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Abstract

Automaticmetadatageneration providesscalabilityand
usability for digital libraries and their collections. Ma-
chine learning methodsoffer robust and adaptableauto-
matic metadataextraction. We describea SupportVector
Machine classi�cation-basedmethodfor metadataextrac-
tion from headerpart of research papers and showthat it
outperformsother machine learning methodson the same
task.Themethod�r st classi�eseach line of theheaderinto
oneor more of 15 classes.An iterativeconvergenceproce-
dure is thenusedto improvetheline classi�cationbyusing
thepredictedclasslabelsof its neighborlines in theprevi-
ousround. Further metadataextractionis doneby seeking
thebestchunkboundariesof each line. We foundthat dis-
covery and useof the structural patternsof the data and
domainbasedword clusteringcan improve the metadata
extractionperformance. Anappropriatefeaturenormaliza-
tion also greatly improvesthe classi�cation performance.
Our metadataextraction methodwas originally designed
to improvethemetadataextractionquality of thedigital li-
brariesCiteseer[17]andEbizSearch[24]. Webelieveit can
begeneralizedto otherdigital libraries. 1

1In Proceedingsof the ACM/IEEE Joint Conferenceon Digital Li-
braries (JCDL 2003), pp 37-48,May, 2003. Nominatedfor BestPaper
Award.0-7695-1939-3/03Copyright 2003IEEE.

1 Intr oduction and relatedwork

Interoperabilityis crucial to theeffective useof Digital
Libraries(DL) [19, 23]. TheOpenArchive InitiativesPro-
tocols for MetadataHarvesting(OAI-PMH) is critical for
the process,facilitating the discovery of contentstoredin
distributedarchives[7, 18]. The digital library CITIDEL
(ComputingandInformationTechnologyInteractive Digi-
tal EducationalLibrary), part of NSDL (NationalScience
Digital Library), usesOAI-PMH to harvestmetadatafrom
all applicablerepositoriesand provides integratedaccess
and links acrossrelatedcollections[14]. Supportfor the
Dublin Core(DC) metadatastandard[31] is a requirement
for OAI-PMH compliantarchives,while othermetadatafor-
matsoptionallycanbetransmitted.

However, providing metadatais the responsibility of
eachdataproviderwith thequalityof themetadataasignif-
icantproblem.Many dataproviders[13, 4] havehadsignif-
icantharvestingproblemswith XML syntaxandencoding
issues,evenleadingto unavailability of service[18]. In fact,
somedigital libraries have no metadatato harvest (some
searchengineshave little or no metadata),or metadatathat
is not OAI compliant,e.g.,CiteSeer[17]. Non-compliant
metadatamust be either automaticallywrappedto work
with theOAI protocol,or manuallyencoded.Building tools
for automaticdocumentmetadataextractionandrepresen-
tation will thereforesigni�cantly improve the amountof
metadataavailable, the quality of metadataextracted,and
theef�ciency andspeedof themetadataextractionprocess.

Severalmethodshave beenusedfor automaticmetadata



extraction;regularexpressions,rule-basedparsers,andma-
chinelearningarethemostpopularof these.In generalma-
chinelearningmethodsarerobustandadaptableand,theo-
retically, canbeusedon any documentset. Generatingthe
labeledtraining datais the ratherexpensive price that has
to be paid for learningsystems.Although regular expres-
sionsand rule-basedsystemsdo not requireany training
andarestraightforwardto implement,their dependenceon
theapplicationdomainandtheneedfor anexpertto setthe
rulesor regular expressionscausesthesemethodsto have
limited use. Machinelearningtechniquesfor information
extraction include symbolic learning,inductive logic pro-
gramming,grammarinduction,SupportVectorMachines,
Hidden Markov models,and statisticalmethods. Hidden
Markov models(HMMs) arethemostwidely usedgenera-
tive learningmethodfor representingandextractinginfor-
mation from sequentialdata. However, HMMs arebased
on the assumptionthat featuresof the model they repre-
sentare not independentfrom eachother. Thus, HMMs
have dif�culty exploiting regularitiesof a semi-structured
realsystem.Maximumentropy basedMarkov models[20]
andconditionalrandom�elds [16] have beenintroducedto
dealwith theproblemof independentfeatures.

Recentwork by Chieu [5] suggeststhat the informa-
tion extractiontaskalsocanbeaddressedasaclassi�cation
problem.Encouragedby their successin handlinghigh di-
mensionalfeaturespacesfor classi�cationproblems[12, 9],
we investigateSupportVectorMachines(SVMs) for meta-
dataextraction.Relatedwork includesKudohetal usingthe
SVM methodfor chunkidenti�cation, Mcnameeetal using
a SVM for namedentity extraction[22, 15, 29], andPasula
et al using relationalprobability modelsto solve identity
uncertaintyproblems[10].

This paperdiscussesa machinelearningmethodfor au-
tomaticmetadataextraction.Thereportedextractionresults
are basedon experimentsconductedon researchpapers.
Most of the directly indexable information (e.g., authors'
names,af�liations, addresses,andthetitle of thepaper)are
gatheredin theheaderof a researchpaper. Theheader[27]
consistsof all thewordsfrom thebeginningof thepaperup
to eitherthe�rst section,usuallytheintroduction,or to the
endof the �rst page,whichever occurs�rst. In the exper-
imental resultssectionwe illustrate the dominanceof the
introducedSVM-basedmetadataextractionalgorithmover
thewell-known HMM basedsystems[27]. We alsointro-
ducea methodfor extractingindividualnamesfrom thelist
of authorswithin the sameframework and presenta new
documentmetadataextractionmethodusingSVM classi�-
cation,combiningchunkidenti�cation. A new featureex-
tractionmethodandan iterative line classi�cationprocess
usingcontextual informationalsoarepresented.

Theremainderof thepaperis organizedasfollows: sec-
tion 2 describestheproblemanddataset;section3 presents

ourmetadataextractionmethod,togetherwith thecrossval-
idation resultson 500 training headers;section4 presents
theexperimentresultof our metadataextractionalgorithm
on thetestdataset;section5 discussestheaspectsto beim-
provedandplannedfuturework.

