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Abstract

SciXML is designedo representhe standarcdhierarchicalstructureof scienti c articles
andrepresenta candidatecommondocumentepresentatioframavork for text-mining.
Suchaframework cangreatlyfacilitateinteroperabilityof text-mining tools. However, no
publisheractuallygenerateSciXML. We describeanew framework for inferring SciXML
from a presentationalevel of description,suchas PDF, using generalpurposecompo-
nentssuchasOptical CharacteiRecognitionandexperthand-codedulesandthenusing
supervisednachinelearningto provide the perjournaladaptatiorrequiredfor the differ-
entpublicationstylesembodiedn differentjournals. Adaptationvia supervisednachine
learningcan often be hamperedy the effort involvedin generatinghe necessargold
standardraining material. In our framework, the effort requiredis substantiallyreduced
by a) theinitial processindy experthand-codeduleswhich producesa reasonablé rst
draft” taggingandb) the intuitive natureof the SciXML tagswhich enablesnon-epert

usergo correct rst draftsin afastandef cient manner

1 Introduction

SciXML is designedo representhe standardhi-
erarchicalstructureof scienti ¢ articles. Its latest
incarnation SciXML-CB?, is basedon ananalysis
of XML actuallygeneratedby scienti ¢ publishers
in the elds of ChemistryandBiology (Ruppetal.,
2006). It is a candidatecommondocumentrepre-
sentatiorframeawork for text-mining in these elds.
The interoperabilityof text mining tools could be
greatlyaidedby standardization suchacommon
documentramevork. We advanceour reasongor
using SciXML in section2; but the main focus
of this paperis in demonstratingeffective trans-
lation proceduredor turning presentationallyfor-
mattedtext into SciXML througha combinationof
rule-basec&ndmachindearningtechniquesHand-
codedrule-basedorocessingyeneratesiraft struc-
turesfor documentshataregoodenoughthatnon-
expert users,using the intuitive tags of SciXML,
caneasilyandquickly correcttheminto gold stan-
dard material. This materialcanthenbe usedfor
supervisedearningof a tag correctionprocedure.
The learntprocedurecanthentag new documents
automaticallyand much more accurately Adapt-
ability is thereforeaccomplishedavith thehigherac-

'SciXML is originally described in Teufel
et al. (1999); software  for  SciXML-CB
is available at the FlySlip project website

www.cl.cam.ac.uk/ nk304/Project_Index

curag ratesmadepossibleby supervisedearning;
but also at a relatively low costin termsof effort
and skills necessaryor generatingtraining mate-
rial. We believe that the provision of an effective
computationamechanisnfor generatingSciXML
from otherformatssuchasPDFis a valuableaddi-
tion to thetext-miner'stoolbox.

The system currently uses Optical Character
Recognitiontechnology(OCR)to recoveran XML
encodingof the presentationastructure,followed
by the rule-basednechanisnfor deducinga draft
documentstructure.This is followedby a journal-
speci ¢ setof rulesfor correctingerrorsmadeby
the earlier process. The journal-speci crulesare
learntusing TransformatiorBased_earning.
Thederivationof SciXML from presentationdor-
matssuchasPDFis valuablebecausamary tradi-
tional scienti ¢ publishergemainsomevhatreluc-
tantto embracean openaccesgphilosophyandre-
leaseXML. Onerecentscholarlystudyestimateca
meanof 9% for thefractionof openaccespublish-
ing, from a sampleof 10 biological andsocialsci-
encedisciplinegHajjemetal.,2005). Furthermore,
evenif full text is available,for example,asarchive
material,it is oftenpreseredonly in documenfor-
matssuchasPDFE Much text processingesearch
hasthereforeconcentratedn the (relatively) small
amountof suitablematerialthat is available,such
asMedLineabstracts.

When full-text XML is available, then standard



stylesheetechnologycanbe usedto corvert pub-

lisher “own-brand”XML into SciXML. A number
of conversionroutineshave beendevelopedandare
availablewith the SciXML-CB downloadpackage.
This technologynecessitatea new stylesheefor

eachnew style, usuallyoneper publisher Theuse
of presentationalormatting suchas PDF necessi-
tatesa new setof rules,usuallyoneperjournal;and
it is this overheadthat the use of machinelearn-
ing is designedo overcome.Our objectvesareto

maximize accurag whilst also reducingthe need
for furtherdevelopmenteffort to a minimum.

