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ABSTRACT

Emergencydepartment(ED)overcrowdingisagrowingprobleminCanada.Manyinterventionshave
beenproposedtoincreasepatientflow.Theobjectiveofthisstudywastopredictpatientadmission
earlyinthevisitwiththegoalofreducingwaitingtimeinEDforadmittedpatients.EDdatafora
one-yearperiodfromThunderBay,Canadawasobtained.Initiallogisticregressionmodelswere
developedusingage,sex,modeofarrival,andpatientacuityasexplanatoryvariablesandadmission
yesornoastheoutcome.Asecondstagepredictionwasmadeusingthediagnostictestsorderedto
furtherrefinethepredictivemodels.Predictiveaccuracyofthelogisticregressionmodelwasadequate.
TheAUCwasapproximately81%.BysummingtheprobabilitiesofpatientsintheED,thehourly
predictionimproved.Thisstudyhasshownthatthenumberofhospitalbedsrequiredonanhourly
basiscanbepredictedusingtriageadministrativedata.
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INTRoDUCTIoN

OvercrowdinginCanadianemergencydepartments(ED)iscommon.Itoccurswhenthedemand
forservicesexceedstheabilityoftheEDtoprovidetimelycare(Roweetal.2006).IntheED,both
physiciansandpatientsoftenexperiencenegativeimpactsrelatedtoovercrowding(DerletandRichards
2000).Interventionstoreducetheimpactofovercrowdingcanbeclassifiedintostrategiesthataffect
patientinput,throughput,andoutput(Bondetal.2006).

Themajorityofinterventionstodecreaseovercrowdingandincreasepatientflowinvolvetheinput
andthroughputstagesofthepatientvisit.Inputinterventionsofteninvolveeitherpatientdiversionto
othercareprovidersorthemodificationoftriageprocesses.Fromathroughputperspective,theuse
ofalternatetreatmentstreamsorafast-trackareawherehighandlowacuitypatientscanbeseparated
havebeenstudiedextensively(Considineetal.2008,Chruscieletal.2019).Aswell,staffingchanges
areanotherstrategy to increaseEDthroughput.Someof theoutput interventions thathavebeen
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studiedhaveinvolvedthecreationofshortstayunitsorprocessestoacceleratepatientregistration
andtransferoutoftheED(Bondetal.2006).

OtherstudieshaveproposedanotheroutputinterventiontoidentifypatientsearlyintheirED
visitwhoarelikelytorequireadmissiontohospital.Thisinterventionwouldallowtheprocessof
resourceallocationandbedplanningtobeginpriortothephysiciansubmittingtheadmissionrequest
ororder.ExamplesincludeSunetal.(2011),Pecketal.(2012)andHongetal.(2018),whostudied
theproblemusinglogisticregressionandotherstatisticaltechniquestopredictpatientadmissionfrom
administrativetriagedata.Thesemodelstypicallyuseage,gender,patientacuity,andmodeofarrival
asexplanatoryvariablesinthemodelling.Othershaveattemptedtoincorporatepatientvitalsinthe
predictionmodelwithvaryingsuccess(LaMantiaetal.2010,Caterinoetal.2017).Non-statistical
techniquesofadmissionpredictionhavealsobeenproposedincludingpredictionsmadebytriage
nursingstaff(Pecketal.2012,Cameronetal.2016).

Theobjectiveofthisstudywastodevelopstatisticalmodelsforpredictingpatientadmissionto
hospitalwiththegoalofearlyadmissionplanningtodecreasepatienttimeintheED.Twodifferent
types of models were developed, an initial stage model that incorporated information known at
thetimeoftriage,andasecond-stagemodelthatincorporatedinformationaboutdecisionsmade
bythephysicianintheED.Specifically,triageadministrativedatawasusedtocalculateaninitial
probabilityofadmissionwithasecondstageorupdatedprobabilitycalculatedafterthephysician
initialassessment.Thesecondstageprobabilitycalculationwasintendedtoimprovetheprediction
accuracyusingthepresenceorabsenceofcertaindiagnostictests(i.e.,laboratoryandimagingdata)
beingorderedbythephysicianearlyinthevisit.Forpatientswithahighprobabilityofadmission,
resourceplanning(e.g.,hospitalbedallocation)canbegintoreducedelaysbetweenadmissionand
transfertotheward.