2 Problem de�nition and dataset

The Dublin Core hasbeenwidely usedas a metadata
standardandde�nes 15 elementsfor resourcedescription:
Title, Creator, Subject,Description,Contributor, Publisher,
Date, Type, Format, Identi�er, Source,Relation, Refer-
ences,Is ReferencedBy, Language,RightsandCoverage.
However, this is only a basicsetof metadataelementsand
is usedby OAI-PMH for “minimal” interoperability. Ex-
tendingdocumentmetadatathrough information on both
authors(suchasaf�liation, address,andemail),anddocu-
ments(suchaspublicationnumberandthesistype),would
providegreaterrepresentationpower. It alsowould help in
building uni�ed servicesfor heterogeneousdigital libraries,
while at the sametime enablingsophisticatedqueryingof
the databasesandfacilitating constructionof the semantic
web [3]. Seymore et al de�ned 15 different tags for the
documentheader[27] to populatethe Corasearchengine
[21], 4 of which arethesameasthosein theDublin Core.
Two of theremainingtags,introductionandendof page,are
functionalratherthaninformative,indicatingtheendof the
header. Leaving out thefunctionaltags,we adopttheir for-
mat asextendedmetatagsfor researchpapers.We further
proposeto de�ne af�liation aspart of the address,instead
of anexclusivetag.Table1 is ashortexplanationof theex-
tendedmetatagsandthemappingto Dublin Coremetadata
elements.

Figure1 is anexampleof meta-taggeddocumentheader.
Documentmetadataextractionalsocanbeviewedaslabel-
ing thetext with thecorrespondingmetatags.Eachmetatag
correspondsto aclass.Lines22and25aremulti-classlines
containingchunksof informationfrom multipleclasses.We
de�ne achunkof informationasconsecutivewordsthatbe-
long to thesameclass.Line 22 and25 containthechunks
of 5 classes:email,web,af�liation, address,andnote. All
the other lines containinformationbelongingto oneclass
only andarethereforecalledsingle-classlines.

We usethe labeleddatasetprovided by Seymore et al
[27] to testour methodof metadataextraction.Thedataset
contains935headersof computerscienceresearchpapers,
with 500 of thosebelongingto the training setandthe re-
maining435headersbelongingto thetestset.Thetraining
set includesa total of 10025lines and23557word tokens
whereasthereare8904linesand20308word tokensin the
testset.Theseheadersaretext �les convertedfrom thepdf
andps �les. Eachline endswith a carriagereturnandthe
line breakmarks ����� areprovidedby thedatasetfor iden-



Table 1. Extended metata gs and their map­
ping to Dublin Core metadata elements

Extended DC Element Explanation
Metatag

Title Title Title of thepaper
Author Creator Thename(s)of theauthor(s)

of thedocument
Af�liation Author's af�liation
Address Author's address

Note Phrasesaboutacknowledgment,
copyright, notices,andcitations

Email Author's emailaddress
Date Publicationdate

Abstract Description An accountof thecontent
Introduction Introductionpartin thepaper

Phone Author's phonenumber
Keyword Subject Thetopicof thecontentof

thedocument
Web URL of Author's webpage

of thedocument
Degree Languageassociatedwith thesis

degree
Pubnum Publicationnumber

of thedocument
Page Theendof thepage

ti�cation.
Thedocumentheadersaresemi-structured.We observe

that amongtotal 10025 lines from 500 training headers,
themajority (9775lines,97.51%)aresingle-classlinesand
only 250 (2.49%) lines are multi-classlines. Even after
removing the abstractsectionwhich is mostly single-class
lines, multi-classlines still accountfor only 4.98%of all
lines. Classifyingeachline into oneor moreclassesthus
appearsto bemoreef�cient for meta-taggingthanclassify-
ing eachword. Table2 lists the classdistributionsof the
linesfrom the500trainingheaders.

The predictedtagsfor previous andnext lines arealso
goodindicatorsof theclass(es)to whichaline belongs.For
instance,anabstracthasconsecutive linesuninterruptedby
lines of other classes,and title lines usually comebefore
author lines. Making useof suchcontextual information
amonglineswefeelwill increasetheline classi�cationper-
formance.

We proposea third algorithm for processingthe lines
predictedto containchunksof information from multiple
classes.Sinceeachchunkhasconsecutive words,we con-
siderextractingmetadatafrom the multi-classlines asthe
problemof seekingtheoptimalchunkboundaries.Recog-
nition of individual authornameswithin multi-authorlines
canalsobe consideredastheproblemof seekingthe right

1:<title> StochasticInteractionandLinearLogic +L+ </title>
2:<author> Patrick D. Lincoln John C. Mitchell Andre Scedrov
+L+ </author>
3: <abstract> Abstract+L+
4:We presentstochastic interactive semanticsfor prepositional
linear +L+
...
22:<email> jcm@cs.stanford.edu </email> <web>
http://theory.stanford.edu/people/jcm/home.html </web> <af�l-
iation> Departmentof ComputerScience, Stanford University,
</af�liation > <address> Stanford, CA 94305.</address> <note>
Supportedin part +L+
23:byanNSFPYIAward, matching fundsfromDigital Equipment
Corporation, the Pow-ell Foundation, and Xerox Corporation;
andtheWallaceF. andLucille M. DavisFaculty+L+
24:Scholarship.+L+ </note>
25:<email> andre@cis.upenn.edu </email>
<web>http://www.cis.upenn.edu/� andre </web> <af�lia-
tion> Departmentof Mathematics,University of Pennsylvania,
</af�liation > <address> Philadelphia, PA 19104-6395. </ad-
dress> <note> Partially supportedby +L+
26:NSFGrantsCCR-91-02753and CCR-94-00907and by ONR
GrantN00014-92-J-1916.Sce-drov is anAmericanMathematical
SocietyCentennialResearch Fellow. +L+ </note>

Figure 1. Example 1 labeled document header
and metadata. Each line star ts with the line
number .

chunkboundary, in thiscasebetweentheauthornames.For
example,doesthe line “Chungki Lee JamesE. Burns” re-
fer to two authors“Chungki Lee” and “JamesE. Burns,”
two authors“Chungki Lee James”and“E. Burns,” or one
author“ChungkiLeeJamesE. Burns”?

