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ABSTRACT

Thischapterexploresvaluatingtheefficacyofusingartificialneuralnetworks(ANNs)forpredicting
theestimatedbloodloss(EBL)andalsotransfusionrequirementsofmyomectomypatients.All146
myomectomysurgeriesperformedovera6-yearperiodfromasinglesitearecaptured.Records
wereremovedforvariousreasons,leaving96cases.Backpropagationandradialbasisfunction
ANNmodelsweredevelopedtopredictEBLandperioperative transfusionneedsalongwitha
regressionmodel.ThesinglehiddenlayerbackpropagationANNmodelsperformedthebestfor
bothpredictionproblems.EBLwaspredictedonaveragewithin127.33mlofmeasuredbloodloss,
andtransfusionswerepredictedwith71.4%sensitivityand85.4%specificity.AcombinedANN
ensemblemodelusingtheoutputoftheEBLANNasaninputvariabletothetransfusionprediction
ANNwasdeveloped and resulted in 100% sensitivity and62.9% specificity.Thepreoperative
identificationoflargeEBLortransfusionneedcanassistcaregiversinbetterplanningforpossible
post-operativemorbidityandmortality.
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INTRodUCTIoN

Uterinefibroidsoccurinwomenofreproductiveagebetween4.5%and30%ofthetime,withover50%
ofthoseaffectedclaimingitnegativelyimpactedtheirlife(Fuldeore,&Soliman,2017;Jayakumaran,
etal.,2017;Zimmermann,etal.,2012).Myomectomyisasurgicalproceduretoremovefibroidsthat
leavestheuterusintactforfuturepregnancies.Myomectomiesmaybeconductedusingavarietyof
surgicaltechniquesincludingbothminimallyinvasivetechniquesandstandardsurgicalnon-minimally
invasivetechniques.However,myomectomiesarenotwithoutrisk.Perioperativemorbidityoccurs
inashighas39%ofpatients(Andrade,etal.,2017;Frederick,etal.,2002;Sawin,etal.,2000)and
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althoughmuch less likelymortalitystilloccurs (Choo,Yeo,&Thomas,1998;Hamoda,Tait,&
Edmonds,2009;Jin,etal.,2009;Katz,etal.,2001).

Estimatedbloodloss(EBL)duringsurgeryhasbeenshowntobeastatisticallysignificant(p<
0.05)indicatorofallperioperativemorbiditiesusingaunivariatelogisticregressionmodelandalso
anindicatorofseriousperioperativemorbiditiesusingamultivariatelogisticregression(Carson,
etal.,2002).Inadditiontoindicatingperioperativemorbidity,EBLhasalsobeenshowntobea
strongindicatorforothersurgicaloutcomesincludinghospitallengthofstay(Jarnagin,etal.,2002;
Sørensen,etal.,2005)andrecurrenceofacarcinoma(Katz,etal.,2009).Theabilitytopreoperatively
predictbloodlosswouldallowforimprovedimplementationofbloodconservationtechniquesand
wouldalertsurgeonstothelikelihoodofrelatedcomplications(Yu,etal.,2013).However,EBLis
extremelydifficulttomeasureaccurately(Algadiem,etal.,2016;Eipe,&Ponniah,2006;Guinn,
etal.,2013).Priorresearchemphasizestheneedtodevelopmoreaccuratemathematicalmodelsto
determineEBL(Brecher,Monk,&Goodnough,1997).

Actualbloodloss,estimatedbyEBL,isthemostsignificantreasonforoperativeandpostoperative
transfusions (Chang et al., 2001;Stoller,Wolf,&St.Lezin, 1994).Transfusionshelp to reduce
mortalityinpatientswithsignificantintraoperativebloodloss(Wu,etal.,2010;Wuetal.,2012)and
havebeenassociatedwithincreasedpostoperativemorbidities(Frederick,etal.,2002).Therefore,
preoperativeknowledgeofEBLandtransfusionrequirementsofmyomectomypatientswillenable
surgeonsandclinicianstobebetterpreparedtodealwithprobablepostoperativemorbiditiesand
possiblemortality.

