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Abstract

The understandingand modelling of biological
systemsrelies on the availability of numerical
valuesfor physicalandchemicalpropertiesof bi-
ological macromolecules. Kinetic parameters,
rateconstants,speci�cities andhalf-lifes areex-
amplesof thoseproperties.This datais mostly
publishedin free text form in scienti�c journals,
which is unsatisfactoryfor theautomaticsearch
andretrieval of speci�c information.No individ-
ual nor a groupis ableto keepup with thehuge
amountof input comingfrom new andold pub-
lications. The gatheringof documentsrelevant
to kineticmodellingandtheextractionof needed
datahasto besupportedby automatedprocesses.
This work describes�rst stepstowardsthe au-
tomaticrecognitionandextractionof kinetic pa-
rametersfrom full text articles. We describethe
processingof full text publicationsby text min-
ing methodsto classifythe texts regardingtheir
relevanceto kinetic modelling. Using support
vectormachinesasclassi�cationbasis,we were
ableto improvetheprecisionof theprocessby a
factorof 2.5comparedto akeyword-basedselec-
tion of articles.

1 Moti vation
Theemerging �eld of systemsbiology aimsat understand-
ing andmodellingbiologicalsystemsatthemolecularlevel
[Kitano, 2002]. In contrastto previous approaches,sys-
temsbiologyaimsatquantitatively modellingandsimulat-
ing complex biological processescomprisedof thousands
of chemicalcomponentsandreactions.Therefore,onehas
to gain a very deepunderstandingof structure,dynamics,
control, anddesignof thesesystems.Insight into the dy-
namicsof a systemaimsat the constructionandusageof
modelsfor furtherstudiesandanalysis.

For a biochemicalreactionsystemit is practiceto use
a setof ordinary differential equations(ODEs)to describe
thechangesin theconcentrationof a biochemicalspecies.
Therateof a reactionis a functionof theconcentrationsof
the substratesandproductsof the reactionandof param-
eters. Theseparametersmay be the concentrationsof ef-
fectorsaswell askinetic constants.Theactualexpression
for a rate dependson the experimentalknowledgeabout
thekinetic characterizationof a reactionand,partially, on

the modelling purpose. Typical expressionsfor reaction
ratesaredifferentforms(e.g. reversibleor irreversible)of
linearkinetics,Michaelis-Menten-kinetics,orHill -kinetics.
For thequantitativemodellingof biochemicalreactionnet-
worksit is importantto know thevaluesof thevariouspa-
rametersand to know to which kinetic type they belong.
Whereasmostreactionnetworksarewell describedquali-
tatively, detailedquantitativecharacteristicsaremissing.

Thekinetic modellingof biologicalsystemsdependson
setsof differentkineticdataandvaluesmeasuredin labori-
ousandexpensive experiments.Suchdatais continuously
publishedin thousandsof scienti�c articlesthatcanhardly
be overlooked by individuals. However, to build a con-
cretemodel,e.g.for acertainmetabolicpathwayof agiven
species,oneneedsonly a selectedsubsetof kineticparam-
eterswhich is very likely to befoundin only a few papers
- but �nding thoseis a challenge.To build up a modelone
hasto gather, sortout,read,andunderstanda largenumber
of publications.

Our project aims at the generationof a databasecon-
taining the exact information for a multitude of species,
focusingon Saccharomycescerevisiae. Manual retrieval
andinspectionled to unsatisfactoryresultsregardingtime
andprecisionof the method,aslessthan20% of the arti-
clesfoundby a simpletext searchperformedwith a setof
characteristickeywordscontainedrelevantinformation.To
achieveacomprehensivedatasetin anef�cient manner, we
developedmethodsfor thesemi-automaticrecognitionand
extractionof kinetic datafrom full text articles.Theprob-
lem wasdivided into two separatesteps,i.e., the retrieval
of publicationsrelevant to kinetic modelling and the ex-
tractionof concreteparameters.In this paperwe give �rst
resultsfor the information retrieval steponly. Its goal is
to identify appropriatedocumentsin a givencollectionby
usingtext mining methods.To this end,we implemented
andtesteddifferentmethodsfor naturallanguageprocess-
ing, text processing,andtext classi�cation. A numberof
combinationswereevaluatedwith respectto their individ-
ual strengthandthe overall performanceof the classi�ca-
tion process.Our �rst experiencesareencouragingandal-
readyresultedin a drasticreductionof the manualwork
necessaryto �lter out irrelevantdocuments.

