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1 Intr oduction

RandGens ageneral-purposgurposegrogramfor generatingandomnumbersgdesignedor usein computesimulations.

Thegoalwasto freeyou from having to work out the detailsof generatinghe specifickinds of randomnumbershat

youwant. Insteadyoujust tell RandGemwhatsortsof randomnumbersareneededandit generateshemfor you.
RandGemwill generateandomnumberdrom mary differentkindsof probabilitydistributions. Thebasicscenario

is thatit generatesandomsamplesof a desiredsize from a desiredpopulation. Eachsamplemay be measuredn

a numberof variables,andthesevariablesmay be correlatedor independentAs a specialcase,RandGenwill also

generategandompermutation®f integers(seethe special‘shuffle” mode).
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1.1 A Simple Example

A simpleexamplewill illustratehow RandGeroperatesFirst, you prepareaninputfile (call it “1stEx.In”) describing
the randomnumbersto be generateqseeTable 1 for an example). Then,at a command-lingprompt, you issuethe
command

RandGen 1st Ex

RandGerreadstheinformationin 1stEx.Inandproducedwo outputfiles: (1) a file containingthe randomnumbers
thatweregeneratedseeTable 2 for an example),and(2) a file containingsomesummarystatisticscomputedirom
theserandomnumbergqseeTable3 for anexample).

Tablel: An exampleof a RandGennputfile, preparedy theuserwith ary plain-text (ASCII) editor.

* Exampleshaving how to generatel2 randomnumberdsrom a
* Normal distribution with meanl00andstandardieviation 15.
Samplesizd 2

NVariablesl

Normal(100,15)

The numbersin 1stEx.Datarethe randomnumbersfor usein a simulation. For example,they might be readby
a programcarryingout the simulation,or they might be importeddirectly into a statisticalpackagefor analysis.The
summarnyinformationin 1stEx.Surmis provided soyou cancheckup ontherandomnumbergeneration.

1.2 Capabilities of RandGen

The completdist of probability distributionsthatcanbe usedfor generatingandomnumberswithin RandGenalong
with theirparameters;anbefoundin section5. RandGercangeneratenorethan50differentdistributionsof random
numbersFor example,it cangeneratainiform, exponentialgammacghi-squaret, and F' randomnumbersnsteadof
normalones.Seesection5. for moreinformationaboutthe possibledistributionsof randomnumbers.

RandGercanalsogeneratenorethanonevariableat a time, for situationswhereyou wantto simulatesamples
of multivariate obsenations (a maximumof 20 variablesin the currentversion). You canbuild ary desiredtrue
correlationsinto the underlyingmultivariate distribution from which thesemultivariatesamplesare taken. In the
specialcaseof bivariaterandomnumbersRandGerprovidesa choiceamongthreedifferenttypesbivariatestructures
(describedn section?).

Table2: A setof randomnumbersgeneratedby RandGerfrom the input file 1stEx.In(shavn in Table1). These
numbersarewrittento thefile 1stEx.Dat.

1.03567923462157E+0002
7.99005441505953E+0001
1.12283845079420E+0002
1.33209049874592E+0002
1.06709082584233E+0002
1.02176624742546E+0002
9.46441347800793E+0001
9.86770495570442E+0001
9.58360087839738E+0001
1.08312067310089E+0002
9.41720651255518E+0001
9.46809573223893E+0001
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Table3: RandGers summaryof therandomnumbershovnin Tablel. Thissummaryis writtento thefile 1stEx.Sum.

Summaryof randomnumberdn file 1stEx.Dat;SampleSize= 12

X[1]: Normal(100,15)

Truedistribution: Mu = 100.0000Sigma= 15.0000
Thisrandomsample:Mean=102.0141,SD = 12.4185
Goodnessf fit ChiSqr(3)=4.500,p = 0.212

2 Structur e of the Input File

RandGerreadsall of its programcontrol informationfrom an ASCII file of input parametershat you createwith

an editor prior to startingRandGen.This sectiondescribeghe differentparameterand how to setthem. Thefile

“Examples.In"shovs anumberof examplesof differentinputfiles, andit maybeeasieito learnaboutthe parameters

by looking atthe examplesin thefile ratherthanreadingthis sectionof the documentation.
Herearesomegeneralcommentsaboutthe parameters:

o With somecrucialexceptionsoneparameters specifiedon eachline of theinputfile.
e Theparametersanappeatin (almost)ary order
¢ Mostparametergreoptionalandhave reasonableefaults.

¢ Noneof the parameterare case-sensite. In the headingsbelow, | have capitalizedthe required partsof the
parametenamessothatyou canseehow to abbreviatethem.

o Parameterganbe followedon the samdine by comments By default,the asteriskis usedto startacomment,
but this canbe changed.

The parametersvill bedescribecapproximatelyin orderfrom the most-commonly-usetb least-commonly-used.

Someof theterminologyusedin this sectionassumeshatyou have the basicconceptof randomvariablesand
their probability distributions (maiginal andmultivariate).If you do not understandhis terminology you mayfind it
helpfulto readthe backgroundrovidedin section6, or thereferencedistedin thereferencesection.

2.1 Settingthe Number of Variables

The“NVARIABLES” parametetells RandGerhow mary variablesareto begeneratedor eachof therandomcases.
Critically, this parametemustbe followedby a seriesof linesindicatingthe maiginal distributions of the variablesto
be generatedoneperline. Example:

NVariables3 * Thisindicatesthat3 variablesshouldbegenerated.
Normal(0,1) * Variablel is normalwith ¢ = 0 ande = 1.
Uniform(0,100) * Variable2 is uniform betweerD and100.

t(15) * Variable3 is at with 15 degreesof freedom.

2.2 Settingthe SampleSize

The SAMPLESIZE parametedeterminehiow mary randomcasesaregeneratedwith NVARIABLES variablesper
case).Example:

SAMPLESIZE100 * Generatesamplesf 100cases.
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2.3 Settingthe Correlations

This parameteionly hasmeaningwhen NVARIABLES is greaterthanone. It is usedto specifythe valuesof the
desiredcorrelationshetweervariablesn theunderlyingmultivariatedistribution. Examples:

* An examplewith 2 variables:

NVARIABLES 2 * Generatevariableswith the next two maiginals.
Normal(0,1)

Uniform(0,1)

CORRELATION 0.7 * Theunderlyingbivariatecorrelationis 0.7

* An examplewith 3 variables:
NVARIABLES 3

Normal(0,1)

Uniform(0,1)

Gamma(5,0.1)

CORRELATION
0.70.6 * Thetruecorrelationsare: normalanduniform-¢,.7,
0.5 * normalandgamma¢, .6, anduniformandgamma= .5

Notethata singlecorrelationis specifiedonthe sameine asthe CORRELATION parameterbut a correlationmatrix
(3+variables)startsonthenext line.

2.4 Setting RhoController Dir ectly

This parameteronly has meaningwhen NVARIABLES is greaterthan one. It is usedto specify the valuesof

RandGers internal RHOCONTROLLER parametersThesearediscussedn moredetail in section7.4, but in brief

theseare the valuesthat RandGenadjuststo get the desiredcorrelations. If you specify the correlationsbetween
variablesusingthe CORRELATION parameterthenRandGerwill conducta possiblytime-consumingearcho find

the necessanRHOCONTROLLER valuesto producethosedesiredcorrelations. The RHOCONTROLLER values
obtainedthroughthe searcharewritten to the summary(.Sum)file, andfrom thereyou could copytheminto theinput
file. Thatway, you would specifyRHOCONTROLLER valuesratherthan CORRELATION valuesfor the next run

(andall future runs),and RandGenwould go fasteron all subsequentuns becausét would not have to repeatthe
RHOCONTROLLER searcheachtime it wasinvoked.Examples:

* An examplewith 2 variables:

NVARIABLES 2 * Generatevariableswith the next two maiginals.
Normal(0,1)

Uniform(0,1)

RHOCONTROLLER 0.7153 * Previoussearchshovedthis givescorrelation= 0.7

* An examplewith 3 variables:
NVARIABLES 3

Normal(0,1)

Uniform(0,1)

Gamma(5,0.1)

RHOCONTROLLER Previoussearchshavedthesegive
0.71530.6126 * true correlationsof: normalanduniform=.7,
0.5230 * normalandgammea= .6, anduniform andgamma= .5

As with the correlationparametera singlevalueis specifiedon the sameline asthe RHOCONTROLLER parameter
but amatrix (3+ variables)startson the next line.

2.5 Multivariate Structur es:Independent,Normal, Bands,or Mixtur e

Whentwo or morevariablesare beinggeneratedthe relationshipbetweenthe variablescanbe specified.If neither
CORRELATION norRHOCONTROLLER is specifiedthenit isassumedhatthevariablesarestochasticallyjndependent
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of oneanother(sothetruecorrelationis zero). You canaddtheparametefINDEPENDent" to theinputfile to confirm
that(asareminderto yourself).

If either CORRELATION or RHOCONTROLLER is specified thenthe defaultis that the variablesare derived
from the multivariatenormal structure,asdescribedn section7.1. You canaddthe parametefNORMAL" to the
inputfile to confirmthat(asaremindero yourself).

If eitherCORRELATION or RHOCONTROLLER is specifiedandyou aregeneratingexactly two variablesthen
you have two additionaloptionsfor the bivariatestructure*MIXTURE”, asdescribedn section7.2,0r “BANDS”, as
describedn section7.3. You mustaddoneof thesetwo parameterso theinputfile to requestkitherof theseoptions.

In summaryherearetheoptionsfor controllingthe multivariatestructurewhengeneratingnorethanonevariable.
You shouldspecifyno morethanone of theseparametersand you neednot specify ary if you are happywith the
default.

INDEPENDent * Defaultif neitherRHOControllemor CORRELATIONSs specified.

NORMAL * Usenormalmultivariatestructure.

* Defaultif eitherRHOControlleror CORRELATIONS specified.
BANDS * Usebandsmultivariatestructure(NVARIABLES=2 only).
MIXTURE * Usemixture multivariatestructure(NVARIABLES=2 only).

2.6 Controlling the Format of the Random Numbers

By default,RandGenwritesrandomnumbersn scientificnotation,separatetby spaceslike this:
1.03567923462157E+000299005441505953E+0001

Threeparametersanbeusedto modify this:

TAB DELIMited This parametemdicatesthattherandomnumbersshouldbe separatethy TABs insteadof spaces,
aspreferredby somestatisticgpackages.

COMMA DELIMited Thisparametemdicateshattherandomnumbersshouldbe separatethy commasnsteadof
spacesaspreferredby somestatisticspackages.

FIELD WIDTH This parameterts usedto gethnumberdn standardlecimalnotationinsteadof scientific. Startingon
the next line, you specifythe numberof characterandthe numberof decimalplacesfor eachvariablein the
output.Example:

NVariables2 Normal(0,1)Uniform(0,100)Fieldwidthsfor the variablesareasfollows:
8 2* 8 charactersor variablel, with 2 decimalplaces
9 3* 9 charactersor variable2, with 3 decimalplaces

wouldyield outputlike (whereb is blank)
bb103.57bbb79.901

Notethat(a) RandGerusesfull precisionin computingsummarystatistics sothe samplemean etc, reportedin the
summanyfile may not exactly matchthosecomputedrom the valuesin the Dat file; and(b) usingnarrow fieldswith
few decimalplaceseduceshecorrelationf thedatain theDatfile, possiblyquiteabit. So,allow plentyof precision
in the output.

2.7 Generating Multiple Output Files

The NFILES parametercontrolsthe numberof outputdatafiles generatedso thatyou cangeneratemorethanone
sampleof randomnumberswith the samespecificationsn a givenrun if you so desire. NFILES is 1 by default.
Example:
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SAMPLESIZE100 * Generatessamplesof 100cases.
NVARIABLES 1 * Onevariable

Normal(100,15) * Normalwith ¢ = 100 ando = 15.
NFILES 10 * Generatel Ofiles of 100casesach.