Basedonthestructuralpatternsof thedocumentheaders,
we decomposethe metadataextraction probleminto two
sub-problems– (1) line classi�cationand(2) chunkidenti-
�cation of multi-classandmulti-authorlines.Accurateline
classi�cation is a critical step,sinceit directly affects the
performanceof thechunkidenti�cation module.

3 Metadata Extraction Algorithm

This section describestwo important aspectsof our
work, SVM classi�cationandfeatureextraction.Themeta-
data extraction algorithm is discussedin detail, together
with the correspondingten-fold cross-validation result on
the 500 training headers.Performanceis evaluatedusing
accuracy, precision,recall,andF measure.



Table 2. Class distrib ution among 10025 total
lines from 500 training header

ClassNo. ClassName Number of Lines Percentage
1 Title 832 8.3%
2 Author 724 7.2%
3 Af�liation 1065 10.6%
4 Address 629 6.3%
5 Note 526 5.2%
6 Email 336 3.4%
7 Date 182 1.8%
8 Abstract 5007 50.0%
9 Introduction 326 3.3%
10 Phone 61 0.6%
11 Keyword 142 1.4%
12 Web 38 0.4%
13 Degree 169 1.7%
14 Pubnum 116 1.1%
15 Page 166 1.7%

3.1 Support Vector Machine Classi�cation

SupportVectorMachineis well known for its general-
izationperformanceandability in handlinghighdimension
data.Considera two classclassi�cationproblem.Let

�

( ��� ,
�

� ), ... ,(��� , �

� ) � bea two-classtrainingdataset,with �	�

a trainingfeaturevectorandtheir labels �

��
 (-1, +1). The
SVM attemptsto �nd an optimalseparatinghyperplaneto
maximally separatetwo classesof training samples. The
correspondingdecisionfunction is calleda classi�er. The
kernel function of an SVM is written as ��
������������ andit
canbeaninnerproduct,Gaussian,polynomial,or any other
functionthatobeysMercer'scondition[30, 6].

We choosethe Gaussiankernel for the SVM andbase
ourexperimenton thesoftwareSVM light [11]. We setthe
parametergamma(-g), thespreadof theGaussiankernelas

�����

, andall otherparameterssetby SVM light. We extend
theSVM to multi-classclassi�ersin the “One classversus
all others”approach,i.e., oneclassis positive andthe re-
mainingclassesarenegative.

3.2 FeatureExtraction

Most of the previous work on information extraction
usesword-speci�c featurerepresentations[27, 15, 29]. Re-
centresearchonthetopicsuggeststhatline-speci�c features
alsocouldbeuseful[20].

We make useof bothword andline-speci�c featuresto
representourdata.Eachline is representedby asetof word
andline-speci�c features.

We designa rule-based,context-dependentword clus-
tering methodexplained below for word-speci�c feature

generation,with the rules extractedfrom variousdomain
databasesand text orthographicpropertiesof words (e.g.
capitalization)[26]. Word clusteringmethodsgroupsim-
ilar wordsandusethe clusterasa feature. Distributional
clusteringmethodshave shown signi�cant dimensionality
reductionandaccuracy improvementin text classi�cation
[2, 28, 8]. While distributional clusteringneedsto usela-
beled training data, our rule-basedmethodrelies on the
prior knowledgeembeddedin domaindatabases.

We collect the following databasesto gather apriori
knowledgeof thedomain:

� Standardon-linedictionaryof Linux system
� Bob Baldwin's collection of 8441 �rst namesand

19613lastnames
� Chineselastnames
� USA statenamesandCanadaprovincenames
� USA city names
� Countrynamesfrom theWorld FactBook [1], and
� Monthnamesandtheir abbreviations

Wealsoconstructdomaindatabases,i.e.,wordlists from
training datafor classes:af�liation, address,degree,pub-
num, note, abstract,keyword, introduction, and phone.
Words and bigramsthat appearfrequently in the lines of
eachclassmentionedareselectedto entertheseword lists.
Frequency thresholdingis usedto de�ne the list size[32].
The abstractclassword list containsone word “abstract”
andtheaf�liation classlist containswordsshown in Table3.

We thenclusterwordsandbigramsbasedon theirmem-
bershipin thedomaindatabasesandtheir text orthographic
properties. The words and bigramsin the samecluster
arerepresentedby a commonfeature,which we call word-
speci�c feature. For example,an authorline “Chungki Lee
JamesE. Burns” is representedas“Cap1NonDictWord: :May-
Name::MayName::SingleCap::MayName:”, afterword clus-
tering.

Suchword clusteringshows signi�cant improvementin
our experimentof classifyinglines(detailswill begivenin
anotherpaper). A reasonis that the word clusterstatistics
give a morerobust estimatethanthe original sparseword
statistics[2, 28].

We de�ne the weight of a word-speci�c featureas the
numberof timesthis featureappearsin thesample(line).

The following is the list of line-speci�c featureswe be-
lieveto beusefulfor line classi�cation.In particular, feature
ClinePosis foundto bevery importantin correctclassi�ca-
tion of title lines.

CsenLen Numberof thewordstheline contains.
ClinePos Thepositionof theline, i.e., line number.
CDictWordNumPer The percentageof the dictionarywords in

theline.



CNonDictWordNumPer The percentageof the non-dictionary
wordsin theline.

CCap1DictWordNumPer The percentageof the dictionary
wordswith �rst lettercapitalizedin theline.

CCap1NonDictWordNumPer The percentageof the non-dict
wordswith �rst lettercapitalizedin theline.

CdigitNumPer Thepercentageof thenumbersin theline.

We also have a featurefor representingthe percentage
of the class-speci�cwords in a line. Caf�NumPer is the
percentageof the af�liation words in the line andCaddr-
NumPer, CdateNumPer, CdegreeNumPer, CphoneNumPer,
CpubNumPer, CnoteNumPer, and CpageNumPerare the
percentageof theaddresswords,datewords,degreewords,
phonewords,publicationnumberwords,notewords,and
pagenumberwords,respectively. We assignweight to the
line-speci�c featuresaccordingto their de�nition.

