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Abstract

We describea prototypesystemto captureand interpretdatain a perioper
ative ervironmentin orderto constructan ElectronicM edical EncounterRecord
(EMR). TheEMR recordsandcorrelatesigni cant medicaldataandvideostreams
with aninferredhigherlevel eventmodelof the sulgery Informationfrom Radio
Frequenyg Identi cation (RFID) tagsprovidesbasiccontext informationincluding
thepresencef medicalstaf, devices,instrumentandmedicationin theoperating
room (OR). Patientmonitoring systemsand sensorssuchas pulse oximetersand
anesthesianachinegprovide continuousstreamsf physiologicaldata. Theselow
level datastreamsareprocessedby the TeleggraphCQadaptve data ow systemto
generatenigherlevel primitive events,suchasa nurseenteringthe OR. A hierar
chicalknowledge-basedventdetectionsystemcorrelateprimitive events,patient
dataandwork ow datato infer high-level events,suchasthe onsetof anesthesia.
TheresultingEMR providesmedicalstaf with a permanentecordof the suigery
thatcanbe usedfor subsequendvaluationandtraining.

1 Intr oduction

In aperioperatiesetting,hundred®of patientsandstaf maybe owing throughdozens
of operatingroomson a daily basisin a single facility. Typically, onethird of the
patientsareunschedule@ndidenti®edonly onthedayof sugery. Theresultingchaos
canbe overwhelming,evenwith someform of electronichealthrecord(EHR) system
(currentlyavailablein 12

In the Pre-Operatie periodthe perioperatie systemneedgo orchestratendmonitor
thefollowing actuities:

Patientidenti®cation

Determinestaf readiness
Con®rmoperatinggoomreadiness
Assuresuppliesandequipmentvailability

Capturedataon incoming medical record, capturevitals, 1/Os, pre-operatie
medicationstests,andscans

Monitor patiententryinto operatingroom
Monitor patientreadiness

Monitoring patiententryinto the operatingroomandpatientreadines$or sulgeryare
critical to successfubutcomesparticularlywith respecto patientsafety Automated
monitoringof positioningandtiming of the patientcanreducemanualdataentry; in-

creaseaccurag, andprovide analyticaldataessentiato planningfor processmprove-
ment.

Our goal is to develop a Context-Aware Perioperative Information Systenthat will
automatamostof theperioperatre supporfunctionssuchaspatienttracking,inventory



management¢linical documentatioretc with the help of penasive computingand
semantiovebtechnologiesin this paperwe presenthe prototypefor a context-aware
systento createelectronicmedicalencounterecordto documenthe eventsoccurring
duringasumery.

Clinical recordkeepingin high velocity healthcaralelivery ervironmentdik e suigery
is a necessarand critical task. It is alsoa time consumingtask that detractsfrom
handson patientcareandcontributesto extraordinarylabor costsassociatedvith col-
lecting, transcribingand re-keying recordsthroughoutthe perioperatie process.The
detailsof the surgeryaredocumentedh patientchartscalledthe Perioperative Recod
. This recordcontainsinformationaboutthe patientsvital signsat periodicintervals,
medicinesadministeredcomplicationsif ary, suppliesandtools usedetc. Errorsin

medicaldocumentatiorcostbillions of dollarsto the healthindustry every year [6].

Inaccurateecordsput not only the patientbut alsothe healthcargrovider atrisk [4]

[20].

Thedatarecordedduring the perioperatie procesecomea partof the patientsmed-
ical history andis usedby physiciansto give further treatmentto the patient. Data
collectionin the operatingroomis complicateddueto severalreasons Firstly, multi-
ple providers(eg, surgeonsanesthesiaareproviders,nursesyecorddatafor a single
careevent(ie, the patients sumgery). Secondlyinformationcollectedby oneprovider
is notreadilyavailableto another Thirdly, experiencedursesassesthe patients'con-
dition accuratelyand provide appropriateareatmentsometimesvithout documenting
theseproceduresthus,duplicationor differencesccurin documentationgatagather
ing canbecumbersomeandnotall detailsarerecorded.

An ElectronicMedicalRecord EMR), hasthepotentialto reducedocumentatioerrors
by minimizing dataredundang andproviding accuratedetailsof the ongoingsurgery
[2] [1Q]. Formally,anEMR is amedicalrecordor ary otherinformationrelatingto the
past,presenbr futurephysicalandmentalhealth,or conditionof a patient thatresides
in computerswhich processhis datato deliver moreef®cient health-relatecervices.
The EMR is an essentiapart of systemdik e the Traumapod[8] wheresumgeriesare
performedby remotelycontrolledrobotsand no humansareinvolvedin the process.
Only the EMR canprovide detailsof the eventsoccurringduringthe suigery:.