We report results which shav that the “expert
generated”generalrules for inferring document
structure produce highly variable results, with a

meantag-accurag of 69.8%(resultsfor individual

journalsvary from 54.2%to 87.8%). After per

journal error correction through transformation-
basedlearning(TBL), the meantag-accurag rate
improvesto 84.6%,which is an error reductionof

almost50% andthe rangeof accuraciedor differ-

entjournalsvariesfrom 76.5%to 94.6%.A further

resultshovsthatthe rst stageprocessingtself can

be improved for previously unseenjournals(by a

meanof 10.7%)by simpleuseof TBL uponall the

trainingmaterial.

2  SciXML

Standardsresubjectto a variety of differentpres-
sures. Sometimegheseresultin “lowestcommon
denominator’standardssometimesnly the high-
eststandardwill do. We useSciXML for repre-
sentingthe structureof scienti ¢ articlesfor ser-

eral reasons.Empirically, we have found the tags
to besufcient to identify the majorconstituentof

scienti ¢ articlesin anumberof disciplines(chem-
istry, biology, computationalinguistics). SciXML

is beingeffectively usedin several projects?: Cit-

raz, Scibog, FlySlip. SciXML is usedto provide a
commonAPI into differentpublishersXML DTDs
for all subsequenrtext mining operationsWe have
also usedSciXML tagsin order re-renderscien-
tic articleswith additionalNLP markupinside a
Browser and have found that users nd this re-
renderingperfectly acceptablg(Karamaniset al.,
2007).

SciXML tags include TITLE, AUTHOR, AB-

STRACT, DIV, HEADING, PARAGRAPH, CAP-
TION, FOOTNOTE, THEOREM, TABLE and
FIGURE.Within thesestructuraldivisions,thereis
text which canbe marked up with stylistic tagsfor

italics, bold, superscriptand subscript. Hierarchi-
cal structureis representedolely by the recursve
section(or DIV) elementgachof which may have

%see Acknowledgments for project information

aheadingelement.

3 Description of the System

The rst phaseof processingis OCR performed
over electronicdocumentgin our caseall in PDF
format). We currently use OmniPage Pro 14° to
deliver characterevel information. Somerecent
PDFtext extractiontechnology alsoincludessome
stylistic informationsuchasfont sizeandstyles.
The outputof this phases an XML representation
of thevisualor presentationdhyout. Pagesarethe
top-moststructure followed by zones(thesebeing
reasonabhgraphicallydistinct units suchasa col-
umn of text or perhapsa centredblock containing
theabstract)thenparagraphdjnesandcharacters.
Thestructuresreassociateaith stylisticandposi-
tional information,for example,the font style, size
and co-ordinatesof an individual character The
zonesare simply thosedeliveredthroughthe soft-
warein automaticnode. We useOCR sothattext
which is encodedhroughimagesremainrecover-
able; to ensurerecovery of Greekcharactersand
becausein the nal re-renderingijt is essentiato
includeimageshatwerealsopresentn theoriginal
document.

The secondprocessingstage lters and simpli es
the XML representatiorfor example,by removing
charactefevel xml structuresandre-codingcharac-
ter level style changesusinginline xml tagsrather
thanthroughattributesonthe charactestructure It
alsoattemptso correctcertaincharacteristi©OCR
errorsonzoneboundaries.

The third stageof processings the expert gener
atedgenre-speci ctaggingof the paragraphsThis
is undertalen by a top-down left-to-right traversal
of the zoneand paragraphags. During traversal,
the programcan inspectpropertiesof the current
structureincluding for example,its style, fontsize,
thenumberf linesof text in it, andits textual con-
tents.It canalsostoreinformationfor retrieval dur-
ing subsequemntrocessingFor example,zoneghat
are nearthe top of the pageandat mosttwo lines
long are simply declaredto be pageheaders. A
caption-initialparagraphs detectedhrougha reg-
ular expressionrmatchingthe leftmostsubstringof
aparagraphA subsequenparagraphs declaredo
bea partof the precedingcaptionif theline spacing
remainghesame.

