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1 Overview

This documentdescribestwo programs,onefor dataanalysis(PMETRIC)andonefor datageneration(PMETGEN).
Most userswill mainly be interestedin thedataanalysisprogram,but advancedusersmayalsowantto usethedata
generationprogram,in computersimulations.

2 Intr oduction to PMETRIC

PMETRIC estimatesthe parametersof a probability distribution from a data function relating the proportionof
a certain(binary) responseto a physicalquantity. This type of dataanalysis—oftencalled “probit” analysis—is
usedin several subjectareas,including bioassay(analysisof dose/responsecurves)andpsychophysics(analysisof
psychometricfunctions). In brief, theprogramreadsa file containingtheobserved data(e.g.,quantaldose/response
curve),andit computeseithermaximum-likelihoodor minimum-chi-squareestimatesof theparameters(mean,median,
standarddeviation,etc)of theunderlyingprobabilitydistribution. It alsocomputesthebootstrapstandarderrorof each
of eachestimate,which simulationsindicatearegoodvarianceestimators(Foster& Bischof,1987,1991).

In bioassay, for example,a researchermight want to determinethe relationshipbetweenthe dosageof a certain
poisonand the probability that a certainpestanimal consumingthat dosewill die. In a typical study, eachof

�
differentdosages,�����������
	 , is given to �
� differentanimalsThe numberof deathsat dosage� , �
� , is countedto
estimatemortality for thatdosage.Suchdataaretypically analyzedwith a statisticalmodelassumingthatany given
animalhasa minimumlethaldosageandthat theanimaldiesif andonly if it is givena dosagegreaterthanor equal
to its minimumlethaldose.Thus,anobserved �
�����
� valueis anestimateof thepopulationproportionof animalsfor
whomthelethaldoseis lessthanor equalto �
� .

Theanalogousproblemarisesin psychophysicalresearchexaminingpsychometricfunctions.In this case,the �
�
valuesmightbeintensitiesof agivenauditorytone.Thetoneis playedto anobserver �
� timesateachintensityvalue,
andeachtime theobserver indicateswhetheror not he heardit. Thestatisticalmodelassumesthat theobserver has
a minimumdetectableintensityvalue(fluctuatingacrosstime),andthattheobserver reportshearingthetoneon each
presentationif andonly if it is moreintensethan the minimum intensityvalueat that moment. Thus,an observed�
�����
� valueis anestimateof theprobabilitythattheinstantaneousminimumdetectableintensityvalueis lessthanor
equalto � � .

In standardprobit analysis,the underlying probability distribution is assumedto be normal (i.e., Gaussian).
PMETRICallowsthisassumptionbut doesnotrequireit. Instead,theusermaydothecomparableanalysisassuminga
varietyof alternativeunderlyingdistributionalshapes(e.g.,gamma,uniform),andtheusermayobtainnonparametric
estimatesusingtheSpearman-K̈arbermethod(e.g.,Epstein& Church,1944;Kärber, 1931;Spearman,1908).Based
on an extensive simulationstudy, in fact, we would recommendthat the Spearman-K̈arbermethodbe usedundera
widevarietyof circumstances(Miller & Ulrich, 2001).

Moregenerally, thetypeof analysiscarriedoutby thisprogramcanbeusedwith any datacollectedin thefollowing
situation(cf. Finney, 1978):

1. A researcherselectsanorderedsetof
�

constants�������������
�������������
	 (e.g., ���������������� ������!�������"� ) roughlyspanning
a probabilitydistribution.

2. For eachconstant� � , the researchertakes � � independentrandomsamples# �%$ from the distribution, &('����������� � . The valueof # �%$ cannotbe observed directly, however. Instead,the researcherobservesonly ) �%$ ,
where )*�%$+' , � if #-�%$/.(�
�� if #-�%$/0(�
�

3. Thedataaresummarizedby countingthenumberof observationsgreaterthaneach� � :�1�2'43657$�89� )*� $
4. Theproblemis toestimatetheprobabilitydistributionof the #:�%$ valuesfrom the

�
observedproportions,�
�;���
� ,� =1.. .

�
.
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With such data, the parametersof the distribution of the <-=%> valuescan be estimatedby either maximizing
likelihood or minimizing chi-square.For any given setof parametervalues,the likelihood of the specificordered
setof < valuesis ?A@CBD=FE9GIHKJMLONQPSR�NUT= V"WYX
Z H =�[ R�N
whereH = @]\_^a` W \ =�[ with thegivenparametervalues(Finney, 1971,chap.5).1 Whenrequestedtousethemaximum-
likelihood type of probit fit, PMETRIC adjustsparametersiteratively to maximizethis value(actually, to minimize
thenegative of thenaturallogarithmof this value)usingthenumericalsearchalgorithmof Rosenbrock(1960). The
simplex minimumvaluethatit reportsat theendof its searchis -Ln(L).

Alternatively, for any givensetof parametervalues,achi-squaregoodness-of-fittestmaybecomputedas(Guilford,
1936)2 b�c @ Bd =eE9G2f = W�gH = Z H = [

c
H = V�WYX
Z H =�[

whereH = @h\_^a` W \ =�[ with thegivenparametervaluesand gH = @ W f = Zji =�[lk f = . Whenrequestedto usetheChiSq
typeof probit fit, PMETRICadjustsparametersiteratively to minimizethisvalue.Thesimplex minimumvaluethatit
reportsat theendof its searchis theminimumobtainedvalueof

b c
.

In standardprobitanalysis,thefunction

\_^a` WYV [ refersto thecumulativenormalprobabilityfunction,butPMETRIC
allowsa varietyof alternativecumulativedistributionsfunctionsto beused(e.g.,uniform,gamma).

3 PMETRIC Installation & Test

1. Unzip the distribution file. It will be namedsomethinglike PMETRIC.ZIP, exceptthat the last few lettersof
PMETRICwill bechangedto numbersto reflectthecurrentversion(e.g.,PMETRI11.ZIPis version1.1). Note
thatsubdirectoriescalled“In” and“WinFPC.OK” arecreated;thesearefor testpurposes(seepointafternext).

2. Move theprogramfilesPMETRIC.EXEandPMETGEN.EXEto a directoryin yourpath.

3. If you like, you canrun somequick testsof theprogramto makesurethateverythingis working properlyon
your machineandyour versionof the operatingsystem.To do thequick tests,opena commandwindow and
changeits currentdirectoryinto thesubdirectory“In”. Thenrun thebatchfile GoWinFPC.Bat.Thebatchfile
shouldrunaseriesof testruns,andit shouldproducenumerousoutputfilescalled*.rpt, *.mtb, *.out, *.prm, and
gen*.dat.Whenthebatchfile is done,checkthateverynewly createdfile in the“In” subdirectoryis identicalto
thefile with thesamenamein the“WinFPC.OK” subdirectory. If this checkworks,it is likely thateverything
is OK. If it fails, contacttheauthor.

1To getthelikelihoodof the m�n valuesinstead,youwould includethebinomialcoefficients oqp nm�n:r in this product.This hasno effecton the

parameterestimation,however, becausetheseconstantmultiplierscanbefactoredout, i.e.,sD nut*v o p nmwn:ryx�z"{}| NF~*��Nu�n x������
z nQ� �*N�� sD nut*v o p nm�n:r sD nut*v x z�{M| NF~��*NM�n x������/z nF� ��N
I thankRolf Ulrich for supplyingtheinformationin this footnote.

2Thechi-squaretestcanbederivedby conceivingof theprobitdatasetasamultinomialwith � categories.Let p n bethenumberof independent
observationsat each ��n , let m�n and p n � m�n bethe numbersof successesandfailures,andlet z n bethe predictedprobability of a success(i.e.,
CDF(��n ) in a yes/notask or �����j���;�O�q����� � x CDF� ��nF� in an � -alternative forced-choicetask). Then the standardchi-squaretest for a
multinomial is computedas ��� � sd nut*v1� � m�n �
z n x p n;�

�
z n x p n � �F� p n � mwn;� �a�����
z nF� x p nF� ��;���
z nF� x p n �

This formulacanbesimplifiedto obtaintheformulagivenby Guilford (1936).I thankRolf Ulrich for supplyingtheinformationin this footnote.
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4 PMETRIC Input Files

BeforeusingPMETRIC,you mustprepareoneor two input files. You mustalwayspreparea file containingthedata
(i.e., valuesof �
� , �
� , and �
���j�1� ), andit shouldbegivena namewith theextension“.DAT”. Theother, optional
input file containscontrol statementsdescribingthe desiredanalysis,and it shouldbe given the extension“.RSP”.
RSPstandsfor “response”,becausethesefiles convey the responsesthatyou would give if you werecontrolling the
programwith a moretraditionalon-screeninterface.If you arehappywith thedefaultanalysisoptions,you canomit
thisfile.

Thefiles “EXAMPL*.DAT” and“EXAMPL*.RSP” show examples.Both typesof input files mustbe plain text
(ASCII) files.

4.1 Format of the Data File

As shown in “Exampl1.DAT”, the basicdataformat includesthreelines per dataset. The first line givesthe �
�
values,in increasingorder, with two extra values(for which no datawere collected)called ��� and �
���9� that are
usedin connectionwith theSpearman-K̈arbermethod,asdiscussedlater, andalsousedin somecaseswith percentile
estimation.Thesecondline givesthe �
� valuesin thesameorderasthe �
� values.Thethird line givesthe �
�2���
�
values,alsoin thesameorderasthe �
� values.Notethatno valuesarespecifiedfor �_� , �
���9� , �_�
���_� , or �
���9����
���9� .

Notealsothatspaces(nottabs)shouldbeusedtoseparatethenumbersin thedatafile. Thespacingis notsignificant
to theprogramaslong asdifferentnumbersareseparatedby at leastonespace,but of courseit is easierfor a person
to readif thenumbersline up in columnsasshown in theexamplefiles.

As shown in “Exampl2.DAT”, the programcan also processseveral datasetsin a given run (thesewill be
referredto asdifferent“CASEs”). Thesamesequenceof linessimply repeatsfor eachnew case.Note thata blank
line is requiredbetweencases.

If the stimulusvaluesare the samefor all cases,they needonly be included for the first case,as shown in
“Exampl3.DAT”. The CommonCs parametermust be includedin the RSPfile to let PMETRIC if this shortcut
hasbeenused.In thiscase,ablankline appearsaftertheC valuesarelistedat thebeginningof thefile, andin addition
thereis a blankline aftereachcaseexceptthelast(seefile “Exampl3.DAT”).

As describedin section7, theusermaychooseto specifyvaluesof �
� insteadof �1�2���
� on thethird line of the
input file by usingtheTotalN option. Alternatively, theusercanomit this line altogetherif �
� is a constantandthe
FixedN optionis specified.

4.2 Format of the Control File

Thefile “Exampl1.RSP” showsasimplecontrolfile with theselines:

NProbit 1
Normal(3,2)

WriteMTB
Seed Start Default.rng

The first line tells the programthat it shouldperform the probit analysisusing just one assumedunderlying
distribution,andthesecondline tells the program(a) this underlyingdistribution shouldbe the normaldistribution,
and(b) 3 and2 arereasonablestartingguessesfor its meanandstandarddeviation. Thethird line asksfor anoptional
outputfile in the MTB format, and this is mainly for my conveniencein testing. The fourth line tells the random
numbergeneratorto startat thedefaultseedratherthana randomone. The purposeof this is to makesurethat the
bootstrappinggivesexactly thesameresultswhenyouruntheprogramasI gotwhenI ranit, sothatouroutputvalues
shouldbeexactly equal.

Quitea few differentanalysisoptionscanbecontrolledfrom theRSPcontrolfile, andthesearedescribedin detail
in section7. First,however, I tell how to run theprogramanddescribetheoutputthatit produces.
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Table1: First Part of Outputfor Datain File “Exampl1.Dat”

—- Case1 —-
Level NTrials obs.freq. monot.freq.

-100.00 0.00
1.00 20 0.00 0.00
2.00 20 0.10 0.10
3.00 20 0.25 0.25
4.00 20 0.40 0.40
5.00 20 0.80 0.80

100.00 1.00
100

5 Running PMETRIC

PMETRICis invokedfrom thecommandline, andtheparametersspecifiedon thecommandline indicatethenames
of theinputandoutputfiles. You mayeitherof two possibleformsof syntaxfor thecommandline, asdescribedin the
next two subsections.Theformeris simpler;thelatter, moreflexible.

5.1 Invoking PMETRIC Without Switches

Onesyntaxis to invokePMETRICwith a statementincludingzero,one,or two parameters,asshown here:

C> pmetric
C> pmetric foo
C> pmetric foo bar

If noparametersarespecified,PMETRICreadsthedatafrom thefile “PMETRIC.DAT”, readscontrolparameters
from thefile “PMETRIC.RSP”, andwritesits outputto thefile “PMETRIC.OUT”.

If oneparameter(“foo”) is specified,PMETRICreadsthedatafrom thefile “foo.DAT”, readscontrolparameters
from thefile “foo.RSP”, andwritesits outputto thefile “foo.OUT”.

For advancedusersonly: if two parameters(“foo” and“bar”) arespecified,PMETRICreadsthedatafrom thefile
“bar.DAT”, readscontrolparametersfrom thefile “foo.RSP” andit skipsto thelocation“bar” in thecontrol file
(asdescribedin section7), andwrites its outputto thefile “bar.OUT”. Note thatthis optioncanonly beusedif the
controlfile “foo.RSP” containsa line with just “bar” in it to serve asthelocationto whichpmetricshouldskip. For
anexampleof this,seethedescriptionof “GOTO label” in section13.8.