METHoDS

Study Setting
The Thunder Bay Regional Health Sciences Centre (TBRHSC) is a regional referral centre in
NorthwesternOntario,Canadaforbothpediatricandadultpatients.TheEDexperiencesannualpatient
volumesofapproximately108,000visitsperyear.Arrivingpatientsareplacedineitheranacutecare
orfast-trackqueuedependingonacuity.HigheracuitypatientsclassifiedundertheCanadianTriage
andAcuityScale(CTAS)aseitheralevelI,II,ofIIIaretreatedintheacutecareareawhileCTAS
IVandVaretypicallybutnotalwaystreatedinthefast-trackarea.

Data
RetrospectivedatafortheperiodMay2016toApril2017wasobtained.Theinitialdatasetconsisted
of108,704anonymizedindividualpatientrecordswithdemographicdata,treatmentarea,triagelevel,
presentingcomplaint,admissiontohospital(i.e.,yesorno),datesandtimesforarrival,physician
initialassessment,admissionordeparturefromtheED.Inaddition,laboratoryanddiagnosticimaging
datawereobtainedforeachpatientasseparatetablesandthenattachedtoeachindividualpatient
recordinthemaindatasetforanalysis.Patientrecordsmissingdatawereexcluded.Giventhatthe
majorityofpatientsadmittedtohospitalwereassessedandtreatedintheacutecarearea,allpatients
inthefast-trackstreamoftheEDwerealsoexcluded.Aswell,pediatricpatientslessthan18years
ofagewereexcludedsincethecriteriaforadmittingthesepatientsisoftenhighlyvariable.Thefinal
datasetconsistedof56,060records.Table1describesthedataset.

Inordertoassessthepredictiveabilityofthefittedmodelsandtoprotectagainstoverfitting,the
datawassplitintotraining(i.e.,modeldevelopment)andtesting(i.e.,modelvalidation)datasets.
Thetrainingdatasetconsistedof80%oftherecordsandwasrandomlychosen.
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STATISTICAL ANALySIS

Thestatisticalanalysistopredictpatientadmissionwascompletedintwostages.Theinitialprediction
probabilityusedtriageadministrativedatacollectedwhenthepatientfirstarrivedintheEDincluding:
age,sex,acuity,andmodeofarrival(Table1),whichwereusedaspredictorsinalogisticregression
modelframeworkthatusedadmissionstatus(i.e.,as0=notadmittedand1=admitted)asthedependent
variable.

Thesecondstageofthepredictivemodellingusedthepresenceorabsence(i.e.,1or0)ofseveral
laboratoryanddiagnosticimagingtestsasthenextsetofpredictors.Theprocessofselectingthese
variablesisdescribedbelow.Oncethelaboratoryanddiagnosticimagingvariableswereselected,they
werecodedaseither1or0foreachpatientdependingonwhethertheywereorderedforthepatient.
Theauthorsdidnotusetheresultsoftheorderedinvestigationsbecausegettingtheresultscantake
severalhoursforsomeofthetests.Instead,theyusedthepresenceorabsenceofthetestbeingordered
asaproxyforthephysician’sassessmentofseverityofillnessandhowlikelythepatientwastobe
admittedtohospital.Inthesecondstagestatisticalmodel,thetriagevariablesfromthefirstmodel
andthebinaryinvestigationvariableswerecombinedinasecondlogisticregressionmodel.Model
evaluationisdescribedbelow.

Thegeneralizedlinearmodel(glm)functionintheRstatisticalcomputingsoftwarepackage(R
CoreTeam2015)wasusedforthelogisticregressionanalyses.

Table 1. Summary of triage administrative variables used in the predictive modelling