The currentsetof rulesin this stageof processing
representadevelopmenbf therulese? reportedn

3www.nuance.com/omnipage

4See http://www.jpedal.org for one such
PDF text extraction tool under GPL licence that offers
stylistic information

SMany thanks to Bill Hollingsworth for allowing us
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Hollingsworth et al. (2005). In that system,there
was just a single level of processingand a differ-
ent set of expertly tuned rules for eachjournal.
Very goodresultsfor highly tunedrule-setswere
reported(with an F-scoreof 96.8for the best);but
thecostof developmentffort requiredn tuningthe
rule setsis quiteprohibitive.

Ratherthan hand-tuninga completerule-setfor
eachjournal,we decidedto sub-dvide thetagging
into two stages. The rst sub-partcould usethe
“best parts” of the expertly tunedrulesto derive
whatwasexpectedo be areasonablyaccurateni-
tial taggingof the data. This expectationproved
accurate.The taskrequiredan examinationof the
differentexpertly codedrule-setsandan extraction
of themostgenerallysharedpartsof thoserules. A
new secondaggingphasecouldthenbe attempted
and this was intendedto use a machinelearning
paradigmin order to remove the requirementfor
continualdevelopmenteffort for eachnew journal.
TBL waschoserasalik ely effective methodin this

to use his PTX software for interpreting OmniPage XML
outputs

ervironment. TBL hasproven successfuln other
areas,especiallypart of speechtaggingin which
tag-sequencinmformationcanplay arole, but one
alsowantsto take into accounbtherfeaturesf rel-
atively local events(Brill, 1995). TBL alsohasthe
merit of using all available training datafor each
decisionand delivering reasonabljhumanlyinter-
pretableoutputs.

Consequentlywe have a nal fourth stageof pro-
cessingn which a setof journal-speci ctagtrans-
formationsderived by TBL is applied. The trans-
formationsarelearntfrom gold standarcannotated
data. The accurag of the initial taggingis suf-
ciently goodto make this tasknot unduly onerous
(on averagethereare 135 paragraphger article to
re-tag).Furthermoretheannotationtaskcanbeun-
dertalensimply by someonevith anunderstanding
of the tagsratherthan by a programmerattempt-
ing to modify the useof variouscuesfor paragraph
classi cationduringatreetraversal. Thetagsthem-
seles(seebelow) are quite intuitive. In section6
we report gures demonstratinghe succes®f this
stratayy.



4 Humanly Tagging OCR outputs

Although SciXML includes recursve structure
throughthe DIV tag, for our purposeswe com-
pletely atten even this minimal recursve struc-
ture by omitting “DIV” sectionsandtaggingonly
HEADINGsandSUBHEADINGs.DIVs arethere-
fore implicitly de ned as the extents between
HEADINGS (or SUBHEADINGS). We currently
ignore subsubsectionslt is advantageoudo at-
ten the tagsbecause,rst, this makesthe human
generatiorof the gold standardaggingfor a new
journalmuchsimpler A documenbnly consistsof
a sequence®f tags,eachbeingatagover a simple
paragraplof text. No decisionson the extents of
tagshave to betaken. Indeed the hardesidecision
requiredis probably whethera (graphical) para-
graphof ordinarytext actuallycontinuesa linguis-
tic paragraplstartedon a previouspageor column.
This canbe particularly dif cult whenthe graph-
ical paragraplin questionalso begins with a new
sentence. A further advantageis simply that the
re-taggingproblembecomesmenabldgo machine
learningtechniquegor simplesequencingasks.
Owing to the graphically basedoutput of OCR,
the tags also include sometags not included in
SciXML, in particularPATTACH, PAGEHEADER
and PAGEFOOER. PATTACH denotesa graphi-
cally based‘'paragraph”which logically continues
apreviousparagraphln orderto generaté&cixXML,
a sequenceof PATTACH elementsfollowing a
PARAGRAPH elementis collapsedinto a sin-
gle PARAGRAPH element. PAGEHEADER and
PAGEFOO'ER elementscould simply be omitted
fromthe nal SciXML documentalthoughin prac-
tice we keepthe contentsso that, whenpapersare
re-renderedall theoriginal textual contentappears
onthescreen.

