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Visualizing Users, User Communities, and Usage Trends in
Complex Information Systems Using Implicit Rating Data

Seonho Kim
ABSTRACT

Research o personalization, including recommender systems, focuses on applications
such as ironline shopping malls and simple information systems. These systems consider
user profile and item information obtained from data explicitly entered by. (deree it
is possible to classify items involved and to persorddased on a direct mapping from
user or user group to item or item group. However, in complex, dynamic, and
professional information systems, such digital libraries, additional capabilities are
needed to achieve personalization to support their distinctive features: large numbers of
digital objects, dynamic updates, sparse rating data, biased rating data on specific items,
and challenges in getting explicit rating data from udess.this reason, more research
on implicit rating data isrecommendedbecause it igasy to obtain, sudfs less from
terminology issuess moreinformative, and containmoreusercentered information.

In previousreports on my doctoral work,l discusseccollecting, storing, processing,
and utilizing implicit rating data digital libraries for analysiand decision suppofthis
dissertation presents a visualization tool, VUDM (Visual tisedel Data Mining tool),
utilizing implicit rating datato demonstrate the effectiveness of implicit rating data
characterizing users, user communities, and usages of digital librariesThe resuls
of user studies, performdxbthwith typical endusers anavith library expertsto test the
usefulness of VUDM supportthat implicit rating data isiseful and can batilized for

digital library analysisoftware sothatbothend users and expedan benefit
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Chapter 1. Introduction

In this chapterwe review traditional methodgor analyzing usegscommunitiesand
usageof onlineshopping malland small information systems. Wlescribe the problems
in applyingthesemethodso complex information systems, which motivated the rfeed
this research We then present the research objectives, hypothesesgexpetted

contributions othis research.

1.1 Overview and Motivation

The World Wide Web(WWW) was inventedfor easy publishing and easy accéss
content from anywhere throughthe internet WWW technologiesad been developdd
supporttwo distinct user groups, content providers and content consuntéosvever,
with the huge success and popularity of tdNW, the boundarybetween content
providers and consumers s#irinking leading todynamictwo-way WWW services i
such as blogs, wikis, online journalsilioe forums, etci where people capublish and
access conteneasily This trend changed WWW users from passive anonymous
observers tactivevisible individuals with personalitigs1, 79]

Studying users of suctlynamic services is providing opportunities for research on
collaborative filtering, personalization, user modeling, and recommender systems, which
will eventuallyenhare the quality of service of the systeriie basic ideas of these
technologies ardto anal y z e erttegandslags te alasspy the userdo predict
their goas for using the systerg andto help them toaccomplishtheir goals. Mny
informationsystemssuch adravel guide systms, DVD-basednformation systers and
online shopping mallsarealreadyconductingsuchuser studies based on log analysis and
online or offlineuser surveys. However, studying wsier complex information systesn
like digital librariesis difficult; this camat be solved bythe techniques used for simple
information systems and online shopping malls.

Many patrons ofdigital libraries are researchers and distance learners, thant
information needs correspoial very narrow topics, which are hard to classifgwhich

changedynamically as time pass For example,n a small information systere,g.,a



DVD search system, u s aanm bemalyped eafilg fromveitaleles f or
datai such agentalhistory, purchase history, searchd$pgnd usesuppliedinformation

(e.g, from registering)i because movies are well classifibg ther genre, director,
language, actors, year of prodoat Motion Picture Association of America (MPAA)
rating [56], producer etc. Thus, features of users can be estimated from the features of
movies they accesseHowever, the contents afigital libraries such as dissertations,
theses, conference papers, journal papers, project repndsechnical booksare not
classified precisely enough telp describaisers.This is not only because there is no
proper clasification system for such detailed levead$ all scholarly areasbut also
becausethe classes inthe detailed levels change dynamicabyd overlap with other
classes

Characterizing users ofligital libraries with the featuresextracted from roughly
classified contents is not useful for personalidigtal library servicesFor example, two
users,who are classifiedunderi Co mp ut er DSta & énfomation > Digital
L i b r, mayyave different research interests because there are so etaitgdtbpics
under this classSimilarly, a paper useful toneuser may nobe interesting toanother
user. Alsg the user preference informatioexplicitly provided by usersnay not be
informative becausef terminologydifferences and/or the breadthtopical coverage of
digital libraries Even people with the same research interests exprassmtleeests with
different terms, while the same terms sometimes represent different researchAfietds.
as Jones[37] observedin his digital library analysis research, explicitly entered
information may contain spelling ersoor unusual abbreviations that make it difficult to
analyzeFur t her , c o | inge af dach ntgm thes axgess digital ldbrariesis
expensiveor infeasible.

Much research orpersonalized services idigital libraries however, follove the
methods used for small information systearsl online shopping mallsgnoring the
distinctive characteristics of complex informatioystems explained abov@&herefore,
we havean urgent need to develdechniques to analyze users, user communities, and
usage ofdigital libraries which will allow us todetectdynamic changeo f usersbo
characteristicsand features, without dependingn theu s er s 6 ratingpdnd c i t

traditionalstaticclassification system



1.2 Problem Statement

Analyzing users, communities, and usage for personaliz&tiorore difficultin digital
librariesthanin online shopping malls and small information systeas mentioned in
the previous sectiorBelow weintroducefurtherthe features and problerttsgat motivate

this dissertation work

1.2.1 Needsfor Personalized Wser Interfaces

Digital libraries provide large amounts ofnformation. One of the goals of user
interface design fodigital librariesi s t o reduce usersoO t®dforts i
matchtheir purpose. There have been tegpecially populadirections of research in
user interface design for information systerdne aims toincreag the degree of
precisionand redue the effortin searchingby using intricate searching algorithms,
ranking methods classification and clustering techniquesualizationtechniquesetc.
The other directionnvolves supporing various types ofcontent andnedia Examples
include querying interface for searchingmages, music,speechchemical formulg, or
DNA [93].

As information systesibecome biggeand moredynamic andcomplex like digital
libraries personalization becomes ever more import&drsonalized user interfage
often integratedwith recommender systemnare needed becauseusers incomplex
information systemwant toobtainup-to-dat, newy arrived, hotdocuments as well as
ordinary documents thatre relevant totheir queries.Such interfaces are especially
helpful for researhers and distance learngbgcause thegften need information outside
their sphere oknowledge. This dissertation woskould lead to important improvements

in personalized recommendeapableuser interfacefor digital libraries

1.2.2 Difficulties in Classifying Digital Library Materials

There are many standard library classification systaimed to helprganize library
materials.The Library of Congress Classificatiof21], Dewey Decimal Classification
[26], and Dickinson Classificatiofl8] are amongthe most common classifitian

systens in the English speaking world.More classificatiorsystens are usedelsewhere

3



Examples includdghe Korean Decimal Classificatio(KDCP) in Korea[63], Nippon
Decimal ClassificatioNDC) in Japan[11], Princides de Classement des Documents
Musicaux in France, Chinese Library Classificat{@iLC) in China[98], etc.However,
these library classifications are matitablefor our purpose To accomplishour goalof
implementing collaborative filtering and recommendatiordigital libraries where the
preferences of other persom the same grouparereferredto for personalized service,
weneed to | ear ns forsnomation from eéhé properties ef library
materials they accesbBlser preferences and interests in research and leaoiteg are
very narrow, complex, comprehensively overliagpover multiple disciplinesand
changng dynamically moment by momentMore detailed classificatienwill provide
more information about the materials. Howevmcausehe library classificationgsuch
as those mentioned abowake not designed for this purposieeydo notclassify Ibrary
materials down to the verydetailed level.Also, other user requirements we must
acconmodate, such as thtendencyfor dynamicchange andhe overlappingof classes,

make it more difficult to use the library classifications for our research.

1.2.3 Limit ations ofAvailable Data

A numberof differenttypes ofdataarerequiredto analyze users, user communities
and usage trends in information systems and online shopping malls. Web I¢g2jiata
which is generated bYiTTP daemors, server side, containgseful systemoriented
information, such asize, name and type of transferred ohjactess time, error code,
client address, objectdation in the file system, etelowever, web log datahows only
system informatiomndd o e s n 0 t thisgow theusarrsigesuch as research interests,
learning topicscommunityinvolvement preferences, etc.

Studying usecentereddigital librariescansupportresearch on collaborative filtering
[64, 67] personalizatio28, 67} user modeling, and recommender systems. Most such
studies consifdere usndrosrdmartatoinngsheo sel ect, a:
T e.g., on research areas, majors, learning topics, or publicatiarigch are entered
explicitly [53, 59, 96] This explicit rating data is collected through online or offline user

surveys or by asking users to rate materials whenever they finish using tHemever,



obtaining explicit rating data iexpensive andurdensome to user&urther, explicit

rating data has shortcoming caused by terminaleal confusion[68, 70] and digital

libraried br oad t o pThis@dblempaseseseriaug ehallenges regarding the
identification of userso research and | ear
research interests express those interests with different ternilg, the same terms

sometimes represent different research fields. For these reasons, we need other evidence

to help distinguish usersodé research interest
Another approach is using implicit rating datahich avoids the problems of explicit

rating data described above. However, implicit rating data has been regarded meaningful

only when used together with explicit rating datan auxiliarysource ofinformation

[50, 58] and its effectiveness has ri@enproven yet.

1.2.4 Lack of Analysis Toolsfor Digital Librarie s

There are many challenging research questiofisinterest to digital library
administrators and users, such as:
A What are the current trends of information seeking fordiggal library?
What kinds of people are using thisgital library?
Who isa potential mentor for whom?

How has the focus of retrieval changed for a particular user?

A
A
A
A What academic areas are emerging as popular attractions?

A How many people are interested in which topics? How many are experts?

A How many vrtual groupsof uses, who share interests, exist in ttigital library?

A Which topics are related to which other topics?

In the Business Intelligence field, On Line Analytical Processing (OLAP) tedisch
are usually configured with databases, are contynosedin repoting about sales,
marketing, management reporting, business performance management, budgeting,
forecasting, financial reporting, et®]. OLAP tools can provide specific quantitased
calculation and data analysis gapport decision makingdfowever, normal OLAP tools

are not able to answer the comprehensive questansomplex information systems



listed aboveTo answer thee questionsanalysis tools fodigital librariesshould beable
to support knowledge finding taskalated to the needs fpersonalization.

We may benefit from data mining and unsupervised learning techniques applied to the
large volume of usage data finocommunitydriven information systems like blogs1],
wikis [92], and other types of online journaldsualization techniques also support direct
involvement of users in exploration and dataing, so they can utile their creativity,
flexibility, and general knowledge. With these teclueis; wecan go beyond what is
possible if only examining data from OLAP systed@, 74}

1.2.5 Needs forUser-Centered Evaluation

Evaluatingdigital librariesis a multifaceed problem, whichinvolves measuringhe
guality and quantity of collectianuser interfacg servicesnetwork connections, storage
systems staffactiors, protocolsusersandcommuniy supportmechanisrg management
supportschemesetc. Evaluatingeachfactor of theserequires different methosl Most of
themcurrentlyare handled throughuantitative approacheslowever, some factortike
those involvingservices, staff, protocols, users, usemmunities, etc., are netasily
evaluated by quantitative methods. Furtheiargitaive methoddend todownplaysome
of the most important evaluation factors, such as user satisfaction about services,
efficiency and ef f ect ineads and supportnfor aserd,r e s si ng
communitiesand managers.

Bollen suggestedhat a user centered approath digital library evaluation usinga
document relation network obtained frothe retrieval patterns of a user and his
communities,would solve manyparts of the problemgl4]. However,a user centered
approach todigital library evaluationmay lead to othemtricate problemsregarding

designing, collecting, and processimighedata.Thereare fewstudiesof these prol@ms.

1.3 Research Objecives

Key goals of this dissertation work ate proposeand evaluatdechniqueswhich
utilize implicit rating datain complex information systesn so asto obtain useful

knowledgefor personalization andnalysis ofdigital library usage suchasthe relatiors



between userand user communitieand overview knowledgeof digital library usage
trends
In particular, the objectives ate:
1. Propose techniques
A. For utilizing implicit rating dataor digital library analysis
B. For visualizng digital library information about users, user
communities, and usage trends
C. For systematicevaluationof the accuracyf user communities
based on the similarity of their interest®und by various clustering
algorithms
2. Evaluate
A. The usefulness dhe knowledgebtained from implicit rating data

and related visualization techniques

B. Thescalabilityof implicit rating data processing techniques
3. Develop:
A. A tool that helps with personalization of digital libraries,

supporting advanced users as well digital library engineers and
administrators that demonstrates the utility of using implicit information,

and that is shown through evaluation to be useful and usable.

1.4 ResearchQuestion and Hypotheses

The research objectives lead to the following quastio

Are the effect®f implicit rating data greatenough to help personalization problems,
such as characterizing users and user communities not only in online shoppigdutall
also in complex information systgnsuch agligital libraries and search ajines, where
individual interests are very narrow and specific, and items in the colleat®mard to

classiy?

We hypothesize that:



1. Implicit rating data is effective in characterizing userser communities,
and revealing usage trends in digltbtary.

2. We can make use of implicit rating data to design and impleossful
and usabl@ersonalizatiorsupport applications.

3. Digital library engineers and administratoan benefit from the

techniques antbols we propose

1.5 Contributions

The outcomes of this research will have a powerful impacttioen fields of
personalization and usage analysis of information systems, sduitaklibraries, blogs,

wikis, search engines, efthe following items will be contributions of this work:

1. We wil provide empirical evidence thathows the effectiveness of
implicit rating data. Researets in personalizatiorand information system usage
analysis willbe able toextendtheir available datdrom explicitly obtained data,
such as user survey and maetive questioning, tanclude implicit rating data
which is collectale without interferingvithu s er s Guses y st e m

2. We will identify the type of implicit rating data feasible taollect in
complex information systesand the methasto collectand stoe them

3. We will implement a visualization tool that helps digital library
administrators and service designarsfind useful knowledgdor personalized
services from the implicit rating data.

4. We will evaluate the usefulness of the visualization tool by meastireng
accuracy and efficiency of the tool. Also, we wshhow how toenhance the

scalability, applicabilityand privacy protection of the visualization tool.

1.6 Organization of this Disseltation

This dissertationconsists ofnine chapters andwo appendies In this chapter,
Introduction,we havediscussed someurrent trends of web technologidsgave listed

problemsthat motivated this researcland have described our research objectives,



guestions, and hypotheséale alsohave presented thelannedcontributions of this

research.

Chapter2, Review of Literaturepresentsa detailed lookat previous work that has
influenced this research. Areas of coverage includdi&gl library framework, digital
library evaluation and usage analysis, user modeling techniques, personalization and
recommending issues, difficulties in clustering and classification, social net&odk
documentsisualization, data mining, user tracking, and impliating data.

Chapter 35S perspective of Digital Library Personalizatjcexplainsdigital library
personalizationfrom the 5S model perspective. Especiallgersonalization usually
including recommender systgnis explainedhroughthe Society and Seeario models.

Chapter4, Collecting Data and Preprocessinglescribes how we defined otwo
types of datg implicit and explicit rating dataand how we collect the dataOur
approaches toser tracking and user survey are presentedVe also explairhow we

stared and processéhe data involved

Chapter5, Visualization and Knowledge Findingntroduces our Visual User model
Data Mining tool (VUDM), with which implicit rating datais usedto visualize user
behavior, user relations, user communitiasd usage trend®r digital libraries This

chapter also explains how useful knowledgabe extracted from the visualization.

Chapter6, Formative Evaluationof VUDM, describes a preliminary experiment and
userevaluationbased on which theUDM wasmaodified The evaluatiorwas performed
with graduate studenteajoringin computer science, most of wim have interests ithe

digital library research field.

Chapter7, Algorithm Evaluation and Enhancing Scalabilisuggests a methodology
to evaluatehlte accuracy of user communitiddhe resuls of anevaluation of community

finding algorithms, includingkNN, Tanimoto,and FSWMC, which are explainedin



detail in Chapter 5arepresented. Also, the scalability of FSWMC is tested and scalable

variations & proposed.

Chapter 8, Summative Evaluation of VUDNbresend an experimentand its resuls,
constituting asummative evaluatioof the usefulness of VUDMThe usefulness of

VUDM is assesselly measuringheaccuracy and efficiendpr five types ofuser tasks.

