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Abstract

The blood beryllium lymphogyte proliferationtest(BeLPT)is a modificationof the stan-
dardlymphogyte proliferationtestthatis usedto identify personsvho mayhave chronicberyl-
lium disease.A major problemin the interpretationof BeLPT testresultsis outlying data
valuesamongthereplicatewell counts( =~ 7%). A log-linearregressiommodelis usedto de-
scribetheexpectedwell countsfor eachsetof Be exposureconditions,andthevarianceof the
well countsis proportionako the squareof theexpectedcount. Two outlier resistantegression
methodsareusedto estimatestimulationindices(Sls)andthecoeficient of variation. Thefirst
approachusedeastabsolutevalues(LAV) onthelog of thewell countsasa methodfor esti-
mation;the secondapproachusesa resistantegressiorversionof maximumquasi-likelihood
estimation.A major advantageof theseresistantmethodsis that they make it unneces-
sary to identify and deleteoutliers. Thesetwo new methoddor the statisticalanalysisof the
BeLPT dataandthe currentoutlier rejectionmethodare appliedto 173 BeLPT assays.We
strongly recommendthe LAV method for routine analysisof the BeLPT.

Outliersarealsoimportantwhentrying to identify individualswith beryllium hypersen-
sitivity, sincetheseindividuals typically have large positive SF values. A nev methodfor
identifyinglarge Slsusingcombineddatafrom the notexposedyroupandtheberylliumwork-
ersis proposed. The log(Sl)s are describedwith a Gaussiardistribution with locationand
scaleparametergstimatedusingresistantmethods.This approachis appliedto thetestdata
andresultsarecomparedvith thoseobtainedrom the currentmethod.
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approachefor estimatinghe Slsandthe coeficient of variation,.

SecondMethod Basedon LAV Regressionon Log(y)

Thefirst approachhasedon the regressiormodelis to take the log of the countssincethis is

thevariance-stabilizingransformatiorandleadsto a linearmodelin zj, = log(yjk), i.e.
E(zjk) = X;B—¢°/2 and Var (zjx) ~ ¢*.

In the absenceof outliersordinaryleastsquareson the transformeddatawould yield consistent
estimategor thelog(Sl) parameter$s). Theeffectof outliersis minimizedby usingleastabsolute
values(or someotherrobustmethod)onthezjx. LAV regression— alsoknown asL 3 norm, least
absolutedeviations(LAD) andminimumsumof absoluteerrors(MSAE) — is well known to be
resistanto outliersandis animportantparticularcaseof a generaklassof robustmethodsknown
as M-estimators(6, 7). In general, LAV regressionrequiresspecialcomputationakesourceso
calculateparameteestimate$8). In this situation,however, it is only necessaryo find themedian
of thelog of thewell countsfor eachsetof designconditions(sayZ;) andthensubtracthe control
medianfor eachharestdayfrom the beryllium-stimulatanedians Fromeet. al presentetailsin
AppendiceA andC of reportafor anOakRidgeNationalLaboratory(9). A resistanestimateof

the coeficient of variationcanthenbeobtainedas
@ = C x median{|zjk — %},

whereC = 1.48 x \/n/(n— p), n= 56,andp = 10 (whenthe assayis complete). Thevalueof C
is choserto make theestimateconsistenfor thestandardleviationfor a Gaussiarerrormodeland
for consisteng with the usualleastsquaregesultsin which the estimatedvarianceis multiplied
by thecorrectionfactorn/(n— p) (10) andS-PLUSfunctionmad (11) whichcomputeshemedian
absolutedeviation (MAD) estimateof thestandardleviation. Alternative approacheto estimating
¢ have beendiscussedh the context of LAV regression(12, 7) andthereis no consensuasto the

bestapproach.In additionto the fact that ¢ is of directinterest,it is also neededo obtainan



estimateof theparametecovariancematrix
WA (X'X)7 L,

wherew? = [2f (O)]_2 is the asymptoticvarianceof the samplemedian(13). Following the ap-
proachof McGill it et. al (14) we assumehat the underlyingerror distribution is Gaussiann
the centeranduse® = \/Tﬁfp._ to obtainan estimateof the standarddeviation of the log of the
stimulationindices. The appropriatediagonaltermfrom (X’X)~! is 4/12, andconsequentlyhe
estimatedstandarddeviation of log(Sl) is 1.25¢_(0.58) = 0.72q_. The resultsof applyingthis

approacho thedatain Tablel areshovn in Table4.

Table4: Resultsof LAV estimatiorfor log(y) of datain Tablel, ¢ = 0.367

Experimental ~ .
Conditions Zik % (zk—%)/ 9 B | exp(B)
Controls| 6.872 7.067 6.719 6.759| 7.182| -0.8 -0.3 -13 -1.2
Controls| 7.296 8.887 6.929 6.883| 7.182| 0.3 4.6 -0.7 -0.8
Day | Controls| 7.313 7.455 7.422 7597 7.182| 04 07 07 1.1
5 Bel| 6.957 6.560 7.268 6.532| 6.758| 0.5 -05 14 -0.6| -0.423| 0.655

BelO| 7.347 7.290 7415 7.741| 7.381| -0.1 -0.2 0.1 1.0 0.199| 1.221
BelOO| 8.181 8.662 8.297 8.562| 8.429| -0.7 06 -04 04| 1.248| 3.483
Controls| 9.127 8.567 8.239 8559| 8139 27 12 03 1.1
Controls| 7.745 7.953 7.557 8.040| 8.139| -1.1 -05 -16 -0.3
Day | Controls| 7.807 8.278 8.035 8.793| 8.139| -09 04 -03 18
7 Bel| 6.571 7.034 8713 7.000| 7.017| -1.2 0.0 46 0.0]| -1.122| 0.326
BelO| 6.667 6.741 7.922 6.480| 6.704| -0.1 0.1 33 -0.6| -1.436| 0.238
BelOO| 8.706 9.030 8.832 9.254( 8931| -06 03 -03 09| 0.792| 2.207
Day Pha| 11.320 10.877 10.872 10.829| 10.874| 12 0.0 0.0 -0.1| 4.792| 120.50
5 Candida| 10.477 9.982 9.978 10.003| 9.992| 1.3 0.0 0.0 0.0| 3.910| 49.880

Third Method Basedon Quasi-Likelihood Estimation

In the secondregressionmodel approachthe analysisis doneon the original scaleand es-
timation is basedon an iterative weightedleastsquareqIWLS) algorithm. The useof IWLS
for generalizedinear (15) andnonlinear(16) regressiorfunctionsleadsto maximumlik elihood
estimatesvhenthe dependentariableis in the regular exponentialfamily. McCullagh(17) ex-
tendedthis resultto quasi-likelihood (QL) estimation,which requiresspecificationof the mean
and variancefunction. Extensionof IWLS to resistant/robst regressionhasbeendescribedoy

Green(18) andPreagibon (19), andthe computationabpproactdescribedy ChamberandHastie