Predictivemodelsinmedicinearemostcommonlydevelopedusingregression(Xie,etal.,2017).
Otherpopularmachinelearning-basedpredictivemodellingmethodsforclinicaldecisionmaking
includeartificialneuralnetworks(ANNs)anddecisiontrees(Kourou,etal.,2015;Xie,etal.,2017).
PredictingEBLiscorrelatedwithpredictingtransfusionsandshouldbeamenabletosimilarpredictive
informaticsstrategies.PriorresearchshowsthatANNsarebothafrequentlyusedandaneffective
problemsolvingmethodinmedicine(Cruz,&Wishart,2006;Cunningham,Carney,&Jacob,2000;
Dreiseitl,&Ohno-Machado,2002;Shaikhina,&Khovanova,2017;Walczak,2018)andfor this
reasonANNsareselectedtotryandmodelbothEBLandtransfusions.

This article examines the use of separate ANNs to predict intraoperative EBL and also
perioperativetransfusionsandadditionallyintroducesthenovelapproachinmedicineofdeveloping
anensembleANNtopredictbothEBLandtransfusionssimultaeneously.Thisaddressesagapin
currentresearchwhereANNshavebeenusedtopredicttransfusionrequirements,butprimarilyfor
cardio-circulatorysurgeries(Covinetal.,2003;Walczak&Scharf,2000).Priorresearchhasnot
utilizedANNstopredictEBLortransfusionsforgynecologicsurgeries.Apositiveoutcomemay
beable to improvesurgeonandothercliniciandecisionmakingregarding the intraoperativeand
postoperativecareofthesepatientstohelpreducemorbiditiesandmortalities.

METHodS

Population data
ThisisanIRBapprovedsinglesiteretrospectivestudy.Thesiteisalargeurbannonprofitteaching
hospitalwithanover1000bedcount,whichisthelargesthospitalwithina7countyregion(Erickson,
2018a)andthefourthlargesthospitalinthestateofFlorida(rankedbylicensedbeds)(Erickson,
2018b).AllrecordsofpatientsreceivingmyomectomysurgeryfromOctober1,2011toOctober1,
2017areanalyzed.Atotalof146recordsformyomectomywereretrieved.Recordswereremovedfor
casesthat:didnothaveultrasoundorMRIconfirmation(22removed),thesurgerywasperformedby
avisitingsurgeon(8removed),thecasewasanincidentalfibroidattachedtoanectopicpregnancy(1
removed),orwerecaseswithcoexistingpathology(19removed),leaving96cases.Visitingsurgeon
cases are removed based on prior research indicating the cadre and training of surgeons affects
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outcomes(Geidam,etal.,2011)andthatitisdifficulttocompareEBLacrosshospitalsandeven
surgeons,basedondifferingestimationmethods(Brecher,Monk,&Goodnough,1997).Coexisting
pathologiesareanyconcurrentcancerorotherchronicmedicalcondition.Table1displaysthepatient
demographicsforthe96casesthatwereused.

Thesurgicaltechniquesemployedwerelaparoscopic,robotic,hysteroscopy,minilaparotomy,
andlaparotomy.TheEBLacrossall96myomectomysurgeriesrangedfrom20mlto1000mlwith
anaverageof226.5(165.26σ).Sevenpatients(7.3%)receivedintraoperativetransfusionsofpacked
redbloodcells,with6ofthesereceiving2unitsandonereceiving3units.Thisissimilartoother
reportedfindingsfortherateofintraoperativenon-prophylactictransfusionsinmyomectomy(7.5%)
andamounttransfused(2-3units)(Acién&Quereda,1996).

Transfusionsforthecurrentstudyweretrackedfromthetimeofthesurgeryandforupto24
hoursfollowingsurgerycompletion.Priorresearchreportscombinedintraoperativeandpostoperative
myomectomytransfusionsatratesfrom12%to28%(Frederick,etal.,2002;IversonJr,etal.,1996;
LaMorte, Lalwani, & Diamond, 1993). All cases of transfusions in the current study occurred
forpatientsundergoingaminimallyinvasivesurgery(i.e.,laparoscopic,robotic,hysteroscopy,or
combinationthereof).