The context-aware EMR recordsand correlatessigni®cantmedical data and video
streamsvith aninferredhigherlevel eventmodelof thesumgery. A hierarchicaknowledge-
basedevent detectionsystemcorrelatesprimitive events, patientdataand work ow
datato infer high-level events,suchasthe onsetof anesthesia.The resultingEMR
provides medicalstaf with a permanentecordof the suigery that can be usedfor
subsequergvaluationandtraining.

2 Context-Aware System

The operatingroom (OR) hasseveral medicaldevicesthat provide informationabout
the patientsstatus.In additionto thesedevices,we candeploy sensorsn the OR that



canprovide uswith betterview of theactuities occurringin the operatingroomduring
asumgery. We de®nea medicallysigni®canteventasary eventthataffectsor is a part
of the sumgical procedure.Many systems[29] [21] [28] have beenbuilt that mon-
itor physiologicalparameter®f a patientandsignalalarmingconditions. Healthcare
providersusethesealarmsascuesasit is not possibleto maintaina constantigil over
the patients'healthstatus. The alarmsarein the form of anaudioalertor a message
displayedonthe computerscreernthatcanbe seenby the healthcargrovider.

Most of thesealarmsarelow-level alarmssuchastachycardiagpneaor any otherab-
normal pathologicalstate. Suchlow level alarmshardly provide ary detail aboutthe
patientscondition. To provide more meaningfulinformation the alarmsor medical
eventsneedto beinterpretedat a higherlevel anddocumentedin additionto physio-
logical datawe canmake useof datastreamdrom sensorghatcanbe deployedin an
operatinggoomto captureadditionaleventssuchastoolsandmedicinesusedandiden-
tities of the memberf theclinical staf. In our researctwe usethe RadioFrequeng
Identi®cation(RFID) systemto detectmedicalsuppliestoolsandthe staf.

3 RelatedWork

Analyzing the patients'physiologicaldatato detectalarmingconditionshasbeena
subjectof researctor over a decade.Several patientmonitoring systemshave been
developedthat alert the healthcareprovider to alarmingconditions. InCare [29],is
one of the earliestautomatedsystemsto detecteventsin post-cardiacoperatedpa-
tients. InCarehada rule-basedystemthat usedmulti-variableandtrend basedanal-
ysis of physiologicaldatato detectevents. Similarly, Schecle etal [28] designeda
knowledge-basedecisionsupportsystemfor patientmonitoringin cardioanesthesia.
Themedicationsisedandprogresf the suigerywasfed into the systemmanuallyby
oneof thememberof the sumgical staf.

[11] Hewlett PackardLabshasrecentlydevelopeda framework thatallows develop-
mentof scalablesoftwaresystemso monitorandanalyzecontinuousstreamsf data.
A prototypesystenBioStreamwasimplementedo shaw its usein remotepatientmon-
itoring. BioStreamis built on top of streamdataprocessingarchitectureor realtime
processin@f physiologicakignals.They useadatabase-orienteapproactio analyzes
datastreamsThestreamsaresubjectedo “operators"thatbelongto a partof a patient
plan. Thecurrentprototypeis capableof identifying simplepathologicaktonditionsby
monitoringECGsignals.

Bardramet al [12] developeda context-awareinfrastructureto build context-aware
applicationdfor a hospitalervironment. The infrastructureincludessensorgo detect
presencef thenursein theroom,asmartpill containerasmarthospitalbedto identify

thepatient.RadioFrequeng Identi®cation(RFID) is usedto detectthe peopleandthe
medicationdeingused.A Contet-AwareElectronicPatientRecordwasdesignedo

presenaanuserinterfacethatadaptdasedn the currentcontext.

Thoughthe individual componentf our systemsuchas the algorithmsto analyze



physiologicaldata,streanprocessingf datahave beenstudiedin previoussystemsto
the bestof our knowledgeno systemhasyet beendevelopedto createan EMR in the
perioperatie ervironment. We developeda context-aware systemthat monitorsand
analyzeghe datastreamdrom variousmedicalequipmentsand createan Electronic
Medical EncounterRecord,accordingto the inferencesnadeby analyzingthe data
streamsjn a perioperatre ervironment. The sumical teamcanseethe recordbeing
populatedn real-timewhichensureshateveryones awareof the progresdeingmade
andof the patientshealthstatusat all times. The systemwasdesignedo detectevents
duringtraumacareandgenerabnesthesiacenarios.

