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We presenta representatiormodelfor the contentof

medicaldocumentgjournal articles and the patient's

recod) that allows the extraction of critical relation-
ship information from online texts and tabular data.
Our modelrelieson a list of attributeswith associ-
atedvaluesthat are dynamicallydeterminedisingan

efficient finite-stategrammarand an automaticterm
verifier Extractedrelationshipsare partitionedin dif-

ferentsubsetaccoidingto the particular groupof pa-

tientsthey referto, thusenablingtheretrieval of multi-

topicdocumentsindthetargetedselectiorandpresen-
tation of a portion of a documens information. e

presentresultsfroma systenmimplementinghis repre-

sentatiormodeland contrastour approach with tradi-

tional informationretrieval andinformationextraction
techniques.

INTRODUCTION

The rapid expansionof online informationin the past
few yearshasbroughtabouta correspondingncrease
in the amountof medical contentavailable through
the Internet. A numberof medicaljournals(e.g.,the

AmericanHeartJournal)make articlesavailableelec-
tronically, eitheron a subscribetbasisor to the pub-

lic atlarge;governmentprofessionahssociationsgnd

privateconcernsnaintainonlinerepositoriegof vary-

ing quality) of medicalinformationtargetedto health
carepersonnelln addition,hospitaldrequentlymain-

tain their own electronicdatabase®f patientinfor-

mation, accessibleover the network to health care
providerspracticingthere.

This wealth of online information has meant that

physiciansieedto spendanincreasingamountof time

browsingonlineinformationin orderto keepinformed
of developmentsn their field. In addition,physicians
may useonline searcheso seekspecificinformation
applyingto a particularpatientundertheir care. This

is frequentlythe only viable meandor locatinginfor-

mation outsidea persons speciality; for example,a

cardiacanesthesiologishay regularly follow the five

journals specializingin this area, but cannotbe ex-

pectedo trackpaperdrom all of the60journalsin car

diology, the40journalsin cardiothoracisumgery, and,
evenless,the morethan1,000journalsin the broader
field of internal medicine. It is not uncommonfor

physiciansn training (residentsandinterns)to spend
severalhoursperdaybrowsingonlinesources.

Yet, current information retrieval and presentation
technologydoesnot provide the level of targetedin-
formationselectionthatwould be mosthelpful during
thesesearchesResponset® queriesn asearckengine
suchasMEDLINE [10] containextraneousarticlesthat
arenottruly relevant(falsepositives),andmisssereral
of the articlesthatarerelevant. More importantly the
granularityof theresponsess too coarse:At best,the
physicianis presentedvith seseralpotentiallyrelevant
articles,andhasto readthroughthemto find the parts
thatapplyto his or hercurrentpatient. The presenta-
tion of resultsat the article level makesthe collation
and summarizatiorof relatedinformation (for exam-
ple,experimentalesultsoncomparablgatientshard.
In this paperwe present new modelfor representing
theinformationfrom anonline source beit anarticle
in a medicaljournal or a laboratoryreportin an on-
line clinical informationsystem.Ratherthanabstract-
ing the contentof anonlinedocumenthroughallist of
frequentkeywords, as traditional searchenginesand
text matchingalgorithmsdo, we representontentas
alist of patient-specificiedicallyinformedattributes
with associatedvalues For example,an article may
broadlyreferto two patientpopulationssharingsome
commoncharacteristicand distinguishedon others;
thesecharacteristiceanrepresentlemographicspre-
existing medicalconditions,laboratoryresults,treat-
ments,etc. We elaborateon the conceptof attribute-
value lists and argue for their superiorityas a repre-
sentationmodelin the next section,contrastingwith
the word vector model usedin relatedwork. Then,
we presenta fully implementedsystemfor construct-
ing thesdists out of textualandtahular data,andshown
how the lists canbe partitionedto correspondo mul-
tiple patientpopulationsdiscussedn the samedocu-
ment. Resultsfrom our systemare presentedandwe
concludeby discussinga numberof relatedissueghat
arethefocusof our currentresearch.