5 Experimental Evaluation: Method

Our framework is currently deployed in the con-
text of the FlySlip projectwhich hasgeneratedn
NLP enhancedrowser for scienti ¢ articles for
the FlyBasecurationteam. FlyBaseis the world's
leadinggeneticdatabasdor Drosophila(Drysdale
et al., 2005). In orderto testour framework, we
choses5 journal$ from the“top ten” list of the Fly-
Basecurationteamwatch-listand then randomly
selected?5 articlesfrom thesefor the years2004
and 2005. We passedhe 25 articlesthroughthe
rst two stage®f our system(OCRandinitial sim-
pli cation) andthis generatec8396 paragraphef
text to be classi ed. We then manuallyrecorded
the correctclassi cation for each paragraph(the

SDevelopment Biology, Development, The EMBO
journal, Genetics, Journal of Biological Chemistry

Gold Standard)Thecorrectclassi cationincluded
4 tags not generatedby the rst stagetagging
program: ABSTRACT, ABSTRACT-HEADING,
SUBHEADING andBAD. A paragraphs classi-
ed asBAD if OCR destrgs the real paragraph
structurein a documentby joining areasin dis-
tinct paragraphdogetherin sucha way asto de-
stroy the readingorder of the text. For example,
if doublecolumntext is treatedas single column
text by OCRthenthis is classi ed asBAD, asare
stringsof characterdabelledastext by OCR but
actually extractedfrom insideimagesor tables. If
OCRmerelyoverlooksaparagraplbreakhowever,
thenthisis notclassi edasBAD. Also, aparagraph
is not BAD merelyin virtue of characterecogni-
tion errorswithin it. We also removed anything
appearingwithin the referencessectionfrom our
input documentsas the sectionitself was reliably
detectabldut OCR mademary errorson the para-
graphstructurewithin it.

To carryout TBL, we usedy — T'BL , con gured
with its implementationof the “Brill” algorithm
(Lager,1999).Thealgorithmcalculatesvhich pos-
sibletransformatiorrule reducesheerrorratemost
effectively, addsthis ruleto its orderedrule set,ap-
pliesthis rule to thetraining dataandtheniterates.
Terminationoccurswhen no more effective trans-
formationsare possible. © — T'BL also hastwo
parametersvhich determinehow effective a candi-
daterule hasto bein reducingerrorratesheforeit is
acceptedThescoringthreshold(ST) indicateshow
mary positive instancef a rule are requiredfor
arule to be acceptableandthe accurag threshold
(AccT) indicateswhat proportionof successfute-
taggingsarerequired.100%accurag would mean
that only rulesthat never causea correcttag to be
changedare acceptable.A scoringthresholdof 1
would meanthat even a rule that hasonly onein-
stancean thetrainingdatashouldbe accepted.
Thetrainingdataconsistedf thegold standardan-
notationof eachparagrapltplus the following fea-
tures

fontsize Oneof 5 cateyoriesrangingfrom huge to
tiny, dependingon the fontsizebeingequalor
greatetthanoneof 1700,1200,1000,8000r O
points.

fontstyle One of: italic, bold, bold+italic or un-
styled.

zoneboundary One of 3 categories indicating
whetherthe paragrapherminatesbeginsor is
in themiddleof azone.

pageboundary One of 3 cateyories indicating
whetherthe paragrapherminatesbeginsor is
in themiddle of apage.



indent A binaryvalueindicatingwhetherthepara-
graphis indentedor not

lines Oneof 4 categyories:0, 1, 2 or 3+ indicating
thenumberof linesin the paragraph

The“Brill” algorithmoperatesveraspaceof can-
didaterules for correctingtag assignments.Our
candidaterules consideredrules accordingto the
following templates

ChangdagXtoy ...
1 if theprevious(next) tagis Z

2 if the currentparagraphis a zone(page)bound-
ary

3 if thevalueof the currentfontsize(fontstyle,in-
dent,lines)is Z

4 ary binary (ternary)combinationof theabove

In orderto assesshebene tsof TBL in this envi-
ronment,we rst assessethe “raw” performance
of ourexpertcodedrulesfor eachof our5 journals.
Secondly we ran TBL separatelyon eachof the
journalsandassessetheimprovement(if ary) that
occurredasa resultof TBL. This measureshe ex-
pectedutility of usingjournal speci ¢ retagging.
Sincethe datasetsare smallerfor eachindividual
journal,we used‘leave oneout” crossvalidationin
which, for a datasetof 5 articles,we carriedout 5
separatéestsin eachof which onearticleis treated
astestdataandtheremaindemstrainingdata. The
resultsarethenaveraged.

Finally, we pooledtrainingdatafrom differentjour-
nalsandassessetheimprovement(if ary) thatoc-
curredwhentestingtheresulton datafrom a previ-
ously“unseen”journal. Again, this wascarriedout
using“leave oneout” crossvalidation.

