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Abstract. Annotatinglearning materialwith metadataallows easyreusability by different learning/tutoring
systems.Severalmetadatsstandardsiavebeendevelopedo representearningobjectsand coursesA learning
systemneedsto use pedagogicattributesincluding documenttype, topic, coverageof conceptsand for each
conceptthe significanceandtherole. Moreover,in orderto havea flexible andreusablerepositoryof e-learning
materials,it is necessanthat the annotationof the documentswith such metadatabe donein an automatic
fashion as far as possible. This paperdescribesthe attributesthat representsome important pedagogic
characteristicof learning materials.To reducethe overheadof manualannotationwe have exploredthe

feasibility of automaticannotationof learning materialswith metadataThis facilitatesthe creationof an e-

learningopenrepositoryfor storingtheseannotatedearningmaterials which canbe usedby learningsystems.
The automaticannotationis basedon a domainknowledgebaseand a numberof algorithmslike standard
classificationalgorithms parsingandanalysisof documenthiavebeenusedfor this purpose. The resultsshowa

fair degree of accuracy, which may be improved in future using more sophisticated algorithms.
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INTRODUCTION

The wide availability of contentin the electronicmediahasgiven rise to new paradigmsof learning
and knowledgedelivery. E-learninghas emergedas a very promising application.However, the
developmenbf e-learningsystemss expensivan termsof the time andeffort required.A lot of effort
is requiredby the contentauthorto develophigh quality learningmaterials.But in the age of the
Internet,alot of the contentpertinentto a coursemay be availablefrom the web andothersources.g.
as parts of other courses.The challengeis to make such materialsusableto satisfy the specific
requirements of a given learner pursuing a given course.

Metadatais an important step towardsthe semantictagging of documentsincluding learning
materials.Traditionally, metadatas createcby humansandit is a labourintensiveactivity. It is costly
to createmetadataandimpracticalif we considera large setof potentialmaterialsobtainedfrom the
World Wide Web and othersourcesBesideswhennot donecarefully by experts the processmay be
error prone.Web searchenginesprovide a low costindex accesgo a large portion of documentson
the Internet,and this hasprovedto be of immensevalue. Howeverthis indexingis not suitablefor
more sophisticated retrieval tasks that require more detailed tagging of documents.

Existing coursesdevelopedin somecontextsmay contain many lessonson topics relevantto
someothercoursesHowever,somelearningmanagemensystemgWeberet al., 2002; Simic, 2004)
follow very specific format requirementsTherefore,the extentof tagging requiredvaries between
theselearning managemensystems.This acts as an impedimentto easyreuseor adaptationof



materialsfrom other sources.Lessonsdevelopedfor one learning managemensystemcannotbe
effortlesslyreusedin anothersystem.Thusthereis a pressingneedfor standardizatiorio facilitate
reuseof learningmaterials.Somesuchstandard$iavebeendeveloped|ike IEEE LOM, SCORMetc.
Howeverevenwhena standards adoptedthe authorsof the e-learningcourseshavethe responsibility
of manuallyassociatingnetadatdo learningobjects.Many authorsfind the taskof manualannotation
and assigningof meta-taguninterestingand are reluctantto do the taggingsatisfactorily.Moreover,
the Internetincludesa hugestorehousef informationon varioustopics. Thesematerialsare usually
not taggedin accordancewith the requirementf a specific learningmanagemensystem.Many
peoplefeel (Ochoaet al., 2005) that unlessthe processof annotatinglearning objects can be
automatedit is difficult to createa critical massof reusablelearningobjects.The survey (Friesen,
2004) confirms that metadatainstantiationis a difficult task, andthe correctinstantiationrequires
educational and technical skills.

In orderto overcomethe problemsof manualannotationof documentsresearcherare working
on automaticcreationof learningobjectmetadatgDownes,2004; Duval & Hodgins,2004; Simonet
al., 2004).The Bibliographic Control of Web ResourcesA Library of CongressAction Plan (LC
Action Plan) (http://lcweb.loc.gov/catdir/bibcontrol/actionplan.pdf¢cognizesthis need and
highlights automaticmetadatagenerationtool developmenasa Onear-term/high@iority. LC Action
Plan Section4.0 targetsthe developmenbf OautomatitoolsE to improve bibliographic control of
selectedWeb resources,@nd Section4.2 specificallyidentifies the needfor a masterspecificationto
guidedevelopmenbf suchapplications Accordingto automaticindexingdevelopmentgAnderson&
Perez-Carballo2001), automatic metadatagenerationis more efficient less costly and more
consistenthan human-oriented processing.

Onecanenvisagea flexible learningsystemthatis ableto makeuseof contentfrom a wide range
of sources.Our objectiveis to facilitate building an open repository containingtaggedlearning
materials,so that a learningsystemis ableto selectappropriatdearningmaterialsfor a learnerfrom
this repository.We wish to simplify the processof creatingthis learning repositoryso that new
documentsanbe incorporatednto this repositorywith very little manualeffort. The coursedesigner
should be able to put togethera coursefollowing a specific curriculum provided that thereis a
repositoryof contentwith metainformation on eachof the topicsrequiredin the course.Moreover,
suchmetainformation shouldinclude pedagogicttributesso that a learner/tutoringsystemcan make
the appropriatechoiceof learningmaterialfrom the repositoryin a flexible mannerdependingon the
current requirement.

The basicideamotivatingour work is to separatéhe learningmaterialsfrom the coursestructure
in orderto reusethemin new situations.We wish to work on automaticannotationof learning
materials.We are mostly interestedn pedagogicattributesthat characterizehe contentof learning
material from an educationalpoint of view, suchasiits level and pedagogicstyle. Theseare the
attributes that a learning system can use to identify relevant lessons for an individual learner.

The work presented in this paper focuses on two aspects:

1. Identification of a set of pedagogic metadata relevant for personalized learning.
2. Developmenbf algorithmsto extractsuchmetadateautomaticallyfrom documentsandthus
automate the creation of open repository of learning materials.

If the latter canbe donesatisfactorilyit will be possibleto indextheselearningmaterialswith the
metadateconstitutingthe topic and coverageof the material,aswell aswith its pedagogidype. This
haswide implicationsin developingintelligent tutoring systems Evenwithout a tutoring system,an



individual learnerusingthis repositoryfor self-studywill find the annotationgjuite helpful. However
our work is confined to metadata annotation.