THE ATTRIB UTE-VALUE
REPRESENTATION

Traditional information retrieval (IR) enginesindex
documentdy representinghemas a vector of word



frequenciesnodifiedby the overallrarity of eachword
in the domain or the languageat large (rare words
count more towards a match; very commonwords
are completelyfiltered out using a stoplist). This
TF*IDF (total frequeng/inversedocumenfrequeng)
approach[13, 3] offers a numberof generaladwan-
tages:it automaticallyfocuseson the mostimportant
wordsin the document;it canbe appliedin ary do-
mainandcanberetrainedon a new collectionfrom a
specificdomainto automaticallyadaptherarity (IDF)
factors;andit requiresminimal analysisof the doc-
uments,typically limited to word stemmingand nor-
malizationof capitalization.Yet, whenappliedto the
medicaldomainthelR approactsufiersfrom two ma-
jor drawvbacks:

e Becausgheindexing is doneonaword-by-wordba-
sis,commonwordsthataresignificantin a particu-
lar context areignored.This hasbeenrecognizeds
a problemin the informationretrieval community
and solutionshave beenproposedo capturepairs
(or longersequencex)f fixedwordssuchastechni-
cal terms[14]. In this manney “heartfailure” will
be assignedi higherweightasa singleentity rather
thanrelying on matchingthe individual (ratherfre-
quent)words“heart” and“failure”. While this ex-
tensionto the word vector approachmay be ade-
quatefor suchcollocationsandtechnicalterms, it
still fails to capturea large numberof word combi-
nationswhereary membermnf anopensetof expres-
sions(e.g.,anumber)s employed. For example the
phrase‘blood pressurdessthan90” could be cru-
cial in selectingor rejectinga documenif it speci-
fiesamandatoryinclusionor exclusioncriterionfor
a study; but information retrieval systemswill, at
best,only recognizeanduse“blood pressure’from
theabove expression.

e Since matchingand retrieval is performedat the
documentevel, adocumenthatcontainsa partrel-
evantto a querybut is mostly aboutsomethingelse
is likely to beomittedfrom theresults.Thisis apar
ticular problemif adocumentefersto multipletop-
ics (e.g., multiple disjoint patientpopulationswith
differentdefiningcharacteristics)Not only is arel-
evantportion of a documentikely to be ignoredif
it doesnot represena significantpartof the overall
documentput theoutputof IR systemslsopresents
theretrieved documentsn their entirety Thus,the
userrunstherisk of missinga multitopicdocument,
andevenwhenhe or sheis presentedvith one,has
to shift throughthe entiretext to locatethe partthat
is really relevantto the original query

Given thesesignificantdeficienciesof currentinfor-
mation retrieval technology an alternatve approach
hasbeenpursued basedon the semanticanalysisof
theinputdocumentsSuchinformationextractionsys-
temsperforma deeperanalysisof the sourcetext, us-
ing someform of parsingto recover linguistic struc-
ture and a preconstructednodel of the semanticsn

the domain. Often, the parsingand semanticanaly-
sisarecombinedin a semantiggrammarthatemploys
semanticcateyories(suchas “laboratorytestresult”)
asnonterminals.The systemdevelopedfor the Mes-
sageUnderstandingConferencegMUC) [15] under
theauspiceof DARPA! area goodexampleof a sus-
tained, multi-year, and multi-site effort in this arena,
dealingwith informationextractionfrom news articles
reportingterroristevents;similar systemdor medical
subdomainge.g.,[1, 12, 4, 5]) have alsobeendevel-
oped.

System®f thistypeareableto locateexpressionsuch
asthe blood pressure=xampleabove and understand
theirmeaningsufficiently well to considethemimpor-
tantfor retrieval; they canalsosupport(atleastin prin-
ciple) targetedretrieval of smallerportionsof an in-
putdocumentHowever, they suffer from majordraw-
backsof scalabilityand portability: Becausehey re-
guirea semantianodelof the domainthey operatein,
they arelimited in thetypeof semanticateyoriesthey
cover, they take a long time and significantamount
of domainexpertiseto develop, and are not portable
to otherdomainswithout major revisions. The MUC
systemamentionedabove, for example,cananalyzea
news story abouta bombingbut not oneaboutretalia-
tory actionsandcountermeasurdakenagainsterror
ists. Similarly, medicalinformationextractionsystems
needto belimited to a narrov domain(e.g.,radiology
reportsio beeffective.