6 Experimental Results

Figure 2 (pre-training)shows the baselineperfor
mancefor eachof our 5 journals(5 articleseach)
with no journal speci c training having beenap-
plied. Themeanacrossall 5 journalsis 69.8%with
astandarddeviation of 12.8,whichis high. ”
Figure 2 (post-training) shovs the performance
achievedafterjournalspeci c traininghasbeenap-
plied at the best performing thresholds(AccT =
0.4; ST = 2). Thus,91.8is the averageaccurag

"These baseline figures are not directly comparable
with figures reported in Hollingsworth et al. (2005) as the
evaluation methodology differs. They use a gold standard
where the extents of text that are tagged (as well as the
tags themselves) may differ from those that the system
delivers

dbio dev emb gen jbc Mean

73.8 61.3 542 720 878 69.8
91.8 833 769 765 946 84.6

pre
post

Figure 2: within-journal pre & posttraining accu-
ragy (AccT=0.4,ST=2)

achievedin 5 “leave oneout” testsfrom 5 articles
in Developmental Biology andrepresents 24.4%
improvementover the baseline. On average,per
formanceshaws an increaseof just over 20%. A
one-tailecpairedt-test(i.e. pairingjournalspreand
post-training)givesa P-valueof 0.009for the null
hypothesisthat training has no effect. The table
alsoshows how the spreadof resultschangesasa
resultof training. Thestandardleviationreducego
9.0. (Inferenceaboutstandardleviationsarealmost
certainlynotreliablein this context MooreandMc-
Cabe(1989))

Varying the thresholdsfor rule acceptancedoes
have an effect althoughnot a terribly strongone.
Figure 3 shawvs datafor a varying scoringthresh-
old, againfor journal-speci ctraining. Requiring
at least2 positive instancedo justify a rule, has
a positive effect; but more than this is somevhat
detrimental.Varyingaccurag thresholdsappeared
not to have a signi cant effect (datanot shawn).
However, at all thresholdsthere was someposi-
tive effect. Furthermore the greatesteffects ap-
ply to the leastwell-performingjournals,although
naturallythereis lessroomfor improvementin the
journalsfor whomthe rst stageprocessinglready
succeedseasonablyvell.

Figure 4 shaws the improvementsresulting from
pooling training data and testingon datafrom a
journalnotincludedin the pooleddata. Theresults
demonstrateéhat a positive effect canbe obtained
for articlesfrom previously unseerjournalsby sim-
ply trainingon all existing datafrom otherjournals.
Interestingly in this scenarionot all thresholdde-
liver improvements.Candidateuleswith lessevi-
dencein training datafrom other journalsareless
likely to generalizewell. Variationsin accurag
thresholdsalsohada greaterimpacton testperfor
mance.

In a further experiment, we also testedthe im-
pactof journalspeci c training,having rst carried
out the generaltraining. Perhapsunsurprisingly
the resultswere nearly identical to the earlierre-
sults obtainedsimply from using a modeltrained
onjournal-speci cdataonly, althoughtherule-sets
thatresultednaturallydifferedsomevhat.

To illustrate the types of rules derived, Figure
5 shaws the rst rules derived for two different
journalsDevelopment and Developmental Biology.



1 2 3 4
dbio | 92.54 91.84 91.8 90.76
dev | 82.72 83.26 83.06 82.04
emb | 7526 76.9 7254 7254
gen | 76.28 76.52 75.18 75.24
joc | 9428 9458 93.32 93.62
All 84.216 84.62 83.18 82.84

Figure 3: within-journal accuraciesat scoring
thresholdsl to 4 (AccT=0.4)

dbio dev emb gen jbc All
1165 142 26 -9.7 -101 0.7
2191 154 60 15 0.3 6.5
3|78 196 70 31 0.9 7.7
4173 306 118 31 09 10.7

Figure4: crossjournal % changesat varying scor
ing thresholdgAccT=0.4)