Chapter 9,Experts Reviewpresents the procedure and results of VUDM reviews
performed by library experts. Subjects are those among the faculty and staff of university
libraries. Participants were provided an executable VUDM, an online tutarid a
guestionnaire to complete. They were asked to evaluate the VUDM and to compare it
with their preferred library analysis tools.

Chapter 10, Conclusionssummarizesthe achievementof this doctoral work and

suggests possible research directiondiufture work.
Finally, the Appendies list documerg used for experimentperformed for this

dissertation such as questionnaires, call for participation advertisements, and IRB

approval letters.
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Chapter 2. Review of the Literature

This chapter presentsdetailed lookat previous workthat hasnfluencedthis research
Our study ranges over various research arfeash digital library design tovisual data
mining.

The 5S model[30], developed for digital libraries, also can bensidered as a
frameworkfor thedesign and deployment afrecommender systeand itscompnents
Efforts for weblog standartzationarereviewedand relatedo desigimmg with user model
data andintegration withuser tracking systesn Techniques fordevelopment ofuser
interfaces, user modeling, personalizatiopnd recommendatignsuitable for online
shoppingmalls and information systesnaresurveyedwith regardto their appicationto
complex informatio systers like digital libraries Document clustering and classification
techniques arestudiedfor clusteing and classifing the users ofligital libraries and
virtual usercommunities, represented by their inteseistresearch topiggo implement
collaborative filtering. Researchis reviewedabout social network and information
visualization techniquesfor complex information systesn Data mining andpattern
recognitiontechniquesare looked intq to extract important hidden knowledge from log,
cache and user model data digital libraries Usertrackingtechniquesa.k.a., motion
tracking, usually adaptedfor studes on interface desigm virtual reality (VR),
environmers [15, 16} areusedt o t r ac e uthreughswéb uerihtaaface lo r
our research, a user tracking systisnconsidered good source of implicit rating data.
Studies on implicit rating datae revewedto help in thedesignand analgis ofraw data

collectedby the user tracking system and storedhe user model.

2.1 Data Mining Applied to the Web

Data mining isa techniqudor knowledge discoveryfinding patterns and models in
data in trade, financial, communicatjand marketing omgnizatiors, which is normally
used in knowledge management sysi§pd]. Data need to be cleaned fdatamining to
eliminate error and for consistendyyt mining from web datavhich is semistructured

or unstructured,information, poses significant challesydecausethat is more
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sophisticated and dynamic theuat iscontained in structured commercial datalsd8g
[90] [22]. Also, unlike normal data mining, web mining usuatlyolvesnatural language
processing39].
Srivastavd76] classified 4daspect®f data for web mining.
1. Content text, imageaudio, video, metadata, and link
2. Structure HTML, XML, link structurein the Web
3. Usage secondary data from web log, proxy log, cookiesand user so6 feedba
4. User profile demographic infamation of users, which is normally obtained

explicitly

2.2 Digital Library Behavior and Usage Analysis

Log analysis isa key source of information about activities digital librariesand
patronso i nf or ma Analgzmg beleaead othe digitdl lbtary andtloer .
usage pattesof patronsfacilitatesevaluation, and opsropportunities to improvement
and enhanced services difjital libraries Transaction logareused to analyze patterns
related tanformationseeking such ashetype of Boolean operatsiranking and sorting
mechanisrg, type of quees, and selected collections for searthe logalsois useful
for evaluating the information system. Howevegspite the fact thatmost digital
libraries have logging systemghe format and information in thewary. This causes
problems in interoperdfiy, reusability of logging systesy and comparability othe
resuls of log analysisGoncalveset al. defined an XML based log standard fiigital
libraries [32] to capture a rich, detailed set ofsggm and usebehaviors supported by
current digital library serviceKlas et al. tried to collect log from three different tiers,
system, user behavior, and usgstem interactiof49]. The logfrom the usersystem
interaction tiercan bedetailed into four levels,e., Ul, interface, serviceand conceptual.
The Klas et al.logging schemdacilitates the comparison of different evaluations and
suppors the reuseof evaluation datadowever, without extensiotheselog suggestios
arenot suitable for personalization and recommender systeatausehey arefocused
on capturing events and behaviorgwjital librariesand usersather tharu s eresgsabch

interests and searching concepts.
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2.3 Recommender System for @ital Library

Common expected roles fodigital libraries are the active support of researchers,
distance learners, argbcial communitiesMany studies of collaborative filtering and
adaptive techniges for recommender systems have been conducted for online shopping
malls and personalized websi{é2, 85] However,classifying items and useiseasy in
those domaig sotechniquediaveemphasized the support@tploring learning methods
to improve accuracy instead of focusing on 1) scalability, 2) accommodating new data
and 3) comprehensibility three important spects of recommender systemsdigital
libraries[19].
Recommender syt ems have been studied owonknd regard
media shopping malls for Usenet netnews systems (&.gupLeng50]), and fordigital
libraries: PASS[97], Re n d a §3], Fany28]taadDEBORA [59]. The main idea
of these studies is the sharing of user profile and preference information, which was
entered explicitly by users, with other users within the system, to provide them with more
productive service PASS provided personalized service mmputingthe similarity
between user profiles and documentsinpieas si fi ed research domair
emphasized collaborative functions digjital librariesby grouping users based on their
profiles.Fan proposed gendic programmingbased two stage system farinformation
push serviceThe DEBORA project developed a user interface for collaboration in digital

libraries.

2.4 Visualizing Social Networks Documents, and Topics

Visualization techniquesid endusers of social networking rséces to facilitate
discovery and increadeawareness of online commueg For example, visualization of
networks of criminals and criminal events can help unearth hidden patterns in crime data
as well as detect terrorist thred&5]. Especially,a network visualization technique,
using noddink depictions is used frequentlyHeer, in Vizster[33], and Friendster5],
visualized relationships between membeérsan online data sitdy using network
visualization techniqgueConnectios among members are decided by explicitly entered

informationaboutfi f r i0 e istddse between membassgiven bya springembedding
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(forcedirected) layout algorithmThe mainideaof this algorithmis to connect membgr
with lower connectivity with short lirkkand members with higher connectivity with long
links at the center ahe community.Boyd, working with Social Network Fragmerjiis/],
visualized clusters of contacts derived fromtthandcc lists in email archives.

Visualization techniques also are usedctwracterizedocuments and topics. Most
document visualizations consist of three states, analysis, algoofhemation and
visualization [75]. Generally, inthe analysis stage, firstorder statistics such as
frequencybased measurement, and highader statistics such as user interests expressed
as a set of wolj as well assemantic dataare extracted Algorithmsgenerate efficient
and flexible representatisiof documents, such &y clusteringandprojecting toa lower
dimensioml spacelIn the visualizationstage, the data produced by tgorithmsare
encoded and presented and made sensitive to intera@i@niag cloud in Figure 1 is an
example ofa visualization technique to depict tagged web documents. The importance of
a tag, such as the number of documents or number of hits, is visualized with font size and
color. A tag cloudallowsusers to jump to document sebvering adesired topic ofor a
particularpopularity.

~

Figurel A tag cl oud wi 5ShModeer ms r el ated to 0
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Wi s éNOSPIRE Themescap®4] usesa three dimensional landscape metaphor to
visualize documents. Documents are represented by small points and those with similar
content are placed close togeth&rpeak in the Themescapepresents the documents
around itwhich are concentratopon a closely related topic. Labels apeak are two or

three topics shared by documentshatarea.

Figure2. A Themescape with documents relatethiVirginia Tech April 16 incident

Figure 2 and Figure 3 show the result of analysis (usingNR8PIRE software) of
nours, and noun phrases the Virginia Tech April 16 Archive, with full size images
availablein the DL-VT416 Digital Library [82]. Figure 2 the Themescape viewshows
clusters of topics of documenits the form of a 3D landscapewhile Figure 3shows a
GalaxyView thapresens thesame data as Figure@herecoloring is used instead of 3D
effect. Clustersoveringsimilar topics are located close each otherwhichillustrates

the popularity of topics.
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Figure3. A GalaxyView with documents related tioe Virginia Tedh April 16 incident

2.5 User Modeling

Probabilistic approaches to user modeling have made it possible to learn about user
profiles, as well as to revise them based on additional[84t®65] Tang wuti l i zed
browsing patterns for collaborative filteringg0]. Webb examined challenging user
modelng approaches like data rating, concept drift, data sparseness, and computational

complexity[89].

2.6 Implicit Rating Data

GroupLens[50] employs a timeusedfactor, which is a type of implicit rating data,
togetherwih expl i ci t r at i n g[58demphasizedkhe poterttidl sfthe r e s e a
implicit rating technique and suggestéhe use of implicit data as a check on explicit

ratings.
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2.7 Evaluation of Information Visualization

The main purpose of information visualization is to genarsightregardingthe data.
Insight oftenleads tonew discovery of knowledgevhich is the m@ consideration for
any science. The primary function of information visualization todig imsake it easy for
the user togain insight regarding the data. Therefore, the evaluating effect of
visualization is measuring how well the visualization toolegates unpredicted insights,
beyond predefined data analysis taskéost evaluation of visualization taolis
performed by controlled measurements of accuracy and efficiency on predetermined
guestions and answetdnlike typical evaluatiors of visualization, focused on controlled
measurement§araiya et al[69] proposed an insighHiased methodology for evaluating
bioinformatics visualization®y definingseveral characteristics of insight thaake it
possible to recognize and quantiflegreesof insight in realworld, uncontrolled,
scenarios ina real time mannerChen provided a result of a metmnalysis for the
accuracy and efficiency of visualization in information retrie{28]. Plaisant[66]
summarized four trendsnd several challengesf current evaluation stigs in

informationvisualization and suggestd nextdirectiors of research for this area.
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Chapter 3. 5S Perspective of DigitaLibrary

Personalization

5S is a formaframework supporting thenodelng of digital library applicationg31].
Becausehis doctoral workncludes developing a personalizatisupportapplication for
digital libraries it will be meaningful to include in this dissertation an explanation of
personalization in digital libraries from a 5S perspective, which is covered in this chapter.
Especially, personalizationjincluding recommender systgms explainedthrough the
Society and Scenarios model¢hich are emphasized in our personalizagport system
Figure4 illustrates howdigital library personalization will be associated witle 5 parts

of the5Sframework The following subsectionsexplain Figured.

Society

Researcher

Stru Ctu re ! represented by

UM schema User Model — Interest Group —I
— participates
User description A T %
Statistics LearnlngGroup “‘/

Users
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refers
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refers -
< Probabilityspace> Recommendation
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| User Interface

L G
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T T C__Rankina__>
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Group Selection

Individual

Selection

Scenario

Personalized
pages

Figure4. 5S perspective dfigital library personalization
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3.1 Society

The society information is the most important cue for a recommender system and for
personalizationA society model indigital library personalization includes the learning
communities,virtual research interest groups, and local communitiesthis doctoral
work, we focus on finding the hidden societiesdigital libraries based on tracking
patr ons 0 terestssaadaleamihg tapins which are obtained frmplicit rating
data Our approachis differentfrom other previous similar research which depsruh
explicit rating data.Because we usan unsupervised grouping algorithm, instead of
assigninga user o predefined classified communities, we can find more specific and
unpredicted user communitiesReverse interpretation of virtual interest group
information can provide good clues to trace the drift of cosdepteach member of the
group, because belgimg to a group means the user has interest in the topics shared by
the members of the group. That is, if a useassigned ta new interest groupit is
understandablgaid shenas anew research interest or learning topic represented by the

interest goup.

3.2 Scenario

The <enario model defines howpersonalizationis actually realized in the user
interface.A @oush servicéis an aggressive personalization service thdiversnewly
arrived and hoinformation, in which the user may be interested, evieite the user isn
anoffline state.6 Fi | t e r isbahdesspnteestirgndirrelevantinformationfrom
being delivered to the usal. R a n kdeterrgirieshe order of documestbased orthe
estimateddegree of relevaret o t he us eretests andelsaenmg topics. | n t
60 Hi g h | iisgdidentify gudstandingrelevant items amongonrelevant itemsto
increase the chanad beng selected without modifyingthe original order and layout.
0 Per s on addpravideda cystangzable web layoub let the user decide which
services will beprovided

0Gr oup s el ectwherainthe rescommendprrdecicles svkich user groups
should benefittrom thec ur r ent recommendati oninvohesnd 061 ndi

decidingwhich individualswill benefit.
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3.3 Structure

The dructure modebf the 5S perspective of digital library personalizatibefinesthe
data structure ofthe user model.User modelingtechnique help represent useds
personalities in using digital i braries. E ¢
the demographic, communities, and preferential informatiardingdigital libraries.
User model data irecordedn XML format. Figure5 shows the structure of user model
data. Three kinds of data, which are user description, group information, and user
tracking information,are included Thesepars are obtained or generated by user
guestionnairethe user model analyzesxplaned in Section 2.4 ofour technical report
[45], andthetracking system, respeeély. Section2.3 of thatreportprovides a detailed
descriptionwith an example.

3.4 Space

Werepresendu s er 6 s research interests and | earni |
tracking datai.e., implicit rating data which isstored inthefi U sTerr a ¢ kpartroffhe

user model structure illustrated in Figuse In order to calculate similarities, which
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provideinformation for figuring out possible collaboration and recommendation, between
users and between interest groups, emgploy the vector spce model [12] which is
popular in information retrievalAlso, in visualizing users and user communitie®,
apply spatial dstance between useend interest groupsSection 5.3 explains our
community finding algorithm. Our recommendatialgorithm [44] is performedbased

on calculating th probability that the usear user groupof the potential recipientwill

give apositive rating foithe current recommendation.

3.5 Stream

The d¢ream model defines data stremrauch as text, video, music, image, etc., that

will be provided tausers in personalizeatigital librares
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Chapter 4. Collecting Data and Preprocessing

In this chapter, we describe how Wwavedefined two types of data we used, implicit
rating data and explicit rating data, and the method we used to collect thé desx.
trackinginterfaceand a user surveyare presentedWe also explain how we stored and

processed the data when it was needed.

4.1 UserTracking System Collecting Implicit Rating Data

A user tracking systeprembedded ithe web user interfacg42], see Figure 6is the
key source b gathering implicit rating datalt is implemented with JavaScript and
collects information orau s er 6 s act i ¥ loggedarsCooki¢s iareused foh e

storing temporary data afor communication witlthe processig module inthe server

H components adrmin large query  dermonstration

QI TI D E I_ [user madel -
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P Methods of Model (5)

¥ panel (2)

¥ Object Model (3)

¥ Factors of Success (3)

¥ Simulaton Model (1)

¥ Dialogue Model [4)

¥ Programming Model (4)

-
User Performance Evaluation Based on a User Model — :l
for a Graphical User Interface Environment !
Graphical user interface technique has been used rmore and rmare
in software design as the workstation and the window
technologies continue to advance, The concerns of this project
are the design and implementation of a user model and the user
performance evaluation based on the user model for a graphical
user interface environment, It monitors the human-computer
inbteraction by interpreting the user actions under varies states.
& sirulated car rmodel and its graphical user interface have been
previously dewve...
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User modeling in UG, the UNIX consultant =

UC is a natural language computer consultant system for the
UMNIX operating systern, The user model in UC encodes the user's
knowledge state and allows UC to tailor its responses to the user.
The model encodes apriori knowledge in a double stereotype
systemn that is extremely efficient. Models of individual users are
updated dynamically and build on top of the user's stereotype.
The model deals with uncertainty in aprion information and
attempts to deduce the user's level during the course of a
session.</...

http:Afwene citidel.org/?op=getobjidentifier=oai: ACMDL: articles . 22343
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Coupling the user interfaces of a multiuser program =

we have develaped a new madel far coupling the user interfaces

of a multiuser program. It is based on an interaction model and a

user interface framewaork that allow users and prograrmmers,

respectively, to view applications as editors of data, It consists of

a semantics model, a specification model, and an implementation

model for coupling., The semantics model determines (1) which

properties of interaction entities created for a user are shared

with corresponding interaction entities created far other us...
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Figure6. A JavaScript based user interface
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4.1.1 About NDLTD

The Networked Digital Library of Theses and Dissertations (NDLTD) union caj@og
containsentries forover 400,000 electronic theses, dissertations (ET@sd important
documents provided by more than 325 member institutions, such as libraries and

universities.

