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Abstract

We describea prototypesystemto captureand interpretdatain a perioper-
ative environmentin orderto constructanElectronicMedicalEncounterRecord
(EMR).TheEMRrecordsandcorrelatessigni�cant medicaldataandvideostreams
with aninferredhigher-level eventmodelof thesurgery. Informationfrom Radio
Frequency Identi�cation (RFID) tagsprovidesbasiccontext informationincluding
thepresenceof medicalstaff, devices,instrumentsandmedicationin theoperating
room (OR). Patientmonitoringsystemsandsensorssuchaspulseoximetersand
anesthesiamachinesprovide continuousstreamsof physiologicaldata.Theselow
level datastreamsareprocessedby theTelegraphCQadaptive data�ow systemto
generatehigher-level primitive events,suchasa nurseenteringtheOR.A hierar-
chicalknowledge-basedeventdetectionsystemcorrelatesprimitiveevents,patient
dataandwork�o w datato infer high-level events,suchastheonsetof anesthesia.
TheresultingEMR providesmedicalstaff with a permanentrecordof thesurgery
thatcanbeusedfor subsequentevaluationandtraining.

1 Intr oduction

In aperioperativesetting,hundredsof patientsandstaff maybe¯owing throughdozens
of operatingroomson a daily basisin a single facility. Typically, one third of the
patientsareunscheduledandidenti®edonly onthedayof surgery. Theresultingchaos
canbeoverwhelming,evenwith someform of electronichealthrecord(EHR) system
(currentlyavailablein 12

In thePre-Operativeperiodtheperioperativesystemneedsto orchestrateandmonitor
thefollowing activities:

� Patientidenti®cation
� Determinestaff readiness
� Con®rmoperatingroomreadiness
� Assuresuppliesandequipmentavailability
� Capturedataon incoming medical record, capturevitals, I/Os, pre-operative

medications,tests,andscans
� Monitor patiententryinto operatingroom
� Monitor patientreadiness

Monitoring patiententry into theoperatingroomandpatientreadinessfor surgeryare
critical to successfuloutcomes,particularlywith respectto patientsafety. Automated
monitoringof positioningandtiming of thepatientcanreducemanualdataentry, in-
creaseaccuracy, andprovideanalyticaldataessentialto planningfor processimprove-
ment.

Our goal is to develop a Context-Aware Perioperative Information Systemthat will
automatemostof theperioperativesupportfunctionssuchaspatienttracking,inventory
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management,clinical documentationetc with the help of pervasive computingand
semanticwebtechnologies.In this paperwe presenttheprototypefor a context-aware
systemto createelectronicmedicalencounterrecordto documenttheeventsoccurring
duringa surgery.

Clinical recordkeepingin high velocity healthcaredeliveryenvironmentslike surgery
is a necessaryand critical task. It is also a time consumingtask that detractsfrom
handson patientcareandcontributesto extraordinarylaborcostsassociatedwith col-
lecting, transcribingandre-keying recordsthroughouttheperioperative process.The
detailsof thesurgeryaredocumentedin patientchartscalledthePerioperativeRecord
. This recordcontainsinformationaboutthepatientsvital signsat periodicintervals,
medicinesadministered,complicationsif any, suppliesandtools usedetc. Errors in
medicaldocumentationcostbillions of dollarsto the healthindustryevery year [6].
Inaccuraterecordsput not only thepatientbut alsothehealthcareprovider at risk [4]
[20].

Thedatarecordedduringtheperioperativeprocessbecomea partof thepatientsmed-
ical history and is usedby physiciansto give further treatmentto the patient. Data
collectionin theoperatingroomis complicateddueto several reasons.Firstly, multi-
ple providers(eg, surgeons,anesthesiacareproviders,nurses)recorddatafor a single
careevent(ie, thepatient's surgery). Secondly, informationcollectedby oneprovider
is not readilyavailableto another. Thirdly, experiencednursesassessthepatients'con-
dition accuratelyandprovide appropriatetreatment,sometimeswithout documenting
theseprocedures;thus,duplicationor differencesoccurin documentation,datagather-
ing canbecumbersome,andnotall detailsarerecorded.

An ElectronicMedicalRecord(EMR),hasthepotentialto reducedocumentationerrors
by minimizing dataredundancy andproviding accuratedetailsof theongoingsurgery
[2] [10]. Formally, anEMR is amedicalrecordor any otherinformationrelatingto the
past,presentor futurephysicalandmentalhealth,or conditionof apatient,thatresides
in computerswhich processthis datato deliver moreef®cienthealth-relatedservices.
TheEMR is anessentialpartof systemslike theTraumapod[8] wheresurgeriesare
performedby remotelycontrolledrobotsandno humansareinvolved in theprocess.
Only theEMR canprovidedetailsof theeventsoccurringduringthesurgery.

