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AN APPLICATIONOF STATISTICALTECHNIQUE~
ANALYSISOF REACTORSAFETYCODES

MichaelD. McKay John W. Bolstad David

TO THE “

E. Whiteman
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Los Alamos,New Mexico 87545

ABSTRACT

The objectivesof this studyon the application
of statisticaltechniquesto the analysisof reactor
safetycodesare the identificationof the input
variableswhichhave a significantinfluenceon the
outputvariables(sensitivityanalysis)and the
determinationof the effeccof uncertaintyin input
valueson the outputvariables. The Latinhyper-
cube sampling(LHS)procedureis presentedas an ,
inputvalueselectionprocedure. The partialrank
correlationcoefficient(PRCC)coupledwith the LMS
procedureis presentedas a quantitativemeasureof
sensitivity.An examinationof the PRCC variability
and an analysisof TKAC for a Semiscaletest
are presented.

1. INTRODUCTION

Thispaperdescribest!~estudybeingdone at the Los AlamosScientific
Laboratoryon the applicationof statisticaltechniquesto the analysisof
reactorsafetycodes. The objectivesof the studyare the identification
of the inputvariableswhichhave a significantinfluenceon the output
variables(sensitivityanalysis)and the determinationof the effectof un-
certaintyin the inputvalueson the outputvariables.

Two aspectsof computercode analysisare of particularinterestand
concern: (1) the long-mmningtime of the codesand (2) the large
numberof inputvariablesto be studied. While the firstaspectlimitsthe
numberof computerruns,both aspectsnecessitatea flexibleinvestigation
strategyin orderto supporta varietyof analysesfrom the same set of
computerruns (data). The investigationstrategyincludesboth the
selectionof inputvaluesand the applicationof analysisteqhniqucs.
Theseareaswill be discussedin the followingsections,togetherwith
an analysiscf the TRAClcomputercode for a Semiscaletest.

%. J. Conover,a visitingstaffmemberfromTexasTech University,is a
majorcontributorto the statisticalwork.
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II..lNPUI’VARIABLES

Inputvariablesare thosequantitieswhichare to be investigated.
Otherquantitiesmay be requiredto evaluatethe code,but the:”are not
consideredto be inputsin thispaper.

Inputvariablesmay incluJe:

(1) quantitiesrelatedto physicalcharacteristics,suchas initial
conditions;

(2] coefficientsin fittedfunctions(engineeringcorrelations],which
are estimatedfromexperimentaldata;

(3) parameterswhosenominalvaluesare derivedfrom theoryor engi-
neeringjudgment;

and (4) quantitiesrelatedto the numericsof the model,such as the choice
of time step for solvinga differentialequationnumerically.

Sometimesan inputvariablehas inherentvariabilityand can naturally
be regardedas a probabilisticrandomvariable. In othercases,when an
inputvaluehas to be estimate~fromdata, a probabilitydistributioncan
describethe confidenceof the analystin his estimate. In general,it is
convenientto associatewith each inputvariablea probabilitydistribution
whichdeterminesthe regionof interestin the variationalstudy.

III. SELECTIONOF INPUTVARIABLEVALUES

The anticipatedanalysesshoulddictatethe selectionof not only the
inputvariablevalues,but also the variableswhichare to be part of the
study. The analysescouldinclude: (1) calculationof generalstatistical
quantitieslikemeans and standarddeviations, (2) calculationof quan-
titiesneededfor probabilitystatementsor uncertaintybands, (3) cal-
culationof sensitivityfunctiuns,and (4) curve fittingof the output
variable.

For a selectionprocedureto be effective,the generatedinputvalues
shouldadequatelyspanthe inputspace. Moreover,the statisticalestima-
tors shouldhave an inherentlyhigh degreeof precisionso that the number
of computerruns can be kept small. The statisticalsamplingprocedure
describedin the next sectionallowsboth the statisticaland the sensi-
tivityportionsof code analysisto be performedon th~ same set of data.
Also,the numberof computerruns is not a functionof the numberof
inputvariablesas it is in one-at-a-timevariationand in other
systematicdesigns, However,particularanalysesm?.yimposelowerlimits
on the numberof computerruns.

Iv. LATINHYPERCUBESANPLING

The Latinl{ypercubeSampling(IJiS)procedure2 for selectingvaluesof
inputvariablesfor n computerruns firstdividesthe rangeof each input
variableinto n intervalsof equalprobabilitycontent. If each inputvari-
able had a uniformprobabilitydistribution,as is the case in Quota



Samplings,the n intervalswouldbe of equal length. Aftera value is
randomlysampledfromeach interval,the n valuesof each inputvariable
are then randomlyassignedto the n computerruns.