4.1.2 UserTracking System

The standard HTTP loginfortunatelydoes not inludethe title of an anchor, which is
treated as a document topic in our systEor. instance, when a user selects the anchor
AStatistics for Li bwoudliketame 0t iothl @ fvetbatpiagtei, c ¥
to be stored in the log file alongith the data gathered by the standard HTTP protocol
such as URL, current time, error codes, IP addressegd tetefore, we had to develap
special interfac¢hat hasanembede@duser tracking system.

Our systems implemented with JavaScript aethbedded ithe web search interface
of NDLTD, seeFigure 6 andrigure 7, which is based on Carfof2]. When a user log
into NDLTD, her profile information is loaded, and the user tracking system starts to
coll ect t he,suchasseddng gueries, brawsing éhe dynamic treejrapen
document clusters, etélso, it collects informabn from the result documengsownon
the screen to the usddser data is collecteduring one login session, whiclwill be
closed by logging out or terminating thénternet Explorer, andstored in local disk
temporaryspaceas a cookie file. The cookies itransferred to theerverside process
module for updating the user data whete session islosed

Once the temporary rating data is transferred tadibial library server, it ismerged
into the user model, which ialready stored ithe usermodd databaseWe use XML
formatting for all messages exchanged and stdriad.cookie size limit of 4000 bytes is

| arge enough to store the userds behavior fo
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4.2 User Survey Collecting Explicit Rating Data

Even though our focus in thdoctoralwork is provingthe effectiveness of implicit
rating data anditilizing it, we also coll ect explicit dat a
learning topics, antlasicdemographic informatini for evaluation purposeOur visual
data mining tool (VUDM), see Chapter 5, uses explicit rating data sebatept user IB
for labelinguser icons[45] describes detalof our online survey system and processes.
Using this survey, we collect explicit data such as duseame, email, major, broad
research interest, detailed research interest,yaads ofexperiencefor each research

topic.

4.3 User Modek: Storing Raw Data and Statistics

Generally,user modelsareimplemented with shared feature equations and parameters

for the equationghat represent the usérsharacteristic§38, 86} However, ouruser

24



models consist of common feature equadioraw datatems, and statistis collected by
theuser tracking systenfarameterfor feature equatiscan be calculateftom the raw
data andstatistic when they are needed.Therfore, our user moded are more
interoperable and transferapdandcontainmore potential knowledge
Theanalyzermodule serverside, see at the bottom thie right rectangle of the system
diagram in Figure?, is in charge of three functionXML handling, updating, and

analyzing. Theanalyzerconsists of six Java classfor implementing these functions and

representing data objects. Two classes, TestSAX and WriteXML, are for XML handling

and updating, and four classes, Item, Groupltem, Research, and Usersiedébr
analyzing and representing the User Model.

Figure5 in Chapter3 shows the logical structyrevhile Figure 8 providesthe XML

schema othe user modelThe information in the user model can be broken into two

categories: personal information and search history information piidpsedelement

containsaset of terms and their frequencies which are identified by the search engine and

document clustering systemibled i gi t al

l' i brary,

and tiepr opos e

user interface to select if she is interested in the terms. Alsosdleetedelemen

containsas et of terms and their

obtain more information by updatirnige current page or moving #linked page.

<?xml version="1.0"?>
<schema xmins:xsd="http://www.w3.0rg/2001/XMLSchema">

<element name="user">
<complexType>
<sequence>
<element name="UserID" type="string"/>
<element name="email" type="string"/>

<element name="name">
<complexType>
<sequence>

<element name="first" type="string"/>

<element name=4dkst" type="string"/>
</sequence>
</complexType>
</element>
<element name="major" type="string"/>
<element name="research" minOccurs="0" maxOccurs="unbounded" nillable="true">
<complexType mixed="true">
<sequence>
<element name="interest" type="string" minOccurs="0" maxOccurs="unbounded"/>
<complexType>
<simpleContent>
<extension base="double">
</extensiomr
</simpleContent>
</complexType>
</sequence>
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</complexType>
</element>
<element name="group" nillable="true">
<complexType>
<sequence>
<complexTye>
<simpleContent>
<extension base="double">
<attribute name="prob" type="decimal" mininclusive="0" maxInclusive="1"/>
</extension>
</simpleContent>
</complexType>
</element>
</sequence>
</complexType>
</element>
<element name="query" nillable="true">
<complexType>
<sequence>

</sequence>
</complexType>
</element>
<element name="prazed" nillable="true">
<complexType>
<sequence>
<element name="item" type="ItemType" minOccurs="0" maxOccurs="unbounded"/>
</sequence>
</complexType>
</element>
<element name="selected" nillable="true">
<compleXype>
<sequence>

</sequence>
</complexType>
</element>
</sequence>
</complexType>
</element>
<complexType name="IltemType">
<simpleContent>
<extension base="string">
<attribute name="freq" type="integer"/>
</extension>
</simpleContent>
</complexType>
</schema>

Figure8. XML schema of user model data

4.4 UsingLegacy Data: VTLS NDLTD log data

Besideghe usertracking systemto collect implicit rating data, anithe user survey to
collect explicit rating datea legacy web log dateonvertoris usedin this doctoral work.
The purpose of the data convertor is to transform the legacy web log data into data in use
model formatUsing legacy web log data is importabecause wst currently available
data is already collected legacy web log form, and the datatb& user model igust

staring to be collected and thusinsufficient.
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In the converted user mdddata, onlythefi g u e r ynday c¢omtaenl thebist of itens
referredto by the user, while the originally proposed user model format coritamshe
Agueffsyedl e ct,e danid efinpsroofiplds.Eeedthoughtieeraseiomodel data,
converted fran legacy web log data, den 6 t al @f thefeaturesof the proposed user
model format, it is still usable for this doctoral work.

The nost disputable issue convertinglegacy web log data into user model data
how todecidethe useridentity for each record in the legacy web ldgta.Unlike the user
model dataweb log datausually doesn tbcontaininformation about the subject tiie
data. In our converting process, we used tH®-address as an identifier of the data
assunng that all usershaveuniquelP-addr esses and donoét share t
others.In most casg this assumption is true. However, there are many excep@ons
computer ina public placehasan IP-addresshared amongquultiple usersin spite of the
problems mentioned abe, it is still worttwhile to convertthe legacy web log data

because of thlargeamount ofavailable data.
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Chapter 5. Visualization and Knowledge Finding

This chapter introduces our Visual User model Data Mining tool (VUD43) 46}
We explain how we presentinformation about user behavior, user communities, user
relations and usage trendas adigital library using implicit rating data, and hovseful
knowledgecould be extractedrom our visualizationtechniques Resuls of formative

evaluation for VUDMaredescribed irChapter 6.

5.1 VUDM: A Visualization Tool

5.1.1 Need fora Visualization Tool for Digital Library Users

According tothe nevesttrendsregardingweb technologyin keeping with secalled
Web 2.0 [61], web applicationsshould become more flexible and evolutionary
leveraging thecollaboration of users. In this s#tion, analyzinga large volume of user
data and usage data in community driven information systems, such as blogs, wikis,
online journals, et¢can help withresearch challenges the social computing field as
well asfor information systemand data mming [51]. Also, indigital libraries which are
complex information systems, reseamhestigatiors regardingcommunity serviceand
intelligent personalized user sersgequire those kinds of data analyditus, agoal of
developing VUDM s to visalize user communities arttigital library usage trends to
support decision makers and domain experts in designing and building personalized
digital library services. Visualization helps us answer complex and comprehensive
guestions, which cannot be ansee using normal OLAP systenj74]. Several top
guestions ondigital libraries and its pabns in those categories are listed below

(reproduced here for convenience from Section 1.2.4)

What are the current trends of information seeking indigal library?
What kinds of people are using tliigital library?

How have the points of focus foetrieval changedor a certairuser?
What academic areas are emerging attractions?

How many people are interested in what topics?
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How many virtual groupswho share particular interestsxist in thedigital
library?

Who is a potential mentor for whom?

How many experts are imhich area?

Which topics are relatei which other topics?

Visualization also provides visual exploratisnpportto its users so that they feel
involved directly in the data mining procesand can utilize their own creativity,
flexibility, and geneal knowledge[40]. Figure 9 depids how userexploreknowledge
through information visualization. Knowledge finding with a visualization tool is
achieved by repetitive hypothesigeneration data exploration, and hypothesis
verification That is,through exploring the data, we can verdfiy hypothesis, and at the
same time it arouses another hypothesis. Statistics and machine learning techniques
embedded ithevisualization toolsupportthe user to verify her hypothesis.

{ Statistics
ot N )

Sr——

" N .y [Machin@

Data neu® "\\Learnin
Exploration

e Hypothesis
k Verification

|--"/Self-Hypothesi i
\Generation Data
g Exploration

Figure9. Iteration of datanining processising visualization tools

—

5.1.2 Data Description and Preprocessing

Our initial data set consists of 1,200 user models, describing those who registered to
use oursearch result clusterirggrvicein NDLTD, which was introduced iBection4.1.2,
between August 2005 and May 2006. Durittte registration process, new users

explicitly provide dat a, called fdAexplicit
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interest), and number of years worked in each such area. Tdbteribegheinitial data
set used for VUDM.

Table 1. Dataset User model data usedr VUDM formative evaluationfrom 1,200

users
Data Type Description
Avg. 4.59 queries per user. (Estimated from
ry L ner he W8brvi mon
Query Log Query Log ge. erated pyt e W8brvice _de on)
Avg. 4.52 distinct queries per usé@btained from
Implicit Data the Query Log stored in User Data)
. .| Avg. 19. i
Topics (Browsing vg. 19.3 tOApICS Per user :
Activities) (User 6s browsing act
recording the Noun Phrases traversed.)
Explicit Data perienc
Demographic
. N/A
Information

Explicit data is easy to analyze with normal analysis tools. However, such data is
insufficient when addressing the comprehensive questions listed in Section 5.1.1. Further,
user interests and behavior change over time, so it is important to enhanceodsksr m
with data from a user tr acki ncglledsbgcausectha, . e.,
data was not entered explicitly in answer to questions). Our implicit data consists of a
Aquery | ogo and two types offnounpheses.Jhe fit opi
user tracking system runs on an NDLTD service that provides document clustering, and
collects the cluster names that users traverse. It records positively rated, as well as
ignored, hence ned&t Ow 4,209 userarodeld contdint bmth i ¢ s 0
explicit data and implicitating data that grow with the use of NDLTD, but our focus is
on visualizing such user models mainly using implicit rating data. The data allows us to
characterize users, user groups, and broader user communities. At the same time, we can
characterize tops and (scholarly) areas of interest. Combining the two types of
information allows identification of areas of user expertise, mentoring relationships

among users, and changes/trends related to the data and information considered.
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5.2 Visualization Strategies

With our Visual User model Data Mining (VUDM) tool, we aimed to visualihe
following information.

Virtual Interest Groups
Individual Interests

Relations between Groups
Relations between Individuals
Interest Density

Search Topic Trends

The visualization strategies of our Visual User model Data Mining (VUDM) tool fully
foll ow Ben Shneidermands [RO 71p r madtvieanw i eiws d d Ir
zoom and filter, fTHe enain windaw griederds ao overview ofalh d O .
users (shown as icons) and comitign (i.e., groups, shown as spiraés) illustrated in
Figurel0. In this figure 1 displays an overview of users, virtual interest groups, and their
relationships. Thenultiple windows, 2, presentdifferent data from different morghat
thesame timdo make it easy to find any changes made between martiesslide bar, 3,
controls the correlation threshold)( The small tables at the bottom, 4, 5, and 6, show
detailed information about groups, topics, and highlighted users, respectively. When
using tke right mouse button, dragging up and down, 7 and 8, and free dragging, 9, cause:

zoom, uRzoom, and panning.

The visualization of users and togiased groups aims to summarize high
dimensionality data, in order to support key tasks (see SectidynThree degrees of
freedom (three dimensions) are shown, since one can vary the position (X, y coordinates)
of a spiral center, as well as the distandea(oser icon) from the center.

The positions of spirals (groups) are not controlled absolutely becawse th
dimensionality of data is too high. It is only important to maintain relative distances
among spirals (interest groups). F3d]is | ayi ng
used. That is, the whole space is divided into equalz ed r ect angl es and t
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Figurel10. The main windowof VUDM showsanoverview of virtual user communities
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Figure1l. Windows for detailed information about users and user communities

Figure 11 shows windows for detailed information about users and user communities.
These windowsgprovide basic analysis functions such as sorting by data kejdre 12
is a snapshot of VUDM when it operates
visualizethousandof users in overview mode, it is necessary to zaotm the desired
area to make it easy to distinguish, locate, and select users and user comn3amtees.
user icons in different communities are connected with lines to show they are identical.
Zooming is achieved by draggirige mouse upward while pressing the right button on
the desired area.
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Figurel2. Zoomed user space

VUDM also provides a filtering featur&iltering is achieved by moving a s#idwhich
is associated with the user correlation thresthld/hich will be explained later in this
chapter, on the user interfad#ith higherd, a stricter community finding is performed,
so that less probable user communities are filtered thdrefore, finding user
communities beconsestrict too. Figure 13 shows how the correlation threshotfl
influences finding user communitieshe keft window shows that more users and user
communities were found whea low correlation threshold was used, atit right
window shows thatewer users and user communities were found because hogh
correlation thresholdn addition, all user icons and group spirals can be dragged with the

mouse, e.g., to examine a congested area.
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Figurel3. Filtering user space

VUDM provides detailed information about users and user communities on démand
see the two windows at the bottom of Figlide The table panel, right top, contains three
information tables about the selected user or group. Each table shows group detalils,
group topics, and user details, respectively. Twowsinoows of the bottom row present
detailed information about all groups and all users in the system. In the window for user
det ai |l s, the useros | D, number otérestgar®ups t o
i sted. I n the window for groimphegrapaad | s, t he
a list of topicsfor the groupare shown. These detail information tables support basic
OLAP functions, such as sorting and counting. Thus, VUDM servicesbine the

strengths of graphical and teatiented presentations.
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Figurel4. Detailed information on demand

5.3 Loose Grouping Algorithm

For classifying users into virtual interest
we use the same algorithm. Because any statistical information about distribution and
underlying densities of patrons, such as sample mean and standard deviatinot ar
known, nonparametric classification techniques, such as Parzen Windok<Naadest
Neighbor kNN) [25, 27] should be used. B&NN is inappropriate since it assigns the
test item into only one class, it needs widissified training samples, and its function
dependson the size ofthe sample For these reasons we devised a modikdiN
al gor i t hsme winddwi nvulticddl assi fi cati onbo ( FSMWMC) al g
illustrates the difference betwe&NN and FSWMCn this figure,Top Row: ThekNN
rule starts at the test poirfted spof among classified samples, and grows the
surrounding circle until it containg' 'samples The size ofthe circle depends on the
number of sampk Then, it classifies the test point into the most dominant crasisei

circle. Bottom Row: The fixeedvindow multiclassification rule classifies all samples
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enclosed by the fixed sizedsd, circle, surrounding the test poifred spoy, into a new
class.Once a point is classified, its color is changed to grégn, f the new generated
class is a subor superclass of an already found clasge remove the redundant sub
class.In this figure, two classe§,c} and{ a,b,d,e}, are found up to stage n=16.

Distances between samples (the spots in the hyperspace) are calculat&ajuatian
(1) in Section5.4.1. While the window size, r, of thetNN i s depe@hd®wtalt on 06n
number of samplgsthe window size of FSWMC is fixed to the correlation thrégiab
The d value is entered from the user interface. In this algorithm, a test sample will be
assigned to 0 or more classes, depending on the number of neighbors within the distance
d. Theoreticallya maxi mum of 6nd cl assessnbefoume cl ass
However, we reduce the number by the Aremovi
are all elements of another class can be removed to ensure there are no hierarchical
relationships among classes. Also, we remove trivial classes, whereurigem of
elements is smaller than a specified value. Even though Parzen Windows also uses a
fixed-size window, our algorithm is more similar kNN becausekNN and FSWMC
esti mate directly the fa posterioro probahb
Windows estimates the density function p(feature|class). We also use our algorithm to
find Agroups of similar groupso. However, in
most dominant class among samples within the surrounding region, becausg a grou

Sshould be assigned to only one figroup of simn

n=4 n=9 n=16

/\ ./\.'.,:

k,=AIn / \ D o
N NaPR | R A

ey SR
r=0 cQ) K;/ a /\ . C/—a\\' cee
| P e e

Figure15. lllustration of thekNN (top) and FSWMC(bottom)algorithns
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Figure 16 describes pseudo coder fahe fixed-size window multiclassification
algorithm.T h e vddik thescorelation threshold, which is given thg VUDM user
interfaceshown in Figurel3.

for each itemi in the systerf
generate a new class

for each itenj in the system
if distancei(j) ¢ d assign iten into c;

for each classin the system {
if ¢ E t discardt;
else ifc E t discardc;

}

Figurel16. Fixed-size window multiclassification algorithm

5.4 Knowledge Finding

The goal of our visualization is to support understanding about users, user groups, and
topicsi and their interrelationships. We consider three categories of knowledge: user
characteristics and relationships, virtual interest groups and relationships, and usage
trends. These are discussed in detail in the following three subsections.