5.2 Invoking PMETRIC With Switches

Theothersyntaxis to invokePMETRIC with a statementincludingexplicit switchesto specifythenamesof input,
control,andoutputfiles,andtheskip location.As anexample,

C> pmetric -i myinput -c myctrl -o myout -s myskip

This specifiesthat the input is to be readfrom file “myinput.dat”; the control parametersare to be readfrom
“myctrl.rsp”; theoutputis to bewritten to files “myout.out”, “myout.rpt”, etc.;andtheprogramis to skip
to thelocationtty myskipin thecontrolfile beforeit startsto readparameters.(Notethedefaultextensionsaddedto
all file names!)Theskipparameteris optional(no skip is thedefault).

6 PMETRIC Output

I will explain theoutputusingthefile “exampl1.out” asanexample.
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Table2: SecondPart of Outputfor Datain File “Exampl1.Dat”

(std.errorsbasedon 200bootstrapsamples)

**** Reportof AnalysisBasedon Normal(4.036,1.37)
Measuresof location
Mean : 4.04 ( 0.22) Median : 4.04 ( 0.22)
Measuresof dispersion
SD : 1.37 ( 0.25) DL : 0.92 ( 0.17)
Measuresof skewness
E[(x-mean)  ]/ ¡�¢:  : 0.00 ( 0.00) (q3-2*q2+q1)/(q3-q1) : -0.00 ( 0.00)
E[(x-mean)  ] £F¤Y¥l !¦ : 0.00 ( 0.00) (z9-2*z5+z1)/(z9-z1) : -0.00 ( 0.00)

(Mean-Median)/SD 0.00 ( 0.00)
Measuresof kurtosis
E[(x-mean)§ ]/ ¡�¢:§ : 3.00 ( 0.00) DL/(z9-z1) : 0.26 ( 0.00)
E[(x-mean)§ ] £F¤Y¥l§!¦ : 1.80 ( 0.33)
Ln(Likelihood) : -42.08 ( 4.96) Chi-square : 1.43 ( 3.04)
Chi-squaredf 3.00 Pr(Chi-square) : 0.70 ( 0.30)

Note. Parametricestimatesare shown on the left side of the tableand nonparametricestimatesare shown on the
right (except for the measuresof fit, which areboth parametric).Associatedwith eachestimateis a standarderror
computedusing100bootstrapsamples.SD andDL arethedispersionparametersstandarddeviation anddifference
limen,respectively. ¨�© is the ª th quartileof thedistribution,and «!© is the ª th decile.

Thefirst sectionof theoutputlookslike whatis shown in Table1. This tablesimplysummarizesthedatatablefor
thefirst dataset(“Case1”) in theinputdatafile. The“Level” columndisplaysthe ¬ © values,thenext columndisplays
thenumberof trials testedat that ¬ © , the“obs. freq.” columnreportstheobservedfrequency ­ ©�®�¯
© , andthe“monot.
freq.” columndisplaysmonotonizedfrequenciesusedin conjunctionwith theSpearman-K̈arbermethod.

Thenext sectionof outputlooks like what is shown in Table2. Oneline simply reportsthenumberof bootstrap
samplesgeneratedto computebootstrapstandarderrors. 200 is the default. The next line shows the distribution
estimatedby themaximum-likelihoodprocedure.With thesedata,thismaximumoccurswith °²±´³�µ%¶"·�¸ and ¹º±¼»"µ%·�½ .

The next block of lines in Table 2 shows the estimatedmeanand median. Theseare simply the meanand
medianof thedistributionresultingfrom themaximumlikelihoodestimation.With thenormalunderlyingdistribution,
thesevaluesarenecessarilyidentical,becausethe normalmeanalwaysequalsits median.Following eachvalue,in
parentheses,is its standarderrorasestimatedby bootstrapping.

Thenext block of lines in thetableshows analogousvaluesfor thestandarddeviation (SD) anddifferencelimen
(DL). The DL is the term usedin psychophysicalresearchfor the differencebetweenthe 25th and75th percentile
pointsof thedistribution.

Thenext two blocksof linesshow analogousvaluesfor measuresof skewnessandkurtosiscomputedasshown in
thediagramaticformulas.In theseformulas,q1,q2,andq3arethe25th,50th,and75thpercentilevalues,respectively,
andz1, z5, andz9 are the 10th, 50th, and90th percentilevalues. Given the assumptionof an underlyingnormal
distribution,theestimatedskewnessandkurtosisvaluesarenot informative in thisanalysis.Skewnessis alwayszero
for any normaldistribution,andkurtosisis alwaysthree,soprobit analysisactuallyprovidesno way to estimatethese
values.Oneof theadvantagesof theSpearman-K̈arbermethodis thatit canestimateskewnessandkurtosis.

The next block shows thenegative of thenaturallog of the likelihood function, -Ln( ¾ ), computedwith thebest
maximum-likelihoodestimates,and the valueof the chi-squarecomputedwith the minimum chi-squareestimates.
Thechi-squaregoodnessof fit statisticis computedusingtheformulagivenin Guilford (1954,p. 134,formula6.16),
andthis chi-squarehas ¿�ÀÂÁjÃ*Ä degreesof freedom,where À is the numberof ¬
© valuesfor which datahave been
obtainedand Ã is thenumberof freeparametersassociatedwith thedistribution beingfit.3 With probit analysis,for
example, ÃÅ±ÇÆ becausethe normal ° and ¹ arethe freeparametersto be estimated.Below the chi-squarevalueis
theprobability or significancelevel of this value; if this significanceis lessthan.05, thenthemodelcanbe rejected

3Theprogramdoesnotautomaticallygroup È�É valuesto ensureexpectedfrequenciesof at least5, sothechi-squareapproximationmaybepoor
if therearerelatively few observationsper È�É value.
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asanadequateapproximationof thedata.Thechi-squarevalueis omittedfrom thereportfor theSpearman-K̈arber
analysis,becauseit is notmeaningfulin this case.

That is theendof theoutputfrom thestandardprobit analysis.Theremainingoutputin thefile shows analogous
valuesobtainedby the Spearman-K̈arber method. Becausethis is a nonparametricmethod,estimatesare more
independentof oneanother(e.g., meanandmediancan be different), and the estimatesof skewnessand kurtosis
aremeaningfulin additionto theestimatesof locationanddispersion.

Oneoutputvalueis defineddifferentlyfor theSpearman-K̈arbermethodthanfor theprobitmethods—namely, the
chi-squarevalue.Thereisnowayto computeameaningfulchi-squarevaluefor theSpearman-K̈arbermethod.Instead,
the“chi-square”valueis really anuncorrectedraw mean.This is identicalto the regularSpearman-K̈arbermeanfor
theyes/notask,but it canbedifferentfor mAFC tasks.With thelattertasks,it is possiblefor anobservedprobability
to belessthanchancedueto binomialvariability. For computationof the“regular” Spearman-K̈arbermean,observed
probabilitieslessthanchanceareadjustedto thechancevalue. For the “uncorrectedraw mean”reportedin thechi-
squareposition,themeanis computedusingtheobservedprobabilitiesbeforeadjustment,usingtheequationgivenby
Ulrich andMiller (2003). In fact, thesimulationsconductedby Ulrich andMiller indicatedthat thebestestimateof
themeanfor anmAFCtaskis actuallythis “uncorrectedraw mean”ratherthanthecorrectedone,andwerecommend
its use.Thecorrectedmeanis ratherbiased.

7 PMETRIC Analysis Options

Numerousaspectsof PMETRIC’sbehavior canbecontrolledby theuservia asetof analysisoptions.Thesearelisted
below, approximatelyin orderfrom most-frequentlyto least-frequentlyused.In additionto theoptionslisted in this
section,furtheroptionscommonto PMETRICandPMETGENarelistedin section13.

All analysisoptionsarespecifiedby includingoneor morelinesin theRSPfile. An optionis specifiedby typing
its nameasthefirst word on a line of theinput RSPfile (precedingblankspaceon the line is ignored). If theoption
requiresfurther information,thatinformationis typedassuccessive wordson thesameline (i.e., separatedby oneor
moreblankspaces)or, in a few casesto bedescribed,on successive lines. Within anRSPfile, theasteriskcharacter
(*) is usedto indicatecommentmaterial:anything following anasteriskon thesameline is ignored.

7.1 NProbit

As illustratedin the file “exampl1.RSP”, this option is followed by a number( Ê_Ë ) to indicate the numberof
differentunderlyingdistributionsto usein theprobit-typeanalysis.It mustthenbefollowedby Ê_Ë individual lines,
eachindicatingthe distribution nameandstartingparametervaluesfor oneof thesedistributions. For example,the
following linesmightappearin anRSPfile:

nprobit 4 * Use 4 different distributions. This part is just a comment.
normal(0,1) * Try probit with normal starting at mu=0 and sd=1
gamma(5,.1) * Also try with gamma starting at shape=5 and rate=.1
uniform(-1,5) * Also try with uniform distribution with bounds -1, 5.
logistic(0,1) * Also try logistic distribution with mean 0 and beta 1.

* Note that four distributions have been listed, corresponding to "nprobit 4".

The completelist of probability distributionsthat can be specifiedfor probit analysiswithin PMETRIC, along
with their parameters,can be found in section14. Thesedistributionscan also be usedfor generatingsimulated
psychometricfunction databy PMETGEN.The optionsincludenot only dozensof standarddistributionsbut also
various transformationsof thesedistributions (e.g., linear, log, power) and other distributions formed by taking
convolutions, mixtures,order statistics,andso on, as derived from CUPID (Miller, 1998). In fact, PMETRIC is
itself merelyanextensionof CUPID for this particulartypeof dataanalysis.Dueto memorylimitations,thediscrete
distributionsknown to CUPID have beenomittedfrom theDOS versionof PMETRIC,but this is unlikely to be of
muchconsequencebecausethesedistributionsarerarelysuitableasmodelsfor quantaldata.

If it is not specified,NProbit is assumedto be1 andtheassumeddistributionis normal(0,1).NProbitcanbesetto
0 if you don’t wantany probit analysesbut only wantthevaluesfrom theSpearman-K̈arbermethod.
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7.2 NBootSamples

This option is followedby an integer to specifythe numberof bootstrapsamplesto beusedin computingbootstrap
standarderrors.Thedefaultis 200.For example:

NBootSamples 30000 * Use lots of bootstrap samples!

7.3 TotalN

If you would like to specifythedatawith valuesof Ì1Í insteadof Ì
Í2Î�Ï
Í in theinput datafile, thenjust includethe
line TotalN in thecontrolRSPfile.

7.4 UseLog

In someresearch,it is commonpracticeto log-transformthestimulusvaluesprior to theanalysisto eliminatepositive
skew. If you would like PMETRICto transformthestimulusvalueswhenthey arereadin, you canrequestthis with
thecommandUseLog. If this option is used,all of PMETRIC’s outputis in thescaleof the loggedstimulusvalues
(naturallog) ratherthantheoriginalones.In particular, youshouldbecarefulwhenspecifyingthestartingparameters
for probitanalysisto giveparametersthanaremeaningfulin termsof theloggedstimulusvalues,not theoriginalones.

7.5 FixedN

If thevalueof Ì
Í is thesamefor all stimuluslevelsandcases,thiscanbespecifiedwith anoptionlike:

FixedN 100 * 100 trials at each stimulus level

If thisoptionis selected,thethird line (i.e., Ì Í or Ì Í ÎÐÏ Í ) of eachcasemustbeomittedfrom theinputdatafile.

7.6 NoMomentMatch

By default,whenPMETRIC carriesout a probit-typeanalysis,it startsthe parametersearchprocessby adjusting
the distributional parametersto producea meanandvarianceequalto themeanandvarianceof the stimulusvalues
(i.e., ignoring theobservedfrequencies).Theseparametersgenerallyprovide a prettygoodinitial guessfrom which
PMETRIC’ssearchroutinescanconvergeto theoptimalsolution.Youmayomit thismoment-matchingstep,however,
with theNoMomentMatch option. In thatcase,theparametersearchalwaysstartsfrom thedefaultparametersgiven
in thestatementof theprobitdistribution.For example,if you specifieda probit optionof Normal(0,1),theparameter
searchwould alwaysstartwith a meanof 0 anda standarddeviation of 1. If thestimulusvalueswerefar from this
region—e.g.,in therangeof 200–400—thentheparametersearchroutineswouldprobablynotconvergeontheoptimal
solution.

7.7 NoComputeSpear

This option tells PMETRICto omit theSpearman-K̈arberanalysis.Thereis alsoanoptionComputeSpear saying
to performtheanalysis,but it is not neededbecausethisanalysisis performedby default.

7.8 InFile

Usethisoptionto setthenameof theinput datafile. For example:

InFile MyFile.Dat * Data will be read from MyFile.Dat

7.9 Verbose

If you specifytheVerbose option,PMETRICwill write moreinformationto thescreensothatyou cankeeptrack
of its progress.This is particularlyusefulif it bombsandyou wantto seewhere.
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7.10 MissingValue

Whenasampleis pathologicalandit is impossibleto computeprobitestimates,a missingvalueis writtenout in place
of suchrequestedestimates.By default,this valueis -9999. You maychangeit to any real numbervia a command
like MissingValue 999.99.