Column1 shaws the numberof instanceshanged
by therule. Column2 shavstheruleaccurag. Col-
umn3 shavstherule itself usingthesyntax X —Y
IFf:vi@[p] & ..." whichistobereadas:change
tagX to Y if thevalueof featuref; is v; attagpo-
sition p;, andsoforth. Tagposition0 is the current
tag,theprevioustagis -1, thenext tagis +1 andthe
tagpositionis 0, unlessstatedotherwise.
Therulesshaw that,for bothjournals,the rst rule
is to detectsubheadingswhich is a tag not out-
put at all by the rst stageprocessing.In Devel-
opment, the style of subheadingss bold; whereas
indentationis the cue for Developmental Biology.
In fact, subheadingsre italicized in this journal
but this cueis no more effective (possiblylessef-
fective) than that using indentation. In Develop-
ment, the text immediatelyfollowing a subheading
is not indentedand, sincethe subheadingtself is
not punctuationterminated earlier processinchas
incorrectlyclassi ed this text asa PATTACH. This
“feature” becomegart of the cuefor spottingthe
subheadingtself (otherbold items may not be so
followed)andis alsoimmediatelycorrectedoy the
next rule which changesall PATTACH thatfollow
a subheadingnto a P. In both setsof rules, page-
headersare the target of the next rules to apply
for which, in Developmental Biology, fontsizeis a
goodcue.

7 Related Work

The idea of a standarddocumentformat for text-
mining hasbeennotedbefore,for exampleleXML
(Rebholz-Schuhmanat al., 2006). leXML how-
ever only considersstandardizatiorat the level of

sentencestructureand belov. The Geniaproject
hasalsogeneratech documentformat which con-
sists of text excerpts that are extractedfrom the
originaldocumenandthenlinkedbacktoit. In this
way, text canbe minedandmarked up but links to
the original documentmaintained. In addition, if
theoriginal documents updatedthenrequiredup-
datesto the additionalmarkup can be discovered
andmadeef ciently. However, the relationof the
extentof anexcerptto thedocumenstructurds not
altogetherclear Somestructuralinformation may
be availablewithin excerpts(andpossiblynotin a
standardizedormat); for others,one may have to
traverselinks betweenexcerptsand links backto
the repository WhetherSciXML really is an ac-
ceptableAPlI for all text-miners,or whether for ex-
ample,oneshouldalwaysbe preparedo handleall
constructf the multi-facetedNLM archive DTD,
remainsanopenquestion.

Several other researchefforts have consideredhe
problem of Information Extractionfrom text en-
codedin (semi) proprietaryformatssuchas PDF
e.g. Multivalent (2006); Thoma (2001); Mathiak
and Eckstein(2004); Cornegy et al. (2005); Mller
etal. (2004).Thequality of text extractionrequired
naturally dependspartly on the intendedend ap-
plication. For example, if Information Retrieval
(documentselection)is the intention, then it re-
mains an open questionwhetherNLP techniques
can add value to word-basedmetrics (Lewis and
Jones,1996). In sucha case,preservingthe read-
ing orderof thetext andrecoveringdocumenstruc-
ture is not so important. BioRAT is designedfor
researclscientistsvho maynavigatetheirtopic us-
ing extractedfactsonly, or who may revert to the
original sourcewhenaninterestingfactis detected.
Consequentlydocumentstructureis not of great
importancebut readingorderis very importantas
|[E patternsarede ned overit. Forthereasongjiven
earlier we wish to presere readingorderand as
muchdocumenstructureaspossible.

A variety of previous work discusseghe poten-
tial advantage®of using OCR versusPDF text ex-
tractiontechniquesGenerally PDFtext extraction
techniqueshave often beenconsiderecpoor at re-
covering one or more of: foreign characterstext
stylistics, columndetectionin multi-columndocu-
ments,text encodedria graphicsandpositionalin-
formation.However, clearlythisis amoving eld.
A ratherdifferentuseof TBL for documentstruc-
ture determinationwas describedby Curran and
Wong(1999).Here,theinputdocumentsrestruc-
turedHTML andthe outputsare structuredXML.
For example,an HTML renderingof a bibliogra-

Swww-tsujii.is.s.u-tokyo.ac.jp/GENIA/



Rulesfor Developmental Biology

43 1.00 p—subheadindF tag:p@[1]& indent:0

14 1.00 pattach~pageheaddF lines:1& rstfont:small

14 1.00 heading»pageheaddF rstfont:tiny

9 1.00 subheading-pattacHF lines:'3+' & rststyle:u
1.00 p—pageheaddF lines:1& rstfont:small

