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ABSTRACT

Theabilitytopredictthepatientswithlong-termlengthofstay(LOS)canaidahospital’sadmission
management,maintaineffectiveresourceutilizationandprovideahighqualityof inpatientcare.
HospitaldischargedatafromtheRhodeIslandDepartmentofHealthfromthetimeperiodbetween
2010to2013revealsthatinpatientswithlong-termstays,i.e.twoweeksormore,costsaboutsix
timesmorethanthosewithshortstayswhileonlyaccountingfor4.7%oftheinpatients.Withthe
imbalanceinthedistributionoflong-staypatientsandshort-staypatients,predictinglong-termLOS
patientsbecomesanimbalancedclassificationproblem.Samplingmethods—balancingthedatabefore
fittingittoatraditionalclassificationmodel—offerasimpleapproachtotheproblem.Inthiswork,
theauthorsproposeanewresamplingmethodcalledRUBIESwhichprovidessuperiorpredictive
abilitywhencomparedtoothercommonlyusedsamplingtechniques.

KEywoRDS
Bagging, Boosting, Classification, Imbalanced Data, Length of Stay, Rare Event, Resampling, Rhode Island 
Department of Health, Tree-Based Models, Under-Sampling

INTRoDUCTIoN

Predictingapatient’slengthofstay(LOS)inahospitalsettinghasbeenwidelyresearched(Panchami
&Radhika,2008;Walczak,Pofahl&Scorpio,1998;Liuetal.,2010,Azari,Janeja,&Mohseni,2012;
Mortonetal.,2014;Pendharkar&Khurana,2014;Gentimisetal.,2017;Turgeman,May&Sciulli,
2017;Rojasetal.,2018;Yakovlevetal.,2018).Accuratelypredictinganindividual’sLOScanhavea
hugeimpactonahealthcareprovider’sabilitytocareforthatindividualbyallowingthemtoproperly
prepareandmanageresources.Ahospital’sproductivityrequiresadelicatebalanceofmaintaining
enoughstaffingandresourceswithoutbeingoverlyequippedorwasteful.Keytomaintainingthis
balanceistheabilitytoaccuratelyanticipateapatient’scarerequirements,acoreaspectofwhichis
eachindividual’sLOS(Gustafson,1968).

Ofparticularinterest,thoughmoredifficulttopredict,arelong-termLOS.Severalstudieshave
shownthatlong-termLOSareassociatedwithpoorpatientsatisfaction(Farleyetal.,2009,Kainzinger

ThisarticlepublishedasanOpenAccessArticledistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-
ativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe

originalworkandoriginalpublicationsourceareproperlycredited.



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 3 • July-September 2019

33

etal.,2009;Yankovic&Green,2011;Eggersetal.,2013).Thebillingstructurewithinhospitalsalso
resultsinlittleeconomicgainfromlong-termLOS—themajorityofoverheadandindirectcostsare
incurredwithinthefirstfewdaysofstay.Consequently,long-termLOSoftenresultsinlossesfor
hospitalsintheformofso-called“opportunitycosts”whennewpatientsareunabletobeadmitted
duetocapacityconstraints(Taheri,Butz&Greenfield,2000).Hence,accuratelypredictinglong-term
LOSwouldallowhospitalstobetteranticipatebedavailabilityandtheassociatedcosts.

Inthisstudy,theauthorsfocusonthepredictionoftheselong-termLOSatthetimeofadmission
inRhodeIslandhospitalsthroughdischargedataobtainedfromtheRhodeIslandDepartmentof
Healthoverthetimeperiodof2010to2013.Long-termLOSgenerallymakesupasmallpercentage
ofpatients,andasaresultcanbeviewedasrareevents.Assuch,theiraccuratepredictionrequires
theuseofresamplingmethodswhentrainingamodeltoaccountforimbalanceddata.Workingwith
datacontainingimbalancedeventsisanimportantareaofresearch,withapplicationsandchallenges
thatextendbeyondLOSdatasets(Krawczyk,2016;He&Garcia,2009;Fernández,García&Herrera,
2011;Sun,Wong&Kamel,2009;Visa&Ralescu,2005).Thisworkproposesanewresampling
methodcalledRandomlyUnder-sampledBag-boostingforImbalanced-EventSamples(RUBIES)that
combinesunder-sampling,baggingandboosting.Thisstudycomparesthisalgorithm’sperformance
tofourwidelyusedmethods:over-sampling,under-sampling,RandomOver-SamplingExamples
(ROSE),andSyntheticMinorityOver-SamplingTechnique(SMOTE).Specifically,thecomparison
willbemadewhentheyarecombinedwith threecommonlyusedclassificationmodels: random
forests,decisiontrees,andAdaboost.