7.11 DoubleSearch

Maximum-likelihoodandminimum-ÑwÒ estimatesareobtainedwith thesimplex searchalgorithm(Rosenbrock,1960).
Like all numericalsearchalgorithms,it can get trappedin locally- but not globally-optimal solutionsundersome
circumstances.The likelihood of suchtrappingcanbe reducedby running the algorithmtwice, startingit for the
secondtime at the finishingpoint of the first time. If theDoubleSearch option is specified,thenthis strategy is
employedfor all parametersearching.Naturally, if thisoptionis selectedthentheprogramtakesalmosttwiceaslong
to run.

7.12 ExpansionFactor

During bootstrapping,randomgenerationof new samplesmay occasionallygeneratewhat I call a “pathological”
sample.In sucha sample,Ó
Ô tendsto decreaseas Õ
Ô increases,ratherthanshowing theexpectedincrease.Although
rare, this canhappenduring the bootstrapresamplingprocessbecauseof binomial variability (naturally it happens
more often when the numberof trials is smaller). When it doeshappen,no model hashigh likelihood because
every model predictsthat the Ó
Ô s must increase. As a consequenceof low likelihoods and numericalproblems,
theparametersearchroutineusuallywandersoff into somereallystrangeareaof theparameterspacewhenestimating
parametersfor apathologicalsample.Theresultingextremelyunusualparametersestimatedfor thatbootstrapsample
cancontaminatingthebootstrapstandarderror.

Thepurposeof the“expansionfactor” optionis to defineacriterionto identify thesepathologicalcasessothatthey
canbe discardedandthey will not contaminatetheestimatedbootstrapSE. (In fact, pathologicalbootstrapsamples
arereplacedwith nonpathologicalonesto keepconstantthenumberof usablebootstrapsamples).

Within PMETRIC,theexpansionfactor, Ö , is a numericalvalueusedasfollowsto identify pathologicalsamples.
A pathologicalbootstrapsampleis definedasonefor whichany of thefollowing conditionsis met:

1. estimatedmeanis lessthan ×;Õ�ØwÙ�Õ
Ú�ÛlÜ�Ý�Þ�ÖàßA×;Õ
ÚáÞ�Õ�Ø�ÛlÜ�Ý
2. estimatedmeanis greaterthan ×�Õ�ØwÙÅÕ
Ú�ÛYÜ�Ý�Ù�Öâßã×;Õ
ÚáÞ�Õ�Ø�ÛlÜ�Ý
3. estimatedstandarddeviation is greaterthan ÖàßA×�Õ Ú Þ�Õ Ø Û

for anyof theestimationprocedures(i.e.,Spearman-K̈arberor probit). With Ö]äàå , theseconditionswould reduceto

1. estimatedmeanis lessthan Õ Ø
2. estimatedmeanis greaterthan Õ Ú
3. estimatedstandarddeviation is greaterthan ×�Õ
Ú�ÞÐÕ�Ø�Û

If Öâæ(ç , PMETRICdoesno checkingfor pathologicalsamples.
By default,Öèäéå�ç"ç sothatonly extremelypathologicalsampleswill bereplaced.UsethecommandExpansionFactor

to changethevalueof Ö . For example:

ExpansionFactor 0 * Do not check for pathological samples.

7.13 Output Format Control

Therearethreeavailableoutputformats. Onelooks like theoutputin thefile “exampl1.out”. This is calledthe
“OUT” format.This formatis writtenby default.

A secondavailableoutputformatis a tablewith onerow percaseandonecolumnfor eachof thevaluescomputed
from eachcase.This is the“MTB” format,andit maybeusefulif you want to processa largenumberof casesand
thenimport theresultsinto anotherstatisticspackagefor furtheranalysis.This formatis notwrittenby default.
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A third availableoutputformatis similar to theMTB formatexceptfor theheaderlines,which areappropriatefor
my MrF ANOVA program.This is the “RPT” format,andit will beusefulif you wantto analyzePMETRICoutput
with MrF. This formatis notwrittenby default.

TheOUT, MTB, andRPToptionsareindependent,soyoucangetany combinationof themby specifyingoptions
appropriately. To changethedefaultsettingsfor theoutputformat,simply includein theRSPfile any combinations
of the commandsWriteMTB, NoWriteMTB, WriteRPT, NoWriteRPT, WriteOUT, andNoWriteOUT. The
default settingsare WriteOut, NoWriteMTB, and NoWriteRPT. For example, if you include just the WriteMTB
command,you will getboththeOUT formatandtheMTB format.

In additionto choosingthetypeof outputfile, thereareanumberof otheroptionsconcerningthecontrolof output,
asdescribedbelow. Someof theseoptionsarerelevantonly for certaintypesof outputfiles,asindicated.

NCasesThenumberof casesis writtenat thebeginningof theMTB file, sothisnumbermustbespecifiedin theRSP
file. For example,

NCases 24 * There are 24 input data sets.

WriteDVs To avoid clutteringup your outputfile, you maywantto write out only a subsetof thesummarymeasures
computedby the program. In that case,you canusethis option to selectwhich onesyou want, as follows.
Following WriteDVs on the sameline, include the numberof summarymeasures( êaë ) that you would like
to have written. Then,the following ê ë linesshouldincludeonenumberper line, whereeachnumberis the
sequentialnumber, relative to the full set written when this option is not specified,of one of the summary
measuresyou would like to have writtenout. For example,thefollowing requeststhatonly themedianandDL
bewritten (notethatthesearenormallythe11thand12thsummarymeasureswrittenout for eachdistribution):

WriteDVs 2
11 * The median is the 11th summary measure in the standard list.
12 * The DL is the 12th summary measure in the standard list.

MomentsWanted Computationof highermomentssometimesinvolvesratherslow numericalintegration. If you
are only interestedin the lower moments,then, you might want to omit computationof highermomentsto
speedup theprogram.Unfortunately, PMETRICis not smartenoughto figureout which momentsto compute
automaticallyfrom the WriteDVs option describedabove, so you must explicitly tell it which momentsto
computewith a commandlike:

MomentsWanted 2 * Compute moments only up to the second.

Thedefaultis MomentsWanted4, but you canspeedup theprogramby reducingthis to 3, 2, or 1.

WritePCTs Insteadof having theprogramwrite outsummaryDVs, youmaywantto have it write out thepercentiles
of thepsychometricfunction.This outputis requestedwith theWritePCTsoption.Theformatis:

WritePCTs
5 * Start writing with the 5th percentile

95 * ... and continue up to the 95th percentile
10 * ... in steps of 10%

Notethatcumulative probabilitiesareautomaticallymonotonizedwhentheWritePCTsoption is selected,just
asthey arefor the Spearman-K̈arbermethod,to ensurethat eachof the desiredpercentilesoccursonly once
within thedistribution. In addition,theextremestimulusvaluesì�í and ì
î�ï9ð will beusedto estimate(by linear
interpolation)percentilevaluesthatareoutsidethe rangeof observedcumulative probabilitiesassociatedwith
the ì�ð to ì
î values.NotealsothatwhentheWritePCTsoption is selected,theprogramassumesthatyou do
not wantany DVs of the typeselectedwith theWriteDVs option. If you do want both,you must includethe
WriteDVs optionafterWritePCTsis specified.

NGroups The Mrf programneedsto know how many groupsof subjectsareincludedin the input file, so you are
allowedto specifytheappropriatevalue.For example,
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NGroups 2 * There are 2 groups of Ss.

NCasesPerS TheMrf programalsoneedsto know how many differentpsychometricfunctionshave beenanalyzed
persubject(i.e.,how many differentconditionsaretestedwithin-Ss).For example,

NCasesPerS 3 * Each S provided pmetric fns for 3 conditions.

Thisvariablealsoinfluencesthenumberingof files if WriteCurvesis specified(seebelow).

Tab Delim By default,thecolumnsin the MTB file areseparatedby spaces.You canhave themseparatedby tabs
with thisoptionor by commaswith thenext one.

CommaDelim

7.14 Output of Observedand MonotonizedFunctions

It mayalsobeusefulto write theobservedandmonotonizedfunctionsto files for importinginto graphingprograms,
and this can be accomplishedwith the WriteCurves option. If this option is selected,a separate*.col file is
written for eachcasethatis analyzed,containingthreecolumnsof numbers:thestimuluslevels,theobservedrelative
frequency at thatlevel, andthemonotonizedrelative frequency at thatlevel (muchlike thetabular summarywrittenat
thebeginningof eachcasein theOUT file).

Thedifferentcasesaredistinguishedbybeingwrittentodifferentoutputfiles. It isassumedthatthefirstNCasesPerS
casescomefrom subjectone,andthesewill bewrittentofilescalledS001C001.col,S001C002.col,S001C003.col,
. . . . Thennext NCasesPerScasesareareassumedtocomefromsubject2andarewrittento filescalledS002C001.col,
. . . . And soon.

7.15 Maximum Likelihood versusMinimum Chi-SquareEstimation

By default,PMETRICcomputesthemaximum-likelihoodestimatesof thedistributionalparametersandthenreports
the propertiesof the distribution (e.g., mean,median,etc) with theseparametervalues. By including the option
ChiSquare, however, theuserinstructsPMETRICto computeminimumchi-squareestimatesinstead.

Notethatbothmaximum-likelihoodandminimumchi-squareestimatesareactuallyalwayscomputed,sothatboth
measuresof fit canbereported.Thus,specifyingtheChiSquare optionsimplychangeswhethertheestimatedmean,
median,andsoonarecomputedfrom thedistributionwith its maximum-likelihoodor minimumchi-squarevalues.

For completeness,theoptionLikelihood mayalsobespecified,althoughthis is thedefaultoption.

7.16 MaxNStimLevels

By default, PMETRIC allocatesmemory for a maximumof 200 stimulus levels or doses(the ñ in the technical
descriptiongivenin section2). If thatis not enough,this valuecanbeincreasedby specifyingthis optionin theRSP
file. For example:

MaxNStimLevels 1000 * Up to 1000 different doses

7.17 ParmCodes

In somesituations,it maybedesirableto fix a parameterof themodelunderlyingprobit analysis.For example,you
might know on a priori groundsthat the meanof the underlyingnormaldistribution was0 andyou might want to
allow only thestandarddeviation to vary duringmaximumlikelihood estimation.PMETRICprovidesthis capability
by allowing youto specifywhethereachparameterof a distributionis Fixed,Real,or anInteger.

To constrainoneor moreparametersof a distribution,you enteranoptionalextra stringof letters(F, R, andI) for
eachdistributionlistedundertheNProbitsoption.For example:

nprobit 2 * Use 2 different distributions.
normal(0,1) FR * Fix the mean at zero and let sigma vary as a real.
gamma(5,.1) IF * Let the number-of-exponentials parameter vary as an

* integer and hold the exponential rate fixed.
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In this example,both stringshave two lettersbecauseeachdistribution hastwo parameters.The string of letters
underdiscussionhere is called the “ParmCodes”string, and more information on it can be found in the CUPID
documentation.

7.18 MinStepSize

This option is usedto control theminimumstepsizeusedby theparametersearchalgorithmin probit analysis.For
example:

MinStepSize 0.00001

Thedefaultis 1.0e-8.

8 Intr oduction to PMETGEN

PMETGENcanbeusedto generatesimulateddataof thesortanalyzedby PMETRIC.It hastwo mainuses:

1. Researchersin theplanningphaseof anexperimentmaywish to runcomputersimulationsof aproposeddesign
to estimateits standarderrorsandstatisticalpower.

2. Researchersinterestedin comparingdifferentstatisticalproceduresfor the analysisof suchdatamay wish to
generatemany simulateddatasetsin orderto comparetheperformanceof thedifferentprocedures.

9 PMETGEN Input Control File

BeforeusingPMETGEN,you mustpreparea controlfile describingtheexactexperimentalsituationto besimulated.
Thisfile shouldbegiventheextension“.GEN”, andthefiles “GENEX*.GEN” show examples.Theinputfile mustbe
a plain text (ASCII) file.

The file “GENEX1.GEN” shows a fairly simple control file. The lines startingwith asterisksare explanatory
comments,asis all thetext following anasteriskon a line. Herearetheoperative linesof thefile:

Distribution Normal(0.5,0.25)
NStimLevels 5
NTrialsPerLevel 60
NCases 300

Thefirst line tellstheprogramthatthetrueunderlyingdistributionhastheshapeof acumulativenormaldistribution
with mean0.5 andstandarddeviation 0.25. Many otherdistributions canbe used,suchas the gamma,lognormal,
exponential,uniform,andsoon. For acompletelist of thepossibledistributions,theusershouldconsultthedocumentation
of theCUPID program.

The secondline saysthat five stimuluslevels shouldbe used. (Thesestimuluslevels will be placedat default
locations;further informationon the settingof stimuluslevels is given in section12.) The third line saysthat the
experimentshouldinclude60 trials at eachstimuluslevel, andthe fourth saysthat theprogramshouldgenerate300
simulateddatasets.

10 Running PMETGEN

PMETGENis invokedfrom thecommandline with a statementincludingoneor two parameters,asshown here:

C> pmetgen foo
C> pmetgen foo bar
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If oneparameter(“foo”) is specified,PMETGENreadscontrolparametersfrom thefile “foo.GEN”, andwrites
its outputto thefile “foo.DAT”.

For advancedusersonly: if two parameters(“foo” and“bar”) arespecifiedon thecommandline wheninvoking
PMETGEN,the programreadscontrol parametersfrom the file “foo.GEN”. In addition, however, it skips to the
location“bar” in the control file (asdescribedin section12). The purposeof this is to allow a singleGEN file to
controldatagenerationfor a numberof slightly differentexamples.Thedifferentoptionsarelistedfirst in theGEN
file, andat the endof eachoption you includea statementlike “GOTO COMMON”. Then, you list the common
parametersafterthelabelcommon.