Model development
ANNmodelsaredevelopedusingbackpropagation(bothoneandtwohiddenlayermodels)andalso
radialbasisfunction(RBF)learningmethods.Thesetwomethodsareselectedduetotherobustness
andwideapplicationofbackpropagationnetworksandtheabilityofRBFtrainednetworkstowork
wellwhentrainingdataisverylimitedandthetrainingdatamaybenoisy(Walczak,&Cerpa,1999).
ThefirstANNmodeldevelopedpredictspreoperativelytheEBLforindividualmyomectomypatients
andthesecondANNmodelpreoperativelypredictsiftransfusionswillberequiredintraoperatively
orwithina24-hourperiodfollowingtheendofthemyomectomysurgery.A24-hourperiodisused
since transfusionsduring this timearemost likelya resultof thesurgeryandnotattributable to
anothercomorbidity.

VariousarchitecturesareattemptedforeachoftheANNlearningalgorithmsandnumberof
hiddenlayers,followingstandardresearchpracticesforANNs(Cruz,&Wishart,2006;Walczak,&
Cerpa,1999;Zhang,2007).Thedataisdividedintodistincttrainingandvalidationsetsandtwo-fold
crossvalidationisused,witheachfoldhavingapproximatelyhalfofthetransfusioncases.Foreach
ANNmodel,thevalidationdatasetsarepresentedasingletimeandwerenotusedintrainingthe
correspondingANNmodel.

Table 1. Patient demographics

Demographic Value Mean (Standard Deviation (σ))

age(inyears) 36(4.96σ)

BMI 28.26(9.21σ)

#offibroids 3.3(2.91σ)

largestdiameter*fibroid(inmm) 71.1(27.75σ)

preoperativehemoglobin 12.25(1.46σ)

preoperativehematocrit 37.7(3.54σ)

preoperativeplateletcount 293(85.7σ)

patientdischarge(daysaftersurgery) 0.58(0.67σ)(range0-3)

*largest of longitudinal, anteroposterior, and transverse diameters
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ThevariablesusedinbothANNmodelsare:age,bodymassindex(BMI),numberoffibroids,
locationoffibroids,typeoffibroids(i.e.,submucosal,intramural,subserosal,pedunculated,unknown),
largest diameter, preoperative hemoglobin, preoperative hematocrit, preoperative platelet count,
andpresenceofanemia.Allvariablesarenumericexceptfortypeandlocationoffibroids,which
arecategoricalvariableswith5typeand4locationcategories,andpresenceofanemiawhichis
Boolean,resultinginaninputvectorof17variables.TheEBLANNpredictstheEBLinmilliliters
(ml)andthetransfusionANNpredictsifatransfusionwillbeneededintraoperativelyorimmediately
followingsurgery.

ThevariablesfortheEBLandtransfusionpredictionANNmodelsareselectedbasedonsurgeon
expertknowledgeandpriorresearch(asindicatedbelow).Thevariables:age,numberoffibroids,
locationoffibroids,andtypeoffibroids,areubiquitousinmyomectomyresearch(Advincula,etal.,
2004;Geidam,etal.,2011).PriorresearchhasdemonstratedthatBMIiscorrelatedwithEBL(Frisch,
etal.,2014;George,Eisenstein,&Wegienka,2009).Otherpathologyresultsarealsocommonly
associatedwithsurgicalbleedingandtransfusionneedsincluding:hematocrit(Bosch,etal.,2013;
Changetal.,2001;Frisch,etal.,2014),hemoglobin(Bosch,etal.,2013;Zheng,etal.,2002),and
plateletcount(Bosch,etal.,2013;Cammerer,etal.,2003;Despotis,etal.,1996;Frisch,etal.,2014;
Orlov,etal.,2014;Petricevic,etal.,2015).Anemiahasalsobeenshowntocorrelatewiththrombinand
plateletgeneration,whicharerelatedtoslowingbleeding(Scharbert,etal.,2011).Anemiahasbeen
showntobecorrelatedwithsignificantmorbidityandmortalityaswellastheneedfortransfusions
(Hare,Freedman,&Mazer,2013).