BACKGRoUND

Criticaltothepredictionoflong-termLOSisthehandlingoftheimbalanceddataconcern.Forthis
reason,themajorityofthissectionisdevotedtoadiscussionofresamplingtechniques.Thetree-
basedclassificationmodelsthatwereusedtocomparetheauthors’proposedresamplingmethod’s
performancearealsodiscussed.

Resampling Techniques
Approachesindealingwithimbalanceddatacanbegroupedintotwocategories:algorithmic-level
approachesanddata-levelapproaches.Inalgorithmic-levelapproaches,theimbalanceddataiskept
unchangedandclassicalclassificationmodelsthatworkwithbalanceddataaremodifiedtoworkwith
imbalanceddata.Indata-levelapproaches,theaimistobalancethedatabeforeapplyingconventional
classificationmodels.

Manyalgorithmic-levelapproacheshavebeenproposed.Inthecaseofsupportvectormachines
(SVM),Veropoulosetal.(1999)modifiedtraditionalSVMbyimplementingtwocostparameters
within the objective functions. Imam et al. (2006) modified SVM further by reducing the bias
towardthemajorityclassbyadjustingthedecisionboundary.Wuetal.(2003)proposedanother
modificationtoSVMbyextendingtheboundaryregionoftheclassesthroughtheuseofconformally
transformed kernels. Other modifications and extensions of SVM can be found in the works of
Batuwitaetal.(2013),CortesandVapnik(1995),andBoseretal.(1992).Researchershaveexplored
themodificationofotherclassificationmethodsaswell.Maaloufetal.(2011)suggestedtheuseof
logisticregressionthroughtheimplementationofthetruncatedNewtonmethodinpriorcorrection
logisticregressionwiththeadditionofaregularizationterm.Theuseofdeepneuralnetworkshas
beenexploredbyWangetal.(2017),whoproposedanewlossfunctionforusewhiletrainingthe
network.Theperformanceofconvolutionneuralnetworkshasalsobeenexploredforimbalanced
dataintheworkofBudaetal.(2017).

Ingeneral,data-levelapproachescanbegroupedintotwoclasses:under-sampling(inwhich
themajorityclassisunder-sampled,reducingitspresenceinthetrainingdataset)andover-sampling
(inwhichtheminorityclassisover-sampled,increasingitspresence).Thesimplestunder-sampling
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method is random under-sampling (RUS), in which the majority observations are randomly
selectedfromthemajorityclasstobalancewiththeminorityclass.Whilemaybesufferingfromthe
disadvantageofremovingimportantobservationsinthemajority,theclearadvantageofRUSisits
fastrunningtimeasitresultsinamuchsmallerdataset.Amodificationofunder-samplingremoves
noisydatapointsinthemajorityclassthroughtheuseofTomekLinks(Elhassanetal.,2016),but
impactsrunningtime.

Asforover-samplingtechniques,observationsmustbeaddedtotheminorityclasstobalance
withthemajorityclass.Theseaddedobservationscouldbeeitherthesameminorityobservations,
throughtherandomover-sampling(ROS)technique,orartificiallycreatedobservations.Oneofthe
mostinfluentialtechniquestosyntheticallycreateobservationsisSyntheticMinorityOver-Sampling
Technique(SMOTE)developedbyChawlaetal.(2002).Thismethoduseslinearinterpolationto
createnewobservationsfor theminorityclass. InSMOTE,newobservationsarecreatedfroma
point,sayA,byselectingrandompointslyingonthelinesconnectingAwithitsneighbors.Hanet
al.(2005)proposedthemodificationBorder-SMOTE,whereSMOTEisappliedonlyintheborder
regionbetweentwoclasses.Alternatively,theRandomOver-SamplingExamples(ROSE)technique
proposedbyMenardietal.(2012)usesthekerneldensitytogeneratenewminorityobservations.
Therealsoexistseveralcluster-basedtechniquessuchasCluster-BasedOversampling(CBO)byJo
andJapkowicz(2004)ortheDBSMOTEalgorithmwhichusesDBSCANclusteringproposedby
Bunkhumpornpatetal.(2012).

