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Abstract
Arc is a computerprogramfor the analysisof regressionproblems. It is de-
scribedin CookandWeisbeg (1999). Althoughprimarily amenudrivenprogram,
it canbe usedby typing commandsat the commandine, andit canthereforebe
usedfor simulations.Severalapplicationof this areillustratedwith asequencef
functionsin thefile si nul at e. | sp thatcanbedownloadedrom Internet.

Arc is amenudriven computemprogramof the analysisof regressionrdata,asde-
scribedin CookandWeisbeg (1999). SinceArc is writtenin the Xlisp-Sat language,
all the functionality of Xlisp-Sat is availablewhenyou use Arc. In particular it is
possibleto useArc with commandsypedatacommandine. In thisway, it is possible
to useArc asaresearchool, for exampleby computingsimulations.

1 Getting Started

WARNING! This materialrequiresmore familiarity with computingthan mostwork
with Arc. Whenyou startArc, all of Xlisp-Stat is availableaswell. In thisreport,we
shav how Xlisp-Sat codecanbe usedto call Arc for simulations.Xlisp-Sat is anim-
plementatiorof thelisplanguage For thoseunfamiliarwith lisp, therearesereralways
of gettingstarted. Tierney (1990) providesa very readablantroduction. Several on-
line referencesanbe obtainedfrom http://www.visualstats.ay. The book Common
Lisp by GuyL. Steeles acomprehensie sourcefor the lisp languageandis available
on-line at the locationgivenin the references.Thefile si mul ate. | sp is available
from www.stat.umn.edu/ar@ndincludesthe Xlisp-Sat codedescribedn this report.
To useit, downloadthefile andputit in your Extrasdirectoryin the samedirectoryas
the Xlisp-Sat program.

2 Simulating a ¢t-test

As asimpleexample considersimulatingthedistribution of the t-testfor the hypothe-
sisthatn; = 0 in thesimplelinearregressiormodel

E(y|z) = no + mz with var(y|z) = o>



Onepossiblesimulationmight go asfollows. First, selecta samplesizen, andvalues
for o andn, . Generate fixedvectorz of lengthn. Then,for eachof B simulations,

1. Generate of lengthn from adistribution of interest.
2. Computey =no + mx +¢.

3. Fitthesimplelinearregressiorof y onz.

4. Savet = fj; [se(f)1).

The B valuesof ¢ canthenbe summarizedsneeded.

We will taken = 10, z standarchormal,andrny = 7; = 0, with uniform errors,so
we will beinterestedn thelevel of thetest,notin power, whenthe errorsaresampled
from the uniform (—.5, +.5) distribution. The following Xlisp-Stat codesetsup the
problemto matchthis specification.

(def n 10) Setthesamplesize
(def etal 0) Settheintercept
(def etal 0) Setthedope
(def x (normal-rand n)) Thepredictor isnormal random numbers
(def Ey (+ etalO (* etal x))) Themeanvaluesofy givenx
(def y (+ By (- (uniformrand 10) .5))) AdduniformerrortoEy
Finally, create a dataset with these values
(rmake-dataset :data (list x Ey y)
:data-names (list "X* "EBy" "Y") :nane "sin)

Thedatasehamedsi mwith variablesX, Y andEy will appeaonthemenubar From
the Graph&Fitmenu,fit the simplelinearregressiorof Y on X. Theregressionwill
probablybenamed_1.

Now for the simulation. Thefollowing functiondoesonesimulation:

(defun sinmD ()
(send L1 :yvar (+ Ey (- (uniformrand n) .5)))
(second (/ (send |1 :coef-estinates)

(send |1 :coef-standard-errors))))

Thisfunctionwill replaceY” with thenew randomvalues,andthencomputeandreturn
thet-test(themethod: coef - est i mat es checksto seethatthe datahave changed
andif soall estimatesrerecomputedisingthe modifieddata).

The functionsi nD canbe repeatedB = 1000 timesby typing the obscurelisp
code

(def tvals (mapcar # (lanbda (j) (sinmD)) (iseq 1000)))

Themacromapcar executeghefunction# (| anbda (j) (sin)) foreveryel-
ementin thelist following the nameof the function. Theresultis alist of B = 1000
valuesof ¢. If youtype

(rmake-dataset :data (list tvals))

anew datasewill becreatecconsistingof the simulatedvalues.You canthenproduce
graphsandsummarystatisticsfor the sampleof B = 1000 ¢-values.