11 PMETGEN Output

The main outputof PMETGENis a datafile that canbe readandanalyzedby PMETRIC (just asif the datacame
from actualexperimentsratherthansimulatedones).It containsonedatasetpersimulatedexperiment(but in some
typesof researchit maymakesenseto regardthedatasetsascomingfrom differentindividualsubjectswithin asingle
experiment).

A secondaryoutputfile hasthesamenamebut theextension.PRM.This file containsa list of thestimulusvalues
testedandsomeself-explanatorysummariesof thetrueparametersof theunderlyingdistribution.

12 PMETGEN Options

Individual optionsfor controlling the behavior of PMETGENare listed below, approximatelyin order from most
frequentlyusedto leastfrequentlyused.All optionsarespecifiedby includingoneor morelines in the control file,
usingthe sameformatsasthoseof thePMETRICcontrol files. Thecontrol files for PMETGENhave the extension
GEN (RSPwasnot usedagainto avoid conflict with theRSPfiles usedto analyzethegenerateddata).In additionto
theoptionslistedin thissection,furtheroptionscommonto PMETRICandPMETGENarelistedin section13.

12.1 Distrib ution

As illustratedin thefile “GENEX1.GEN”, thisoptionis followedby thenameof theunderlyingprobabilitydistribution
to beusedin generatingthedata.Thecompletesetof probabilitydistributionsthatcanbespecifiedfor generatingdata
is thesameasthatwhich canbeusedfor probit analysiswithin PMETRIC.For example,any of thefollowing would
bea legal specificationsof thetrueunderlyingfunction: Logistic(0,1), Uniform(0,1), Gamma(5,0.01),
Exponential(1.2).

12.2 NStimLevels,NTrialsPerLevel, and NCases

Theseoptionsareusedto setthedesirednumberof stimuluslevels,numberof experimentaltrials perstimuluslevel,
andnumberof simulateddatasetsto generate,respectively.

12.3 Setting the Stimulus Levels

Oncethenumberof stimuluslevelsis determined,it is necessaryto indicatewhatstimuluslevelsareto beused.There
arethreeoptionsfor doingthis,whichwill bereferredto asthree“versions.” Thedefaultis versionB.

Version A With thisversion,PMETGENcomputesstimulusvaluesthatareequallyspacedin theprobabilitydomain.
Hereis anexample:

Distribution Normal(0.5,0.25)
NStimLevels 5
Version A
StepsToExtreme 1

With thissetof commands,thestimulusvaluesaresetasfollows:
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1. Compute5 equally-spacedprobabilityvalues,ò9ó —i.e.,0.1,0.3,0.5,0.7,and0.9.

2. Computeô ó suchthateachô ó hasthedesiredcumulativeprobability ò ó within theindicateddistribution.

3. Usingtheindicatedvalueof StepsToExtreme,õ , computethelowerbound ô�ö�÷èô9ø�ùúõ�ûqü�ô�ýþùãô9ø!ÿ and
theupperbound ô��á÷]ô�� � õAûãü;ô��
ù�ô��Iÿ . Thefinal setof stimulusvaluesandboundsis

Stimulus Value Probability
0 -0.010 0.000
1 0.180 0.100
2 0.369 0.300
3 0.500 0.500
4 0.631 0.700
5 0.820 0.900
6 1.010 1.000

Version B With thisversion,theuserspecifiesthepercentilesof theupperandlowerstimulusvalues,andPMETGEN
computesintermediatevaluesthatareequallyspacedin thestimulusdomain.Hereis anexample:

Distribution Normal(0.5,0.25)
NStimLevels 5
Version B
HiPctile 0.95
LowPctile 0.05
StepsToExtreme 1

With thissetof commands,thestimulusvaluesaresetasfollows:

1. Computethe loweststimulusvalue ô ø to be the valueat the 5th percentileof the indicateddistribution
and the higheststimulusvalue ô � to be the valueat the 95th percentile. This yields ô ø ÷��	�
����
 andô � ÷��	�

���� .

2. Computea stepsize, � , suchthatthis rangeis coveredwith five stimuli: �¼÷ ö�� ��ø�ø���ö�� ö�������9ø ÷���� ����� .
3. Computeô*ó�÷ ô9ø � ü��Kù ��ÿ
û!� for �2÷"�	#$�%�$��#'& .
4. Usingtheindicatedvalueof StepsToExtreme,õ , computethelowerboundô�ö�÷èô9ø*ù-õaû(� andtheupper

bound ô��á÷]ô�� � õAû)� . Thefinal setof stimulusvaluesandboundsis

Stimulus Value Probability
0 -0.117 0.000
1 0.089 0.050
2 0.294 0.205
3 0.500 0.500
4 0.706 0.795
5 0.911 0.950
6 1.117 1.000

Version C With this version,the userspecifieseachstimulusvalueandboth lower andupperboundsindividually.
For example:

Distribution Normal(0.5,0.25)
NStimLevels 5
Version C
-20 -1 -0.5 0 0.5 1 20

Thisindicatesthatthefivestimulusvaluesareatexactlythespecifiedvaluesof -1, -0.5,0,0.5,and1. Surrounding
thesevaluesarethelowerandupperboundsof -20 and20. Thus,thefinal setof stimulusvaluesandboundsis
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Stimulus Value Probability
0 -20.0 0.0
1 -1.0 0.0
2 -0.5 0.00003
3 0.0 0.0223
4 0.5 0.5
5 1.0 0.977
6 20.0 1.0

12.4 Output Files of ParameterValues

PMETGENcanwrite out the trueparametervaluescorrespondingto the simulateddistribution (e.g., true mean)in
eitherof two formats. Oneformat is written to a file with the extension.PRM,andthis oneis similar to the format
of theparametersestimatedby PMETRIC.Theotherformatis written to a file with theextension.PR2;thesearethe
samevalues,but in a formatthatis moreeasilymachine-readable.Theusercancontrolwhethereither, neither, or both
of thesefiles is writtenby specifyingany combinationof thefollowing parametersin thecontrolfile:

WantPRM * Do write the PRM file
WantPR2 * Do write the PR2 file
NoPRM * Do not write the PRM file
NoPR2 * Do not write the PR2 file

By default,thePRMfile is writtenandthePR2file is not.

12.5 NoRandomTrials

This option tells PMETGENto generatedatain accordwith the exact probabilitiesassociatedwith eachstimulus
value. In this case,thenumbersof responsesat eachstimulusvaluearenot generatedrandomlybut aresetto match
theexpectedfrequenciesascloselyaspossible(giventheconstraintto generatewholenumbers).Thisoptionis useful
in evaluatingthepurelackof fit of amodel(e.g.,how badlydoesa normal-basedprobit analysisfit datageneratedby
a gammaunderlyingdistribution)withoutcontaminationby randomvariation.

13 Other Control Options Common to PMETRIC and PMETGEN

A numberof program-controloptionsarecommonto bothPMETRICandPMETGEN.

13.1 CommonCs

Includethisoptionto indicatethatthe *,+ valuesarethesamefor all casesandare (with PMETRIC)or shouldbe(with
PMETGEN)listedonly on thefirst line of thedatafile. For example:

CommonCs * All data sets use same stimulus values / doses.

13.2 Forced-ChoiceTasks

By default, the analysisis carriedout (PMETRIC) or the dataaregenerated(PMETGEN)assumingthat responses
comefrom a Yes/Notask.Theprogramscanalsoanalyzeandgeneratedatafrom anm-alternative forcedchoicetask,
however. To indicatethatsucha taskis to beanalyzedor simulated,includea parameterlike

mAFC 3 * data from 3-alternative forced choice task.

With 2.. .9 alternatives,you mayabbreviatethisas2AFC,3AFC,4AFC, . . . , 9AFC.
Note for PMETRIC:A complicationthat canarisein the analysisof m-AFC tasksis thatobservedperformance

canbe worsethanchanceat a certainstimuluslevel if performanceis actuallynearchanceat that level and if the
binomial variability producesa less-than-expectednumberof responses.Whenestimatedprobabilitiesarecorrected
for guessing,then,it is possiblefor anestimatedprobability to benegative. PMETRICchecksfor this complication
andcorrectsany negativeestimatedprobabilitiesto valuesof zero.



13 OTHER CONTROL OPTIONSCOMMON TO PMETRICAND PMETGEN 16

13.3 OutFile

Usethisoptionto setthenameof theoutputfile. For example:

OutFile MyFile * Output will be written to MyFile.*

Theoutputfilesof PMETRICgettheextensionsOUT andMTB, andtheoutputfilesof PMETGENgettheextensions
DAT, PRM,andPR2.By default,theoutputfile nameis thesameastheinput file name,with theappropriatechanges
of extension.

13.4 FieldWidth and DecPlace

Thesetwo separateoptionsareusedto controltheformatin which numericalvaluesarewrittenout. For example:

FieldWidth 14 * Allow 14 spaces for each number.

Decplace 8 * Give 8 decimal places for each number.

Thedefaultsare8 and2, respectively. In PMETGEN,thisoptionappliesonly to thestimuluslevels,becausetheactual
generateddataareintegers.In PMETRIC,it appliesto all computedestimates.

13.5 Controlling the Seedof the RandomNumber Generator

Both programsusea randomnumbergenerator—PMETGENfor generatingsimulateddataandPMETRICfor doing
bootstrapiterations.Threeoptionsareprovidedfor controllingtheseedof therandomnumbergenerator:

SEED SAVE START filename

savesthe randomnumberseedinto thespecifiedfile. Saving is doneat the beginning of theprogram,andit canbe
retrievedin anotherprogramrun so thatthesubsequentrun canbecarriedout with theidenticalsequenceof random
numbers,if desired.

SEED SAVE END filename

alsosavestherandomnumberseedinto thespecifiedfile. With this option,however, saving is doneat theendof the
program. If the seedis thenretrieved in anotherprogramrun, the subsequentrun will be carriedout startingfrom
the endingpoint of the previous sequenceof randomnumbers,eliminatingthe possibility of overlap in the random
sequences.

SEED START filename

causestheprogramto startby readingtheseedfrom theindicatedfile (whichshouldpreviouslyhavebeenwrittenwith
theSEEDSAVE START or SEEDSAVE END optionalreadydescribed).

13.6 Controlling the Accuracy of Numerical Integration and Inversion

In many caseswhereexplicit formulas have not beenprogrammedin, PMETRIC computesvaluesby numerical
integration.Thespeedandaccuracy of thisiterativeprocedurearecontrolledby aparametercalledIntegralPrecision,
which maybesetwith a commandlike

IntegralPrecision 0.00001

Thedefaultis 1.0e-7.
Simiarly, whenPMETRICmustfind theinverseof a CDF for a distributionwith no explicit InverseCDFfunction

built in, it usesa numericalsearchalgorithmto find thedesired- valuecorrespondingto thespecified. . You may
controltheaccuracy requiredfor thesearchto stopwith thecommands

InversePrecisionP 0.00001

and

InversePrecisionX 0.00001

(the defaultsare 1.0e-7). Thesecontrol the precisionwith which the desiredP valueandthe valueof the random
variableX mustbeknown whenfinding theinverseof theCDF.
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13.7 Comment Character

Thecommentcharacter(asterisk,by default),canbechangedto any ASCII character. For example:

COMMENT ! * Change takes place starting with next line.

wouldchangethecommentcharacterto anexclamationpoint.

13.8 Flow of Control

PMETRIC andPMETGENnormalreadtheir control parametersline by line throughthe RSPandGEN files. Two
commandswill alter this behavior, andtheseareusefulin preparinga singlecontrolfile to carryout severaldifferent
analysesor simulationsin differentruns.

END If this commandis encountered,processingof theinputcontrolfile stops.

GOTO label If thiscommandis encountered,processingof theinputcontrolfile skipsto aline onwhichtheindicated
labelappears,andcontinueson from thenext line following that.

Asanexample,onemightpreparethefollowingfile “TwoDists.RSP” togeneratesimulateddatafrom bothanormal
anda uniformdistribution:

normal
Distribution Normal(0,1)
goto common
uniform
Distribution Uniform(-1,1)
goto common

common
NStimLevels 5
NTrialsPerLevel 60
NCases 300

PMETGENcouldbeinvokedwith theoptionalsecondparameternormal to usethenormaldistributionanduniform
to usetheuniform distribution,with all otherdatagenerationoptionsin common.

14 Available Distrib utions

14.1 Continuous Distrib utions

Herearetheprimitivecontinuousdistributionsthathave beenat leastpartially implementedsofar:

Beta(/10�2 ) TheBetadistributionis definedover theinterval from zeroto one,andits shapeis determinedby its two
parameters/ and 2 . Its PDFis354�6�798 :;94 /10�2 7 6	<>=5?%4 :,@ 6�7BAC=D? 0FEHG 6 G�:
Themeanis /JI 4 /LKM2 7 , andthevarianceis /J2 4 / KM2 7 =ON 4 /LKM2PKP: 7 =5? .

Cauchy( QR0TS ) This distribution is definedin termsof locationandscaleparametersQ and SVUFE , respectively. Its
PDFis 354�6�7,8 :W SMXB:9K�Y5Z =\[]_^ N�`

ChiSquare(df) This is ageneralizationof thedistributionof thesumof a 3 independentsquaredstandardnormals.Its
parameteris a 3 — a positiverealnumber.
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Chi(df) This is thedistribution of thepositive squareroot of a ChiSquarerandomvariable. Its parameteris bBc — a
positiverealnumber.