The restof the paperis organizedasfollows. First we discussthe different metadatsstandards,
learningobjectrepositoriesand prior work doneon automaticmetadatagenerationFollowing this we
briefly discussthe structureof domain knowledgethat is manually constructedand usedby the
metadataextractoralgorithms.The metadatausedin our work are discussechext. Thenwe present
different algorithmsfor automaticextractionof metadataand also the performanceevaluationof
different algorithms. Finally, the automatic annotation tool is discussed.

PRIOR WORK
Metadata Standards

Severalmetadatastandard$iaveemergedor the descriptionof resourcesThe Dublin Core metadata
initiative (http://dublincore.org/)s an openforum engagedn the developmenbf interoperableonline
metadatastandardsthat supporta broad range of purposesand businessmodels. IEEE LOM
(http://itsc.ieee.org/wgl2/index.htmlims to developaccreditedtechnicalstandardsyecommended
practices, and guides for learning technology. The IMS Global Learning Consortium
(http://www.imsglobal.org/developsand promotesthe adoptionof opentechnicalspecificationsfor
interoperablelearning technology. The Advance Distributed Learning (http://www.adlnet.org)
initiative aimsto establisha distributedlearningenvironmenthat facilitatesthe interoperabilityof e-
learningtools and coursecontenton a global scale.The SharableContentObject ReferenceModel
(http://www.adlnet.org/scorm/index.cfnig a setof specsby ADL concerningdeveloping,packaging
and delivering learning objects.

Learning Object Repositories

Many groups such as Health educationassetslibrary (http://www.healcentral.org/index.htm),
Educationnetwork Australiaonline (http://www.edna.edu.au/edna/pagel.htiS8§JETE digital library
(http://www.smete.org/)iLumina (http://www.ilumina-dlib.org) LearnAlberta online curriculum
repository(http://www.learnalberta.ca/login.aspxjampusAlberta repositoryof educationalobjects
(http://careo.ucalgary.ca/cgibin/WebObjects/CAREO.woa/wa/Home?theme=daeeorked on
developinglearningobjectrepositories. Their primary goal is the creationof a searchableveb-based
collection of multidisciplinary teachingmaterialsfor educatorsandlearners.In additionto a simple
searchtheserepositoriesoffer searchby certainadvancedeaturessuchastype of learning resource,
title, subject,grade,author, primary audienceetc. In orderto searchandretrievedocumentslearning
objectrepositoriesstorelearningobjectsand metadataln all the above-mentionedepositoriesthe
learning objects are annotated with metadata manually by the authors/contributors.

Automatic Generation of Metadata
ARIADNE (http://www.ariadne-eu.org)the Europeandigital library project has startedwork on

automaticannotationof documentsKris Cardinaelset al. (2005)developeda frameworkfor automatic
metadatagenerationof a metadataset that containsall the mandatoryelementsdefinedin the



ARIADNE application profile. The metadatagenerationframework of Cardinaelsautomatically
generatesa few of the IEEE learning objects metadata,namely, documenttype, packagesize,
publicationdate, creationdate,operatingsystentype,accesgight, maindiscipline,language format,
title, andauthor®s detail

Somework hasbeendoneon automaticgenerationof Dublin Core metadataUK Office for
Library and Information Networking (UKOLN) hasdevelopedan automaticmetadatageneratotrtool
DC-dot (http://www.ukoln.ac.uk/cgi-bin/dcdot.pl)The set of Dublin Core metadata,which is
generatedy DC-dotincludesidentifier, subject itle, keywordsdescription type,andformat. DC-dot
simply harvestghe abovesetof metadatdrom the resourceMETA tag. Similarly, in the work done
by Jenkinsand Inman (2000)on automaticgeneratiorof Dublin Core Metadatatitle, date,andformat
are harvestedrom the html documentshut the keywordsare extractedoy parsingthe actualcontent.
Hui Han et al. (2003) proposesa machinelearning method using a supportvector machinefor
automatic extraction of Dublin Core metadata.

Context-drivenand patternbasedannotationthroughknowledgeon the web (C-PANKOW) is a
methodfor automaticsemanticannotationof web content. The main idea hereis to approximate
semanticsby consideringinformation aboutthe statisticaldistribution of certainsyntacticstructure
over the web (Cimianoet al., 2005). It focuseson identifying domaintopicsin analyzeddocuments.
KNOWITALL (Etzionietal., 2004)is an autonomousiomainindependensystemthat automateghe
processof extractinglarge collectionsof fact from the web. The KIM platform and framework
providesservicesfor semanticannotation,indexingand retrieval of documentgPopovet al., 2003).
The platform is basedon the PROTON ontology (http://proton.semanticweb.or@s well as KIM
system ontology and KIM lexical ontology.

Most of thelearningobjectrepositorieprovidethe facility of advancedearchon differentsearch
parameterdike subject, subcategorieqtopics), learning resourcetypes, content URL, primary
audienceetc. Thereforeit is importantto know all this metadatainformation of a documentand
researchersre working on automaticextraction of this metadata.The framework of automatic
generationgiven by Cardinaels(2005) generatessubject (main discipline) and keywords from
documentsThe top-level classificationgives the main discipline and the lower level classifications
give keywordsfor the document.For example, XML is one of the topics of the courseMultimedia.
The document®n the topic XML arestructuredn folderslike Multimedia/XML andthe keywordsof
the documentsare identified from this taxonomic path. Li et al. (2004) also identifies the
subject/classesf the WebPagesin their approacha term weight vectorin multidimensionalspace
representghe whole contentof the resourceln the vector, eachword is assigneda weight, which
representsts degreeof importance.The subject/clasof a resourceis identified from the weighted
vector using the principal componentanalysis(PCA) technologyin neural network. The ten major
classeswhich areidentifiedin their work, are news,entertainmentcommunity,sports,health,finance
and economics, living information, science and technology, people and shopping.

Gelbukhet al. (1999) hasgiven a methodof documentclassificationon a hierarchicaldictionary
of topics. The dictionary consistsof two major parts, vocabulary containing keywords, and a
hierarchicalstructurerepresentingopics. The hierarchicallinks in the dictionaryare suppliedwith the
weightsrepresentinghe probability for a word in a particularcontextto be really relatedto a given
topic. For example,the word Italy belongsto the topic Europe thus,the weight of this link is 1. On
the otherhand,the weightfor the link betweenltaly andEnglandis muchless.To obtainthe topic of
the document, the keywords in a document are compared with a hierarchical dictionary of topics.



