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ABSTRACT

BackgroundRule-basedecisionaraatlwayaccurateStatisticake chnigueBkenultivariate
regressiomavéeherefordeemnsedaleveloputcomeredictioscored KAPACHESAPS
andMPMHoweverthesestatisticamethodsareonstrainedyhea ssumptioropredefined
mathematicalelationshipetweeimdependentariableandutcomeExper iencedoctorsnake
bettedecisionshamewcomersComputer-basedartificiaintelli genceechniquedikartificial
neuratetwork§ANNgabétrainedtdevelopheiowmodelspr ediadutcoméasedn
largamountsglinicadatal heommonedearningnechanisré NNhbackpropagation
algorithmwhereithsystemredicttheutcoméoeacipatieriva sedpastxperiencand
comparethigvitactuabutcomeithialgorithmaerroipropa gatethackwardsimprove

theredictioaccuracy.

Objectives ToompardPACHBAcut®hysiologican€hronitiealtkvaluat iongystem
witbackropagatioANMutcomerediction.

Design- Retrospectiveohodtudy.
Setting- Medicahtensivearenfingdwartemorigk EM)ospita Mumbai

Subjects 2962onsecutivadmissionbetweett99and999.

Methods 22linicanthboratoryariableserasetbbtaith®apPAC HBcorand
predicturvivallheam@gariables/eralsasedspuor h&NNhodg/ANN soPata
fromhdirsfi962atientsveraiseddrairthenetworlandhenext 100Qverausedor
validationCalibratioridegre@torrespondencéetweemstimatednd observednortalitpver
eacllecilefiskjvasleterminedyhéiosmer-Lemeshowvista tistichighevaluesndicate
pooregoodness-of-fiDiscriminatioifabilitydistinguishetweesurvi voran@onsurvivors)
wasstimatetdthareandeth®OCurveyaluesloseid indicatbettediscrimination.
Results- 33athd00@atientsthealidatioigroupliedAPACHBpredicte@46ea ths
whileANN-22redictedB3&leathsCalibratiorwasetterwithANN 24H=22.4%harwith
APACHEH=123.5andavagliscriminatior(areaindeROCQurved.87 v/9.7fith
APACHHIp=0.002)Analysi®informatiorgairientropygontributedyeac lothe22
variablesevealedhathé@NNouldeliablypredicoutcomeisingnl yL yariablesvithout
lossdiccuracyTh@ewnode ANN 1hadalibratiofH=27.7andiscriminatiofareander
RO®.88omparabl&dNN 4{p=0.87anasuperiathdPACHBEodgP<0.001).
Conclusions BotirANNNodel$uilironthéndiarcohorofClpatient®utperforme dhe
APCHBystenmindiapatientsT h@eurahetworkoul@dccurate lypredicbutcomeising

onl§Sariables.



INTRODUCTION

Rule-basedlecisionarenotlwaysccurategspeciallyvherthe nterplaymanyariables
determinegheltimat®utcomeStatisticalechniquesikenult ivariateegressiomavéherefore
beenisedioleveloputcomeredictioscoreikAPACHESAPSnd/1PM wheragepre-
existingchronidiseasesclinicaparametersphysiologicatlerangeme  ntssurgicastatusand
acutproblemsequiringClddmissiohavéeensetpredicturvival odeatfil However,
thesstatisticahethodareonstrainetthassumptiogdredef inedhathematicaklationship
betweenindependentariableandutcomé¢2]Experiencedloctorsnakdettedecis ionghan
newcomersComputer-basedartificiaintelligencdechniquesattem ptsimulatehelecision
makingrocessesuclasgarningndnemoryhaaremployedyhduman braif3Pne
suckechniguéhartificialeuraletworkANN)Computersi tAppropriatsoftwarezabe
"trainedtdevelopheiowmodelsprediabutcombaseditargam ountsélinicalata.
TheommonedearninghnechanisnANNs thbackpropagatioalgorithmyhereitheystem
predicttheutcoméoeaclpatienbasedpastxperiencémemory) andompareshisvith
actuabutcomelrthiglgorithmarerrorpropagatedackwardsom proveheprediction
accuracj2,3].