5.4.1 UserCharacteristics and Relations

User characteristics are the most important information for personalization. Many
commercial online shopping malls, such as amazon.com and ebay.com, are already
utilizing user characteristics for personalized services. VUDMuwial i zes each us
interest topics and expertise level by putting his icon on spirals in a 2D user space (see
Figure 17 left). Each spiral represents a set of closely related topicstlansi, forms a
virtual interest group with the users on the spirbbvghare the topics. Small face icons
on the spirals are users. The size of a spiral is proportional to the size of the group.
Distance between user icons within a group reflects their similarity with regard to topics.

Because a user may be interested uttipie topics / scholarly areas, VUDM puts copies
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of his icon on all spirals that match his interests, linking copies together with connection
lines when the user is highlighted (see Figlifeight). The dstance between two spirals
reflects the similaty between the two groups.

The amount of expertise on a topic for a user is used to determine the distance from the
center of the spiral to that user6s 1 con. T
expertise the person has about the topic. Eigeeis computed as a function of the
number of years the user has worked in the area, and of the length of usage histery. High
ranked persons in a group are colored differently, and are classified as mentors; novice

users may be encouraged to collaborédth them.

novice

mentor

Figurel7. User and user community characteristics and relations

Decisions about the: formation of a virtual interest group, selection of users who make
up a group, and | ocation of eetexoftaspmegEr® €T | CO
made by calculating correlations between users accordiggjaatiors (1) and(2). We
used mainly implicit data rather than explicit data, because collecting implicit data is
more practical than collecting explicit data, and it helps us avoid terminology issues (e.qg.,

ambiguity) which are common in information systddig).

é.j(va,j - (/a)(Vb,j - (/b)

correlation(a,b) = — — =
\/aj(Va,,- - Va)zaj(Vb,,- - Vb)2

Equation (1)
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V. = numberof topics positively ratedby 'a'+ numbenf usedqueriesby'a’
numberof topics proposedto 'a’'+ numbef usedqueriesby 'a’ Equation (2)

(1) represents theorrelationof uses®@® ahd d, 66 i s t he r atjd ngf val ue

used wWwhich means the numbemaad#d .[pwsdpgnn esee rtast

common topics or research interests which are rated by ¢&er abddv.@® i s t he

average probability of positive rating of the yssrobtained by (244].

5.4.2 Virtual Interest Group and Relations

Virtual Interest Groups are virtual clustersdjital library users who share specific
research interests and topics. Visualizing virtual interest groups helps us understand the
characteristics adligital library patrons, may help patrons identify potehtollaborators,
and may aid recommendation. From this visualization, it is possible to figure out
distributions of users, preferences regarding research interests / topics, and potential
interdisciplinary areas. The VUDM finds virtual interest groupdynecting user pairs
with high correlation values (above a threshold). The higher the threshold, the more
precise will be the virtual interest group.

VUDM arranges virtual interest groups in two dimensional user space according to
their degree of relatitship (similarity) with other groups. Relative distance between
groups reflects the degree of relationship; more highly related groups are closer. We
assume that in two highly related groups, users in one group will share interests with
users in the othekVe measure the degree of relationship between two groups either by
calculating the vector similarity between the two group representatives (a union of the
model data for all members), usiBgjuation(3), or by calculating the Tanimoto Metric
(4), a.k.a Jaccard similarity coefficienf27, 81] which uses the number of members in
common [27]. Compared to vector similarity, the Tanimoto Metric has lower

computational cost but still is effective.

vV, Ve

roupsinfA,B) = § ——A 2 '

groupsin{A, B) % AV A Equation (3)
T iT
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n,+n, - 2n
Dranimod A B) = —2—2—"2 Equation (4)
Ny + Ng - Nag

Equation(3)r epresents the group similari Ay bet we
an@8 wo66is the sum of the fr edqbuemacdeesbyofalplosu
i n gAD.TWpoits t he set of whidhhre ratedpsitivel atileast t he sy ¢
once.Equation4)r epr esents the similar iAG yaBiddwed ance b
andb 6are the nuAabdBr rods paesgtrisvsdInyh.e humber of
both groupsA andB.

5.4.3 Usage Trend

In addition to characteristics and relationships among individual users and virtual
interest groups, general usage trends also are of interest. Visualizing usage trends in
VUDM is accomplished by providing overviews over time. Thus, FiglBeshows
VUDM results for three months.
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Figurel18. Visualizingusage trends of digital library
In June we see a cluster of small groups at the bottom. In July we see those are
attracting more users and groups, and seem to be merging, while an old topic, the large

spiral at the top, adds one more user. That large group shrinks in August, at thieneame
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as there are further shifts among the small groups (now three) at the bottom. Thus, we see
which areas emerge, are sustained, shrink, or grow. Further, we may extrapolate from

series of changes to make predictions.

5.4.4 Concept Drift

Detecting concept dtiis a well known problem irthe machine learning aredhat
involvesuser moded dynamically adjusng to user changes quickly, as the real attributes

of a user are likely to change over tif88, 91}

= : effective i most
B ! ! - ! effective
not useful | : = :
i ; effectiye
: :  /current
: concept

lrecommendation

Figurel9. Detecting drift of concepts makes it possible to provide timely

recommendation

In recommender systesn detecting the concept drift of a usalows makng
recommendations ahe proper tims. As a user community, portrayed by spiral
represents set of closely related topics and interests, it also can be regarded as a concept
which is usually a research interest or a learning talgiscribingthe people on the spiral.

If a concept of a user di$ to another new concept, a clone of her icon appears on the

new spiral and a connection line links the new icon together with other prevstaisces
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of her icon to represent that they are one person. Therefore, by tracing connection lines
over time,it is possible to detect new drifts of concept

Figure 19 shows how an effective recommendation can be matlacking the drift
of conceps. The transition from stage 1 to stage 2 showes iumber of concepts of a
useris increased. Thiss the casevhen shedevelo her previous concept into more
specific multiple conceptand when sheaisa totally new concep#lso, the number of
concepts can be decreased as the transition from stage 2 to stage 3T$h®wsay
happen when the user puts her mudtipbncepts into a shape, or when she forgets or
loses interest in her previous concept. In stageiglpossible to tell which concept is her

latest concept, and recommending regarding to the condépe mosteffective.

5.5 User Evaluation

Evaluating avisualization bol objectively is difficult, and/UDM is a data mining tool
to supportdigital library administrators or decision makers, notsupportnormal users.
Therefore, weconductedan analytic formative evaluatiorbased on user interviews
insteal of a summative evaluatiotMost participants agreedbout its usefulness in
finding important knowledge about users and user groups, atsifeall portion of the
participants pointed out problemSection 6.1 provides a detaiked description about
participants of the formative evaluatioras)d theresults of the surveys well as several

critigues and concermaisedabout VUDM.
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Chapter 6. Formative Evaluation

This chapter describes a formative evaluation based on which the V@iV
modified. The evaluation is performed with graduate studevdpringin computer

sciencemost of wiom have interests in @re workingin thedigital library field.

6.1 Evaluation Design

It is difficult to evaluate a visualization tool objectively. Therefore, we conducted an
analytic formative evaluatiomcluding user interviewsOur evaluation consists of two
classes ofsessions, answering sessions and interview sesdibiike a summaive
evaluation,where thegoal is to prove the effectiveness of software statistically with
many random participants, formative evaluatiofien aimsto collect professional
suggestions from several domain knowledgeable participants, as the productgis bein
developed[35]. Eight Ph.D students majoring in computer scienaere recruited
making sure thehave basic knowledgen the topicsf digital library, datamining, and
information visualization. Participants were given enough time to become familiar with
the VUDM and then were allowed to ask any questions that came to mind. After this
process, they were asked to evaluate the effewtsseof VUDM with regard to providing

each of five types of knowledge that might be sought by digital librarians:

Information seeking trends
Virtual interest group distributions
User characteristics

Trends in the near future

® a0 T p

Drift of concepts

Intheanswering session, participants could ar
each question. If thes el ect e d théypwere iaskédvte éelect the degree of
agreement from 1 to 10. During the interview session, participants were asked to

commentovw UDM6és problems and to make any suggest
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6.2 Results andConclusions

All participants answered positively for all questions, except two questions were
answered negatively by one participéste below). The average (npagative)scores
for each question were 89%, 85.5%, 86.2%, 75.8%, and 69%, respediiuelyy the
interview session, most participants indicated difficulties with understanding some of the
features of the visualizatioror example, some were confused about groups laaid t
| ocations. Some didndét understand the reason
The fact isthat VUDM characterizes user and group based on set of t@hiesiser and
group involved with, and provides topic tables which consisted of hedslof topics
ordered by frequencies, instead of | abels. C
using the topic tabl es. The participant com
visualization because they contain too much detail informafidre other negative
answer was ahbis tifficgtifor ¥UDM wisers @ dpdt changes in usage
trends since they must see multiple pictures about usage trends for the past several
months to predict the next month. The participant commented \fb@M should
provide better visualization for this task, such as animation or colored traces showing
changesSince our approach is new, it is not surprising that some users were confused
about the novel features of VUDM. Further testing, with more tithogvad for users to
become familiar with our approach, is needed. Another problem we identified is that our
user model data is just cumulative. It is not easy to determine if and when a topic goes
out of favor. If we worked with sliding windows coveringffdrent time periods, we
might solve such problems.

Also, because the NDLTD union catalog covers all scholarly fields, and we only had
1,200 registered users, finding virtual interest groups was hard. Adding more user data or
applying VUDM to subjecspedfic digital libraries like CITIDEL [3] or ETANA-DL
[4], should solve this problem.

Finally, privacy issues were identified. Devices and modifications were requested to

secure personal sensitive infation, such as user IDs.
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Chapter 7. Algorithm Evaluation and Enhancing

Scalability

This chaptempresentghe resuls of anevaluationwhich was performedo compare the
precision of FSWMC and its two variationswith two of the most related popular
clusteing algorithms,kNN and Tanimoto, in finding virtual user communitiesnd their
propertiesAlso, a furtheranalysis othe FSWMC algorithm regarding scalabiljtgnd its

modificatiors to solve the problepwill be discussed

7.1 Community Finding Performance

The challenging fact of comparing the performance of community finding is to devise
an objedtve method to measure the correctness of virtual user commuAsikisg all
users, whether their virtual user community assignmangscorrect or not, is very
expensive and subjective. Also thisy is likely to intrudeontheir privacy[88].

Our approalk is to build a test collectiowhich isa collection offresearci nt er est s 0
and 0l tepedfrom well-classified Electronic Theses and Dissertations (ET&S)
48] and ACM Transactionfl], so that the correctness of assigning users in a group into
certain user community can be calculabgdmatchingu s e r s 6 pthiodoliedtians and
using set theory

Research interests and learning topics of patrons in complex informatiomsyste
constitute basic information to help provide them with advanced personalized services.
Although this information usually is provided by the users explicitly, e.g., through filling
out registration forms and answering online surveys and questionnamesyasearchers
have emphasized the importance of implicit wayysollect the information. Kelly, in her
dissertation41], tried to figure out users6 document
feedback tendencies. Nichdls8] and GroupLeng50] showed the great potential of
implicit data from users. Human behavior analysis and modeling in information systems,
such as by FiddR9], Belkin [13], and Lin[52], also are techniques to characterize users
and communities for personalized serviBellen suggested user centered approaches to
digital library evaluation, using retrieval patterns of a user and her commutatsedye

many parts of problemgl4]. However, there are few methods and tools developed to
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evalwate these efforts. Therefore, the goal of this study is to develop such an evaluation
tool in support of personalization.

Research interests and learning topics of a person are normally represented by a set of
noun phrases, for example, "digital library'complexity analysis”, and "web log
standardization”. Anick[10] also emphasized the usefulness of noun phrases in
information retrieval, such as succinctness
and extraction, tightness of expression, appearance in actual queries, e

Therefore, we will identify a digital library user's research interests and learning topics
by examining the noun phrases extracted from documents she referenced in the digital
libraries, because the title, abstract, and body consist of noun phfakesdocuments

that provide reasonable hints about her research interests and topics.

7.2 Building a Test Collection

The overall goal of this study is to build a collection of research interests and learning
topics for various scholarly areas through analyzing -alasified documents, and to
make it useful by storing it in a database and providing tools, such as ppiieafion
Programming Interfaces (APIs) and wehased user interfaces. Figu?@ depicts the
overview of all stages to achieve the goal. In stage (1), a large set of documents is
collected. This set includes the Networked Digital Library of Theses arskifations
(NDLTD) ETD Union Catalog6], which is a collection of ETD metadata provided by
325 member institutionfs7], such as universities and libraries. Although this ctba
covers all scholarly areas, wedad the ACM DL (Digital Library)Transactiong1] to
our data analysis to help guide our focus on computing, because according to our
preliminary researctj48], many users and information demands in our target digital
library, NDLTD, are in the computing field. The NDLTD ETD Union Catalog is
collected by using the OAI/ODL Harvester 34¥, 78] and the ACM DL Transactions
are crawled witha web crawlerSPHINX [7, 55, 60] NDLTD ETDs are classified into
76 categories of research interests and learning topics, henceforth referiesi
Afcategorieso. ACM Transacti ons -classigediste| ect ed
26 specific topics of computer science and enginednyngxperts see the row labeled 8
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in Table2. In stage (2), 102 categories are predefined for classificas shown in Table

2. The method we used to classify the documents is specified in the next section.

OAl Harvester 2.0 @ NDLTD

and Web Crawler\) ETD
Union

@ Catalog

Classification ACM

Digital
@ libraries

A0 Noun-phrase
@ Java APIs Extractor
Collection @
Builder

Collection
Database

Figure20. Workflow to build a collection of research interests and learning topics

In stage (3), a noun phrasgtractor, developed at the University of Arizdd4], is
employed to extract meaningful noun phrases that represent research interests and
learning topics. The noun phrase extractor is tuneddosfon title and subject elements
of each ETDO6s me2thechuse these parts evereentgredrby its author
directly and contain carefully selected phrases that are expected to represent the ETD.
The description element, which contains thetralos of the paper, was excluded because
it turned out that including the description just adds noise, reducing the accuracy of the
whole result. For documents of ACM Transactions, title and keywords fields were
analyzed.

In stages 4 and 5, the resultsloé document classifier and noun phrase extractor were
classified into research interests and learning topics. They were merged and converted to
SQL queries, and entered into the database. FRjure a logical view of the collection
database after stage Research interests and learning topics are stored with their

category names along with their frequency in the source documents.
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Figure21. Hierarchical structure of the collection

To facilitate the use of this collectiospme Java APIs are implemented for developers
and web applications, at stage 6. These APIs include several presentation functions, such
as an extraction function dealing with statistical information about the collection,
interactive functions implementedth SQL to manipulate the collection, and calculation

functions to estimate categories for given user data.

7.3 Document Classfication and Noun Phrasing

ACM Transaction documents are already veddissified according to 26 specific
topics in the computindields, but, classifying the NDLTD ETD union catalog is a
challenge. Each ETD record is in XML format and contains fimétemation describing
the document, such as Dublin Core information, title, subjects, description, publisher,
date, etc like the samie given in Figure22. Classification of a ETD was achieved by
taking advantage of classification information entered by its author, subject elements, and

using a keywordmappingbased a¢hoc algorithm for the title and subject elements.