4 SystemAr chitecture

The context-awaresystemis designedasa 3-tier eventdetectionsystem.Eventsat the
lower levels are processedo infer high-level events. Datais collectedfrom various
sensordn the operatingroom and this datais processedo reconstructhe sumical
context andinfer the medicallysigni®cantevents.
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Figurel: SystemArchitecture

4.1 Data Sources

Patient Monitors The operatingroom hasseveral patientmonitoring systems
that track the patientsphysiologicalparameters.For example, pulse oximeter
monitorsblood oxygensaturationlevels, vitals signsmonitorstrack heartrate,



blood pressureetc. To monitor the patientscondition during the suigery, the
suigical teammonitorsthe valueand changein physiologicalparameters We
usedatastreamdrom thesepatientmonitorsto determinethe stateof the patient
duringthesumery.

Radio Frequencyldenti cation (RFID) The medicalsuppliesand tools are
taggedwith passve RFID tags.RFID is alsousedto determinethe staf present
in the OR. Readingsrom the RFID readerare analyzedto determinethe re-

sourcesusedduringthe sugery andthe teamperformingthe surgery. Figure 2

shavs thedatasourcesisedto acquirecontextualinformationin the OR.

Figure2: DataSourcesn OperatingRoom

4.2 Data StreamManagementSystem: TelegraphCQ

The patientmonitoringsystemsandthe RFID reademproducesontinuousstreamsof
datathatneedto be processe@ndanalyzedn real-timeto detectevents. Traditional
databaseystemshave beendesignedo manage®nite datasetswhereclient queries
areprocessedmmediatelyagainstdatastoredin tables.In applicationghatprocesses
continuougdatastreamsglientsrequirelong-runningcontinuousguerieshatareeval-
uatedasdatastreamghroughthe application.For example,consideraqueryin astock
market applicationthat monitorsthe stockupdates.”For the ®ve mostrecenttrading
daysstartingtoday selectall stocksthatclosedhigherthanMSFT onagivenday. Keep
thequerystandingfor twentytradingdays”.

We usea datastreanmanagemergystem,TelegraphCQ[13], developedat University
of California,Berkeley to processhe physiologicalandRFID datastreamsDatafrom
patientmonitorsand the RFID readeris pushedto the streamenginecontinuously
Queriesoverthesedatastreamsarespeci®edveratime window. As new dataarrives,
thequeriesareevaluatedandresultsarereturnedo theclient. Thesequeriesarecalled
"ContinuousQueries”.We canhave severaldatasourceshatcanconnecto thestream-
processingngine.Queriescanbealsobespeci®edacrosstream®f dataor streaming



dataanddatain statictables. In traditionaldatabaseystemsgdatais stored/ind&ed.
Whenqueriesarereceved,the queriesare processedgainstdatastoredin tablesand
resultsarereturnedto the client whereasn a streammanagemensystemqueriesare
stored/indeedandareevaluatedasdata ows throughthe system.

Figure3: TraditionalDatabasé&/s StreamManagemenSystem

4.3 Analyzing PhysiologicalData

Physiologicalparameterse ecta patientshealthstatus.Interpretationof physiologi-
cal datato infer the patientsconditionis a challengingproblem. Someof the earliest
dataanalysissystemausedsimplelimits on physiologicalparametergor basicinter-
pretation. The more advancedsystemsconsideredlependenciebetweenparameters
to provide more meaningfulinterpretations[29] [21] [28]. The problemwith such
systemss the high rate of falsepositive or false negative events. The poor perfor
mancewasdueto thefactthatphysiologicaldatawasinterpretedndependentlyf the
clinical conditionsin which the datawasacquired.Physiologicalparametersot only
dependdn thephysiologicprocessebut alsoon factorssuchaspatientscurrentcondi-
tion, medicalhistory, medicinesadministerecandthe sequencef occurrencef other
events.Most systemgonsidemnly a subsebf thesefactors.

Eachparametehasa rangeof valuesthat can be classi®edas normal or abnormal.
However, givenadatavalue thereis nosetthresholdhatwill deterministicallyclassify
the value as normal or abnormal. Also as mentionedabove the interpretationof a
parametewarieswith the clinical context. We usethe fuzzy settheoryto capturethis
uncertaintyin medicaldata. Fuzzy membershigunctionsare usedto classify data
values. The valuecanbe "very low”, "low”, "normal”, "high” or "very high”. Rate
of changeis anotherimportantfactor that is usedto determinethe health statusof
the patient. The changecanbe "constant”, "stable” or "abrupt” andthe valuecanbe
"increasing”or "decreasing”. The valueandrate of changeof valueis usedto detect
events.