It is importantto know the type of a documentandin the work of Jovanovicet al. (2006),they
automaticallyidentify someof the typeslike definition, exampleand referencetype. We feel that
identifying the pedagogiaype of the documentgwhetherit is exercise explanationgxperimentgtc.)
is also important from the instructional design perspective.

In the educationaldomain, identifying the topic of a documentis very important, and the
challengeis to identify the topic automaticallyby analyzingthe contentof the document.lt is
importantto identify the subcategory/topiof the documentalongwith the subjectof the documentin
the caseof identificationof subcategoriesf a subject therewill be manycommontermsin morethan
one subcategory, which makes this task challenging.

STRUCTURE OF DOMAIN KNOWLEDGE

The succes®f any e-learningsystemdependson the organizationof learningobjectswith respecto a
domain knowledgestructure,and the facility to retrieve relevantlearning materials.According to
manyresearchergSonget al., 2005; Tan & Goh, 2004),the domainontology playsa crucial role for
the developmenbf a flexible educationalsystem.Dichevaet al. (Dichevaet al., 2004; Dicheva &
Dichev, 2004;Dichevaet al., 2005) proposeda frameworkfor building a concept-basedigital course
library wherethe subjectdomainontology is usedfor classificationof courselibrary content.They
proposeda layeredarchitectureof the repository,with eachlayer capturingdifferent aspectsof the
information spacesuchas conceptualresourcerelatedand contextual.The semantic(ontology) layer
containsa conceptuaimodel of the knowledgedomainin termsof key conceptsandthe relationship
amongthem.Hoermannret al. (2003) proposedan approactof usinglearningobjectmetadataogether
with a well-defined knowledgebasein order to createadaptiveand modularizedcourses.The
knowledgebasestoresthe keywordsof the domainandsemanticrelationsbhetweenthesekeywords.In
the work of Gasevicet al. (2005) and Jovanovicet al. (2006), the domainontology storesconcepts
describingthe documentsand their relationshipsand is usedto semanticallymark up the contentof
learningobjects.Aitken and Reid (2000) have usedthe domainontologyin aninformationretrieval
tool. To improve the managemenbf information, Lauseret al. (2002) have createda prototype
biosecurityontology on food safety,animal and plant healthdomain.The categoriesare the generic
concepts and are connected to the specific instances.

In our system,the knowledgebaseis organizedinto a three-layerechierarchicalstructureas
shownin Figure 1. The threelayersarethe term layer, the conceptontologyandthe topic taxonomy
The term layer of our knowledgebasestoreslexical terms. Lexical terms are the raw terms or
representativekeywords that occur in documents.lt may be noted that a lexical term can be
polysemousandit may havedifferent meaningdn different contexts While a term canhavedifferent
meaningsa domainspecificconceptis unambiguousind canbe usefulfor retrievingdomainspecific
documents.Therefore,the secondlayer of the knowledgebasei.e. the conceptontology contains
domainspecific conceptsof varioussubjectdomainsandrelationshipsamongconceptssimilar to the
ontology usedby DichevaandDichev (2004), Hoermannet al. (2003), Gasevicet al. (2005) and
Jovanovicet al. (2006). Theseconceptsare usedfor textual contentanalysisof learningresources
useful for the automatic extraction of metadata from them.
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Fig.1. Knowledge Base: Three level hierarchical structure.

We have developedthe conceptontology for three subjects,namely physics, biology and
geographyThey covera total of around3400conceptsin additionto the abovetwo layers,we have
addedanotherlayer on the top i.e. the topic taxonomy The motivation for addingtopic taxonomyis
that in many learning situations,especiallyin formal school and college educationsystems,the
learningrequirementsare often mentionedin termsof topics. A topic may introduceor discussa
singleconceptbut it is not alwayssynonymouswith a single concept.Often a topic discusseseveral
concepts.To makethis distinction,we haveaddeda different layer called topic taxonomy.The topic
taxonomyof our knowledgebasecontainsthreehigh-level categoriephysics,biology andgeography
correspondingto a broad division of the domainscoveredby us. Each categoryis divided into
subcategoriesThe total numberof topicscoveredin the topic taxonomyis around220. Eachtopic of
the topic taxonomykeepsa list of conceptsthat are discussedn that topic. This is similar to the
approach adopted in the works of (Biemann, 2005) badser et al., 2002).

In our domain knowledge,we map the entities of one layer to other layers by keeping
relationshipsbetweenentities of different layers. We keep the relationshipbetweentopics and
concepts and also between concepts and keywords.

METADATA SCHEMA

As discussecbarlier,thereareseveralmetadatastandardsThe IEEE learningobjectmetadatgrovides
a comprehensivelescriptionof learningresourcesin IEEE LOM, an elaboratehierarchicalscheme
has beendevelopedthat includesthe categoriesof general, lifecycle, metametadatatechnical,
educational,rights, relations, annotation andclassification What we find especiallyrelevantis the
educationalcategory,which includeselementssuch as Interactivity type, Learning resourcetype,
Interactivity level, Intendedend userrole, Context, Typical age range, Difficulty, Typical learning
time, Language of the typical intended usied Description.

We have adaptedmany attributesfrom the IEEE LOM, which are relevantfor finding the
suitability of a documentto a particularlearner.Eventhoughwe would like to include many of the
attributesfrom IEEE LOM, currently our systemdealswith a subsetof the IEEE LOM attributes.In
additionto the subsebf the [IEEE LOM attributeswe alsosuggessomeminor enhancemertb the set



of metadatawhich appeardo be useful. The metadataattributesthat we havecurrentlyworkedon are
given below in Tables 1 and 2.
Table 1
A subset of IEEE LOM attributes

1. General category /I General information describing this learning object.
1.1 Identifier /I A globally unique label that identifies the learning object.
1.4 Description /I A textual description of the content of the learning object.