TheRBFnetworkmodelsfollowaMoodyandDarken(1989)architecturewiththeprototypelayer
startingat50nodesanddecreasedby10nodesforeachnewRBFtrainedmodeluntilclassification

Figure 1. Architecture of backpropagation trained ANNs to predict: (a) EBL; and (b) Transfusion requirements
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performancedecreases.Euclideandistanceisusedfortheneighborhoodsintheprototypelayer.The
firsthiddenlayerforboththeRBFandbackpropagationtrainedANNsstartsat10perceptronnodes,
tomatchthenumberofthedifferenttypesofvariablesusedasinput,andisthenincreasedandalso
decreasedby2forsuccessiveiterationsoftheANNmodelsuntilvalidationaccuracydropsbyatleast
5%.ANNmodelswithasecondhiddenlayerandtrainedusingbackpropagationarealsodeveloped
withthesecondhiddenlayerstartingathalfthenumberofperceptronnodesasthefirsthiddenlayer
andalsoincreasedanddecreasedby2untilaccuracydropsbyatleast5%.

Amodelcomparisonandselectionapproach(Swanson,&White,1997) isused tocompare
thevariousANNmodelsandselectthebestperformingANNmodelforpredictingsurgicalEBL
andsimilarlyforpredictinganytransfusionrequirementformyomectomypatients.Performancefor
thepreoperativeEBLpredictionANNmodelsisevaluatedbymeanerrorinml.Performancefor
thepreoperative transfusionpredictionANNmodels isevaluatedbyhighest sensitivityand then
highestoverallaccuracy.Thebestperforminglearningalgorithmforbothpredictionproblemswas
backpropagationusingasinglehiddenlayer:10nodesintheEBLANN’shiddenlayerand8nodes
inthetransfusionANN’shiddenlayer.TheANNarchitecturesareshowninFigure1.

EBListypicallyreportedfollowingsurgeriesingraduationsofeither100mlor50mlbymost
surgeons(Kiran,etal.,2004)andwastruefor69or96%respectivelyofthephysiciansperforming
surgeriesforthecurrentresearch.SincetheEBLANN’spredictionisacontinuousvalue,theprediction
isautomaticallyroundedtothenearest100mltobemoremeaningfultosurgeons.Thetransfusion
predictionANNisinterpretedasanindicatoroftheneedforatransfusionofoneormoreunitsof
bloodproductandistreatedasaBooleanoutputoftrueorfalse.

AlongwithANNs, regressionmodels are themostpopularmodelingmethodemployed for
clinicaldecisionmaking(Dreiseitl&Ohno-Machado,2002;Mangiameli,West,&Rampal,2004).
RelativeperformanceimprovementsaffordedbyANNsaredemonstratedbycomparingthesevalues
tocorrespondingregressionmodelsthatutilizethesameinputvariables.Alinearregressionmodel
isdevelopedandusedtoevaluatetheEBLANN’sperformance.Alinearregressionmodelischosen
overalogisticregressionmodelsincetheEBLisasemi-continuousvalueasopposedtoacategorical
decisionandhence ismoreappropriate (Mood,2010;Tu,1996).A logistic regressionmodel is
developedandusedtoevaluatethetransfusionpredictionANN’sperformanceduetothediscrete
natureofthetransfusionprediction(Mood,2010;Tu,1996).

PriorresearchhasdemonstratedthatEBLisaprimaryindicatorfortransfusions(Changetal.,
2001;Thurer,etal.,2017).SinceEBLisn’tknownuntilafterthesurgery,thisvaluewasnotusedin
theinitialtransfusionpredictionANN,sinceallvaluesarerequiredtobeavailablepreoperatively.
However,theEBLpredictionANN,showninFigure1,maybeusedforthepreoperativeprediction
ofintraoperativetransfusions,ifasufficientlyhighEBLpredictionaccuracyisachieved.