Table 3. Af�liation Class Word List

DF Value Word DF Value Word
325 University 37 Laboratory
221 Department 34 Technology
111 Univ 33 Dept
77 Institute 27 Systems
47 Research 26 School
39 Sciences 26 Center

However, our experimentsshow thatSVM doesn't han-
dle well the casewhendifferentfeatureshave very differ-
ent rangesof values. For example,the feature“CsenLen”
could have a weight of 40, while the line-speci�c feature
CdictWordNumPer weight is over the range[0, 1]. Fea-
tureswith largescalemaydominatethefeatureswith small
weight. Therefore,we usethe ������� to normalizethefea-
ture weight andincreasethe classi�cationperformanceas
shown in thenext section.

3.3 Line Classi�cation Algorithms

Thefollowing is atwo-stepalgorithmfor classifyingtext
lines into a singleclassor multiple classes.The two com-
ponentsareindependentline classi�cationfollowedby con-
textual line classi�cation.

3.3.1 Independentline classi�cation

In the �rst step,featurevectorsaregeneratedbasedon the
featureextraction methodologydescribedin the previous
section. After removing the featureswith datafrequency
values ��� , we get featurevectorswith 1100dimensions
onaveragefor ten-foldcrossvalidation.A featurevectoris
labeledasclass	 if thecorrespondingline containswords
belongingto class	 . Trainingfeaturevectorsetfor class	

Table 4. Word­speci�c feature set

Feature Explanation
:email: usingregularexpressionmatch
:url: usingregularexpressionmatch
:singleCap: a capitalletterlike M or M.
:postcode: suchasPA, MI
:abstract: abstract
:keyword: key word,key words,keyword,keywords
:intro: introduction
:phone: tel, fax, telephone
:month: a word in themonthlist
:prep: at, in, of
:degree: a word or bigramin thedegreedomain

word list
:pubnum: a word or bigramin thepublication

numberdomainword list
:notenum: a word or bigramin thenotedomain

word list
:af�: a word or bigramin theaf�liation

domainword list
:addr: a word or bigramin theaddressdomain

word list
:city: a word or bigramin thecity namelist
:state: a word or bigramin thestatenamelist
:country: a word or bigramin thecountryname

list
:mayName: a word in oneof the3 namelists
:Cap1DictWord: a dictionarywordwith �rst

lettercapitalized
:DictWord: smallcasedictionaryword
:NonDictWord: smallcasenondictionaryword
:Dig[3]: a numberof threedigits
Theword-speci�cfeatureconsiderstext orthographicproperties,
e.g.,BU-cs-93is convertedto :CapWord2-LowerWord2-Digs2:

is generatedby collectingall the featurevectorswith label
	 aspositive samplesandall therestasnegative; thesame
procedureappliesto all classes.Note thata featurevector
couldhave multiple labelsandthuscanbelongto multiple
training featurevectorsets. 15 classi�ers arethentrained
on the 15 labeledfeaturevectorsets. Test lines are clas-
si�ed into oneor more classesif their featurevectorsare
scoredpositive by the correspondingclassi�er. This pro-
cessis calledindependentline classi�cation(alsoshown in
Figure 2), sinceeachline is classi�ed independently.

Table5 lists the ten-fold cross-validationresultson the
trainingdatasetfor theindependentline classi�cationalgo-
rithm. Figure 3 shows the F measureof independentline
classi�cationbeforeandafternormalizationusingten-fold
cross-validationon500trainingheaders.Dueto spacelim-
itations,we arenot ableto reportour resultsfor precision,
recall, andaccuracy. The effect of normalizationis a sig-
ni�cant improvementin performance.Normalizationis es-



Figure 2. Overview of Line Classi�cation
Training Module .

pecially importantin identifying the rare classes,suchas
class5 (note),11 (keywords),and12 (web).Considerclass
5 “note” asan example,the positive notesamplesoccupy
5.3%(53 out of 1001.5averagedfor eachfold of ten-fold
crossvalidation)of all testsamples.Withoutnormalization,
the note classi�er classi�es all testingsamplesinto non-
“note” classes.Thus, the recall for class5 “note” is zero
andthe precisionis in�nite. Normalizationappearsto in-
creasetheimportanceof featuresin theclass“note”, which
thenenhances“note” samplesfor the“note” classi�er.

3.3.2 Iterati vecontextual line classi�cation

The secondstepmakes useof the sequentialinformation
amonglinesdiscussedin section2 to improve theclassi�-
cationof eachline. We encodetheclasslabelsof � lines
beforeandafter the currentline � as binary featuresand
concatenatethemto the featurevectorof line � formedin
stepone,independentline classi�cation. A contextual line
classi�er for eachmetatagis then trainedbasedon these
labeledfeaturevectorswith additionalcontextual informa-
tion. Line featurevectorsfor testingareextendedthesame
way. Their neighborlines' classlabelsarethosepredicted

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
0

0.2

0.4

0.6

0.8

1
Fmeasure 

Unnormalized
Normalized

Figure 3. F measure of the independent line
classi�cation before and after normalization.
X axis ­ class number; Y axis ­ F measure .

by theindependentline classi�er. Testlinesarethenreclas-
si�ed into oneor moreclassesby thecontextual line classi-
�ers. Thiscontextualline classi�cationis repeatedsuchthat
in eachiteration,thefeaturevectorof eachline is extended
by incorporatingthe neighborlines' classlabel informa-
tion predictedin thepreviousiteration.Theprocedurecon-
vergeswhenthepercentageof lineswith new classlabelsis
lower thana threshold.The thresholdvalueis setto 0.7%
in ourexperiments,and � is chosento be5. Ramshaw etal
show the positive effect of a similar iterative algorithmon
transformation-basedlearningfor rule-selection[25].

Thecontextual informationweusefor line classi�cation
is encodedby thebinaryfeatures����� if thepreviousith clos-
estline belongsto classj and � ��� if thenext ith closestline
belongsto classj, with ��� 


� ��� �

� and 	
� 


� ��� ���

� . We
foundthatchoosing����� and � ��� to be0.5/0,insteadof 1/0
achievesbetterline classi�cationperformance,basedonthe
experimenton thetrainingdataset.This is becausetheline
featurevaluesarealreadynormalizedinto therange[0, 1].
Choosingthemidpointof this rangeastheweightfor up to
150 (15� 10) contextual featuresis a type of normalization
andis foundto bemoreeffective.