We proposea new modelfor representinghe content
of adocumenthatcombineghe benefitsof theinfor-
mationretrieval andinformationextractionapproaches
without their disadwantagesOur modelrepresentin-
formationin the form of attribute-value pairs, where
attributeis a(possiblymulti-word) expressiordescrib-
ing a medicalterm (diseasesymptom treatmentjab-
oratorytest,etc.)andvalueis an(againpossiblymulti-
word) expressiondescribingthe outcomeassociated
for thatterm. Dependingon the attribute, the value
maybeimplicit (i.e., presencer absencef adisease,
suchasin the term “diabetic”), a single numericor
text value(e.g.,value“lll” for theattribute“New York
HeartAssociatiorClass”),afixedor open-endedange
of values(e.g.,"aged30to 60 years”,"blood pressure
lessthan90”), or a qualitatve description(e.g.,value
“severe” for the attribute “heart failure”).? Like the
information extraction systemsdescribecdearlier our
modelcapturesmportantrelationshipdetweerwords
andtermsthat IR systemscannotcapture. But un-
like the informationextractionsystemspur approach
doesnot involve building a domain-specificemantic
model;insteadyalid attributesarecollectedon thefly
usinga combinationof generalsyntacticpatternsand

! The DefenseDepartment AdvancedResearchProjects
Ageny

2All the abore examplesare actually extractedby our
systenfrom thecollectionof articlesdescribedn theresults
sectionlater



atermverificationcomponentHencewe achiese gen-
erality andportability without sacrificingthe ability to
recognizeémportantrelationships.

In orderto handlemulti-topic documentswe partition
theattribute-valuepairsextractedfrom adocumentc-
cordingto the groupof patientsthey applyto. We rec-
ognizeexpressionglenotingsuchgroupsandidentify
their scope. Text within eachgroup’s scopeis ana-
lyzedfor valid attribute-valuepairs. Pairsfromall such
groupscopesreclusteredogethetby matchinggroup
descriptionghat refer to the samepatientpopulation
(e.g.,“the controlgroup”). Theresultof our systemis
asetof attribute-valuelists, onefor eachdistinctgroup
mentionedn thesourcedocument.

EXTRACTING ATTRIB UTE-VALUE
PAIRS

For clarity, we discusdfirst the simple casewherethe
sourcedocumentcontainsinformationabouta single
patientor groupof patients. This is the case,for ex-
ample,in laboratorytestsandpre- and post-operatie
reportsmaintainedas part of a patients recordin an
online clinical information database.When actually
processinga documenfrom a medicaljournal,which
could refer to multiple patientpopulations,our sys-
tem first appliesthe group identificationand stratifi-
cationprocedureof the next section,thenfollows the
algorithmbelow for the partsof thedocumenthatfall
within eachgroup’s scope.

We first recognizeandprocesgahular data,which can
be signalledby certaintypesof indentationin ASCII
sourcesandby appropriateHTML tagsin documents
storedontheWeh Suchdatais commonin thevarious
patientreports andoccasionallyoccurswithin articles
aswell. Informationfrom the row andcolumnnames
is usedto constructcompositeattribute nameswhich
areassignedhe correspondingell’s contentsastheir
value.

The remaindetrof the sourcetext that doesnot match
our specificationdor a tableis treatedastext. Our
algorithmfor collectingattributesandtheir associated
valuesrelieson finite stateautomatao recognizesyn-
tacticconstructsndicatingrelationshipsetweenpo-
tential)medicaltermsandoptionalvalues.We startby
assigningpart-of-speeclinformationusinga publicly
availabletagger[2]. Thenwe recognizesimplenoun
phrasesconsistingof an optional sequencef adjec-
tivesfollowedby oneor morenouns.Patternsof sim-
plenounphrasecombinationsaswell ascombinations
of simplenounphrasesandnumbersyrelative expres-
sions,andcertainprepositionsaarethenextracted,ac-
cordingto theruleslistedin Tablel. In additionto the
rulesgivenin Tablel, we alsorecognizepassve forms
andconjunctionsof adjectveswhich aretransformed
into multiple simplerforms.