2 Methods
Prior to this project, publicationswere gatheredby key-
word basedqueriesusing the PubMed [Wheeler et al.,
2003] interfaceto MEDLINE with a subsequentmanual
inspectionof eachindividual article. As a �rst step to-
wardsautomatictext classi�cation,we implementeda tool
for randomizedaccessof articlescontainedin a given set



of online journalsfocusing,at least in parts,on the top-
ics of kinetic modelling. From the full set, candidate
articles were selectedby using a keyword search. The
keywordsconsistedof namesand identi�ers of constants
(suchas'Michaelis-Menten'or 'Km') andwordsdescrib-
ing functions('degradation', 'activation') or components
('enzyme').

Usingthis method,we gathereda collectionof 4582pa-
persof which 797containedat leastoneof thegivenkey-
words. Readingeachof these797papersover a periodof
several months,we found that only 155 of themactually
containedappropriatekinetic data,leaving 642which had
to bereadbut revealednousefulinformationwhatsoever.

We aimedat improving this processthroughtext min-
ing methods.We took the setof 797 manuallyannotated
publications(eitherpositiveor negative, dependingontheir
relevance)to train andtestdifferenttext mining methods.
First,we �x edthreedatasetsfor training,testing,and�nal
validation, consistingof 400, 200, and 197 publications,
respectively.

The processingof the storeddocuments(full-text arti-
clesin PDF-format)includedtheconversionfrom PDFto
plainasciitext asa �rst pre-processingstep(PDFTOTEXT
[Noonburg, 1996]). Tokenizationtriesto identify thecom-
ponentsof texts, i.e. singlewords. Word boundarieshave
to bede�ned, like white spaces,punctuation,bracketsand
so on. The �nal lemmatizingof eachword is achieved
using the Part-of-Speech-TaggerTREETAGGER [Schmid,
1994]. A furtherreductioncouldbeobtainedby predicting
the stem(or root) of eachword, wherehomographsoften
would result in the samestem,loosingsemanticinforma-
tion.

In orderto get to a comparablerepresentationof differ-
entdocuments,we chosethevectorspacemodelapproach
[Salton,1983]. A �x ed featurevector is chosenby tak-
ing into accountall termscontainedin thedocumentbase.
The dimensionof the featurevector is determinedby the
numberof terms. An instanceof this vector is usedfor
therepresentationof eachdocument,whereweightedterm
frequenciesarestoredasits coordinates(seebelow). Two
differenttextswouldresultin two uniquevectorrepresenta-
tions,whereasimilarity measurecanbede�nedveryeasily
on.

Theperformanceof any text classi�er stronglydepends
on the selectionof an appropriateand �x ed featurevec-
tor usedfor the representationof all documents.As we
found the 600 articles from the training and test set to
containmorethan100.000differentterms,we decidedon
two additional stepsto identify the terms which would
be most suitable at discriminating relevant from irrele-
vant articles. First of all, we excluded all words with
only one appearancein the documentcollection. This
led to a vector size of 66.616 words. This particulary
removed many arti�cial terms generatederroneouslyby
the PDF-to-text-converter. To copewith the problemof
over�tting, wheretwo classesareseparabletoo easilybe-
causeof the high dimensionalityof the underlying fea-
turevector, we appliedStudent's t-statistic[Gosset,1908;
EwensandGrant,2001] to rankandselectthemostconve-
nientterms:
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The t-valuesfor eachterm occurringin both the posi-
tive andthe negative training setstatetheir ability to dis-

word t-value word t-value
Km 8.91 taining 5.14
half-life 8.66 Michaelis-Menten 5.13
Vmax 7.95 Lineweaver-Burk 5.09
turnover 6.75 Degradation 4.86
enzyme 5.85 7-fold 4.86
activity 5.26 Vmax/Km 4.79
radation 5.24 degrade 4.68
di- 5.18 enzymatic 4.65

Table1: The 16 wordswith the highestt-values.The list
coincideswell with what a expert userwould useaskey-
words,exceptfor the terms'radation',' taining', and'di-',
whichareprobablyartifactsof thePDFconverter.