Despitealloftheseadvancements—duetotheirsimplicityinideaandcomputation—RUSand
ROSremaintwoofthemostwidely-usedresamplingmethods.Consequently,theauthorschoseto
focusonthesemethods,aswellasthepopularmethodsSMOTEandROSE,forcomparison.

Classification Models
Thethreeclassifierschosenforthisstudytoapplyresamplingmethodsforcomparisonaredecision
tree,randomforestandAdaboost,whicharealltree-basedmodels.Tree-basedmodelswerechosen
duetotheirversatilityinworkingwithcategoricalvariableswithoutencodingthemandtheirproven
effectivenessinworkingwithimbalanceddata(Chen,2004;Cieslak,2008).TheRhodeIslandhospital
dischargedatacontainsseveralvariableswithalargenumberofcategories(forexample,admitting
diagnosishas6641categories).Asaresult,usingdistanced-basedmodelssuchassupportvector
machinesorneuralnetworkswouldbetoocomputationallyexpensive.Thesethreetree-basedmodels
consistingofdecisiontrees,randomforests,andAdaboostarebrieflydiscussedbelowinmoredetail.

Decision Tree
Decision tree structuresa flowchartwhereat eachnodeof the flowchart the incomingdata is
partitionedintomultiplesubsetsbasedonasplittingrule.Thereareseveralcriteriathatcanbeused
todecideboththesplittingvariableandthevalueatwhichthevariablesplits,includingcriteriaabout
information(entropy)gain,GiniIndexandlogworthvalues.

Thefinalnodes—wherethesplittingstops—arecalledtheleavesandareusedforprediction.The
treeisusuallyfullygrowntoobtainthemostcomplicatedtreeandmaybepruneddowntoasimpler
treetoavoidoverfittingissues.ProposedbyBreiman(1984),DecisionTreeorCART(Classification
andRegressionTree)canbeusedwithbothcategoricaltargets(classificationtree)andcontinuous
targets(regressiontree).Notethatforthisstudy,aclassificationtreewasused,asthegoalistopredict
long-termversusshort-termLOS.

Random Forest
Random Forest is an ensemble classification model that combines the results of multiple other
classifiers (Breiman,1984). InRandomForest,asetofdecision trees isbuiltonasubsetof the
originaldata.However,unlikeindecisiontrees,ateachsplitofatreeonlyasubsetofrandomly
selectedvariablesisconsideredforthesplit.RandomForestthenmakesapredictionbytakingthe
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majorityvoteamongtheentiresetoftrees.Forinstance,iftwooutofthreetreesofarandomforest
predictlong-termLOS,thentherandomforestwillalsopredictalong-termLOS.Thetwomain
hyper-parameters(unknownquantitiesthataredeterminedbytheusers)ofrandomforestarethe
numberoftreesandthenumberofvariablesconsideredforsplittingateachnode,whichimpactthe
runtimeandperformanceofthemodel.

Adaboost
Adaboost,orAdaptiveBoosting,isaboostingmethodwhichisdesignedtoimprovetheperformance
ofapoor-performingclassifier,or“weak”classifier(Freund,1999).Adaboostcontainsasequenceof
classifierswhereeachclassifierinthesequenceistrainedon“weighted”observations.Theweights
areinitiallysettobeequalamongobservationsandthenupdatedbasedontheclassifier’sprediction
errorforeachobservation,withlargererrorsleadingtolargerweights.Theideaofboostingisthat
eachiterationoftheclassifierintheboostingsequencefocusesmoreonlearningobservationsthat
were“difficult”tolearninthepreviousclassifier.ThefinalpredictionofAdaboostisaweightedvote
fromalloftheclassifiersinthesequencewithhigher-performedclassifiershavinggreaterweights.