If NFILES is specifiedto be morethanone,the outputfiles arenamedd0000001.Datp0000002.DatD0000003.Dat,

2.8 Omitting the Summary File

Includethe command‘'SKIP SUMmary” to tell RandGerto skip computationof the summaryfile. If you do that, it
will runabit faster

2.9 Multiple Specificationsin a Singlelnput File

RandGerallows you to sare the specificationgor morethanonetype of randomnumbergeneratiorin a singleinput
file (to avoid clutteringup your disk with lots of smallfiles). Thefile “Examples.In”is anexample. Note, however,
thatRandGerwill only procesonesetof specificationgperrun. If youwantto processnorethanone,you mustuse
abatchfile (thefile “Examples.Bat’'is anexample).

Within aninput file, eachof the separatesetsof specificationsstartswith an arbitrary label and endswith the
parametetfEND”. In principle,the label canbe ary alphanumericstring you like, but in practiceit is corvenientto
use8 or fewer charactersothatthe labelcanbe usedasthe namefor the outputfile (seesection2.10). For example,
supposehisis thefile MultSpec.In:

Mul0 * Labelfor first setof specifications.

NVariables2 * Generate variables.

Normal(10,1)  * Onevariableis normalwith mu= 10 andsigma= 1,
Uniform(0,1) * andtheotheris uniform(0,1).

Samplesizd00 * GeneratdOOcases.

End * Endof first setof specifications.
Mu20 * Labelfor secondsetof specifications.
NVariables2 * Sameasthefirst except

Normal(20,1) * mu=20

Uniform(0,1)

Samplesizd 00

End * Endof secondsetof specifications.

It is fineto useblanklinesin thefile asspacersfor readability

To choosewhich setof specificationsyou want, invoke RandGenwith a secondcommand-lineparameterto
indicatethelabelof the specificationyouwantto processasillustratedin thefile “Examples.Bat”.Here,for example,
you couldsay:

RandGen Mul t Spec Mul0
to procesghefirst setof specificationsor
RandGen Mul t Spec Mu20

to procesghesecond.
Alternatively, you mayincludea“GOTO” commandasthefirst line of theinputfile, like this:

GOTO Mu20 * Skipto Mu20
With this asthefirst line of MultSpec.In,you couldsimply run
RandGen Ml t Spec
to processviu20.
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2.10 Settingthe Output File Name

Output dataare typically written to files called “foo.Dat”, and summariesof thesedataare written to files called
“foo.Sum”. If RandGeris calledwith oneparameterthe defaultfor “foo” is thefirst parametefi.e., the nameof the
inputfile); if RandGerns calledwith two parameterthedefaultfor “foo” is the seconcharamete(i.e., thenameof the
labelwithin theinputfile—seesection2.9). For example,with thecommand

RandGen Exanpl es
thedefaultfor “foo” is “Examples”,whereasvith thecommand
RandGen Exanpl es Exnpl 10

the defaultfor “foo” is “Exmpl10”.
Thedefaultnameof the outputfile canbe overriddenby specifyingthe parameter:

OUTFILE foo2

Now the outputfileswill becalled“foo2.dat” and“foo2.sum”regardlesof thecommand-lingparameters.

An exceptionarisesif you aregeneratingnorethanone outputfile (e.g.,NFILES 100). In this case the output
datafiles are called 00000001.datp0000002.datp0000003.dat,. ., regardlesof the command-lineparametersr
OUTFILE command.The summarief all datasetswill be written to a single “foo.sum” file, whosenameis still
determinedy the command-lingparameterer OUTFILE command.

2.11 SpecialModesof Operation

RandGenhasfour specialmodesof operationwhereit doessomethingother than generaterandomnumbersas
describedabove. Eachoneof thesemodess invokedby specifyingoneof thefollowing parametersyith theindicated
result:

2.11.1 LIMITCHeck

In thismode RandGemwill simply computethelargestandsmallestorrelationgossiblewith thespecifiednaiginals.
Thesecorrelationsare sometimesalledthe Frechetbounds,andthey arefoundby letting 7, (Y') = F,(X) (largest
positive correlation)or by letting F,(Y') = 1 — F,(X) (largestnegative correlation).For anexample,seeExamp11
in “Examples.in”.If this optionis specifiedthe boundsarewritten to the .Sumfile; no .Datfile is written.

2.11.2 COMPUTERHO

This modeis usefulwhenyouwantto checkthe correlationthatwill beobtainedwith acertainvalueof RhoController
Yousimply specifyRhoControllerandRandGercomputeshecorrelatiorthatwill result. ForexamplesseeExampl2,
13,and14in “Examples.in”.If this optionis specified the computedvaluesarewritten to the .Sumfile; no .Datfile
is written.

2.11.3 SHUFFLE Hival

This modeandthe next don't really belongin this program,but herethey arearyway. This modeproducegandom
permutationf the integersfrom 1 to HiVal, which canbe usedfor samplingwithout replacement.To simulatea
randomdeckof 52 cards for example,you coulduse

SAMPLESIZES50
SHUFFLE52 * Produces0 randompermutation®f the numbersl-52.

Eachline of the outputDat file will containthe numbersl-52in a randomorder so the 50 lines correspondo 50
randompermutation®f thedeck. For otherexamples seeExampl5andExampl6in “Examples.in”.If this optionis
specifiedthe permutationsarewritten to the .Datfile, but no .Sumfile is produced.
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2.11.4 SUBSHUFFLE HiVal WantVal

This modealsoproducesandompermutation®f theintegersfrom 1 to HiVal, but it only writesoutthefirst Want\al
elementof eachpermutation.It canbe usedfor samplingwithout replacementvhereyou don't careto look at the
full permutationFor example,

Samplesiz&0
SUBSHUFFLE525 * Produceb0 randompermutation®f thenumbersl-52,
* writing outonly thefirst 5 numbersn eachpermutation.

For otherexamples,seeExampl7and Examp18in “Examples.in”. If this optionis specified the permutationsare
written to the .Datfile, but no .Sumfile is produced.

2.12 Controlling the Accuracy of Computations

RandGerhasseveral parameterghatcanbe usedto controlnumericalcomputations.

APPROXimation NSteps Thisparameteis only relevantwhenRandGerhasto searctfor RhoControllevaluesthat
yield the desiredcorrelations.The parametecontrolsthe numberof stepsthat RandGerusesin approximating
eachdistribution during the search. For example, the defaultfor NStepsis 200, which meansthat during
searchingeachdistributionis temporarilymodeledas200equally-likelyvaluesatthe pointswith CDF valuesof
.0025,.0075,.0125,.0175,..., .9975.Highernumbersf stepsyield betterapproximationsut slower searches.
Example:

Approx300 * Searchmoreslowly to getmoreaccuratepproximation.

SEARCHERROR max-allowable-error Thisparameteis alsoonly relevantwhenRandGerhasto searctfor RhoController
valuesthatyield the desiredcorrelations.The parametecontrolsthe maximumerrorthat RandGerwill accept
betweenthe desiredcorrelationandthat producedby a given value of RhoControler. The defaultis 0.001,
which meanghatRandGerwill keepadjustingRhoControlleruntil it findsa valuethatwill yield acorrelation
within 0.0010f thedesiredvalue.

SearchErro0.01 * Searchuntil producedesiredcorrelationt.01

CHISQuare NBins In thesummaryoutputfile, RandGercomputes Chi-squaregoodnes®f fit statisticto evaluate
thedistribution of the generatedandomnumbersagainsthe specifiedpopulationmaiginal. By default,it uses
1...10,20,50,100,200,500,0r 1000bins,dependingonthesamplesize. This parameteallowsyouto specify
ary desirednumberof binsyou choosepverridingthe default. Example:

CHISQuarebins15 * Computethechi-square(syising15 bins

INTEGRALPRECISion new-precision-value Thisparametecontrolstherequiredaccurag of numericaintegrations.
It will only berelevantwhenthesearebeingcomputedandyou have norealway to determinevhetherthey are
exceptby trial anderror. The defaultvalueis 0.0000001jarger valueswill give fasterrunshbut lessaccuray.
Example:

INTEGRALPRECISion0.001 * Verylenientcriterionfor numericalintegrals.

INVERSEPRECISIONX new-precision-value This parametecontrolstherequiredaccurag of computinginverse
CDFshy searchinghow closeto thedesiredX valuedoesthe programhave to getbeforeit startssearchingt
will only be relevantwheninverseCDFsarebeingcomputedandyou have no realway to determinewvhether
they areexceptby trial anderror. The defaultvalueis 0.0000001]argervalueswill give fasterrunsbut less
accuray. Thereis ananalogouparametecalledinversePrecisionvhich controlshow closethe programhas
to getto thedesiredP value.Examples:

INVERSEPRECISIONXD.001 * Computeinversedo within anX valueof .001(lenient).
INVERSEPRECISIONR.001 * Computeinversego within a P valueof .001(lenient).

Importantnote: If you wantto alterIntegralPrecisioror InversePrecisiont is bestto do sobefole thevariables
arespecifiedwith theNVARIABLES command.
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2.13 RandomNumber Seeding

By default,RandGerstartsits randomnumbergeneratowith a randomlygenerategeedeachtimeit is run. There
arethreecommand-typg@arameterghatyou canuseto modify this behaior.

SEED SAVE START filename This tells RandGento write the initial seed-statef its randomnumbergenerator
(aftertherandomstart)to afile calledfilename.

SEED SAVE END filename This tells RandGerto write the final seed-statef its randomnumbergeneratoi(after
generatingll therandomnumbers}o afile calledfilename.

SEED START filename This tells RandGento readthe initial valuesof its randomnumbergeneratorfrom a file
calledfilename.Thisfile shouldhave beenwrittenwith oneof thetwo “SEED SAVE” commandgustdescribed.

Examples:

* |n this example,successie runswill giveidenticalrandomnumbers:
* Seedfileshouldalreadyhave beenwritten by usinga SEEDSAVE

* commandn apreviousrun of RandGen.

SEEDSTART seedfile

* In this example,successie runswill “continueon” therandomnumber
* generatarguaranteeingo repetitionof therandomnumbergenerator
* until it reachesheendof its period. SEEDSTART seedfile
SEEDSAVE END seedfile

2.14 Input File Comments

By default, RandGentreatsarnything following an asterisk(*) asa comment—i.e. RandGenignoresit. You can,
however, changeghe commentmarkerif youwant. Example:

Comment! * Startingwith the NEXT LINE, commentsaresetoff by !l

NVariables2 ! Two variables.
Normal(0,1) ! Standarchormal,and
Uniform(0,1) ! ... uniform

3 Starting RandGen

Thecommando runRandGeris simply“RandGerRootFileName"whereRootFileNameanbeupto eightcharacters
long. Theparameterseededor programoperatiorarespecifiedn afile “RootFileName.In” whichmustbe prepared
in advancewith an ASCII text editor. The randomnumbersare written to a file called “RootFileName.Dat”,and
summaryoutputis written to afile called“RootFileName.Sum”.

RandGeris sometimegpretty slow. You shouldbe ableto abortit with control-breakif you getimpatient.