Figure1: Distributionof thet-valuesfrom all 66.616single
words.

criminatebothclasses.Table1 containsthe16 wordswith
thehighestt-value,andFigure1 plotsthedistribution of t-
values.Thereis a remarkablyrapiddropof t-valuesin the
�rst � 2000 words, from whereon the remaining64.000
have a relatively constant,yet very small t-value. This
rangefor instancecontainscommonstop words suchas
'and' (rank 40.395,t-value 0.5) or ' the' (rank 64.600,t-
value0.1). Thosewordsareconsideredunappropriatefor
documentdiscrimination.

The word vectorusedfor documentrepresentationwas
sortedby descendingt-values, facilitating the reduction
of dimensionsby simply truncatingthe list after a certain
numberof wordsor a cut-off valuefor their t-values,both
beingparameterizable.

For eachdocumentin thetrainingsetof 400articles,we
calculatedthe weightsfor eachterm in the �x ed feature
vector. For the local weight,thetermfrequencywasused.
Therelativemeasurefor theglobalweightingof termswas
computedastheinversedocumentfrequency:

tf � idf = (1 + log(tf t;d )) � log(N=df t );

wheretf t;d is thefrequency a termt in documentd, df t is
the numberof documentscontainingt, andN is the total
numberof documents.

The resultingtf�idf -valueswhereusedto train the Sup-
port VectorMachine[Vapnik,1995] SVMlig ht [Joachims,
1998].

In orderto �nd thebestsetof parametersfor theSupport
VectorMachine,an optimizationstepwasnecessary. The
aim wasto improve precisionandrecall. Severalparame-
terscanbeoptimized.Thevectorlengthis oneof these.We



Figure2: Documentretrieval, classi�cation,andvalidation.

variedthis parameterfrom length50 to length400in steps
of 50 wordsandfrom 400 to 1000in stepsof 100words.
Furthermore,we experimentedwith bothlinearkerneland
polynomialkernelsfrom degreetwo andthree.Finally, dif-
ferentvaluesfor two kernelparameters,thec-valueandthe
j-value,wereinvestigated.Thec-valuepenalizesmisclas-
si�cations. It is thepre-factorof the sumof the distances
from themisclassi�cationsto thehyperplane.The j-value
canbeusedto applydifferentweightsfor thepenaltiesfor
positive andnegative examples.While searchingtheopti-
malvaluesfor all theseparameters,SVMlig ht wasrunover
8000timeswith differentsettings.

Theoverallapproachis shown graphicallyin Figure2.

3 Results

We trainedthe supportvectormachineusing the training
setandoptimizedtheparametersusingthetestset.For ev-
ery combinationof kernel,kernelparameters,andfeature
vectorlength,a new modelwaslearnedandprecisionand
recallcalculatedon thetestset.Thebestresultsfor thelin-
earkernelcouldbeobservedwith afeaturevectorlengthof
400words,andvaluesfor c andj being0:1 and1, respec-
tively (Figure 3.a-c). Polynomialkernels(degrees2 and
3) achievedtheir bestclassi�cationsin a 150-dimensional
vectorspace,seetable2.

Kernel,deg c, j dim Precision,Recall
linear 0.1,1 400 100%,63.16%
polyn.,2 0.1,0.8 150 100%,52.63%
polyn.,3 0.0003,3 150 100%,39.47%

Table2: Precisionandrecallfor differentkernelsandvari-
ousparametersettings.deg: degreeof thepolynomialker-
nel. dim: dimensionof theword vector, i.e. thenumberof
words.

The�gures re�ect theresultsof classifyingthetestsetof
200articles.Whenevaluatingourmethodusingthevalida-
tion set(never touchedor lookedat before),precisionand
recalldegradedconsiderably. Precisiondegradedto 50.0%,
while therecallreached30.77%.Theaccuracy onthisdata
setwas80.20%. Despitetheselow �gures, the text clas-
si�cation methodpromisesto be a considerableadvance
sincethe numberof super�uously readpapersdecreases
by a factorof 2.5 comparedto thesimplekeyword search
mechanism.However, this improvementhasto be further
veri�ed sincethe currentresultsareobtainedon a biased
dataset,whereall documentscontainat leastof a list of
certainkeywords.