3. Meta Metadata category /I This category describes the metadata record itself.

3.1 Identifier /I Unique label that identifies the learning object.
4. Technical category /I Describes the technical requirements and characteristics of this
/[ learning object.
4.1 Format /I Technical data type(s) of this learning object.
4.2 Size /I The size of the digital learning object in bytes.
4.3 Location /I A string that is used to access this document.
5. Educational category /I This category describes the key educational or pedagogic

/l characteristics of the learning object.
5.2 Learning Resource Tyf // Specific type of learning material. The types considered are
/l Narrative text, questionnair@ndexperiment.
9. Classification category /I This category describes where this learning object falls within a
/[ particular classification system.
9.2 Taxonomic Path (topic) // Taxonomic path with respect to the topic tree in the domain
/l knowledge.

Table 2
Extension of IEEE LOM Specification

Myvocl.1 List of concepts // List of concepts mentioned that belong to the domain ontology
/[ along with certain attributes for each concept.
For each concept we specify

Name /I Name of the concept.

Significance /I Significance of the concept.

Type /I A concept can be one of these 2 types: Outcome or prerequisite.
Myvocl.2 List of domain // List of domain terms in the learning material along with their
terms /I frequency.

For each term we specify
Name /l Name of the term.
Frequency /I Its frequency of occurrence in the document.

We now explainthe importanceof the conceptrelatedattributesgivenin Table2. The repository
is a pool of learningmaterials.To incorporatethe facility of retrieval of learningmaterials,a set of
documenttermsis extractedfrom the document.Sinceidentifying the correctsenseof a termis of



fundamentaimportanceto achievegoodIR performancgBaeza-Yate® Ribeiro-Neto,1999;Salton
& McGill, 1984)andconcepthasedsearchgiveshigher precisionfor retrieval (Aitken & Reid, 2000;

Henstocket al., 2001).Hencethe conceptseemto be a moreusefulnotionthanthelexicalterms The

significanceandthe type are two importantattributesof concept,which would be very usefulto a

tutoring or e-learningsystem.We find the list of conceptsfrom the documentusing the concept
ontology. But all conceptsthat occurin a documentare not equally useful for characterizingthe

document.We usethe frequencyof domaintermsindicating the conceptin the documentas one
attribute of the concept.We also keep a separateaattribute for representinghe significanceof the
conceptthat indicateswhethera conceptoccursalong with its related conceptsin the document.
Further,a conceptmay be definedor introducedin a document,or it may be usedto explain other
conceptsA conceptthat is being definedin a documentgives the outcomeconceptwhereasthe

knowledgeof the other conceptsusedfor explaining the outcomeconceptare prerequisitesfor

studying the document.

We now discussthe importanceof the pedagogicattributesof Table 1. We have usedthe
classificationmetadatao representhe topic taxonomyof learningmaterials.Correspondingo each
topic, from the topic taxonomy,we canretrievethe taxonomypath,which we specifyasa metadataA
learning/tutoringsystemespeciallyin the contextof schoolor collegecurriculummay needto identify
documentselongingto atopic or a subtopic. It is alsoimportantto identify the educationatategory
of adocumentwhich includesthe learningresourcetypeto assesds relevancdor learningin a given
situation. The objective of an educationalsystemis to provide a personalizedearning experience.
Different learnersrequiredifferentlearningcontentdependingon their learningstyle (Papanikolaowet
al., 2002).In the contextof instructionaldesignthe learningresourcetype (IEEE LOMOsroperty5.3)
suchasexercisesimulation narrative text, examandexperimentoverthe instructionaltype. A few
more valueshavebeenproposedoy Ullrich (2004) asan extensionto the LOM resourcetype, which
describeghe learningresourcefrom an instructionalperspectiveMany researcheréMohan & Greer,
2003; Brooks et al., 2005; McCalla, 2004; Liu & Greer,2004) haverecommendeand suggested
extensionsto the IEEE LOM. RDN/LTSN (http://www.rdn.ac.uk/publications/rdn-ltsn/types/)
resourcetype vocabularyis very commonin the UK learningandteachingcommunity.It specifiesa
setof additionallearningresourcetype thatis usedwith a 5.2 learningresourcetype LOM element.
Appendix 2 UK and EuropeanType and Learning ResourceType Vocabulariesof UKLOM core
(http://www.cetis.ac.uk/profiles/uklomcorepscribesa few more metadataschemaswhich specifya
set of learning resource type vocabulary.

In this paper,we havehandledthe automaticclassificationof documentsnto threecategories,
namelynarrative text, questionnaireandexperimentHandlingothercategoriesvould be animportant
future extension.

AUTOMATIC METADATA EXTRACTION

Different metadataextractionalgorithmsare implementedto generatethe set of metadatagiven in
Tablel andTable2 from documentsTo evaluatethe performanceof the different metadataextractor
algorithms, the resultsare comparedwith manually annotateddocumentsby human evaluators.
Documentsare collectedfrom diversesources.The web is the main sourcefor collection of the
documents. We have also collected documentson different topics from somebooks written by



different authorsby scanningthe contentof the books.Different algorithmsfor extractingpedagogic
metadata from learning contents are discussed below.

Concept and its Significance Identification

A documentcontainsa set of terms. Sincea term may have multiple meaningswhile a conceptis
unambiguousit is more usefulto annotatea documentwith a list of conceptsatherthanterms.For
this, we needto disambiguatehe meaningof a term, and identify the conceptit refersto. In some
casegnorethanonetermmay referto the sameconcept.n suchcasesthe frequencyof a conceptwill
include the frequencies of all synonymous terms for the concept in the document.

We maintaina dictionary of termsin the knowledgebase.Correspondindo eachterm, we keepa
link to the possibleset of conceptsthat the term may refer to. We identify the terms and their
frequenciefrom eachdocumentFor eachterm, the correspondingsetof conceptss found from the
dictionary. Out of thesecandidateconceptswe wantto find the mostappropriateconcept.We note
thatconceptgarely occurin isolation.If a conceptis significantfor a documentthe documentusually
containsother conceptsrelatedto it. For exampleif a documenttalks aboutkinetic energy the
documentusually containsother termslike motion, mass velocity etc. while in the caseof light
energy the document may contain terms lgn light, solar lightetc.