Variable

Admitted to Hospital

No Yes

Sex

Female 56.4% 51.2%

Male 43.6% 48.8%

Age(Mean) 50.0 62.9

ArrivalMode

Ambulance 66.8% 33.2%

Familyvehicle 82.0% 18.0%

Other 62.1% 37.9%

Police 66.3% 33.7%

Walk-in 88.0% 12.0%

Wheelchair 68.7% 31.3%

CTAS

I 36.8% 63.2%

II 73.5% 26.5%

III 89.5% 10.5%

IV 95.6% 4.4%

V 97.9% 2.1%

Total 45,816(81.7%) 10,244(18.3%)
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Analysis of Diagnostic Investigation Data
Thepresenceorabsenceof laboratoryand imagingdata foreachpatientwasused to refine the
probabilityestimateforadmission.Notalllaboratorytestswereassessedgiventhatsometestsare
orderedasapanelandwillthereforebecorrelated.Forexample,weusedhemoglobinasaproxy
foracompletebloodcount(CBC).TheCBCcontainsseveralotherhematologicalmeasures(e.g.,
whitebloodcellcount,platelets,etc.)thatwillhaveidenticalpatternofpresenceandabsencetothe
hemoglobin.Theotherconsiderationwhenselectingthesubsetofinvestigationswasthefrequencyin
whichthetestswereordered.Rareinvestigationsmayhavehighspecificityforadmissionbutgiven
howinfrequentlytheywereused,theyprovidelittlebenefitinpredictingadmissioninmostpatients.
Therefore,onlytests(i.e.,labandimaging)thatwereorderedforaminimumof1%ofthepatients
wereincludedintheanalysis.

Tofindthesubsetofteststoincludeinthesecondstageprediction,theauthorsusedLASSO
logisticregression.Thistechniquefitsalogisticregressionmodelbyminimizingapenalizedfunction
ofthenegativelog-likelihoodfunctionforalogisticGLMalongwithaconstraintthatthesumofthe
magnitudesoftheregressioncoefficientscannotexceedaspecifiedvalue(Friedmanetal.2010).By
includingthisconstraint,somevariablecoefficientsareforcedtozero,thuseliminatingthemfrom
themodelandgeneratingasubsetofvariablesfromtheoverallpossiblepredictors.Inotherwords,
LASSOcanbeusedasavariableselectiontechniqueformodelbuilding.Fromtheavailablepoolof
investigationsthatmettheminimumfrequency(i.e.,atleast1%patientsreceivedthetest)thesubset
oflaboratoryinvestigationsintheinitialanalysisincluded:hemoglobin,troponin,INR,lacticacid,
magnesium,venousbloodgas,albumin,Acetaminophenlevel.Theimaginginvestigationincluded:
x-rayandcomputedtomography(CT).

Theglmnetfunction(Friedmanetal.2010)intheRstatisticalcomputingsoftwarepackage(R
CoreTeam2015)wasusedfortheLASSOlogisticregressionanalyses.

Model Evaluation
Wefirstassessedtheoddsratiosandconfidenceintervalsforthestatisticalmodels.Theinitiallogistic
regressionmodelwasthenappliedtothetestingdatasettofindtheprobabilityofadmissionforeach
patientinthetestingdataset.Areceiveroperatingcharacteristic(ROC)curvewasgeneratedandthe
areaunderthecurve(AUC)wascalculated(Fawcett2006).Modelsensitivity,specificity,positive
predictivevalueandnegativepredictivevaluewerealsocalculated.

TheROCandAUC(Fawcett2006)werecalculatedusingthepackageROCR(Singetal.2015)
intheRstatisticalcomputingsoftwarepackage(RCoreTeam2015).

Althoughtheobjectiveofthisstudywastopredictindividualpatientadmissiontohospital,Peck
etal.(2012)hadsuccesswithaggregatingtheprobabilitiesofadmissionandcalculatingthemean
numberofbedsrequiredonanhourlybasis.Thiswasaccomplishedbycalculatingthecumulative
hourlyadmissionprobabilityforeachdaytofindthemeannumberofbeds.Forexample,iffour
patientsarrivedwithinanhourandeachhadprobabilitiesofadmissionof0.1,0.2,0.3,and0.4,none
wouldbeclassifiedasbeingadmittedgiventhattheyareallbelowthetypicalthresholdprobabilityof
0.5.However,bysummingtheprobabilitiesto1.0,onaverage1bedwouldberequired.Thisanalysis
wascompletedforthisstudy;thehourlycumulativesumofadmissionprobabilitieswascompared
toactualadmissionsovera10dayperiod.

RESULTS

Assessment of Current ED Admission Characteristics
Wefirstassessedthevariabilityindailyadmissions(Figure1).Theminimumnumberofadmissions
was14and themaximum43.Thefirstquartile,median,and thirdquartilewere24,28,and32,
respectively.
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Thetimefrompatientarrivaltophysicianinitialassessment(PIA)andthetimefromarrivalto
admissionwasassessed(Figure2).Thereissomeoverlapbetweenthesedistributionsbutthemean
differencebetweenPIAtimeandadmissiontimewasonaverage216minutes.