Figure3: PrecisionandRecallplottedagainstvaryingword
vectorsize(a)andkernelparametersc (b) andj (c).



4 Discussion
Recently, text mining hasattractedgreatattentionin the
biomedical researchcommunity. Several studiesfound
theseapproachesto behelpful in assistinginformationex-
tractionandknowledgediscovery (seee.g. [Rind�esch et
al., 1999] and[Blaschke et al., 1999]). However, mostof
thesestudiestry to classifytextsfor describinggenesor the
functionof geneproducts,which is quitea differentprob-
lem. We arenot awareof any otherattemptsto apply text
mining for the detectionandextractionof parametersfor
kineticmodelling.

Our goal in this project is the building of a database
holding kinetic datafor variousspecies.Onecomparable
databaseavailableis BRENDA [Schomburg et al., 2002],
which is manuallycuratedand provides too few dataon
only a small setof species.Especially, dataon yeasten-
zymesis includedonly to averylow extent.Onacomplete
dataset,modelscanbedesignedandthenrepresentedand
exchangedusing the SystemsBiology Markup Language
(SMBL) [Huckaet al., 2003].

Despitethe low �gures for recall andprecision,our re-
sultsareencouraginggiven our particularapplication. In
our currentprojectphase,a low recall is not asdramatic
as it may appear, asthereis currently little hopeto catch
all relevanttexts. Much moreimportantis theprecisionof
the process,asit determinesthe amountof time a human
readerhasto wasteon irrelevantdocuments.Our classi�er
enhancesthe precisionby a factorof 2.5 comparedto the
simplekeyword selectionmethod,saving monthsof work
for thebiologists.

However, comparedto otherstudiesin text mining for
biomedicalapplications,our �gures for recall and preci-
sionbothfor thetestandthevalidationsetaresurprisingly
low. This maybeexplainedby differentreasonswhich we
arecurrentlyinvestigating.Onepossiblereasonis the in-
formationcontentof texts on systemsbiology itself. Such
publicationsare more diversethan in other �elds, as ki-
netic modelling parameterscan appearin very different
typesof work which aredif�cult to characterizeuniformly
(e.g. paperson reactionsof a particularenzymes,large-
scaleanalysisof metabolismof a species,characterization
of molecularreasonsfor diseases,etc.). Furthermore,ki-
neticdatais notonly presentedin continuoustext, but very
often in tablesand�gures which arehardto translateand
hardto capturefor parsers.Additionally, we arenot inter-
estedin papersdealingwith theoreticalaspectsof kinetic
modelling,wherethe relevant termmight alsoappear, but
without thecorrespondingnumericalvalues.Furthermore,
kinetic modellingcanbe pursuedusinga numberof dif-
ferentmodellingtechniqueswhich resultin differenttypes
of reactionsanddifferenttypical abbreviationsof parame-
ters. Our currentclassi�er seemsto only capturethemost
prominenttypeof model,i.e. theMichaelis-MentenKinet-
ics.

Anotherreasoncould lie in the speci�c techniquesand
tools we used. We found problemsin several areas.One
problemwhich exists with many pdf-to-text convertersis
an erroneousrecognitionand incorrect concatenationof
multi-columntext, which is averycommonformatfor sci-
enti�c publications. In somerelevant documentsusedin
the training set, problemsoccurredwith hyphenationsof
thesame(or a similar) word. This probablygeneratedand
leadto anapparentlyhigh t-valuefor wordslike 'radation',
'di-' or ' taining', asshown in table1.

A further factor is the reductionof the word vectordi-

mensionby taking into accountonly the lemmaof each
word. An appropriatealgorithm hasto be found to pre-
dict the lemmato a word with a high reliability. Finding
theright lemmastronglydependsoncorrectlytaggingsen-
tencesfor analysis. Problemsoccurr when dealingwith
texts containingmany unusualpropernouns,suchaspro-
tein names. Most lemmatizerswheretrainedon popular
corpora(e.g. from news paperarticles),and not on do-
mainspeci�c corpora.New word inventions,shortenings,
andcompoundings,a verycommonphenomenain life sci-
encepublications,leadto further dif�culties. The TREE-
TAGGER usedfor tokenizationandlemmatizingproduced
reasonableresultsin mostcases,but haddif�culties with
namesof chemicalsubstratescontainingbracketsandhy-
phens.