Givenadatavalue ,themembershipfunctionsdeterminghedegreeto which thevalue
belonggo a particularset. Thevalueof themembershiariesbetweer0 and1 where
1impliesabsolutemembershipThesetpointsusedto de®netherangeof valuesvaries



with eachpatient. For example,the rangeof normalblood pressurdor a hypotensie
patientwill bedifferentthantherangefor a patientwith normalblood pressureln the
currentversionof the systemthe setpoint for eachparameteis presetfor a patient.
Futureversionsof the systemwill settheselimits by analyzingthe patientsmedical
historyandthe pre-opdiagnosis.

The membershigunctionsusedfor eachparameteweredifferentandpartitioningof
therangeof valueswasdeterminedy eliciting informationthroughintervievswith an
anesthesiologistSomeof thefunctionsusedwere [24] TriangleFuzzySeflrapezoid-
FuzzySetSFuzzySeetc. To defuzzifythevalueswe usethe maximumdefuzzi®cation
function. In this methodthe meanof the x values,with maximummembershipsalues
overtheentiresetof Fuzzy\aluesis calculated.

Figure4: FuzzyRule-Basedystem

4.4 Analyzing RFID Data streams

Figure 5 shows the RFID systemwe usedin our prototype. We usedthe Symbol
AR400 900MHz Readerand passve RFID tags. An RFID tag hasa unique 96-bit
identi®er calledthe ElectronicProductCode(EPC).The RFID readerreturnsthelist
of EPCcodesit detects.We implementedhe Byte StreamProtocolto interfacewith
the RFID reader The RFID API we developedprovidesa layerof abstractiorover the
low level protocol. The API processesesultsfrom the RFID reader

The RFID modulepollsthereaderperiodicallyto getthelist of RFID tagsvisible. The
passve tagsusethe enegy incidentfrom the readey to returntheir EPC code. The
readereadshetagsatits own internalfrequeng. Hencethesametagmaybereported
morethanoncein thelist of tagsdetectedWhenmary tagsarein closeproximity, the
signalsreturnedby the tag collide andresultin lossof data. Thusa singlereadfrom

thereaderis not suf®cient to detectall tagsreliably. We usesomeheuristicsthatwe
determinedexperimentallyto determinethe visibility of the RFID tags.We aggreyate
RFID datafor atime periodof 30 secondsndthencountthe numberof timesatagis

seenin thistime period. Thereadelis sampledevery 2 seconds.

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



Figure5: RFID System

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

4.5 Techniquesto Correlate Low-Level Events

We have a hierarchicaleventdetectionsystem whereeventsat lower-level are corre-
latedto infer high-level events. A rule-basedsystem, JESS [3] with FuzzyJlibrary,
is usedto de®nethe rulesto correlateevents. The knowledgebasewasdevelopedby
gatheringinformationfrom an anesthesiologidby interviews andfrom medicalliter-
ature [18] [15] [17] [16] [19] [30] [14] which describemethodsto analyzeand
interpretphysiologicaldata. Thetechniquesiseto correlatethe eventsare:

Multi-v ariable Analysis

Monitoring a physiologicalparametein isolationdoesnot give muchinforma-
tion aboutthe stateof the patient. Colemanet al [31] statethat "eachphysi-
ologic statevariableis intimately relateddirectly andindirectly to mary others
by relationshipgshat dependon the condition of the subject”. This meansthat
physiologicparameteraotonly depencn physiologicprocessebut arealsoaf-
fectedby the patientscurrentcondition. For examplelow anddecreasindplood
pressuredoesnot give signify too muchdetail. However, low anddecreasing
blood pressurawith high andincreasingheartrateimplies potentialloss of "u-
ids. Monitoring a physiologicalparameterlongwith its relationshipwith other
parametersielpsdeterminemoremeaningfulevents.

Event History

A high level eventis a compositionof low-level events. The compositioncan
be a conjunctionor disjunctionof events [22]. In a conjunction,the high level
eventis signaledonly whenall the low-level eventsare detectedwhereasn a



disjunctionthe high level eventis signaledwhen at leastone of the low level
eventsis detected.

Example: Event Conjunction

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

Eventhistoryis a setof low-level andhigh-level eventsalreadydetected.Low-
level eventsneedto beconsideredn the context of the eventsthatoccurredprior
to thecurrenteventto infer additionalevents.A suigerycanbeviewedasa®nite
statemachinewherethe complex high-level eventsgovernthe statetransitions.