4 Program Output

RandGermwritestwo outputfiles, called“foo.Sum”and“foo.Dat”, where“foo” is determinedhsdescribedn section2.10.
The“foo.Dat” file simply containsthe columnsof generatedandomnumbers.Eachline correspondso a different
randomsample,and the differentnumberson a single line arethe differentvariables. “Foo.Sum” containsother
informationabouttherunthatmaybe useful. Hereis anexample:

Sunmary of random nunbers in file exanp05.Dat; Sanpl eSize = 1000

X[1]: Uniforn(O, 1)

True distribution: M = 0.5000; Sigma = 0.2887
Thi s random sanpl e: Mean = 0.5230; SD = 0. 2869
Coodness of fit ChiSqr(20) = 16. 520, p = 0.684
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X[2]: Normal (0, 1)

True distribution: M = 0. 0000; Signa = 1.0000
Thi s random sanpl e: Mean = 0.0699; SD = 1.0108
Coodness of fit ChiSqr(20) = 28.840, p = 0.091

X 3]: Ganme(4, 0.01)
True distribution: M = 400. 0000; Sigma = 200. 0000
Thi s random sanpl e: Mean = 400. 1263; SD = 202. 5984
Coodness of fit ChiSqr(20) = 19.480, p = 0.491

Mul tivariate structure: Nornal

Desired correlation nmatrix
0. 7000 0. 4000

0. 2000

RhoControl | er matri x =
0. 7153 0. 4197
0. 2053

Observed correlation matri x
0. 7355 0. 4665
0. 2488

For eachvariablegeneratedthe true mean(mu) andstandardieviation (sigma)arecomputedandprintedout, as
arethe obsened meanand SD for the randomsamplethatwasgeneratedIn addition,a goodness-of-fiChi-square
testis computed,andits valueprintedout. The p valuesassociatedvith thesechi-squargestsshouldrarely be less
than0.05 (aboutoncein 20 runs);if they aresmall more oftenthanthat, thereis somethingwrongwith the random
numbergeneratofor thatdistribution.

After all of the individual variableshave beenanalyzed,someinformationis provided aboutthe multivariate
distribution. Usually, the desiredcorrelationmatrix wasspecifiedin the inputfile, andthe RhoControler matrix was
computedby the searchprocess.The obsened correlationmatrix is computedfrom the datain the randomsample
(standardPearson-’s).

5 Available Mar ginal Distrib utions

5.1 Continuous Distrib utions
Herearethe primitive continuoudistributionsthathave beenat leastpartially implementedsofar:
Beta(4, B) TheBetadistributionis definedover theinterval from zeroto one,andits shapds determinedy its two

parameterst andB. Its PDFis

flx) = ﬁqr“\_l(] — .T,')B_l, 0<x <l

Themeanis A/(A + B), andthevarianceis AB(A + B)~?(A+ B +1)~".
Cauchy(L, S) Thisdistributionis definedin termsof locationandscaleparameterd. and.S > 0, respectiely. Its

PDFis :

as i+ (=]

ChiSquare(df) Thisis ageneralizatiorof thedistributionof thesumof df independensquaredstandarchormals.lts
parameteis df — apositive realnumber

f(=)
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Chi(df) Thisis thedistribution of the positive squareroot of a ChiSquarerandomvariable. Its parameters df — a
positiverealnumber

Cosine For0 < z <1II/2, f(z) = cos(z) andF'(z) = sin(z).

ExGaussian{:, o, A) This is the distribution of the sumof independenNormal and Exponentialrandomvariables.
Its parameterarethe i ando of theNormal,andtherate A of the Exponential.

ExGaussRat(:, o, r) Thisisjustareparametrizatioof theExGaussianlts parameterarethen ando of theNormal,
andtheratio, r, of themeanof the exponentialto the sigmaof thenormal.

Exponential(X) Thisdistributionis well-known. By default,the parameteis therate\; themeanis 1/ .

ExpSum(r1,r2) Thisis the sum(corvolution) of two exponentialswith differentrates. Thetwo parametersirethe
two rates,which mustbe differentenoughto avoid numericalerrors. For the convolution of exponentialswith
thesamerates,of courseyou shouldusethe Gamma.

ExpSumT(r1, r2,Cutoff) Thisis the sum(cornvolution) of two exponentialswith differentratestruncatecata given
cutoff value. The first two parametersre the two rates,which mustbe differentenoughto avoid numerical
errors;thethird parameteis the uppertruncationpoint. For the corvolution of exponentialswith thesamerates,
of courseyou shouldusethe Gamma.

ExpoNo(u, o) | justinventedthis asan ad-hocsolutionfor a problem| wasworking on onetime, sol don’t know
whetherit will ever be usefulagain. And | certainlydon’t know whetherl gave it areasonabl@ame.In ary
casejt is atransformatiorof a normalrandomvariable X . Specifically it is thedistribution of

eX

= 14 eX

whereX hasanormaldistributionwith mearnu andstandardieviation o. Thetwo parametersf thisdistribution
arethe  ando of theunderlyingnormal X

ExtremeMal(«, 3) Extreme-alueTypel distribution(a.k.a.FisherTippettdistribution,Gumbeldistribution,sometimes
alsocalledthe doubleexponentialdistribution, to be confusedwith the Laplacedistribution), with parameters
andg > 0. TheCDFis

F(z) = exp {—e_(”—a)/ﬁ}
ExWald(u, o, a, A) This is the distribution of the sum of two independentandomyvariables: one from a three-

parametekVald distributionwith parameter$u, o, a); andonefrom anexponentialdistributionwith rate A.

F(dfNumer,dfDenom) Thisis Fishers distribution of the ratio of two independenhormedChi-squaredistributions,
ascommonlyusedin linear models(e.g.,analysisof variance). The two integer parametersarethe degreesof
freedomof the numeratolanddenominatarrespectiely.

Gamma(N, A) Thisis thedistribution of the sumof N exponentialsgachwith rate . In thisdistribution, N mustbe
apositiveinteger. In the RNGammadistribution (seebelow), N is ary positivereal.

Geary(SampleSize)The Gearystatisticarisesin testingto seewhethera setof obsenationscomefrom a normal
distribution (D’Agostino, 1970).

HypTan(Scale) This is the Hyperbolic Tangentistribution, whosePDF and CDF aré

4.0
fle) = —/———
[efT + e=F7]
efr — =B
Fz) = oBr 1 o—Br

wheref is the scaleparameterThis distribution arisesasa modelof psychometridunctions(e.g.,Strashirger,
2001).

1| thankRolf Ulrich for supplyingthese.
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InverseGaussian Seethe Wald distribution.

Laplace(L, S) Also known asthe double exponential. In termsof location and scaleparameters/. and S > 0,
respectiely, the PDFis
1
f(@) = ggeTlHs
Logistic(p, 8) Thisdistributionis definedin termsof alocationparametey: anda scaleparametep3. Thecumulatie
form of thedistributionis |
F(z) = ——=
14+e 5
LogNormal(u, o) Thisis thedistributionof X suchthatln(X') is normally distributed. The parameterarethe . and
o of thenormal.

Naka-Rushton(Scale) Thisis thedistributionof X > 0 suchthat

2.z-a?
o= Ty

(o 2)?
B R

wherea is thescaleparametef In the actualdistribution, momentsabove thefirst do not exist; they do exist in
RandGers truncatedsersionof thedistribution, however.

NoncentralF(dfNumer,dfDenom,Noncentrality) Thisis thedistribution of the ratio of independenhoncentrabnd
centralchi-squareswith the formerin the numerator It is mostoftenusedin the computationof power of the
F' test. The noncentralityparameteis definedin termsof thedfNumernormalrandomvariableswhosesumof
squaress yieldsthechi-squaren the numerator Specifically

dfNumer
A= > A}
i=1
whereA; is theexpectedvalueof the ith randomvariablecontributingto this sumof squares.
Normal(y, o) I'll betyou know this onealready Parametersrep ande, noto?.

Paretol(K,A) Thisis aParetodistributionof thefirst kind, asdefinedby JohnsonKotz,andBalakrishnarn(1994,vol
1,p 574),with PDFandCDF

flz) = A-KA . gAY
K\
1—(1)

Quantal(Threshold) This distributionis relatedto the PoissonThisis thedistributionof X > 0 suchthat

~
&
I

whereK > 0, A > 0,andz > K.

This distribution arisesasa modelof psychometridunctionsin visual psychophysicge.g., Gescheiderl997,
p. 85). ThethresholdparameterT’, representsn obsener’s fixed thresholdfor the numberof quantaof light
that mustbe detectedbeforesaying“Yes, | sav the stimulus! Quantaare assumedo be emittedfrom the
stimulusaccordingto a Poissordistribution with parameter:. Then,F(z) is the psychometridunctionfor the
probabilityof saying"Y es” asafunctionof the meannumberof quanta;:, emittedby the stimulus.Notethatit

makesno realsensdo think of = asarandomvariablein this example,but the probability distribution provides
ausefulmodelaryway.

2| thankRolf Ulrich for supplyingthe PDF
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Quick(Scale,Shape)Thisis thedistributionof X > 0 with PDFandCDF®

2=(£)" (2)7 . 5. 1n(2)

Flz) = 1-2-(8)

wherea is thescaleparameteand is the shapeparameterThis distributionarisesasa modelof psychometric
functions(e.qg.,Quick, 1974;Strashirger, 2001).

Rayleigh(s) If Y7 andY; areindependenhormal randomvariableswith mean0 and standarddeviation o, then
X = /Y2 + Y2 hasaRayleighdistributionwith scaleparameter. The PDFis

flz) = e/ 2

02
RNGamma(RN, A) See“Gamma”.In this version theshapeparameteR N is arealnumbemratherthananinteger.

rPearson(SampleSize)Thisis thesamplingdistributionof Pearsors» (correlationcoeficient)underthenull hypothesis
thatthetrue correlationis zero(andassuminghe usualbivariatenormality). The parameteis SampleSizghe
numberof pairsof obsenationsacrossvhich the correlationis computed.

t(df) Students¢-distribution, with parametetif.

Triangular( B, T") In this distribution the densityfunction hasthe shapeof anequilaterakriangleacrosssomerange.
The parameterarethe bottom(B) andthetop of therange(T). The PDFis then:

fe) = (r—B)xH, fB<z<ZL
VT (T-2)xH, fEL<x<T

whereH,, is theheightof the PDF atits peak,adjustedo sothatthetotal areaof thetriangleis 1.0.

TriangularG( B, P, T) In this (more generaltriangular) distribution, the density function hasthe shapeof a not-
necessarily-equilateréiangleacrosssomerange.The parameterarethe bottomof therange(B), thepointat
which thetrianglereachests maximum(P), andthetop of therange(7"). The PDFis then:

f(e) LBy fB<z<P
xr) = \
Tl fP<a<T
whereH,, is theheightof the PDF atits peak,adjustedo sothatthetotal areaof thetriangleis 1.0.

Uniform(B,T) Thisis thedistribution in which all valuesareequallylikely within somerange.The parametersre
the bottomandthetop of therange,B andT.

UniGap(7) Thisis anequal-probabilitymixture of two uniform distributions, one extendingfrom —7" to 0 andthe
otherextendingfrom 7' to 2 - T'. It is “model 4” of Sternbeg and Knoll (1973). The medianis somevhat
arbitrarily definedas7/2.

Wald(p, A) This distribution arisesin problemsinvolving thefirst passage¢ime with Brownian motion andpositive
linear drift. As definedby JohnsonKotz, and Balakrishnan(1994, Volume 1), the standardtwo-parameter

inverseGaussiarhasthe PDF:
A ]2 A )
f(r) - |:'27r.173:| eXp{_'Z;ﬂm(m_'u) }

wherey > 0, A > 0, andz > 0. p isthemeanandy?3/ ) is thevariance.

3| thankRolf Ulrich for supplyingthese.
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Wald3(u, o, @) This is a three-parameteversionof the Wald distribution. Specifically assumea one-dimensional
Wienerdiffusion processstartingat position0 at time 0 anddrifting with averagerate . andvariances?, and
considerX to bethefirst passagé¢ime throughpositiona. The PDFof X is

a (a— ,um)2
——— exp |-
oV 2mra? 20°x

whereall threeparameterandz mustbe positive.

fle) =

Weibull(Scale,Power,Origin) As definedby Johnsor& Kotz (1970,p. 250): “X hasa Weihull distributionif there
arevaluesof theparameters(> 0), a(> 0), andv, suchthat

-]

6]

hasthe exponentialdistributionwith rate=1". Here,the parameters, «, andv, arereferredto asthe “scale;
“power” and“origin” parametersiespectiely.