To find the mostappropriateconcept,we usethe inter conceptrelationshipwhich is capturedin
the conceptontology.A conceptis moresignificantif morerelatedconceptsof thatword occurin the
document.The proposecalgorithmtakesthe termswith their frequencyasinput, andreturnsa list of
conceptsalongwith the significanceof eachconcept.The algorithmworks asfollows. For eachtermt;
in the term list, the associateadonceptsC; are obtainedfrom the ontology. The significanceof each
associatedonceptC; is initially takenasthe normalizedfrequencyof the termt;. For eachassociated
conceptCj, we look at the presenceof the relatedconceptsn the documentWe thenincrementthe
significanceof the associateconceptC;j by w x term frequencyfor the occurrencef the terms
corresponding to the related concept, wiveie the weight given to the related concepts.

SignificanceC; = Normalized term frequendy+ w x Term frequency of the related
conceptOs corresponding term

In our experimentwe havetakenw = 1/2. For a particularterm, we choosea conceptwith the
maximum significance value.

Algorithm : Identification of Concept and its significance
Input: t3, tp, .. £y is the list of domain terms in the documBnt
ti.frequencyis the frequency of domain tertm
nunis the total number of tokeirs the documend
Output: list of concepts;, ¢, E ¢, and their significance.significance

(1) fori <= 1ton{

/l Normalize the frequency counts
t.frequency < t.frequency num

}

(2) fori < 1ton

{



t.concepts<—{cy .. G ..G}
/I where {1 .. G ..c} be the list of associated conceptd;of
Ci-Significance < t.frequency
}
(3) fori < 1ton
{
forj<—1tok

{

Let RCbe the set of related conceptscpfin D.

for every termt corresponding to a conceptiRC

cj.significance < ¢j.significance + wx t.frequency Mve takew = 1/2

}

(4) /I Select the final concept
fori < 1ton

{
find the concepx in t;.conceptavhich has the highest significance score.
if x.significance> threshold
return X
else
return null

}

The algorithmreturnsthe list of selectedconceptsandtheir significancescores.The algorithmis
linear in the length of the document and relevant portion of the ontology.

Concept Type Identification

In orderto assessvhethera learningmaterialis usefulfor a given studentit is usefulto know not only
the conceptsthat the learning material includes,but also the role of the conceptsin the learning
material. In particular,it is importantto know whethera conceptmentionedin a documentis a
prerequisitefor studyingthatdocumentpor it canbe an outcome Jearnedby studyingthe documentin
this work, we attemptto identify the role of conceptsiy parsingthe sentencegsontainingmentionsof
the conceptsin the contextof individual sentencesywe usethe notion of two typesof concepts. e.
defined conceptandused conceptDefinitions of the different types of concepts are as follows:

Outcome concept: The outcomeconceptis the conceptthat a learnerlearns from the
document.

Prerequisite concept: Theprerequisiteconceptdor the documentarethe conceptswhich are
usedto explainthe outcomeconceptandrequiredto be known by a learnerto understandhe
document.

Defined concept: A concept is said to bedefined concepif it is defined in a sentence.

Used concept: A conceptthathasbeenmentionedn a sentenceo explainsomethings saidto
be a used concept.

A learnerusuallylearnsthe conceptswhich aredefinedsomewherén a documentThereforethe
list of definedconceptgivesthe outcomeconceptsor a documentThe prerequisiteconceptsareused
to explainthe outcomeconceptsThereforethe list of usedconceptshouldgive thelist of prerequisite



conceptdor the documentput all the conceptgpresentin the usedconceptlist in adocumenimay not
be the prerequisitefor the document.For example,a conceptx is definedin the first paragraplof a
documentthenthe sameconceptx is usedto define someotherconcepty in the secondparagraph.
Although, the conceptx is a usedconceptfor defining the concepty, but it is not the prerequisitefor
the document.

The definedconceptdist givesthe outcomeconceptsof the document.To find the prerequisite
conceptdist, the usedconceptdist is comparedwith the definedconceptdist. The definedconcept
which also exists in thesed conceptst is removed.

To extractthe type of conceptspur approachusesfeaturessuchasverbs,cue phraseswith their
associatedsemanticsin conjunctionwith patterns.The sentenceswhich state definitions usually
containverbslike QlefinaQ QlerivedQ GralledQ CknownQ GtatesQ and follow some pattern.
Occurrence®f verbslike QledQ QlescribelQ QliscussdQ GexplainaO etc. indicate that some
conceptis beingexplainedin a documentSentenceshatcontainone of thesetrigger verbsarefurther
analyzed to find the role of the concepts mentioned in them.

We analyzesentencesising a shallow parsingapproach Sentencesvith thesetrigger verbsare
parsedusinga publicly availableparsercalledthe link parser(http://bobo.link.cs.cmu.edu/linkgnd
the constituenttree is obtainedwith labels. Labels associatedwith links representthe type of
dependencyndrepresents direct semantiaelationship A pathis extractedrom eachsentenceising
link labels,which give a semanticrelationshipbetweenwords. Let us takea sentencéwork is defined
as force acting upon an objectto causea displacemetQ In this sentencehe subjectwork, which
precedeghe trigger verb is the definedconcept,while otherconceptsin the sentencesuchasforce,
objectanddisplacemenare the usedconceptsBut thereare manywaysto write the samesentence.
For examplethe abovesentencecan also be written in the following way, QForce acting upon an
objectto causea displacemenis calledworkQ In the abovesentencethe objectof the sentencavork,
which is connectedwith the trigger word called, gives the defined conceptwhereasthe subject
containsthe usedconcepts.We use different inferencerules to obtain the type of conceptfrom
sentences.

The algorithmfor concepttype identification was testedon 50 documentsEachdocumentwas
processedo producethe list of conceptsEachdocumentwasthenreadmanuallyto identify the type
of conceptsn thelist. The documentwas also processedhroughour algorithmto producethe same
categorizatiorinto definedandusedconceptslt may be notedthatwe geta largenumberof common
conceptdike distanceangleetc. which havebeenmentionedn documentdut not specificallyusedto
define or explainthe defined concepts Thesecommonconceptsare not countedin the list of used
conceptsin the manualchecking. Total used-conceptgive the total numberof conceptsthat are
specifically usedfor defining the defined concepts The performanceof the algorithmis shownin
Table 3.