<dc oai_dc="http/www.openarchives.org/OAl/2.0/oai_dc/" duttp://purl.org/dc/ elements/1.1/

xsi="http://mvww .w3.0rg/2001/XMLSchemmmstance" schemalocation="http://www.openarchives.org/
OAI/2.0/0ai_dc/ http://www.openahnives.org/OAl/ 2.0/oai_dc.xsd"><title>Composeentered Computekided

Soundtrack Composition</title><creator>Vane, Roland Edwin</creasutject>Computer Science</subject>
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http://purl.org/dc/%20elements/1.1/

<subject>human computer interaction</subject><subject> music composition</sgbjdgjet>soundtracks
</subject><subject>creativity </subjesttescription>For as long as computers have been around, people hav
|l ooked for ways to involve them in musicé. </ des

<date>2006</date><typ&tectronic Thesis or Dissertation </type><format>application/pdf</format><identifier;

http://etd.uwaterloo.ca/etd/revane2006.pdf</identifier><language>en</language><rights>Copyright: 2006

Figure22. An example of ETD metadata

Classification is targetea tclassify the source documents into a predefined set of 102
categories, including categories from the ACM DL, as listed in TAblEhe category
names and keyword sets for each category are identified by surveying faculty/college
systems of universitiedWe referred to the websites of five universities in Virginia
Virginia Tech, University of Virginia, George Mason University, Virginia
Commonwealth University, and Virginia State University. This table has an extended
version of categories which we used faur preliminary work[48], which aimed to
reveal the amount of information supply and demand in each scholarly field in NDLTD,
by adding the ACM DL collection to specify the computing field. The goal of
classification in this study is finding representative documents for each category, rather
than classifying all documents precisely. Therefore, ambiguous or-cetEgory

documents were excluded.

Table2. 102 categories of research interests and leatojpigs

8 high levels .
9 . 102 categories
categories
1 Architecture and | Architecture and Construction, Landscape and Architecture
Design
2 | Law Law

Medicine, Nursing | Dentistry, Medicine, Nursing, Pharmacy, Veterinary
3 | and Veterinary
Medicine

Arts andScience | Agriculture, Animal and Poultry, Anthropology, Apparel and Housing,
Archaeology, Art, Astronomy, Biochemistry, Biology, Botany, Chemistry,
Communication, CropSoil and Environment Sciences, Dairy Science,
Ecology, Engineering Science, English, Entdogy, Family, Food, Foreign
Language Literature, Forestry, Geography, Geology, Government
International Affair, History, Horticulture, Hospitality Tourism, Human
Development, Human Nutrition and Exercise, Informatics, Interdisciplina
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Library Sciencel.inguistics, Literature, Meteorology, Mathematics, Mysic
Naval, Philosophy, Physics, Plant, Politics, Psychology, Public
Administration Policy, Public Affair, Sociology, Statistics, Urban Planning
Wildlife, Wood, Zoology

Engineering and
Applied Science

Aerospace, Biological Engineering, Chemid@lpmputer Science and
Engineering)* Electronics, Environment, Industrial, Materials, Mechanics
Mining and Mineral, Nuclear, Ocean Engineering

Business and
Commerce

Accounting and Finance, Busineg&g,onomics, Management

Education

Education

Computer Science
and Engineering

Algorithms, Applied Perception, Architecture and Code Optimization, As
Language Information Processing, Autonomous and Adaptive Systems,

Computational Logic, Comput&ystems, Computer Human Interaction,
Database, Automation of Electronic Systems, Embedded Computing,

8 Graphics, Information Systems, Information and System Security, Intern
Technology, Knowledge Discovery, Mathematical Software, Modeling ar|
Simulation, Multimedia, Programming Language, Sensor Networks, Softy
Engineering, Speech and Language Processing, Storage, Bioinformatics
Networking

* The Computer Science and Engineering category is expanded in row 8.

The next step is extracting noun phrases from the classified documents. University of
Ar i A Z [8N s wsed dndh tureed te exclude -aftinterest nouns.
Along with noun phrases, tarfrequencyif, is extracted to obtain the frequency e t

zonaobs

whole document setf tf. Brief statistics of source data, as well as results of

classification and noun phrasing, are given in T&ble

Table3. Rawdata forresults ofanalysis

Source Number of Number of Number of Distinct
Records Categories Noun Phrases Extracted

ND.LTD ETD 242,688 76 77,831

Union Catalog

ACM DL 3395 26 1,645
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7.4 Application: Measuring Accuracy of Community Finding

Algorithms

A major application of our research is an evaluation tool for user clustering, or
community finding, which is an essential procedure for almost all personalization
techniques and recommender systems. The VUBB] 46] Visual User model Data
Mining tool, is a visualization tool to provide both an overview and details of users, user
communities, and usage trends of digital libraries. Commuimting also plays an
important role in VUDM.

Figure 23 shows how much the result of VUDM depends on various community
finding algorithmsThree figures present user model data fRIn®00 usersof June 2006
collectedby VTLS.com[87]. Users and user communities are represented with icons and
spirals, respectively. The distances between user icons, or spirals, represent how similar
they are.

There are many user clustering methods studied,thete was no known method to
evaluate the performance, and accuracy, of community finding algorithms, except asking
the users directly, or conducting a user survey, whether it is online or oHlaveever,
requiring users to enter information explicitig expensive, hard to achieve when the
communities are largeand can lead to violation oprivacy [88]. In this section, we
describe arexperiment we conducted to see how the collection of research interests and
learning topics could be used as an evaluation tool for measuring the accuracy of
community finding algorithmsNN, Fixed Window Size MultClassification (EWMC),

and Tanimoto.
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Figure23. Visualization of user communities in the NDLTD collection as of June 2006.
User communities were found B)N (top), FSWMC (niddle), and Tanimotol{ottom)

algorithm.

There are many user clustering methods studied, but, there was no known method to
evaluate the performance, and accuracy, of community finding algorithms, except asking
the users directly, or conducting a user survey, whether it is online or offline.rirgqui
users to enter information explicitly is expensive, and hard to achieve when the

communities are large. In this section, we describe an experiment we conducted to see
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how the collection of research interests and learning topics could be used asatioeva
tool for measuring the accuracy of commurfinding algorithmskNN [25, 27] Fixed
Size Window MultiClassification (FSWMC)[45], and Tanimoto, a.k.aJaccard
similarity coefficient,[27, 81]

1 KkNN: Similarity is based on the cosine correlation. We find the user community in
the nearesk neighbors of a given user. Performance depends on tinéaruof
users in the whole syste[i27].

1 FSWMC: Similarity is based on cosine correlation. In contrasiNN, we find the
user community within a given threshold of grouping strictness. Performance
depends on the given thresh{id).

1 Tanimoto: Similarity is based on simple set comparison. This has a low

computational coge7].

In order to neasure the accuracy cbmmunity findingalgorithms, we implemented a
function, which is based on the cosine coefficient, that estimates categories to which a
given user belongs, and their probabilities. Using this function, the accuracy of a
community firding algorithm is measured by calculating the average of the overlap ratio
of matched categories among users within a group, see Equaitidhdll members in
each group are estimated to belong in the same categories, this value will be 1, otherwise
it will approach 0 as the number of matched categories is reduced.

Ch = <Vector> EstimateCategories (UserModgl

S| Equation §)
8.,C

nl g n,w

w

Accuracy=

é-gI'G

In this equationG is the set of all interest sharing groups among users|Gnd the
cardinality of setG, which is the total number of elements of &tg represents an
interest sharing group i®, andn represents a user in grogp G, is the firstw most

highly rated research i nter easttesg oarni dersloe a ronfi nug
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wherew is the size of the window. The size, or tolerance, of the window is the range of
categories considered meaningful, from the estimated list of belonged to categories. Two

users are considered to be grouped correctly if badhesa category within the tolerant
window of sizewwi t hin their estimated categories. F
andusebbs categor i eqd cbeg g, esttandast e @, ca o} in

descending order of probability, respectively. Thenw i 1, usera andb will not be

considered to be sharing any research interests and learning topics because their first
estimated categories andcz arenot the same, and we assume only thafiteeranked

categories are meaningful. Howeverwifis 2, they will be considered as sharing some

research interests and learning topics becepysex i st s i n both wusersé fi
categories. In this paper, we seto the value3. Because mdausers in the rawlata we

used belonged to more thaB5 categories, selecting ®r w is strict enough. One

limitation of this method ighat it calculates only the correctness of user communities

which are already f ound lnities thhteskosidhbé found.onsi der

category name r probability of matching

(o

user model of user 7’

Collection of <. Sorted in_
research interests descending order
and learning topics ooe O\b _ of probability

o0

(Average length = 35)

0.000078 } CI, w

EstimateCategories

Figure 2. EstimateCategories Function

Figure 24and Figure 25depict how the accuracgf measuringa user commury
works using the EstimateCategories() functioBstimateCategories(ronsidersthe
collection of researcinterests and learning topigghich is described in Section 7.2 to
identify aset ofcategories that the user belongsTbe input of this function ig user
model| which is described in Section 48nd the output is a list of categories and their

probabilities of matching in descending order.
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Figure 5. Counting shared interests using the outpusifmateCategories Function

Figure 25 shows how the output tfe EstimateCategories() function is used to
calculate the number of shared research interests and learning topics among users in a
community. Onlythe first w highly ranked categories for each user are used for
calculation. If all users in a community shéine samew categories, the cardinal number
of the union ofw categories of all users in the community will Wwewhich means the
accuracy value of the community is 1. If all users in a community have differsiof set
categories, the cardinal numbertloé union ofw categories of all users in the community
wi || be woOnwheéieneshe oO6n6 is the number o f u
accuracy value of the community wil/ approac

The raw data used for this evaluation is described in Table 4.

Table4. Raw data for evaluation

Source Number of Records Data Size Collection Period
NDLTD [6] logdata 267,790 reords 29 250 KB June 2005 to
collected by VTLY87] (30,600userg ’ December 2006

The raw dataconsists of user models of 30,608ersin NDLTD, collected by VTLS
which were converted from standard web log imséer modetlata formatsdescribed in
Section4.3 The datawere anonymizd by removing user names, email3,addresses,

etc., to protectheprivacy of NDLTD users.
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7.5 Enhancing Scalability of FSWMC

Besidesthe three algorithmsdescribed inthe previous sectiontwo more FSWMC
variations, which are modified to run i@(nS n) and O(n) will be included in this
evaluation.The aiginal algorithm for FSWMC consists of two loops, one of which is
located in the otherEach runs in O(n), as listed belownd thus & asymptotic
complexity isO(r?). Below istherough algoritm structure of FSWMC.

Q¢

for each user {
generate a new empty class;
for each user { a inner loop
assign all users enclosed by raddisirele surrounding this item
into the new class;
if this class is a stllass or supeclass of an already found class
then discard the silass;

outer loop

This way of community finding needs enhancement because most users have used the

digital library just once or twice, and including all the inactive users for community

finding is computationally complex and noidg. order to support this, we analyzduet
distribution of users and their activities as follow

Figure26 and Figure27, below,s how t he di stri bution of
of Activityo, henceforth DOA, which is
the number of item# the library used and referrdd by the useras represented by

Equation (6)

Degree of Activity (DOA) of useéad= number queries used o6+ _
_ o Equation 6)
number of items referred to ldgd

user .

def i

Eventhoughthere are many exceptions, it is understandable to assume that regular and

active customers will have higher DOA cur ve | ab &d shaws thes
increasing number ofisers whose DOA igreater tharN at the time shown othe

horizontal axis of th@oint The figureshowsthe total number of users increasagidly
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from 3,500to 30,600 during the peripdvhile the number of active users increased

slowly.
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Figure27. Change of the number attiveusers inérms of DOA zoomedin from
Figure24.
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In Figure 26, the number of active users is too small to be showhearsame scale
with the number of total users. Figu2é providesa zoomedin figure of the curves of
active users which were hard to distinguish in FigdeT he cur ve | abel ed as
shows the change of sqrt of the number of whole usef@is curve is added to find out

athresholdp, which makes the complexitf each loop lower tha8 n. The way to find

9 using this curve will be described latethen we talk about the first variation of

FSWMC.
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Figure28. Completion time of FSWMC runs in Gfn

Figure 28 shows how the completion time of community finding, the polygonal line,
increases as the number of user d#tia, bars, increase linearps time passesThe
completion time increasés speedwith complexityO(r’) and it take almost 50 minutes
to completethe communiy finding at the last montlof the data December 2006, when
the number of users was about 30,60Broughout thishapter the completion time is
measuredn a Pentiuri, 2.0 GHz Windows system.

The first variation of FSWMC, which rin O(rS n) time, is made by adding a
condition to line 1, such as for each user, whose degree of activity DOA)L is

greater tharmol , so thatthe iteration of the loops performed only for active users

(whose number is always less tha® n); which is the necessarycondition of 2 to
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guaranteghatthe number of iteratiaof the loop is less tha@ n. In the increasing rates

of active users and sqrt(rds seen irFigure 27, the number of users, whose DOA is

greater than 75, will never exa#sqrt(n) with an assumption that the population of

whole users will increase, in such a way that maintains the current, or observed, increased

rates of users in each DOA. Therefore, selecting #&gpr eat er val,soswe f or o i

cans a y niimbere active users, whose DOA is greater than 75, is always lesS than

no. Imapgeér,s we select 75 for 9.

This modification is reasonable because it prevenmmunity finding among nen
active usersaind pus active uses at the center of communities. Moveo, this variation
doesndt exclude any wusers from bedsmgs consi de
the completion time othe first variation of FSWMC, which runs i©®(nS n). The

completion timds reduced to about 10% tfe original FSWMC, which ras in O(F).
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Figure29. Completion time of FSWMC runs in 6% n)

The cond variation of FSWMC ischievedby applying the same condition tbe
inner loop, which starts from lined the algorithm structurddecause bottheinner and

the outer looprun for S n active users, the totasymptoticcomplexity is O(n).This
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variation will makecommunity finding ‘ery fast because it concentrates only on highly
active patrons athe digital library and their number imuchsmaller than the number of
total urs. Figure 30 showsthat the completion time of commity finding of this

variation is just about 4% of that thfe O(nS n) variation.
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Figure30. Completion time of FSWMC runs in @)

However,since nowmost users are excludébm being considered for community
findng,and t he effects of active userso behavi
variation needs to be evaluated.

The difference ofthe completion time of thehree FSWMC algorithms described
above is clear whethe three completion time curves afownin a single char{see
Figure31).

