved
using the complete link method. The author cludiens different time frame can also
be used to track the change of the research araapafticular author or detect any
newly emerged research fields.

In summary, this research (He and Hui, 2000) h&sesed the following
goals:

* A data mining process based on the KSOM and FuzRy Aetworks has been
developed to mine the Web Citation Database founhnt clustering.

* A data mining process that incorporates the autioecitation analysis has been
developed to mine the Web Citation Database fdi@autlustering.

* An Intelligent Retrieval Agent has been designed developed to support the
retrieval of scientific publications over the WWW.

As a result, PubSearch has been developed. Dot¢whestering as well as
author clustering has been implemented. By supglthe appropriate keywords, users
will get the full list of papers on the similar ezsch topic even though some papers
may not contain the exact keywords. In additiorersican also retrieve authors from

the same research field by conducting the authamcke There are “citing links” and
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“cited links” options for every paper returned. Bjlowing these two options, users

are able to retrieve all the papers cited by threeow literature or all the papers that
cite the current literature. Based on the numbetitations the paper obtained, users
will have an idea what is the impact of the papethie scholarly community. The user

interface of the PubSearch system is given in Agpe@.

6.2 Future Work

In this research, document clustering and autharsteting have been
investigated to mine the Web Citation Databases Tasearch work can be further

extended in various aspects, which are summariekxvb

6.2.1  Combining Co-Citation Analysis with Co-Word Analysi

Co-word clustering focuses on the analysis of ttiestor keywords used by
authors (Zitt and Bassecoulard, 1994). The basidetiying assumption of this
technique is that pairs of words that occur fredlyetogether are statistically
associated. This technique can be combined witltcdhatation analysis technique in
many ways.

One possible approach is that author co-citaticalyars can be used to get
author clusters. The publications by the authoithiwithe same cluster are analyzed
using the co-word analysis technique. By doing tepjcs involved in a particular
research area can be identified by aggregatingtaofi words together with their
frequency of co-occurrence. Thus, a cluster wordfiler can be constructed to
represent the research topic involved in the ctiveark of the authors in the same

cluster.
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Another possible approach is that document cotgitatan be used to get the
document clusters. Then, co-word analysis techniguapplied to the document
clusters to generate the word profiles for eacistelu If document clusters identified
by the co-citation analysis from different yearwénahe similar word profiles, then
they can be considered as different phases of #mee sresearch area. That is,
combining co-citation and co-word analysis can beduto track the research areas

over time.

6.2.2  Other Data Mining Tasks

Currently, the Web Citation Database is mined focuinent clustering and
author clustering. Other mining tasks can also éfopmed on the citation database.
Some possible mining tasks are listed as follows:

* ldentify the expert of one particular research aredfter generating author
clusters, it is possible to calculate the frequeth@at one author’s works cited by
other scholars in the same cluster by looking th&ocitation information stored in
the CITATION table.

* Predict the trend of a specific research ar@he citation records can be grouped
according to the “publication_date” of CITATION {abfalling into different
periods. Then, cluster analysis can be performethese groups separately. The
historical data on the change of the researchdiwldl be gathered, which can be
used to predict the trends of various researctsarea

» Categorize journals or locate the leading journ&luthor co-citation analysis is
used in author clustering. Journal co-citation ysialcan also be conducted in a
similar way. By doing so, journals can be categmtiznto different groups.

Therefore, top journals can be identified.
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6.2.3 Visualization of Results

The presentation of search results can be imprawdz more intuitive using
visualization and text mining techniques. For exempurrently, the cluster map that
returned by the KSOM neural network is just anyamwé cluster numbers. It is not
clear what are these cluster numbers represeriimgnake the cluster maps easier to
understand, text mining techniques can be usedh&tyze each cluster to extract
several keywords that can describe the clusteriselyc Then, the description of each
cluster can be shown in the cluster map and tlagiveldistance between clusters may

also be displayed.

6.2.4  Online Recommendation for New Updates

During the retrieval process, users’ browsing beha can be recorded in a
user profile. A centralised database can be estaddlito store all the users’ profiles.
Clustering technigues can then be applied to thdralised database to classify users
into different groups based on their browsing ies¢s. Whenever there are any new
publications added into the Web Citation Datab#se,publication will be analysed to
locate the user group that has the highest poggibil have interest in it. Then, a
recommendation can be made such that the new ptibhcis broadcast to every user

within the group.
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Appendix A 50 Queries for
Performance Evaluation
on Document Clustering

Relationship between recall and precision.