Effect of Medicines

The medicinesadministerediuring the suigery, may or may not have a signif-
icant effect on the patientsphysiology Time the medicinewas administered,
effectsexpecteddurationof effectandtime to affectaresomeof thefactorsthat
needto be taken into accountto detecttheir effect in the physiologicalparam-
eters. The RFID systemsignalswhena medicineis detectedn the operating
room. Detectionof the medicinedoesnot imply if the medicinewas actually
administered.In the currentversionof the systemwe recordall the medicines
detectedby the RFID system.For thosemedicineswvhoseeffect is obsenedin
the physiologicalparametersan eventis signaledto indicatethat the medicine
wasactuallyused.However, we do not considerthe adwerseeffect the medicine
may have on the patient. Incorporatingthe information of medicationsusedto
detecteventsis a dif®cult problem.Firstly, strengthanddurationof the effect of
themedicatiormayvarywith eachindividual. Secondlyit is dif®cult to estimate
theadwerseeffectamedicinemayhave on apatient.We have preliminaryresults
to shav the utility 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 patientsconditionis evalu-
ated. The evaluationincludestaking note of the vital signs,ary medicalcare
provided,a physicalexaminationandary othernotablemedicalcondition. The
pre-opdiagnosids usedto initialize the eventhistory. The actionstakenduring
the sugery alsodependon the pre-opdiagnosis.We experimentedwith using
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this informationin detectingevents. For example,if the patientwas bleeding
excessiely prior to the suigery, detecting uid infusionsduring the sumgery is
more accurate.Currentlywe usepre-opdiagnosisto only provide cluesabout
the patientsconditionbeforethe surgerystarts.

5 Electronic Medical Encounter Record

The EMR canbedisplayedon a computerscreenn the operatingroom. It providesa
summaryof the patientpro®le, the pre-opdiagnosisandlaboratoryreports. The vital
signsof the patientare updatedperiodically on the screenduring the suigery. The
eventlist getspopulatedaseventsaredetectedA partof thescreeris usedto shav the
medicinesandthe sumgical staf asdetectedby the RFID system.As membersf the
suigicalteamenterandleave the OR, thescreeris updatedo shav only thosepresent
in theroom. For eacheventwe save thevital signsof the patientat thatinstantof time.
Giventhe completevideo of the suigery; videoclips for eachof eventsarecreatedand
the correspondingideourl is storedin the medicalencounterecord. Whenreviewed
at ary time after the surgery, the suigeoncaninteractwith the recordto seethe vital
signsof the patientat the major pointsin the sugery. Insteadof viewing the entire
videofootageof thesumgery, thesuigeoncanbrowsethroughthekey partsof thevideo
by selectinganeventfrom theeventlist. Figure 6 shovs a snapshotof theEMR.

Figure6: ElectronicMedicalEncounteiRecord
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6 Results

In this sectionwe describethe testervironmentwe usedto evaluateour system.We
usedphysiologicaldatasetsfrom the HumanPatientSimulator(HPS) [5] calledStan,
manufcturedoy the METI Inc. It is a complex systenthatemulategshe humanbody
responséo medicaltreatmentThe simulatoris usedto train medicalstudents.

Stan,shawvn in Figure 7, canbe loadedwith variouspatientpro®les. For example,
the doctorcould createan asthmaticpatientwith chronicheartdiseasavho is taking

a handfulof certaindrugsandis currently experiencinganaphylacticshock,a severe

allemgic reaction. The medical studentsin turn have to ®gure out how to treat the
patient.If medicationis requiredthedrugsare”administered™by scanninga barcode
onasyringe. The computemproducesn Stanthe physiologicalresponsé¢hatthe drug

would have producedn a patientwith thatmedicalcondition.

This systemwasmadeavailableto usby the Air ForceSimulationCenterat University
of Maryland Medical School. In orderto evaluateour systemwe usedtwo custom
scenarios.This systemwasdevelopedasa part of the Traumapod[8] which focuses
on traumacareon the battle®eld. Hencewe choseto usetraumarelatedscenariogo
evaluateour system. The HPS remainsin eachof the statesin a given scenariofor
a ®xed period of time afterwhich it transitionsto the next state. The changesn the
physiologicalparameter®f the simulatorare logged constantlyand the parameters
vary accordingto the currentstateof the HPS.In additionto the scenariosnentioned
belon we createdslight variationsof thesescenarios.