Relatedwork
SVM-basedapproachesto informationgatheringin life sci-
enceshasbeenamajortopicof recentresearchin text min-
ing. [Stapley et al., 2002] dealswith thepredictionof sub-
cellular protein locationsfrom literature. Eachprotein is
representedby a term vectorcomposedof a setof docu-
mentsrelevantto thisprotein.A sub-cellularlocationclass
is now describedusing the term vectorsfor the proteins
presentat this speci�c location, and binary classi�cation
modelsfor 11 classesarelearnedusinga SVM. At low re-
call levelsfor arandomclassi�er, theprecisionis veryhigh
(� 50%),but dropssigni�cantly for mostof theclassesfor
higherlevels.

New and speci�c kernelshave beendesignedas well,
to de�ne similarity measuresfor vector representations
adoptedto variousproblems.A methodof classi�ying pro-
teins into families by homologydetectionwas presented
by [Leslie et al., 2002] usinga spectrumkernel. ROC50
scoreplots (areaunderthe receiver operatingcharacteris-
tic curve,up to the�rst 50 falsepositives)showedthatfor
mostof 33proteinfamilies,thescoreis lessthan0.4.

The predictionof signalpeptidecleavagesitesusinga
stringkernelis discussedin [Vert, 2002]. For 3% of false
positives,themethodretrievedanaverageof 68%truepos-
itives,comparedto 46%invokinga weightmatrixmethod.

[Donaldsonet al., 2003] apply SVMs to the discovery
of abstractsdescribingprotein-proteininteractions.Using
a SVM with a decisionboundaryof zero,presicionandre-
call wherebothfoundto beat92%,whereasanä�veBayes
classi�er only reached87%.

Note that mostattemptsignorethe full text of publica-
tionsbut considertheirabstractsonly. For some�elds, this
might be suf�cient as enoughinformation is provided in
theabstracts.Otherproblemscanpossiblyonly besolved
looking into the full texts, asis the casewith kinetic data
andmodels.

Futur ework
Our main questionat the momentis to �nd an explana-
tion for the drasticreductionin precisionandrecall from
the testto the validationset. It surely is an indicationfor
over�tting. Remarkably, however, smallerfeaturevectors,
i.e. consistingof lesswordstakeninto accountfor thetext
classi�cation,resultedin a dropof precisionandrecall as
well. We arelooking forwardto theresultsof a leave-one-
out validation test, which will show the variancesof our
method.

We are approachingthis problemfrom two directions.
First, we are implementinga leave-one-outvalidation to



testthedependency of themodelfrom thespeci�c collec-
tions for training and test. Second,we will apply cross-
validationfor theparameteroptimization.The�nal choices
for thec- andj-valuesandthefeaturevectorlengthworked
bestfor the given datasetsizes. We have no understand-
ing yet of how robust theseparametersarewith respectto
changingdatasets.Thesizeof thedatasetitself will bea
subjectof variationin thefurtherproject.

Furthermore,we are investigatingdifferent classi�ca-
tion methods. First, we shall test SVM using other ker-
nel functions,suchas a radial basisor a sigmoid kernel.
Additionally, we areimplementingandoptimizinga nä�ve
Bayesclassi�er to be able to compareSVMs with other
approachesto documentclassi�cation. It is anopenques-
tion whetherspeci�c classi�cationalgorithmswould work
differentiallywell in differentdomains.To studythisques-
tion in asystematicfashion,wework towardsasoftwareli-
braryof algorithmsfor classi�cationwhichwill eventually
enableusto quickly prototypetext miningapplications.

Anotherpoint is thepossibleweightingof termsspeci�c
to the �eld (in this context, commonkeywords from ki-
neticmodellingdata),eithermanuallyor automatically, to
improvetheclassi�erspredictions.

As the annotateddocumentsaccumulate,we further-
morehopeto improvetheperformanceandaccuracy of the
model learnedby the differentclassi�ers by sheerexten-
sionof thesizeof thetrainingdata.
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