The CDF of the Weikull is therefore
F(z) =1 - exp(=[(x — v0)/c]")
Computationsareincreasinglyinaccuratdor powerslessthanabout0.9, however.

5.2 DiscreteDistrib utions

Herearethe primitive discretedistributionsthathave beenat leastpartially implementedsofar:

Binomial( NV, p) Thedistribution of the numberof successem N Bernoulli trials, with probability p of succes®n
eachtrial.

Constant(C) Thisis adegeneratalistributionthatalwaystakesonthesamevalue.lts parameteis thatvalue.Perhaps
surprisingly it canbecornvenientto have this distribution available.Warning: For technicalreasonsthe constant
distributiondoesnotwork well in mary of the deriveddistributionsdiscussedh thenext section.Thus,it should
beavoidedwheneer possible For example,you shouldalwaysuse:

Li near Trans(Ganma( 2, . 01), 1, 100)

ratherthanthe equivalent
Convol uti on(Ganmma( 2, . 01), Const ant (100))

Geometric(P) Thedistribution of the trial numberof the first successn a sequenc®f Bernoulli trials, where P is
theprobabilityof succes®n eachtry.

List(filename) This randomvariableallows you to defineary discretesetof X values,eachwith its own arbitrary
probability. Thecommand

Li st (Fi | eNan®e)

tells RandGerto readthe distribution from the indicatedfile. Thefirst line in thefile containsthe numberof
X valuesin thedistribution. After that, thereshouldbe oneline for eachX value,with the first numberon the
line beingthe X valueitself andthe secondhumberbeingthe probability of that X value. Thesevaluesneed
not be sorted,andin factthe sameX value canappearon several differentlines, in which casethe associated
probabilitieswill be summed. (If X’s do appearon morethanoneline, thenthefirst line in the file should
actuallycontainthe numberof X-containinglinesratherthanthe numberof distinctX's.)
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Poisson{/) X hasa Poissordistributionwith parametet/ if

-Ugrx
U
Pr(X:a;):ex' L 2=0,1,2,....U>0

Themeanandvariancebothequall.

Uniformint(Low ,High) This is the distribution of equallylikely integervaluesbetweerthe two integer parameters,
Low andHigh, inclusive.

5.3 Transformation Distrib utions

RandGercanform anew randomvariable(Y") by takinga mathematicatransformatiorof an existing one(X). The
following tablelists the transformationsecognizecdby RandGenijllustratingthe syntaxfor each.Also listed arethe
constraintonthevaluesof X .

Transformation Exampleof Syntax Constraintson Valuesof X
ArcSin (Y = \/(#(X/2))) ArcSinT(Uniforn(.5,1))

Exponential Y = eX) ExpTrans(Uni form(.5,1)) X nottoofarfrom 0.
Inverse(Y = 1/X) I nverseTrans(Uni form(.5,1)) X nottoocloseto 0.
Linear(Y = Ax X+ B) LinearTrans(Uniforn(.5,1), 2, 10)

NaturalLog (Y = In[X]) LnTrans(Uni form(0.5, 1)) X>0

Pover (Y = X7) Power Trans( Uni forn(.5, 1), 2) X>0

whereg(Z) is the probabilitythata standarchormalrandomvariableis lessthanZ.

5.4 Derived Distrib utions

RandGeralsoknows aboutvarioussortsof distributionsthat canbe derived from one or more primitive or “basis”
distributions. In mostcasesRandGercancomputemomentsPDF's, CDF's, randomnumbersetc, for the derived
distributionjustasit canfor the primitive distributionsdefinedabore.

Convolution(RV1,RV2) Thisis thedistributionof asumof independentandomvariablesRV1 andRV2, whereRV1
andRV2 areeachlegal distributionsin their own right. For example,

Convol ution(Normal (0, 1), Uniforn(O0, 1))
specifieghe corvolution of thesenormalanduniform distributions,and
Convol ution(Normal (0, 1), Uni forn(0, 1), Ganma( 3, 0. 01))

specifieghe corvolution of the threeindicateddistributions.
In generalto definea corvolution, the usertypessomethingof the form:

Convol uti on(Basi shi st 1(Parns), ..., Basi sD st K( Parns))

wherePar ns standdor theparameterassociateavith eachof thedistributions. Thereare K randomvariables
summedogetherandthedistributionsof thesesummedvariablesaresimply listed, separatedy commas.

RandGeris not very smartaboutcornvolutions. At this point, it only knows how to computemeansyariances,
andrandomnumbersn anintelligentway. Everythingelseis computedusing(recursive) numericalintegration,
which tendsto be pretty slow. Also, RandGendoesnot “realize” that somecorvolutions resultin a new
distribution aboutwhich it alreadyknows (e.g.,convolution of two normalsis normal). Thus, computations
involving thesecorvolutionsproceedsia numericaintegrationeventhoughdirectcomputatiorwouldbepossible.
Thecurrentversioncanhandlecorvolutionswhereall distributionsarediscrete all arecontinuouspr someare

is discreteandsomecontinuousjput it cannothandleconvolutionsin which oneor moredistributionsaremixed
(i.e., partly discreteandpartly continuous).

| wouldbevery happyfor suggestionsn how to augmenRandGers handlingof convolutions,especiallythose
accompaniethy Pascalcode.
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ConvolutionlID(N,R V) This is just an easierway to specifya corvolution whenall N summedrandomvariables
have the samedistribution, RV.

Convol utionl 1 D(3, Uni form(0, 1))
is thesameas
Convol ution(Uniform0,1),Uniform0, 1), Uniforn(0, 1))

Difference(R/1,RV2) This is the distribution of the differenceof two independentandomvariables,RV1 minus
RV2, whereRV1 andRV2 areeachlegal distributionsin their own right. For example,

Di fference(Unifornm(0, 1), Uniforn(0, 1))

specifiesa differencebetweentwo standarduniform distributions, which rangesfrom -1 to 1 (not uniformly).
RandGerhandledifferencedistributionsdumbly, like convolutions. Thecurrentversioncanhandledifferences
whereboth distributionsare discrete both are continuous or oneis discreteandonecontinuoushut it cannot
handledifferencesn which oneor bothdistributionsaremixed(i.e., partly discreteand partly continuous).

Mixtur e(p1,R/1,p2,RV2,...,pk,RVK) Mixturesaredistributionsformedby randomlyselectingoneof anumberof
randomvariables.For example,M xt ur e( 0. 5, Nornmal (0, 1), 0.5, Uni form( 0, 1)) definesarandom
variablethatcomesfrom a standarchormalhalf the time anda standarduniform the otherhalf of thetime. In
generaltheformatof this distributionis:

M xt ur e( p1, Basi sDi st 1( Par ns) , p», Basi sDi st 1(Parns), ..., px, Basi sDi st K( Par ns))

andthe p;’s mustsumto one(it is alsolegal to omit p;,).

InfMix(R V1,MixParm,RV2(Parms)) The InfMix distribution is an infinite mixture, formedwhen a parameteof
onedistributionis itself randomlydistributedaccordingto anothemistribution. For example,

I nf M x(Nornmal (0,5), 1, Uni form(10, 20))

definesa randomvariablethatcomesfrom a normaldistribution with standarddeviation 5. Thefirst parameter
of thatdistribution (assignifiedby the “1” betweenthe two distribution names¥ollows a uniform distribution
from 10 to 20. As anotherexample,| nf M x( Nor mal (0, 5), 2, Uni form( 10, 20) ) definesa random
variablethatcomesfrom a normaldistribution with meanzeroandstandardeviation varying uniformly from
10to 20. In generaltheformatof this distributionis:

I nf M x( Parent Di st (Parns), M xParm Par nDi st ( Parns))

whereParentDistis a distribution, MixParmis anintegerindicatingwhetherthefirst, second, .., parameteof
the ParentDistvariesrandomly andParmDistis the distribution of thatparameter

InfMix maybeusedrecursvely. For example,
InfM x(1 nfM x(Normal (0,5),1, Uniforn(0,2)),2,Uniform(4,6))

definesa normaldistribution in which the meanis uniform(0,2)andthe standardieviationis uniform(4,6).

Limitations: (1) At presentcomputationf the upperandlower boundsof InfMix distributionsassumehat
the largestandsmallestvaluesof the randomvariableareobtainedwhenthe underlyingParmDistis at its two
extremes. (2) Extremecautionis neededwith thesedistributions becauseroblemsoften arisein numerical
integration. | have foundit helpful to increasethe IntegralMinStepsto 10, which wasenoughin mostof the
cased’ ve lookedat, but you may needto adjustthis up (for precision)or down (for speed)n your cases.
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Truncated(RV,Min,Max) A truncatedistributionis a conditionaldistribution, conditioningon the randomvariable
RV falling within theinterval from Min to Max. For example,Tr uncat ed( Nor mal (0, 1), - 1, 1) definesa
randomvariablethatis alwaysbetween1 andl, andwhichwithin thatinterval hasrelative probabilitiesdefined
by the PDF of the standarchormal.In generaltheformatof this distributionis:

Truncat ed(Basi sDi stri bution(Parnms), M n, Max)

It is sometimescornvenientto specify the truncationboundariesin terms the probabilitiesyou want to cut
off ratherthanthe scoresthemseles. For example,you might wantto look at the middle 90% of a normal
distribution but might notimmediatelyknow which scorescut off thetop andbottom59%. For this reasonthere
is avariantof thecommandhattakesprobabilitiesinsteadof valuesfor min andmax, like this:

Truncat edP(Basi sDi stri buti on(Parns), 0. 05, 0. 95)

With Tr uncat edP, RandGenwill useits InverseCDFunctionto find the scorevaluesthat correspondo the
cumulative probabilitiesthat you specify andthentruncateat thosescorevalues.

Bounded(Rv,Min,Max) | do not knowif this is a standad type of distribution or not, and would appreciateany
commenton it fromthosein the know A boundeddistribution is similar to a truncateddistribution in that
the randomvariablemustfall within therangeof Min to Max. The differenceis thatall valueslessthanMin
arecorvertedto Min, andall valueslessthanMax are convertedto Max. Thus,therearediscretemasse®f
probabilityat Min andMax, andthe probability densityfunctionbetweerMin andMax is not conditionalized.

For example,considerthe distribution Bounded( Nor mal (0, 1), - 1, 1) . Thisis really a mixture of these
threedistributions:

Distribution Mixture Probability
Constant(-1) 0.1587
Truncated(Normal(0,1),-1,1) 0.6826
Constant(1) 0.1587

Note that 0.1587is the probability that a normal(0,1)scoreis lessthan-1, andalsothe probability thatit is
greaterthanl. Boundingthe distribution thusmeangakingall of the probability densityhigherthanthe upper
valueandmassingt atthatvalue.

As with thetruncatedlistribution, thereis a form of the Boundeddistribution basedn probabilities asin:

BoundedP( Nor nal (0, 1), 0.1,0.9)

Order(k,RV1,RV2,RV2,...,RVn) Thedistributionof thisorderstatisticis thedistributionof the£’th largestobsenation
in a sampleof n independenbbsenationsfrom then indicatedrandomvariables.For example,

Order (2, Normal (0,1), Uniform(0, 1), Exponential (1))

definesa randomvariablethatis the median(2nd largest)in a samplecontainingone scorefrom the standard
normal,onefrom the uniform from 0-1,andonefrom the exponentialwith rate1. In generalthe formatof this
distributionis:

O der (k, Basi sDi st 1(Parns), ..., Basi sDi st N(Par ns))

In the specialcasewherethe basisdistributions are all identical, it is more corvenientto usethe OrderlID
distribution, describechext.

OrderlID( k&, n,RV) Thisis the specialcaseof the orderdistribution in which the basisdistributionsareidenticalas
well asindependentln generaltheformatof this distributionis:
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Orderl | D(k, N, Basi sDi st (Parns))

It is only necessaryo specifythe basisdistribution once,sinceall areidentical; instead,you have to specify
how mary thereare(V).