For acomparison ogfficiency, the completion time &NN and Tanimoto algorithms
were overlapped witthatof FSWMC and its two variationss shownn Figure 32.This
chart slows that the efficiency of original FSWMC, which runs in &(Ns similar to
that of kNN and TanimotoThis result is explained by the fact that bdtle KNN and
Tanimoto algorithms run in O@\ like FSWMC.10 i s wusldr vfaokNNet b 6

throughouthe evaluations of this chapter.
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Figure31. Comparison of completion times of the FSWMC and its two variations
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Figure32. Completion times of thekNN, Tanimoto, FSWMC and its two variations
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7.6 Resultsand Conclusions

Figure 33 shows the accuragycalculatedusing Equation (5), of user communities
found bytwo popular clustering algorithm&NN and Tanimotq and three FSWMC
variations as the number of discovered user comriesichangeskNN showed good
accuracywhen it found more thaabout100 user communities, however, in that case,

most groups consist of just one or two usee Figure34, which has little practical

value
0.5
0.45 g
04 {m
[=1]
£
T 035
£
'S
£ 03
E @ ¢ FsWMCin O(N"2)
E 025 @ # FSWMC in O(NA3/2)
bt © = FswMCin O(N)
)
g @ minN
‘g- 0.15 eATanimoto
L4

0.1 +

0.05 -

0 20 40 60 80 100 120 140

Number of Communities

Figure33. Accuracies of five community finding algorithms

Tanimotoperformedwell when the number of communitiessmall, but the accuracy
deterioratesapidly as the number of groups increase8WMC in O(f), the original,
shows relativelygood andstable performangeventhoughthe accuracy was not the best
among the three algorithmsegardless of the change irumber of conmunities
F S WM CG@(rS n) variation, which avoids clustering among ramtive users, wasore
accuratethan its originalwhenthe number of communitieés less than about 2But it

deteriorate morerapidly than its original The accuracy oFSWMC in O(n) shovedthe
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most rapid dropping of performance as the number of gsongreass. The results of
two FSWMC variationsare aspredicted becausg) thesetwo consideronly, or are
focused on, highly ranked active users for community finding,2r@ nor mal user o6
research interests and learning topics wallty as she becom&more activeand regular
patron,while the decision window siz& in Equation 9) is fixed.
Based on this evaluation, we can use different algorithms accordingpmiterties of
the raw data and user communities we desire to find. That is, 1) the Tanimoto, or
FSWMC in O(n) or O(nn) is good to find a small number of accurate user communities
with high d option, the strictnes@mMaf commur
proper when we try to find | arge number of
The boundary number of communities that makes the decision for the above cases 1) or 2)
will increase as the amount of raw data increases.
Figure 34 shows the ecuracy of communities regarding to their sizes, which are
represented by the number of users in a community. This figure explains wkiyNhe
not verypractical in community finding even though it shows good performance when
the number of communitiesas over 100as Figure33 shows All testedcommunity
finding algorithms present similar performance except KR&l, which shows good
accuracy when the sizes of communities are two or Téss.3zes of communities were
two or less when the number of comnii@s was over 100n Figure 33; we typically
donodt c o mssinall eiser gouypehlith consists of one or two users, as a user

community.
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Figure34. Accuray and size of community

In this chapter,we proposed a methodology of measuring the accuracysef

communities, whichis very expensive time consuminglikely to lead to violation of

privacy, and difficult in other methods. Using the proposed metiiad,possible to test

any clustering algahms appliedto user community findingas well as to tegheir many

parameterdo increase the precision of user communitiegjuickly, efficiently, and
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without violating privag. The proposed methodology consists afcollection of
research and leany topics extracted frorawell classified ETD collectionto cover all
scholarly areasand the ACM Transactions,to cover the computer science field
specifically It is implemented witha database mager and Java API, to make it
applicable to other s@d network related applicatienAlso, it usesan equation to utilize
thecollectionto evaluatea given set of user communities

As an example ofthe application ofthe methodolog, we performed an experiment to
compare theaccuraces and characteristics dive community finding algorithmskNN,
Tanimoto, FSWMCand its two variableausing the proposed methodolodyor further
study, dher possible applications of this collectiand methodologysuch as detecting
concept drifts of a#ain users, visualizing document topics, or visualizing user

communities based on interests and topics, also should be studied.
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Chapter 8. Summative Evaluation

This chapterpresents the prodere and results of evaluatisnwe conducted to
evaluate the usefulness of VUDNhe subject set of thevaluation isnormalusers who
are not library expertsathergraduateor undergraduate studenfshe evaluation with
normal users isperformedby measuringaccuracy and efficiency ofeveral user tasks
using VUDM. The accuracy is measured by checking the arsvegmuser taskswhile
the efficiency is measuredsing the timeto complete thdasks.In Sectiors 8.1, the
experimental desigis described. In Seion 8.2, general data is analyzed whiile&Section
8.3, the rating data is analyzed. Section 8.4 concludedisicession of theesuls of

evaluation.

8.1 Experiment Design

As Chen[23] observed fromhis metaanalysis research, evaluating the effect of
visualization techniques normally is achieved by meaguaoturacyand efficiencyof

user tasks, realistically associated witk o$the visualization tool.

Accuracyincludes precision, error rate, the average number of incorrect answers and
theaverage number of correct answers.

Efficiencyincludes averagéme tocompleg, and performance tim@5].

The purpose of this experiment is assesshe usefulness of VUDM by easuring
accuracy and efficiency of VUDM and compayitwi t h parti ci pant so
analysis tools. The IRB approval letter and questionnaires of this experiment are attached
in Appendix A.The accuracy of VUDM is measured by testing the accurbagey tasks,
and the efficiency is measured by testing how it ©iakers to finish user tasks, that is,
measuring the tim#® completeuser tasks.

Although some research, such[@8], proposed techniques toeasure these variables
in the real environmentwith operrended user tests, it is typical to evaluate visualization
techniques in controlled studies that measure user performance wiphepered tasks

and answers. Therefore, we will conduct our evabmaith a controlled environment.
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Participants were recruited through the Virginia Tegperiment management system
SONA [73], in a first come first reservation mannemtil the desired number of
participans, 60, had beerrecruited Beside that a participant mugie at leastil8 years
old, it is necessaryhat a participantmust be familiar withat least one data analysis
softwarepackagefor basic analysisunctionssuch as sorting, adding, and drawing bar
chars, etc.

In the experiment, participants performéde user tasks usinghe two types of
software, the/UDM and their preferred data analysis software packal@ving ws to
measure and compare the correctness and completion time of user tasks. To avoid
memory effed, two sets of user taskgerepreparedso for half the cases one was done
first. One set wasor VUDM and the other fot h e p ar prefearedpsaftware® s
package. The two task sets are mostly similar in type butetipgired information to
solve the task and thenswers were differenEach task set consists of five user tasks,
each of which represents one of the five compound knowledge types about ke who

population, as mentioned Bection 6.1.

Table5. Twotask sets containinfive user tasks

Task Type Question
Information Aln June 2006, more use
Task 1 : .
seekingtrendfKnowl edge Management o (
Interestgroup|il n June 2006, the O0PoOV
Task 2| distribution more interesgr oup s t han OLi b
(True/False)
User filn June 2006, users who are interested in Knowle
Task 3| characteristic§ Management are also interestedn Li br ar
Setl (True/False)
Trends in neal fiFrom the trends from June 2006 to August 2006, t
future wi || be more informat.i
Task 4 " .
Control o in t he nex-t
(True/False)
Drift of iASomeone, wh o has int e
Task 5| concepts January 2006, devel opec¢
Valued in February 2006
Information filn June 2006, more users are interested in Econg
Set 2| Task 1 : R
seekingtrend4t han Ps yloue/bdise)gy o
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Interestgroup|fl N June 2006, t he O0PoV
Task 2| distribution more interest user gr oy
(True/False)
User filn June 2006, users who are interested in Econo
Task 3 - . .
characteristicj areal so i nterested in Dat
Trends in neal fiFrom the trends from June 2006 to August 2006, t
Task 4| future will be more information needs for Psychology in
next month, September 2
Drift of iISomeone, who has i nter g
Task 5| concepts 2006, developed a new interest in Managemen
February 20060 (True/ Fa

Table5 lists thetwo sets of five user tasks and actual task questions for each task type.
VTLS usermodel data, described in Tablein Section 7.4is provided for user tasks
using VUDM, andthe same data in CSV (Comma Separated Value) format is provided
for user tasks using other software packaBaga inCSV formatis usable byalmost all
statistichanalysis softwarpackagesincluding Excel, MiniTab, SPSS, Matlab, and SAS.
Completion timas measured foeachseparate task.

The experiment includes answerirg pre-test questionnaire, learning VUDM,
answering task set 1, and answering task sd@th2. orders otask setto answer and
association between task set and softwaee deliberately shuffled before the
experiments were scheduldd prevent any possible biaBhe learning session includes
an oral explanation(by the experimentepf VUDM and a demo, andhep ar t i ci pant 0 s
task activity followed by question answering. Completion time is measured by the
participants themselves becausiéot subjectsarguedthat being watched duringn

experiment is uncomfortable.

8.2 General Data Obtained

Using a calfor-participation email and an advertisement postirgtached in
Appendix Al, in the SONA system[73], a total of 60 volunteerswere recruited and
scheduled forthe experiment ina first come first reservation manned3 of the
participants were undergraduate studeambd 17 of the participants were graduate
studens. All of the participants were students of VinginTech Figure 35 shows the
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distribution of academic level of participants, and FigBéeshows the distribution of

ages of participants.
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Figure35. Academic level of participants
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Figure36. Age distribution of participants

As therecruiting advertisement emailearly requested, participants mibistfamiliar
with at least one statistical analysis softwg@@ckage At the pretest questionnaire
session, participants were asked to select their preferred software. They used both their
preferred software and VUDM during their experiments to compare theFigare 37
shows the distribution ofstatistical software packages participants selected. Most

participants selected Excelwo choseMiniTab and two SPSS. Several participants
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wantedto change their software in the middle of experiment, from SPSS to Excel and

from MiniTab to Excel. In that case, their last selected softwascaunted.

(o)
[02]

60

50

40 -

m Excel
30 -

H Minitab
B SPSS

10 -

Excel Minitab SPSS

Figure37. Preferred statistical analysis software package

8.3 Rating Data Obtained

8.3.1 Accuracy

Accuracyis measured bgheckingthe correctnes®f user tasksEach task set caists
of five user tasksincluding one dummy task at the beginningatiow the participanto
get familiar withthe data and softwar20 points is assigned feachright answerandno
points for wrong answex. The user tasks are questions that request the participant to
explorea certain part othedataand to answewhether a given statement is true or false.
Participants were discouragéom guessg the answeto a task whenit is too hard to
find an answerwith the software they are using for the talsisteadthe participant can
sel ect #Agi vi n@nlypcoriectanswers earn 20 miB&ing.up answers
were considered wrongvrong answer®arred 0 poins. Figure 38 showsthe average
ratio of correct, giverup, and wrong answefor VUDM and other software packages
and Figure39 shows the average ratio of correct, gngn and wrong answers for
VUDM and Excel The higher gie-up rate of other softwamgackagesn this chartcan be
explained if other software packages are less suitable to saemplex and

comprehenivetasks likethegivenuser tasks.
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Figure38. Averageratio of correct, giverup, and wrong answers of VUDNE(t ba,
and other softw@ packagesight baj
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Figure39. Average ratio of correct, giveup, and wrong answers of VUDM (left bar),
and Excel (right bar)

Figure 40 shows averagaccuracies and confidence intervals of five user tasks of
VUDM and other software packagékeft), VUDM and Excel (ight), and Table 6
preserdg the result ofthe t-test. 0.05 is used as the signifiaanlevel of the ttest
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throughout all the analyses in this chaplidre average accuracies of VUDM and other

software are 60.00 and 46.67, respectivEhe conidenceintervals of VUDM and other

software are +3.46 and +£3.28, respectiv€he result othe onetail t-test, p = 0.001272,

means thalifference betweetwo average mean®ne from VUDMandthe other from

the other softwareis statisticallysignificant. Therefore, it is safe to say thRA&tJDM users

are more accurate in performing the given user tasks over other software package users.
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0
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____mVUDM 40

= Others || 30
— 20
— 10
0

= VUDM

Excel

Figure40. Average accuracy and confidence intervalewaralluser tasks

Table®6. t-testresulton accuracyf overall user taskisetweerVUDM and other software

packagegtop), and between VUDM and Excel (bottom)

t-Test: Paired Two Sample for Means

Variable 1 Variable 2
Mean 60 46.66667
Variance 718.6441 646.3277
Observations 60 60
Pearson Correlation 0.318328
Hypothesized Mean Difference 0
df 59
t Stat 3.384717
P(T<=t) onaail 0.000636
t Critical onetail 1.671093
P(T<=t) twetail 0.001272
t Critical twotail 2.000995
t-Test: TweSample Assuming Unequal Variances
Variable 1 Variable 2
Mean 60 45.71429
Variance 718.6441 664.9351
Observations 60 56
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Hypothesized Mean Difference 0

df 114
t Stat 2.925139
P(T<=t) onsail 0.002078
t Critical onetail 1.65833
P(T<=t) twetail 0.004155
t Criticaltwo-tail 1.980992

Figure4l and Table BShowaverage accuracied VUDM and other software package
(top), VUDM and Excel (bottomjor each user task.

% % % % %
80 ——— 80 ———— 80 80 80 1
704+—— 70 04— 70 70 4
60 - 60 60 —— 60 60 -
50 4 50 50 - 50 - — 50 A
40 - — 40 40 - — 40 - — 40 1 = VUDM
Others
30 - — 30 30 - — 30 - — 30 1
20 - — 20 20 - — 20 - 20 - -
10 - — 10 10 - 10 — 10 - —
0 - 0 0 - 0 - 0 -
Task 1 Task 2 Task 3 Task 4 Task 5
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Figure4l. Averages accuracy and confidence interval of each user task

Table7. Average accuracy and confidence intervaéathuser tasks

Task1l | Task2 | Task3 | Task4 | Task5
Average 58.33 63.33 50.00 76.67 51.67
Accuracy (%)
VUDM Confidence
Interval (%) 6.42 6.27 6.51 5.51 6.51
Others Average
41. .67 48. ) 26.67
(Excel, | Accuracy(%) 6/ 56.6 8.33 60.00 6.6
SPSS, ang Confidence
MiniTab) | Interval (%) | O 6.45 6.51 6.38 5.76
Average 39.29 53.57 48.21 58.93 28.57
Accuracy (%)
Excel Confidence
Interval (%) 6.59 6.72 6.74 6.63 6.09

Table 8 presents the results anetail t-test p valuescomparingthe accuracy of
VUDM and other software packagésp raw), and VUDM and Excel (bottom ravigy
each user taskErom the result othe t-test, it is observed that VUDM performed better

75



than other software packagesaccuracy fotask 4, task 5 and fahe overall average of

five tasks.Shaded numbeiadicate thathe difference is statistically significant.

Table 8. t-test result on the accuracyof each user tasketween VUDM and other

software packages

Accuracy Task 1 Task 2 Task 3 Task 4 Task 5 | Overall
(t-test p-value)

\éghz':i and  |65,033725| 0.234921| 0.418422| 0015901 | 0003011 | 0.000636
\E’)‘(JCZ':" and | 0,020292| 0.145377| 0.424588 | 0.021013 0.005405 | 0.002078

8.3.2 Efficiency

Efficiency is measured by timing user tas€oampletiontime is measured in secad
by the participants themselves. Thempletion tims of givenup user task are not
included inthe analysis Sevenusers missed recordirthe completion times for soe
tasks, and successfully reded them for some tasks. In that case, only successfully
recorded times are included in the analyBigure42 shows the average completion time
and confidence interval of five user tasks of VUDM and other software packages, and

Table 9 presents the result of thest.

1,000 sec. 1,000 sec.
900 sec. T 900 sec. T
800sec. +—— J' — 800sec. ——— J- —
700 sec. +—— — 700 sec. +—— —
600 sec. +——=— T m VUDM 600 sec. -
500 sec. - — 500 sec. -
400 sec. — Others 400 sec.
300 sec. — 300 sec. -
200 sec. - — 200 sec. -
100 sec. + — 100 sec. -
0 sec. 0 sec.

Figure42. Averages of overall completion time and confidence intervals
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The average completion times of other software packages are greater than that of
VUDM. The ttest tells that the difference between the two averages is statistically

significant, thususers ofVUDM take less time to complete the given five user tasks.

Table 9. t-test result on overall completion time between VUDM and other software
packagegtop), and between VUDM and Excel (bottom)

t-Test: TweSample Assuming Unequdriances

Variable 1 Variable 2

Mean 559.1731 874.0755
Variance 52834.58 223189.3
Observations 52 53
Hypothesized Mean Difference 0
df 76
t Stat -4.35555
P(T<=t) ongalil 2.05E05
t Critical onetail 1.665151
P(T<=t) twetail 4.1E05
t Critical twetail 1.991673

t-Test: TweSample Assuming Unequal Variances

Variable 1  Variable 2

Mean 559.1731 865.8776
Variance 52834.58 222481.9
Observations 52 49
Hypothesized Mean Difference 0
df 69
t Stat -4,11452
P(T<=tpne-alil 5.28E05
t Critical onetail 1.667239
P(T<=t) twetail 0.000106
t Critical twetail 1.994945

Figure43 and Table 1&how average completion time and confidence interval of each
user task. For atif the user tasks, using VUDM takes less time.
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Table10. Average completion time and confidence interval of each user task

Task 1 | Task2 | Task 3 | Task 4 | Task 5
Average
Completion Time | 94.3% | 116.81| 58.72 | 127.6} | 169.13
VUDM (second)
Confidence | g2, | e | 62 | 947 | 15.8
Interval (second)
Others Aver.age .
(Excel Completion Time | 261.09 | 146.82 | 170.®2 | 152.5 | 182.8
PSS, and-— el
MiniTab) 29.72 | 189 | 20.2 13.34 | 15.95
Interval (second)
Average
Completion Time | 264.76 | 143.36 | 153.48 | 152.06 | 174.8
Excel (second)
Confidence | 5; g5 | 2038 | 18.99 | 16.35 | 69.78
Interval (second)

The results obnetail t-test pvalues, between the average completion time of VUDM

andthat of other software packagese presented in TablEl Shaded numbels the

tableindicate thathe difference is statistically significaritherefore, the result says that

VUDM is statistically significarly more efficient for task 1, task 3, and fdhe overall

set offive tasks.