The context-aware EMR recordsand correlatessigni®cantmedical data and video
streamswith aninferredhigher-leveleventmodelof thesurgery. A hierarchicalknowledge-
basedevent detectionsystemcorrelatesprimitive events,patientdataand work¯ow
datato infer high-level events,suchas the onsetof anesthesia.The resultingEMR
providesmedicalstaff with a permanentrecordof the surgery that can be usedfor
subsequentevaluationandtraining.

2 Context-AwareSystem

Theoperatingroom(OR) hasseveralmedicaldevicesthatprovide informationabout
thepatientsstatus.In additionto thesedevices,we candeploy sensorsin theOR that
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canprovideuswith betterview of theactivitiesoccurringin theoperatingroomduring
a surgery. We de®nea medicallysigni®canteventasany eventthataffectsor is a part
of the surgical procedure.Many systems [29] [21] [28] have beenbuilt that mon-
itor physiologicalparametersof a patientandsignalalarmingconditions.Healthcare
providersusethesealarmsascuesasit is notpossibleto maintainaconstantvigil over
thepatients'healthstatus.Thealarmsarein the form of an audioalert or a message
displayedon thecomputerscreenthatcanbeseenby thehealthcareprovider.

Most of thesealarmsarelow-level alarmssuchastachycardia,apneaor any otherab-
normalpathologicalstate.Suchlow level alarmshardly provide any detail aboutthe
patientscondition. To provide more meaningfulinformation the alarmsor medical
eventsneedto beinterpretedat a higherlevel anddocumented.In additionto physio-
logical datawe canmake useof datastreamsfrom sensorsthatcanbedeployedin an
operatingroomto captureadditionaleventssuchastoolsandmedicinesusedandiden-
tities of themembersof theclinical staff. In our researchwe usetheRadioFrequency
Identi®cation(RFID) systemto detectmedicalsupplies,toolsandthestaff.

3 RelatedWork

Analyzing the patients'physiologicaldatato detectalarmingconditionshasbeena
subjectof researchfor over a decade.Several patientmonitoringsystemshave been
developedthat alert the healthcareprovider to alarmingconditions. InCare [29],is
one of the earliestautomatedsystemsto detecteventsin post-cardiacoperatedpa-
tients. InCarehada rule-basedsystemthatusedmulti-variableandtrendbasedanal-
ysis of physiologicaldatato detectevents. Similarly, Schecke et al [28] designeda
knowledge-baseddecisionsupportsystemfor patientmonitoringin cardioanesthesia.
Themedicationsusedandprogressof thesurgerywasfed into thesystemmanuallyby
oneof themembersof thesurgicalstaff.

[11] Hewlett PackardLabshasrecentlydevelopeda framework thatallows develop-
mentof scalablesoftwaresystemsto monitorandanalyzecontinuousstreamsof data.
A prototypesystemBioStreamwasimplementedto show its usein remotepatientmon-
itoring. BioStreamis built on top of streamdataprocessingarchitecturefor real time
processingof physiologicalsignals.They useadatabase-orientedapproachto analyzes
datastreams.Thestreamsaresubjectedto “operators”thatbelongto apartof apatient
plan.Thecurrentprototypeis capableof identifyingsimplepathologicalconditionsby
monitoringECGsignals.

Bardramet al [12] developeda context-awareinfrastructureto build context-aware
applicationsfor a hospitalenvironment. The infrastructureincludessensorsto detect
presenceof thenursein theroom,asmartpill container, asmarthospitalbedto identify
thepatient.RadioFrequency Identi®cation(RFID) is usedto detectthepeopleandthe
medicationsbeingused.A Context-AwareElectronicPatientRecordwasdesignedto
presentanuserinterfacethatadaptsbasedon thecurrentcontext.

Thoughthe individual componentsof our systemsuchas the algorithmsto analyze
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physiologicaldata,streamprocessingof datahavebeenstudiedin previoussystems,to
thebestof our knowledgeno systemhasyet beendevelopedto createanEMR in the
perioperative environment. We developeda context-awaresystemthat monitorsand
analyzesthe datastreamsfrom variousmedicalequipmentsandcreatean Electronic
Medical EncounterRecord,accordingto the inferencesmadeby analyzingthe data
streams,in a perioperative environment. The surgical teamcanseethe recordbeing
populatedin real-timewhichensuresthateveryoneis awareof theprogressbeingmade
andof thepatientshealthstatusat all times.Thesystemwasdesignedto detectevents
duringtraumacareandgeneralanesthesiascenarios.

4 SystemAr chitecture

Thecontext-awaresystemis designedasa 3-tier eventdetectionsystem.Eventsat the
lower levels areprocessedto infer high-level events. Data is collectedfrom various
sensorsin the operatingroom and this datais processedto reconstructthe surgical
context andinfer themedicallysigni®cantevents.