Cosine For dfePghe i(j�k , cDlmg\nCoPp�q�r%lmg\n and stlmg\n>o"r'uwvDl�g�n .
ExGaussian(x9yTz{yT| ) This is the distribution of the sumof independentNormal andExponentialrandomvariables.

Its parametersarethe x and z of theNormal,andtherate | of theExponential.

ExGaussRat(x9y�z�y�} ) Thisis justareparametrizationof theExGaussian.Its parametersarethe x and z of theNormal,
andtheratio, } , of themeanof theexponentialto thesigmaof thenormal.

Exponential( | ) Thisdistributionis well-known. By default,theparameteris therate | ; themeanis ~%j�| .
ExpSum(}�~�y�}�k ) This is thesum(convolution) of two exponentialswith different rates.Thetwo parametersarethe

two rates,which mustbedifferentenoughto avoid numericalerrors.For theconvolution of exponentialswith
thesamerates,of course,youshouldusetheGamma.

ExpSumT( }�~�y�}�k ,Cutoff) This is thesum(convolution) of two exponentialswith different ratestruncatedat a given
cutoff value. The first two parametersare the two rates,which mustbe differentenoughto avoid numerical
errors;thethird parameteris theuppertruncationpoint. For theconvolutionof exponentialswith thesamerates,
of course,youshouldusetheGamma.

ExpoNo(x9y�z ) I just inventedthis asan ad-hocsolutionfor a problemI wasworking on onetime, so I don’t know
whetherit will ever be usefulagain. And I certainlydon’t know whetherI gave it a reasonablename. In any
case,it is a transformationof a normalrandomvariable� . Specifically, it is thedistributionof� o ���~9� � �
where� hasanormaldistributionwith meanx andstandarddeviation z . Thetwoparametersof thisdistribution
arethe x and z of theunderlyingnormal � .

Extr emeVal( ��y�� ) Extreme-valueTypeI distribution(a.k.a.Fisher-Tippettdistribution,Gumbeldistribution,sometimes
alsocalledthedoubleexponentialdistribution, to beconfusedwith theLaplacedistribution), with parameters�
and ���Pd . TheCDF is s�l�g�n�o���������� ���D�����������'���

ExWald( x9y�z�y��\y�| ) This is the distribution of the sum of two independentrandomvariables: one from a three-
parameterWalddistributionwith parameters( x9yTz�y�� ); andonefrom anexponentialdistributionwith rate | .

F(dfNumer,dfDenom) This is Fisher’s distributionof theratio of two independentnormedChi-squaredistributions,
ascommonlyusedin linearmodels(e.g.,analysisof variance).Thetwo integerparametersarethedegreesof
freedomof thenumeratoranddenominator, respectively.

Gamma( ¡y�| ) This is thedistributionof thesumof   exponentials,eachwith rate | . In thisdistribution,   mustbe
a positiveinteger. In theRNGammadistribution(seebelow),   is any positivereal.

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

GenErr(Mu,Scale,Shape)This is thegeneralerrordistribution(e.g.,Evans,Hasting,& Peacock,1993,p. 57) with
PDF c5l�g�n�o ����� � �f¢ gH� Mu ¢ShapejRlmk(£ Scalen �

Scale¤ ��¥ £$k l ¤'¦5¤ � Shapen £%§Cl'~9�"~%j Shapen
Thisversionusestheshapeparameterdenoted� by Evansetal. NotethattheLaplaceandnormaldistributions
arespecialcasesof this distributionwith Shapeequal1 and2, respectively.
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HypTan(Scale) This is theHyperbolicTangentdistribution,whosePDFandCDFare4¨5©�ª�«­¬ ®°¯�±² ³�´�µ·¶M³�¸�´�µ�¹�º» ©mª\«¼¬ ³ ´�µf½ ³ ¸\´�µ³�´�µ(¶L³�¸\´�µ
where± is thescaleparameter. Thisdistributionarisesasa modelof psychometricfunctions(e.g.,Strasburger,
2001).

InverseGaussian SeetheWalddistribution.

Laplace(¾R¿�À ) Also known as the doubleexponential. In termsof location andscaleparameters,¾ and ÀÂÁ�Ã ,
respectively, thePDFis ¨5©�ª�«9¬ ÄÅ À ³ ¸5Æ µ�¸�Ç�Æ È�É

Logistic( Ê9¿ ± ) Thisdistribution is definedin termsof a locationparameterÊ andascaleparameter± . Thecumulative
form of thedistributionis » ©mª\«>¬ ÄÄ ¶L³{Ë�Ì Í�Ë�Î%ÏÐ

LogNormal( Ê9¿�Ñ ) This is thedistributionof Ò suchthat ÓwÔ © Ò « is normallydistributed.Theparametersarethe Ê andÑ of thenormal.

Naka-Rushton(Scale)This is thedistributionof ÒÖÕ�Ã suchthat¨5©�ª�«­¬ Å ¯ ª ¯�× º© Ä ¶ © ×Ø¯ ª\« º « º» ©mª\«¼¬ © ×)¯ ª�« ºÄ ¶ © ×)¯ ª�« º
where × is thescaleparameter.5 In theactualdistribution, momentsabove thefirst do notexist; they do exist in
PMETRIC’s truncatedversionof thedistribution,however.

NoncentralF(dfNumer,dfDenom,Noncentrality) This is thedistributionof theratio of independentnoncentraland
centralchi-squares,with the formerin thenumerator. It is mostoftenusedin thecomputationof power of the»

test.Thenoncentralityparameteris definedin termsof thedfNumernormalrandomvariableswhosesumof
squaresis yieldsthechi-squarein thenumerator. Specifically,ÙÚ¬ dfNumerÛ ÜÞÝ5ß à ºÜ
where

à Ü
is theexpectedvalueof the á th randomvariablecontributingto thissumof squares.

Normal( Ê9¿�Ñ ) I’ll betyou know thisonealready. Parametersare Ê and Ñ , not Ñ º .
Pareto1(K,A) This is aParetodistributionof thefirst kind, asdefinedby Johnson,Kotz,andBalakrishnan(1994,vol

1, p 574),with PDFandCDF ¨D©mª\«â¬ ã ¯�ä¡åæ¯ ª ¸Dç åDè ß'é» ©�ª�«¼¬ Ä ½ëê ä ã�ì å
where ä ÁPÃ , ã ÁPÃ , and

ª Á ä .

4I thankRolf Ulrich for supplyingthese.
5I thankRolf Ulrich for supplyingthePDF.
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Quantal(Thr eshold) Thisdistributionis relatedto thePoisson.This is thedistributionof íïîPð suchthatñtòmó\ô>õ÷ö,ø�ù>úDûü ý�þ�ÿ ó ý����� ú��
This distribution arisesasa modelof psychometricfunctionsin visual psychophysics(e.g.,Gescheider, 1997,
p. 85). The thresholdparameter, � , representsanobserver’s fixed thresholdfor thenumberof quantaof light
that must be detectedbeforesaying“Yes, I saw the stimulus.” Quantaare assumedto be emittedfrom the
stimulusaccordingto a Poissondistributionwith parameter

ó
. Then,

ñtòmó\ô
is thepsychometricfunctionfor the

probabilityof saying“Yes”asafunctionof themeannumberof quanta,
ó
, emittedby thestimulus.Notethatit

makesno realsenseto think of
ó

asa randomvariablein thisexample,but theprobabilitydistribution provides
a usefulmodelanyway.

Quick(Scale,Shape)This is thedistributionof íïîPð with PDFandCDF6� ò�ó�ô õ 	 ú ò�
�\ô�
���� ������ ��������� ò 	 ôóñtòmó\ô¼õ ö,ø 	 ú ò 
��ô�

where� is thescaleparameterand

�
is theshapeparameter. Thisdistributionarisesasamodelof psychometric

functions(e.g.,Quick,1974;Strasburger, 2001).

Rayleigh( ) If ! û and !�" are independentnormal randomvariableswith mean0 and standarddeviation  , thení õ$# ! "û&% ! "" hasa Rayleighdistributionwith scaleparameter . ThePDFis� ò�ó�ô9õ � ú��('�)�* "�+ '�, ó "
RNGamma(-/.1032 ) See“Gamma”. In this version,theshapeparameter-/. is a realnumberratherthananinteger.

rPearson(SampleSize)Thisis thesamplingdistributionof Pearson’s 4 (correlationcoefficient)underthenull hypothesis
thatthetruecorrelationis zero(andassumingtheusualbivariatenormality). Theparameteris SampleSize, the
numberof pairsof observationsacrosswhich thecorrelationis computed.

t(df) Student’s
�
-distribution, with parameter5 � .

Triangular( 670�� ) In this distribution thedensityfunctionhastheshapeof anequilateraltriangleacrosssomerange.
Theparametersarethebottom( 6 ) andthetop of therange( � ). ThePDFis then:� òmó\ôCõ98 ò�ó ø 6 ô;:=</> if 6$? ó ?A@CB ù"ò � øLó\ôD:1< > if @CB ù" ? ó ?E�
where

</>
is theheightof thePDFat its peak,adjustedto sothatthetotalareaof thetriangleis 1.0.

TriangularG( 6703FG0�� ) In this (more generaltriangular)distribution, the density function has the shapeof a not-
necessarily-equilateraltriangleacrosssomerange.Theparametersarethebottomof therange( 6 ), thepoint at
which thetrianglereachesits maximum( F ), andthetop of therange( � ). ThePDFis then:� ò�ó�ô9õAH *I��ú @ ,�JLKCMN ú @ if 6$? ó ?OF* ù�ú��(,�JLK Mù>ú N if FP? ó ?Q�
where

< >
is theheightof thePDFat its peak,adjustedto sothatthetotalareaof thetriangleis 1.0.

Uniform( 6R0�� ) This is thedistribution in which all valuesareequallylikely within somerange.Theparametersare
thebottomandthetop of therange,6 and � .

6I thankRolf Ulrich for supplyingthese.
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UniGap( S ) This is an equal-probabilitymixture of two uniform distributions,oneextendingfrom TGS to 0 andthe
otherextendingfrom S to U&VWS . It is “model 4” of Sternberg andKnoll (1973). The medianis somewhat
arbitrarilydefinedas SGXYU .

Wald( Z\[^] ) This distribution arisesin problemsinvolving thefirst passagetime with Brownianmotionandpositive
linear drift. As definedby Johnson,Kotz, andBalakrishnan(1994, Volume 1), the standardtwo-parameter
inverseGaussianhasthePDF: _a`cbedgfih ]UYj blknm�o�p3q�r�sntvu T ]U�Z q b

`cb TwZ d qyx
whereZ{z}| , ]1zO| , and

b�~ | . Z is themeanand Z k XW] is thevariance.

Wald3(Z\[3��[^� ) This is a three-parameterversionof the Wald distribution. Specifically, assumea one-dimensional
Wienerdiffusionprocessstartingat position0 at time 0 anddrifting with averagerate Z andvariance� q , and
consider� to bethefirst passagetime throughposition � . ThePDFof � is_�`�b�d\f ���� UYj b k V r�snt�� T

` �/T�Z b�d qUW� q b �
whereall threeparametersand

b
mustbepositive.

Weibull(Scale,Power,Origin) As definedby Johnson& Kotz (1970,p. 250): “X hasa Weibull distribution if there
arevaluesof theparameters� ` zO| d , � ` z}| d , and �Y� suchthat� f h ` ��T��Y� d� m��
hastheexponentialdistributionwith rate= 1”. Here,theparameters� , � , and � � arereferredto asthe“scale,”
“power,” and“origin” parameters,respectively.

TheCDFof theWeibull is therefore � `cbed�f$� T r�snt ` T�� `cb T��Y� d XY����� d
Computationsareincreasinglyinaccuratefor powerslessthanabout0.9,however.

14.2 DiscreteDistrib utions

Herearetheprimitivediscretedistributionsthathave beenat leastpartially implementedsofar:

Binomial( �1[c� ) Thedistribution of the numberof successesin � Bernoulli trials, with probability � of successon
eachtrial.

Constant(C) Thisis adegeneratedistributionthatalwaystakesonthesamevalue.Its parameteris thatvalue.Perhaps
surprisingly, it canbeconvenientto havethisdistributionavailable.Warning: For technicalreasons,theconstant
distributiondoesnotwork well in many of thederiveddistributionsdiscussedin thenext section.Thus,it should
beavoidedwhenever possible.For example,you shouldalwaysuse:

LinearTrans(Gamma(2,.01),1,100)

ratherthantheequivalent

Convolution(Gamma(2,.01),Constant(100))

Geometric(� ) Thedistribution of the trial numberof the first successin a sequenceof Bernoulli trials, where � is
theprobabilityof successon eachtry.
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List(filename) This randomvariableallows you to defineany discretesetof X values,eachwith its own arbitrary
probability. Thecommand

List(FileName)

tells PMETRICto readthedistribution from the indicatedfile. Thefirst line in thefile containsthenumberof
X valuesin thedistribution. After that, thereshouldbeoneline for eachX value,with thefirst numberon the
line beingthe X valueitself andthe secondnumberbeingtheprobability of thatX value. Thesevaluesneed
not be sorted,andin fact thesameX valuecanappearon several differentlines, in which casetheassociated
probabilitieswill be summed. (If X’s do appearon more thanone line, then the first line in the file should
actuallycontainthenumberof X-containinglinesratherthanthenumberof distinctX’s.)

Poisson(� ) � hasa Poissondistributionwith parameter� if����� � �¢¡�£\�¥¤§¦©¨ �«ª¡a¬®­ ¡7�°¯ ­�±Y­3²�­�³�³�³�­ �°´E¯
Themeanandvariancebothequal � .