Figure 4 shows the performanceevaluatedby the F
measurein each round of the iterative contextual line
classi�cation. As expected,the performanceis stabilized
within the �rst 10 iterations. It also shows that the �rst
two roundsare responsiblefor most of the performance
improvement. This behavior suggeststwo iteration steps
can be usedinsteadof waiting for absoluteconvergence.
Table6 lists theresultsachievedfor eachof the15 classes
whenthe iterative procedureconverges.Thesmall sample
sizes of the class – degree, note, phone, keyword, and
publication number– as shown in Table 6 may account
for their poor classi�cation performance. Seymore et al
report the samephenomenonon the class– degree,note
andpublicationnumber– usingHMM model[27].
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Figure 4. F measure in each round of the it­
erative conte xtual line classi�cation. X axis ­
iteration round; Y axis ­ F measure .

3.4 Extract metadatafr om multi­class lines

After classifyingeachline into oneor moreclasses,we
now extract metadatafrom eachmulti-classline basedon
the predictedclasslabels for this line. As discussedthe
metadataextraction task from multi-classlines is turned
into the chunkidenti�cation task. Chunkidenti�cation of
an � -classline is analogousto �nding ���

�

chunkbound-
aries in the line. Punctuationmarksand spacesbetween
wordsarecandidatechunkboundaries.

Table 7 showsthat86%of themulti-classlinesin train-
ing data are two-classlines. We searchfor the optimal
chunkboundarywhich yields themaximumdifferencebe-
tweenthe two chunks. Independentline classi�ersareap-
plied to calculatethedifferencebetweenchunks.

Every punctuationmark and spacecan be a candidate
chunkboundaryfor two-classlines.Weconsideronlypunc-
tuation marks as candidatesif two or more punctuation
marksareusedin the line; otherwisewe try eachpunctu-
ation mark andspace.Assumingthat eachclasshasonly
onechunk in the line, two-classchunk identi�cation is to
�nd theoptimalchunkboundary.

“The OhioStateUniversity, Columbus,OH 43210-1277”is an
exampleof two-classline of af�liation andaddress.Each
commais a candidatechunkboundary.

We call the af�liation classi�er as classi�er 1 and the
addressclassi�er asclassi�er 2. Theclassi�ersweusehere
aretheSVM line classi�erstrainedby single-classlinesof
thetrainingdataset.Weconsidereachchunkasashortline.

De�nitions:

�
� theclassi�cationscoreof chunkP by classi�er 1;

Table 5. Independent line classi�cation per­
formance .

ClassName Precision Recall F measure Accuracy
Title 89.6% 88.9% 89.3% 98.2%

Author 94.2% 89.6% 91.8% 98.8%
Af�liation 93.8% 84.2% 88.7% 97.7%
Address 93.9% 85.1% 89.3% 98.8%

Note 82.3% 45.4% 58.5% 96.6%
Email 97.6% 97.4% 97.5% 99.8%
Date 97.2% 89.4% 93.1% 99.8%

Abstract 96.1% 97.7% 96.9% 96.9%
Introduction 98.8% 96.0% 97.4% 99.8%

Phone 93.8% 69.1% 79.5% 99.8%
Keyword 95.2% 55.2% 69.9% 99.3%

Web 100% 92.8% 96.3% 99.9%
Degree 86.0% 52.8% 65.4% 98.9%
Pubnum 91.7% 71.8% 80.5% 99.6%

Page 100.0% 100.0% 100.0% 100.0%

�

� theclassi�cationscoreof chunkP by classi�er 2;

�
� theclassi�cationscoreof chunkN by classi�er 1;

�

� theclassi�cationscoreof chunkN by classi�er 2;

���

� = � � - �

� ; �

�

� = �

� - � � ;

� �
� = �

� - �
� ; � �

� = �

� - �

� ;

We choosethe optimal chunk boundaryas the punc-
tuation mark or spaceyielding the maximal �

�

�

� �

�

� .
Chunk P is classi�ed into class1 if � �

���

�

, and (1)
� �

�
� � �

�

�

�

or (2) � �
�

� � �

�

�

�

and � � �
�

���

�	�

� 
 � � �
�

� ��� � �

�

� � , class2 otherwise.
This two-classchunkidenti�cation algorithmresultsin

anaccuracy of 75.5%(160out of 212two-classlinesfrom
trainingsamples).Accuracy hereis de�ned asthepercent-
ageof the lineswhosechunkboundariesarecorrectlypre-
dictedversusthe total numberof two-classlines. (This is
thelowerboundaryof theaccuracy.)

Many � -class( �
��
 ) chunk identi�cation tasks

may be simpli�ed to two-classchunk identi�cation tasks.
For instance,usingthe positionsof email andURL in the
line, we may simplify the three-classchunk identi�cation
tasksas two-classchunk identi�cation tasks. The posi-
tion of the email addressin the following three-classline
“ International ComputerScienceInstitute, Berkeley, CA 94704.
email: aberer@icsi.berkeley.edu. Supportedby Schweizerische
Gesellschaft zur Forderungder Informatik und ihrer Anwendun-
gen” is a natural chunk boundarybetweenthe other two
classes.

We areexploringmoregeneralmulti-classchunkidenti-
�cation techniques.