Figure1: SystemArchitecture

4.1 Data Sources

� Patient Monitors The operatingroom hasseveral patientmonitoringsystems
that track the patientsphysiologicalparameters.For example,pulseoximeter
monitorsblood oxygensaturationlevels, vitals signsmonitorstrack heartrate,
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blood pressureetc. To monitor the patientscondition during the surgery, the
surgical teammonitorsthe valueandchangein physiologicalparameters.We
usedatastreamsfrom thesepatientmonitorsto determinethestateof thepatient
duringthesurgery.

� Radio FrequencyIdenti�cation (RFID) The medicalsuppliesand tools are
taggedwith passive RFID tags.RFID is alsousedto determinethestaff present
in the OR. Readingsfrom the RFID readerare analyzedto determinethe re-
sourcesusedduringthesurgeryandtheteamperformingthesurgery. Figure 2
shows thedatasourcesusedto acquirecontextual informationin theOR.

Figure2: DataSourcesin OperatingRoom

4.2 Data StreamManagementSystem:TelegraphCQ

ThepatientmonitoringsystemsandtheRFID readerproducescontinuousstreamsof
datathatneedto be processedandanalyzedin real-timeto detectevents. Traditional
databasesystemshave beendesignedto manage®nite datasetswhereclient queries
areprocessedimmediatelyagainstdatastoredin tables.In applicationsthatprocesses
continuousdatastreams,clientsrequirelong-runningcontinuousqueriesthatareeval-
uatedasdatastreamsthroughtheapplication.For example,consideraqueryin astock
market applicationthatmonitorsthe stockupdates.”For the ®ve mostrecenttrading
daysstartingtoday, selectall stocksthatclosedhigherthanMSFTonagivenday. Keep
thequerystandingfor twentytradingdays”.

Weuseadatastreammanagementsystem,TelegraphCQ[13], developedatUniversity
of California,Berkeley to processthephysiologicalandRFID datastreams.Datafrom
patientmonitorsand the RFID readeris pushedto the streamenginecontinuously.
Queriesoverthesedatastreamsarespeci®edovera timewindow. As new dataarrives,
thequeriesareevaluatedandresultsarereturnedto theclient. Thesequeriesarecalled
”ContinuousQueries”.Wecanhaveseveraldatasourcesthatcanconnectto thestream-
processingengine.Queriescanbealsobespeci®edacrossstreamsof dataor streaming
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dataanddatain statictables. In traditionaldatabasesystems,datais stored/indexed.
Whenqueriesarereceived,thequeriesareprocessedagainstdatastoredin tablesand
resultsarereturnedto theclient whereasin a streammanagementsystem,queriesare
stored/indexedandareevaluatedasdata¯ows throughthesystem.

Figure3: TraditionalDatabaseVs StreamManagementSystem

4.3 Analyzing PhysiologicalData

Physiologicalparametersre¯ecta patientshealthstatus.Interpretationof physiologi-
cal datato infer thepatientsconditionis a challengingproblem. Someof theearliest
dataanalysissystemsusedsimplelimits on physiologicalparametersfor basicinter-
pretation.The moreadvancedsystemsconsidereddependenciesbetweenparameters
to provide moremeaningfulinterpretations[29] [21] [28]. The problemwith such
systemsis the high rate of falsepositive or falsenegative events. The poor perfor-
mancewasdueto thefactthatphysiologicaldatawasinterpretedindependentlyof the
clinical conditionsin which thedatawasacquired.Physiologicalparametersnot only
dependon thephysiologicprocessesbut alsoon factorssuchaspatientscurrentcondi-
tion, medicalhistory, medicinesadministeredandthesequenceof occurrenceof other
events.Mostsystemsconsideronly asubsetof thesefactors.

Eachparameterhasa rangeof valuesthat can be classi®edasnormalor abnormal.
However, givenadatavalue,thereis nosetthresholdthatwill deterministicallyclassify
the value as normal or abnormal. Also as mentionedabove the interpretationof a
parametervarieswith theclinical context. We usethefuzzy settheoryto capturethis
uncertaintyin medicaldata. Fuzzy membershipfunctionsare usedto classify data
values. The valuecanbe ”very low”, ”low”, ”normal”, ”high” or ”very high”. Rate
of changeis anotherimportantfactor that is usedto determinethe healthstatusof
thepatient. The changecanbe ”constant”,”stable” or ”abrupt” andthevaluecanbe
”increasing”or ”decreasing”.Thevalueandrateof changeof valueis usedto detect
events.

Givenadatavalue,themembershipsfunctionsdeterminethedegreeto whichthevalue
belongsto aparticularset.Thevalueof themembershipvariesbetween0 and1 where
1 impliesabsolutemembership.Thesetpointsusedto de®netherangeof valuesvaries

7



with eachpatient.For example,therangeof normalbloodpressurefor a hypotensive
patientwill bedifferentthantherangefor a patientwith normalbloodpressure.In the
currentversionof thesystem,thesetpoint for eachparameteris presetfor a patient.
Futureversionsof the systemwill set theselimits by analyzingthe patientsmedical
historyandthepre-opdiagnosis.