OrdExp(i, n, A) Thisisthespecialcaseof OrderlID in whichthe basisdistributionis anexponentialwith rate, and
you wantthei'th orderstatisticin asampleof n (1 < i < n). For this casetherearenicefastclosedformsfor
themeanandvariancethatweregivento meby Rolf Ulrich, Dept.of PsychologyUniv. of Wuppertal Germay.

OrdBinary(i,n1,RV1,n2,RV2) Thisis anorderdistributionwith two typesof underlyingRVs. For example,
O dBinary(2,5, Nornal (0,1), 7, Uniform(0, 1))

specifiesthe distribution of the secondorder statisticin samplesof 12 madeup of five standarchormalsand
sevenstandardiniforms.

MinBound(RV1,RV2) Considertwo arbitraryrandomvariablesX andY’, which may or may not be independent,
andlet 7 = min(X, Y). The CDFsof thesethreerandomvariablesmustobey theinequality

F.(t) < Fp(t) + Fy(t) forall t

because
F.(t) = Fp(t) + Fy(t) — Pr(X < t&Y <t)

Thus,for ary two basisRVs X andY, we canconstructhe randomvariableZ which is alower boundon the
distribution of min(X,Y):

oy | B FF@) 0 F()+Fy1) <1
=(t) = 1 it Fo(t)+ Fy(t) > 1

MinBoundimplementghis lower bounddistribution for ary two arbitraryrandomvariablesX andY.

Becausdistributionsare constructedecursvely, it is legal within RandGerto constructweird distributionsby
ary combinationof theabove. For example,thiswould belegal:

Truncated(M xture(.5,Normal (0,1),.5,Orderl 1 D(4,5, Nornmal (0,1))),-1,1)

andit indicatesa truncatedmixture of a normaldistribution andanorderstatistic.
It doesnotappeato methattherewill ever bearny ambiguityaboutwhatdistributionis requesteavithin the syntax
of RandGenbput let meknow if you find sucha case!

5.5 Bin-BasedDistrib utions

RandGerhasseveral bin-basedlistributionsthat canbe usedto constructarbitrarydistributionsandmodelary data
patternyou like (e.g.,onesestimatedoy takulating lots of data). Eachdistribution is madeup of NBins adjacent,
non-overlapping,equal-widthbins, with an arbitaryprobability of occurrencewithin its bin. The differentbin-based
distributionsdiffer in their assumptionaboutthe detailsof thedistribution within eachbin, asdescribedelow.

Histogram The histogramis a continuoudistribution with a flat PDFwithin eachbin.

Polygon The polygonis a continuousdistribution with a linear but not necessarilyflat PDF within eachbin. More
specifically the PDF of the polygondistributionis definedby a seriesof NBins+1 points;the first point gives
the heightof the PDF at the lower boundof the distribution, andthe remainingNBins pointsgive the heightsof
the PDF at the top of eachbin (thetop of thetop bin shaving the PDF at the upperboundof the distribution).
Within eachbin, the PDFis a straightline goingfrom the heightat the bottomof the bin to the heightatthetop
of thebin.
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FreqPolygon Thefrequeng polygonis alsoa continuoudistributionwith alinearbut notnecessariljlat PDFwithin
eachbin. Unlike the polygon,though,it keys onthe PDFin the middle of eachbin ratherthanthe upperedge.
More specifically the PDF of this distribution is definedby a seriesof NBins+2 points;thefirst point givesthe
heightof the PDF at the lower boundof the distribution, the last point givesthe heightof the PDF at the upper
boundof thedistribution, andtheremainingNBins pointsgive the heightsof the PDF at the centerof eachbin.
Within eachbin, the PDFis formedby straightlines going from the heightat the bin’s centerto the heightsat
the centersof theadjacenbins.

BinCen The“BinCenters”"randomvariableis a discretedistribution with all of the probability massassociatedvith
eachbin assignedo themidpointof the bin.

Thecommands$i st ogr an{ Fi | eNane) ,FreqPol ygon( Fi | eNane) ,Pol ygon( Fi | eNane) ,andBi nCen( Fi | eNe
tell RandGerto readthedescriptionof the indicateddistribution from theindicatedfile. Thefirst line in thefile must
containthreenumbers:

1. Theminimumvaluein thedistribution (i.e., thelower edgeof the lowesthin).
2. Themaximumvaluein thedistribution (i.e., theupperedgeof the highestbin).
3. Thenumberof bins,NBins.
For example,thisline mightbe
-10 100 200

to indicate a distribution rangingfrom -10 to 100, with 200 bins. (Note that in this example eachbin would be
[100 — (—10)]/200 = 0.55 unitswide.) Following thefirst line, thereshouldbe NBins+1 additionallines with one
numberperline. Thefirst line is special: It shouldbe zerofor the Histogramand BinCendistributions, but for the
Polygondistributionit shouldbethe heightof the PDF at the lower boundof thedistribution (which maybe zerobut
neednot be). The remainingnumberscorrespondo the probabilitiesfor the successie NBins bins, from smallestto
largest.Notethatthesenumbersieednotactuallyequalthebin probabilities;it is sufficientfor themto beproportional
to the bin probabilities.RandGerautomaticallyrescalegshemsothatthetotal probability sumsto one,so you could
input frequeng countsor PDF heightsinsteadof actualbin probabilities.

5.6 Approximation Distrib utions

Theabove bin-basedlistributionscanalsobe usedas“approximationdistributions; the purposeof whichis to speed
up computationswith complicatedunderlying“basis” distributions. Theseapproximationsare particularly useful
when (a) you areinterestedin a basisdistribution for which it is time-consumingo computevalues,and (b) you

want to computelots of differentvaluesfrom this distribution without changingits parameters.In thesecases,
initializing the approximationdistribution will be a little slower thaninitializing the basisdistribution, but thenall

furthercomputationsvill be muchfasterwith the approximation.

Someterminologyandnotationis usedin commonacrossall approximationdistributions. Eachapproximation
uses'bins”, which are small, nonoverlappingrangesof the dependentariable. For example,a betadistributionis
definedovertherangefrom 0.0to 1.0,andit might be approximatedising100bins: 0.00-0.010.01-0.02, .., 0.99—
1.00. The numberof bins (100 in this example)will be referredto as“NBins,” andthe width of eachbin will be
referredto as“W.” Of course the approximationare slower to computebut more accuratewith a larger numberof
bins(smallerW). | find that200-300binsis usuallyenoughandthatwith approximatelysymmetricdistributionsit is
generallybetterto usean odd numberof bins.

In practice,it may be somavhat tricky to decidewhich is the bestapproximationto use with a given basis
distribution. | know of no surestrat@y otherthantrial anderror, but offer somecomment®nthedifferentapproximations
basedbn my limited experiencewith them.

ApprPolygon(RV) Thisis acontinuousapproximatiorthatcanbe usedonly for a continuoushasisdistribution, RV.
In brief, the PDF of the approximatiordistributionis a setof NBins straightlines, matchedo the heightof the
basisdistribution’sPDF at the bin’s edgeqfurtherdetailis givenbelow). For example,

Appr Pol ygon( Convol uti on(Nornal (0, 1), Beta(2,2)), 201)
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approximateshe specifiedcorvolution with a setof 201 straightlines.

ApprFregPolygon(RV) Thisis a continuousapproximatiorthatcanbeusedonly for acontinuousbasisdistribution,
RV. In brief, the PDF of theapproximatiordistributionis a setof NBins straightlines, matchedo the heightof
the basisdistribution’sPDF atthe bin’s centers For example,

Appr Fr egPol ygon( Convol uti on(Nornal (0, 1), Beta(2,2)), 201)

approximateshe specifiedcorvolution with a setof 201 straightlines.

This is my preferredtype of approximation.It is generallyquite accurateandit is often muchfasterthanthe
otherapproximations.

Detailsof construction

Stepl: Thefirstline startsat X; =minimum(of thebasisdistribution)with heightPDFat thatpointandgoesto
Xo=minimum+W/2with heightPDF=Basis.PDFEX;). The secondine continuesrom the endof thefirst
line to the point with Xs=minimum+1.5*WandheightPDF=Basis.PDE3). And soon, with thefinal
line sggmentendingat the maximumof the basisdistributionandPDF atthe maximum.

Step2: ThePDFjust constructeds integrated,andthe heightsarescaledup or down appropriatelysothatthe
total areais 1.00.

ApprHistogram(RV) Thisis a continuousapproximatiorthatcanbe usedfor eithera discreteor a continuoushasis
distribution, RV. In brief, the PDFis of theapproximatiordistributionis a setof NBinsflat lines, asif thebasis
distribution wereuniform within eachbin (like in ahistogram).For example,

Appr Hi st ogram( Convol uti on(Nornmal (0, 1), Beta(2,2)), 201)

approximateshe specifiedcorvolution with a setof 201 binswith equalprobability within eachbin.

This approximatioris moregenerathan ApprPolygon,becausét canbe usedwith discretedistributions,and
it is lesssensitie to abruptly-changing®’DFs.But it is usuallyslower to constructinitially, andit is oftenmuch
slower to do ary computationsvith. The PDF hasdiscontinuitiesat the bin boundariegunlike ApprPolygon),
andthesemakenumericalintegrationscorverge moreslowly.

Details of construction The CDF of the basisdistributionis computedat the top andbottomof eachbin, and
from thesethe bin probabilityis computed.Then,the heightof the uniform approximationrPDFwithin thatbin
is adjustedo give this bin probability.

ApprBinCen(RV) Thisis adiscreteapproximationandit canbeusedto approximateesitheradiscreteor acontinuous
basisdistribution, RV. In brief, the approximatiorassumeshatall of the probability massis concentratedh a
single point at the centerpoint of eachbin; morewer, ary valuein the bin is treatedasif it werethat center
point.

Details of construction The CDF of the basisdistributionis computedat the top andbottomof eachbin, and
from thesethe bin probabilityis computed.All of this probability massis assignedo the value at the center
of thebin. For purpose®f PDF andCDF computationsall valueswithin a bin aretreatedasequivalentto the
center

Using CUPID, approximationscan be written out to files andreadin from files. This is useful for saving the
time-consumingnitialization phasef youwantto returnto anapproximationater, andit alsoallows you to prepare
your own approximatiordistributions separatelandthenimporttheminto RandGerfor furtheranalysis.

To write the currentapproximationfrom within CUPID, usethe commandBi nsW i t e( Fi | eNane) . To read
theapproximatiorbackin, usethecommandBi nsRead( Fi | eNane) . Theformatof the approximatiorfile is just
the sameasthatfor the bin-basedlistributions describedn the previous section,with oneexception: The very first
line of thefile containsthe nameof the basisdistribution.
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5.7 Construction Distrib utions

Giventhe approximationdistributionsdescribedn the previous section,it seemedaturalto includeanothertype of
approximationdistributionthat| call “constructiondistributions” Theseareapproximatiordistributionsconstructed
simply by takulating mary calls to the randomnumbergeneratoifor ary arbitrary distribution. | have found them
usefulmostly in my own simulationwork, wherel know how to write an RNG for the variablethat| aminterested
in but | don't really know arything elseabouthow to characterizat. In thesesituations,| have foundit convenient
to constructanapproximatiorto thetrue distribution by calling the RNG mary timesandtakulatingtheresults. The
constructiordistributionssimply automatehis process! imaginethatthey will bevaluableonly to programmersvho
cancompiletheir own RNG sourcecodeusingtheseroutines but | describehemherefor completeness.
Therearethreetypesof constructiordistributions:

ConsHistogramRV A constructedistogramR/ usedto approximatea basisdistribution.
ConsFregPolygonRV A constructed-reqPolygonR usedto approximatea basisdistribution.
ConsBinCenR/ A constructed BinCenR/ usedto approximatea basisdistribution.