Tablel1l t-test result on the completion time of each user task between VUDM and other

software packages

Efficiency Task1l | Task2 | Task3 | Task4 | Task5 | Overall
(t-test p-value)

\o/ltthl:i and [ eooe07 | 0074004] 1.01606 | 0.067896 | 0276823 | 1.63505
\E’)L(’C[;'lv' and | 8706 | 0114442 | 6.83E06 | 0075957 | 0.401492| 408505

From Table8 and Tablell, we can conclude that the VUDM is either more accurate

or more efficient in performing the user tasks exéept a s k

2,

in whi

show any significant difference over other software packagbsse results were
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interpreted, and the positivdfects and negative effects of VUDM that |¢d these

results were inferrechs shown in Table 12 and Table 13.

Table12. Results Interpretation

Task 1 Task 2 Task 3 Task 4 Task 5
-depend on +visualized | -no specific| +visualized the | +visualized
cognition power | group statistical | amount of multiple
-contingency relations info. information interest of a
-depend on | provided needs on certair| user
cognition topics +user
Accuracy power +multiple detailed
-some windows display| info. table
communities time series of | +time series
were not trends of individual
shown +visualized interests
community
clusters
+community size| +group labels| +visualized | -lack of -lack of
visualized +visualized | multiple searching searching
o +community community | interests of | -depend on -incomplete
Efficiency | |abels clusters a user cognition power | interaction
+frequency of -lack of -contingency
accessed items | searching
+sorted
communities

Table 12 shows the positive and negative effects of VUDM on ehtikie types of
user tested. The i
VUDM, ibtud me t wiatrcte ofaveliiVa Table €83 e f f e
aggregateshe positive features and negative features in Table 12 into a pros and cons
table of VUDM.

t asks we t ems wi t h a o6+6

while the

Table 13. Pros and Cons of VUDM

Accuracy Efficiency

- Communities are labeled based ¢
the topics shared among users in
them

- Visualized community size

- Visualized community relations
- Visualized the amount of
information needs in certain topic
- Multiple windows display time

Pros of VUDM
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series of trends

- Visualized communitglusters

- Visualized multiple interests of a
user

- Detailed user information tables
- Visualized time series of
individual interests

- Detailed communitynformation
table

-Sort function on communities

- Visualized community clusters

- Visualized multiple interests of
user

Cons of VUDM

- Depend on cognition power

- contingency

- Some communities were not
shown because of filtering by both
the user andisualization strategy
of VUDM

- No specific statistical informatiol

provided

- Lack of searching

- depend on cognition power
- contingency

- incomplete interaction

Because some level of skill in using any statistical analysis software padkages
neededto participate in this experiment, the effect of academic level shaede
examined it is possiblethat the participantsvith higher academic level may be more
skilled with the statistical software as they had merperience withthem. Therefee,
one more test isonductedo check if the academic levels of participants hewvgeffect
on the accuracy or efficiency performingthe five user task&Jnfortunately, there were
few graduate studentso this test may not show much

Two charts inFigure 44 show the comparison of average accuracies in terms of

software used, and academic levels, respectively.

points points
70 70
60 T 60
50 T 50 +—
40 J‘ J' = VUDM 40 +—— Graduate
30 - ____mOthers 30 4+—— m Under Grad
20 A — 20 +—
10 A — 10 +—
0 0
Graduate Under Gradua VUDM Oth

Figure44. Average scoreand confidencentervalsof two different academic leveis
terms of software usggkft), and in terms of academic levels of participants (right)
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Two charts in Figurd5 show the comparison of completion times in terms of software

used, and academic levels, respectively.

sec. secC.
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600 - _____ mOthers 600 I nder Grad.
400 - — 400 1——

200 - — 200

0 0
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Figure45. Averagecompletion timesnd confidence intervatsf two differentsoftware

within academic levelfeft), andacademic levels within two different software (right)

Table 14 shows the result o& onetail t-test about the effect of academic level on
accuracy and efficiencylhe result says thefficiendes in using both/UDM and other
software packagesre affected by the academic levetlod participant but accuracies are
not affected For more reliabity regarding the answer, more experimeion is

recommended

Table14. The effect of academic le¥

(t-test p-value) Accuracy Efficiency
VUDM 0.3349 0.0162
Others 0.4689 0.0095

8.4 Conclusions

In this experiment, the usefulness of VUDM is evaluatednbymal, norexpert
library end users. Usefulness is evaluated by measuring accuracy and efficiency in
conducting 5 types of user tasks, in which VUDM performs better than other statistical
analysis software packages. Accuracy is measured by checking the percentage of right
and wromg answers forthe tasks, and efficiency is measured byetita complet each

user taskWe found thatusersperform more accuratelyith VUDM than with other

82



software packagefor some typs of user tasks, such as figuring out the trefaisthe

near futue and tracking the dt of concept of certain users. Also, VUDM shows better

efficiency for some typeof user tasks, such as discovering information seeking trends

and detecting characterigtiof certain users. That is, VUDM is either accurate or

efficient for user tasks weare tesing, except thatusers withVUDM dondt show
statistically significant better performance in perceiving the distribution of interest

sharing communitiesFor more confidence regarding the generalizability of this
evaluation, futher experiments with more participants and varioter user tasks are

needed.
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Chapter 9. Experts Review

This chapter presents the procedure and results of VUDM reviews performed by
library experts. The subject set is selected faculty and staff of librRaescipants were
provided an executable VUDM, an online tutorial and questionnaire to complete. They
were asked to evaluate the VUDM and to compare it with their preferred library analysis
tools. In Sections 9.1, the detailed study design is describ&&chion 9.2 general data is
analyzed In Section 9.3, the summary of rating data and comments for enhancement are

presentedSection 9.4 concludes tldescussion of theesuls of experts review.

9.1 Study Design

In this study, library expertsdrawn fromthe faculty and staff of librarieswere
targeted.The purpose of this study 19 tolearn the current status of software being used
to analyelibrary data 2) to figure outwhat features they are looking fiortheir analysis
software 3) to collect whafeatures of VUDM satisfy them and hoand4) to discover
how VUDM should be enhanced to peactically deployedThis study is performed in
the form ofanonline surveyusinga webbased survey systef83] at Virginia Tech The
IRB approval letter and questionnaires of this experiment are attached in Appendix B.
The callfor-participation emailswere sent to selected library experts tecruit
participants.

The questionnaire consists of four sectiofbe first sectionof the questionnaire
contains general questions asking aldbetp ar t i c i p aThé $Bcend sectibmfar y .
the questionnaires for those whoare not using library analysis tools, and contains
guestions about their plan about using library analysis tools and important features they
are considering for their choic&he third sectiorof the questionnaires for those who
areusing library analysis tbs. This section asks how they obtain the information about
users, user communities, and usage trends of their library from their library analysis tools.
Also, it asks how and why theyesatisfed with their library analysis softwamegarding
getting he information.The fourth sectiorof the questionnaires to askthe library
experts about VUDM. In this section, an online tutorial of VUDM is provided.

Participants can download and execute the VUDM and experiwiémit for a while
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until they feel use to it. The VTLS user model data, which is described in Table 4 in
Section 7.4, is provided for their experimemhen, participants are asked to rate and
describe how and why they I|Iike or donodot 1|ik

so they camse it b analyze their own libraries.

9.2 GeneralInformation Obtained

The call-for-participation emailgor this user studyvere sent tahetargeted audience.
Thus the number of participants v@ry small A total of 13 library experts completed the
guestionnaire Averagelength of their carees in library related work, as a faculty or a
library staff, is 9 years and 8 months.
All of t he participants, except one who di dn
computerizd and provideveb-based search service their content.
To the question that aslebout theanalysis tools or software being usiedanalyze
their library data,four participants answered that they use Avabed tools, such as
Apachewels er ver and email s, one p,ahichisaWgbhant s nai
Javabased automated library system developed by Innovative Inteffégle#\Iso, one
participant answered that she uses various khgnown tools.The remainingparticipants
answeredhatt h e y ¢ any $pecifiussftware.
All participants except oneagreed that the information about users, user commuynities
and usage trends is important for their libraries. Tablsummaries somepossible uses
of the information providedby participantsOne participant who disagreedcommented
that the information is not useful for her/his library because it is not practical and difficult

to analyze.

Table 15. Importance and uses of information about users, user communities, and usage

trends
information about information about information about
users user communities usage trends
will be - Improving services and| - Improving services and| - Improving services and
usdul for | resources resources resources
- Justifying cost - Justifying cost - Justifying cost (including
(including staff time) (including staff time) staff time)
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- planning services

- determining where to
spend time to build
collection

- deternining what needs
to be digitized and
offered

- selecting content

- personalizing the
service

- planning future serviceg
- understanding users

- determining best use of
resources

- finding problems

- identifying shoriterm
trends or usage spikes

- planning hours,
services, collections

- understanding the
connection between
various topics and group!
- providing community
services

- understanding patrons
- customizing community
services

- customizing web
content to specific patror|
groups

- targeting acquisitions

- pleading our case for
more fung

- planning staffing,
facilities, and collections
- projectirg what is of
growing and declining
importance

- purchasing media and
books

- planning future

- finding news

- analyzing success

- future projects,
maintenance, and
purchases

- financial planning,
reporting, and equipment
planning

- personalization

The most important features thete participants expect for their next library analysis
software, is welbbased operabilityOther featuresnclude tine savings and aonstant,
up-to-date report ability to see shaerm trendsn their library data.

For the questions asking the current source of information about users, user
communities and usage trends, most participants answered they are not getting the
information. A fewparticipantsanswered that they are getting the information fiam
web based survey stem,aweb reporting system, aricbom emailfeedback. These few
alsosaid they are basically satisfied with the qualityh&finformation from the sources.

9.3 Ratings andComments for Enhancement

Besides providing general information about their libraries and tools for library data
analysis, participants ratehe VUDM in terms of providing the information of users,
user communities, and usage trendse result is presented in Taldlé on a scalédrom O
to 10Q The valueO represents worst while 100 means bdstis result shows that

participants mostlyrated highlythe VUDM for the features of providing information
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about user communities, bgavelow ratingsfor the featuresof providing informaion

about usage trends.

Table16. Average rahg of VUDM in providing three types of information

information about information about information about
users user communities usage trends
average rahg
70.9 87.3 65.5
(from 0O to 100)

For moredetails, they also rated VUDNegardingproviding information to perform
the five comprehensive user tasks, listed in Section 6.1, which are usibe fmrmal
user summative evaluation the previous chapter, presented in Talleon the same

scale useth Tablel6.

Tablel7. Average rahg of VUDM in providing information for five ser task types

informatio | distribution | user trend in drift of
n seeking | of interest | individual near concepts
trends groups characteristic | future
average ramng
A1 76.4 4. 2 1.
(from 0 t0100) 69 6 °4.5 o8 61.8
This table shows that expertgave low ratings d r VUDMO®G s ability to

information about user individual characteristiErom their comments, presented later in
this section, they expect the VUDM provides more specific information, not just insight
through visualization, for each user individualcasnpared tanormal statistical software
packages. Also, this table shows DM need enhancement in presenting trerfdr the
near future and drift of concepts of individuals.
Tablel8s ummari zes expertsd comments for enhanc
information about users, user communities, and usage trends.
All participants, except one, answered that they would be willing to use VUDM if it is
enhanced as they commented. phdicipantwvh o di dndét want to use VU

it is modified, commented that visualizations make data more confusing.

Table18. Caonments forenhancement ofUDM
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information | information | information overall
about users | about user | about usage
communities | trends
will be - providing - adding a - pulling out each| - converting into web
improved by| more specific | searcing community and | based software
information function plot their - adding more analysis
- providing population over | features
better time - making it tweakable for
visualization - adding single | eachinstitution using it
- aggregating page time line - adding more features
statisticsof graph - providing figure
individuals oriented visualization,

instead of interactivity

9.4 Conclusions

A studyof library expertssuch as faculty and staffasperformed to collectatings

and opinions for enhancment of VUDM. To answer the questionnaireanticipants

downloaded and executed the VUDM and comgéreith their preferred analysis tools.

The awrrentVUDM is a prototype visualization todor library information It lacks

variousanalysis featurethat statistical sdfvare packages normalfpyrovide Thus, many

participants askedsto add more analysis featurtesVUDM.

It appearsrom their commentshat VUDM still has room to be enhangevith regard

to its visualizationcapabilities For examplethe way that VUDM povides the trends of

library usagedependst o o

mu c h

on

user so

cognitive

VUDM should find and visualize important knowledgautomatically Another

visualization problenis with regard tgpresenting specific information. Mbrespondents
preferred traditional wayssuch as usinghumbers text and tablg to present specific

information overvisualizatonsusedin VUDM.

Further, VUDM needto be convertethto web-based software to bmoreusefuland

popular.Finally, it is neessary to make VUDM customizaldec c or di ng

needs.

t o
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Chapter 10.  Conclusionsand Future Work

This chapter summarizes the achievemernhisfPh.D. research and suggests possible
research directions fdurther studyIt beginswith a discussion of deliverables.

10.1 Deliverables

Below are the deliverables that | have produced for my doctoral work and intend to
make available to the Digital Library Research Laboratory and research community.

1. Software to track usdésbehavior and alect implicit rating date at the NDLTD web
interface.lt is available athttp://rocky.dlib.vt.edu/~shkim/VUDM _tutorial/tools/tracking

2. AnonymizedVTLS log dataand NDLTDuser tacking datan both raw format and
user model datiormat

3. Software to visualize the users, user communities, and usage trends of digital
libraries. The code can be found at

http://rocky.dib.vt.edu/~shkim/VUDM _tutorial/src/

4. A collection of research interests and learning topics in XML format, which is used

as a test basis to evaluate the accuracy of user communities. It is available at
http://rocky.dlib.vt.edu/~shkim/VUDM _tutorial/tools/evaluationllection/

5. Software to evaluate the accuracy of user comnesnilt is available at
http://rocky.dlib.vt.edu/~shkim/VUDM _tutorial/tools/evaluatisrc/

10.2 Conclusions

The focus of this research is on implicit rating data and its utilization in a digital library
system byusing interactiorthrough an information visualization system. Implicit rating
data is easier to collect than explicit rating data. Accordingly, it would be helpful to know
if it could be useful.

This work shows the utility of implicit rating data through a type of existence proof,
i.e., demonstrating that a system can be developed that uses that data to good effect. The

demonstration system developed is VUD¥sual Usermodel Data Mining tool.
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Onre part of the demonstration was to develop that system. CHaplescribes the
developmenof the systenand it isavailable as one of the deliverables of this work.

Another part of the demonstration was to show that the system was scalable.
Algorithms were developed and runs with varying amounts of data were made to show
that not only can effective results be achieved with a computationally expensive
algorithm, but also variants of that algorithm were developed that had much lower
computational complett and yielded satisfactory levels of effectiveness.

To show that implicit rating data could be helpful, the demonstration system was tested
in a variety of studies. First, it was iteratively refined through a formative evaluation
process. Second, it wassted in a controlled study with a group of computer scientists
familiar with digital libraries. Third, it was tested in a controlled study with a small group
of digital librarians.

In the first study, the system was repeatedly improved. Some of the entenis
include: Enhancing visualization method for displaying representative topics of a user
community, for displaying time series of user data, and animated visualization for
locating a user community and a user.

In the second study, there were measm@s of accuracy and time, and qualitative
assessment questions were answered. A set of 5 tasks that seemed to be representative
were assigned to the 60 users. Users worked with both VUDM and their preferred
statistical software system, typically Excel. @verage, VUDM performance was better
than the statistical system, with regard to both efficiency and accuracy. However, in some
tasks VUDM did less well than the statistical system withnegmaccuracy; similarly, it
did less well with regard to effiency for a set of the tasks. Qualitative assessments
showed that VUDM had a number of positive features, but some negative features also
were uncovered.

In the third studythere was a surveyargeting library experts, which subjects are
selected fom faalty and staff of librariesThe main purposeof the surveyareto askif
they think VUDM could be useful for their libraryandto collect enhancement ideas to
make VUDMuseful inareal digital library.Most librarians answered VUDM would be
useful, or could beseful after some modificationandcommentedhat they are willing

to try to use it once enhanced.
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VUDM is a demonstration or prototype system, that clearly can be improved.
Nevertheless, evemiits current form it appears to be useful enough that it might be
employed to help in some situations by those working with digital libraries.

