
Extracting Patient Profilesfr om Patient Recordsand Online Literatur e

VasileiosHatzivassiloglou* , Ph.D.; Olga Merport * , M.S.;
Kathleen R. McKeown* , Ph.D.; andDesmondA. Jordan

�
, M.D.

*Departmentof ComputerScience
ColumbiaUniversity, New York, NY 10027

�
Departmentsof AnesthesiologyandMedicalInformatics

Collegeof PhysiciansandSurgeons
ColumbiaUniversity, New York, NY 10032

We presenta representationmodelfor the contentof
medicaldocuments(journal articlesandthepatient’s
record) that allows theextraction of critical relation-
ship information from online texts and tabular data.
Our modelrelies on a list of attributeswith associ-
atedvaluesthat are dynamicallydeterminedusingan
efficient finite-stategrammarand an automaticterm
verifier. Extractedrelationshipsare partitionedin dif-
ferentsubsetsaccordingto theparticular groupof pa-
tientsthey referto, thusenablingtheretrieval of multi-
topicdocumentsandthetargetedselectionandpresen-
tation of a portion of a document’s information. We
presentresultsfroma systemimplementingthis repre-
sentationmodelandcontrastour approach with tradi-
tional informationretrievalandinformationextraction
techniques.

INTRODUCTION
Therapidexpansionof online informationin thepast
few yearshasbroughtabouta correspondingincrease
in the amountof medical contentavailable through
the Internet. A numberof medicaljournals(e.g., the
AmericanHeartJournal)make articlesavailableelec-
tronically, eitheron a subscriberbasisor to the pub-
lic at large;government,professionalassociations,and
privateconcernsmaintainonlinerepositories(of vary-
ing quality) of medicalinformationtargetedto health
carepersonnel.In addition,hospitalsfrequentlymain-
tain their own electronicdatabasesof patient infor-
mation, accessibleover the network to health care
providerspracticingthere.
This wealth of online information has meant that
physiciansneedto spendanincreasingamountof time
browsingonlineinformationin orderto keepinformed
of developmentsin their field. In addition,physicians
may useonline searchesto seekspecificinformation
applyingto a particularpatientundertheir care. This
is frequentlytheonly viablemeansfor locatinginfor-
mation outsidea person’s speciality; for example,a
cardiacanesthesiologistmay regularly follow thefive
journalsspecializingin this area,but cannotbe ex-
pectedto trackpapersfromall of the60journalsin car-
diology, the40journalsin cardiothoracicsurgery, and,
evenless,themorethan1,000journalsin thebroader
field of internal medicine. It is not uncommonfor

physiciansin training(residentsandinterns)to spend
severalhoursperdaybrowsingonlinesources.
Yet, current information retrieval and presentation
technologydoesnot provide the level of targetedin-
formationselectionthatwould bemosthelpful during
thesesearches.Responsestoqueriesin asearchengine
suchasMEDLINE [10] containextraneousarticlesthat
arenottruly relevant(falsepositives),andmissseveral
of thearticlesthatarerelevant. More importantly, the
granularityof theresponsesis too coarse:At best,the
physicianis presentedwith severalpotentiallyrelevant
articles,andhasto readthroughthemto find theparts
thatapply to his or hercurrentpatient. Thepresenta-
tion of resultsat the article level makesthe collation
andsummarizationof relatedinformation(for exam-
ple,experimentalresultsoncomparablepatients)hard.
In thispaper, wepresentanew modelfor representing
theinformationfrom anonlinesource,be it anarticle
in a medicaljournal or a laboratoryreport in an on-
line clinical informationsystem.Ratherthanabstract-
ing thecontentof anonlinedocumentthroughalist of
frequentkeywords,as traditionalsearchenginesand
text matchingalgorithmsdo, we representcontentas
a list of patient-specific,medicallyinformedattributes
with associatedvalues. For example,an article may
broadlyreferto two patientpopulations,sharingsome
commoncharacteristicsand distinguishedon others;
thesecharacteristicscanrepresentdemographics,pre-
existing medicalconditions,laboratoryresults,treat-
ments,etc. We elaborateon the conceptof attribute-
value lists andargue for their superiorityas a repre-
sentationmodel in the next section,contrastingwith
the word vector model usedin relatedwork. Then,
we presenta fully implementedsystemfor construct-
ing theselistsoutof textualandtabulardata,andshow
how thelists canbepartitionedto correspondto mul-
tiple patientpopulationsdiscussedin the samedocu-
ment. Resultsfrom our systemarepresented,andwe
concludeby discussinganumberof relatedissuesthat
arethefocusof ourcurrentresearch.