The LHS procedurepossessesseveraldesirableproperties. An increase
in the precisionof estimatorsof the mean and cumulativedistribution
functioncan be expectedover the correspondingestimatorsobtainedfrom
a completelyrandom(ordinaryMonte Carlo)sam le when the outputvariable

tis a monotonicfunctionof the inputvariables. The reductionin variance
of estimatorscan mean a substantialsavingsin termsof the required
nunberof computerruns. In Ref. 4, the precisionof an estimatorof
meanpressureas a functionof time was examinedfor a randomsample,a
stratifiedsample,and a Latinhypercubesamples. The standarddeviations
of the estimatorsis shownin Fig. 1. Each samplingplan contained16
observationsat each timepoint and was replicated50 times.

Anotherdesirablepropertyof LHS is in the area of sensitivityanalysis.
Sincethe rangeof each inputis stratified,the pointsin the inputspace
remaindistinctwhen projectedinto subspacesof fewerinputvariables.
If variablesare omittedin an analysis,as they mightbe if theywere
judgedunimportant,the remainingvariablesstillconstitutea Latin
hypercubesample.

The IJiSprocedurehas also demonstrateda desirablepropertyfor fitting
the outputvariableto an empiricalfunctionof the inputs,i.e.,in surface
fittingor responsesurfaceanalysis. The surfacesfittedwith the LHS
procedureseemto have goodpredictivecapabilities.The reasonfor this
is not knownat this time;however, it is believedthe propertyarisesfrom
the way the LHS procedurespreadsout the valuesin the inputspace. Two
topicsrelatedto the spreadof data pointsare currentlyunderstudy,
clusteringand coverage. Clusteringis the tendencyof inputvaluesto
form localizedgroupsin the inputspaceand subspacesof the inputspase.
Coverageis concernedwith the dispersionof the inputvalues,and in
particular,the convexhull of the points, in the inputspaceand subsr.aces.

V. MODELVALIDATIONAND SENSITIVITYANALYSIS

Modelvalidationcan be definedas the processof assessingthe “truth”
or correctnessof a model. In actualpractice,modelvalidationmeans the
establishmentof the degreeof credibilityone can have in the forecastsor
predictionsof a model, usuallyfor hypothesizedevents. one way of estab-
lishingmodelcredibilityis throughthe comparisonof modttlpredictio]~swith
observeddata. Statisticalgoodnessof fit testswhichhave a theoretical
basiscan be used undersets of assumptionsusuallycontainingalmost-
normality,almost-linearity,and almost-hornogcnityof variances. These
assumptionstend to limitthe scopeof the modelsto beingreg~ession-like
or strictlyprobabilistic.In the area ci stochasticprocesses,the scope
is expandedto predictionvariablestreatedas parametricfunctionsof
time. It is not clear,however,what directionone shouldtake in
lookingat goodnessof fit and modeJvalidationfor the more generalmodel
withmultiple,time-dependentoutputswhich are nonlinearfunctionsof
the inputs.
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Anotherway of establishingmodel credibilityis the use of sensitivity
analysis,by whichwe mean the generalstudyof the variationof a model
outputas a functionof variationin model inputs. Ratherthan being limited
to localmeasures,suchas thosecalculatedfrom small,one-at-a-timeper-
turbationsaboutnominalvalues,sensitivityanalysisshouldincludeglobal
messureswhich characterizevariabilityin termsof the entirerangesof
valuesencounteredin modelevaluations.

Used in its generalsense,sensitivityanalysishas two desir-
able featuresin the areaof modelvalidation. First,by an intensive
variationalstudy,modeldeficienciescan be detectedand subsequently
corrected. Second,if a modelsurvivesa vigoroussensitivityanalysis
its credibilityas a relevantforecastingtool is increased.

VI. “iliEPARTIALRANKCORRELATIONCOEFFICIENT

The Fartial”RankCorrelationCoefficient(PRCC)is a measureof
sensitivity.The PRCC is the partialcorrelationcoefficients(PCC]
evaluatedusingrank-transformeddata. The PCC measuresthe degreeof
linearassociationbetweentwo variablesfrom a multivariatestructure
afteradjustingfor the lineareffectsof the remainingvariables. Hence,
the PRCC measuresthe degreeof monotonicassociationin the sameway
that the PCC measureslinearassociation.

The PRCC is boundedin absolutevalue by 1. Valuesnear +1 indicate
a strongdirect (positive)associationbetweenthe outputand input,
whilevaluesnear -1 indicatea stronginverse(negative)association.
Valuesnear O indicatea lackof association.