Predicting Admission to Hospital
Forthelogisticregressionmodel,thelogoddsweretransformedusingtheexponentialfunctionto
findtheoddsratioforeachvariableaswellastheconfidenceinterval(Table2).Patientswhoarrived
bypolicecarandpatientstriagedasCTASIandIIhad6,37and10timesgreateroddsofbeing
admitted,respectively.The95%confidenceintervalsforthelogoddsofpatientacuitywerequite
variablewithanupperlimitof123andlowerlimitof15forCTASIpatients.

AnROCcurvewasdevelopedforthefirstandsecondstagelogisticregressionmodelsusing
the triageadministrativedataand thediagnosticdata (Figure3).TheROCcurveshowsa small
improvementwiththeadditionofthediagnosticdata.

Forthefirstandsecondstagelogisticregressionmodels,summarystatisticswerecalculated
(Table3).Ingeneral,thespecificityandnegativepredictivevaluewerehighwithasmallimprovement
intheAUCwiththeadditionofthediagnosticdata.

Asafurtherassessmentofmodelperformance,theactualhourlycumulativeadmissionswere
plottedandcomparedtothemodel-basedpredictionfortheexpectednumberofbeds(i.e.,obtained
byaggregatingthepredictedprobabilities)(Figure4).Atotalof10randomdaysarepresented.The
toppanelshowsthemodelfitforthefirststagelogisticregressionmodelalone.Themodelunder
predictsadmissionondays2,5,8and10whileitoverpredictsonday3.Whenthemodelwasrefined
withthediagnosticdata(bottompanel),thedaysofunderpredictionimproved,however,onday7
themodelnowoverpredictsadmission.

Figure 1. The distribution of daily admissions throughout the year
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DISCUSSIoN

Inthisstudy,wehavedevelopedastatisticalmodellingframeworkforpredictingtheinitialprobability
ofhospitaladmissionusingtriageadministrativedataandthenrefinedthatprobabilityusingasecond
stage prediction model that incorporated additional diagnostic test data information. The initial
modelhadsatisfactorypredictiveabilityandthediagnostic testdata ledtoasmall improvement
in themodel.Although, therewasreasonablepredictiveabilityfor individualpatients,when the
probabilitieswerepooled(i.e.,summed),themodelperformedbetteracrossallpatients.Therisk
poolingofpatientprobabilitiesinthisstudywassimilartoPecketal.(2012)andprovidedaprediction
thatwasinformative.

For this predictive modelling to improve patient flow, there were two conditions that were
important:1)thevariabilityindailyadmissionsmustbesignificant,otherwisethemeanadmission
ratewouldbeadequatefortheplanningofdailybedneedsand2)ifdiagnostictestingdatawere
tobeusedforadmissionprediction,thetimebetweentestorderingandhospitaladmissionmustbe
sufficientlylong.ThesetwoconditionsweretrueintheEDstudied,thenumberofdailyadmissions
wasquitevariableandthetimebetweentestorderingandadmissionwassufficientlylongthatthis
systemwouldlikelyprovidebenefitfromanEDpatientflowperspective.

TheAUCwasoneofthemodelevaluationmeasuresusedinthisstudyandwascomparableto
otherstudieswiththesameobjectiveandsimilarpredictivevariables.InSunetal.(2011),theAUC
was0.849,whileinPecketal.(2012)theirAUCwas0.887.Hongetal.(2018)wereabletodevelop
predictivemodelswithAUCof0.9-0.92usingmachinelearningtechniques.Similartothisstudy,
theyalsowereabletocollectvariablesfromthephysician’sinitialassessment(i.e.,characteristicsof
thepatient’shistory)torefineandimprovethemodels.AlthoughtheAUCisacommonperformance
measureforevaluatingdiagnostictests, itcanbemisleading(Zhouetal.2011).Therefore,other

Figure 2. The distribution of times for a) The length of time from patient arrival to physician initial assessment; and b) The time 
from patient arrival to admission to hospital
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Table 2. Summary of odds ratios and confidence intervals for the logistic regression model