Table 3
Performance evaluation of concept type identification
Manual Observation Algorithm Output
Total Total Concepts Total Total Total Total
Documents Used Concepts Defined Used Concepts Defined
Concepts Concepts

50 952 483 220 284 144




We found thatin many casesthe usedconceptsmay havebeenmentionedin sentencegrior to
the sentencavhich containsthe definedconcept.For example Orhelensin your eyeis elasticand can
changeits shapeto accommodat¢he distancesof various objects.Thisis called accommodatinQ In
somecasesthe usedconceptsare presentin sentencesfter the defining sentenceFor exampleA
conditionwhichis commonis called farsightednessThisis wherethe eyecan't focuscloseobjectsand
the imageforms beyondthe retinaQ The useof a shallow parsingapproachor identification of the
type of conceptsrom only thosesentencesyhich containsthe trigger word, missesmany of the used
concepts.Thereare many sentencesyhich define someconceptsput are not consideredor further
analysis.For exampleOrhefocal lengthis the distancefrom the centerof the lensto the focal pointQ
In this sentencefocal lengthis the definedconcept but the parseris not ableto identify it asa defined
concept.Presently,the algorithm is incapableof handling sentencedollowing the patternof the
examplesentencementionedabove.To improvethe performanceof the algorithm, the inferencerules
for typesof sentencesike thesehaveto be discoveredandall thosesentence$aveto be takeninto
account.

Topic Identification

Many researcherfavecarriedout the work on automaticgenerationof topicsfrom web documents,
and they have useddifferent approachesThe work of automaticgenerationof the subjectof a
documentby Li et al. (2004)is basedon a neuralnetwork. Haruechaiyasalkt al. (2002) proposeda
method of automatically classifying web documents into a set of categories using fuzzy association.

Jovanovicet al. (2006) usesdomainontologyfor annotatingdocumentswith a subjectattribute.
In their work they haveworked on documentsvhich containa numberof slides.The whole document
is the learningobjectandthe different slidesof the documentforms the contentobject. Initially, the
authorprovidesthe subjectof the learningobject. The annotationof the different contentobjects(or
slides)is doneby looking at the relatedconceptsof the subjectof the learningobjectin their domain
knowledge.The annotationof contentobjectsdependsn the subjectof the learningobject. It fails to
annotatethe contentobjectsif the subjectof the learningobjectis not available.A limitation of their
work on subject identification is that it needs the authorOs supplied information.

Our approachalso usesthe knowledgebasefor automaticidentification of the topic of the
document. However, we want to identify the topic of a document in a fully automated way.

The knowledgebasecontainstopic taxonomy.Eachtopic of this taxonomyis associatedvith a
list of conceptspresentin it. We identify the topic of a documenton the basisof the conceptsthat
occurin the documentWe first identify the list of conceptspresentin a document.A conceptcan
belongto morethanonetopic. For eachconceptwe find the setof topicsthatinclude that concept
from the domainknowledge.From thesewe find out the possibletopicsfor the documentWhenwe
considera conceptthe counterscorrespondingo eachtopic thatincludesthe conceptis incremented
by 1. The topic with the maximum score is returned as the topic of the document.

But whenwe appliedthe above-discussedlgorithm,we observedhatin somecasesit identifies
a documentas belongingto a sibling topic. This is becausdan our domainknowledge,the sibling
topics often sharemany common concepts.So we augmentedhe abovealgorithm by using the
frequencyvaluesof the conceptsFurtherwe notethat eachconceptis not of the samesignificancefor
a topic. For example,if we take documentsof topics mirror and lens, we find that they havemany
commonconceptsBut the conceptmirror is very specificto the topic mirror andlensfor the topic
lens. If we give more weightsto thesesignificant conceptswhile scoring, then the classification



accuracyis improved.For this reasonwe augmenthe domainknowledgestructure,anda specificity
index (SI) of value 1 is associatedvith the significant conceptsof a topic. The other conceptsare
associatedvith a specificity value of 0.5. We note that a similar principle is usedby Gelbukhet al.
(1999) for detecting the main topics of the document.

Thus, the modified algorithmis asfollows. For eachconceptwe find the topic nameandthe Sl
value with respectto the topic. The scorefor a topic is incrementedby the conceptfrequency(Sl
value).The topic or list of topics with the maximum score gives the topic/topics for the document.

The performanceof the topic identification algorithm is testedon documentsbelongingto
differenttopics. Table 4 showssomeof the selectedopicsfrom Physics,Biology and Geographyon
which the algorithmis tested.770 documentsare usedfor testing,andthe outputof the algorithmis
manually verified. The performanceevaluationof the algorithmin termsof recall and precisionis
shown in Table 4.

Table 4
Accuracy of the topic identification algorithm in percentage
Topic Recall Precision
Photosynthesis 91.66 84.61
Human circulatory system 80 83.33
Respiration 64.28 90
Human eye 78.94 88.23
Human ear 70 93.33
Chromosome 61.33 88.88
Lens 97.88 84.21
Mirror 88.66 92.85
NewtonOs law of motion 93 86.66
Soil 86.95 78.57
Rock 90 64.28

We find that our systemis fairly successfuin classifyingdocumentsThe few casesof error
mostly categorizea documentthat hasbeenmanuallylabeledasbelongingto a topic topicx to a topic
topicy, wheretopicyis the sibling otopicx



Learning Resource Type Identification

As discussedtarlier,the pedagogidype of a documentike Narrative texttype,questionnairgypeetc.
areimportantmetadatdor e-learning.To identify the documenttype, we haveidentified someof the
surfacelevel featuresof the text (Kessleret al., 1997; Rauber& Muller-Kogler, 2001) andusedthese
features to classify the documents into different types using neural network.

Feature set

The feature set consists of a set of specific verbs, trigger words, phrases and special characters.

Theverbsin adocumentanbe viewedaspartof a conceptuamapof the eventsandactionsin a
document.A verb is an importantfactor in providing an eventprofile, which in turn is useful for
categorizingdocuments Narrative text type documentscontain discussionabout a conceptor
concepts.Suchdocumentsggenerallycontain definitions, statement®f laws or facts aboutconcepts
(http://www.cancore.ca/en/help/44.html) Therefore verbs like QlefineQ OtzouwnQ CstaeQ
QiescribelQ GexplainglQ QliscussdQ QllustratedO etc. are frequentlyfound in Narrative texttype
documents Experimenttype documentsoften contain verbs like Gtud/Q GbsereQ QlesiqnQ
OneasueOetc.Questionnairdype documents usually contain verbs likwauaeQ GindOetc.