Themembershipfunctionsusedfor eachparameterweredifferentandpartitioningof
therangeof valueswasdeterminedby eliciting informationthroughinterviewswith an
anesthesiologist.Someof thefunctionsusedwere [24] TriangleFuzzySet,Trapezoid-
FuzzySet,SFuzzySetetc.To defuzzifythevaluesweusethemaximumdefuzzi®cation
function. In this methodthemeanof thex values,with maximummembershipvalues
over theentiresetof FuzzyValues,is calculated.

Figure4: FuzzyRule-BasedSystem

4.4 Analyzing RFID Data streams

Figure 5 shows the RFID systemwe usedin our prototype. We usedthe Symbol
AR400 900MHz Readerand passive RFID tags. An RFID tag hasa unique96-bit
identi®ercalledtheElectronicProductCode(EPC).TheRFID readerreturnsthe list
of EPCcodesit detects.We implementedtheByte StreamProtocolto interfacewith
theRFID reader. TheRFID API wedevelopedprovidesa layerof abstractionover the
low level protocol.TheAPI processesresultsfrom theRFID reader.

TheRFID modulepolls thereaderperiodicallyto getthelist of RFID tagsvisible. The
passive tagsusethe energy incident from the reader, to return their EPCcode. The
readerreadsthetagsat its own internalfrequency. Hencethesametagmaybereported
morethanoncein thelist of tagsdetected.Whenmany tagsarein closeproximity, the
signalsreturnedby the tagcollide andresultin lossof data. Thusa singlereadfrom
the readeris not suf®cient to detectall tagsreliably. We usesomeheuristicsthatwe
determinedexperimentallyto determinethevisibility of theRFID tags.We aggregate
RFID datafor a time periodof 30secondsandthencountthenumberof timesa tagis
seenin this timeperiod.Thereaderis sampledevery2 seconds.

If Number of Times Tag Seen ��� 5 then
Event (Tag Visible)

8



Figure5: RFID System

If tag not seen for ��� 120 seconds then
Event (Tag Invisible)

4.5 Techniquesto Corr elateLow-Level Events

We have a hierarchicaleventdetectionsystem,whereeventsat lower-level arecorre-
latedto infer high-level events. A rule-basedsystem,JESS [3] with FuzzyJlibrary,
is usedto de®netherulesto correlateevents.Theknowledgebasewasdevelopedby
gatheringinformationfrom an anesthesiologistby interviews andfrom medicalliter-
ature [18] [15] [17] [16] [19] [30] [14] which describemethodsto analyzeand
interpretphysiologicaldata.Thetechniquesuseto correlatetheeventsare:

� Multi-v ariable Analysis

Monitoring a physiologicalparameterin isolationdoesnot give muchinforma-
tion aboutthe stateof the patient. Colemanet al [31] statethat ”eachphysi-
ologic statevariableis intimately relateddirectly andindirectly to many others
by relationshipsthat dependon the conditionof the subject”. This meansthat
physiologicparametersnotonly dependonphysiologicprocessesbut arealsoaf-
fectedby thepatientscurrentcondition.For examplelow anddecreasingblood
pressure,doesnot give signify too muchdetail. However, low anddecreasing
bloodpressurewith high andincreasingheartrateimpliespotentiallossof ¯u-
ids. Monitoring a physiologicalparameteralongwith its relationshipwith other
parametershelpsdeterminemoremeaningfulevents.

� Event History

A high level event is a compositionof low-level events. The compositioncan
bea conjunctionor disjunctionof events [22]. In a conjunction,thehigh level
event is signaledonly whenall the low-level eventsaredetected,whereasin a
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disjunctionthe high level event is signaledwhenat leastoneof the low level
eventsis detected.

Example: Event Conjunction

If (TensionPneumothorax)
and (SBP "low" and "increasing")
and (HR "high" and "decreasing") then

Event (Decompression)

Eventhistory is a setof low-level andhigh-level eventsalreadydetected.Low-
level eventsneedto beconsideredin thecontext of theeventsthatoccurredprior
to thecurrenteventto infer additionalevents.A surgerycanbeviewedasa®nite
statemachinewherethecomplex high-level eventsgovernthestatetransitions.

� Effect of Medicines

The medicinesadministeredduring the surgery, may or may not have a signif-
icant effect on the patientsphysiology. Time the medicinewasadministered,
effectsexpected,durationof effectandtime to affectaresomeof thefactorsthat
needto be taken into accountto detecttheir effect in the physiologicalparam-
eters. The RFID systemsignalswhena medicineis detectedin the operating
room. Detectionof the medicinedoesnot imply if the medicinewasactually
administered.In the currentversionof the systemwe recordall themedicines
detectedby theRFID system.For thosemedicineswhoseeffect is observedin
thephysiologicalparameters,an event is signaledto indicatethat themedicine
wasactuallyused.However, we donot considertheadverseeffect themedicine
may have on thepatient. Incorporatingthe informationof medicationsusedto
detecteventsis a dif®cult problem.Firstly, strengthanddurationof theeffectof
themedicationmayvarywith eachindividual. Secondly, it is dif®cult to estimate
theadverseeffectamedicinemayhaveonapatient.Wehavepreliminaryresults
to show theutility of suchinformationfor eventdetection.