3 First Elaboration

Thefunctionsi ni. combinesall the above actionsinto onefunction,asshavn in Ta-
ble 1. Thisgeneralizesheoriginal simulationin severalways:

1. Initial conditions like samplesizes,valuesof parametersnddistributions, are
passedas arguments. The parameters- di st anderror-di st expectthe
namesof an Xlisp-Sat functionlike #’ nor mal - r and, which whenexecuted
will returna list of randomnumbersjn this casenormalrandomnumbers.The
default agumentfor err or - di st is basedon uniform randomnumbers,and
sincethesemustbe on therange(—.5,.5), the .5 mustbe subtractedrom the
uniform generatar This is accomplishedisingan anorymousfunction, so the
defaultis#' (1 anbda (n) (- (uniformrand n) 0.5)).

2. Themake- dat aset functioncreatesa datasetwith namesi m andaddsit to
themenubar We shaw laterthanthis stepcanbe skipped.

3. The: make- gl mmethodis theinternal Arc methodthatcreategheregression
model. This methodis describednorecompletelyin the next section.

4. Eachsimulationreturnsthets for boththeinterceptandthe slope. Thefunction
t r anspose takesthe B lists, eachof lengthtwo, andreturnstwo lists, eachof
lengthB. If youtype

(make-dataset :data (simulate :n 10 : B 100)
:data-names ' ("t-int" "t-slope")
:name "Si moutput")

the outputfrom the simulationwill becomean Arc datasetthatyou cansumma-
rize with graphsor sare to afile.

The functionsi mL. canbe modifiedto study someotheraspectof the regression
model.For example if onewereinterestedn boththet-testsand R2, thelastfive lines
of thefunctioncouldbereplacedy

(transpose (mapcar # (lanmbda (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 very obscureunlessyou arefamiliarwith lisp. Thefunctionin

themiddle (startingwith #’ (| anbda) first replacegheresponsavith anew random
responselt thengetsthe new valueof R2, the new t-values,andthenusesthe cons

functionto add R? to thefront of thelist of thet-values.Thus,eachtime the function
is called, a list of threevalues, (R?,to,t1), will be returned. More generally one
couldwrite aregression-model-protmethodthatreturnsthe statisticsof interest.For
example themethod



Tablel: TheFunctionsi il to Simulatea ¢-Test.

(defun siml (&key
(n 10) ; sanple size
(B 1000) ; nunber of simulations
(eta (list 0 0)) ; values of the regression paraneters
(x-dist # normal-rand) ; distribution to generate x
(error-dist # (lambda (n) (- (uniformrand n) .5)))
"Function args: (&ey (n 100) (m 1000) (eta (list 0 0))
(x-di st # normal -rand)
(error-dist # (lambda (n) (- (uniformrand n) .5))))
Does B simul ations of n observations on the sinple regression of
y on X with x sanpled fromthe x-dist distribution. The true
val ues of the paraneters is given by eta, and the error
distribution is given by error-dist."
Set up initial conditions
(let* ((eta0 (first eta))
(etal (second eta))
(x (funcall x-dist n))
(EBy (+ etal (* etal x)))
(e (funcall error-dist n))
(d (rmake-dataset :data (list x Ey (+ Ey e))
:data-names (list "x" "EBy" "y")
:nanme "sint')))
define a regression nodel, naned in this case L1
(send d :make-glm:predictors (list "X")
:response "Y"
:type :norma
:name "L1"
cweights nil
:of fset ni
strials ni
:mean-function "ldentity"
sintercept t
:display nil)
do the sinmulation
(transpose (mapcar # (lanbda (j)
(send L1 :yvar (+ Ey (funcall error-dist n)))
(/ (send L1 :coef-estinmates)
(send L1 :coef-standard-errors)))
(iseq B)))
))




(def met h regressi on-nodel -proto :sinul ated-val ues ()
(let ((t-vals (/ (send self :coef-estimates)
(send self :coef-standard-errors)))
(r2 (send self :r-squared))
(s (send self :sigma-hat)))
(conbine s r2 t-vals)))

will returné, R? andthe t-values. The lastfive lines of the function could thenbe
replacedby

(transpose (mapcar # (lanmbda (j)
(send L1 :yvar (+ Ey (funcall error-dist n)))
(send L1 :sinmul ated-val ues))

(iseq B)))

4 Second Elaboration

Thefunctionsi nt is designedo work in analogyto the way the Arc works by first
defininga dataset,andthenderiving a modelfrom the dataset. For the purposef
asimulation,this maybe anextra, andunnecessangtep. We maywish to go directly
from datato a modelwithoutfirst defininga dataset.How thisis doneis shavn in the
functionsi n2 in Table2. Thechangesn thisfunctionare(1) nodatasetis createcand
(2) theregressiomodelis createdwith thefunctionnake- | i near insteadof creating
themodelthroughthe datasetOtherwise this functionworksthe sameassi ni.. One
advantageof this approachs thatno graphicsareused(ho menusor dialogs).
Thenmake- | i near functionis just oneof severalfunctionsavailablefor creating
modelsof varioustypeswithout first creatinga dataset All the functionsarelistedin
Table3. All requirespecificatiorof the terms(argument: x) andthe responsdargu-
ment: y). Binomialmodelsalsorequirespecificatiorof thenumberof trials (agument
:trial s). Optionalagumentscanbe usedto setweightsor anoffset. You canalso
setthe link function. Thelink functionis definedin Section21.4.1asthe inverseof
thekernelmeanfunction; specifyinggeneralizedinearmodelsusingthelink function
is morestandardhanusingkernelmeanfunctions,but thetwo areequialent. To find
outtheappropriatdink functionsyou canusefor binomialmodels for example type