Apart from verbs, the occurrenceof somewords and phrases(Grover et al., 2003) play an
importantrole in describingdocumentsDocumentsbelongingto the categoryexperimentusually
containwordslike OntroductionQ GobjectiveQ GesulsQ Gyod Oetc. Questionnairetype documents
usually contains phrases such degoribe hwQ Ghow thaQ Gvhy dosQ thow canOetc.

Somespecialcharacterdike punctuationmarksand specialsymbolsalso play animportantrole.
Questionnairetype documentamay containinterrogativesentenceswhich canbe identified asthey
end with a question mark. These character level cues are important and used for classification.

The distribution of features in documents

The distribution of the featuresin someof the documentgandomlyselectedrom all the threeclasses
Narrative text, Experimentand Questionnaireare shownin Figure 2. The X-axis representshe feature
set (consistingof 60 featureslike defined discussedevaluate etc.) and the Y-axis representshe

frequencyof occurrenceof a featurein a giventype of documentlin Figure2, documentsl, 2, and3

belongto the Narrative text type documentst, 5, and6 belongto Experimenttype and documents?,

8, and9 belongto Questionnairetype From visualinspection,it is apparenthatthe documentypes
cannotbe classifiedusing a linear classifier.We havechosenArtificial Neural Networks(ANN) for

the task of classificationof the given dataset. We have experimentedwith two types of neural
networks for the classificationtask, a feed forward back propagationnetwork with non-linear
activationfunction (BPNN) and a generalizedregressiomeuralnetwork (GRNN) with a Gaussian
basisfunction. It wasfound experimentallythatthe raw countof trigger wordswasnot enoughfor the

classifiersto work well specially with words like what, which etc. Some preprocessingf the

documentsvas doneto modify the weights of thesefeaturesaccordingto their immediatecontext.

Dueto the limitation of spaceponly the basicstructureof the classifiersis presentedn this paper.The

detailed discussion and the design aspects of the classifiers are available at

http://www.facweb.iitkgp.ernet.in/~sudeshna/devshrithesis.pdf
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Fig.2. Distribution of features.

Feed Forward Back Propagation Neural Network

We havechosenra 2-layerfeedforward network. The numberof hiddenneuronshasbeenfixed by trial
anderrorover a numberof training andtestsets(Wassermanl1993).The structureof the networkis as
follows:

Number of input nodes [same as number of features] = 60
Number of hidden Neurons = 6 with tan-hyperbolic activation function
Number of output [same as number of classes] = 3 with tan-hyperbolic activation function

There are caseswhere a documentcan belong to more than one category.For example,a
documentmay containboth an explanationof sometopic andalso questionson the topic. To handle
these cases, the classifier output classes are rendered into vectors as:

Class1 + Ve, -Ve, -Ve
Class 2 -Ve, + Ve, -Ve
Class 3 -Ve, -Ve, + Ve

and the positive values at the output are taken as the output classes.

Generalized Regression Neural Network

GeneralizedRegressioNeural Networksare basedon non-linearregressionThe network consistsof
threelayersi.e. (1) theinput layer, (2) the hiddenlayerwherea nonlineartransformations appliedon
the datafrom the input spaceto the hiddenspaceand (3) the linear outputlayer. Thereare weights
connectingthe input to the hiddennodes. We havechosena multivariate Gaussiarfunction with an
appropriatemeanand autocovariancenatrix. The principal advantageof GRNN is fastlearningand



convergenceao an optimal regressionsurface.Thereforeit is particularly advantageouso usethis
method.

We considerthreeclasseof learningresourcaypesnamelyNarrative Texttype, Experimentype
and Questionnairetype. We havecollectedweb documentsand manually categorizedheminto the
aboveclassesOut of atotal of 150 documents120 documentsarerandomlychoserandusedto train
the Feedforward back-propagatiorlassifierandgeneralizedegressiomeuralnetworkclassifier.The
remaining30 documentsare testedwith the trainedclassifier. The aboveprocesss repeated times
with different sets of documents randomly chosen from the data set.

Table 5
Classification Performance of Feed Forward Back Propagation Neural Network
Type of learning resource type Precision Recall
Narrative Text 89.13 92.56
Experiment 78.63 92.244
Questionnaire 79.284 76.52
Table 6
Classification Performance of Generalized Regression Neural Network
Type of learning resource type Precision Recall
Narrative Text 86.81 81.36
Experiment 98.75 94.42
Questionnaire 72.14 77.88

The classification performancesof Feed Forward Back PropagationNeural Network and
GeneralizedregressiorNeural Network are given in Table5 and Table 6. It may be notedthat the
aboveperformances obtainedusingthe preprocessetkaturevectorvaluesasmentionedearlier. The
misclassification@aremainly in Questionnairedocumentswhich are of multiple-choicetypesor fill in
the blankstype. The classifierclassifiedthem as Narrative Texttype. We againfound that in some
documentsf the experimentaltype, the documentdoesnot containthe trigger wordslike Objective
EquipmentApparatus etc.,andthusour classifierfails on thosedocumentsSomeimprovementmay
be obtained by increasing the number of features. We will be working on improving the feature set.

AUTOMATIC ANNOTATION TOOL

We incorporatedhe variousalgorithmsdiscussedhboveand built an automaticannotationtool. The
input interfaceof the automaticannotationtool is very simple. It hastwo input buttonsDocument
SubmissiorandWeb BasedSubmissionThe DocumentSubmissionnput acceptsdocumentsfrom
contributors.The Web BasedSubmissiomprovidesthe facility of acceptingdocumentdirectly from
the web. It accepts the global address of a document (url) on World Wide Web.

The submitteddocumentis sentto the automaticmetadataextractormodule of the systemthat
extractsthe availablemetadataautomatically.It extractsall typesof metadatanformation suchas
general,technical,educational classificationetc. from the document Generalandtechnicalcategory
metadatasuchas size of the documentformat date etc. are extractedautomaticallyfrom the system



properties(not discussedn this paper).The different pedagogicattributesof the documentare
extracted by different methods as discussed in the section on Automatic Metadata Extraction.