This approachrecovers a large numberof potential
attributes and their values, but of courseovergener
atesby collectingmary non-medicatermsthatmatch

the definition of a simplenoun phrase. Furthermore,
sometimesthe attribute and its value are embedded
within the samesimple noun phrase(e.qg., “severe
heartfailure”). To addressoth of theseconcernswe
checkeachof the candidatattributeswith atermveri-
fier andkeeponly thosethat arerecognizedasterms
in the medicaldomain. Our term verifier relies on
the Unified Medical LanguageSystem(UMLS) [8],
a front-endto several large-scalemedicalknowledge
bases.Termsthatarefoundin the databasere con-
sideredvalid attributes;in addition, our verifier sup-
ports partial matchingof a termin the databasesa
right substringof a candidateattribute. In that case,
the non-matchedoortion at the start of the attribute
becomeghe value,thus properly separating'severe”
from “heart failure”. Note that by changingthe ref-
erencecknowledgebase whichis quite broadto start
with, we caneasilyport our systemto a differentdo-
main.

EXTRACTING GROUP
INFORMA TION

Our systenstratifiesattribute-valuepairsaccordingo
thegroupsof patientghey applyto. We startby recog-
nizing group expressionsysing againfinite stateau-
tomataon text that hasbeenassignedoart of speech
information. In addition to generalrules involving
broadsyntacticcateyories,the group recognitionau-
tomataalsoutilize specifickey words(suchas“group”
or “patients”). This allows for a muchgreatervariety
of rules,but carriestherisk of over-adaptinghegroup
recognitionto the limited setof articlesusedfor sys-
tem development.We addresghis problemby adopt-
ing a semi-automati@pproachwheregroup patterns
are automaticallylearnedfrom the articles: We start
with a few seedwords (suchas the examplesgiven
above, “group” and“patients”),andautomaticallyex-
tractall word sequenceis windowsof width upto five
oneachsideof aseedwvord; theseexpressiongrethen
collatedand manuallyfiltered to selectgeneralgroup
expressionsThe selectedexpressionsisuallysuggest
otherpromisingseedwords,sotheprocesss repeated
until no moregeneralexpressionganbe found. Fig-
ure 1 shavs someof therulesextractedin this manner
from a setof journalarticlesin cardiology

Our grammaifor grouprecognitionpartitionsa group
specifierinto an essentialpart and an (optional) ad-
ditional qualifier; for example,in the group specifier
“40% of control group patients”, the essentialpart
is “control group patients"while the qualifier “40%”
doesnot play arole in distinguishingthis groupfrom
other groupsmentionedin the samedocument. We
collateinformationfrom differentoccurrence®f the
sameunderlyinggroupby matchingtheessentiaparts
of thegroupspecifiers.

Finally, we determinghescopeof eachgroupspecifier
by separatinguccessie clausesisingpunctuatiorand
whwordsintroducingrelative clausesWe recognizea



Pattern

Example

NP with atleastoneadjectve

Severe conjestiveneartfailure

NP + conpar at i ve- oper at or + (AP orNPorQ

Baseheartratelessthan90

NP + of + [conpar at i ve- oper at or] + Nunber

Bloodpressue of (morethan) 80

NP + conpar at i ve- adj ecti ve + than+ Nunber

Leftejectionfractionlowerthan20%

NP + 11 nki ng-verb + (AP or NP or Q

The2-yearactuarial mortality rate was48%

Table1: Rulesrecognizingpotentialattributesandtheir associatedalues. NP standsfor a simplenounphrase AP
for one or more adjectives,and Q for a quantitatve expressioninvolving a numberand possiblyadditionalnouns,

numbersandprepositions.

<Peopl e> whose<NP> was<Val ue>
<Peopl e> with <NP>

(e.g., <NP> = baseheartlate lessthan90)
<Peopl e> after<NP>

(e.g., <NP> = myocadial infraction)
<Peopl e> undegoing<NP>

(e.g., <NP> = coronaryangioplasty
<Peopl e> olderthan<Nunber > years

Figure1l: Someof the grouprecognitionpatternsex-
tracted semi-automaticallyfrom cardiology medical
articles.