Since VUDM uses implicit rating data solely, we can conclude that there are situations

in which the use of impdit rating data can be beneficial to some digital library users.

10.3 Future Work

There is a great deal of future work possitd extend this study, such asiproving
VUDM based on comments received, testing the improved VUDM in further experiments
with the content collections previously studied, building upon new data collection
regarding use, and testing the improved VUDM with other content collections and other
user communities.

Besides improving VUDM, a lot of research directions are possible regarding
developing the applications of VUDM and its basis techniquBEsis may include
applications such as: personalization, decision making suppogersonal library
visualization, and social network support.

Research for personalization of digital libraries, including recommender systeatis,
receive benefis from this dissertation. Methods for more specific and timely
recommendation utilizing the personal research interests and learning topics and drifts of
concepts stored in the individual user model datdd be studied. Collaborative filtering
will be possible from the informatioon user communities found by VUDM.

Regardingsupporting decision making for digital library operations, more research is
nealed. The knowledge finding in VUDM depentd® muchon the personal opinion of
the VUDM user, anan contingency. To obtain consistent and reproducible knowledge
from VUDM and user model data, methods for objective and descriptive knowledge
finding need tdoe studied.

Also, the visualization techniques used in VUDM would be applicable frsonal
digital library or personal information manager. Forsthpurposs, the techniques to
visualize the time series of usage trends and drift of concepts nbeddtined. Also, it
would be meaningful to integrate the features of social network supipgtiDM, with

other onlineoffline social network support systems.
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Appendix A-1: Call for Participation Advertisement

Subject: Participants Needed for Digital Library Research Lab.

Experiment

Hello,
We are seeking participants for a usability test of our new digital library analysis tool.
We will compare it with other popular statistical software packages such as Microsoft

Excel, Minitab, SPSS and MATLAB.

To participate in thetess, o me pri or experience of wusing
packages and familiarity with its basic functions are needed. For example, loading a data
file, calculating sura and drawing a bar chart. This experiment will take about 80

minutes including 15 muutesduring thelearningsession.

Location: Digital Library Research Lab, 2030 Torgersen Hall, Blacksburg, VA
Date: From October 180 October 3%
Time: See the schedule tablehditp://people.cs.vt.edu/~haebang/schedule.html

Please select your convenient date and time and contact Seonho Kim (email:

shk@vt.eduphone: 54821-7530).
If you have any questions regardiny researctor need further irdrmation, please

do not hesitate to contact me.
Thank you very much in advance for the attention paid to my request. | am looking

forward to hearing from you.

Kind Regards,

Seonho Kim

shk@vt.edu
540-921-7530
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Appendix A-2: Questionnaire

Pre-test General Questions

Participant #: ()

Please help us to categorize participants by completing the following items.
1. Age: Select one

G 1825 G 26-30 G 3135 G 3640

G 4145 G 4650 G 51-55 G 56-60

G 61-65 G 66-70 G 71

2. Occupation (if you are a student, indicéggaduate or fiundergraduats:
3. Major / Area of specialization (only for students):
4. Rate your familiaritywith computers on a scale from 0 to 5 (0:not familiar to 5:

very familiar)

5. Select all the statistical software packages that you have used and rate your

familiarity with them in G5 scale. (0 is lowest and 5 is highest familiarity)

G Excel 0 1 2 3 4 5
G Minitab 0 1 2 3 4 5

10C



G SPSS 0 1 2 3 4 5
G MATLAB 0 1 2 3 4 5
G Other (hame: ) 0 1 2 3 4 5

6. From your answer of question 5, which software package(s) do you use most
frequently?
Software Name:

Frequency of use: (e.gnce a week)

101



User Task Set 1

Participant #: ()

Software:( )

Please read the following statements and infer whether they are true or false, using the

software.

Task 1: See the window 200606.

q

[ In June 2006, more usersametier est ed i n Musi than Knowl ed
1) True
2) False
3) I give up

Task 2: See the window 200606.

l''n June 2006, the APower Systemo related

ALi braryo related area.
1) True
2) False
3) I give up.

Task 3: See the window 200606.

Nl n June 2006, users who are
interested in Library Scienceo.
1) True
2) False
3) | give up.

Task 4: See the windows 200606, 200607, and 200608.

nterested
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[ From the trends from June 2006 to Aug2@06, there will be more information needs

for APower System Controlo in the next month
1) True
2) False
3) | give up.

Task 5: See the window 200601 and 200602.

[ Someone, who has interest i n AManagement o
interest in ACulture Valueo in February 2006
1) True
2) False
3) | give up.

Any comment and suggestion:
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User Task Set 2

Participant #: ()

Software: ( )

Please read the following statements and infer whether they are true or false, using the

software.

Task 1: See the window 200606.

' n June 2006, more users
1) True
2) False
3) | give up.

Task 2: See the widow 200606.
l''n June 2006, the fAPower
ALIi braryo related area.

1) True

2) False

3) I give up.

Task 3: See the window 200606.
1 n June 2006, user s wh o

ADat abaseo.
1) True
2) False
3) | give up.

Task 4: See the windows 200606, 200607, and 200608.

ar

e

nterested i

Systemo related

ar

e

nt einest ed
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[ From the trends from June 2006 to August 2006, there will be more information needs

for APsychologyo in the next month, Septembe
1) True
2) False
3) | give up.

Task 5: See the window 200601 and 200602.

 Someone, who has interest in fiCase Studyo i
in AManagement o in February 20060

1) True

2) False

3) | give up.

Any comment and suggestion:
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Appendix A-3: Institutional Review Board Approval Letter

1 : 1 Office of Research Compliance
Q VlrglnlaTeCh ‘ Institutional Review Board
2000 Kraft Drive, Suite 2000 (0497)
Blacksburg, Virginia 24061
540/231-4991 Fax 540/231-0959
e-mail moored@vt.edu
www.irh.vt. edu

DATE: October 9, 2007 e
MEMORANDUM
TO: Edward A Fox

Seonho Kim

Approval date: 10/8/2007
Continuing Review Due Date:9/23/2008

FROM- David M Moore‘:‘i gf—: Expiration Date: 10/7/2008

SUBJECT: IRB Expedited Approval: “User Study for Measuring Accuracy and Efficiency of
Visual Use Madel Mining Toal (VUDM)" | IRB # 07-490

This memo is regarding the above-mentioned protocol. The proposed research is eligible for
expedited review according to the specifications authorized by 45 CFR 46.110 and 21 CFR 56.110.
As Chair of the Virginia Tech Institutional Review Board, | have granted approval to the study for a
period of 12 months, effective October 8, 2007.

As an investigator of human subjects, your responsibilities include the following

1. Repaort promptly proposed changes in previously approved human subject research
activities to the IRB, including changes to your study forms, procedures and
investigators, regardless of how minor. The proposed changes must not be initiated
without IRB review and approval, except where necessary to eliminate apparent
immediate hazards to the subjects.

2. Report promptly to the IRB any injuries or other unanticipated or adverse events
involving risks or harms to human research subjects or others.
3. Repart promptly to the IRB of the study’s closing (i.e., data collecting and data

analysis complete at Virginia Tech). If the study is to continue past the expiration

date (listed above), investigators must submit a request for continuing

review prior to the continuing review due date (listed above). It is the researcher's

responsibility to obtained re-approval from the IRB before the study’s expiration date.
4. If re-approval is not obtained (unless the study has been reported to the IRB as

closed) prior to the expiration date, all activities involving human subjects and

data analysis must cease immediately, except where necessary to eliminate

apparent immediate hazards to the subjects.

If you are conducting federally funded non-exempt research, this approval letter must state that the
IRB has compared the OSP grant application and IRB application and found the documents to be
consistent. Otherwise, this approval letter is invalid for OSP to release funds. Visit our website at

hittpiwww irb vi edu/pages/newstudy him#OSP for further information.

cc: File

Invent the Future

VIRGINIA POLYTECHNIC INSTITUTE UNIVERSITY AND STATE UNIVERSITY

An equal oppertunity, affirmative action institution

Figure46. IRB approval letter for the summative evaluation
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Appendix B-1: Call for Participation Advertisement

Subject: Participants Needed for Digital Library Research
Laboratory User Study

Hello,

We are seekintibrary expertdor a usability test of our new digital library analysis tool
VUDM (Visual Usermodel Data Mining tool), which provides visualizationlisiabout
users, user communities and usage trends of digital libYary will be provided VUDM
and an online tutorial to test it by yourself. This study is performed in esliney

manner, so you can participate any time and at any place according toywenience.

To participate irthis studyexperiencavith working in a traditional or digital library is
needed.This experiment will take abo0 minutes including 15 minuteduring the
learningsession.

To participate in this study, visit the online survey page at

https://survey.vt.edu/survey/entry.jsp?id=2202156982

and the online tutorial of VUDM at

http://rocky.dlib.vt.edu/~shkim/VVUDM_tutorial/

Date: FromFebruary20"to February26™

If you have any questions regardimy researclor need further information, please do
not hesitate to contact me.

You can reach me ahk@vt.edwr 540921-7530. Thank you very much in advance
for the attention paid to my request.

Regards,

Seonho Kim
Digital Library Research Laboratory
Virginia Tech


javascript:new_window('preview.jsp?surveyId=1202402156982&url=https%3A%2F%2Fsurvey.vt.edu%2Fsurvey%2Fentry.jsp%3Fid%3D1202402156982')
mailto:shk@vt.edu

Appendix B-2: Questionnaire

Thank youfor assisting with this survey. The goal of this survey is to collect your
opinion about your (preferred) library analysis tool(s) and our digital library analysis tool

prototype, VUDM (Visual Usemodel Data Mining) tool.

Section 1 (General Questions)

Note: The term fiusero represents fApatrono of
1. How long have you been engaged in library related job?

2. Is your library computerized for patrons, books, and media?

3. Does you library provide online content through the internet?

4. What kind of analysis tools or software, are you or your team, using for your

library analysis?

5. Do you think that information about users, user comtiesjiand usage trends of
your library will be useful in operating your library? (Yes/No)
a. |l f you answered AYeso, please answer t

i Information about users will be useful for

il. Information about user community will be useful for

10¢



iii. Information about usage trends of yourdity will be useful for

b. I f you answered fANoo, please explain w

not be useful for your library.

6. Are you, or your team, using any software or tools to analyze users, user

communities, or usage trends of your library? (Yes/No)

|l f you answer ed DOhhewise, goon Bectiom2. Secti on 3.

Section 2 (for those not using library analysis tools)
1. Do you have any plans to use, or purchase, software for library analysis in the
near future? (Yes/No)

|l f you answered AYeso, please |ist them a

2. What features do you consider most important (i.e., expect to be of greatest value)
for the analysis software for your library?

Please skip Section 3 and jump to Section 4.

Section 3 (for those using library analysis tools)

1. Please list the software you, or your team, are usiagatyze you library.
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2. How do you get information about users, user communitiassagge trends of
your | ibrary from the software | isted above?

this information, please go to Section 2)

a. User information
b. User communities
C. Usage trends
3. Are you satisfied with your software in getting the information you described in

the previous question? Please answer how and why.

a. In getting information about users
b. In getting information about user communities
C. In getting informatiorabout usage trends

Please go to Section 4.
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Section 4 (Questions about VUDM)
Before answering this section, please read the online VUDMau#d
http://rocky.dlib.vt.edu/~shkim/VUDM _tutorial/ , download, install, and experiment with

it for a while until you feel used to VUDM.

1. How would you rate VUDM for the following functions?
a. Providing information about users (0 is worst, 5 is est
b. Providing information about user communities (O is worst, 5 is best)
C. Providing information about usage trends (0 is worst, 5 is best)
2. To provide more details, pleasge VUDM, for each of the following five
functions?
a. Providing information about @Atrends
is best)
b. Providing information about fAdi stri

vari ous istworgtiSesbast) ( 0

C. Providing information about fAuser i
is best)

d. Providing information about #@Atrends
best)

e. Providing information about dAadri ft

(0 is worst, 5 is best)
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3. Do you think VUDM will be useful for your library? Please explain why or why

not.
a. In getting iformation about users (yes/no)
b. In getting information about user communities (yes/no)
C. In getting information about usage trends (yes/no)

4, Would you be willing to use VUDM for your library? (Yes/No)
|l f you answered ANooO, please explain why and

your need.

5. Will you willing to use VUDM for your library if VUDM were enhanced as you

described above?

6. Please leave any comments.
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Appendix B-3: Online Tutorial of VUDM for Library Experts

Survey

Contents

Introduction

=

1 System Requirements & Installation

¢ Tutorial
a. Download and Installation
b. Start VUDM

c. Data Loading

d. Exploration
1 Release Notes

1 Buqg Reports and Feedback
1 Web pages

1. Introduction

This webpage describes VUDM, the Visual Usarydel Data Mining tool, and provides
a guide to its application, i.e., to user model data related to NDLTD, the Networked
Digital Library of Theses and Dissertations (http://www.ndltd.org/),. The goals of VUDM
are to provide both an overview and details of users, user communities, and usage trends
of digital libraries.

The distinctive approach of this research is that we focus on analysis and visualization
of users' implicit rating data, which was generated based on user tracking information,
such as sending queries and browsing result-setther than focusing on exglt data
obtained from a user survey, such as: major, specialties, years of experience, and
demographics. The VUDM interface uses spirals to portray virtual interest communities,
positioned based on inteommunity relationship. Small face icons on th&ap are
users in the community. The distances between user icons, or spirals, represent how

similar they are. Each spiral has a tag that shows most frequently used items, queries or
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anchor texts, accessed by the community in the digital library. Therefmwing the
overall distribution of spirals and user icons provides insight regarding social networks
and their interests as well as usage trends of digital libraries. The visualization strategy of
VUDM fully follows Ben Shneiderman's "Information Vidimation Mantra: Overview

first, then zoom & filter, then details on demand”. This tutorial aims to improve the
understandability and utility of VUDM.

2. System Requirements & Installation

Windows XP, 2000, Server 2003, or Vista

Version 1.6 or later JavRuntime or Java Development Kit
512MB memory

Mouse

XGA(1024x768) or higher resolution monitor

® 2 0o T o

3. Tutorial

3.1 Download and Installation

1. Check the Java version of your computer. In a Command Prompt window, try
“java -version", as shown in Figure 4Tt the version is lower than 1.6.x,
download a new Java Runtime Environment(JRE) or Java Development Kit(JDK)

version of 1.6 or higher fronhttp://java.sun.com/javase/downloads/index.jsp

Download "JDK update 4" for JDK or "Java Runtime Environment(JRE) 6
Update 4" for JRE.
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¢+ Command Prompt i

C:W>java —-version

java version "1.6.0_84"

Java{TM> SE Runtime Environment <build 1.6.8_84-bh12>

Java HotSpot(TM> Client UM <(build 18.8-bh19, mixed mode, sharing)

Gz

Figure47. Java version checking

2. Once a Java Runtime of 1.6 or higher version is installed, download VUDM from
http://rocky.dlib.vt.edu/~shkim/VUDM _tutorial/files/VUDM _demo.zip

3. The zipped file VUDM_demo.zip contains an executable jar file
"VUDM_demo.jar" and two data sets "200601" and "200602" inditértories.

The names of data sets regent Year+Month during which the data were

collected. For example, 200602 means that the data was collected in Feb. 2006.
The executable jar file, VUDM_demo.jar, is an archive of Java libraries and
environment setting files that executes VUDM withouided configuring of the
Java environment of your system.

4. Move the executable jar and data sets into any folder, let's seyUl@M" for
this tutorial. Therefore, you will have WUDM\VUDM_demo.jar and
C:\VUDM\200601 and GvUDM\200602 after successfulstallation, see Figure
48.
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Figure48. VUDM demo is installed under &UDM

3.2 Start VUDM

1. Open a Command Prompt window and move to the directory by typing in "cd
C:\vubm"
2. Type in "Javajar -Xmx512m VUDM_demao.jar" to invoke VUDM.

Figure49. Invoke VUDM

The option *Xmx512m" secures 512MB memory for running the VUDM. If
you experience an "owf-memory" error during loading a data set, increase the
number after “Xmx". The number should not be greater than the physical

memory of your system.

11¢