PRoPoSED RESAMPLING METHoD

Description of the Algorithm
Thisworkproposesanewmethodfordealingwithimbalanceddata.Themethodusestheideasof
under-sampling,baggingandboosting,andhenceiscalledRandomlyUnder-sampledBag-boosting
forImbalanced-EventSamples(RUBIES).Baggingistheapproachwhereamodel(forexample,a
decisiontree)isrunrepeatedlywithbootstrappedsamplesandthentheresultscombined,whichin
thecaseofatree,wouldbebyvoting(choosingthemostfrequentoutcomeforagiveninput).This
newproposedalgorithmfirstusesbaggingandunder-samplingtechniquestotrainthesamplemodel
(base-model)onmultipleunder-sampleddatasets.Itthenensemblesthissetofbase-modelsintoa
newmodelbymajorityvoting.Finally,thealgorithmusesthisnewlyobtainedmodeltoupdatethe
weightsofthemajorityobservationssothatobservationswithhigherweights,i.e.higherpredicting
error,willbemorelikelytoappearinthenextroundofunder-sampling,whichistheconceptbehind
theboostingtechnique.

TheRUBIESalgorithmisasfollows:

Step 0:Decidethebase-model,B .Weunder-samplethedataandtrainseveralclassifiersonthis
balanceddata. B  is theclassifier thatperforms thebest. Inour implementation,outof the
decisiontree,Adaboostandrandomforest.Therandomforestperformsthebest,soitisselected
tobethebase-model.

Step 1:Set i = 1 .
Step 2:TrainuntrainedinstancesofB ink under-sampleddataandensemblethesek classifiers

bymajorityvotingtoobtainB
i

Step 3:PerformB
i
onthedatasetofthemajorityclassonlytoobtainpredictedprobabilitiesforall

majorityobservations,normalizethesepredictedprobability(dividebytheirsummations)to
obtaintheweightsW

i
forthemajorityclass.Alsoobtainvotingpowera

i
,whichistheout-of-

bag(OOB)errorofB
i
.

Step 4:Leti i= +1 andrepeatStep2toStep4,noticingthatthek under-sampleddataareunder-
sampledwiththeweightsW

i
.

Step 5:Stopwhen i equalsapredeterminedvalueN .
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Step 6:UseB
1
, �B

2
…B

N
withtheircorrespondingvotingpowera

1
, �a
2
…a

N
tovoteforthefinal

prediction.

Notethatthechoiceof k andN willimpacttheperformanceofRUBIES.Largervalueswill
causeanincreaseincomputationtime,whilesmallvaluesmaynotcaptureenoughofthemajority
data.Theauthorsrecommendavaluefork proportionaltotheportionofthedatasetcorresponding
totheminorityclass.Generally,avaluebetween20-25isrecommendedforN .

AdetaileddiagramdemonstratingthestepsoftheRUBIESalgorithmonasimpleexamplewith
k = 4�andN = 2 canbefoundinFigure1.

Data and Variable Selection
ThedatasetusedinthispaperwasRhodeIslandHospitalDischargeDataobtainedfromtheCenter
forHealthData&AnalysisandPublicHealthInformaticsattheRhodeIslandDepartmentofHealth
(2014)andconsistedofhospitaldischargedatafortheyears2010to2013from14RhodeIsland
hospitals.Thedatasetcontained539,395observationsof134variables.Missingentriesinthedata
werehandledbyimputingeitherthemeanofthecorrespondingvariable(fornumericvariables)or
themodeofthecorrespondingvariable(forcategoricalvariables).Lookingatthedataset,theauthors
chosetodefinelong-termLOSasaLOSof14daysormore.Thisdefinitionforlong-termLOS
consistedof4.7%oftheobservationsinthedataset.

As thisstudydesires todevelopanaccuratepredictor for long-termLOSimmediatelyupon
admittancetothehospital,these134variableswerereducedtoonlythoseobservedatthetimeof
admittanceforthepatients.Thisresultedin20variablesforconsideration.Aninitialexplorationof
thesevariablesdisplayeddifferencesinLOStrends.ThedistributionofageisshowninFigure2,split
bylong/shorttermLOS.Clearly,thereisanincreaseinlong-termLOSaboveanageofapproximately
50,aswellasasignificantdropbetweentheagesofapproximately20to50.Figure3exploresthe
impactofpatientsex.Whileshorttermshowsalargernumberoffemalepatients,interestinglylong-
termLOSisbalancedbetweenbothsexes.Tomoreformerlyrankvariableimportance,themeanof
eachvariable’simportanceinthirteenrandomforestmodelstrainedonunder-sampleddatasetswas
computed.Thelargestimportancescoreamongstthe20variableswasthenusedtonormalizeall
scores,resultinginthemostimportantvariablehavingascoreof1whileavariablewithnoimportance
havingascoreof0.Theresultsforall20variablesareshowninFigure4.