Attribute Value
amiodarone effective
congestre heartfailure severe
left ventricularejectionfraction | 35%
mortality rate 48%
ventriculartachycardia asymptomatic|

Table2: Partial list of attribute-value pairsfor one of
thegroupsdiscussedh anarticleon amiodaronéreat-
mentof congestre heartfailure.

numberof compositegrouppatternssuchascompar
ative sentencesf theform “Groupl=<Men> [were
receving antiplatelet theray] CONTRAST=<more
frequentlytharn> GRoupP2=<women>". By default,
the scopeof a group extendsuntil a new groupspec-
ifier is recognized(thus allowing a group’s scopeto
spanmultiple sentences).

RESULTS

We have testedour systemon a set of 185 medical
articles, collectedfrom two online journals(“Journal
of the AmericanCollege of Cardiology”and“Ameri-

canHeartJournal”),aswell ason a numberof online
patientrecordsavailablethroughthe clinical informa-
tion systemat Columbia-PresbyteriaiMedical Center
[11]. We shawv partial representatie resultsfrom the
attribute-value extraction processfor one group dis-

cussedin a samplecardiology article [9] (Table 2);

Figure2 shavs someof the groupexpressionandthe
text associateavith themfrom the sameatrticle.

We arecurrentlyworking on planninga formal evalu-

Themortality ratewas

CONTRAST: lower

in

GROUPL: amiodarone-treatgohtients
COMPARATIVE: comparedvith
GROUP2: controlpatients.

A total of

GROUPL: [QUALIFIER: 367] patients

hadtheir restheartrate determinecat 6 months
of follow-up.

Figure 2: Someof the group specifiersand matched
text recognizedfrom one medical article on amio-
daronetreatmenbf congestie heartfailure.

ation of theseresults.We intendto measurejuantita-
tively theaccurayg of component®f our system(e.g.,
percentag®f overall attribute-value pairsthatarere-
covered,rate of falsepositives,accurag of our term
verifier) aswell asempirically compareour represen-
tationandsystemto standardsearchenginesn atask-
basedavaluation.

CONCLUSION AND FUTURE WORK

Thetaskof findingaconciseyetadequaterepresenta-
tion for thecontenbof medicaldocumentss non-trivial
and givesrise to a numberof interestingside issues.
We have proposeda novel representatiom termsof
flexible attribute-value pairs, which, althoughrelated
to theslot-filler representationsedin informationex-
tractionsystemsdiffers from themin thatit contains
no prespecifiedsemanticcomponent. We have dis-
cussedechniquedor extractingthis type of informa-
tion in a generalway thatcanbe easily portedto dif-
ferentdomains,andpresentedesultsthatindicatethe
viability of this approachfor intelligent matchingof
documentgo queries,otherdocumentspr a patients
onlinerecord.

Our currentwork involvesimprovementsin someof
the componentof the system,aswell asaddressing
relatedissuesthat would enhancets usefulness. A
major areaof our work is the problemof matching
two attribute-value lists, so that a documentcan be
matchedo a particularpatient,for example. Thistask
is complicatedbecausenot all attributesshouldcarry



the sameweight (demographialatacould be lesssig-
nificant),andeventhe matchingof valuesfor a single
attribute is non-trivial when qualitatve descriptions
suchas“severe”areused.We arealsointerestedn im-
proving our term verifie—while the UMLS provides
an extensive list of terms, it is unfortunatelyincom-
pleteandcontainsnon-medicahounphrasegsuchas
“African American”). We areinvestigatingechniques
thatcombinestatisticattermverification[6] with rules
thatemplgy the semanticclassesprovided by UMLS.
Finally, our original motivation for this systemhas
beento facilitate multi-documentsummarizatiorthat
goesbeyond simplesentencextraction[7]. This last
taskis supportedby our extractionof informationtar
getedto specific patientgroups,and we are investi-
gatingwaysto combinethe matchingtext fragments
into a conciseandfluent summarythatidentifiesrep-
etitionsand contradictionsacrossthe multiple source
documents.