Data mining applied on information retrieval.
Intelligent systems for information retrieval.
Information retrieval using neural networks.
Atrtificial intelligence and information retrieval.
Latent semantic indexing and vector space model.
Performance measurement for information retrieval.

Trends in research on information retrieval.

© © N o gk~ wDdhPE

Use of thesaurus structure in information retrieval

10. Evaluation of the user interface in informatiorrieatal system.
11.Evaluation issues in information retrieval.

12.Knowledge representation methods and algorithms.

13. Query formulation and expansion.

14.Retrieval of structured text information.

15. Information retrieval on scientific publications.

16. Telecommunication networking in online retrieval.

17. Artificial intelligence systems for chemical infoation retrieval.

18. Probabilistic models for information retrieval.

19. Generic algorithms and relevance feedback.

20.Natural language processing.

21.Data modeling and visualization.

22.Data storage technologies.

23.Database management and design.

24. Classification and clustering algorithms.

25.The relationship between indexing, structural lisgos and information retrieval.
26.User profiles generation and personalization afrimiation retrieval system.

27.Graphical display of search results.
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28.Digital image representation of retrieval.

29.Neural network models used for information systems.
30. Multimedia documents retrieval.

31.Client-server technology.

32.Retrieval of clinical science information.

33.Boolean query reformulation.

34.Document ranking methods.

35. Automatic text structuring and summarization.

36. Information retrieval in digital libraries.

37.Economics of information technology.

38. Automatic construction of hypertext.

39. Chinese text segmentation methods.

40. Citation searching and retrieval.
41.Document-focused and query-focused relevance fegdba
42.Human-computer interaction.

43. Distributed information retrieval systems.
44.Database management systems.

45. Cross-language information retrieval.

46. Information retrieval in psychology.

47.Database design for information retrieval.

48. Learning technique for hypertext categorization.

49. Semantic approach to extract classification knoggeaof Internet documents.

50.Relevance feedback retrieval.
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Appendix B Sample Data on Relevance
Measurement for
Document Clustering

The sample data on relevance measurement for @mehssession where the
query is “intelligent systems for information retval” are given in this appendix.
Table B-1 and Table B-2 list the system-based ezleg and user-based relevance
results using Kohonen's Self-Organizing Map (KSOMphd Fuzzy Adaptive
Resonance Theory (Fuzzy ART) algorithms respedgtivel

The “Rank Order” column shows the system rankirgusace. Only the first
twenty documents retrieved by the system are censid The “System-Based
Relevance” column lists the relevance results ¢aied by the system. There are 10
sub-columns under the “User-Based Relevance” columinch store the relevance
results evaluated by ten judges. The precisiorlsutated for both system-based and

user-based relevance by averaging the individlevaace results accordingly.
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Table B-1. System-based and user-based relevasigésréor KSOM.
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Table B-2. System-based and user-based relevasgésréor Fuzzy ART.
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Appendix C Retrieval User Interface of
PubSearch

The scientific publications indexing and retrieggstem, PubSearch, provides
three different retrieval methods, namely, simpt®mBan keyword search, document
clustering search (based on Kohonen’'s Self-OrgagiVlaps (KSOM) and Fuzzy
Adaptive Resonance Theory (Fuzzy ART)), and autlostering search (based on
author co-citation analysis). For simple Booleaywkard search option, users are
allowed to search paper title, author name, jounaathe, and publication date. The
other two retrieval options have been discussedChapter 4 and Chapter 5

respectively.

C.1 Simple Keyword Search

The simple keyword search option will return thélpzations that contain the
user-specified keyword(s). In addition to the skafor keywords, users are also
allowed to search documents based on author narbécgtion date, or journal name.
Figure C-1 shows the user interface for searchuegpublication date and Figure C-2
displays the search results. All the titles of liseed papers are underlined to indicate
the URL links provided. By clicking the paper tjtkhe full-text of the selected paper
will be displayed. Figure C-3 shows the full-text the first paper from the result
listing, which is entitled “On the Use of Informati Retrieval Techniques for the

Automatic Construction of Hypertext”.
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PubSearch Tool

d by TUCOWS
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PubSearch

Please inpnut necessary fields and then click the Submit bution.