Example:

If (RR "abrupt decrease"
and SBP "abrupt decrease"
and HR "stable")

If (Time Anesthetic detected � 40 sec)
then Event (Start Anesthesia)

� Pre-opDiagnosis

Before the patientis broughtinto the surgery, the patientscondition is evalu-
ated. The evaluationincludestaking noteof the vital signs,any medicalcare
provided,a physicalexaminationandany othernotablemedicalcondition.The
pre-opdiagnosisis usedto initialize theeventhistory. Theactionstakenduring
the surgeryalsodependon the pre-opdiagnosis.We experimentedwith using
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this information in detectingevents. For example,if the patientwasbleeding
excessively prior to the surgery, detecting¯uid infusionsduring the surgery is
moreaccurate.Currentlywe usepre-opdiagnosisto only provide cluesabout
thepatientsconditionbeforethesurgerystarts.

5 Electronic Medical Encounter Record

TheEMR canbedisplayedon a computerscreenin theoperatingroom. It providesa
summaryof thepatientpro®le, thepre-opdiagnosisandlaboratoryreports.Thevital
signsof the patientare updatedperiodicallyon the screenduring the surgery. The
eventlist getspopulatedaseventsaredetected.A partof thescreenis usedto show the
medicinesandthesurgical staff asdetectedby theRFID system.As membersof the
surgical teamenterandleave theOR,thescreenis updatedto show only thosepresent
in theroom.For eacheventwesavethevital signsof thepatientat thatinstantof time.
Giventhecompletevideoof thesurgery, videoclips for eachof eventsarecreatedand
thecorrespondingvideourl is storedin themedicalencounterrecord.Whenreviewed
at any time after thesurgery, the surgeoncaninteractwith the recordto seethevital
signsof the patientat the major points in the surgery. Insteadof viewing the entire
videofootageof thesurgery, thesurgeoncanbrowsethroughthekey partsof thevideo
by selectinganeventfrom theeventlist. Figure 6 showsa snapshotof theEMR.

Figure6: ElectronicMedicalEncounterRecord
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6 Results

In this sectionwe describethe testenvironmentwe usedto evaluateour system.We
usedphysiologicaldatasetsfrom theHumanPatientSimulator(HPS) [5] calledStan,
manufacturedby theMETI Inc. It is a complex systemthatemulatesthehumanbody
responseto medicaltreatment.Thesimulatoris usedto trainmedicalstudents.

Stan,shown in Figure 7, canbe loadedwith variouspatientpro®les. For example,
thedoctorcould createan asthmaticpatientwith chronicheartdiseasewho is taking
a handfulof certaindrugsandis currentlyexperiencinganaphylacticshock,a severe
allergic reaction. The medicalstudentsin turn have to ®gure out how to treat the
patient.If medicationis required,thedrugsare”administered”by scanninga barcode
on a syringe.Thecomputerproducesin Stanthephysiologicalresponsethatthedrug
wouldhaveproducedin apatientwith thatmedicalcondition.

Thissystemwasmadeavailableto usby theAir ForceSimulationCenteratUniversity
of MarylandMedical School. In order to evaluateour systemwe usedtwo custom
scenarios.This systemwasdevelopedasa partof theTraumapod[8] which focuses
on traumacareon thebattle®eld. Hencewe choseto usetraumarelatedscenariosto
evaluateour system. The HPSremainsin eachof the statesin a given scenariofor
a ®xed periodof time after which it transitionsto the next state. The changesin the
physiologicalparametersof the simulatorare loggedconstantlyand the parameters
vary accordingto thecurrentstateof theHPS.In additionto thescenariosmentioned
below we createdslight variationsof thesescenarios.

6.1 Scenario1: Blunt Trauma Multiple Injuries

This scenarioconsistsof a patientwho hasbeenwoundedin a battle®eld. In this
scenariothe patientis goesthroughthe following statesduring the courseof trauma
care:

� Hypovolemia(Excessbloodloss)
� Tensionpneumothorax
� Decompression
� Fluid Infusions

6.2 Scenario2: GeneralAnesthesia

In this scenariowe subjectthesimulatorto generalanesthesiaandfollow thestepsto
wake thepatientat theendof theprocedure.Thegeneralstepsfollowedare:

� Intubation
� PainRelief
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� AdministerAnesthetic
� MaintainAnesthetic
� ReduceAnesthetic