Acknowledgements

We thank CPMC cardiac anesthesiaphysicians
ShabingAhmad,Terry Koch,JonatharOster andCar
men Domingezfor early input during the designof
this system. JonathanOsterhasin addition marked
sourcedocumentswith the informationthat our sys-
temshouldaim to extract. KathleenDunn, of the De-
partmenbf ComputerSciencejmplementedurlocal
installationof the UMLS databasasa Sybasesener.
FedericoKattan helpedwith the collection of medi-
cal articlesand abstracts. The researchwork is sup-
portedin partby the ColumbiaUniversity Centerfor
AdvancedTechnologyin High Performance&Comput-
ing andCommunicationin Healthcarefundedby the
New York StateScienceand TechnologyFoundation.
Any opinions findings,or recommendationarethose
of theauthorsanddo not necessarilyeflecttheviews
of NYSSTE

References

1. R.Baud,A. RassinouxandJearR. ScherrerNat-
urallanguagerocessingndsemanticatepresen-
tationof medicaltexts. Methodsof Informationin
Medicine 31(2):117-125]1992.

2. Eric Brill. A simple rule-basedpart of speech
tagger In Proceedingsof the Third Confeence
onAppliedNatural Languaje ProcessingTrento,
Italy, 1992. Associationfor ComputationalLin-
guistics.

3. William B. FrakesandRicardoBaeza-¥tes,edi-
tors. InformationRetrieval: Data Structuesand
Algorithms PrenticeHall, EnglavoodCliffs, New
Jersg, 1992.

4. Carol Friedman,Geoge Hripcsak, William Du-
Mouchel, StepherB. JohnsonandPaul D. Clay-
ton. Naturallanguagerocessingn anoperational
clinical information system. Natural Languaje
Engineering1(1):83-1081995.

10.

11.

12.

13.

14.

15.

. Geoge Hripcsak, G. J. Juperman,and Carol

Friedman. Extracting findings from narratve
reports: Software transferability and sourcesof
physiciandisagreementMethodsof Information
in Medicine 37:1-7,1998.

. JohnS.JustesomndSlavaM. Katz. Technicaker-

minology: Somelinguisticpropertiesandanalgo-
rithm for identificationin text. Natural Language
Engineering1(1):9-27,1995.

. KathleenR. McKeawnn, DesmondA. Jordan,and

VasileiosHatzivassiloglou. Generatingpatient-
specificsummariesof online literature. In Pro-

ceedingsof the 1998 AAAI Spring Symposium
on Intelligent Text Summarizationpages34—43,
Stanford,California, March 1998. AmericanAs-

sociationfor Artificial Intelligence.

. National Library of Medicine, BethesdaMary-

land. Unified Medical Languaye System{UMLS)
Knowled@ Souces sixth experimentaledition,
1995. Accessibleat http://um sks. nl m
ni h. gov.

. Daniel R. Nul, HernanC. Doval, Hugo O. Gran-

celli, Segio D. Varini, SaulSoifer, Segio V. Per
rone,NoemiPrieto,andOmarScapin.Heartrate
is a marker of amiodaronemortality reductionin
severeheartfailure. Journal of the AmericanCol-
lege of Cardiology, 29(6):1199—205May 1997.

NationalLibrary of Medicine. MEDLINE. World
Wide Web site, URL:
http://www.nlm.nih.ga/databases/méde.html.
Updated weekly Januarythrough October and
twice in themonthof December1997.

N. RodererandP. Clayton. IAIMS at Columbia
PresbyteriarMedical Center: Accomplishments
andchallengesBulletin of the AmericanMedical
LibrariesAssociationpage253—-262,July 1992.

Naomi Sagey MargaretS. Lyman, C. Bucknall,
N. T. Nhan,and L. J. Tick. Natural language
processing@ndthe representationf clinical data.
Journal of the AmericanMedical InformaticsSo-
ciety, 1(2):142-1601994.

G. Saltonand C. Buckley. Term weighting ap-
proachesin automatictext retrieval. Informa-
tion Processing@andManagement25(5):513-523,
1988.

Alan F. Smeaton. Progressin the application
of naturallanguageprocessingo informationre-
trieval tasks. The ComputerJournal, 35(3):268—
278,1992.

BethM. Sundheim.Overview of the fourth mes-
sageunderstandingvaluationandconferenceln
Proceedingsf the Fourth Messae Undeistand-
ing Confeence(MUC-4), pages3-21, McLean,
Virginia, Junel992.DARPA SoftwareandIntel-
ligent SystemsTechnologyOffice, MorganKauf-
mann,SanMateo,California.



