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Abstract

This documentescribeshefitting of overdispersedoissorlog-linearmodelsusingArc, acomputer
programfor the analysisof regressiondata,as describedn Cook and Weisbeg (1999), which canbe
obtainedromtheWebatht t p: / / www. st at. umm. edu/ ar c.

Thecodeis writtenin Xlisp-Sat andis containedn thefile poi sson- extra-var. | sp, available
ontheWebattheaddres#it t p: / / www. st at . urm. edu/ ar ¢/ addons or at
http://ww. stat. unipg.it/~lucalxlispstat. Touseit, dovnloadthe file andputit in
your Ext r as directory

1 Introduction

Breslov (1984)proposedaniterative algorithmfor fitting a dispersiorparametein overdisperse@oisson
regressiormodels.The methodis similar to thatproposedy Williams (1982)for handlingoverdispersion
in logistic regressiormodels.Thelisp codefor thelattermethodis alreadyavailablein the standardistri-
bution of Arc, andthe correspondinglocumentatiomaybefoundattheaddress
http://ww. stat.um. edu/ ar ¢/ addons.

Supposeave obseren independentesponsesuchthat

yz|)\z ~ POiSSOn()\i’I’Li) 1=1... ,n

Theresponseariabley; maybe aneventcountsvariableobsened over a periodof time (or in the space)
of lengthn;, whereas\; is therateparameterThen,

E(yi|A\i) = pi = Ain; = exp(log(n;) + log(X;))

wherelog(n;) is anoffsetandlog();) = B x; expresseshe dependencef the Poissorrateparametepn
a setof, sayp, predictors.If the periodsof time areall of the samelength,we cansetn; = 1 for all ¢ so
theoffsetis zero.MLE for # areusuallyobtainedby iteratve methodssuchasNewton-Raphsormr Fisher
scoring,alsocalledIRWLS (Arc usesthelatteriterative procedure).

ThePoissordistribution hasE(y;|A;) = Var(y;|A;), butit mayhapperthattheactualvarianceexceeds
the nominal varianceunderthe assumedorobability model. Supposenow thaté; = A;n; is a random
variabledistributedaccordingto

0; ~ Gamma(u;,1/9)



whereE(6;) = p; andVar(8;) = u?¢. Thus,it canbe shavn thatthe unconditionaimeanandvarianceof
y; aregivenby
E(yi) = pi
and
Var(y;) = pi + p3¢ = pi(1 + pid)
Hence for ¢ > 0 we have overdispersionlt is interestingto notethatthe samemeanandvariancearise
alsoif we assume negative binomialdistribution for y.

Themethodproposedy Breslav usesaniterative algorithmfor estimatingthe dispersiorparameter
andhencethe necessaryveights(1 + uiqg)—l (for detailsseeBreslav, 1984).

2 Fittingusing Arc

To fit extra-Poissorvariationin Arc you needto loadthefile poi sson- extra-var. | sp. If thefile is
in theExt r as directory thenit is automaticallyjoadedat the start-up.

Thus, every time you fit a Poissonlog-linear model a new item called Fit extra Poisson variance
appearon the model's menu. Selectingthe item, the iterative fitting procedurefor the estimationof the
dispersiomarametestarts.At corvergencetheusualsummaryfor aGLM regressiormodelis shavn with
anew information,the estimateq} In addition,thefinal estimatedveightsusedin thefitting procedureare
addedo the datasefor usingin subsequennodellingstages.

The variable* poi sson- ext ra-vari ance* (by default setat T) controlsthe appearancef the
item on the model's menufor all Poissormodels.If you do not wanttheitem to appearyou may change
thevalueof * poi sson- ext r a- var i ance* to NIL, usingthe Settingsitem from the Arc menu.

Example: Ames Salmonella reverse mutagenicity assay The following table shavs the numbersof
revertantcoloniesof TA98 Salmonella(Salm) obsenedon eachof threereplicateplatestestedat eachof
six doselevelsof quinoline(Dose):

Dosesof quinoline
0 10 33 100 333 1000
15 16 16 27 33 20
21 18 26 41 38 27
29 21 33 60 41 42

The modelproposedor the expectedrate A(z) of revertantsasa function of dosez is the log-linear
model:

log(A\(z)) = a + Blog(z + 10) — vz

whereg is the mutageniceffectsof dose,and~ is thetoxic effect.
We startfitting the above model.

Data set = Sal nonel | aTA98, Nane of Fit = P1
Poi sson Regression

Kernel nean function = Exponenti al

Response = salm

Ter s = (l og[ dose+10] dose)
Coefficient Estimates



Label Esti mate Std. Error Est/ SE

Const ant 2.17277 0.218309 9. 953
| og[ dose+10] 0. 319825 0. 0569740 5.614
dose -0.00101303 0. 000245118 -4.133
Scal e factor: 1.
Nunmber of cases: 18
Degrees of freedom 15
Pear son X2: 46. 229
Devi ance: 43.716

Then,we selecttheitem Fit extra Poisson variance onthecorrespondingnodel’s menu.

Extra-Poi sson Variation in Log-linear Mdels
Fitting . .
Converged after 3 iteration(s)

Dat a set = Sal nonel | aTA98, Nanme of Fit = P1
Poi sson Regressi on
Kernel nean function = Exponenti al

Response = salm

Ter s = (l og[ dose+10] dose)

Wei ght s = Extra- poi sson-var

Coefficient Estinates

Label Esti mate Std. Error Est/ SE
Const ant 2. 20302 0. 363361 6.063
| og[ dose+10] 0. 310977 0. 0989867 3.142
dose -0.000974122 0. 000436848 -2.230
Scal e factor: 1.

Nunmber of cases: 18

Degrees of freedom 15

Pear son X2: 14. 992

Devi ance: 14. 219

Extra variation: 0.072

Thus, the estimateddispersionparameteiis <73 = 0.072, and consequentlythe standarderrorsof the re-
gressioncoeficients increase whereasthe valuesof coeficient estimatesare almostthe same. As for
overdispersetiinomialmodels the goodnessf fit statisticsareno longermeaningful andwe mustrely on
graphicalchecking,suchasresidualgplotsandmarginal modelplots.
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