Figure7: HumanPatientSimulator

Theabove two scenariosaresimulatedon differentpatientpro®les. Eachpatienthas
differentmedicalhistory andpre-opdiagnosis.Eachof the scenarioswassimulated
with ®ve differentpro®les. Slight variationsof the scenariosweresimulatedto give
us more varied datasets. We gathereddatasetsfrom 30 simulationson the METI
system.Thesimulationswererunover7 differentpatientpro®lesfor thetwo scenarios
mentionedabove. Thekey eventsto bedetectedfrom thedatasetsare

� TensionPneumothorax
� Decompression
� Hypovolemia
� Fluid Infusion
� StartAnesthesia
� Externalventilation
� ParalyticAdministered
� ReduceAnesthetic

6.3 PerformanceParameters

� FalseEvent Detection:
Oneof theimportantperformancecharacteristicsof amonitoringalgorithmis the
numberof falsepositive andfalsenegative eventsdetected.An event is a false
negative whenthe event is inappropriateof the input data. A falsenegative is
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generatedwhenthesystemsignalseventsthatdid notoccur. For example:Con-
ditions to detecthypovolemiaareincreasingheartrateanda decreasingblood
pressure.But theseconditionsoccurduringTensionpneumothoraxalso.Failure
to detectchangesin oxygensaturationwill result in signalingof hypovolemia.
Thusa falsenegative for tensionpneumothoraxis detectedanda falsepositive
for hypovolemiais generated.

Sensitivity �

No � of TruePositives
�

No � of TruePositives� No � of FalseNegatives�

Sensitivity of 100%meansthatall eventswererecognizedby thesystem.How-
ever, sensitivity of 100%canbeachievedtrivially by usingall positivetestcases.
Speci®cityof thesystemis alsorequiredfor completeevaluation.

Specif icity �

No � of TrueNegatives
�

No � of TrueNegatives� No � of FalsePositives�

� Latency of detectingevents:
The latency betweenthe occurrenceof an eventandits detectionby the moni-
toring algorithmplaysan importantrole in theperformanceof thesystem.The
event list that the systemconstructsis timestamped.However, the actualtime
of occurrenceof aneventhasa signi®cantimpacton theway theeventis inter-
preted. Thereforethe orderof detectionof eventsandthe time of detectionis
essential.

Figure 8 shows thesensitivity for eachof theeventsandFigure 9 showsspeci®city.

Figure8: Sensitivity of Events

HypovolemiaandFluid Infusionaretheeventswith high falsepositives.Theseevents
dependon thebloodpressureandheartratewhichareaffectedby numberotherpatho-
logical conditions. However, making useof the pre-opdiagnosisreducedthe false
positivesfor theseeventsby 30%.Theevents”ParalyticAdministered”and”Reducing
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Figure9: Speci®cityof Events

Table1: AverageLatency of DetectingEventswith StandardDeviation
Name AverageLatency StandardDeviation

TensionPneumothorax 56.3 11.08
Decompression 29.3 5.44
Hypovolemia 36.8 7.12
Fluid Infusion 35.01 7.86

StartAnesthesia 50.12 12.22
Externalventilation 32.5 7.07

ParalyticAdministered 47.2 13.35
ReducingAnesthetic 9.6 7.3

Anesthetic”show 100%speci®cityandsensitivity asthey aretriggeredonly whenthe
medicineis detectedby theRFID reader. Without RFID, it is dif®cult to detectthese
eventsby just monitoringthephysiologicaldata.

Our rule basecurrentlyhas27 rules. Adding andretractingfactsfrom theknowledge
baseis an expensive operation. We designedthe knowledgebaseto minimize such
operations.As r®d eventsaredetectedfactsareeitherassertedor retracted.For our
rule basewe startwith a knowledgebaseof 12 initial facts.Giventhesizeof therule
base,Table 1 show theaveragelatency andthestandarddeviationof detectingeachof
thekey events.

Thelatency of detectingeventshassigni®cantvariancebetweeneventsdueto thena-
tureof theevents.SomeeventssuchasTensionPneumothoraxdevelopover a period
of timeandhencearenotdetectedimmediately, whereaseventssuchasadministration
of a paralyticproducesigni®cantchangesin the physiologywithin a shortperiodof
time. Thuslatency is interpretedona pereventbasis.
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6.4 TelegraphCQ

To evaluatetheperformanceandscalabilityof TelegraphCQwe conductedsomepre-
liminary tests.Thetestswe performedin a local subnetwork with 100Mbits/sEther-
netcard.Theloadon thenetwork waszero.Fixedamountof datawasstreamedto the
streamengineat a constantrate. Telegraphcqwasdeployedon a Pentium4 machine
with 2.4 GHz CPU, 1.00 GB RAM. The aim was to testamountof dataloadsthat
Telegraphcqcouldhandlewithout lossof data.