Methods used for search
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C Keyword Clustering Search - Kohonen's Self Organizing Map

" Keyword Clustering Search - Adaptive Resonance Thoery Network
€ author Co-Citation Search

Enter search string: [1997
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Figure C-1. Simple keyword search on “publicati@ary= 1997".
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1997, P133-144 [Find related works

Building hvperte=zt using information retrieval; Allan J; INFORMATTON PROCESSING & MANAGEMENT,
W33, N2 (MAR), 1997, P145-159 [Find related works

5 Adult age differences in long-term semantic priming; Allen PA, Goldstein B, and Madden DJ;
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related works

- Frowm acting lecally to thinking globally: A brief history of library automation; BORGMAN CL;
LIBRARY QUARTERLY, V67, N3 (JUL), 1997, P215-249 [Find related works

The development of a method for the ewvaluation of interactive information retrieval svstems;
a Boarlind O and Trowearecan D- TAMRWAT. AF NAAMMMENTATTAN W52 M2 (TTTMY 1807 DZPE_260 [(Rind

T @‘ [ B8 Localintanet

Figure C-2. Search result for simple keyword searchpublication year = 1997”.
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3 Information Processing and Management Yolume 33 Humber 2 March 1997 - Microsoft Internet Explorer [_ (O] x|
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On the Use of Information Retrieval Techniques for the
Automatic Construction of Hypertext

by Maristella Agosti, Fabio Creastani and Massimo Meiucei
page 133-144

Abstract

The first part of the paper briefly introduces what automatic authonng of a hypertext for information retrieval

means. The most difficult part of the automatic construction of hypertest 15 the creation of inks connecting

documents or document fragments that are semantically related. Because of this, to many researchers it

seemed natural to use IR techmiques for this purpose, since IR has always dealt with the construction of

relationships between objects mutually relevant. The second part of the paper presents a survey of some of

the attempts toward the automatic construction of hypertests for information retrieval This part will 1dentify

and compare scope, advantages and limitations of different approaches. The atn of this survey 1s to point out

the main and successful lines of research. <
-

|@ Dane I_I_|O Internet 4

Figure C-3. Full-text of the paper — “On the Usdrdbrmation Retrieval Techniques

for the Automatic Construction of Hypertext”.

C.2 Document Clustering Search

PubSearch uses two different algorithms to categatocuments, KSOM and
Fuzzy ART. Therefore, two options for document tdusg search are provided.

Figure C-4 shows the user interface to search theryq“knowledge based
medical imaging”. The search method chosen is “Duent Clustering Search —
Kohonen’s Self-Organizing Map”. PubSearch retutres ¢luster map as presented in
Figure C-5. Cluster 85 is specified as the bestmtt the input query. By clicking the
cluster number 85, the publications that are caieg under this cluster are listed as

shown in Figure C-6.
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Figure C-4. Document clustering search based onM.SO
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73 74 75 16 77
78 79 80 81 82
83 84 85 86 87
88 89 50 21 92
93 94 95 96 57
|
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Figure C-5. Cluster map for the query “knowledgsdshmedical imaging”
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Search Tool: Search Results - oft Internet Explorer provided by TUCOWS
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5, INFORMATION-RETRIEVAL BY THE LOME COMSULTANT/; BEAVERS EM; ABSTRACTS OF PAPERS OF THE
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IMPROVING INFORMATION-RETRIEVAL WITH LATENT SEMANTIC INDEXING; DEERWESTER &, DUMAIS 5, and
2 LANDAUER T; PROCEEDINGS OF THE ASIS ANNUAL MEETING, V25, 1988, D36-40 [cited links , citing
links |
. [INFORMATION-RETRIEVAL - FUNDAMENTALS FOR INFORMATION-SCIENTISTS; KRAUSE J; NACHRICHTEN FOR
!DOKUMENTATION, V39, N5, 1988, P336-338 [cited links , gciting linke]
INFORMATION-RETRIEVAL SYSTEM FOR THE FUND OF BOOKLETS AND CATALOGE; LOPATINA LM; NAUCHNO-
4 TERHNICHESKAYA INFORMATSIYA SERTYA 1-ORGANIZATSIYA I METODIKA INFORMATSIONNOI RABOTY, V39,
N5, 1988, P336-338 [cited links , giting links] , N1, 1988, P30 [cited links , giting links]
a [USER MISCONCEPTIONS OF INFORMATION-RETRIEVAL SYSTEMS; CHEN HC and DHAR V; INTERNATTIONAL
‘JOURNAL OF MAN-MACHINE STUDIES, V32, N6, 1990, P 673-6%2 [cited links , citing links]
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Figure C-6. Search result for the cluster number 85
Figure C-7 shows the results obtained for the squery “knowledge based
medical imaging” using the document clustering cledrased on Fuzzy ART option.
It can be easily observed that the result liste@ I different from the one obtained

using KSOM.
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2 DEFUDE B; INFORMATION PROCESSING & MANAGEMENT, V23, N4, 1987, P285-303 [cited links , citing
links
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SERIYA 2—-INFORMATSIONIYE PROTSESSY I SISTEMY, V23, N4, 1987, P28B5-303 [cited links , citing
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1 SISTEMY, V23, N4, 1987, P285-303 [cited links , citing links] , N4, 1987, P14-17 [cited
links , citing links)] , N4, 1987, P1-5 [cited links , citing links]