UniformInt(Low ,High) This is thedistributionof equallylikely integervaluesbetweenthe two integerparameters,
Low andHigh, inclusive.

14.3 Transformation Distrib utions

PMETRICcanform a new randomvariable( µ ) by takingamathematicaltransformationof anexisting one( � ). The
following tablelists thetransformationsrecognizedby PMETRIC,illustratingthesyntaxfor each.Also listedarethe
constraintson thevaluesof � .

Transformation Exampleof Syntax ConstraintsonValuesof �
ArcSin

� µ¶�$· �c¸�� �7¹ ² £�£�£ ArcSinT(Uniform(.5,1))
Exponential

� µ¶� ¤�º £ ExpTrans(Uniform(.5,1)) � not too far from 0.
Inverse

� µ¶� ± ¹���£ InverseTrans(Uniform(.5,1)) � not toocloseto 0.
Linear

� µ¶�Q»¶¼��¾½Q¿�£ LinearTrans(Uniform(.5,1),2,10)
NaturalLog

� µ¶�OÀÂÁ�Ã ��ÄÅ£ LnTrans(Uniform(0.5,1)) �Æ´O¯
Power

� µ¶�Ç�ÉÈ�£ PowerTrans(Uniform(.5,1),2) �Æ´O¯
where

¸���Ê £ is theprobabilitythata standardnormalrandomvariableis lessthan
Ê

.

14.4 Derived Distrib utions

PMETRICalsoknows aboutvarioussortsof distributionsthatcanbederivedfrom oneor moreprimitive or “basis”
distributions. In mostcases,PMETRICcancomputemoments,PDF’s,CDF’s, randomnumbers,etc, for thederived
distributionjustasit canfor theprimitivedistributionsdefinedabove.

Convolution(RV1,RV2) Thisis thedistributionof asumof independentrandomvariables,RV1 andRV2, whereRV1
andRV2 areeachlegaldistributionsin their own right. For example,

Convolution(Normal(0,1),Uniform(0,1))

specifiestheconvolutionof thesenormalanduniform distributions,and

Convolution(Normal(0,1),Uniform(0,1),Gamma(3,0.01))

specifiestheconvolutionof thethreeindicateddistributions.

In general,to definea convolution, theusertypessomethingof theform:

Convolution(BasisDist1(Parms),...,BasisDistK(Parms))
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whereParms standsfor theparametersassociatedwith eachof thedistributions.Thereare Ë randomvariables
summedtogether, andthedistributionsof thesesummedvariablesaresimply listed,separatedby commas.

PMETRICis notverysmartaboutconvolutions.At thispoint, it only knowshow to computemeans,variances,
andrandomnumbersin anintelligentway. Everythingelseis computedusing(recursive)numericalintegration,
which tendsto be pretty slow. Also, PMETRIC doesnot “realize” that someconvolutions result in a new
distribution aboutwhich it alreadyknows (e.g.,convolution of two normalsis normal). Thus,computations
involvingtheseconvolutionsproceedvianumericalintegrationeventhoughdirectcomputationwouldbepossible.

Thecurrentversioncanhandleconvolutionswhereall distributionsarediscrete,all arecontinuous,or someare
is discreteandsomecontinuous,but it cannothandleconvolutionsin which oneor moredistributionsaremixed
(i.e.,partlydiscreteandpartlycontinuous).

I would be very happyfor suggestionson how to augmentPMETRIC’s handlingof convolutions,especially
thoseaccompaniedby Pascalcode.

ConvolutionIID(N,R V) This is just an easierway to specifya convolution whenall N summedrandomvariables
have thesamedistribution, RV.

ConvolutionIID(3,Uniform(0,1))

is thesameas

Convolution(Uniform(0,1),Uniform(0,1),Uniform(0,1))

Differ ence(RV1,RV2) This is the distribution of the differenceof two independentrandomvariables,RV1 minus
RV2, whereRV1 andRV2 areeachlegaldistributionsin their own right. For example,

Difference(Uniform(0,1),Uniform(0,1))

specifiesa differencebetweentwo standarduniform distributions,which rangesfrom -1 to 1 (not uniformly).
PMETRIChandlesdifferencedistributionsdumbly, like convolutions.Thecurrentversioncanhandledifferences
wherebothdistributionsarediscrete,botharecontinuous,or oneis discreteandonecontinuous,but it cannot
handledifferencesin which oneor bothdistributionsaremixed(i.e.,partlydiscreteandpartlycontinuous).

Mixtur e(p1,RV1,p2,RV2,.. . ,pk,RVk) Mixturesaredistributionsformedby randomlyselectingoneof a numberof
randomvariables.For example,Mixture(0.5,Normal(0,1),0.5,Uniform(0,1))definesarandom
variablethatcomesfrom a standardnormalhalf the time anda standarduniform theotherhalf of thetime. In
general,theformatof thisdistributionis:

Mixture(Ì�Í ,BasisDist1(Parms), Ì�Î ,BasisDist1(Parms),..., Ì�Ï ,BasisDistK(Parms))
andthe Ì�Ð ’smustsumto one(it is alsolegal to omit Ì�Ï ).

InfMix(R V1,MixParm,RV2(Parms)) The InfMix distribution is an infinite mixture, formedwhena parameterof
onedistributionis itself randomlydistributedaccordingto anotherdistribution. For example,

InfMix(Normal(0,5),1,Uniform(10,20))

definesa randomvariablethatcomesfrom a normaldistributionwith standarddeviation 5. Thefirst parameter
of thatdistribution (assignifiedby the “1” betweenthetwo distributionnames)followsa uniform distribution
from 10 to 20. As anotherexample,InfMix(Normal(0,5),2,Uniform(10,20)) definesa random
variablethatcomesfrom a normaldistributionwith meanzeroandstandarddeviation varyinguniformly from
10 to 20. In general,theformatof thisdistributionis:

InfMix(ParentDist(Parms),MixParm,ParmDist(Parms))
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whereParentDistis a distribution,MixParmis anintegerindicatingwhetherthefirst, second,. . . , parameterof
theParentDistvariesrandomly, andParmDistis thedistribution of thatparameter.

InfMix maybeusedrecursively. For example,

InfMix(InfMix(Normal(0,5),1,Uniform(0,2)),2,Uniform(4,6))

definesa normaldistribution in which themeanis uniform(0,2)andthestandarddeviation is uniform(4,6).

Limitations: (1) At present,computationsof theupperandlower boundsof InfMix distributionsassumethat
thelargestandsmallestvaluesof the randomvariableareobtainedwhentheunderlyingParmDistis at its two
extremes. (2) Extremecautionis neededwith thesedistributionsbecauseproblemsoften arisein numerical
integration. I have found it helpful to increasethe IntegralMinStepsto 10, which wasenoughin mostof the
casesI’ ve lookedat,but youmayneedto adjustthisup (for precision)or down (for speed)in yourcases.

Truncated(RV,Min,Max) A truncateddistributionis a conditionaldistribution,conditioningon therandomvariable
RV falling within theinterval from Min to Max. For example,Truncated(Normal(0,1),-1,1) definesa
randomvariablethatis alwaysbetween-1 and1, andwhichwithin thatintervalhasrelativeprobabilitiesdefined
by thePDFof thestandardnormal.In general,theformatof this distribution is:

Truncated(BasisDistribution(Parms),Min,Max)

It is sometimesconvenient to specify the truncationboundariesin terms the probabilitiesyou want to cut
off ratherthan the scoresthemselves. For example,you might want to look at the middle 90% of a normal
distributionbut mightnot immediatelyknow which scorescutoff thetopandbottom5%. For this reason,there
is a variantof thecommandthattakesprobabilitiesinsteadof valuesfor min andmax,like this:

TruncatedP(BasisDistribution(Parms),0.05,0.95)

With TruncatedP, PMETRICwill useits InverseCDFfunctionto find thescorevaluesthatcorrespondto the
cumulativeprobabilitiesthatyouspecify, andthentruncateat thosescorevalues.

Bounded(RV,Min,Max) I do not knowif this is a standard typeof distribution or not, and would appreciateany
commentson it from thosein the know. A boundeddistribution is similar to a truncateddistribution in that
the randomvariablemustfall within the rangeof Min to Max. The differenceis thatall valueslessthanMin
areconvertedto Min, andall valueslessthanMax areconvertedto Max. Thus,therearediscretemassesof
probabilityat Min andMax, andtheprobabilitydensityfunctionbetweenMin andMax is notconditionalized.

For example,considerthedistributionBounded(Normal(0,1),-1,1). This is really a mixtureof 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, andalso the probability that it is
greaterthan1. Boundingthedistribution thusmeanstakingall of theprobabilitydensityhigherthantheupper
valueandmassingit at thatvalue.

As with thetruncateddistribution,thereis a form of theBoundeddistributionbasedon probabilities,asin:

BoundedP(Normal(0,1),0.1,0.9)

.

Order( Ñ ,RV1,RV2,RV2,.. . ,RVn) Thedistributionof thisorderstatisticis thedistributionof the Ñ ’ th largestobservation
in a sampleof Ò independentobservationsfrom the Ò indicatedrandomvariables.For example,
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Order(2,Normal(0,1),Uniform(0,1),Exponential(1))

definesa randomvariablethat is themedian(2nd largest)in a samplecontainingonescorefrom thestandard
normal,onefrom theuniform from 0–1,andonefrom theexponentialwith rate1. In general,theformatof this
distributionis:

Order( Ó ,BasisDist1(Parms),...,BasisDistN(Parms))
In the specialcasewherethe basisdistributions are all identical, it is more convenientto usethe OrderIID
distribution, describednext.

OrderIID( Ó�Ô3Õ ,RV) This is thespecialcaseof theorderdistribution in which thebasisdistributionsareidenticalas
well asindependent.In general,theformatof thisdistributionis:

OrderIID( Ó , Ö ,BasisDist(Parms))
It is only necessaryto specifythe basisdistribution once,sinceall areidentical; instead,you have to specify
how many thereare( Ö ).

OrdExp( ×�Ô3Õ�Ô^Ø ) This is thespecialcaseof OrderIID in which thebasisdistributionis anexponentialwith rate Ø , and
you wantthe × ’ th orderstatisticin a sampleof Õ ( Ù�Ú¢×gÚ¢Õ ). For this casetherearenicefastclosedformsfor
themeanandvariancethatweregivento meby Rolf Ulrich, Dept.of Psychology, Univ. of Wuppertal,Germany.

OrdBinary(i,n1,RV1,n2,RV2) This is anorderdistributionwith two typesof underlyingRVs. For example,

OrdBinary(2,5,Normal(0,1),7,Uniform(0,1))

specifiesthe distribution of the secondorderstatisticin samplesof 12 madeup of five standardnormalsand
sevenstandarduniforms.

MinBound(RV1,RV2) Considertwo arbitraryrandomvariablesÛ and Ü , which may or may not be independent,
andlet ÝÇÞOß�à�á�âãÛ�Ô�Üvä . TheCDFsof thesethreerandomvariablesmustobey theinequalityåaæ âÂç^äèÚ å�é âÂç^ä�ê å�ë âÂç^ä for all ç
because å æ âìç^ä\í å é âìç^äaê å ë âìç^ä�îðïòñ�âãÛóÚôç^õ«ÜAÚ�ç^ä
Thus,for any two basisRVs Û and Ü , we canconstructtherandomvariable Ý which is a lower boundon the
distributionof ß&àÂá�âãÛ�Ô�Üvä : å�æ âìç^ä\í9ö å é âÂç^ä�ê å ë âÂç^ä if

å é âìç^ä�ê å ë âÂç^äD÷PÙÙ if
å é âìç^ä�ê å ë âÂç^äDøPÙ

MinBoundimplementsthis lowerbounddistribution for any two arbitraryrandomvariablesÛ and Ü .

Becausedistributionsareconstructedrecursively, it is legal within PMETRICto constructweird distributionsby
any combinationof theabove. For example,thiswouldbelegal:

Truncated(Mixture(.5,Normal(0,1),.5,OrderIID(4,5,Normal(0,1))),-1,1)

andit indicatesa truncatedmixtureof a normaldistribution andanorderstatistic.
It doesnotappearto methattherewill everbeany ambiguityaboutwhatdistributionis requestedwithin thesyntax

of PMETRIC,but let meknow if youfind suchacase!
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14.5 Bin-BasedDistrib utions

PMETRIChasseveralbin-baseddistributionsthatcanbeusedto constructarbitrarydistributionsandmodelany data
patternyou like (e.g.,onesestimatedby tabulating lots of data). Eachdistribution is madeup of NBins adjacent,
non-overlapping,equal-widthbins,with anarbitaryprobabilityof occurrencewithin its bin. Thedifferentbin-based
distributionsdiffer in their assumptionsaboutthedetailsof thedistributionwithin eachbin, asdescribedbelow.

Histogram Thehistogramis a continuousdistribution with a flat PDFwithin eachbin.

Polygon Thepolygonis a continuousdistribution with a linearbut not necessarilyflat PDF within eachbin. More
specifically, thePDF of thepolygondistribution is definedby a seriesof NBins+1points; thefirst point gives
theheightof thePDFat thelowerboundof thedistribution,andtheremainingNBins pointsgive theheightsof
thePDFat the top of eachbin (thetop of thetop bin showing thePDFat theupperboundof thedistribution).
Within eachbin, thePDFis a straightline goingfrom theheightat thebottomof thebin to theheightat thetop
of thebin.