To determineamountof datahandled,we log thedatastreamedto TelegraphCQand
compareit with thesummarypresentedby tcq whenit getstheendof thestream.The
amountof datait canhandledependson thequeries.We wereableto generate.722
Mb/secwhich TelegraphCQcould handlewithout lossof data. The queryusedwas
anaggregatequeryto countthenumberof distinct tagsseenin a window. A studyby
[27] Plagemannetal showedthatTelegraphCQis capableof handlingupto3.4Mb/sec
of network datafor certaintypesof queries.They useda network traf®c generatorfor
their loadtests.

In its default con®guration,TelegraphCQis capableof handling64 input datastreams
and32 client connections.Changingthecon®guration,we could increasethenumber
of client anddataconnectionsup to 100. Thenumberof connectionscouldbefurther
increasedby additionalchangesin thecon®guration.Increasingthedataconnections
requiredrecompilationwith the currentversionof TelegraphCQ.ThusTelegraphCQ
caneasilyhandleadditionaldatastreamswith minimalchangesin thecon®guration.

7 Discussion

Thesystemevaluationshowedthat the it had100%sensitivity. However, thedataset
wassmall andwasobtainedfrom a HumanPatientSimulator. The resultsmay vary
with real patientdata. Also as the knowledge-basegrows, additionof new rules to
detectmoreeventsmayincreasethenumberof falsepositives.

Currentlywe usesimplequeriesover thedatastreamsto detectlow-level events.We
maintaina statevariablemodelandusevarioustechniquesto correlatetheselow-level
eventsto infer moremeaningfulevents.Someof theeventcorrelationcanbedoneby
usingappropriatequerieson datastreams.The currentversionof TelegraphCQdoes
notprovidesupportfor sub-queriesandaccessto historicaldata.With supportfor sub-
queriesandaccessto archiveddatain thesubsequentversionwecanmovesomeof the
eventcorrelationrulesto thestreamprocessinglevel.

We useRFID to detectstaff andmedicinesin theoperatingroom. Theuseof RFID in
healthcarepresentsanumberof critical issueuniquehealthcarein additionto thebasic
limitationsof thetechnology.

� Electromagnetic Interfer ence: The healthcareenvironmentis alreadyfull of
safetycritical devicesthataresensitive to radiationat variousfrequencies.
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� Tagging Medical Supplies: We conducteda feasibility study of using RFID
to tag medicalsupplies.The currentstateof art is not sophisticatedenoughto
allow taggingof all medicalsupplies.Thesmallestpassive tagsavailableare1”
x 1”. With tagsof this sizeit is dif®cult to tagitemslike surgical tools,medical
supplieslike cottonballs,sponges,gauzeetc.Tagsthatareof thesizeof agrain
of ricearealsoavailable.But thesetagsaredesignedto embedundertheskinof
cattleor humans.Thesearenot suitableto tagmedicalsupplies.

� Envir onmentHazardsto Tags: Thehealthcareindustrypresentsauniquechal-
lengeto the physicalintegrity of RFID tagsbecauseof its pervasive infection
control measures.Supplieslike sponges,gauzebecomewet with ¯uids. Tags
attachedto clothesmaybedamagedwhenthey arewashed.TheRFID tagswere
originally designedto tagobjectsfor supplychainmanagementandarenot ca-
pableof withstandingharshmedicalenvironments.

Inspiteof the above the limitations, its useis healthcareis expectedto rise rapidly.
Accordingto areportpublishedby IDTechEx [25] ”the market for RFID tagsandsys-
temsin healthcarewill risefrom $90million in 2006to $2.1billion in 2016.Primarily,
this will be becauseof item level taggingof drugsandRealTime LocatingSystems
(RTLS) for staff, patientsandassetsto improve ef®ciency, safetyandavailability and
to reducelosses.” Thetechnologyis expectedto evolve to addresstherequirementsof
RFID in hospitalenvironments.

Anotherimportantaspectto consideris thattheEMR documentsonly thoseeventsthat
aredetectedby thesystem.A completeperioperativerecordhasseveraldetailssuchas
physicalobservationsof thepatientsbody, devicesimplanted,exactamountsof ¯uids
infusedetc.Thesearethekind of detailsthatcannotbededucedfrom thedatasources
wecurrentlyuse.

8 Futur e Work

In this sectionwe describesomeof theongoingextensionswe areimplementingand
enhancementsthatcouldimprovethesystem.

8.1 Traumapod

TraumaPod [8] is aDARPA fundedprojectthatwhoseaimis to developanautomated
medicaltreatmentsystemthatdoesnot requireonsitemedicalpersonnelon the front
lines of battle,andis readyto receive, assess,andstabilizewoundedsoldiersduring
thecritical hoursfollowing injury.

The ®rst phaseof the programis an effort to develop robotic technologyto perform
a totally unmannedsurgical procedurewithin a ®xed facility. A humansurgeonwill
conductall therequiredsurgical proceduresfrom a remotelocationusinga systemof
surgical manipulators.Thesystem's actionsarethencommunicatedwirelesslyto the
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surgerysite. Automatedrobotic systemsprovide necessarysupportto thesurgeonto
conductall phasesof theoperation.