A STRATEGY FOR INFORMATION-RETRIEVAIL FROM THE CTM TECHNTCAL LIBRARY; YOUNG PV; CIM BOLLETIN,

5 ] ; o ;

‘ 80, N899, 1987, P54 [cited links , citing links]
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Figure C-7. Document clustering search using FUd2Y.
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C.3 Author Clustering Search

Figure C-8 shows the user interface of PubSeanchuthor clustering search.
The option “Author Co-Citation Search” has beensdm The author name to be
searched is “Belkin”. Figure C-9 shows the maphef tluster that the author “Belkin”
belongs to. Each point represents an author. Thiardie between authors roughly
corresponds to the similarity among them. By chgkiany author names, the whole
list of papers written by that author is displayedshown in Figure C-10. All paper

titles are underlined. By clicking any of the pap#les, the full-text of the publication

will be displayed.

/5§ http://127.0.0.1/inputArea. htm - Microsoft Intemet Explorer provided by TUCOWS
| Fle Edt View Favoies Tooks Hep ‘
€ 2.0 0w @ oS IB g ow,
Bl \PoiiEnd Stop  Refiesh  Home Search Favortes  History tdail Print Edit
| Achess [2] o /127001 fivpureahim =] o || liks »
A
PubSearch
Please input necessary fields and then click the Submit button.
Methods used for search
Csimple keyword Search
C Document Clustering Search - Kohonen's Self-Organizing Map
C Document Clustering Search - Adaptive Resonance Thoery Network
@ Author Clustering Search - Author Co-Citation Analysis
Enter search string: IBElkm
Search: |Author ¥] Make the Search |cose insensitive =
Search Resst
Use Advanced Search for more search refining options
L ERRER Search Result Onlin Advanced Search R T e
eSS optiens Format Papers Search Options
Last revised: Mar 10, 2000

[&] Done [ [ Localinirenet

Figure C-8. PubSearch — Author Clustering Search.
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” -
Result Summary — Author Cluster Map ("Belkin”)
Bai%s
Belifn
A e
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[ Click here for complete author cluster map ] 1
=
|&] Done [ | /= Local infranet,

Figure C-9. Author cluster map for the query onhfut= “Belkin”.

2 CiteMine Search Tool: Search Results - Microsoft Internet Explorer provided by TUCOWS
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Search aAuthor = belkin
seq Article
no
COMEINING THE EVIDENCE OF MULTIPLE QUERY REFRESENTATIONS FOR INFORMATION-RETRIEVAL:; BELKIN
1 NJ, KANTOR P, and FOX EA; INFORMATION PROCESSING & MANAGEMENT, v31, N3 (MAY-JUN), 1995, P
431-448 ISSN: [Find related works
CASES, SCRIPTS, AND INFORMATION-SEEKING STRATEGIES - ON THE DESIGN OF INTERACTIVE IR
2 SYSTEMS; BELKIN MJ, COOL C, and STEIN A; EXPERT SYSTEMS WITH APPLICATIONS, V3, N3, 1995,
P379-395 I48N: [Find related works
BRAQUE - DESIGN OF AN INTERFACE TQ SUPPORT USER INTERACTION IN INFORMATION-RETRIEVAL; BELKIN
3 NJ, MARCHETTI PG, and COOL C; INFORMATION PROCESSING & MANAGEMENT, V29, N3 (MAY-JUN), 1293,
P 325-344 I8sN: [Find related works
INFORMATION FILTERING AND INFORMATICN-RETRIEVAL — 2 SIDES OF THE SAME COIN; BELKIN NJ and
4 CROFT WB; COMMUONICATIONS OF THE ACM, V35, N12 (DEC), 1992, P28-36 ISSN: 00 [Find related
works
@] Dore [ | [E5 Localinkanet

Figure C-10. Search result of “Author = Belkin” Buthor Clustering Search.
Users are also allowed to view the overall autHoster map by clicking the
button “Click here for overall author cluster mags shown in Figure C-11. The author
cluster map is illustrated in Figure C-11. Auth&em different clusters are presented

using the points with different colors or shapes.
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A PubSearch Search Result
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Figure C-11. Author cluster map.
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