THE ATTRIB UTE-VALUE
REPRESENTATION

Traditional information retrieval (IR) enginesindex
documentsby representingthemasa vectorof word



frequenciesmodifiedby theoverallrarity of eachword
in the domain or the languageat large (rare words
count more towards a match; very commonwords
are completely filtered out using a stoplist). This
TF*IDF (total frequency/inversedocumentfrequency)
approach[13, 3] offers a numberof generaladvan-
tages:it automaticallyfocuseson themostimportant
words in the document;it canbe appliedin any do-
mainandcanberetrainedon a new collectionfrom a
specificdomainto automaticallyadapttherarity (IDF)
factors;and it requiresminimal analysisof the doc-
uments,typically limited to word stemmingandnor-
malizationof capitalization.Yet, whenappliedto the
medicaldomain,theIR approachsuffersfrom two ma-
jor drawbacks:
� Becausetheindexing isdoneonaword-by-wordba-

sis,commonwordsthataresignificantin a particu-
lar context areignored.Thishasbeenrecognizedas
a problemin the informationretrieval community,
andsolutionshave beenproposedto capturepairs
(or longersequences)of fixedwordssuchastechni-
cal terms[14]. In this manner, “heart failure” will
beassigneda higherweightasa singleentity rather
thanrelying on matchingthe individual (ratherfre-
quent)words“heart” and“f ailure”. While this ex-
tensionto the word vector approachmay be ade-
quatefor suchcollocationsand technicalterms,it
still fails to capturea largenumberof word combi-
nationswhereany memberof anopensetof expres-
sions(e.g.,anumber)isemployed.Forexample,the
phrase“blood pressurelessthan90” could be cru-
cial in selectingor rejectinga documentif it speci-
fiesa mandatoryinclusionor exclusioncriterionfor
a study; but information retrieval systemswill, at
best,only recognizeanduse“blood pressure”from
theaboveexpression.
� Since matchingand retrieval is performedat the

documentlevel, a documentthatcontainsapartrel-
evantto a querybut is mostlyaboutsomethingelse
is likely to beomittedfrom theresults.This is apar-
ticularproblemif adocumentrefersto multipletop-
ics (e.g.,multiple disjoint patientpopulationswith
differentdefiningcharacteristics).Not only is a rel-
evantportionof a documentlikely to be ignoredif
it doesnot representa significantpartof theoverall
document,but theoutputof IR systemsalsopresents
the retrieveddocumentsin their entirety. Thus,the
userrunstherisk of missingamultitopicdocument,
andevenwhenheor sheis presentedwith one,has
to shift throughtheentiretext to locatethepartthat
is really relevantto theoriginalquery.

Given thesesignificantdeficienciesof current infor-
mation retrieval technology, an alternative approach
hasbeenpursued,basedon the semanticanalysisof
theinputdocuments.Suchinformationextractionsys-
temsperforma deeperanalysisof thesourcetext, us-
ing someform of parsingto recover linguistic struc-
ture and a preconstructedmodel of the semanticsin

the domain. Often, the parsingand semanticanaly-
sisarecombinedin a semanticgrammarthatemploys
semanticcategories(suchas “laboratory test result”)
asnonterminals.Thesystemsdevelopedfor theMes-
sageUnderstandingConferences(MUC) [15] under
theauspicesof DARPA