In this unmannedsystem,our systemwill beusedto take surgical notesandcreatean
electronicmedicalencounterrecord.This recordis moresophisticatedanddetailedas
wecaninfer severalmedicallysigni®canteventsby analyzingthemessagesexchanged
betweentheroboticsystems.

8.2 Domain-BasedMedical Ontology

A knowledge-basedsystemrepresentsrelationshipsbetweenobjects,entitiesandcon-
ceptsthatexist in a domainof interest.Ontologyis a speci®cationof suchconcepts.
The relationshipbetweenthe objectsis speci®edin a vocabulary that is usedby the
knowledgesystemsto representknowledge [26]. Within healthinformatics,ontology
is a formal descriptionof a health-relateddomain.

The useof ontologiesin medicineis mainly focusedon the representationand (re-
)organizationof medicalterminologies. Physiciansdevelopedtheir own specialized
languagesandlexiconsto help themstoreandcommunicategeneralmedicalknowl-
edgeand patient-relatedinformation ef®ciently. Suchterminologies,optimizedfor
humanprocessing,arecharacterizedby a signi®cantamountof implicit knowledge.
Medicalinformationsystems,on theotherhand,needto beableto communicatecom-
plex anddetailedmedicalconcepts(possiblyexpressedin differentlanguages)unam-
biguously.

In the perioperative environment,useof a standardizedlanguagedecreasespatients'
risk for injury by eliminatinginconsistency of languageor meaning. This is a dif®-
cult taskandrequiresa detailedanalysisof thestructureandtheconceptsof medical
terminologies.But it canbe achievedby constructingmedicaldomainontologiesfor
representingmedicalterminologysystems.

Thebene®tsof usinga medicalontologyare:
� Ontologiescan help build more powerful and more interoperableinformation

systemsin healthcare.
� Ontologiescansupporttheneedof thehealthcareprocessto transmit,re-useand

sharepatientdata.

Constructingthemedicalencounterrecordusinga domain-basedontologywill make
the recordusableby otherhealth-informaticssystemsfor further processing.Several
groups,suchasGALEN [9], CIMIT [1], SNOWMED-CT [7], have developedmed-
ical ontologiesto representmedicalconcepts.Most groupsfocuson a domainwithin
medicineandhave their ontologyrepresentconceptsrelevantto thedomain.TheUni-
®ed MedicalLanguageSystem(UMLS) [23] is a meta-thesauruscreatedby theNa-
tional Library of Medicine(NLM) that integratestheontologiesdevelopedby various
groups.
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8.3 Supply Tracking with RFID

Supplycountingis animportantprocedureduringa surgery. It is theresponsibilityof
thesurgical teamto ensurethatno supplyis left within thepatientsbodyat theendof
thesurgery. RFID canbeusedto performsupplycountsprovidedall suppliescanbe
tagged.SinceRFID tagscannotbe localized,asanalternatesolutionwe canuselow
frequency readersto detecttagsin a particularzoneof theoperatingroom.Theability
to dividetheoperatingroomin zoneswill allow usto trackthesuppliesin theoperating
roomandensurenosupplyis left within thepatientsbody.

Trackingsuppliesat this granularitycanalsobeusefulin inferring eventsthatarenot
detectablethroughphysiologicaldatastreams.For example,if thesurgeonis holdinga
vascularclampandthesurgeryinvolvesplacinga shunt,we canestimatethetime that
theclampwasusedto clampthebloodvessels.With thecurrentsystem,suchevents
arenotdetectable.

8.4 VideoCapture

Thephysiciansusetheperioperativeandanesthesiarecordsof a surgeryperformedto
gainaninsightinto thecomplicationsproduced,if any, andform a diagnosisbasedon
theanalysisof theserecords.A videoclip of thesurgical site for eachkey eventcan
helpthephysiciangetanaccuratepictureof thepastsurgery. In atrainingenvironment,
the supervisingphysicianor doctor hasto watch hoursof video footageof surgery
performedby residentsto evaluatetheir skills. The medicalencounterrecord;with
videoclips for thekey eventscanimprove theef®ciency andspeedof evaluation.We
needto work onestimatingthetimedurationof eacheventto createclipsof appropriate
length.

9 Conclusion

Wepresentedaprototypeof acontext-awaresystemthatanalyzesdatastreamsin anop-
eratingroomto detectmedicallysigni®canteventsanddocumentthemin anelectronic
encounterrecord.ThesystemusestechnologieslikeRadioFrequency Identi®cationto
acquirecontextual informationsuchasresourcesusedandthestaff presentin theOR.
We exploredtheuseof medicalhistoryandeffect of medicineson physiologyandwe
concludethat suchtechniqueshelp us detectcomplex andmoremeaningfulmedical
events.Thesystemarchitectureis scalableandcanbeeasilyextendedto detectevents
over largernumberof scenarios.
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