wiouldbeeasonabléexpecthaartificiahtelligencene thodsnapablépredickCU
outcomedettetharstatisticallyderivedequations Wethereforea ttemptedacomparehe
predictiveaccuracyoANNswiththeAcuté?hysiologicandChronic HealtlEvaluatiorl
(APACHHI¥coringystemThéPACHHivaselecteds istibeingvidelyseénd
consideredhdenchmarkcoringystenjihaveestudiedvarious countriegthethan
th&dIncludingKsranceiermanysaudirabialapanyewealand, Brazdanthdifd,5].
MATERIALANMETHODS
Alpatientaged Yearancdboveadmittedahel beddedntensiveCar &JnioKing
EdwardViemorialMumbabetweenlanuaryl 996andviayl 998 werestudied TheKE M
Hospitaisl 80®eddedVunicipahospitahndertiaryeferratent erTheavdataisedo
obtaithdPACHBcoreverprospectivelgollectedajpa tientadmittedthéCUThe
valuegecordedverghemosabnormaphysiologicalzaluesiuringhdi rshrofCU
admissionTheHospitabutcomedlischargeddeadyvaslsaecorded. Theprobabilityf
hospitahortalitpyaderivetrothdPACHBquatioff]:
In(p/(1-p) -BOBATBpach&EBEEBost-emergencyperatiostat us)
tliseaseategorgoefficient.
ANNbBavéhabilitgtlearnthathematicaklationshipbetw eemerieghpuiindependent
predictovariablesantheorrespondingutpuidependenputcomeyariables. Thigchieved
bitrainingheetworlitirainingatasetonsistingsredictor variableanth&nowor
associatecbutcomesNetworksargrogrammedadjustheiinternal weights basedrihe
mathematicatelationshipsdentifiedetweerthenputandheutputs iredatasetOncea
networkabeetrainedtabesedopatternecognitionclass ificatiotasksszeparate
tesiiataet.
Avarietyfearningalgorithmsexistaletermingheoptimahet workveighbuthenost
commonhanavidelyisealgorithnshdoackpropagatioralgorithmThelgorit hnmaye

characterizedhdollowsArainingaseopatterr(i.earobser vation)selectedronthe



trainingefrandomlpsequentiallyandhenhealuestheredict ovariablegreise@s

inputsohaetworkaleterminehg@redictedutpudtheetworkT his predictedutpuis
thesomparetth&nowndesiredutpute.gQ=livel =dietheres differencbetween
th@redicteanth&nowwoutputerrosignakalculatedntack-pr opagatethrougihe
neurahetworkT hisignalenathematicallactothaadjusts thealueéachveighitthe
neuraletworteeducehdifferencbetweetheredictednth&now poutpulhugheext
timenetworlencountergrainingasevitisimilampuvalues itpredictionvilbenore
accurateAtheasesthérainingedreontinuallprese ntedth@etworkinttheverall
errohapeeminimizedOngasshrouglaibthdrainingases gonsiderearepoclof
traininglTheveraturatioatrainingpfteexpressedermsf numbeaépochsequired
toeacherrominimumrhenaipowenfeuraletworkBesvi thithé@iddenodesThey
arédiddefronthénpuandutputth@eurahetworknadchsiaté eatureletectorsis
herehathenetworksbledearnmplicithanyarbitrarily complexion-linearelationship

betweethdependerdanthendependentariables.

ladditiofearningpredicdutcomeaheetworklsdeterminethe ntropyinformatiogain)
ofha@nputariablesTheentropyoeBoolearclassificatiorofc ollectiorBcontaining
positivandegativexamplessoméargetonceptabgivens

+ + - -
Entropy (S -p logzp - p logzp

whereinr$hqaroportiormpositiveexamplesi;mhe;olIection and p_ isheroportiorof
negativexamples S

Ithistudyl0O@asesvereandomligelectednéiepasidéserve athéestefpatientm
whonthéNNvoultheisedseatouldorrectlpredicbutcome JTheemaining.962
caseweregakeath&rainingetnaeuraletworknoded adevelopebasedthes&962
caseslnitialhalthe22/ariableqattributesthaaraise d@redictortalityrthéhe
APACHHnodeleréakendeveloph@etworkANN 22)Theath@fariablespnly5
variablewithighestntropgnformatiogaiwerselectetbr moddiuildinANN  15).
Athreenodelshamelthéd PACHEANNvitR hpurariables ( ANN2An@ANNvith

1inpwtariable§  ANNisyver¢henisedpredidheutcomathéestev 00Patient
anthaccuracgheséethodmutcomeredictiomwereompared.