FreqPolygon Thefrequency polygonis alsoacontinuousdistributionwith alinearbutnotnecessarilyflat PDFwithin
eachbin. Unlike thepolygon,though,it keys on thePDFin themiddleof eachbin ratherthantheupperedge.
More specifically, thePDFof this distribution is definedby a seriesof NBins+2points;thefirst point givesthe
heightof thePDFat thelowerboundof thedistribution,thelastpoint givestheheightof thePDFat theupper
boundof thedistribution,andtheremainingNBins pointsgive theheightsof thePDFat thecenterof eachbin.
Within eachbin, thePDFis formedby straightlinesgoing from theheightat thebin’scenterto theheightsat
thecentersof theadjacentbins.

BinCen The“BinCenters”randomvariableis a discretedistribution with all of theprobabilitymassassociatedwith
eachbin assignedto themidpointof thebin.

ThecommandsHistogram(FileName),FreqPolygon(FileName),Polygon(FileName), andBinCen(FileName)
tell PMETRICto readthedescriptionof theindicateddistributionfrom theindicatedfile. Thefirst line in thefile must
containthreenumbers:

1. Theminimumvaluein thedistribution (i.e., theloweredgeof thelowestbin).

2. Themaximumvaluein thedistribution(i.e., theupperedgeof thehighestbin).

3. Thenumberof bins,NBins.

For example,this line mightbe

-10 100 200

to indicatea distribution rangingfrom -10 to 100, with 200 bins. (Note that in this exampleeachbin would beùÂú�ûWû/ü¢ýþüÿú�û��������YûWû	�9û�

���
units wide.) Following thefirst line, thereshouldbe NBins+1additionallineswith one

numberper line. Thefirst line is special: It shouldbe zerofor theHistogramandBinCendistributions,but for the
Polygondistribution it shouldbetheheightof thePDFat thelower boundof thedistribution(which maybezerobut
neednot be). Theremainingnumberscorrespondto theprobabilitiesfor thesuccessive NBins bins,from smallestto
largest.Notethatthesenumbersneednotactuallyequalthebinprobabilities;it is sufficientfor themtobeproportional
to thebin probabilities.PMETRICautomaticallyrescalesthemsothatthetotalprobabilitysumsto one,soyou could
input frequency countsor PDFheightsinsteadof actualbin probabilities.

14.6 Approximation Distrib utions

Theabove bin-baseddistributionscanalsobeusedas“approximationdistributions,” thepurposeof which is to speed
up computationswith complicatedunderlying“basis” distributions. Theseapproximationsare particularly useful
when (a) you are interestedin a basisdistribution for which it is time-consumingto computevalues,and(b) you
want to computelots of different valuesfrom this distribution without changingits parameters. In thesecases,
initializing the approximationdistribution will be a little slower thaninitializing the basisdistribution, but thenall
furthercomputationswill bemuchfasterwith theapproximation.
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Someterminologyandnotationis usedin commonacrossall approximationdistributions. Eachapproximation
uses“bins”, which aresmall, nonoverlappingrangesof the dependentvariable. For example,a betadistribution is
definedover therangefrom 0.0to 1.0,andit mightbeapproximatedusing100bins: 0.00–0.01,0.01–0.02,. . . , 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 approximationareslower to computebut moreaccuratewith a larger numberof
bins(smallerW). I find that200–300binsis usuallyenough,andthatwith approximatelysymmetricdistributionsit is
generallybetterto useanoddnumberof bins.

In practice, it may be somewhat tricky to decidewhich is the bestapproximationto use with a given basis
distribution. I know of nosurestrategyotherthantrial anderror, butoffer somecommentsonthedifferentapproximations
basedon my limited experiencewith them.

ApprPolygon(RV) This is a continuousapproximationthatcanbeusedonly for a continuousbasisdistribution, RV.
In brief, thePDFof theapproximationdistribution is a setof NBins straightlines,matchedto theheightof the
basisdistribution’sPDFat thebin’sedges(furtherdetail is givenbelow). For example,

ApprPolygon(Convolution(Normal(0,1),Beta(2,2)),201)

approximatesthespecifiedconvolutionwith a setof 201straightlines.

ApprFr eqPolygon(RV) This is a continuousapproximationthatcanbeusedonly for acontinuousbasisdistribution,
RV. In brief, thePDFof theapproximationdistributionis a setof NBins straightlines,matchedto theheightof
thebasisdistribution’sPDFat thebin’scenters.For example,

ApprFreqPolygon(Convolution(Normal(0,1),Beta(2,2)),201)

approximatesthespecifiedconvolutionwith a setof 201straightlines.

This is my preferredtypeof approximation.It is generallyquite accurate,andit is oftenmuchfasterthanthe
otherapproximations.

Detailsof construction.

Step1: Thefirst line startsat ��� =minimum(of thebasisdistribution)with heightPDFat thatpointandgoesto
�	� =minimum+W/2with heightPDF=Basis.PDF(�	� ). Thesecondline continuesfrom theendof thefirst
line to the point with ��� =minimum+1.5*WandheightPDF=Basis.PDF(��� ). And so on, with thefinal
line segmentendingat themaximumof thebasisdistributionandPDFat themaximum.

Step2: ThePDFjust constructedis integrated,andtheheightsarescaledup or down appropriatelysothatthe
totalareais 1.00.

ApprHistogram(RV) This is a continuousapproximationthatcanbeusedfor eithera discreteor a continuousbasis
distribution, RV. In brief, thePDFis of theapproximationdistributionis a setof NBins flat lines,asif thebasis
distributionwereuniformwithin eachbin (like in a histogram).For example,

ApprHistogram(Convolution(Normal(0,1),Beta(2,2)),201)

approximatesthespecifiedconvolutionwith a setof 201binswith equalprobabilitywithin eachbin.

This approximationis moregeneralthanApprPolygon,becauseit canbeusedwith discretedistributions,and
it is lesssensitive to abruptly-changingPDFs.But it is usuallyslower to constructinitially , andit is oftenmuch
slower to do any computationswith. ThePDFhasdiscontinuitiesat thebin boundaries(unlike ApprPolygon),
andthesemakenumericalintegrationsconvergemoreslowly.

Detailsof construction. TheCDF of thebasisdistribution is computedat the top andbottomof eachbin, and
from thesethebin probability is computed.Then,theheightof theuniform approximationPDFwithin thatbin
is adjustedto give this bin probability.
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ApprBinCen(RV) This is adiscreteapproximation,andit canbeusedtoapproximateeitheradiscreteor acontinuous
basisdistribution, RV. In brief, theapproximationassumesthatall of theprobabilitymassis concentratedin a
singlepoint at the centerpoint of eachbin; moreover, any valuein the bin is treatedasif it werethat center
point.

Detailsof construction. TheCDF of thebasisdistribution is computedat the top andbottomof eachbin, and
from thesethe bin probability is computed.All of this probability massis assignedto the valueat the center
of thebin. For purposesof PDFandCDF computations,all valueswithin a bin aretreatedasequivalentto the
center.

Using CUPID, approximationscan be written out to files and readin from files. This is useful for saving the
time-consuminginitialization phaseif you wantto returnto anapproximationlater, andit alsoallowsyou to prepare
yourown approximationdistributionsseparatelyandthenimport theminto PMETRICfor furtheranalysis.

To write thecurrentapproximationfrom within CUPID, usethecommandBinsWrite(FileName). To read
theapproximationbackin, usethecommandBinsRead(FileName). Theformatof theapproximationfile is just
thesameasthat for thebin-baseddistributionsdescribedin theprevious section,with oneexception: Thevery first
line of thefile containsthenameof thebasisdistribution.

14.7 Construction Distrib utions

Giventheapproximationdistributionsdescribedin theprevioussection,it seemednaturalto includeanothertypeof
approximationdistribution that I call “constructiondistributions.” Theseareapproximationdistributionsconstructed
simply by tabulating many calls to the randomnumbergeneratorfor any arbitrarydistribution. I have found them
usefulmostly in my own simulationwork, whereI know how to write an RNG for thevariablethat I am interested
in but I don’t really know anything elseabouthow to characterizeit. In thesesituations,I have found it convenient
to constructanapproximationto thetruedistributionby calling theRNG many timesandtabulatingtheresults.The
constructiondistributionssimplyautomatethisprocess.I imaginethatthey will bevaluableonly to programmerswho
cancompiletheir own RNGsourcecodeusingtheseroutines,but I describethemherefor completeness.

Therearethreetypesof constructiondistributions:

ConsHistogramRV A constructedHistogramRV usedto approximateabasisdistribution.

ConsFreqPolygonRV A constructedFreqPolygonRV usedto approximatea basisdistribution.

ConsBinCenRV A constructed: BinCenRV usedto approximatea basisdistribution.

Notethatno constructedPolygonRV exists.

14.8 Distrib utions Arising in Connectionwith SignalDetectionTheory

In addition to the above standardandderived distributions, I have addeda few distributions that correspondedto
particularprojectsI happenedto be working on. Thedistributionsdescribedin this sectionarisein connectionwith
signaldetectiontheoryexperiments,andwill be of interestto somepsychophysicistsandperhapsengineers.If you
don’t know what signaldetectiontheory is, then it is unlikely that you will careaboutthese. Note: Theseareall
discretedistributions,aseachreflectsthe outcomeof oneor two binomial-typeconditionswith a finite numberof
trials.

Zfr omP(SampleSize,TrueP,Adjust) Thisis thediscretedistributionof � , whichis derivedfromthebinomialdistribution
asfollows:

1. For any samplefrom a Binomial(����� ), convert thenumberof successes� to theprobability of success,��� ��� � . If ��!#" , set �$! Adjust� � ; if ��!&% , set �$!'%)( Adjust�*� . “Adjust” is a parameterbetween
0 and1, specifiedby theuser, to indicatehow theextremedatavaluesshouldbetreated.

2. Find � suchthat ��!#+-,*.0/�1 �32 , where / is a randomvariablehaving thestandardnormaldistribution.
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APrime(NSignalTrials,PrHit,NNoiseTrials,PrFalseAlarm) Thisis thedistributionof thesample435 computedfrom
anexperimentwith NSignalTrialssignaltrialseachhaving thespecifiedtrueprobabilityof ahit, andNNoiseTrials
noisetrials eachhaving thespecifiedtrueprobability of a falsealarm. Specifically, 435 is thedistribution-free
estimateof theareaundertheROCcurve computedusingEquations2 and9 of AaronsonandWatts(1987).

APrimeSym(NTrials,PC) This is a shortcutfor the previous distribution that can be usedwhen thereare equal
numbersof signalandnoisetrials andwhenthe probability of a correctresponse(hit or correctrejection)is
thesamefor bothsignalandnoisetrials.

YNdPrime(NSignalTrials,PrHit,NNoiseTrials,PrFalseAlarm,Adjust) Thisis thedistributionof thesample 67 5 computed
fromanexperimentwith NSignalTrialssignaltrialseachhaving thespecifiedtrueprobabilityof ahit, NNoiseTrials
noisetrials eachhaving the specifiedtrue probability of a falsealarm,andusing the Adjust factor (between
0 and 1) to correctcaseswith 0% or 100% hits or false alarms(e.g., replace0 hits with Adjust hits, and
replaceNSignalTrials hits with [NSignalTrials - Adjust] hits). Programmingnote: If PDFsare requested,
this distribution is implementedusing the List (smallersamples)andAppApprCen(larger samples)random
variables.

YNdPrimeSym(NTrials,TrueDP,Adjust) Thisis thespecialcaseof YNdPrimein whichNSignalTrials= NNoiseTrials
andPr(Hit) = 1 - Pr(FA). Notethatthesecondparameteris thetrue

7 5 ratherthanthehit probability.

15 ReleaseHistory

Version1.1wasreleasedin September, 2001.
Betaversion1.0wassentto a few interestedpartiesfor preliminarytestingin June2000.

16 Registration and Author Contact Addr ess

I would really like to receive feedbackon who is usingthis software,for what purposes.So, pleasee-mail me at
miller@otago.ac.nzif you foundthis softwareuseful. If you do, I will addyour nameto my mailing list andlet you
know aboutany new versions,bugs,or new programsthatmightinterestyou. If youusethissoftwarefor any published
research,I would greatlyappreciateit if you would acknowledgethesoftwarein your article(e.g.,in a footnote)and
email me a citation to the articleor, betteryet, sendme a reprint. Of courseI would alsowelcomebug reportsand
suggestionsfor improvement,too,althoughI can’t promiseany fastactiononthose.

Hereis how to contactme:

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

17 OS/2Versions

I will happilyprovide executableOS/2versionsof this softwareto otherswho still usethis operatingsystem,asI do
myself. Theonly differencefrom theversionsdescribedin this documentationis thatthe“SET CUPID=C:8 CUPID”
command(if needed)goesin theconfig.sysfile ratherthantheautoexec.batfile. (Don’t forgetyou have to shutdown
andrebootfor this to takeeffect.)
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20 SoftwareLicense

GNU GENERAL PUBLIC LICENSE
Version2, June1991
Copyright(C) 1989,1991FreeSoftwareFoundation,Inc. 675MassAve,Cambridge,MA 02139,USA
Everyoneis permittedto copyanddistributeverbatimcopiesof this licensedocument,but changingit is not allowed.
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20.1 Preamble

The licensesfor most softwareare designedto takeaway your freedomto shareandchangeit. By contrast,the
GNU GeneralPublicLicenseis intendedto guaranteeyour freedomto shareandchangefreesoftware–tomakesure
thesoftwareis free for all its users.This GeneralPublic Licenseappliesto mostof the FreeSoftwareFoundation’s
softwareandto any otherprogramwhoseauthorscommitto usingit. (SomeotherFreeSoftwareFoundationsoftware
is coveredby theGNU Library GeneralPublicLicenseinstead.)You canapplyit to your programs,too.