6.1 Scenariol: 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: General Anesthesia

In this scenariove subjectthe simulatorto generalanesthesiandfollow the stepsto
wake the patientat theendof the procedure The generaktepsfollowedare:
Intubation

Pain Relief

12



AdministerAnesthetic
Maintain Anesthetic

ReduceAnesthetic

Figure7: HumanPatientSimulator

The above two scenariosare simulatedon differentpatientpro®les. Eachpatienthas
differentmedicalhistory and pre-opdiagnosis. Eachof the scenariosvas simulated
with ®ve differentpro®les. Slight variationsof the scenariosvere simulatedto give
us more varied datasets. We gathereddatasetsfrom 30 simulationson the METI
system.Thesimulationswererun over 7 differentpatientpro®lesfor thetwo scenarios
mentionedabove. Thekey eventsto be detectedrom the datasetsare

TensionPneumothorax
Decompression
Hypovolemia

Fluid Infusion
StartAnesthesia
Externalventilation
Paralytic Administered
ReduceAnesthetic

6.3 PerformanceParameters

FalseEvent Detection:

Oneof theimportantperformanceharacteristicef amonitoringalgorithmis the
numberof falsepositive andfalsenegative eventsdetected.An eventis a false
negative whenthe eventis inappropriateof the input data. A falsenegative is
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generateadvhenthe systemsignalseventsthatdid notoccur For example:Con-
ditions to detecthypovolemiaare increasingheartrate and a decreasinglood
pressureBut theseconditionsoccurduring Tensionpneumothoraalso. Failure
to detectchangesn oxygensaturationwill resultin signalingof hypovolemia.
Thusa falsenegative for tensionpneumothoraxs detectedanda falsepositive
for hypovolemiais generated.

No of TruePostives

Senstivit — .
ity No of TruePostives No of FalseNggatives

Sensitvity of 100%meanghatall eventswererecognizedy the system.How-
ever, sensitvity of 100%canbeachievedtrivially by usingall positive testcases.
Speci®cityof the systemis alsorequiredfor completeevaluation.

No of TrueNegatives
No of TrueNegatives No of FalsePstives

Specificity

Latency of detectingevents:

The lateny betweerthe occurrenceof an eventandits detectionby the moni-
toring algorithmplaysanimportantrole in the performanceof the system.The
eventlist that the systemconstructss timestamped.However, the actualtime
of occurrenceof aneventhasa signi®cantimpacton the way the eventis inter-
preted. Thereforethe order of detectionof eventsandthe time of detectionis
essential.

Figure 8 shawvsthesensitvity for eachof theeventsandFigure 9 shavs speci®city

Figure8: Sensitvity of Events

HypovolemiaandFluid Infusionarethe eventswith high falsepositives. Theseevents
dependnthebloodpressureandheartratewhich areaffectedby numberotherpatho-
logical conditions. However, making use of the pre-opdiagnosisreducedthe false
positivesfor theseaventsby 30%. Theevents’ParalyticAdministered’and”Reducing

14



Figure9: Speci®cityof Events

Tablel: Averagel ateng of DetectingEventswith Standardeviation

Name Averagelatengy | Standardeviation

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 325 7.07

Paralytic Administered 47.2 13.35

ReducingAnesthetic 9.6 7.3

Anesthetic’shav 100%speci®cityandsensitvity asthey aretriggeredonly whenthe
medicineis detectedby the RFID reader Without RFID, it is dif®cult to detectthese
eventshy just monitoringthe physiologicaldata.

Ourrule basecurrentlyhas27 rules. Adding andretractingfactsfrom the knowledge
baseis an expensve operation. We designedthe knowledgebaseto minimize such
operations.As r®d eventsare detectedactsare eitherassertedr retracted. For our
rule basewe startwith a knowledgebaseof 12 initial facts. Giventhe sizeof therule
base Table 1 shav theaveragedateng andthe standardieviation of detectingeachof
thekey events.

Thelateng of detectingeventshassigni®cantvariancebetweeneventsdueto the na-
ture of the events. Someeventssuchas TensionPneumothoraxievelop over a period
of time andhencearenot detectedmmediatelywhereasventssuchasadministration
of a paralytic producesigni®cantchangesn the physiologywithin a shortperiod of
time. Thuslateng is interpretecbn a pereventbasis.
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6.4 TelegraphCQ

To evaluatethe performanceandscalability of TelegraphCQwe conductedsomepre-
liminary tests.Thetestswe performedn alocal subnetwork with 100 Mbits/s Ether

netcard. Theloadonthe network waszero. Fixedamountof datawasstreamedo the
streamengineat a constantate. Telegraphcgwasdeployed on a Pentium4 machine
with 2.4 GHz CPU, 1.00 GB RAM. The aim wasto testamountof dataloadsthat
Teleggraphcaecould handlewithoutlossof data.

To determineamountof datahandled,we log the datastreamedo TelegraphCQand
compardt with thesummarypresentedby tcqwhenit getsthe endof the stream.The
amountof datait canhandledependson the queries. We wereableto generate722
Mb/secwhich TelegraphCQcould handlewithout loss of data. The queryusedwas
anaggreatequeryto countthe numberof distincttagsseenin awindow. A studyby
[27] Plagemanmetal shovedthat TelegraphCQis capableof handlingupto 3.4 Mb/sec
of network datafor certaintypesof queries.They useda network traf®c generatofor
theirloadtests.