Statisticahethods

Thélosmekemeshowstatistisvasisedstudyhealibratior thaccuracythaystenm
predictinggrouputcome®vethentireangemutcomeisk$7]The reindereceiver
operatocharacteristiROCrurvevasisedassessheabi litpthesystemalistinguish

betweemdividuglatienteshbvednthosehdie{B,9].

RESULTS
Wetudie@962duliCpatientsOtheseasesl00@asesvere andomlgelecteandept
asidashéestasesUsinglatdrontheemainind 962ases, th&NNvasuiltakin@?2

variablesThentropie@nformatiogainpatheariables givergrapdntbablé



Figuré
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Variables

Tablé Variablearrangedhdescendingrdeaccordingthentropy/informa tiogain.

1 Glasgowom&core 12 |AcutRendtailure

2 FIO2 13 Temperature

3 PartidPressuredxygen 14 Hematocrit

4 MeaArteridPressure 15 EMOREmergencgurgery

5 Respiratoryate 16 Chrpniespiratorgisease

6 Age 17 Chronicenalisease

7 VYentriculaRate 18| Potassium

8 ArterigiH 19 Chronibvedisease

9 WBCount 20 |Chranicardiovasculadisease

10 | Creatinine 21 Chronionmunologicalisease

11| Sodium 22 E|LOEElectiveurgery
Fronthesdat#dabaferrethablasgowCom&cores héctahavoulbbegredict

prognosidgpllowetth&0ORO2andon.

Assecondstagevehereliminatedhétariablesvitleast

includednlyhéofd yariablesiccordingwheinformatiomgainAnotheA
builvittheséSariablessingatérortheamé96patients.

Athreenodelspamelthéd PACHEANNvitR lhputariables

1tnpwariable¢  ANNisyver¢hemisedpredidheutcomathéested 00Patient
anthaccuracgheséethodmutcomeredictiomwereompared.

informatiorgairand
NNnodelvas

( ANN2Zn@NNvith



Tabld : DataiOO@atientgtessetyroupeddecilesiiskdea thalongvitithe

predictedndctualeathmachategorysingth@redictiom odels.
RishPACHH ANN {aRLariables) ANN L5 variables)
death Tofakaths Deaths | Total Dgaths Total

Obs Pred Obs Pred Obs | Pred

10 361 44 12.94 215 20 12.71 221 26 12.60
10-20 210 54 28.63 190 32 25.91 179 22 24.28
?0-30 104 41 24.90 141 40 35.34 151 34 36.52
30-40 90 35 30.92 100 28 35.19 101 40 34.99
10-50 73 39 32.52 86 40 38.64 88 38 39.38
50-60 38 24 21.14 57 31 30.76 52 22 28.08
60-70 41 28 26.84 93 48 59.92 73 40 46.90
70-80 36 31 27.19 50 33 37.61 55 48 40.77
80-90 36 31 30.41 41 39 34.40 44 34 37.27
90-100 11 10 10.41 27 26 25.31 36 33 33.84
Total 1000 B37 2459 10pPp0 337 336 1000 | 337 835
Lemeshow
Hosmer | x323.5 df8 X222.4 &8 | 2277
statistic
Frontabléthe xvaluéothdNN22vag2.4ndNN1svag7.7significantifesshan
thdPACHRBaluei23.5Thergvassignificandifferencéetw eethealuesANN 22
andNN 1s.
Figur@ ReceiveOperating@haracteristi(ROCyurvesf mortalitpredictiomnising
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Thareandeth&OCurvéoAPACHmBvag %ol hisvas
ANNavhiciva8%p<0.002anfbANN

DISCUSSION
Wéounthaheerformancehévenodeldfleurdietworksa
thabAPACHHmModelherapplieddhayiverdatasetThd.emes
showedbetteoveraljjoodness-of-fitviththéANNmodelasompar
modelThistatisticabstasetbompareredictiongrouput
predictedutcome§l, 7[Th&eceiveDperating€haracteristi(RO
modelshowedettediscriminativecapabilitieasomparedd
wordsghéNNnodelsversuperiotdPACHHipredictingvhet
wouldurvivedigl].