LookingatFigure4,itcanbeseenthatthemostimportantvariableisdiag_adm,whichisthe
diagnosisinformationofthepatientatthetimeofadmittance.Conversely,b_wt,whichrepresented
birthweighthasascoreof0andhencewasremovedfromtheanalysis.Allothervariableswere
retained,resultinginafinalsetof19variablesusedforprediction.Detaileddescriptionsofthe19
variablesretainedforthisstudycanbefoundintheAppendix.

Computational Results
Inthissection,theresultsofcomputingthreepredictivemodels(decisiontree,randomforestand
Adaboost)onsixdatasets(theoriginalimbalanceddata,RUSdata,ROSdata,balanceddatausing
SMOTEtechnique,balanceddatausingROSEtechnique,andfinallybalanceddatausingourproposed
RUBIESalgorithm)arereportedanddiscussed.First,themetricsusedtoevaluatetheperformance
ofeachmodel-resamplingmethodcombinationareexplained.

Model Evaluation Metrics
Usingmisclassificationrateoroverallaccuracytomeasuretheclassificationqualityofmodelscanbe
misleadingwhenworkingwithimbalanceddata.Atrivialmodelthatpredictsthatallobservationsare
inmajorityclasswouldgiveaveryhighoverallaccuracy,despitemisclassifyingallobservationsin
theminorityclass.Ithasbeenobservedthatthetruepositiverate,orsensitivity,ofaclassicalmodel
appliedtoanimbalanceddatasetisusuallyverylowandmodelsthatimprovethesensitivity,givenby
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Figure 1. Diagram demonstrating RUBIES algorithm for a simple example where k = 4�and N = 2 , where m m
n1

, ,…  

represent observations from the majority class, p p
i in1
, ,…  represent the predicted probabilities for these observations based 

on model i .
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Figure 2. Age distribution of the long-term LOS patients versus short-term LOS patients

Figure 3. Distribution of Male and Female toward long-term LOS and short-term LOS patients
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Thisstudyseeksmodelsthatcanimprovethesensitivitywhilenotsignificantlyreducingthe
specificity.Thus,thisstudyusestheaverageofthesetwoquantitiesasthemainevaluationmetricof
thesemodels,calledbalancedaccuracy,whichisgivenby

1

2

TP

TP FN

TN

TN FP+
+

+











.

Byusingthismeasure,theaccuracyisnowsymmetricwithrespecttobothclasses(Brodersen
etal.,2010).Table1showstheConfusionMatrix.

Results
Inthissection,themodelperformancesatpredictinglong-termLOSintheRhodeIslandhospital
dischargedatausingthe19variablesavailableatthetimeofadmittanceareexplored.Theperformances
of three predictive models (decision tree, random forest and Adaboost) applied to five datasets
includingtheoriginal(imbalanceddata)anddatacomputedbyfourresamplingmethods(random
under-sampling,random-oversampling,SMOTEandROSE)incomparisontotheproposedmethod,
RUBIES,arediscussed.

Inallfourcomparisonresamplingtechniques,thedatawerebalancedsothateachclassaccounts
forapproximately50%.InSMOTE,5waschosenas thenumberofk-nearestneighbors.For the
decisiontree,abinarytreewasused(anodecanonlyhavetwobranches)withsplittingrulesdecided

Figure 4. Variable Importance by Random Forests trained on multiple under-sampled data for the 20 variables observed at the 
time of admittance for patients in the Rhode Island hospital data
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bytheGiniIndex.ThiswasimplementedwiththeRpackage“rpart”(RecursivePARTition)forthe
computation(Therneau,2012).Fortherandomforest,the“ranger”Rpackagewasused(Wright,
2015)andthenumberoftreeswassetto30andthenumberofvariablesateachnodesetto5.Finally,
AdaboostwasappliedtoboostadecisiontreeusingtheRpackage“fastAdaboost”(Chatterjee,2016).
Duetotheslow-runningtimeofboosting,thenumberofclassifiersinthesequencewassetto7.