Table 6. Performance (%) of conte xtual line
classi�cation iteration algorithm when con­
verges and the F measure increase than that
of the independent line classi�cation

ClassName Precision Recall F measure Accuracy
(Incr ease)

Title 93.9 95.0 94.5(5.2) 99.1
Author 97.3 91.4 94.2(2.4) 99.2

Af�liation 96.4 90.3 93.3(4.5) 98.6
Address 93.6 86.7 90.0(0.71) 98.8

Note 86.4 65.6 74.6(16.0) 97.6
Email 98.9 94.0 96.4(-1.1) 99.8
Date 97.2 89.5 93.2(0.1) 99.8

Abstract 98.5 99.2 98.8(1.9) 98.8
Introduction 100.0 96.4 98.2(0.8) 99.9

Phone 98.3 62.3 76.2(-3.3) 99.7
Keyword 96.7 79.5 87.2(17.3) 99.7

Web 100.0 92.8 96.3(0.0) 99.9
Degree 91.4 80.5 85.6(20.1) 99.3
Pubnum 97.3 65.5 78.3(-2.2) 99.6

Page 100.0 100.0 100.0(0.0) 100.0

Table 7. The distrib ution of the multi­c lass
lines in 500 training header s

N-Class Number of Lines Percentage
2 212 84.8%
3 33 13.2%
4 4 1.6%
5 1 0.4%

3.5 Recognizeauthors in the multi­author lines

We considerthe authorlines with lessthan4 wordsas
single-authorlines and the author lines with 4 or more
words as multi-author lines. We further de�ne a multi-
authorline wheretheauthorsareseparatedby spacesonly
as space-separated multi-author line. Similarly, a multi-
author line where the authorsare separatedby punctua-
tionmarksis de�nedaspunctuation-separatedmulti-author
line.

We extract a total of 326 multi-author lines from the
training datasetas the datasetfor our experimenton rec-
ognizingauthorsfrom the multi-authorlines. Among the
326 multi-authorlines, 227(69.6%)lines arepunctuation-
separatedand99(30.4%)arespace-separated.Basedon the
differentcharacteristicspunctuation-separatedmulti-author
lines and space-separatedmulti-author lines possess,we
choosethefollowing differentstrategiesfor eithercase.

3.5.1 Chunk identi�cation in punctuation-separated
multi-author lines

As we discussedbefore,to recognizeeachnamefrom the
multi-authorlines is to identify chunkboundariesbetween
authornames. It is obvious that the spacesand punctua-
tion marksbetweenwordsarethecandidatechunkbound-
aries. The problemnow becomesclassifyingeachspace
or punctuationmark as chunkboundaryor not. We con-
sideronly thepunctuationmarkin theline asthecandidate
chunkboundaryif therearetwo or morepunctuationmarks
in the line; otherwise,we examineeachspaceandpunctu-
ation mark. The dictionaryword “and” is consideredasa
punctuationmark. The spacesnext to a punctuationmark
areignored.

We designthefeaturevectorfor eachspaceandpunctu-
ation mark usingboth the raw featuresof the punctuation
mark itself suchas“,” or “&”, andthe contextual features
listedin Table8. We alsoconverteachwordof theline into
a 5-tuple ��� � � � � � � ��� 	 ���

� . Eachelementof the
5-tupleis de�ned asfollows.

� � :
�

if theword is in the�rst namelist,
�

otherwise.

� � :
�

if theword is in thelastnamelist,
�

otherwise.

� :
�

, 
 or
�

, indicatestheword is of oneletter, two letters,
or morethantwo letters,respectively.

� 	 :
�

if theword is capitalized,
�

otherwise.

� :
�

if theword is adictionaryword,
�

otherwise.

We usetheattributesde�ned in theabovetupleto repre-
sentthe contextual feature(8) in Table8 in the converted
format. The motivation is that if the closestword to a
punctuationmark appearsonly on the �rst namelist, or
only on the last namelist, it helpsto classifyif this punc-
tuation mark is the right chunk boundary. For example,
if “LeonidasFegaras,David Maier” satis�es this pattern
“[10010(First name)] [01011(Last name)], [10011(First
name)][00010(Lastname)]”, it will be reasonableto clas-
sify thecommaastheright chunkboundary. However, the
big overlapbetweenthe�rst namelist andthelastnamelist
makessuchfeaturerepresentationof eachword ineffective.

We�nd from thestepwisefeatureselectionthatthedom-
inatingfeaturesin classifyingchunkboundaryarethepunc-
tuationmarksthemselves.Thereforein implementation,we
designsimpleheuristicrulesto makeuseof thepunctuation
marksto extracteachnamefrom thepunctuation-separated
multi-authorline.

Table 9 lists the chunk identi�cation performanceon
punctuation-separatedmulti-authorlines. Theevaluationis
basedonthepercentageof punctuationmarksclassi�edcor-
rectly.



Table 8. Conte xtual features for each can­
didate chunk boundar y in punctuation­
separated multi­author line

No. Feature
1 Thenumberof totalpunctuationmarksof the

samekind in theline
2 Thepositionof this punctuationmark
3 Thenumberof wordsbeforethis punctuationmark
4 Thenumberof wordsafterthis punctuationmark
5 Thenumberof wordsbetweentheprevious

andthecurrentpunctuationmark
6 Thenumberof wordsbetweenthecurrent

andthenext punctuationmark
7 Theratio of thenumberof wordsbeforeandafter

this punctuationmark
8 Thepreviousandnext 5 wordsin converted

featurerepresentation

Table 9. Chunk boundar y identi�cation per­
formance of punctuation­separated multi­
author lines

Accuracy Precision Recall F measure
93.31 82.38 96.65 88.95

3.5.2 Chunk identi�cation in space-separatedmulti-
author lines

Space-separatedmulti-author lines do not have any ex-
plicit information for chunk boundaryrecognition,unlike
punctuation-separatedlines. The valid patternsfor author
namesarethesourceof informationin thiscase.[Mary(Full
Name)] [Y.(NameInitial)], for instance,cannotbe a valid
name.

The algorithm for extracting names from space-
separatedmulti-author lines hasfour steps. Step1, gen-
erateall potentialnamesequencesfor the space-separated
multi-authorlinesbasedon thevalid patternsof namesthat
we de�ne in Table10. Step2, designthefeaturevectorfor
eachpotentialnamesequence.We manuallylabeleachpo-
tentialnamesequenceas

�

or �

�

by checkingeachnamein
this sequencefrom theweb. Step3, train a SVM namese-
quenceclassi�er by thelabeledtrainingsamples.Step4, if
the testspace-separatedmulti-authorline hasonly onepo-
tential namesequence,it is the predictednamesequence.
Otherwise,classify eachof its potentialnamesequences.
The namesequencewith the highestscoreis predictedas
thecorrectnamesequence.