Therarseverglossiblexplanationsathapparerguperioritpf
hodeFirstith& PACHHENortalitpredictioequatiorde
techniquevhiclassumedinearityi.eamncreasingleviatiorfironthe
rangecorrespondgarincreasediskommortality Thigessenti
medicinditheredictioahortalitysingnultiplgariablesela
variablegphysiologicgbarametersandheislofmortalitynaype
neuratetworkar@ergoodbuildingucimon-lineamodelathewpr
techniquesssigninglifferentisksalifferenarea®émultidi

studiehaveshowraveshowmeurahetworksuperiotdinearegression
medicaproblemd10-12] othershaveshowmasignificantdifferencesbetw

ignificantliessomparetb

11vaB88(p<0.001kuggestinthah&NN
modelsverabléalistinguistbetweesurvivorangonsurvivorsnoreeli

ablyhadPACHE

significantlguperiaio
how-Hosmestatistic
eddheAPACHHI
comesveahentireangef
CCurvareasoth& NN
PACHHmModellrother
heamdividugbatient

thaNNvethd PACHE
rivetformultipleegression
midpoinbthenormal
allynothecaseclinical
tionshipetweethdifferent
complexiyon-linearThe
essentiallynapping
mensionaspaceWhilesome
modeldosome
eerthdinear

regressiorancheurahetworknodelg13]OnesuclstudypywWongandy oungcompared

predictiorbyAPACHHWwiththabyANNrpatientadmitteddC
showedhathergvasasignificandifferencéetweeth@pproac
[13].

Secondith&PACHBEnoddéhabeeprimarilgerivethasedaves
representativethéClpatient
differencathease-mixindiarmndmericadCUsndianCU
AmericaandEuropeanClpatientsvithespediothefactorsy
includindead-timédiaandlifferencesmrganizatioranditilizati
[5,14HencehdPACHBcoreyititexistingveightsjoesot

Indiapatientf5[ThusuANNMhodelsmahaveutperformethdPACHE

becaus¢hewerdrainedsingndiapatientsThisnaglsexplaimv
ndindNNbsuperiaid PACHHBpatientfronth& K
coulgrediobutcomasaveiltheicaseshatherevastt

fromMNNSs.

ladditiotthdifferencaheredictivperformanceh@&PA
walsdoundhasometheariableshahavdeemusedthaevel

UsiUKThistudy
hes$opredictingurvival

tercohothamwot

populatioathéndiasub-continenbTherésignificant

patientalsaliffefrom
hicimaynfluenceutcome,
omhealtltargesources
predicturvivakeliablin
Bystermainly
hwonand ounglid
13[ThdPACHBystem

ladditionabenefitbe®btained

CHBEndeuratetworks,
opmendf modeare

redundantdanotontributanmprovingheaccuracyopredictioranccouldasve Ibe

eliminatedronthenoddbuildingrocessTheseariablesvitithé
oneshaindicatehronitealtievaluation/majosystem
predictivaréhenethandicatéhacutphysiologicadtatus

eastntropgrenostlyhe

statusindhevariableshaarenost
anditgdarametersThdisease



categoryowhiclpatientvagadmittetithéCUWoevagmportant tpredicbutcomeWong
andoungpbavéounthaheiNodalidaequirthesdatél 3].

Whileeurahetwork$raveseverahdvantage$2,11,13pvetraditionasta tisticalechniques,
theyhaveseveratirawbacksooAnajodrawbacKl5pheurahetworks ighatheyare
primarily*black-box’modelsandhavdimitedabilitytcexplicitlyide ntifypossiblecausal
relationshipsThegrenordifficutinsahéeldndeegre atecomputationalesources.
Finallytheneuralnetworkmodeldevelopmentprocessisempiricaland therearemany

methodologicatsuethaemaitbsolved.

Despitehdrawbacksheuratetworkgheyemaigromisingndobus todbdeveloping
model&isktratificationThaccuracgheeuraietworkn odedab&urthemproveby
increasinghsizetharaininglataThereéslsaeedor developinginearegression
modedthénesAPACHHEathéndiaiClipopulatiowhicieepr esentativeth&opics
sinceheasenianathefactorshamighbhavesignificanim pacbnhenortalitythis
grouppatienthavenobeeraccuratelyepresentecandnodeledranyot heAPACHE
modelsOnlnfteilevelopethalveouldccuratelgompare haccuracgbredictioof
mortalitypyhdinearegressiorancheurahetworknodelbuilorsam plesimilapatient

population.
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