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Abstract

Arc is a computerprogramfor the analysisof regressionproblems.It is de-
scribedin CookandWeisberg (1999).Althoughprimarily amenudrivenprogram,
it canbeusedby typing commandsat thecommandline, andit canthereforebe
usedfor simulations.Severalapplicationsof thisareillustratedwith asequenceof
functionsin thefile simulate.lsp thatcanbedownloadedfrom Internet.

Arc is a menudrivencomputerprogramof theanalysisof regressiondata,asde-
scribedin CookandWeisberg (1999).SinceArc is written in theXlisp-Stat language,
all the functionality of Xlisp-Stat is availablewhenyou useArc. In particular, it is
possibleto useArc with commandstypedatacommandline. In thisway, it is possible
to useArc asaresearchtool, for exampleby computingsimulations.

1 Getting Started

WARNING! This materialrequiresmorefamiliarity with computingthanmostwork
with Arc. Whenyou startArc, all of Xlisp-Stat is availableaswell. In this report,we
show how Xlisp-Stat codecanbeusedto call Arc for simulations.Xlisp-Stat is anim-
plementationof thelisp language.For thoseunfamiliarwith lisp, thereareseveralways
of gettingstarted.Tierney (1990)providesa very readableintroduction. Severalon-
line referencescanbeobtainedfrom http://www.visualstats.org/. ThebookCommon
Lisp by GuyL. Steeleis acomprehensivesourcefor thelisp language,andis available
on-line at the locationgiven in the references.The file simulate.lsp is available
from www.stat.umn.edu/arc,andincludestheXlisp-Stat codedescribedin this report.
To useit, downloadthefile andput it in yourExtrasdirectoryin thesamedirectoryas
theXlisp-Stat program.

2 Simulating a
�
-test

As asimpleexample,considersimulatingthedistributionof the � -testfor thehypothe-
sisthat ������� in thesimplelinearregressionmodel

E 	�

� ����������������� with var	�

� ���������
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Onepossiblesimulationmight go asfollows. First, selecta samplesize � , andvalues
for �! and �#" . Generatea fixedvector $ of length � . Then,for eachof % simulations,

1. Generate& of length � from a distributionof interest.

2. Compute')(��  �* � " $ * & .
3. Fit thesimplelinearregressionof ' on $ .

4. Save +,(.-�#"0/�132�45-��"76 .
The % valuesof + canthenbesummarizedasneeded.

We will take �8(:90; , $ standardnormal,and �  (<� " (�; , with uniformerrors,so
wewill beinterestedin thelevel of thetest,not in power, whentheerrorsaresampled
from the uniform 4>=@?BADC * ? AE6 distribution. The following Xlisp-Stat codesetsup the
problemto matchthisspecification.

(def n 10) Set the sample size
(def eta0 0) Set the intercept
(def eta1 0) Set the slope
(def x (normal-rand n)) The predictor is normal random numbers
(def Ey (+ eta0 (* eta1 x))) The mean values of y given x
(def y (+ Ey (- (uniform-rand 10) .5))) Add uniform error to Ey
Finally, create a dataset with these values
(make-dataset :data (list x Ey y)

:data-names (list "X" "Ey" "Y") :name "sim")

Thedatasetnamedsim with variablesF8C3G andEy will appearonthemenubar. From
theGraph&Fitmenu,fit thesimplelinear regressionof G on F . Theregressionwill
probablybenamedL1.

Now for thesimulation.Thefollowing functiondoesonesimulation:

(defun sim0 ()
(send L1 :yvar (+ Ey (- (uniform-rand n) .5)))
(second (/ (send l1 :coef-estimates)

(send l1 :coef-standard-errors))))

Thisfunctionwill replaceG with thenew randomvalues,andthencomputeandreturn
the + -test(themethod:coef-estimates checksto seethatthedatahave changed
andif soall estimatesarerecomputedusingthemodifieddata).

The functionsim0 canbe repeated%H(I90;!;E; timesby typing the obscurelisp
code

(def tvals (mapcar #’(lambda (j) (sim0)) (iseq 1000)))

Themacromapcar executesthefunction#’(lambda (j) (sim)) for every el-
ementin the list following thenameof thefunction. Theresultis a list of %.(J90;!;E;
valuesof + . If you type

(make-dataset :data (list tvals))

anew datasetwill becreatedconsistingof thesimulatedvalues.Youcanthenproduce
graphsandsummarystatisticsfor thesampleof %K(L95;!;E;M+ -values.
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3 First Elaboration

Thefunctionsim1 combinesall theabove actionsinto onefunction,asshown in Ta-
ble1. Thisgeneralizestheoriginalsimulationin severalways:

1. Initial conditions,like samplesizes,valuesof parametersanddistributions,are
passedas arguments. The parametersx-dist and error-dist expect the
namesof an Xlisp-Stat function like #’normal-rand, which whenexecuted
will returna list of randomnumbers,in this casenormalrandomnumbers.The
default argumentfor error-dist is basedon uniform randomnumbers,and
sincethesemustbe on the range NPO@Q RTS7QBR!U , the QBR mustbe subtractedfrom the
uniform generator. This is accomplishedusingan anonymousfunction,so the
default is #’(lambda (n) (- (uniform-rand n) 0.5)).