WhenapplyingRUBIEStoresamplethehospitaldata,avalueof k = 13 waschosendueto
4.7%ofthedatacontainingthelong-termLOSobservations.Also,avalueofN = 21 wasusedfor
thenumberofiterations.

Thecomputationprocesscanbedescribedasfollows.First,theoriginaldataispartitionedinto
twodatasets,trainingdataset(75%)andtestingdataset(25%),ensuringthateachmaintainstheoriginal
ratioof4.7%long-termLOSobservations.Then,theresamplingmethodisappliedtothetraining
dataset.Finally,themodelisbuiltusingtheresampledtrainingdatasetandisevaluatedbasedonits
predictionofthetestingdataset.Theresultsofeachresamplingmethodweregroupedbythemodel
theywereappliedtofordecisiontrees,randomforest,andAdaboost,andareshowninFigure5,
Figure6,andFigure7,respectively.

Thefirstobservationisthatallthreemodelsrunningontheoriginalimbalanceddatasetsuffered
fromtheimbalanceissueastheystruggledtodetecttheminoritylong-termLOSobservations.Of
thethreemodels,Adaboostgavethehighesttruepositiverateofonly1.67%,whilethedecisiontree
wasunabletodetectanypositiveobservationsandpredictedallobservationsasnotlong-termLOS.
Thisisacommonissueofclassicalpredictivemodelsperformingonimbalanceddata.

ThisstudyalsoobservesthatRUBIESprovidesthebestbalancedaccuracy,withitsperformance
of76.7%.Whileallcomparisonresamplingmethodsdidimproveeachmodel’sabilitytodetectlong-
termLOSobservations,theeffectivenessdependsbothonthepredictivemodelsandtheresampling
methodused.Overall,SMOTEappearedtobetheleasteffectiveresamplingtechniquewhileRUS,
althoughsimple,broughtthemostimprovementinbalancedaccuracyofthecomparisonmethods,
achievingabalancedaccuracyof75.2%whencombinedwithrandomforest.Incontrast,thedecision
treecombinedwithSMOTEgavethelowestbalancedaccuracyof55.3%.

CoNCLUSIoN

Predictinglong-termLOSatthetimeofadmissionisanimportantissueforhospitals,andwhen
performedaccurately,canaidtheminprovidingbetterpatientcarewhileimprovingthemanagement
ofresources.

Thisworkstudiedtheperformancesofmultipleclassificationmodelsatpredictinglong-term
LOSfromanimbalanceddatasetobtainedfromRhodeIslandhospitals,focusinginparticularon
theeffectivenessofusingresamplingtechniquestoimprovethebalanceaccuracyofpredictingboth
positive(long-termLOS)andnegative(short-termLOS)observations.Thecomputationalresults
demonstratedthatalloftheresamplingtechniquesstudiedhelpedimprovetheoverallperformances
oftheclassificationmodelsandthattherandomforestmodelcombinedwiththeRUStechniquewas
themosteffectiveandout-of-the-boxcombination,giving75.2%balancedaccuracy.

Tofurtherimprovetheperformanceoftheclassificationmodels,theauthorsproposetheuseof
thealgorithmRUBIESwhichimplementstheideaofunder-sampling,baggingandboostingwiththe

Table 1. Confusion Matrix: TN, FP, FN, TP stands for True Negative, False Positive, False Negative, and True Positive, 
respectively

Predicted Negative Predicted Positive

ActualNegative TN FP

ActualPositive FN TP
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integrationofthepredictivepoweroftherandomforest.Theproposedmethodimprovedthebalanced
accuracyto76.7%.AlthoughRUBIEShasalongerrunningtimewhencomparedtothecombination
ofrandomforestandRUS,itstillrunsmuchfasterthanotherover-samplingtypetechniquessuchas
SMOTE,ROSorROSEandshouldbeavaluabletoolforpredictingimbalanceddatasets.