Notethatno constructedPolygonR/ exists.

5.8 Distrib utions Arising in Connectionwith Signal DetectionTheory

In additionto the above standardand derived distributions, | have addeda few distributions that correspondedo
particularprojectsl happenedo be working on. The distributionsdescribedn this sectionarisein connectionwith
signaldetectiontheoryexperiments andwill be of interestto somepsychophysicistand perhapsngineers.f you
don't know what signal detectiontheoryis, thenit is unlikely that you will careaboutthese. Note: Theseareall
discretedistributions, as eachreflectsthe outcomeof one or two binomial-typeconditionswith a finite numberof
trials.

ZfromP(SampleSize,fueP,Adjust) Thisisthediscretadistributionof 7, whichis derivedfromthebinomialdistribution
asfollows:

1. For ary samplefrom a Binomial(V, P), corvert the numberof successes to the probability of success,
p=k/N.If p=0,setp = Adjust/N; if p = 1, setp = 1 — Adjust/N. “Adjust” is a parametebetween
0 and1, specifiedby theuser to indicatehow the extremedatavaluesshouldbe treated.

2. Find Z suchthatp = Pr(z < Z), wherez is arandomvariablehaving the standarchormaldistribution.

APrime(NSignalTrials,PrHit,NNoiseTrials,PrFalseAlarm) Thisisthedistributionof thesampleA’ computedrom
anexperimentwith NSignalTrialssignaltrials eachhaving thespecifiedrueprobabilityof ahit, andNNoiseTials
noisetrials eachhaving the specifiedtrue probability of a falsealarm. Specifically A’ is the distributionfree
estimateof the areaunderthe ROC curve computedusing Equations2 and9 of AaronsonandWatts(1987).

APrimeSym(NTrials,PC) This is a shortcutfor the previous distribution that can be usedwhen there are equal
numbersof signhaland noisetrials andwhenthe probability of a correctresponsehit or correctrejection)is
the samefor both signalandnoisetrials.

YNdPrime(NSignalTrials,PrHit, NNoiseTrials,PrFalseAlarm,Adjust) Thisis thedistributionof thesampled’ computed
fromanexperimentwith NSignalTrialssignaltrialseachhaving thespecifiedrueprobabilityof ahit, NNoiseTrials
noisetrials eachhaving the specifiedtrue probability of a false alarm, and using the Adjust factor (between
0 and 1) to correctcaseswith 0% or 100% hits or false alarms(e.qg., replaceO hits with Adjust hits, and
replaceNSignalTrials hits with [NSignalTrials - Adjust] hits). Programmingnote: If PDFsare requested,
this distribution is implementedusing the List (smallersamples)and AppApprCen(larger samplesyandom
variables.

YNdPrimeSym(NTrials, TrueDP,Adjust) Thisisthespeciakcaseof YNdPrimein whichNSignalTrials= NNoiseTials
andPr(Hit) = 1 - Pr(FA). Notethatthesecondparameters thetrued’ ratherthanthe hit probability.
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Figurel: Threebivariaterandomsamplegeneratedisingthe threeavailablebivariatestructures.In eachpanel,the
mauginal distributionsof X andY areuniform(0,1),andtheunderlyingtrue correlationof X andY wasO0.8.
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6 Overview of Bivariate Probability Distrib utions

This sectionprovidesa brief overview of bivariateprobability distributions,andit canprobablybe skippedby readers
alreadyfamiliar with thistopic. Thenext sectiondescribeshethreebivariatestructuresvailablewithin this program.
The oneavailablemultivariate(3+ variables)structureis the normal,andit is in every way analogougo the bivariate
normalstructuredescribedhere.If yougetlostreadingthefollowing section jt mightbehelpfulto comebackandread
thisone.If youwouldlike furtherinformation,youmight alsoconsultBradley andFleisher(1994)or Miller (1998)—
somerelatively non-technicateferencesboutgeneratingorrelatedandomnumberswith non-normaldistributions.

A bivariateprobabilitydistributioncanbethoughtof asasetof possible( X, Y) pairswith anassociategrobability
of eachpair. The bivariateprobability distribution uniquely determinesoth the mawginal distributions of X andY
(i.e., the univariatedistribution of eachoneignoring the other) andthe correlationof X andY. Thereverseis not
necessarilfrue, however; givena pair of desiredmawginal distributionsfor X andY andadesiredvalueof the XY
correlation,you cant alwayssolve for the underlyingbivariateprobability distribution. Theremay be infinitely mary
bivariatedistributionsconsistentvith thosemaginalsandthatcorrelation.

This leadsto a problem: Supposeyou want to run somesimulationswith given maginal distributionsand see
how the modelbehaeswhentherandomvariablesarecorrelated'sayat a correlationof -0.2, which seemsntuitively
plausibleto you). Theproblemis that(for mostmaiginal distributions)you have not yet uniquelyspecifiedwvhatyou
wantto do, becausehereareinfinitely mary bivariatedistributionsconsistentvith your constraints.

This programallows you to chooseamongthreedifferentbivariatestructuresdescribedn the next section.Each
onegivesyou the maginals you requestput usesa differenttechniqueto give you the correlationyou want. With
luck, oneof the available structureamay seemto capture at leastapproximatelythe sourcesof correlationthatyou
imagineareoperatingn your situation.

7 Available Bivariate/Multi variate Structur es

This programimplementsthree different bivariate structures,and theseare illustrated with the random samples
displayedin Figurel. | would be happyto have suggestiongor othergeneralstructuresto add. Only the normal

structurecanbe usedwhengeneratinghreeor morevariables(notethat this doesnot meanthatthe mamginals must

benormal).
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To definethesestructuresmore formally, let 7, and 7, be the cumulative mawginal distributionsof X andY’,
respectrely.

7.1 Normal

Onebivariatestructureis atransformatiorof thebivariatenormaldistribution. With this structure gach(X, ') pairis
generatedsfollows:

1. A pair (Z,, Zy) is generatedandomly from a bivariate normal distribution with maiginal meansof zero,
maginal standardieviationsof one,anda prespecifiedtorrelationp.

2. The pair (P, P,) is computed,where P, and P, are the cumulative probabilitiesin the standardnormal
distributionassociateavith 7, and7,, respectiely.

3. X istakenasF,; '(P;), andY istakenasFy—l(Py).

It can be seenthat this methoddoesindeedproducethe desiredmauginals for X andY’; P, and P, are both
uniformly distributed betweenzero and one by construction,so the differentvaluesof X andY occurwith the
desiredmawginal probabilities. Moreover, the correlationof X andY will have the samesign asp, althoughit will
not necessarilyhave the samemagnitude. As describedbelow, the valueof p canbe adjustedo obtainthe desired
numericalvaluefor the correlationbetweenX andY’, asdescribedn section?.5.

Thenormalstructurecanbe generalizedo threeor morerandomvariables andthis techniquehasbeendiscussed
somein the literature on operationsresearch(e.g., Cario & Nelson, 1997; Ghosh& Henderson2002). In that
literature, it is referredto asthe NORTA (“normal to anything” method). Unfortunately the NORTA methoddoes
notalwayssucceedThatis, sometimest doesnotfind anappropriatecorrelationmatrix eventhoughtheredoesexist
amultivariatedistribution with thedesiredproperties.For furtherinformation,seeGhoshandHendersor(2002).

7.2 Mixtur e

A secondbivariatestructureusesa mixture of maximally correlatedpairsanduncorrelategairs'. With this structure,
X is randomly generatedrom its maginal distribution. Then, with a preselectedorobability p, YV is takenas
Fy—1(FI(X)) (or, if a negative correlationis desired,as Fy”(l — Fy(X))). With probability 1 — p, however, Y’
is choserfrom its maginal distribution independentlyf X.

Again,themethodproduceghecorrectmaiginals. X is choserdirectly from its desiredmaiginal distribution,and
Y is simply a mixture of two differentcaseseachof which hasthe desiredmaginal distribution for Y. The strength
of the correlationbetweenX andY is controlledby the valueof the mixture probability p, which maybe adjustedo

obtainthedesiredcorrelation,asdescribedn section7.5.

7.3 Bands

The third bivariatestructuredivides eachmaiginal probability distribution into percentileregionsor “bands. With

four bands,for example, eachdistribution is divided into bandsfrom 0-25%, 25-50%,50-75%, and 75-100%. X

is generatedandomlyfrom its mawginal distribution, andthe programdeterminesvhich band X camefrom. Then
Y is generatedandomlyfrom the samebandif a positive correlationis desired,andfrom the complementanpand
for a negative correlation(i.e., if onebandgoesfrom a to 5%, thenthe complementarpandgoesfrom (100 — 5)

to (100 — a)%). This structurealsoyields the desiredmanginals. X is generatedlirectly from its maginal, andY’

is generatedrom oneof a setof equallylikely bandswithin its maginal. The strengthof the correlationbetween
X andY increasesvith the numberof bandswhich canbe adjustedo give the desiredcorrelation,asdescribedn

section?.5.

A limitation of the bandstructureis that with an integral numberof bandsit may not be possibleto producea
desiredcorrelation. With normal and exponentialmaginals, for example,the correlationis 0.555with two bands
and0.697with threebands,so anintermediatecorrelationcould not be producedwith anintegral numberof bands.
To overcomethis limitation, the bandtechniquewas generalizedo usea mixture of differentnumbersof bandsto

4This structurewassuggestedo me by Dr. Ellen Hertz of the National Highway Traffic Safety Administration,United StatesDepartmenbf
Transportation.
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generatdlifferent (X, Y") pairs. For example,if two bandsare usedwith probability 0.6 andthreebandsare used
with probability 0.4, thenthe overall correlationis 0.612. In fact, ary intermediatecorrelationcanbe producedby
adjustingthis probability. By cornvention,then,the programallows the numberof bandsto be a real numberrather
thananinteger, andit usesthe real partto determinethe probabilitiesof the smallerversuslarger numberof bands.
Therealnumbercanbethoughtof asthe expectednumberof bands:4.3 bandsfor example,meanghereare4 bands
with probability 0.7 and5 bandswith probability0.3.

7.4 RhoController

In therestof this documentationit is corvenientto have a genericnamefor the parametecontrolling strengthof the
correlation,andl will usetheterm“RhoController”for this purpose.The meaningof RhoControllerdepend®n the
bivariatestructure asfollows:

Structure Meaningof RhoControler

Normal  Correlationp betweerunderlyingnormalrandomvariables.
Mixture  Probabilityp of generatinga perfectlycorrelatecoair.
Bands Thenumberof bands.

Notethatthevalueof RhoControlleris monotonicallyrelatedto the XY correlation but is not usuallyequalto it.

7.5 How RhoController is Adjusted

If requestedo do so,RandGerwill adjustthe valueof RhoControlerto try to producea givendesiredcorrelationin
the underlyingbivariatedistribution. For example,the usermayrequestwo underlyingexponentialmaginalswith a
bivariatemixture structure and may instructRandGerto adjustthe mixture probability to attaina true correlationof
(say)0.6in theunderlyingbivariatedistribution. In thatcase RandGerwill adjustthevalueof RhoControllerusinga
simplenumericalsearchalgorithm,trying to find a valueof the mixture probabilitythatproduceghe desirecbivariate
correlationof 0.6.

DuringthenumericakearchRandGercomputeshetruecorrelatiorproducedy eachcandidateralueof RhoController
usingan N x N grid approximatiorof the bivariatedistribution, where N is the userspecifiednumberof stepsused
to approximatesachdistribution. If the userspecifiesthat eachdistribution shouldbe approximatedcoy 100 points,
for example,RandGeruses100 equally-spacegbercentilepoints of the X distribution (i.e., at percentilesof 0.5%,
1.5%, ..., 99.5%). For eachof thesepoints,it computesl00 equally-spacegercentilepointsof the Y distribution
conditionalon thatvalueof X. In total, then,it computesl 00 x 100 (X, Y) pairs,andcomputeghenumericalvalue
of the correlationasif thesewereall the possiblepairsin the bivariatedistribution and asif they wereall equally
likely. Thisis usuallyquite a goodestimateof thetruebivariatecorrelationobtainedwith thatvalueof RhoController
aslong asthegrid approximatioris OK.