2. Themake-dataset functioncreatesa datasetwith namesim, andaddsit to
themenubar. We show laterthanthisstepcanbeskipped.

3. The:make-glm methodis theinternalArc methodthatcreatestheregression
model.Thismethodis describedmorecompletelyin thenext section.

4. Eachsimulationreturnsthe V s for boththeinterceptandtheslope.Thefunction
transpose takesthe W lists,eachof lengthtwo, andreturnstwo lists,eachof
length W . If you type

(make-dataset :data (simulate :n 10 :B 100)
:data-names ’("t-int" "t-slope")
:name "Sim-output")

theoutputfrom thesimulationwill becomeanArc datasetthatyoucansumma-
rizewith graphsor save to afile.

The functionsim1 canbe modifiedto studysomeotheraspectof the regression
model.For example,if onewereinterestedin boththe V -testsand XZY , thelastfivelines
of thefunctioncouldbereplacedby

(transpose (mapcar #’(lambda (j)
(send L1 :yvar (+ Ey (funcall error-dist n)))
(cons (send L1 :r-squared)

(/ (send L1 :coef-estimates)
(send L1 :coef-standard-errors))))

(iseq B)))

Thiswill probabylook veryobscureunlessyou arefamiliarwith lisp. Thefunctionin
themiddle(startingwith #’(lambda) first replacestheresponsewith a new random
response.It thengetsthenew valueof XZY , thenew V -values,andthenusesthecons
functionto add XZY to thefront of thelist of the V -values.Thus,eachtime thefunction
is called, a list of threevalues, N[XZY�SPV]\ESPV3^7U , will be returned. More generally, one
couldwrite a regression-model-protomethodthatreturnsthestatisticsof interest.For
example,themethod
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Table1: TheFunctionsim1 to Simulatea _ -Test.

(defun sim1 (&key
(n 10) ; sample size
(B 1000) ; number of simulations
(eta (list 0 0)) ; values of the regression parameters
(x-dist #’normal-rand) ; distribution to generate x
(error-dist #’(lambda (n) (- (uniform-rand n) .5)))

"Function args: (&key (n 100) (m 1000) (eta (list 0 0))
(x-dist #’normal-rand)
(error-dist #’(lambda (n) (- (uniform-rand n) .5))))

Does B simulations of n observations on the simple regression of
y on x with x sampled from the x-dist distribution. The true
values of the parameters is given by eta, and the error
distribution is given by error-dist."
; Set up initial conditions
(let* ((eta0 (first eta))

(eta1 (second eta))
(x (funcall x-dist n))
(Ey (+ eta0 (* eta1 x)))
(e (funcall error-dist n))
(d (make-dataset :data (list x Ey (+ Ey e))

:data-names (list "x" "Ey" "y")
:name "sim")))

; define a regression model, named in this case L1:
(send d :make-glm :predictors (list "X")

:response "Y"
:type :normal
:name "L1"
:weights nil
:offset nil
:trials nil
:mean-function "Identity"
:intercept t
:display nil)

; do the simulation
(transpose (mapcar #’(lambda (j)

(send L1 :yvar (+ Ey (funcall error-dist n)))
(/ (send L1 :coef-estimates)

(send L1 :coef-standard-errors)))
(iseq B)))

))

4



(defmeth regression-model-proto :simulated-values ()
(let ((t-vals (/ (send self :coef-estimates)

(send self :coef-standard-errors)))
(r2 (send self :r-squared))
(s (send self :sigma-hat)))

(combine s r2 t-vals)))

will return `a , bZc andthe d -values. The last five lines of the function could thenbe
replacedby

(transpose (mapcar #’(lambda (j)
(send L1 :yvar (+ Ey (funcall error-dist n)))
(send L1 :simulated-values))

(iseq B)))

4 Second Elaboration

The functionsim1 is designedto work in analogyto the way the Arc worksby first
defininga dataset,andthenderiving a modelfrom thedataset. For thepurposesof
a simulation,this maybeanextra,andunnecessary, step.We maywish to go directly
from datato amodelwithoutfirst defininga dataset.How this is doneis shown in the
functionsim2 in Table2. Thechangesin thisfunctionare(1) nodatasetis createdand
(2) theregressionmodelis createdwith thefunctionmake-linear insteadof creating
themodelthroughthedataset.Otherwise,this functionworksthesameassim1. One
advantageof thisapproachis thatnographicsareused(nomenusor dialogs).