4 1.00 subheading>p oat IF rststyle:u & rstfont:small

4 1.00 poat—authorlF rstfont:large

4 1.00 p—pattachFlines:'3+' & indent:0

4 1.00 heading—abstractheadint- rstfont:small

Rulefor Development

44 1.00 p—subheadindF tag:pattach@[1& rststyle:bold

33 0.88 pattach—p IF subheading@][-1]

28 1.00 pattach—pageheaddF lines:1

10 1.00 p oat—pageheaddF zoneboundary:left

5 1.00 p—pattachF indent:0& zoneboundary:left

4 1.00 pattach-abstractattach= rststyle:bold

4 1.00 p—abstractF heading@[-1R rststyle:bold

4 1.00 heading—abstractheadint- tag:p oat@[-1]

Figure5: Exampleruleslearntfor two differentjournals(AccT=0.4,ST=2)

phy (in which journaltitles might beitalicized and
volume numbersshown in bold) might be trans-
latedinto suitableXML description.Thealgorithm
begins from a (text) alignmentof exampleHTML
renderingsand correspondingKML structuresand
learnsa generaltranslationalgorithm. Overall, the
schemerepresents very differentscenariownhere
the input and outputtag vocalulariesare actually
disjoint. Furthermoresincethe structuresnay dif-
fer substantiallythis instantiationof TBL requires
not just a re-taggingof existing tags,but insertion
anddeletionof tagsandtheability to handleseveral
tagsbeginning at onetextual point. No evaluation
of taggeraccurag appearso have beenpublished.
However, thisline of researchiepresentenepossi-
ble way to tacklethe overheadnvolvedin generat-
ing new stylesheetd$or converting publisherXML
into SciXML.

8 Conclusions and Further Work

We havedescribedisystenfor generatingsciXML
structuredext from PDFdocumentsSciXML is a
promisingcandidatdor acommondocumenstruc-
ture framework that could aid the interoperability
of text-mining components.The systemincludes
a cascadeof processingn which more and more
domain-speci cprocessings applied. First, fully
generalOCR softwareis usedto obtaina visual or
presentationatlescriptionof the document. Sub-
sequently a hand-codedset of rules designedfor
the genreof interest(here,scienti c articlesin bi-
ology) is deplgyed. Finally, in orderto modify
systembehaiour for the varying styles of differ-

ent journalswithin a genre,we use a supervised
learningtechnique transformatiorbasedearning,
to derive a journal speci ¢ setof rules. The lat-
ter stageof processinghasproven highly effective
at correctingerrorsfrom the previous stageswith-
out requiringa prohibitive costof experttuning or
training data collection. The judicious use of a
markup(SciXML) that containseasily understood
tagsandof anexpertcodedrule-sethatcanprovide
areasonablerst drafttaggingenablesan effective
adaptatiorstrateyy for previously unseerdocument
styles.

There are a variety of possibleextensionsto our
work. Our currentdependencen OCRis clearly
onewe would like to remove. OCR s not always
perfectalthoughit is not entirely clearto us how
much performancewvould improve if it were. Re-
display of a documentscannedy imperfectOCR
would clearly be directly impactedby quality of
OCR.However, structuredeterminatiorcanalsobe
affected. For example,OCR cansometimegletect
anextremelylargenumberof verysmallparagraphs
eventhough.tothehumaneye,thereis justone.Al-
thoughthe PATTACH tagdiscusseébove provides
a meanto reconstructhe text, and generally this
mechanisnsucceedshe numberof these“correc-
tions” may have effectselsavhereduring training.
Thecorrectionof “bad” materialcouldundoubtedly
beimprovedandprobablyoughtto behandledorior
to structuredetermination.

One attractve possibility is to usethe stylistic in-
formationthatis now availablefrom PDF text ex-
tractorsin orderto generateSciXML.



We arealsointerestedn whethemwe candetectnat-
ural sub-classesamongstjournals within our do-

main and whetherwe could reasonablyreliably
classify unseenarticlesinto thosestyles. Again,

by doing this we might be able to improve over-

all performanceon new styles;andalsotherebyre-

duceevenfurtherthe amountof training thatusers
have to perform. We are of courseawarethat the
“onejournal-onestyle” rubricthatwe have adopted
is only a temporaryworking hypothesis. Jour

nal styleschangeover time. Furthermore,some
articles, such as review articles often exhibit a
markedly differentstylefrom standargublications
of researchiesults.
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