8 TechnicalNotes

8.1 Installation

No specialinstallationis required. You cansimply run RandGerin the directoryto which you unzippedit, or copy
RandGen.EXHo ary directoryin your DOS path.

8.2 Underlying RNG

Thebasicrandomnumbermeneratounderlyingall of thedistributionsis theuniform generatoknown astheMersenne
Twister, asdescribedy MatsumotcandNishimura(1998).

8.3 CheckingRandGen

With ary new desireddistribution, it is a goodideato checkRandGerby generatinga large sample(say 1,000,000)
andcheckingthesummaryoutputfile. Thechi-squardestsof the maiginalsshouldgive reasonablealues(p’snottoo
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small),andthe obsered correlationshouldbe closeto the desiredtrue one. If you find a problem,pleases-mail me
theinputfile.

8.4 Correlationsinvolving Discrete Distrib utions

The methodsdescribedn section7 assumeahat X andY are continuousdistributions. With discretedistributions,
RandGerusesthevery samecomputationamethodsijnvolving F;, F,, F; ', andFy‘l, asit doesfor continuousones.
This meanghatfor discretedistributionsthe RhoControlleradjustmenprocesamay give a poorerapproximationo
thedesired'true” correlationghanit doeswith continuoudlistributions. You shouldthereforebe especiallycarefulto
checkthe“true” correlationwhenusingoneor morediscretedistributions.

8.5 Interfacing RandGento a Simulation Program

Themainproblemin usingRandGero generategandomnumbersfor oneof your own simulationprogramss to give
your programaccesdo the randomnumbers.| know of only two solutionsto this problem; neitheris particularly
fastin termsof computertime, but they may save the all-importantprogrammetime, comparedo codingyour own
random-numbegeneratorgrom scratch.

Thesimplersolutionisto useRandGero generatealargediskfile of randomnumberdgrom thedesireddistribution,
andthenstartup your programandlet it readthe randomnumbersfrom the file. This solutionworkswell enough
providedthat (a) the desireddistributions canbe specifiedbeforeyou startrunningyour simulationprogram,and(b)
your programneedsew enoughrandomnumberghatyou cancorvenientlystorethemall in adiskfile.

The more comple solutionis not subjectto eitherof theseconstraintsput requiresa little more programming
effort. To usethis solution,your programmustinvoke RandGerasan externalprogram.In Pascal,for example,the
syntaxfor this would besomethindike:

Exec(’ RandGen. EXE' , ' Root Fi | eNan®’ ) ;

This would startRandGerwith the command-lingparametein the secondstring. (All the programminganguages$
know of allow youto startanexternalprogramfrom within your own programsol assumehisis generallypossible.)
Of courseyour programwould have to have alreadywritten the controlfile calledRootFileName.Inwith the desired
specificationsithis shouldnot be too difficult, however, sinceit is a pretty straightforwardASCI| file. Using this
approachtheideais to generat@nappropriatdbatchof randomnumberdo afile RootFileName.Dateadtherandom
numbersfrom thatfile, generatea new batch,andso on. Sinceyou canwrite the input file within your simulation
program,you cangenerateghe randomnumbersfrom whatever distribution the programselectsat run-time, and of
courseyou canusedifferentdistributionson successie callsto RandGen.And you can generateandomnumbers
in batchesof ary convenientsize. Of course whenusingthis stratgy your programhasto keeptrack of how mary
numbergt hasreadfrom the Datfile, sothatit will know whento generat@anotherbatch.

A usefultrick is availableif you usethe more comple solution. By default, RandGerngenerallyasksfor user
confirmationbeforewriting over an existing file (exceptit will overwrite the *.Dat outputfiles without askingwhen
NFilesis greaterthan1). That meansthat your programwould have to deletethe old outputfiles beforeRandGen
will generatea new batchof randomnumbers,or elseyou would have to babysitthe simulationsand provide user
confirmationeachtime anew batchwasgeneratedThetrick is to useanexclamationpoint asthefirst characteof the
rootfile name.If youdothat,RandGemwill (a)deletethe exclamationpointfrom theinputandoutputfile namesand
(b) write the outputto afile with theindicatedname automaticallyoverwritingthefile if it alreadyexists

8.6 Optimizing Speed

UsingRandGerwill addalittle overheado yoursimulation,ascomparedvith your programminghedesiredandom
numbergeneratoyourself. Theoverheadarisesbecausgou mustinvokeRandGerasaseparat@rogramandbecause
it writes the randomnumbersto a file, from which your simulationprogrammustreadthemin again. Despitethe
overhead] believe thatRandGerwill be usefulto a numberof peoplefor threereasonsy(a) the overheadwill often
beangligible proportionof thetotal computingneededor the simulation,and(b) it will beeasierto write anddehug
the simulationprogramin the first placeif this randomnumbergeneratotoolboxis used,and(c) computertime is
cheapandgettingcheaper
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In ary case thereare somestratgiesfor minimizing the overheadwith RandGen.First, it is worth your while
to try differentordersfor your mawginal distributions. With two distributions,for examples,you have maginals for
X andY. Thesetwo distributionsareusedslightly differentlywithin the program(seedescriptionsof computational
methoddor thethreebivariatestructures)andsosometimeshe speedf randomnumbergeneratiorvariesdepending
on which variableyou call X andwhichyou call Y. For example,generatingandomuniform numbersandrandom
valuesof Pearsors r usingthe mixture structure,it is fasterto let X be the PearsorandY bethe uniform thanthe
reverse.

A secondspeedissuearisesin connectionwith the searchprocessdescribedin section7.5. It is easyto see
that the time neededor searchingncreasesvith the squareof the value of the “number of steps”approximation
parametedescribedn section2.12. In practice,l have usuallyfoundthat 100 stepsis adequatédo give quite a good
approximationput nonetheless usuallyuse2000r even400stepsto err on the sideof slownessandaccuray.

If you areinterestedn searchspeed,you shouldplay arounda bit with the “numberof steps”parameter For
example, do a first run with 50 steps,then otherswith 100, 200, and so on. For eachrun, note the value of
RhoControllerthat the searchprocesscorvergeson, holding fixed the target correlation,of course.As you increase
the numberof steps RhoControlershouldstabilizeto a relatively constantvalue;you canusethe minimumnumber
of stepsyielding this constantasymptoticvalue. My generalimpressionis that you needa lot of stepsonly with
distributionsthathave really extremetails, but | have notlookedcloselyatthis question.

A third issués thatfor really complicatedlistributionsit maybefasterto useoneof theapproximatiordistributions
(seeCUPID documentation).The approximationdistributions take moretime to setup, but thenthey canbe much
fasterto use,especiallywhenyouaregeneratingorrelatedandomnumbers.

8.7 Numerical Approximations

Onekey pointis thatall distributionsarerepresentedumerically with finite limits. RandGersversionof thestandard
normal distribution, for example,goesfrom about-5.6 to 5.6, not from —co to co. Similarly, thereare numerical
bounddor all distributions(you canfind outwhatboundsRandGeris usingby runningCUPID andusingthefunctions
nm ni mrumandmaxi rmum). In addition,RandGersometime$hasto changeboundsof naturallyboundedistributions
in orderto avoid numericalerrors. Gammadistributions, for example, startat 0.00001insteadof 0.0, because¢he
GammaPDFcannotbe evaluatedat 0.0.

Althoughit is very generalRandGeris not alwaysvery accurate.Many valuesare obtainedthroughnumerical
integration, and the resultscan be substantiallyoff in somepathologicalcases,due to the vagariesof numerical
approximationswith finite-precisionmath. The moral of the storyis thatyou shouldcheckthe valuesthatyou care
mostabout.Onegoodcheckis to makevery minor changesn parametewvaluesandmakesurethattheresultschange
only slightly.

9 ReleaseHistory

Versionl.0,calledBivar, wasreleasedn alimited basisin April 1997.

Versionl.1, calledBivar, wasreleasedn August1997,with improved documentationa revisedinterface,andsome
bug fixes.

Versionl.2, calledRandGenwasreleasedn March 2000with the ability to generatamorethantwo variablesusing
thenormalbivariatestructure.

10 Registration and Author Contact Address

I would really like to receve feedbackon who is usingthis software,for what purposes.So, pleasee-mail me at
miller@otago.ac.n# you found this softwareuseful. If you do, | will addyour nameto my mailing list andlet you
know aboutany new versionspugs,or new programghatmightinterestyou. If you usethissoftwarefor ary published
research| would greatlyappreciatet if youwould acknavledgethe softwarein your article (e.g.,in a footnote)and
email me a citationto the article or, betteryet, sendme a reprint. Of coursel would alsowelcomebug reportsand
suggestiongor improvement,too, althoughl cant promiseary fastactiononthose.

Hereis how to contactme:



11 OS/2VERSIONS 27

Prof Jef Miller
Departmenbf Psychology
Universityof Otago
Dunedin,New Zealand
email: miller@otago.ac.nz
FAX: (64-3)-479-8335

11 OS/2Versions

I will happily provide executableOS/2versionsof this softwareto otherswho still usethis operatingsystemasl do
myself. The only differencefrom the versionsdescribedn this documentations thatthe “SET CUPID=C\ CUPID"
command(if neededgoesin the config.sydfile ratherthanthe autoeec.batfile. (Don’t forgetyou have to shutdavn
andrebootfor thisto takeeffect.)
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14 SoftwareLicense

GNU GENERAL PUBLIC LICENSE

Version2, Junel991

Copyright(C) 1989,1991FreeSoftwareFoundation|nc. 675MassAve, CambridgeMA 02139,USA

Everyoneis permittedto copy anddistributeverbatimcopiesof this licensedocumentput changingit is not allowed.

14.1 Preamble

The licensesfor most softwareare designedto take awvay your freedomto shareand changeit. By contrast,the
GNU GeneralPublicLicenseis intendedto guarantegour freedomto shareandchangefree software—tomakesure
the softwareis free for all its users. This GeneralPublic Licenseappliesto mostof the FreeSoftwareFoundations
softwareandto ary otherprogramwhoseauthorscommitto usingit. (SomeotherFreeSoftwareFoundationsoftware
is coveredby the GNU Library GeneraPublicLicenseinstead.)You canapplyit to your programstoo.

Whenwe spealof free softwarewe arereferringto freedom notprice. Our GeneraPublicLicensesaredesigned
to makesurethatyou have the freedomto distribute copiesof free software(andchage for this serviceif you wish),
thatyou receve sourcecodeor cangetit if you wantit, thatyou canchangethe softwareor usepiecesof it in new
free programsandthatyou know you cando thesethings.

To protectyour rights, we needto makerestrictionsthat forbid anyoneto dery you theserights or to askyou
to surrendettherights. Theserestrictionstranslateto certainresponsibilitiesor you if you distribute copiesof the
software or if you modify it.

For example,if you distribute copiesof sucha program,whethergratisor for a fee,you mustgive the recipients
all therightsthatyou have. You mustmakesurethatthey, too, receve or cangetthesourcecode.And you mustshow
themthesetermssothey know theirrights.

We protectyour rightswith two steps:(1) copyrightthe software,and(2) offer you this licensewhich givesyou
legal permissiorto copy, distributeand/ormodify the software.

Also, for eachauthors protectionand ours, we wantto makecertainthat everyoneunderstandshatthereis no
warrantyfor this free software. If the softwareis modifiedby someoneslseandpassedn, we wantits recipientsto
know thatwhatthey have is notthe original, sothatary problemsintroducedby otherswill notreflectontheoriginal
authors’reputations.