Themake-linear function is just oneof several functionsavailablefor creating
modelsof varioustypeswithout first creatinga dataset.All thefunctionsarelistedin
Table3. All requirespecificationof the terms(argument:x) andthe response(argu-
ment:y). Binomialmodelsalsorequirespecificationof thenumberof trials(argument
:trials). Optionalargumentscanbeusedto setweightsor anoffset. You canalso
setthe link function. The link function is definedin Section21.4.1asthe inverseof
thekernelmeanfunction;specifyinggeneralizedlinearmodelsusingthelink function
is morestandardthanusingkernelmeanfunctions,but thetwo areequivalent.To find
out theappropriatelink functionsyou canusefor binomialmodels,for example,type

> (link-functions :binomial)
(#<Glim Link Object: LOGIT-LINK>
#<Glim Link Object: PROBIT-LINK>
#<Glim Link Object: CLOGLOG-LINK>)

For example,to fit a binomial regressionmodelwith predictorsgiven in the variable
x, responsein y, trials in n, but usingthe probit link (or inverseprobit kernelmean
function),type

(make-binomial :x x :y y :trials n :link probit-link)

Table4 lists functionsfor makinginverseregressionmodels(basedon slicedin-
verseregressionor SIR,slicedaveragevarianceestimationor SAVE or principalHes-
siandirections,or pHd). Thesefunctionsaresimilar to thefunctionsfor makinggen-
eralizedlinearmodels.
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Table2: TheFunctionsim2 thatBy-passestheNeedfor Creatinga Dataset.

(defun sim2 (&key
(n 100) ; sample size
(B 1000) ; number of simulations
p ; number of predictors
eta ; values of the regression coef, including intercept
(x-dist #’(lambda () (normal-rand (repeat n p))))

; distribution to generate multivariate x
(error-dist #’(lambda (n) (- (uniform-rand n) .5))))

"Function args: (&key (n 100) (m 1000) eta p
(x-dist #’normal-rand)
(error-dist #’(lambda (n) (- (uniform-rand n) .5)))
(x-dist #’(lambda () (normal-rand (repeat n p)))))

Does B simulations of n observations on the simple regression of
y on x with x sampled from the x-dist distribution. The true
values of the parameters is given by eta, and the error
distribution is given by error-dist."
; Set up initial conditions
(let* ((x (funcall x-dist n))

(yhat (+ (first eta) (sum (* (rest eta) x))))
(e (funcall error-dist n))
(r (make-linear :x x :y (+ yhat e))))

; do the simulation
(transpose (mapcar #’(lambda (j)

(send r :yvar (+ Yhat (funcall error-dist n)))
(send r :simulated-values))

(iseq B)))
))
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Table3: Methodsfor Making Modelsof VariousTypesBasedon GeneralizedLinear
Models.

make-linear
make-binomial
make-poisson
make-gamma

Thesefunctionscreatemodelobjectswithout first creatinga dataset.This will be usefulpri-
marily for simulationstudies.Noneof thesefunctionsuseany graphicalmethods,like menus,
graphsanddialogs.In eachof thefunctionsbelow, thefollowing argumentsmayappear:

REQUIRED arguments:
:x gives the list of lists of predictors
:y gives the response
:trials (binomial only) gives the number of trials

OPTIONAL arguments:
:weights gives the weights
:intercept t or nil for an intercept
:offset a list of numbers if there is an offset
:link gives the link if not the canonical link

You can get a list of the link function names using the function
(link-functions :normal)
(link-functions :poisson)
(link-functions :gamma)
(link-functions :binomial)

Of course you can write your own link functions as well

Table4: Methodsfor Making InverseRegressionModels.

make-sir
make-phd
make-save
The REQUIRED arguments are:

:x list of lists of predictors
:y list of response
:nslices SIR/SAVE only

The OPTIONAL arguments are:
:weights
:method-response either :yvar or :residuals
anything else passed to the :isnew
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A similar function for nonlinearregressionmodelsis calledmake-nonlinear.
As with theothermodels,it hasrequiredarguments:x for thepredictors,:y for the
response,andoptionalargument:weights for weights. Two additionalarguments
are required. :mean-function is a string that specifiesthe meanfunction for the
responsegiventhepredictors.For example,"th0+th1*(1-exp(th2*x1))" specfies
themeanfunction egfih8e!j�k>l�mon7p#qrk�etsvu�wPw . Therulesfor thisstringarediscussedin the
chapteron nonlinearregressionavailablefrom theArc website.Finally, theargument
:starting-values is a list of startingvaluesfor theparameters.Any otherargument
thatcanbepassedto anonlinearmodelcanalsobeaddedto thisfunction.Thefunction
sim2 shouldbe taken as a prototypeof what can be donein simulations. In most
instances,theuserwill needto write a substitutesimulationfunctionbasedonsim2.