CombiningANNswithotherstatistical,mathematical,andmachinelearningmethods,including
otherANNs,isaprovenmethodforimprovingtheoutcomeperformanceofANNs(Walczak,2012;
Zhou,Wu,&Tang,2002).TheuseofmultipleANNstosolveasingleproblemisknownasanensemble
ANN.OnemeansofcombiningmultipleANNsintoanensembleistocombinetheoutputofoneor
moreANNswithotherindependentinputvariablestoanotherANN(Sharkey,1999;Wolpert,1992).
TheuseofensembleANNsarejuststartingtobeusedinmedicaldomains(García-Pedrajas,Hervás-
Martínez,&Ortiz-Boyer,2005),thoughstillvastlyunderutilized.OneformofensembleANNthatis
morewidelyusedinhealthcareareconvolutionalANNsformedicalimageanalysis(Anthimopoulos,
etal.,2016;Chenetal.,2017;Tajbakhsh,etal.,2016).Anensembleapproachtocombinetheoutput
ofthepreoperativeEBLpredictionANNasaninputvaluetothetransfusionpredictionANNisusedto
developanewANNensembletopredictthetransfusionneedofmyomectomypatients.Theensemble
systemisdepictedinFigure2.AnensembleANNthatcombinesmultipleANNssuccessivelyand
utilizesoutputfrommultiplelayersoftheensembleisanovelANNmodelingapproachfordeveloping
predictivediagnosticandprognosticmodelsinhealthcare.
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RESULTS

ThepredictionresultsfortheEBLpredictionANNandcorrespondingregressionareshowninTable
2.EBListypicallyestimatedbysurgeonsandanaesthesiologistsvisuallyduringorjustaftersurgery
(Algadiem,etal.,2016;Guinn,etal.,2013)andiscommonlyestimatedtothenearest50mlor100
ml(Kiran,etal.,2004).TheANNpredictions,whicharecontinuous,areroundedtothenearest100

Figure 2. ANN combined ensemble model to predict EBL and transfusions

Table 2. ANN prediction results for EBL (N = 96)

ANN Predictions Regression

Averageerror 127.33ml 131.87ml

PerfectPredictions 20(20.8%) 20(20.8%)

Predictionswithin50ml 36(37.5%) 30(31.2%)

Predictionswithin100ml 56(58.3%) 37(38.5%)

Table 3. Stand-alone ANN and regression transfusion predictions

Transfusion 
(N = 7)

No 
Transfusion 

(N = 89)

ANNpredictedtransfusion 5 13

ANNpredictednotransfusion 2 76

Regressionpredictedtransfusion 4 22

Regressionpredictednotransfusion 3 67
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mltobettersimulatepractice.Table2alsocontainstheresultofamultiplelinearregressionmodel.
Theregressionpredictionsarealsoroundedtothenearest100mltomaintaincompatibilitywiththe
ANNpredictions.Theregressionmodelwithoutanyroundinghadanaverageerrorof131.84ml,with
zeroperfectpredictionsofEBLand27predictionswithin50mland37predictionswithin100ml.

Theoriginal(non-ensemble)ANNtransfusionpredictionsareshowninTable3alongwithlogistic
regressionmodelresultsforthesamevariables.TheANNdemonstratesatransfusionsensitivityof
71.4%andaspecificityof85.4%,producinganoverallaccuracyof84.4%.Thecomparablelogistic
regressionmodelhasasensitivityof57.1%,specificityof75.3%,withanoverallaccuracyof74.0%.

ThepredictionresultsforthenewcombinationensemblepreoperativetransfusionpredictionANN
areshowninTable4.TheANNdemonstratesa100%sensitivityanda62.9%specificity,producingan
overallaccuracyof65.6%.TheoverallaccuracyandspecificityofthenewcombinedensembleANN
arelessthantheoriginalANNmodel,howeverthesensitivityforpredictingtransfusionrequirements
ismarginallysignificantlybetterthantheoriginalmodelthatdidnothaveanyknowledgeofEBL,
withapvalueof0.0736(orp<0.10)calculatedusingapairedt-testformeanswithknownvariances.

dISCUSSIoN

The ANN preoperative EBL prediction model outperforms the regression model with regard to
havingasmalleraverageerror,thoughthisdifferenceisnotstatisticallysignificant.Furtheranalysis
beyondtheaverageEBLpredictionerrorlooksatthepercentageofpredictionsthatperfectlymimic
expertsurgeonsestimatesofbloodlossorarewithinasmalldiscrepancy(50or100ml)ofsurgeon
estimations.