Figure 5. Performances of RUBIES and Decision Tree model trained on the original and resampled data in predicting long-term 
LOS for the Rhode Island hospital discharge dataset
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Althoughourprocedureproduces ahigher accuracy in identifying long staypatients and is
readytobeimplementedforanyfuturehospitaldischargedata,webelievethisprocedurecanstill
beimproved.Inourmodel,wemanuallyselectallandusemostofthevariablesavailableatthe
admission.Althoughitsimplifiestheprocessbyavoidingthevariableselectionstages,itmayresultin
amorecomplexmodelintheend.Itisworthlookingattheapplicationsofpopularvariableselection

Figure 6. Performances of RUBIES and Random Forest model trained on the original and resampled data in predicting long-term 
LOS for the Rhode Island hospital discharge dataset
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techniquesforhospitaldischargedata.Oneofthefirstconsiderationsisroughsetbasedvariable
selection techniques,whichhave shown tobeeffective for improvingperformanceofpredictive
models(Singhetal.,2016)andcanbeimplementedeasilyforhealthcare(Park,2013).Thisserves
asastartingideaforournextproject.

Figure 7. Performances of RUBIES and Adaboost model trained on the original and resampled data in predicting long-term LOS 
for the Rhode Island hospital discharge dataset
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APPENDIx

DescriptionofvariablesfromdischargedataobtainedfromtheRhodeIslandDepartmentofHealth
thatwereincludedinthefinalmodels:

admtype:typeofadmission,categorizedasemergency,urgent,electric,newborn,courtcommittal,
trauma,orN/A

age:reportedageofpatient
asource:sourceofadmission,categorizedasphysicianreferral,clinicreferral,HMOreferral,trans-

hospital,trans-nursefacility,trans-healthcare,emergencyroom,court/lawenforcement,orN/A
campus:geographicallocationofhospital,codedforhospitalswithmorethanonecampus
diag_adm:admittingdiagnosis,presentedasICD-9-CMcodes
er_mode:modeofarrivaltoemergencyroom(ifapplicable),categorizedasrescueservice/ambulance,

helicopter,lawenforcementorsocialservices,personalorpublictransport,other,orN/A
ecodepoa:externalcauseofinjurypresentuponadmission
ecodeub92:externalcauseofinjurysuppliedbyhospital,presentedasICD-9-CMcodes
ethnic:ethnicityreportingHispanic,notHispanic,ornotreported
moa:monthofadmission
pay_ub92:expectedsourceofpayment,categorizedasMedicareFeeforService,MedicareManaged

Care,MedicaidFeeforService,RiteCare,Out-ofstateMedicaidManagedCare,BlueCross,
CoordinatedHealthPartnersInc,UnitedHealthcare,Commercialinsurance(otherthanlisted),
Champus,Worker’sCompensation,Other,Selfpay,Missing,orError.

payer:expectedsourceofpayment,categorizedasMedicare,Medicaid,Worker’sCompensation,Blue
Cross,CommercialInsurance,Selfpay,Other,Champus,UnitedHealthcare,CoordinatedHealth
PartnersInc,RiteCare,NeighborhoodHealthPlanofRI,Insuranceerror,Missing,orUnknown.

provider:healthcareprovider,codedasNewport,St.JosephHealthServicesofRI,Memorial,Miriam,
RhodeIslandHospital,RogerWilliams,SouthCounty,KentCounty,Westerly,RehabofRI,
LandmarkMedicalCenter,WomenandInfants,Bradley,Butler

pt_state:patient’sstateofresidency,categorizedusingstateabbreviations,Unknown,orNotApplicable
(foroutsideUS)

race:patient’srace,categorizedasWhite,Black,Asian,AmericanIndian,Hispanic,Other,Unknown,
orN/A

raceethn:patient’srace/ethnicity,categorizedasWhite(notHispanic),Black(notHispanic),Asian
notHispanic),American Indian (notHispanic),NativeHawaiian (notHispanic),Other (not
Hispanic),Hispanic,Unknown,orN/A

service:service,categorizedasPediatrics,Medicine,Cardiology,Psychiatry,Surgery,Ophthalmology,
ENT,OralSurgery,Orthopedics,Urology,Gynecology,Abortio,OB–NotDelivered,OB–
Delivered,Newborn,orRehabilitation

sex:patient’ssex,categorizedasmaleorfemale
yoa:yearofadmission
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