Finally, ary freeprogramis threatenedonstantlyby softwarepatents Wewishto avoid thedangethatredistributors
of afree programwill individually obtainpatentlicensesjn effect makingthe programproprietary To preventthis,
we have madeit clearthatary patentmustbelicensedfor everyonesfreeuseor notlicensedatall.

The precisetermsandconditionsfor copying,distributionandmodificationfollow.

14.2 Termsof License

GNU GENERAL PUBLIC LICENSE
TERMSAND CONDITIONSFORCOPYING,DISTRIBUTION AND MODIFICATION

0. ThisLicenseappliesto ary programor otherwork which containsanoticeplacedby thecopyrightholdersaying
it maybedistributedunderthetermsof this GeneraPublicLicense.The”Program”,below, refersto ary suchprogram
orwork, anda"work basedntheProgram’meansithertheProgranor ary derivativework undercopyrightlaw: that
is to say awork containingthe Programor a portionof it, eitherverbatimor with modificationsand/ortranslatednto
anotheldlanguage(Hereinaftertranslations includedwithout limitation in theterm”modification”.) Eachlicenseds
addresseds”you”.

Activities otherthancopying, distribution and modificationare not coveredby this License;they are outsideits
scope.Theactof runningthe Programis notrestricted andthe outputfrom the Programis coveredonly if its contents
constitutea work basedn the Program(independenéf having beenmadeby runningthe Program).Whetherthatis
true depend®nwhatthe Programdoes.
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1. You may copyanddistribute verbatimcopiesof the Programs sourcecodeasyou receve it, in ary medium,
providedthatyou conspicuoushandappropriatelypublishoneachcopyanappropriateopyrightnoticeanddisclaimer
of warranty;keepintactall the noticesthatreferto this Licenseandto the absencef ary warranty;andgive ary other
recipientsof the Programa copy of this Licensealongwith the Program.

You may chage a fee for the physicalact of transferringa copy, and you may at your option offer warranty
protectionin exchangefor afee.

2. You may modify your copy or copiesof the Programor ary portion of it, thusforming a work basedon the
Program,andcopy anddistribute suchmodificationsor work underthe termsof Sectionl above, providedthatyou
alsomeetall of theseconditions:

a) You mustcausethe modifiedfiles to carry prominentnoticesstatingthatyou changedhefiles and
thedateof ary change.

b) You mustcauseary work that you distribute or publish,thatin whole or in part containsor is
derived from the Programor ary partthereof,to be licensedasa whole at no chage to all third parties
underthetermsof this License.

c) If themodifiedprogramnormallyreadscommandsnteractively whenrun, you mustcauset, when
startedrunningfor suchinteractive usein the mostordinaryway, to print or display an announcement
includingan appropriatecopyrightnoticeanda noticethatthereis no warranty(or else,sayingthatyou
provideawarranty)andthatuseramayredistritutetheprogramundertheseconditions andtelling theuser
how to view a copy of this License.(Exception:if the Programitself is interactive but doesnotnormally
print suchanannouncemeny,our work basedon the Programis not requiredto print anannouncement.)

Theserequirementsapply to the modifiedwork asa whole. If identifiablesectionsof thatwork arenot derived
from theProgramandcanbereasonablyonsideredndependenandseparatevorksin themseles,thenthis License,
andits terms,do not applyto thosesectionsvhenyou distributethemasseparatavorks. But whenyou distributethe
samesectionsaspartof awholewhich is awork basedon the Program the distribution of the whole mustbe on the
termsof this License,whosepermissiondor otherlicenseesxtendto the entirewhole, andthusto eachandevery
partregardlesof who wroteit.

Thus,it is nottheintentof this sectionto claimrightsor contestyourrightsto work written entirelyby you; rather
theintentis to exercisetheright to controlthe distribution of derivative or collective works basedn the Program.

In addition,mereaggregationof anothemwork not basedon the Programwith the Program(or with awork based
ontheProgram)onavolumeof astorageor distribution mediumdoesnot bring the otherwork underthe scopeof this
License.

3. You may copyanddistributethe Program(or awork basecdnit, underSection2) in objectcodeor executable
form underthetermsof Sectionsl and2 above providedthatyoualsodo oneof thefollowing:

a) Accompan it with the completecorrespondingnachine-readablsourcecode, which must be
distributedunderthetermsof Sectionsl and2 abose onamediumcustomarilyusedfor softwareinterchange;
or,

b) Accompay it with awritten offer, valid for atleastthreeyears to give ary third party, for achage
no morethanyour costof physicallyperformingsourcedistribution, a completemachine-readableopy
of thecorrespondingourcecode to bedistributedunderthetermsof Sectionsl and2 abore onamedium
customarilyusedfor softwareinterchangeor,

¢) Accompay it with theinformationyou receved asto the offer to distribute correspondingource
code. (This alternatie is allowed only for noncommercialistribution and only if you receved the
programin objectcodeor executableform with suchan offer, in accordwith Subsectiorb above.)

Thesourcecodefor awork meanghepreferredorm of thework for makingmodificationgoit. For anexecutable
work, completesourcecode meansall the sourcecodefor all modulesit contains,plus ary associatednterface
definitionfiles, plusthe scriptsusedto control compilationandinstallationof the executable.However, asa special
exception,thesourcecodedistributedneednotincludearything thatis normally distributed(in eithersourceor binary
form) with the major componentgcompiler kernel,andsoon) of the operatingsystemon which the executableruns,
unlessthatcomponenttself accompanietheexecutable.

If distribution of executableor object codeis madeby offering accesgo copy from a designatedlace, then
offering equivalentaccesgo copythe sourcecodefrom the sameplacecountsasdistribution of the sourcecode,even
thoughthird partiesarenot compelledto copythe sourcealongwith the objectcode.
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4. Youmaynotcopy, modify, sublicenseor distributethe Programexceptasexpresslyprovidedunderthis License.
Any attemptotherwiseto copy, modify, sublicenseor distributethe Programis void, andwill automaticallyterminate
yourrightsunderthis License.However, partieswho have receved copies,or rights,from you underthis Licensewill
nothave theirlicensederminatedsolong assuchpartiesremainin full compliance.

5. You are not requiredto acceptthis License,sinceyou have not signedit. However, nothing elsegrantsyou
permissiorto modify or distributethe Programor its derivative works. Theseactionsare prohibitedby law if youdo
not acceptthis License. Therefore,by modifying or distributing the Program(or ary work basedon the Program),
you indicateyour acceptancef this Licenseto do so, andall its termsand conditionsfor copying, distributing or
modifying the Programor worksbasednit.

6. Eachtime youredistributethe Program(or ary work basedntheProgram)therecipientautomaticallyreceves
a licensefrom the original licensorto copy distribute or modify the Programsubjectto thesetermsand conditions.
You may not imposeary further restrictionson the recipients’ exerciseof the rights grantedherein. You are not
responsibldor enforcingcomplianceby third partiesto this License.

7. If, asaconsequencef acourtjudgmentor allegationof patentinfringementor for ary otherreasorn(notlimited
to patentissues)conditionsareimposedon you (whetherby courtordetr agreemenor otherwisethatcontradictthe
conditionsof this License they do notexcuseyou from the conditionsof this License.If you cannotdistributesoasto
satisfysimultaneouslyour obligationsunderthis Licenseandary otherpertinentobligations thenasaconsequence
youmaynotdistributethe Programatall. For example,if apatenticensewould notpermitroyalty-freeredistritution
of the Programby all thosewhoreceve copiesdirectly or indirectly throughyou, thenthe only way you could satisfy
bothit andthis Licensewould beto refrainentirelyfrom distribution of the Program.

If any portionof this sectionis heldinvalid or unenforceabl@nderary particularcircumstancethe balanceof the
sectionis intendedo apply andthe sectionasawholeis intendedo applyin othercircumstances.

It is notthe purposeof this sectionto induceyou to infringe ary patentsor otherpropertyright claimsor to contest
validity of ary suchclaims;this sectionhasthe solepurposeof protectingtheintegrity of thefree softwaredistribution
systemwhichis implementedy publiclicensepractices Many peoplehave madegenerousontributionsto thewide
rangeof softwaredistributedthroughthat systemin relianceon consisten@applicationof that system;it is up to the
author/donotto decideif he or sheis willing to distribute softwarethroughary othersystemand a licenseecannot
imposethatchoice.

This sectionis intendedto makethoroughlyclearwhatis believedto be a consequencef therestof this License.

8. If thedistributionand/oruseof the Programis restrictedn certaincountrieseitherby patentsor by copyrighted
interfacesthe original copyrightholderwho placesthe Programunderthis Licensemayaddanexplicit geographical
distribution limitation excluding thosecountries sothatdistributionis permittedonly in or amongcountriesnot thus
excluded.In suchcasethis Licenseincorporateshe limitation asif writtenin thebodyof this License.

9. The FreeSoftwareFoundationmay publishrevised and/ornew versionsof the GeneralPublic Licensefrom
timeto time. Suchnew versionswill besimilarin spirit to the present/ersion,but may differ in detailto addressiew
problemsor concerns.

Eachversionis givena distinguishirg versionnumber If the Programspecifiesa versionnumberof this License
which appliesto it and”any laterversion”, you have the option of following the termsandconditionseitherof that
versionor of ary laterversionpublishedby the FreeSoftwareFoundation.If the Programdoesnot specifya version
numberof this License you maychooseary versionever publishedby the FreeSoftwareFoundation.

10. If you wish to incorporatepartsof the Programinto otherfree programswhosedistribution conditionsare
different,write to theauthorto askfor permissionFor softwarewhichis copyrightedy the FreeSoftwareFoundation,
write to the Free SoftwareFoundation;we sometimesnakeexceptionsfor this. Our decisionwill be guidedby the
two goalsof preservinghefree statusof all derivativesof our free softwareandof promotingthe sharingandreuseof
softwaregenerally

NO WARRANTY

11. BECAUSETHE PROGRAM IS LICENSED FREEOF CHARGE, THEREIS NO WARRANTY FORTHE
PROGRAM, TO THE EXTENT PERMITTEDBY APPLICABLE LAW. EXCEPTWHEN OTHERWISE STATED
IN WRITING THE COPYRIGHTHOLDERS AND/OR OTHER PARTIES PROVIDE THE PROGRAM "AS IS”
WITHOUT WARRANTY OFANY KIND, EITHEREXPRESSEBDRIMPLIED, INCLUDING, BUT NOT LIMITED
TO, THE IMPLIED WARRANTIES OF MERCHANTABILITY AND FITNESSFORA PARTICULAR PURPOSE.
THEENTIRERISKASTO THEQUALITY AND PERFORMANCEOFTHE PROGRAMISWITH YOU.SHOULD
THE PROGRAM PROVE DEFECTIVE,YOU ASSUMETHE COSTOFALL NECESSAR SER/ICING, RERAIR
OR CORRECTION.
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12. IN NO EVENT UNLESSREQUIREDBY APPLICABLE LAW OR AGREEDTO IN WRITING WILL
ANY COPYRIGHTHOLDER,ORANY OTHER PARTY WHO MAY MODIFY AND/OR REDISTRIBUTETHE
PROGRAM AS PERMITTED ABOVE, BE LIABLE TO YOU FORDAMAGES,INCLUDING ANY GENERAL,
SPECIAL,INCIDENTAL OR CONSEQUENTIALDAMA GESARISING OUT OF THE USEOR INABILITY TO
USE THE PROGRAM (INCLUDING BUT NOT LIMITED TO LOSSOF DATA OR DATA BEING RENDERED
INACCURATE OR LOSSESSUSTRINED BY YOU ORTHIRD PARTIES OR A FAILURE OF THE PROGRAM

TO OPERAE WITH ANY OTHER PROGRAMS), EVEN IF SUCHHOLDER OR OTHER PARTY HAS BEEN
ADVISED OF THE POSSIBILITY OF SUCHDAMAGES.

END OF TERMSAND CONDITIONS