AperfectEBLprediction,showninTable2,meansthatthecorrespondingmodel’spreoperative
predictionexactlymatchestheintraoperativeandpostoperativeEBLofthesurgeon.Theregression
modelandANNmodelhaveidenticalperformanceinthisrespect.Table2alsoshowspredictions
thatwerewithin50mland100mlofthesurgeon’sestimate,wheretheANNmodelclearlyhasbetter
performancethantheregressionmodel.Theseresultsimplythatwhiletheregressionmodelhasan
identicalnumberofperfectpredictionscomparedtotheANN,itismakinglargererrorsoverallthanthe
ANNmodel.Theseresultsforthewithin50mlandwithin100mlANNpredictionsaresignificantly
betterthantheregressionmodel(p<.001),withZ-scoresof12.39and39.24respectively.TheANN
modelpresentedherecreatesamethodforclinicianstobeawarepreoperativelyofthelikelyblood
lossfrommyomectomysurgeryandrelatedcomplications,includingtransfusions.Thiswillenable
clinicianstobebetterpreparedforrelatedcomplicationsandpostoperativemorbidities.

The results also demonstrate that more accurate results occur when the regression model
predictions(thisisalsotruefortheANN)areroundedtothenearest100ml,tobettersimulatehow
cliniciansestimatebloodlossfromsurgeries.ThistechniquemayprovebeneficialtofutureANN
andmathematicalmodelingresearchattemptingtofurtherimprovepreoperativepredictionsofEBL
fromvarioussurgeries.

TheEBLoutputisthesameforboththestand-aloneandensembleANNarchitectures,since
theinputvectorandtrainingisthesame.HowevertheensembleANNpredictionsforaprobable
transfusion differ, with the ensemble having 100% sensitivity versus 71.4% for the stand-alone
transfusionpredictionANN,butatthesakeofloweroverallaccuracy.Theloweroverallprediction

Table 4. Combined ensemble ANN transfusion predictions for myomectomy patients

Transfusions (N = 7) No Transfusion (N = 89)

ANNpredictedtransfusion 7 33

ANNpredictednotransfusion 0 56



International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

8

accuracyisaneffectofthepopulationdistribution,since92.7%ofthestudiedpopulationdidnot
requireanytransfusion.Evenso,thenewcombinedensembleANNmodelisabletocorrectlypredict
almost63%ofthosepatientswhowillnotrequireanyinteroperativetransfusions.Theoriginalnon-
ensembleANNmodelalsooutperformsthelogisticregressionmodel,withbettersensitivitythatis
notstatisticallysignificant,butwithstatisticallysignificantbetterspecificityandoverallaccuracy
(p<.01).

ThenewensembleANNrequiresconsideringadditionalpatientsaslikelytoneedatransfusion,
whichinturnmaynegativelyaffectthebloodordersupply.Thefactthatforthecurrentpopulation
theensembleANNidentifies100%ofthepatientswhowillrequiretransfusionsisimportant,even
atthecostofaslightlyhigherfalsepositivepredictionrate.Thehighersensitivitycanleadtohigher
qualitypatientcare throughamore readilyavailablebloodproduct supply forpatientswhowill
requireanintraoperativetransfusion.Thesignificantlyhighersensitivityalsoimprovesthenegative
predictivevalue(NPV)from97.4%fortheoriginalpreoperativemyomectomytransfusionprediction
ANNto100%forthenewcombinedensembleANNmodel.ThehigherNPVmeansthatifapatient
ispredictedtonotrequireanytransfusion,thennobloodproductswillbeneededforthatspecific
patient’ssurgery.