Variables Odds Ratio 95% Confidence Interval

Gender

Male 1.11 (1.05,1.17)

[Female] 1.00

Age 1.02 (1.02,1.03)

ArrivalMode

Ambulance 2.47 (2.33,2.61)

Familyvehicle 1.25 (0.56,2.52)

Other 4.66 (1.69,11.96)

Policecar 6.21 (5.17,7.45)

Wheelchair 2.17 (1.79,2.62)

[Walk-in] 1.00

CTAS

I 37.24 (15.40,122.64)

II 9.97 (4.15,32.75)

III 3.67 (1.53,12.06)

IV 1.53 (0.61,5.15)

[V] 1.00

[]=Referencegroup

Figure 3. The receiver operating characteristic curves comparing the logistic regression model alone to the logistic regression 
model plus diagnostic data
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quantitative performance measures were also investigated including sensitivity, specificity, PPV,
andNPV.Inthisstudy,thesensitivityandspecificityofthemodelwasalsocomparabletoSunetal.
(2011),however,thePPVinthisstudywas20%lowerandtheNPVwas15%higher.Theseresults
indicatethatthemodelperformsbetterthanSunetal.(2011)atpredictingwhichpatientswillnot
beadmitted.

AsaninterventiontodecreaseEDlengthofstay,earlyresourceplanningforadmittedpatients
maybeoneoptiontocomplementasetofstrategiesrelatedtopatientinput,throughout,andoutput.
Bedplannerscoulduseanelectronictrackingsystemtofollowthehourlypredictedadmissionsand
allocateopenbedstothosepatients.Giventhattheaveragetimebetweentriageandadmissionis216
minutes,thisleadtimewouldprovidesufficienttimetofindabed,preparetheroomandschedulethe
necessaryalliedhealthprofessionalsandstaff(e.g.,porters,housekeepingstaff,andwardnurses).

Table 3. Summary statistics comparing first and second stage logistic regression models

Statistic Logistic Regression Model 
Alone

Logistic Regression Model + 
Diagnostic Data

Sensitivity 0.23 0.30

Specificity 0.97 0.96

PositivePredictiveValue 0.60 0.63

NegativePredictiveValue 0.85 0.86

AreaUndertheCurve* 0.78 0.81

*Associated with receiver operating characteristic curve

Figure 4. A plot comparing the cumulative hourly probability of admission to the actual hourly admission for a) The triage 
administrative data alone; and b) The triage administrative data plus the diagnostic data
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IntheTBRHSC,thehospitalisoftenover-capacityintermsofadmittedpatients.Onadailybasis
theadmissionanddischargeratesareapproximatelyequal,otherwisethehospitalwouldcontinueto
fillwithpatients.Ifthissystemwereusedandthenumberofpredictedadmissionsexceededplanned
discharges,bedplannerscouldinitiateprotocolsthatidentifiedpatientsclosetodischargeandableto
succeedathometobedischargedwithhomecareservices.Inaddition,patientsthatrequiretransferto
eitherarehabilitationfacilityorrepatriationtotheirhomecommunitycouldbeexpeditedtoprovide
additionalbeds.

Study Limitations
Thelogisticregressionmodelcouldbeimprovedifseveralothervariableswereavailable.Thisstudy
usedvariablessimilartothoseusedbyPecketal.(2012),however,theyalsohadchiefcomplaint
whichwere limited toapre-setnumberofcomplaints.Triagevitalsmay improve thequalityof
prediction.TriagevitalsarecollectedintheTBRHSCEDformanypatients,however,inthisdata
setapproximately30to40%ofthedatawasmissing.

CoNCLUSIoN

This studyhas investigated theuseof triage administrativedata anddiagnostic test data for the
predictionofpatientadmission.Thegoalofthisstudywastopredictwhichpatientswouldbeadmitted
sothatbedplannerscouldbeginroompreparationtoreducelengthofstayorboardingintheED.
Themodelperformedreasonablywellinpredictingtheaveragenumberofbedsrequired,however,it
waslessaccurateinidentifyingwhichpatientswouldbeadmitted.Ifasystemofpredictedadmission
couldbeimplementedintheED,theamountoftimethatadmittedpatientsspendintheEDcould
bereduced,thusincreasingEDpatientflow.
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