In its default con®guration,TelegraphCQis capableof handling64 input datastreams
and32 client connectionsChangingthe con®gurationwe could increasehe number
of clientanddataconnectionsip to 100. The numberof connectiongouldbe further
increasedy additionalchangesn the con®guration.Increasinghe dataconnections
requiredrecompilationwith the currentversionof TelegraphCQ.Thus TelegraphCQ
caneasilyhandleadditionaldatastreamswith minimal changesn the con®guration.

7 Discussion

The systemevaluationshaved thatthe it had100%sensitvity. However, the dataset
was small andwas obtainedfrom a HumanPatientSimulator The resultsmay vary
with real patientdata. Also asthe knowledge-basegrows, addition of new rulesto
detectmoreeventsmayincreasehe numberof falsepositives.

Currentlywe usesimplequeriesover the datastreamso detectlow-level events. We
maintaina statevariablemodelandusevarioustechniquego correlatethesdow-level
eventsto infer moremeaningfulevents. Someof the eventcorrelationcanbe doneby
usingappropriatequerieson datastreams.The currentversionof TelegraphCQdoes
notprovide supportfor sub-querieandaccesso historicaldata.With supportfor sub-
queriesandaccesso archiveddatain the subsequentersionwe canmove someof the
eventcorrelationrulesto the streamprocessindevel.

We useRFID to detectstaf andmedicinedn the operatingroom. The useof RFID in
healthcarg@resentsa numberof critical issueuniquehealthcarén additionto the basic
limitations of thetechnology

Electromagnetic Interfer ence: The healthcareervironmentis alreadyfull of
safetycritical devicesthataresensitve 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 sophisticatecenoughto
allow taggingof all medicalsupplies.Thesmallestpassie tagsavailableare1”
x 1". With tagsof this sizeit is dif®cult to tagitemslik e sumgicaltools, medical
suppliedik e cottonballs,spongesgauzeetc. Tagsthatareof the sizeof agrain
of rice arealsoavailable.But thesetagsaredesignedo embedunderthe skin of
cattleor humans.Thesearenot suitableto tagmedicalsupplies.

EnvironmentHazardsto Tags: Thehealthcaréndustrypresents uniquechal-
lengeto the physicalintegrity of RFID tagsbecausef its penasie infection
control measures Supplieslike spongesgauzebecomewet with "uids. Tags
attachedo clothesmaybedamagedvhenthey arewashed.The RFID tagswere
originally designedo tag objectsfor supplychainmanagemerandarenot ca-
pableof withstandingharshmedicalervironments.

Inspite of the above the limitations, its useis healthcards expectedto rise rapidly.
Accordingto areportpublishedoy IDTechEx [25] "the marketfor RFID tagsandsys-
temsin healthcarevill risefrom $90million in 2006to $2.1billion in 2016. Primarily,
this will be becausef item level taggingof drugsand Real Time Locating Systems
(RTLS) for staf, patientsandassetgo improve ef®ciencgy, safetyandavailability and
to reducelosses. Thetechnologyis expectedo evolve to addresghe requirement®f
RFID in hospitalervironments.

Anotherimportantaspecto consideiis thatthe EMR document®nly thoseeventsthat
aredetectedy thesystem A completeperioperatie recordhasseveraldetailssuchas
physicalobsenationsof the patientsbody; devicesimplanted,exactamountsof uids
infusedetc. Thesearethekind of detailsthatcannotbe deducedrom thedatasources
we currentlyuse.

8 Future Work

In this sectionwe describesomeof the ongoingextensionswe areimplementingand
enhancementhatcouldimprove the system.

8.1 Traumapod

TraumaPod [8] is a DARPA fundedprojectthatwhoseaimis to developanautomated
medicaltreatmentsystemthat doesnot requireonsitemedicalpersonnebn the front
lines of battle,andis readyto receve, assessand stabilizewoundedsoldiersduring
thecritical hoursfollowing injury.

The ®rst phaseof the programis an effort to develop robotic technologyto perform
a totally unmannedsumgical procedurewithin a ®xed facility. A humansurgeonwiill
conductall the requiredsumgical proceduresrom a remotelocationusinga systemof
sugical manipulators.The systems actionsarethencommunicatedvirelesslyto the
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suigery site. Automatedrobotic systemsprovide necessargupportto the suigeonto
conductall phase®f the operation.