�
area goodexampleof a sus-

tained,multi-year, andmulti-site effort in this arena,
dealingwith informationextractionfrom newsarticles
reportingterroristevents;similar systemsfor medical
subdomains(e.g.,[1, 12, 4, 5]) have alsobeendevel-
oped.
Systemsof thistypeareableto locateexpressionssuch
asthe blood pressureexampleabove andunderstand
theirmeaningsufficientlywell toconsiderthemimpor-
tantfor retrieval; they canalsosupport(at leastin prin-
ciple) targetedretrieval of smallerportionsof an in-
putdocument.However, they suffer from majordraw-
backsof scalabilityandportability: Becausethey re-
quirea semanticmodelof thedomainthey operatein,
they arelimited in thetypeof semanticcategoriesthey
cover, they take a long time and significantamount
of domainexpertiseto develop, andarenot portable
to otherdomainswithout major revisions. TheMUC
systemsmentionedabove, for example,cananalyzea
news storyabouta bombingbut not oneaboutretalia-
tory actionsandcountermeasurestakenagainstterror-
ists.Similarly, medicalinformationextractionsystems
needto belimited to a narrow domain(e.g.,radiology
reports)to beeffective.
We proposea new modelfor representingthecontent
of a documentthatcombinesthebenefitsof the infor-
mationretrievalandinformationextractionapproaches
without their disadvantages.Our modelrepresentsin-
formation in the form of attribute-valuepairs,where
attributeisa(possiblymulti-word)expressiondescrib-
ing a medicalterm(disease,symptom,treatment,lab-
oratorytest,etc.)andvalueis an(againpossiblymulti-
word) expressiondescribingthe outcomeassociated
for that term. Dependingon the attribute, the value
maybeimplicit (i.e.,presenceor absenceof adisease,
suchas in the term “diabetic”), a single numericor
text value(e.g.,value“III” for theattribute“New York
HeartAssociationClass”),afixedor open-endedrange
of values(e.g.,“aged30 to 60 years”,“blood pressure
lessthan90”), or a qualitative description(e.g.,value
“severe” for the attribute “heart failure”).

�
Like the

informationextractionsystemsdescribedearlier, our
modelcapturesimportantrelationshipsbetweenwords
and terms that IR systemscannotcapture. But un-
like the informationextractionsystems,our approach
doesnot involve building a domain-specificsemantic
model;instead,valid attributesarecollectedon thefly
usinga combinationof generalsyntacticpatternsand
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All the above examplesare actually extractedby our

systemfrom thecollectionof articlesdescribedin theresults
sectionlater.



atermverificationcomponent.Henceweachievegen-
eralityandportabilitywithoutsacrificingtheability to
recognizeimportantrelationships.
In orderto handlemulti-topicdocuments,wepartition
theattribute-valuepairsextractedfrom adocumentac-
cordingto thegroupof patientsthey applyto. We rec-
ognizeexpressionsdenotingsuchgroupsandidentify
their scope. Text within eachgroup’s scopeis ana-
lyzedfor validattribute-valuepairs.Pairsfromall such
groupscopesareclusteredtogetherby matchinggroup
descriptionsthat refer to the samepatientpopulation
(e.g.,“the controlgroup”). Theresultof our systemis
asetof attribute-valuelists,onefor eachdistinctgroup
mentionedin thesourcedocument.

EXTRACTING ATTRIB UTE-VALUE
PAIRS

For clarity, we discussfirst thesimplecasewherethe
sourcedocumentcontainsinformationabouta single
patientor groupof patients.This is the case,for ex-
ample,in laboratorytestsandpre-andpost-operative
reportsmaintainedaspart of a patient’s recordin an
online clinical information database.When actually
processinga documentfrom a medicaljournal,which
could refer to multiple patientpopulations,our sys-
tem first appliesthe group identificationand stratifi-
cationprocedureof thenext section,thenfollows the
algorithmbelow for thepartsof thedocumentthatfall
within eachgroup’sscope.
We first recognizeandprocesstabulardata,whichcan
be signalledby certaintypesof indentationin ASCII
sourcesandby appropriateHTML tagsin documents
storedontheWeb. Suchdatais commonin thevarious
patientreports,andoccasionallyoccurswithin articles
aswell. Informationfrom therow andcolumnnames
is usedto constructcompositeattribute nameswhich
areassignedthecorrespondingcell’s contentsastheir
value.
The remainderof the sourcetext that doesnot match
our specificationsfor a table is treatedas text. Our
algorithmfor collectingattributesandtheir associated
valuesrelieson finite stateautomatato recognizesyn-
tacticconstructsindicatingrelationshipsbetween(po-
tential)medicaltermsandoptionalvalues.Westartby
assigningpart-of-speechinformationusinga publicly
availabletagger[2]. Thenwe recognizesimplenoun
phrases,consistingof an optionalsequenceof adjec-
tivesfollowedby oneor morenouns.Patternsof sim-
plenounphrasecombinations,aswell ascombinations
of simplenounphrasesandnumbers,relative expres-
sions,andcertainprepositionsarethenextracted,ac-
cordingto theruleslistedin Table1. In additionto the
rulesgivenin Table1,wealsorecognizepassiveforms
andconjunctionsof adjectiveswhich aretransformed
into multiplesimplerforms.
This approachrecovers a large numberof potential
attributesand their values,but of courseovergener-
atesby collectingmany non-medicaltermsthatmatch