Whenwespeakof freesoftware,wearereferringto freedom,notprice.Our GeneralPublicLicensesaredesigned
to makesurethatyou have thefreedomto distributecopiesof freesoftware(andchargefor this serviceif you wish),
that you receive sourcecodeor canget it if you want it, that you canchangethe softwareor usepiecesof it in new
freeprograms;andthatyouknow youcando thesethings.

To protectyour rights, we needto makerestrictionsthat forbid anyone to deny you theserights or to askyou
to surrenderthe rights. Theserestrictionstranslateto certainresponsibilitiesfor you if you distributecopiesof the
software,or if you modify it.

For example,if you distributecopiesof sucha program,whethergratisor for a fee,you mustgive the recipients
all therightsthatyouhave. You mustmakesurethatthey, too,receive or cangetthesourcecode.And youmustshow
themthesetermssothey know their rights.

We protectyour rightswith two steps:(1) copyrightthesoftware,and(2) offer you this licensewhich givesyou
legalpermissionto copy, distributeand/ormodify thesoftware.

Also, for eachauthor’s protectionandours,we want to makecertainthat everyoneunderstandsthat thereis no
warrantyfor this freesoftware.If thesoftwareis modifiedby someoneelseandpassedon, we want its recipientsto
know thatwhatthey have is not theoriginal,sothatany problemsintroducedby otherswill not reflecton theoriginal
authors’reputations.

Finally, any freeprogramis threatenedconstantlybysoftwarepatents.Wewishtoavoid thedangerthatredistributors
of a freeprogramwill individually obtainpatentlicenses,in effect makingtheprogramproprietary. To prevent this,
we have madeit clearthatany patentmustbelicensedfor everyone’s freeuseor not licensedatall.

Theprecisetermsandconditionsfor copying,distributionandmodificationfollow.

20.2 Terms of License

GNU GENERALPUBLIC LICENSE
TERMSAND CONDITIONSFORCOPYING,DISTRIBUTION AND MODIFICATION

0. ThisLicenseappliesto any programor otherwork whichcontainsanoticeplacedby thecopyrightholdersaying
it maybedistributedunderthetermsof thisGeneralPublicLicense.The”Program”,below, refersto any suchprogram
or work,anda”work basedontheProgram”meanseithertheProgramor any derivativeworkundercopyrightlaw: that
is to say, a work containingtheProgramor a portionof it, eitherverbatimor with modificationsand/ortranslatedinto
anotherlanguage.(Hereinafter, translationis includedwithout limitation in theterm”modification”.) Eachlicenseeis
addressedas”you”.

Activities otherthancopying,distribution andmodificationarenot coveredby this License;they areoutsideits
scope.Theactof runningtheProgramis not restricted,andtheoutputfrom theProgramis coveredonly if its contents
constitutea work basedon theProgram(independentof having beenmadeby runningtheProgram).Whetherthatis
truedependson whattheProgramdoes.

1. You maycopyanddistributeverbatimcopiesof theProgram’s sourcecodeasyou receive it, in any medium,
providedthatyouconspicuouslyandappropriatelypublishoneachcopyanappropriatecopyrightnoticeanddisclaimer
of warranty;keepintactall thenoticesthatreferto thisLicenseandto theabsenceof any warranty;andgiveany other
recipientsof thePrograma copyof thisLicensealongwith theProgram.

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

2. You maymodify your copyor copiesof the Programor any portion of it, thusforming a work basedon the
Program,andcopyanddistributesuchmodificationsor work underthe termsof Section1 above, providedthat you
alsomeetall of theseconditions:

a) You mustcausethemodifiedfiles to carryprominentnoticesstatingthatyou changedthefiles and
thedateof any change.
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b) You must causeany work that you distribute or publish, that in whole or in part containsor is
derivedfrom theProgramor any part thereof,to be licensedasa wholeat no charge to all third parties
underthetermsof this License.

c) If themodifiedprogramnormallyreadscommandsinteractively whenrun,youmustcauseit, when
startedrunningfor suchinteractive usein the mostordinaryway, to print or displayan announcement
includinganappropriatecopyrightnoticeanda noticethat thereis no warranty(or else,sayingthatyou
provideawarranty)andthatusersmayredistributetheprogramundertheseconditions,andtelling theuser
how to view a copyof this License.(Exception:if theProgramitself is interactivebut doesnotnormally
print suchanannouncement,your work basedon theProgramis not requiredto print anannouncement.)

Theserequirementsapply to the modifiedwork asa whole. If identifiablesectionsof thatwork arenot derived
from theProgram,andcanbereasonablyconsideredindependentandseparateworksin themselves,thenthisLicense,
andits terms,do not applyto thosesectionswhenyoudistributethemasseparateworks.But whenyou distributethe
samesectionsaspartof a wholewhich is a work basedon theProgram,thedistributionof thewholemustbeon the
termsof this License,whosepermissionsfor otherlicenseesextendto the entirewhole,andthusto eachandevery
partregardlessof who wroteit.

Thus,it is not theintentof thissectionto claimrightsor contestyourrightsto work writtenentirelyby you;rather,
theintentis to exercisetheright to controlthedistribution of derivativeor collectiveworksbasedontheProgram.

In addition,mereaggregationof anotherwork not basedon theProgramwith theProgram(or with a work based
ontheProgram)onavolumeof astorageor distributionmediumdoesnotbring theotherwork underthescopeof this
License.

3. You maycopyanddistributetheProgram(or a work basedon it, underSection2) in objectcodeor executable
form underthetermsof Sections1 and2 above providedthatyoualsodo oneof thefollowing:

a) Accompany it with the completecorrespondingmachine-readablesourcecode,which must be
distributedunderthetermsof Sections1and2 aboveonamediumcustomarilyusedfor softwareinterchange;
or,

b) Accompany it with awrittenoffer, valid for at leastthreeyears,to giveany third party, for acharge
no morethanyour costof physicallyperformingsourcedistribution, a completemachine-readablecopy
of thecorrespondingsourcecode,to bedistributedunderthetermsof Sections1 and2 aboveonamedium
customarilyusedfor softwareinterchange;or,

c) Accompany it with theinformationyou received asto theoffer to distributecorrespondingsource
code. (This alternative is allowed only for noncommercialdistribution and only if you received the
programin objectcodeor executableform with suchanoffer, in accordwith Subsectionb above.)

Thesourcecodefor awork meansthepreferredform of thework for makingmodificationsto it. For anexecutable
work, completesourcecodemeansall the sourcecodefor all modulesit contains,plus any associatedinterface
definitionfiles, plus thescriptsusedto control compilationandinstallationof theexecutable.However, asa special
exception,thesourcecodedistributedneednot includeanything thatis normallydistributed(in eithersourceor binary
form) with themajorcomponents(compiler, kernel,andsoon) of theoperatingsystemon which theexecutableruns,
unlessthatcomponentitself accompaniestheexecutable.

If distribution of executableor object codeis madeby offering accessto copy from a designatedplace, then
offeringequivalentaccessto copythesourcecodefrom thesameplacecountsasdistributionof thesourcecode,even
thoughthird partiesarenotcompelledto copythesourcealongwith theobjectcode.

4. Youmaynotcopy, modify, sublicense,ordistributetheProgramexceptasexpresslyprovidedunderthisLicense.
Any attemptotherwiseto copy, modify, sublicenseor distributetheProgramis void, andwill automaticallyterminate
your rightsunderthisLicense.However, partieswhohave receivedcopies,or rights,from youunderthisLicensewill
nothave their licensesterminatedsolongassuchpartiesremainin full compliance.

5. You arenot requiredto acceptthis License,sinceyou have not signedit. However, nothingelsegrantsyou
permissionto modify or distributetheProgramor its derivativeworks. Theseactionsareprohibitedby law if you do
not acceptthis License. Therefore,by modifying or distributing the Program(or any work basedon the Program),
you indicateyour acceptanceof this Licenseto do so, andall its termsandconditionsfor copying,distributing or
modifying theProgramor worksbasedon it.

6. EachtimeyouredistributetheProgram(or any workbasedontheProgram),therecipientautomaticallyreceives
a licensefrom the original licensorto copy, distributeor modify theProgramsubjectto thesetermsandconditions.
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You may not imposeany further restrictionson the recipients’exerciseof the rights grantedherein. You are not
responsiblefor enforcingcomplianceby third partiesto thisLicense.

7. If, asaconsequenceof acourtjudgmentor allegationof patentinfringementor for any otherreason(not limited
to patentissues),conditionsareimposedon you (whetherby courtorder, agreementor otherwise)thatcontradictthe
conditionsof thisLicense,they donotexcuseyoufrom theconditionsof thisLicense.If youcannotdistributesoasto
satisfysimultaneouslyyour obligationsunderthis Licenseandany otherpertinentobligations,thenasa consequence
youmaynotdistributetheProgramatall. For example,if apatentlicensewouldnotpermitroyalty-freeredistribution
of theProgramby all thosewhoreceive copiesdirectlyor indirectly throughyou, thentheonly wayyoucouldsatisfy
bothit andthisLicensewouldbeto refrainentirelyfrom distributionof theProgram.

If any portionof thissectionis heldinvalid or unenforceableunderany particularcircumstance,thebalanceof the
sectionis intendedto applyandthesectionasa wholeis intendedto applyin othercircumstances.

It is not thepurposeof thissectionto induceyouto infringeany patentsor otherpropertyright claimsor to contest
validity of any suchclaims;thissectionhasthesolepurposeof protectingtheintegrity of thefreesoftwaredistribution
system,which is implementedby public licensepractices.Many peoplehavemadegenerouscontributionsto thewide
rangeof softwaredistributedthroughthat systemin relianceon consistentapplicationof that system;it is up to the
author/donorto decideif he or sheis willing to distributesoftwarethroughany othersystemanda licenseecannot
imposethatchoice.

Thissectionis intendedto makethoroughlyclearwhatis believedto bea consequenceof therestof this License.
8. If thedistributionand/oruseof theProgramis restrictedin certaincountrieseitherby patentsor by copyrighted

interfaces,theoriginal copyrightholderwho placestheProgramunderthis Licensemayaddanexplicit geographical
distribution limitation excludingthosecountries,sothatdistribution is permittedonly in or amongcountriesnot thus
excluded.In suchcase,thisLicenseincorporatesthelimitation asif written in thebodyof this License.

9. The FreeSoftwareFoundationmay publishrevisedand/ornew versionsof the GeneralPublic Licensefrom
time to time. Suchnew versionswill besimilar in spirit to thepresentversion,but maydiffer in detail to addressnew
problemsor concerns.

Eachversionis givena distinguishing versionnumber. If theProgramspecifiesa versionnumberof this License
which appliesto it and”any laterversion”, you have theoption of following the termsandconditionseitherof that
versionor of any laterversionpublishedby theFreeSoftwareFoundation.If theProgramdoesnot specifya version
numberof this License,you maychooseany versionever publishedby theFreeSoftwareFoundation.

10. If you wish to incorporatepartsof the Programinto other free programswhosedistribution conditionsare
different,write to theauthortoaskfor permission.For softwarewhichis copyrightedby theFreeSoftwareFoundation,
write to theFreeSoftwareFoundation;we sometimesmakeexceptionsfor this. Our decisionwill be guidedby the
two goalsof preservingthefreestatusof all derivativesof our freesoftwareandof promotingthesharingandreuseof
softwaregenerally.

NO WARRANTY
11. BECAUSETHE PROGRAM IS LICENSEDFREEOF CHARGE,THEREIS NO WARRANTY FORTHE

PROGRAM, TO THE EXTENT PERMITTEDBY APPLICABLE LAW. EXCEPTWHEN OTHERWISE STATED
IN WRITING THE COPYRIGHTHOLDERSAND/OR OTHER PARTIES PROVIDE THE PROGRAM ”AS IS”
WITHOUT WARRANTY OFANY KIND, EITHEREXPRESSEDORIMPLIED, INCLUDING, BUT NOT LIMITED
TO, THE IMPLIED WARRANTIESOFMERCHANTABILITY AND FITNESSFORA PARTICULAR PURPOSE.
THE ENTIRERISKASTO THEQUALITY AND PERFORMANCEOFTHE PROGRAMIS WITH YOU.SHOULD
THE PROGRAM PROVE DEFECTIVE,YOU ASSUMETHE COSTOFALL NECESSARY SERVICING, REPAIR
ORCORRECTION.

12. IN NO EVENT UNLESS REQUIRED BY APPLICABLE LAW OR AGREED TO IN WRITING WILL
ANY COPYRIGHTHOLDER,OR ANY OTHER PARTY WHO MAY MODIFY AND/OR REDISTRIBUTETHE
PROGRAM AS PERMITTED ABOVE, BE LIABLE TO YOU FORDAMAGES,INCLUDING ANY GENERAL,
SPECIAL,INCIDENTAL OR CONSEQUENTIALDAMAGESARISING OUT OF THE USEOR INABILITY TO
USETHE PROGRAM (INCLUDING BUT NOT LIMITED TO LOSSOF DATA OR DATA BEING RENDERED
INACCURATE OR LOSSESSUSTAINED BY YOU OR THIRD PARTIES OR A FAILURE OF THE PROGRAM
TO OPERATE WITH ANY OTHER PROGRAMS),EVEN IF SUCH HOLDER OR OTHER PARTY HAS BEEN
ADVISED OFTHE POSSIBILITY OFSUCHDAMAGES.

END OFTERMSAND CONDITIONS