Numerousresearchstudiesacrossawiderangeofdifferenttypesofsurgerieshavereportedthat
significantbloodlossandassociatedtransfusionsarehighlycorrelatedwithpostoperativemorbidities
andmortality(Carson,etal.,2002;Glance,etal.,2011;Karkouti,etal.,2004;Koch,etal.,2006).
ThenewpreoperativeEBLandtransfusionpredictioncombinedensembleANNenablessurgeons,
anaesthesiologists,andfollowupcareteammemberstobemoreawareofpossiblecomplicationsand
tobepreparedtotakeproactivemeasures,suchaschangingantibioticregimenandpatientmonitoring
frequency.WhilethetransfusionpredictionportionoftheensembleANNdidhavealowerspecificity
thanthestand-aloneANN,whichmeansthatmorepatientswhowouldnotrequireatransfusionwere
identifiedasneedingone,thisdoesnotmeanthatanactualtransfusionwouldbedeliveredwithout
clinicalevidencetosupportthetransfusiondecision.Eventhoughthesepatientswerenottransfused,
thepredictedEBLforthe40transfusionpredictionswasjustover20mlhigherthantheaverageEBL
predictedforthe56predictionsthatcorrectlyindicatednotransfusionrequirement.Thisindicates
thateventhoughtheywerenottransfusedinreallife,theymightstillhavebeenatahigherriskfor
postoperativemorbidities,coincidingwiththeneedforincreasedattentionfromcliniciansandpossible
changesinprognosticcare.CombiningtheEBLpredictionwiththetransfusionpredictionwould
provideaheuristicmethodtofurtherrefinetheANNpredictionsandconsequentcare.

Limitations and Future Research
Thecurrentstudywasperformedatasinglesiteandusedthesurgicaloutcomesofpatientstreated
byasmallgroupofthreesurgeons.WhiletheEBLandtransfusionoutcomesforthispopulation
were similar to several previous studies, the ability to generalize the results needs to be further
evaluatedtomakesurethattheresultsarenotspecifictothecurrentpopulationdemographicsor
surgeongroup.AlthoughraceandethnicitywerenotconsideredasvariablesforthecurrentANN,the
populationwas45%AfricanAmerican,37%Caucasian,5%Asian,and13%unspecified,with16%
ofthetotalpopulationhavingHispanicethnicity.Futureresearchisneededtoevaluatetheproposed
EBLANNandboththestandalonetransfusionpredictionANNandthecombinedensembleANN
fortransfusionpredictionatotherlocationswithdifferingpopulationdemographicsanddifferent
surgeonstodemonstrategeneralizabilityoftheresults.However,becausetwofoldcrossvalidation
isused,theresultsmaybeviewedascomprehensiveforthecurrentsiteandteamofsurgeons.

Althoughanumberofdifferentsinglehiddenlayerandtwohiddenlayerarchitectures(number
ofhiddennodesper layer)wereevaluated,notallpossiblearchitectureswereattemptedfor time
considerations.Assuchtheresultsofthecurrentresearchshouldbeinterpretedastheminimally
achievableresultsforANNmodelsforpreoperativelypredictingEBLandtransfusionsformyomectomy
surgeries.Additionalfutureresearchcouldinvestigateadditionalarchitecturesandalsousingother
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evolutionaryandmachinelearningtechniquestobetterestimatethearchitectureanddesiredvariables.
Furtherresearchshouldalsobeperformedtoexamineotherpossibleinputvariablesanddifferent
combinationsofthecurrentinputvariableset,whichmayfurtherimprovetheANNpredictionresult
byeliminatingnoisefromunnecessaryvariables(Walczak,&Cerpa,1999).WhilethecurrentANN
resultsarecomparedagainstregressionmodels,futureresearchcouldalsocomparetheresultsof
theANNandANNensemblemodelsagainstanothercommonlyusedmachinelearningapproachin
medicine:decisiontreesandrandomforests.

Finally, the current research predicts if any transfusion will occur. Future research, using
previouslyunusedensembleANNsfortransfusionpredictioncouldexaminepredictionsoftheactual
quantityoftransfusionstooccur,whichforthecurrentresearchwas0-3unitsofpackedredblood
cells.TheensembleANNmethodologyservesasamodelforimprovingtransfusionpredictionsand
mayworkwellforpredictingtheactualnumberofunitsforothersurgeriesthathaveawiderrange
ofadministeredtransfusions.