the definition of a simplenounphrase.Furthermore,
sometimesthe attribute and its value are embedded
within the samesimple noun phrase(e.g., “severe
heartfailure”). To addressbothof theseconcerns,we
checkeachof thecandidateattributeswith a termveri-
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.Termsthat are found in the databasearecon-
sideredvalid attributes; in addition,our verifier sup-
portspartial matchingof a term in the databaseasa
right substringof a candidateattribute. In that case,
the non-matchedportion at the start of the attribute
becomesthe value,thusproperlyseparating“severe”
from “heart failure”. Note that by changingthe ref-
erencedknowledgebase,which is quitebroadto start
with, we caneasilyport our systemto a differentdo-
main.

EXTRACTING GROUP
INFORMA TION

Oursystemstratifiesattribute-valuepairsaccordingto
thegroupsof patientsthey applyto. Westartby recog-
nizing groupexpressions,usingagainfinite stateau-
tomataon text that hasbeenassignedpart of speech
information. In addition to generalrules involving
broadsyntacticcategories,the grouprecognitionau-
tomataalsoutilize specifickey words(suchas“group”
or “patients”). This allows for a muchgreatervariety
of rules,but carriestherisk of over-adaptingthegroup
recognitionto the limited setof articlesusedfor sys-
temdevelopment.We addressthis problemby adopt-
ing a semi-automaticapproachwheregrouppatterns
areautomaticallylearnedfrom the articles: We start
with a few seedwords (suchas the examplesgiven
above, “group” and“patients”),andautomaticallyex-
tractall wordsequencesin windowsof widthupto five
oneachsideof aseedword; theseexpressionsarethen
collatedandmanuallyfiltered to selectgeneralgroup
expressions.Theselectedexpressionsusuallysuggest
otherpromisingseedwords,sotheprocessis repeated
until no moregeneralexpressionscanbe found. Fig-
ure1 showssomeof therulesextractedin thismanner
from a setof journalarticlesin cardiology.
Our grammarfor grouprecognitionpartitionsa group
specifierinto an essentialpart and an (optional) ad-
ditional qualifier; for example,in the groupspecifier
“40% of control group patients”, the essentialpart
is “control grouppatients”while the qualifier “40%”
doesnot play a role in distinguishingthis groupfrom
other groupsmentionedin the samedocument. We
collate information from differentoccurrencesof the
sameunderlyinggroupby matchingtheessentialparts
of thegroupspecifiers.
Finally, wedeterminethescopeof eachgroupspecifier
byseparatingsuccessiveclausesusingpunctuationand
wh-wordsintroducingrelativeclauses.Werecognizea



Pattern Example
NP with at leastoneadjective Severeconjestiveheartfailure
NP � comparative-operator � (AP or NP or Q) Baseheartratelessthan90
NP � of � [comparative-operator] � Number Bloodpressureof (morethan)80
NP � comparative-adjective � than � Number Leftejectionfractionlower than20%
NP � linking-verb � (AP or NP or Q) The2-yearactuarialmortality ratewas48%

Table1: Rulesrecognizingpotentialattributesandtheir associatedvalues.NP standsfor a simplenounphrase,AP
for oneor moreadjectives,andQ for a quantitative expressioninvolving a numberandpossiblyadditionalnouns,
numbers,andprepositions.

�
People � whose� NP � was � Value ��
People � with � NP �

(e.g., � NP �
	 baseheartlate lessthan90)�
People � after � NP �

(e.g., � NP �
	 myocardial infraction)�
People � undergoing � NP �

(e.g., � NP �
	 coronaryangioplasty)�
People � olderthan � Number � years

Figure1: Someof thegrouprecognitionpatternsex-
tractedsemi-automaticallyfrom cardiology medical
articles.