In thisunmannedystem our systemwill be usedto take sumgical notesandcreatean
electronicmedicalencounterecord.This recordis moresophisticateénddetailedas
we caninfer severalmedicallysigni®canteventsby analyzingthe messagesxchanged
betweertheroboticsystems.

8.2 Domain-BasedMedical Ontology

A knowledge-basedystenrepresentselationshipsetweerobjects entitiesandcon-
ceptsthat exist in a domainof interest. Ontologyis a speci®catiorof suchconcepts.
The relationshipbetweenthe objectsis speci®edin a vocahulary thatis usedby the
knowledgesystemso represenknowledge [26]. Within healthinformatics,ontology
is aformal descriptionof a health-relatedlomain.

The useof ontologiesin medicineis mainly focusedon the representatiorand (re-
)organizationof medicalterminologies. Physiciansdevelopedtheir own specialized
languagesndlexiconsto help them storeand communicategeneralmedicalknowl-
edgeand patient-relatednformation ef®ciently. Suchterminologies,optimizedfor
humanprocessingare characterizedy a signi®cantamountof implicit knowledge.
Medicalinformationsystemspn the otherhand,needto be ableto communicateom-
plex anddetailedmedicalconceptgpossiblyexpressedn differentlanguagesyinam-
biguously

In the perioperatie ervironment,useof a standardizedanguagedecreasegatients'
risk for injury by eliminatinginconsisteng of languageor meaning. This is a dif®-
cult taskandrequiresa detailedanalysisof the structureandthe conceptof medical
terminologies.But it canbe achieved by constructingnedicaldomainontologiesfor
representingnedicalterminologysystems.

Thebene®twf usinga medicalontologyare:

Ontologiescan help build more powerful and more interoperableinformation
systemsn healthcare.

Ontologiescansupporthe needof thehealthcargrocesso transmit,re-useand
sharepatientdata.

Constructinghe medicalencounterecordusinga domain-basedntologywill make
the recordusableby otherhealth-informaticsystemdor further processing.Several
groups,suchasGALEN [9], CIMIT [1], SNONMED-CT [7], have developedmed-
ical ontologiesto representmedicalconcepts.Most groupsfocuson a domainwithin

medicineandhave their ontologyrepresentonceptselevantto the domain.The Uni-

®ed Medical LanguageSystem(UMLS) [23] is a meta-thesaurusreatedby the Na-
tional Library of Medicine(NLM) thatintegratesthe ontologiesdevelopedby various
groups.
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8.3 Supply Tracking with RFID

Supplycountingis animportantprocedureduringa sumgery:. It is the responsibilityof

the sumgical teamto ensurethatno supplyis left within the patientsbody at the endof

the suigery. RFID canbe usedto performsupplycountsprovidedall suppliescanbe
tagged.SinceRFID tagscannotbe localized,asan alternatesolutionwe canuselow

frequeng readergo detecttagsin a particularzoneof the operatingroom. The ability

todividetheoperatingoomin zoneswill allow usto trackthesuppliesn theoperating
roomandensureno supplyis left within the patientsbody.

Trackingsuppliesat this granularitycanalsobe usefulin inferring eventsthatarenot
detectablehroughphysiologicaldatastreamsFor example,if thesuigeonis holdinga
vascularclampandthe sugeryinvolvesplacinga shunt,we canestimatethetime that
the clampwasusedto clampthe blood vessels With the currentsystem,suchevents
arenotdetectable.

8.4 Video Capture

The physicianausethe perioperatie andanesthesiaecordsof a sugery performecdto
gainaninsightinto the complicationgproducedjf any, andform adiagnosishasedn
the analysisof theserecords.A video clip of the sumgical site for eachkey eventcan
helpthephysiciangetanaccurateictureof thepastsumgery. In atrainingernvironment,
the supervisingphysicianor doctor hasto watch hoursof video footageof suigery
performedby residentsto evaluatetheir skills. The medicalencounterecord; with
videoclips for the key eventscanimprove the ef®cieng/ andspeedof evaluation. We
needio work on estimatinghetime durationof eacheventto createclips of appropriate
length.

9 Conclusion

We presente@ prototypeof acontext-awaresystenthatanalyzeslatastreamsn anop-

eratingroomto detectmedicallysigni®canteventsanddocumenthemin anelectronic
encounterecord.The systemusesechnologiedik e RadioFrequeng Identi®cationto
acquirecontextual informationsuchasresourcesisedandthe staf presenin the OR.

We exploredthe useof medicalhistory andeffect of medicineson physiologyandwe

concludethat suchtechniqueshelp us detectcomplex and more meaningfulmedical

events.Thesystemarchitecturds scalableandcanbe easilyextendedo detectevents
overlargernumberof scenarios.
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