> (l'ink-functions :binomal)

(#<d imLink Qbject: LOG T-LINK>
#<d@im Link Object: PROBIT-LINK>
#<@ im Link Object: CLOGLOG LI NK>)

For example,to fit a binomial regressiormodelwith predictorsgivenin the variable
X, responseén vy, trials in n, but usingthe probit link (or inverseprobit kernelmean
function),type

(make-binomal :x x :y y :trials n :link probit-Iink)

Table4 lists functionsfor makinginverseregressionrmodels(basedon slicedin-
verseregressioror SIR, slicedaveragevarianceestimationor SAVE or principalHes-
siandirections,or pHd). Thesefunctionsaresimilar to the functionsfor makinggen-
eralizedinearmodels.



Table2: TheFunctionsi n2 thatBy-passeshe Needfor Creatinga Dataset.

(defun sinm2 (&key

(n 100) ; sanple size

(B 1000) ; nunber of simulations

p ; nunber of predictors

eta ; values of the regression coef, including intercept

(x-dist # (lanbda () (normal-rand (repeat n p))))
distribution to generate multivariate x
(error-dist # (lambda (n) (- (uniformrand n) .5))))
"Function args: (&ey (n 100) (m 1000) eta p
(x-di st # normal -rand)
(error-dist # (lambda (n) (- (uniformrand n) .5)))
(x-dist # (lanmbda () (normal-rand (repeat n p)))))
Does B simul ations of n observations on the sinple regression of
y on x with x sanpled fromthe x-dist distribution. The true
val ues of the paraneters 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 €))))
do the sinmulation
(transpose (mapcar # (lanbda (j)
(send r :yvar (+ Yhat (funcall error-dist n)))
(send r :sinul ated-val ues))
(iseq B)))
))




Table3: Methodsfor Making Modelsof VariousTypesBasedon Generalized.inear
Models.

make- | i near
make- bi nom al
make- poi sson
make- ganma

Thesefunctionscreatemodel objectswithout first creatinga dataset. This will be useful pri-
marily for simulationstudies.Noneof thesefunctionsuseary graphicalmethodsJike menus,
graphsanddialogs.In eachof the functionsbelaw, thefollowing agumentanayappear:

REQUIRED arguments:
. X givesthelist of lists of predictors
1y givestheresponse
:trials (binomial only) givesthe number of trials
OPTIONAL arguments:
:wei ghts givestheweights
sintercept t or nil foranintercept
:of fset alist of numbersif there is an offset
:1ink givesthelinkif not the canonical link
You can get a list of the link function names using the function
(l'i nk-functions :normal)
(l'i nk-functions : poi sson)
(1'i nk-functions :ganmg)
(l'i nk-functions :binomal)
Of course you can write your own link functions as well

Table4: Methodsfor Making InverseRegressiorModels.

nmake- sir
make- phd
make- save
The REQUIRED arguments are:
1 x list of lists of predictors
1y list of response
:nslices SR/SAVE only
The OPTIONAL arguments are:
:wei ghts
:met hod-response either :yvar or :residuals
anything else passed to the :isnew




A similar function for nonlinearregressionmodelsis called make- nonl i near .
As with the othermodels,it hasrequiredarguments x for the predictors, y for the
responseand optionalargument: wei ght s for weights. Two additionalarguments
arerequired. : mean- f unct i on is a string that specifiesthe meanfunction for the
responsgiventhepredictors.For example,"t hO+t h1* (1- exp(t h2*x1))" specfies
themeanfunctionfy + 6, (1 — exp(622)). Therulesfor thisstringarediscussedh the
chapteron nonlinearregressioravailablefrom the Arc website.Finally, the argument
:starting-val ues isalist of startingvaluesfor theparametersAny otherargument
thatcanbepassedo anonlinearmodelcanalsobeaddedo thisfunction. Thefunction
si m2 shouldbe taken as a prototypeof what can be donein simulations. In most
instancesthe userwill needto write a substitutesimulationfunctionbasednssi n2.