5 What to Save

The function sim2 will at eachreplicationsave whatever is returnedby the method
regressionmethod:simulated-values. Thereis nodefault for this function,sothe
usermustwrite this functionfor eachparticularapplicationof simulation.

To helpin writing thismethod,it is possibleto geta list of thetheexistingmethods
for eachof themodels.For example,thecommand

(display-help inverse-regression-model-proto)

will givethenameof all methodsthatfor inverseregressionmodels.(Warning:theout-
put is long!). Youcangetsimilarlistsfor regression-model-proto(methodsavailableto
all models);glim-proto(for generalizedlinearmodels);normalreg-proto,binomialreg-
proto,gammareg-protoandpoissonreg-proto.

For examplesupposeyou wantedto simulatethesignificancelevel of the testfor
1D structureusingpHd. For a particulardataset,thetestis computedby themethod
phd-test; the argument:print nil suppressesprinting. This methodreturnsa
list of lists thatcorrespondsto theusualprintedoutputfor thepHd test(you candis-
cover this by makinga pHd modelin theusualway, andthensendingthemodelthe
:phd-test method).Theteststatisticis thefourthvaluein thefirst list. Thefunction
sim3 in Table5 will simulatethis test.

6 More Elaboration

Theuseris constrainedonly by imaginationandknowledgeof lisp. Onecouldgenerate
from thejoint distributionof k�urxPyTw ratherthanfrom theconditionaldistriubtionof y
z u ,
or permuteresidualsto getabootstrapor apermutationtest.For yourown simulations,
youcanmodify thesefunctionsto suit yourneeds.

7 Another Example

Arc usessimulationin envelopesaroundprobability plots of residuals.The general
ideawasoutlinedby A. C. Atkinson(1985,Section4.2),asfollows:
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Table5: TheFunctionsim3 to Simulatea TestBasedonpHd.

(defun sim3 (&key
(n 100) ; sample size
(B 1000) ; number of simulations
p ; number of predictors
eta ; values of the regression coef
(x-dist #’(lambda () (normal-rand (repeat n p))))

; distribution to generate multivariate x
(error-dist #’(lambda (n) (- (uniform-rand n) .5))))

"Function args: (&key (n 100) (m 1000) eta p
(x-dist #’normal-rand)
(error-dist #’(lambda (n) (- (uniform-rand n) .5)))
(x-dist #’(lambda () (normal-rand (repeat n p)))))

Does B simulations of n observations on the simple regression of
y on x with x sampled from the x-dist distribution. The true
values of the parameters is given by eta, and the error
distribution is given by error-dist."
; Set up initial conditions
(let* ((x (funcall x-dist n))

(yhat (+ (first eta) (sum (* (rest eta) x))))
(e (funcall error-dist n))
(r (make-phd :x x :y (+ yhat e))))

; do the simulation
(transpose (mapcar #’(lambda (j)

(send r :yvar (+ Yhat (funcall error-dist n)))
(send r :simulated-values))

(iseq B)))
))

(defmeth inverse-regression-model-proto :simulated-values ()
(fourth (first (send self :phd-test))))
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1. Draw a probability plot of orderedresidualsversusquantilesfrom a standard
distribution like thenormalor thehalf-normal.

2. To calibratetheplot,assumethattheestimatedvaluesof parametersin themodel
are true values,and thengeneratea randomresponsevectoraccordingto the
model.For a normallinearregressionmodel,the { th randomresponsewouldbe
equalto the { th fitted valueplus a normal randomdeviate timesthe estimated
valueof | . For a logistic regressionmodel,the { th randomresponseis a random
draw from a binomialdistribution with numberof trials andprobabilityof suc-
cessequalto thenumberof trialsandestimatedprobabilityof successfor the { th
case.If m is thenameof themodel,thecall

(send m :random-response)

will returnrandomresponsesfor all casesexceptthosewith missingdata.

3. Fit thesamemodelasbeforebutwith theresponsegivenby therandomresponse.
Save theresiduals(or any otherstatisticderivedfrom themodel).

4. Repeat(2) and(3) 19 times.Add to theoriginalprobabilityplot ateachplotting
positiontheminimumandmaximumof the19simulatedprobabilityplotstogive
anenvelopefor theoriginalcurve.

Themethod:random-response canbeusefulin many othersimulations.As
anexercisethereadercouldwrite afunctionthatwouldsimulatethenull distributionof
thedeviance(or Pearson’s }�~ ) for aparticularlog-linearor logistic regressionmodel.

Happy computing!
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