The PRCCpreservesthe time aspectof the outp’:tvariable. Hence, it can
provideinformationaboutimportanttime regimesassociatedwith the input
variablss. Used in conjunctionwith the LHS procedurefor selectinginput
values,the PRCC has demonstratedits value as a sensitivitymeasure. The
PRCC is a statistic;hence,it possessesa probabilitydistribution.At this
time,the distributionof the PRCC is unknownexceptunderthe assumptionof
zeropartialrankcorrelationamongall inputsand the output. This assump-
tionwill not bc satisfiedwhen thereare at leasttwo importantinput
variablesin the study. Withoutthe distributionof the PRCC,statistical
inferenceson the importanceof the inputscannotbe made. Cautionmust be
exer~isedwhen the PRCC is used subjectively.

To examinePRCCvariabilityand the effectof samplesize in a typical
hydrodynamicsproblem,a studywas performedon a code whichmodelsan
experimentby Edwards,et, al.6 The Edwards’experimentswere blowndown
studiesof fluiddepressurizationin a straightpipe 4.1 m longwith an
insidediameterof 0.073m. A glassdisc at one end of the pipe was
brokento initiaterepressurizationto atmosphericconditions. The par-
ticularexperimentmodeledin this studywas performedat initialcon-
ditionsof 7 x 10s Pa and 515 K.

*

The experimentwas modeledwith TRAC7using 20 computationalcells
as shown i.~Fig, 2. Eightinputswere variedand the time behaviorsof
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calculatedquantities,outputvariables,were recorded. The PRCCS
betweenthe inputsand each outputwere calculatedfor threesamples
eachof size 10, 15, and 20. ‘I’hePRCCSbetweenthe pressureat gauge
station1 (PGS1),and the inputSLIP,a multiplieron the relativevelocity
betweenthe vaporand ?fl.quidphases,are shown in Figs.3, 4, and S.

The threercplicati~~z,ofsamplesize 20 in.Fig.3 are all
comparableand indicatethatSLIP [1) is unimportantfor the first
0.25 seconds, (z) is impo~’tantand inverselyrelatedto PGS1 for the
next 0.15 seconds,and (3) lessensin importancefor the last 0.10
seconds. The PRCC stronglyIndicatesa SLIP regimechangeat approximately
0.2S seconds.

The threesamplesize 15 casesin Fig. 4 agreequalitativelywith the
Fig. 3 plotsafter0.25s. In the first0.25s,however,the PRCCSare somewhat
unstable. Nevertheless,conclusionsaboutSLIP in the samplesize 15 cases
wouldbe the sameas thosefrom samplesize 20 cases.

The samplesize 10 casesin Fig. 5 clearlyshow the imprecisionas-
sociatedwith the PRCC for an inadequatesamplesize. Since it is improbable
that the quicklyfluctuatingimportanceof SLIP is real,one shouldassume
that this samplesize is too smallfor drawingvalid inferences. The source
of the oscillationis not known,but there is some indicationthat there is
oscillationin the calculatedpressurewhich is amplifiedin the PRCC. An
increasein samplesize seemsto dampenthe amplitudesobservedin the
smallersamplesize cases.

VII. APPLICATIONTOTRAC

The LHS/PRCCanalysismethodw s appliedto the TRAC code in the89
Analysisof Semiscaletest No. 1011 ‘ . The TRAC analysisconsists
of the calculationcf the systemthermal-hydraulicresponseduringthe
blowdownof the 1 1/2 loopseimscaletest apparatuscoveringthe time
period0-30safter initiationof the rupture. An analysisof this
problemusingbest estimateinputsis presentedin Ref. 1. This study
extendsthe previousanalysisto includea statisticalanalysisof the
code,

1. Descriptionof testapparatus.

The Semiscaletest apparatusin which test 1011was conductedhad
both an intactloopwith activecomponentsand a blowdowmloopwith
simulatedcomponents, In this configuration,the operatingloop represents
threeintactloopsof a PWR and the blowndownlooprepresentsthe broken
loopof a PWR.

The pressurevesselcontainsnine electricallyheatedrods 1.68m
in length. For test 1011,power to the rods was shutoff prior to blow-
down.,The downcomergap was ,0429m,

A simulatedpump,
semblieswith blowdown

simulatedsteamgenerator,and two ruptureas-
nozzlescomprisethe blowdownloop. The simulated
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pump and steamgeneratorconsistof pipingcontainingorificesto achieve ‘
the’desiredthermal-hydraulicresistance“ofthesecomponents. The full
breakareanozzlesapproximatethe systemvolumeto breakarea ratio for
a full scalePWR. For test 1011,however,the breakarea was reduced
to 80% of the full sizebreak.