Metadataannotationis donein a machinecomprehensibléormat. The metadataannotationis
expressedn a semantioweb language. The metadataelementsdiscussedn the sectionon Metadata
Schemaare compliantwith IEEE LOM RDF binding specification(Nilsson, 2002) exceptfor the
metadataattributes,which are extendedby us. For classificationcategory,we usethe dcsubjectto
point to a topic from the domain ontology. This doesnot fully conformto the IEEE LOM RDF
Binding sincetopic hierarchyin our domainknowledgeis not accordingto LOM taxonomy. The
metadata annotation of a document with LOM RDF binding is shown below.

<?xml version="1.0" ?>
- <rdf:RDF xmins:rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"
xmins:rdfs="http://www.w3.0rg/2000/01/rdf-schema#"
xmins:dcterms="http://purl.org/dc/terms/"
xmins:dc="http://purl.org/dc/elements/1.1/"
xmins:lom="http://Itsc.ieee.org/2002/09/lom-base#" xmins:lom-
gen="http://Itsc.ieee.org/2002/09/lom-general#" xmins:lom-
life="http://Itsc.ieee.org/2002/09/lom-lifecycle#" xmins:lom-
meta="http://Itsc.ieee.org/2002/09/lom-metametadata#" xmins:lom-
tech="http://Itsc.ieee.org/2002/09/lom-technical#" xmins:lom-
edu="http://Itsc.ieee.org/2002/09/lom-educational#" xmins:lom-
cls="http:/ /ltsc.ieee.org/2002/09/lom-classification#"
xmins:myVoc="http://www.myVocbulary.com/someVocab#">
- <rdf:Description>
rdf:about="http://www.physicsclassroom.com/Class/refrn/U14L5a.html"/>
<dc:date>
- <dcterms:W3CDTF>
<rdf:value>2005-10-23</rdf:value>
</dcterms:W3CDTF>
</dc:date>
- <dc:format>
- <dcterms:IMT>
<rdf:value>html</rdf:value>
</dcterms:IMT>
</dc:format>
- <dcterms:extent>
- <lom-tech:ByteSize>
<rdf:value>124032</rdf:value>
</lom-tech:ByteSize>
</dcterms:extent>
<lom-tech:location
rdf:resource="http://www.physicsclassroom.com/Class/refrn/U14L5a.html"
/>
<rdf:type rdf:resource="http://Itsc.ieee.org/2002/09/lom-
educational/NarrativeText" />
<lom-edu:context rdf:resource="myVoc;grade 7" />
<dc:subject>concave mirror</dc:subject>
- <myVoc:keyword-list>
- <keyword>
<name>distance</name>
<frequency>2</frequency>
</keyword>
- <keyword>
<name>concave mirror</name>



<frequency>31</frequency>
</keyword>

- <keyword>
<name>angle of incidence</name>
<frequency>4</frequency>
</keyword>
</myVoc:keyword-list>
- <myVoc:concept-list>
- <concept>
<name>concave mirror</name>
<significance>36</significance>
<type>used concept</type>
</concept>

- <concept>
<name>incident angle</name>
<significance>9</significance>
<type>used concept</type>
</concept>
</myVoc:concept-list>
<myVoc:location-metadata rdf:resource="D:/project-
repository/repository/http://www.physicsclassroom.com/Class/refrn/U14L
S5a.rdf" />
</rdf:Description>
</rdf:RDF>

CONCLUSION

Our work addresseghe needfor making learning materialsreusableand interoperablebetween
differentlearningsystemsThewebis a largesourceof learningmaterials.The ability to automatically
annotatdearningmaterialswill enablelearnersandlearningsystemso harnesghe resourcesvailable
in the web and build an openrepository.To increasethe potentialreuseof learningcontentsof the

openrepository,we have annotateddocumentswith a subsetof effective and descriptivemetadata
from the IEEE LOM specification.

We havedevelopedan automaticannotatiortool for annotatingdocumentswith metadatasuchas
conceptstypeof conceptstopic andthelearning resourcetype. The domainknowledgehasbeenused
to extractthe conceptsandits type from documentsThetypeof concepts identified by analyzingthe
documentswith a shallow parsingapproachand by using someinferencerules. As can be seenfor
concepttype identification, we haveintroducedthe idea of commonconceptswhich appearin the
ontologyandthe documentsut areof a generalnatureandnot perceivedo be a direct prerequisitdor
the documentClearly, the numberof suchconceptavould dependon the numberof subjectsncluded
in the ontology andthe distinctionbetweencommonconceptsand usedconceptdn manualchecking
would havea personabias. This biascould be correctedf manualcheckingcould be standardizedby
using a numberof personsand someformal methodology Howeverit was not possibleto adoptthis
dueto practicallimitations. The resultsgivenin the paperfor concepttype identification shouldthus
be takenasindicative. For the automaticidentification of concepttype thereseemsto be a trade off



betweenthe generality of the ontology and the depth of analysisrequired for concepttype
identification.

In order to automaticallyidentify the pedagogicattributesof relevance,we have at present
classifieddocumentsrom the instructionalperspectivanto the following categoriesarrative text,
guestionnaireandexperimentfrom the IEEE LOM resourcetype. However, it is alsoimportantto
identify the otherresourceypesfrom the IEEE LOM, RDN/LTSN LOM applicationprofile, UKLOM
core etc. by a learning system and this may be an important direction of future work.

It may be notedthatfor documentypeclassificationwe haveusedonly threetypesof documents
from the large set providedin the IEEE LOM resourcetype. Even with thesefew types, some
semanticpreprocessingvas necessaryn orderto get acceptableaesults.In orderto include more
documenttypes,a more thoroughand deepersemanticpreprocessin@f the learningmaterialsseems
to be necessary. Further research is required in this area.

Theresultsof the algorithmsmentionedin the paperare comparedwith manualobservationsA
single persondid the manualobservatiorfor the attributeconcepttype whereasseveralpeopledid the
manualtagging of documentswith the attributestopic anddocumenttype The differencein the
opinionswere mutually discussedindresolved.A formal approachfor humanbias elimination could
be necessarywhen the results from improved algorithms approachmore acceptablelevels of
performance for widespread deployment in future.

The usefulnes®f the kind of repositorycreatedthroughour systemneedso be validatedthrough
field trials, especiallyamongstudents. This could not be undertakenas yet but it would be an
interesting study and feedback from such a study may enable us to further refine the set of metadata.
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