For example,the line “Alan FeketeDavid GuptaVictor

Table 10. The valid patterns of a name . “ � ”­
Full Name; “ ��� ” ­ Full Name with hyphen,
e.g., Jon­he y; “

�

” ­ Name Initial; “ � ” ­ lower
case word

Pattern Class Patterns
1 ����� �
	��
� , ����� �
	�������� �
	��
�

����� � 	 ������� � 	 ������� � 	 �
�

e.g.,Yu-CheeTseng
2 ����� � 	 ����� , ����� � 	 ������� , ����� � 	 ���������

e.g.,Dhabaleswar K. Panda
3 ��� , �����

e.g.,C. L. Giles
4 ������� �
	��
�

5 ����� �

	

�������

e.g.,Th.P. vanderWeide

LuchangcoNancy Lynch Alex Shvartsman”hasthreepo-
tential namesequences(Figure5). We generatethreerea-
sonablesequences,with eachnameseparatedby � . The
“1” and”-1” in front of eachnamesequenceidenti�es the
sequenceas a positive sampleor a negative sample. The
numberat thebeginningof eachsequenceis theclassi�ca-
tion score.The�rst sequenceachievesthehighestscoreand
is predictedcorrectly.

The featurevectordesignedfor eachnamesequenceis
basedon the following features.Let usassume� is a line
that contains� names,�

� , �

� through ��� . For name���

(
���

�

�

� ) that has � � words,we de�ne the following
� ve features.

�"!$#&%('�) * the form of the +-,/. word of 01' , �"!$#$%�'/) * 2

3

�546�
	748�948�:4�!-; . “ ! ” - others.
<

!:�='�) * thepositionof the +
,/. word of 0>' in theline.

�@?
'/) * is equalto A if the +

,/. word of 0
' is only in the�rst name

list, B otherwise.
C

?
'�) * is equalto A if the +

,/. word of 0
' is only in thelastname

list, B otherwise.

?(!$01DFE�G
'/) * is equalto A if the +

,/. wordof 0
' is a non-dictionary

word, B otherwise.

The feature ��H-I

�

��J � hasnon-numericalvaluessuchas
“F”, “I” or “s”. We enumerateeachof thesenamepatterns
andassignthesevaluesastheweightsof thecorresponding
features.

Wegeneratedall thepotentialnamesequencesexpanded
from the 99 space-separatednamesequencesas the name
sequencedataset.We achieve a classi�cation accuracy of
90.9%for ten-foldcrossvalidation. Sincewe pick thepo-
tential sequencewith the highestscorefor eachunknown
namesequence,theaccuracy is theratio of thecorrectpre-
dictionsto thetotalnumberof namesequences,which is 99



Classi�cationScore Classlabel Potentialnamesequences
1.6398636 1 Alan Fekete � David Gupta� Victor Luchangco� Nancy Lynch � Alex Shvartsman
0.8996393 -1 Alan Fekete � David Gupta� Victor LuchangcoNancy � LynchAlex Shvartsman

0.0061073704 -1 Alan Fekete � David GuptaVictor � LuchangcoNancy � LynchAlex Shvartsman

Figure 5. Example of potential name sequences

in this case.
Using SVM supervisedlearning to classify namese-

quenceshelps�nd the implicit regularitiesthat couldhave
beenmissedby themanualinspection.A regularitydiscov-
eredfrom the training datais: hyphenatednamessuchas
Jon-hey arenot likely to bethelastname.

4 Experimental results

Performanceis evaluatedby precision,recall,F measure,
andaccuracy asdescribedbelow.

Overall evaluation: Theoverall word classi�cationac-
curacy for theheaderis thepercentageof theheaderwords
thataretaggedwith thewords' truelabels.

Class-speci�cevaluation: Wede�ne A asthenumberof
truepositivesamplespredictedaspositive,B asthenumber
of truepositivesamplespredictedasnegative,C asthenum-
berof truenegative samplespredictedaspositive andD as
thenumberof truenegative samplespredictedasnegative.
The samplemay refer to the line in the line classi�cation
taskandrefer to theword whenevaluatingthe �nal meta-
dataextractionperformance.

<

#��=G�E � E�!&0��

�

����� �

�=G
	��
���

�
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�
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We apply the metadataextraction method discussed
earlier, with the parameterschosenfrom ten-fold cross-
validationon500trainingheadersand435testheaders.Our
methodachievesanoverall accuracy of 92.9%,betterthan
90.1%reportedby Seymoreet al. Table11 comparesour
methodwith the HMM methodof multi-stateL+D model
from Seymore et al on the classi�cation performancefor
eachclass,excepttwo functionalclasses“introduction” and
“end of page”.However, we areunableto obtaintheclass-
speci�c accuracy methodusedby Seymoreet al at thetime
we submitthis paper. Therefore,we alsolist class-speci�c
precisionandrecallfor moreeffectiveevaluation.

We presentbelow theExample2 documentheaderwith
its truelabels(Figure6) andpredictedlabels(Figure7) by
our metadataextractionalgorithm. We alsopresentthe la-
bels(Figure8) our algorithmpredictedfor the Example1

Table 11. Comparison on the perf ormance(%)
of metadata extraction using HMM and SVM
evaluated based on words. 3 ­ Accurac y; � ­
Precision and 4 ­ Recall

Class HMM(A) SVM(A) SVM(P) SVM(R)
Title 98.3 98.9 94.1 99.1

Author 93.2 99.3 96.1 98.4
Af�liation 89.4 98.1 92.2 95.4
Address 84.1 99.1 94.9 94.5