Attribute Value
amiodarone effective
congestiveheartfailure severe
left ventricularejectionfraction 35%
mortality rate 48%
ventriculartachycardia asymptomatic

Table2: Partial list of attribute-valuepairsfor oneof
thegroupsdiscussedin anarticleonamiodaronetreat-
mentof congestiveheartfailure.

numberof compositegrouppatterns,suchascompar-
ative sentencesof theform “GROUP1= � Men� [were
receiving antiplatelet therapy] CONTRAST= � more
frequentlythan� GROUP2= � women� ”. By default,
the scopeof a groupextendsuntil a new groupspec-
ifier is recognized(thus allowing a group’s scopeto
spanmultiplesentences).

RESULTS
We have testedour systemon a set of 185 medical
articles,collectedfrom two online journals(“Journal
of theAmericanCollegeof Cardiology”and“Ameri-
canHeartJournal”),aswell ason a numberof online
patientrecordsavailablethroughtheclinical informa-
tion systemat Columbia-PresbyterianMedicalCenter
[11]. We show partial representative resultsfrom the
attribute-value extraction processfor one group dis-
cussedin a samplecardiologyarticle [9] (Table 2);
Figure2 showssomeof thegroupexpressionsandthe
text associatedwith themfrom thesamearticle.
We arecurrentlyworking on planninga formal evalu-

Themortality ratewas
CONTRAST: lower
in
GROUP1: amiodarone-treatedpatients
COMPARATIVE: comparedwith
GROUP2: controlpatients.

A totalof
GROUP1: [QUALIFIER: 367]patients
hadtheir restheartratedeterminedat 6 months
of follow-up.

Figure2: Someof the groupspecifiersandmatched
text recognizedfrom one medical article on amio-
daronetreatmentof congestiveheartfailure.

ationof theseresults.We intendto measurequantita-
tively theaccuracy of componentsof our system(e.g.,
percentageof overall attribute-valuepairsthatarere-
covered,rateof falsepositives,accuracy of our term
verifier) aswell asempiricallycompareour represen-
tationandsystemto standardsearchenginesin a task-
basedevaluation.

CONCLUSION AND FUTURE WORK
Thetaskof findingaconcise,yetadequate,representa-
tion for thecontentof medicaldocumentsis non-trivial
andgivesrise to a numberof interestingside issues.
We have proposeda novel representationin termsof
flexible attribute-valuepairs,which, althoughrelated
to theslot-filler representationusedin informationex-
tractionsystems,differs from themin that it contains
no prespecifiedsemanticcomponent. We have dis-
cussedtechniquesfor extractingthis typeof informa-
tion in a generalway thatcanbeeasilyportedto dif-
ferentdomains,andpresentedresultsthat indicatethe
viability of this approachfor intelligent matchingof
documentsto queries,otherdocuments,or a patient’s
onlinerecord.
Our currentwork involvesimprovementsin someof
the componentsof the system,aswell asaddressing
relatedissuesthat would enhanceits usefulness.A
major areaof our work is the problemof matching
two attribute-value lists, so that a documentcan be
matchedto a particularpatient,for example.This task
is complicatedbecausenot all attributesshouldcarry



thesameweight(demographicdatacouldbelesssig-
nificant),andeventhematchingof valuesfor a single
attribute is non-trivial when qualitative descriptions
suchas“severe”areused.Wearealsointerestedin im-
proving our termverifier—while the UMLS provides
an extensive list of terms,it is unfortunatelyincom-
pleteandcontainsnon-medicalnounphrases(suchas
“African American”).We areinvestigatingtechniques
thatcombinestatisticaltermverification[6] with rules
thatemploy thesemanticclassesprovidedby UMLS.
Finally, our original motivation for this systemhas
beento facilitatemulti-documentsummarizationthat
goesbeyondsimplesentenceextraction[7]. This last
taskis supportedby our extractionof informationtar-
getedto specificpatientgroups,and we are investi-
gatingways to combinethe matchingtext fragments
into a conciseandfluentsummarythat identifiesrep-
etitionsandcontradictionsacrossthe multiple source
documents.
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