Clinical Application
WhiletheresearchpresenteddemonstratedanewensembleANNarchitectureforpredictingEBL,
thisstudyshowsaproofofconcept,demonstratingtheefficacyofensembleANNsforpredicting
EBLandtransfusionstoguidepreparationforsurgeryandindicatetoclinicalteamspossiblesurgery
relatedcomplications.ClinicalimplementationoftheANNasaclinicaldecisionsupport(CDS)tool
isachievable.

ThepatientdemographicsofageandBMIshouldalreadybeavailablefromthepatient’selectronic
medicalrecord(EMR).Additionally,sincescansofthetumorsaredonepriortosurgerythesenotes
willalsobeavailableintheEMR.Bloodpathologyistypicallyorderedfromdaystojustbefore
surgery.UtilizationofthedescribedANNensemblewouldrequirebloodpathologytobecompleted
sufficiently far in advance of surgery to enable ordering of appropriate blood supplies. Modern
medicalsystemswillautomaticallyloadtestresultsintoapatient’sEMR.Kupermanetal.(2007)
statethatintelligentCDSsystemsarebecomingevermoreembeddedwithinEMRs.Otherresearch
hasreviewedthepositiveclinicaloutcomesassociatedwithelectronicCDSsystems(Pawloski,et
al.,2019).Therefore,itispossibletoimplementtheensembleANNasanelectronicCDSembedded
withinEMRsystems,toautomaticallyhaveaccesstotherequiredpreoperativevariables,topredict
EBLandtransfusions.Alternatively,theensembleANNcouldeasilybeimplementedasastand-alone
electronicCDSthatwouldhavevaluesenteredfromanEMR.Futureappliedresearchisneededto
developtheclinicalimplementationandevaluatetheeffectivenessinmanagingbloodordersupply
andimprovingpatientoutcomes.

CoNCLUSIoN

ThepresentedresearchdemonstratestheefficacyofANNmodelsforpredictingsurgicalbloodloss
andtransfusionrequirementsformyomectomysurgerypatients.AcombinedensemblestyleANN
isdevelopedthatutilizestheoutputoftheEBLpredictionANNasaninputvaluetoimprovethe
sensitivityoftransfusionpredictions.UtilizingthepredictiveoutputofANNsfrommultiplelayers
within thecombinedensembleANNisanewarchitecture thatshouldbeconsideredforclinical
diagnosticandprognosticpredictionmodelsofcorrelatedoutcomes.EnsembleANNshavebeen
significantlyunderutilized inmedical research.The improvedsensitivity indicates thatensemble
ANNsshouldbeconsideredasamodelingalternativeincaseswhereincreasedsensitivityisdesired,
withapossibletradeoffinreducedspecificity.

EvaluatingEBLhasalwaysbeenadifficultproblemforsurgeonsandanaesthesiologistsand
ispronetoerror(Algadiem,etal.,2016;Eipe,&Ponniah,2006;Guinn,etal.,2013).TheEBL
predictionANNprovidesamachinelearningbasedmethodtopreoperativelypredictsurgicalblood
losswith reasonableaccuracy,perfectlypredictingalmost21%of thestudiedsurgicalcasesand



International Journal of Healthcare Information Systems and Informatics
Volume 16 • Issue 1 • January-March 2021

10

predictinganadditional37.5%within100mlofactualEBL.Thisenablesprognosticprediction
ANNstoutilizepreviouslyunavailableinformationsuchassurgicalbloodloss,utilizingthedesigned
ensemblearchitecture.

Thereportedresearchhastwoprimarycontributionsandasecondarycontribution(2.a):

1. TheefficacyofutilizingensembleANNarchitecturesformedicaldiagnosticandprognostic
systemshasbeendemonstratedandspecificallyshowntoimprovethesensitivityfortransfusions
predictionsovernon-ensembleANNarchitectures;

2. AnANNapproachforpreoperativelypredictingEBLhasbeendeveloped.Whenusedinan
ensembleANN.Thispermitstheintroductionofpreviouslyunavailablevariablesforpreoperative
predictionofoutcomes:
a. ThedemonstratedcapabilityofANNstopredictEBLandtransfusionsmaybeusedtohelp

identifypatientswhoareatincreasedriskofpost-surgicalmorbiditiesandmortality.
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