The operatingloop,calledthe intactloop,has a volumeapproximately
threetimeslargerthan the blowdownloop and representsthree intact
loopsof a four-loopPWR. This loophas a tube-in-shellheat exchanger,
centrifugalpwnp, and pressurizer.

2. TRACmodelof experiment.

The experimentwas modeledwith TRAC as a set of interconnected
componentsshownin Fig. 6. The model contains18 components(16 com-
ponentsshownin Fig.6, plus 2 breakcomponents)with a totalof 122
fluidcells. Typicalcell lengthsused in the modelare of the order
of .15 - .50m. The transientcalculationis initatedby instantaneously
openingboth breaks (adjacentto components14 and 18). Resultsare cal-
culatedfor the first30s of the transientportionof the experiment.

In this study,16 computerruns were performedin whichthe values
of 8 inputvariableswere selectedusing LHS. These inputquantities,
in effect,variedcodemodelsdealingwith singlephasepipe friction,
twc phasefrictionmultipliers,orificepressurelosses,net flashing
rate betweenliquidand vapor,slipbetweenliquidand vaporphases,and
heat transfercorrelationsas well as othermodels.

Eighteencalculatedoutputvariableswere selectetfor analysis.
Theseoutputsincludedphysicalquantitiessuch as volumetricand mass
flow rates,pressures,differentialpressures,temperaturesand densities
at variouspointsin the physicalsysr.em.

Fromthe 16 compv’erruns,i44 (8 inputvariablesx 18 output
variables]PRCCSwerecalculated.The calculatedPRCCSindicatethe
time-dependentsensitivitiesof the 18 outputvariablesas a functionof
eachof the 8 inputvariables. An exampleof the statisticalanalysis
of the SemiscaletestTFLACresultsis shown in Figs.7 and 8 for the
outputvariablelowerplenumpressure(LPP). Figure7 showssummary
statisticsfor the lowerplenumpressure(inPascals)as a functionof
time. The minimumand maximumcurvesare the minimumand maximumof the
16 runs observedfor each timepoint. The nominalplot,displayedfor
comparison,was obtainedfrom an additionalrun with each inputquantity
set at the midpointof its rangeof variation.

The PRCC analysisindicates,to some extent,whichof the input
variablesleadto the variationsin a given outputvariable(e.g.as
shownon Fig. 7). The PRCCSbetweenthe lowerplenumpressureand flashing
rate (FLASH),heat transferrate betweenthe pipes and fluid (IITLOR),two
phase frictionmultiplier(EXP1),and pipe roughness(RG)are shown in
Fig. 8,

Tho PRCCSindicatethat for the first sevenseconds,the lowerplenum
pressureis stronglyinfluencedby both the flashingrate and vull heat
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transferwhileat latertimesthe lowerplenumpressureis influencedby
the two phasefrictionmultiplier. The smallabsolutevalueof the PRCC
betweenthe lowerplenumpressureand the pipe wall roughnessindicates
thatthis inputvariable(RG)has littleeffecton the lowerplenum
pressureas comparedto the othersshownin the figure.

The positivevaluesof the PRCCSfor FLASII,HTCOR,and EXP1 indicate
that an increasein the valueof these inputsleadsto a highercalculated
lowerplenumpressure. Thesetrendsare easy to understandphysically
sincean increasedheat transferrate givesa higherfluidinternalenergy
(andthuspressure)whereasan increasein flashingor frictionalpressure
drop increasesthe breakmass flow rateswhichmakes the pressuredecay
slower. Additionalanalysesof this semiscaletest can be foundin
Ref. 10.

VIII. CONCLUSION

Cautionshouldbe exercisedusing PRCCSwhen the numberof computer
nns is not much largerthan the numberof inputvariables. In this paper,
a samplesizeof abouttwicethe nurtlberof inputsproducedsatisfactory
stabilityin the PRCC. In the TRAC application,the PRCCScalculated
using LHS agreedqualitativelywith independentcalculationsperformed
by the codedevelopersusingone-at-a-timevariation. However,much
more informationwas obtainedby the PRCC analysissincethe time
preservingaspectof the PRCCSprovidedinformationaboutthe important
timeregimesassociatedwith the inputvariables. Furtiiermore,the PRCCS
aidedcode dev-lopmmt by indicatingwhich physicalmodelscontainedin
the codehave the most influenceon the code outputand thus indicating
a rankingfor modeldevelopmentin variousareas.
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