5 What to Save

The functionsi n2 will at eachreplicationsave whatever is returnedby the method
regressiommethod: si mul at ed- val ues. Thereis no defaultfor this function,sothe
usermustwrite this functionfor eachparticularapplicationof simulation.

To helpin writing thismethod,t is possibleto getallist of thethe existingmethods
for eachof themodels.For example thecommand

(di spl ay-hel p i nverse-regressi on-nodel - pr ot 0)

will givethenameof all methodghatfor inverseregressiormodels.(Warning:theout-
putislong!). Youcangetsimilarlistsfor regression-model-protgnethodsavailableto
all models);glim-proto(for generalizedinearmodels);normalrey-proto,binomialrey-
proto,gammarg-protoandpoissonrg-proto.

For examplesupposeyou wantedto simulatethe significancdevel of the testfor
1D structureusingpHd. For a particulardataset,the testis computedby the method
phd-t est; theamgument: print nil suppresseprinting. This methodreturnsa
list of lists that correspondso the usualprinted outputfor the pHd test(you candis-
cover this by makinga pHd modelin the usualway, andthensendingthe modelthe
: phd- t est method).Theteststatisticis thefourth valuein thefirst list. Thefunction
si n8 in Table5 will simulatethistest.

6 MoreElaboration

Theuseris constraineanly by imaginationandknowledgeof lisp. Onecouldgenerate
from thejoint distribution of (x, y) ratherthanfrom the conditionaldistriubtionof y |z,
or permuteresidualdo getabootstrapr a permutatiortest. For your own simulations,
you canmodify thesefunctionsto suit your needs.

7 Another Example

Arc usessimulationin envelopesaroundprobability plots of residuals. The general
ideawasoutlinedby A. C. Atkinson(1985,Sectiord.2),asfollows:



Table5: TheFunctionsi n8 to Simulatea TestBasedon pHd.

(defun sinmB (&key

(n 100) ; sanple size

(B 1000) ; nunber of simnulations

p ; nunber of predictors

eta ; values of the regression coef

(x-dist # (lanbda () (normal-rand (repeat n p))))
; distribution to generate multivariate x
(error-dist # (lambda (n) (- (uniformrand n) .5))))
"Function args: (&ey (n 100) (m 1000) eta p
(x-di st # normal -rand)
(error-dist # (lambda (n) (- (uniformrand n) .5)))
(x-dist # (lanmbda () (normal-rand (repeat n p)))))
Does B simul ations of n observations on the sinple regression of
y on X with x sanpled fromthe x-dist distribution. The true
val ues of the paraneters 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 €))))
; do the sinmulation
(transpose (mapcar # (lanmbda (j)
(send r :yvar (+ Yhat (funcall error-dist n)))
(send r :sinulated-val ues))
(iseq B)))
))
(defmeth i nverse-regressi on-nodel - proto :sinul at ed-val ues ()
(fourth (first (send self :phd-test))))




1. Draw a probability plot of orderedresidualsversusquantilesfrom a standard
distribution like thenormalor the half-normal.

2. To calibratetheplot, assumehattheestimated/aluesof parameters themodel
aretrue values,and then generatea randomresponsevector accordingto the
model. For anormallinearregressiormodel,the ith randomresponseavould be
equalto theith fitted value plus a normalrandomdeviate timesthe estimated
valueof ¢. For alogistic regressiormodel,theith randomresponsés arandom
draw from a binomial distribution with numberof trials and probability of suc-
cessequalto the numberof trials andestimatedrobabilityof successor theith
case.lf mis thenameof themodel,the call

(send m:randomresponse)

will returnrandomresponsefor all casesxceptthosewith missingdata.

3. Fitthesamamodelasbeforebut with theresponsgivenbytherandonresponse.
Save theresidualqor ary otherstatisticderivedfrom themodel).

4. Repeaf?2) and(3) 19times.Add to the original probability plot at eachplotting
positiontheminimumandmaximumof the19 simulatedorobabilityplotsto give
anervelopefor theoriginal curve.

The method: r andom r esponse canbe usefulin mary othersimulations.As
anexercisethereadercouldwrite afunctionthatwould simulatethenull distribution of
thedeviance(or Pearsors X 2) for a particularlog-linearor logistic regressiormodel.

Happy computing!

8 References

Atkinson, A. C. (1985). Plots, Transformation and Regression. Oxford: Oxford Uni-
versityPress.

Cook, R. D. andWeisbeg, S. (1999). Applied Regression Including Computing and
Graphics. New York: Wiley.

SteeleG. (1990).Common LISP, 2nded. Digital Press Availableon-lineat

http://www-cgi.cs.cmu.edu/afs/cs.cmu.edu/project/ai-repositoryrfaiditl/cim/clm.html

Tierngy, L. (1990).Lisp-Sat. New York: Wiley.

10