Note 84.6 95.5 88.9 75.5
Email 86.9 99.6 90.8 92.7
Date 93.0 99.7 84.0 97.5

Abstract 98.4 97.5 91.1 96.6
Phone 94.9 99.9 93.8 91.0

Keyword 98.5 99.2 96.9 81.5
Web 41.7 99.9 79.5 96.9

Degree 81.2 99.5 80.5 62.2
Pubnum 64.2 99.9 92.2 86.3

headershown in Figure1 of section2. Thebold fontsindi-
catethepredictedlabelsdifferentfrom thetruelabels.Both
examplesshow the goodperformanceof our algorithmon
labelingthesingle-classlines,andrecognizingthe individ-
ual authorsfrom themulti-authorlines. Line 6 in Figure7
andline 22 in Figure8 alsoshow thegoodperformanceof
our two-classchunkidenti�cation algorithm.Theonly dif-
ferencebetweenour algorithm's predictionsandthe origi-
nal labelsis line 7. Althoughwecountthisasafalsepredic-
tion (in ourevaluation),theoriginallabelfor thisline “note”
canbeargueditself. Theline containstwo emailaddresses.
Thereforeit couldbelabeledasemailjustaswell. Thiskind
of uncertaintyof labelsis rare,though.Figure8 shows the
direct impactthe line classi�cationhason thechunkiden-
ti�cation performance.Wrongly classifyingthe � ve-class
line 22 in Figure 8 as the four-classline, causesthe fur-
therincorrectchunkidenti�cation. Wronglyclassifyingthe
� ve-classline 25 asa singleclassline “note”, alsodisables
the further chunk identi�cation algorithm. A reasonthat
line 25 is wrongly classi�edassingle-classline, is because
our contextual line classi�cationalgorithmin Section3.3.2
over weighsthe contextual informationof the “note” text
from line 22 to line 26.



1:<title> THE CORALUSERMANUAL +L+
2:A Tutorial Introductionto CORAL+L+ </title>
3:<author> Raghu RamakrishnanPraveen Seshadri Divesh
Srivastava+L+ </author>
4:<author> S.Sudarshan+L+ </author>
5:<af�liation > ComputerSciencesDepartment,+L+
6:University of Wisconsin-Madison,</af�liation ><address> WI
53706,U.S.A.+L+ </address>
7:<note>The authors' e-mail addresses are fraghu,divesh,
praveeng@cs.wisc.edu;sudarsha@research.att.com.+L+</note>

Figure 6. Example 2 document header with
the true labels.

1: chunk(1)- <title> - THE CORALUSERMANUAL
2: chunk(1)- <title> - A Tutorial Introductionto CORAL
3: chunk(1)- <author> - RaghuRamakrishnan
chunk(2)- <author> - PraveenSeshadri
chunk(3)- <author> - DiveshSrivastava
4: chunk(1)- <author> - S.Sudarshan
5: chunk(1)- <af�liation > - ComputerSciencesDepartment,
6: chunk(1)- <af�liation > - University of Wisconsin-Madison
chunk(2)- <address> - WI 53706,U.S.A.
7: chunk(1) - <email> - The authors' e-mail ad-
dresses are fraghu,divesh,praveeng@cs.wisc.edu; sudar-
sha@research.att.com.

Figure 7. Example 2 document header labeled
by SVM metadata extraction algorithm.

5 Discussionand futur e work

This paperdescribesa classi�cation-basedmethodus-
ing SupportVectorMachines(SVM) for metadataextrac-
tion. Theseinitial resultsachieve nominally betterresults
than Hidden Markov Model basedmethods. This occurs
becausewe useapriori information of the structuralpat-
ternof thedata,featureextractionbasedondomainspeci�c
databases,an appropriatenormalizationtechnique,andan
iterative correctionprocedure.In addition,the methodwe
proposefor extracting individual namesfrom a list of au-
thor nameshasgoodperformance.We believe thatour re-
sults indicatea promisingclassi�cation-basedmethodfor
informationextraction.

Thereare someaspectsof our methodthat could still
beimproved.Theline classi�cationperformancelimits the
furthermulti-classline chunkidenti�cation performanceas
shown in Figure8. We will addthefunctionalityto correct
theerrorscausedby theline classi�cationalgorithm.Some
chunkssuchasanintegratednamemaybebrokeninto two

1:chunk(1)- <title> - StochasticInteractionandLinearLogic
2:chunk(1)- <author> - Patrick D. Lincoln
chunk(2)- <author> - JohnC. Mitchell
chunk(3)- <author> - Andre Scedrov
3:chunk(1)- <abstract> - Abstract
4:chunk(1) - <abstract> - We present stochastic interactive
semanticsfor propositionallinear
...
22:chunk(1)- <note> - jcm@cs.stanford.edu
chunk(2)- <web> - http://theory.stanford.edu/people/jcm/home.html)
chunk(3)- <af�liation > - Departmentof ComputerScience, Stan-
ford University
chunk(4)- <address> - Stanford, CA94305.Supported in part
23:chunk(1)- <note> - by an NSFPYI Award , matching funds
from Digital EquipmentCorporation, the Pow-ell Foundation,
andXerox Corporation; andtheWallaceF. andLucille M. Dav is
Faculty
24:chunk(1)- <note> - Scholarship.
25:chunk(1)- <note> - andre@cis.upenn.edu
http://www.cis.upenn.edu/� andre Department of Mathematics,
University of Pennsylvania, Philadelphia, PA 19104-6395.
Partially supportedby
26:chunk(1) - <note> - NSF Grants CCR-91-02 753 and
CCR-94-00907and by ONRGrant N00014-92-J-1916.Scedrov
is anAmericanMathematicalSocietyCentennialResearch Fellow.

Figure 8. Example 1 document header labeled
by SVM metadata extraction algorithm.

linesoccasionally. In this case,themulti-classchunkalgo-
rithm may make the incorrectdecision. We will combine
someof theconsecutivelinesof thesameclassto minimize
the correspondingerrors. Currently we assumeeachline
hasonly onechunkfor eachclass.This is not appropriate
eventhoughit is rarefor a classto havemultiple chunksof
thesameclassin oneline. It is worthwhileto exploremore
generalmulti-classchunkidenti�cation techniques.

In additionto extractingthetaggablemetadatafrom the
headerpartof theresearchpapers,we will apply text sum-
marizationtechniques,suchasZha's[33], to extracttheim-
plicit metadatasubjectanddescription.This will have the
potentialfor generatinga hierarchicalmetadatarepresenta-
tion of thedocument.We alsowill intendto developa ro-
bustandaccuratewrapperfor bibliographiesandto de�ne
andextract metatagsfor metadataaswell asfor equations
and�gures.
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