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Fitting Logistie IRT Modeis: Small Wonder

Miguel A. García-Pérez
ComplutenseUniversity of Madrid

Smte-oi-rbe-art ítem response theo,y (IRT) models use logistie functions exclusivcly as their ítem
response functions (IREs). Logistie funcííons mee Ihe reqrtírements thai iheir range is che unit
iníerval ami íhat they are monotonically increasing. bur they upase a parameter ipace whose
dimensions can only be assigned a meíaphoñcal interpretation in the context of cesting. Applications
of 1RT models require obtaining ihe set of values itt Ingístie functíon paranieters thai besí fu an
empirícal dato set. l-lowever. success in ohtaininsi such set of values does ncc guarantee thai che
constructs they represent actually exisí, for the adequacy of a model is nol sustained hy ihe
possihility of estimaring parameters. Thís article illustrates bow meehanical adoplion of off-the-
shelf logistic lunc[ions as IRFs lbr IRT modeis can result in off-the-shelf parameter estímates
and tUs to dato. Thc results of a simulation study are presenced, which show that logistie 11ff

modeis can tít a set of dato generated by IREs other chan logiscic funccions just as well as they
¡it iogisric dato. even though the response processes and parameter spaces involved in each case
are subsíantially dírferení. An explanation of why logistic funetions wnrk os lhey do is ofreced,
che íhcorecical and practícal consequences of Iheir behavior are discuised, and a testable altemative

lo logistic IRFs is commented cpon.
Key ~vúnIs.goodnass ej/ii, paran cier esíimwíou, ile»> nxsponse theory, legisle: models, Jiniie siate
poIynrníur: ,nodels, BILGC

La función de respuesta al ítem (FF1) asumida en los modelos al uso en teoría de respuesta
al item (¡Rl) es, en la práctica, exclusivamente la función logística. Las funciones logísticas
cumplen los requisitos de que su rango es el intervalo 10, 11 y son monótonamente crecientes,
pero imponen un espacio paramétñco cuyas dimensiones sólo tienen una interpretación metafórica
en el contexlo de la evaluación mediante pruebas objetivas. La aplicación de modelos 18$
requiere la estimación de los parámetros logísticos que mejor describen unos datos empíricos.
Sin embargo, el éxito en la obtención de estos parámetros no garantiza que los consiruclos
representados mediante ellos existan en realidad, puesto que la validez de un modelo no queda
establecida sólo por la posibilidad de estimar sus parámetros. Este trabajo muestra que la
adopción mecánica de funciones logísticas como FF1 en modelos TRI produce estimaciones y
ajustes estereotipados. Como prueba, se presentan resultados de un estudio de simulación en
el que el modelo logístico produjo un patrón de estimaciones y ajustes de datos no logísticos
que fue indistinguible del patrón obtenido para datos logísticos, a pesar de que los datos no
logisticos se generaron de acuerdo con un modelo que implica un proceso de respuesta y un
espacío paramétrico marcadamente diferentes del logístico. FI trabajo termina con unas reflexiones
acerca de las razones por las que los modelos logísticos se comportan así y de las
consecuencias teóricas y prácticas de ese comportamiento, y también se describe una alternabva
empíricamente falsable a las FF1 logísticas.
Palabras clave: bondad de ajuste, estimación de parámetros, teoría de respuesta al ítem,
modelos logísticos, modelos pohñómicos de estados finitos, SILGO
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1 soínetíníes ¡‘ave a í¡igblníare abozír Kepler Suppose tI/CM 9/

es itere transponed bock in th,íe lo tlw vear 1600, (md itere ¿ny/red

br ¡he Eníperor Rudo/ph JI fo set np ce Imperial De¡~artmenf 9/
.5/nt¡siles ja fije cOlín al Progue. Deápaining of ¡¡lose circular orbit~,

Kepler enrolis ¡a nur department. Wc ¡cccl, Ii/ni ¡líe general linear

tuodel, ¿cosí squares, d’u’ítuy ~‘círiables,evervthing. He gori liad

lo work, fUi file best circular c,rbit ¡<ir Mars br ¡casi squares, pias

¡a a du,amnv variable/br ihe exceptional observation—cadpublishes.

And ¡liar s ¡he en4 righr thcre ¿a Prague afilíe bcgmnmg of 11w

I7th cenfurv.
(Freedman.1985, p. 359)

A majorcencemin the appíicatienof ¡1cm tespensethcory
(1RT) is the estirnationof iíem andexamineeparameters.The

interest arises becauseenly when tuis is done can thc
theoreticaladvantagesof 1RT be ebtained.The availabiliiy
of competerpregramssuchas LOO!ST (Wingersky. Barton,
& Lord, 1982) or EILOO (Mislevy & Bock, 1984, 1986),
which estimateIRT parametersunderthe ene-,twa-, or thíee-
parameterlogistic ruodeis ([PL. 2PL, er 3PL modeis)has
providedíest practiiionerswith a pewerful toe! lo harvest

thesebenefits.
Numereussimulationsiudies haveassessedtheefficieucy

¡md accuracywith whichtheseanO otherpregramsattaintheir

goal in a varieíy of circunislances,including tesisof diffcrent
íengths,examineesamplesof differení sizesafid/ordifferení
distributions of tree parameleis(e.g., ¡-lambleten& Coek,
1983:Harwell & ianosky, 1991; 1-blm, Ussak,& Drasgow,
1982: Ree, 1979; Seong,1990: Skaggs& Síevenson,1989:
Swarninathan& Gifford, 1983; Vale& Gialluca, 1988).Also.
sornepapersh’ave comparedLOOIST anOBILOG as te ihe
algorithmsthey implemení,their computationalcest,andIhe
characíerisíicsof the estimatesthey ptevidc (Mislevy &
Stocking, 1989; Yen, 1987). The resulísof al! IheseMedies
provide a positive outlook of thc performanceel Ihe pregranis,
as thc gencratingparameícrsconid successfullybe recovered
in the tasI majority of cases.

The capability of legistie modeis le fil artificial dalathai
violate ihe assumptions of Loca! independenceanO
unidimensionalityhasalso beenexplored(Ansley & Forsyth,
1985; Drasgow& Parseus,1983; Fersyth, Saisangjan,&
Gilmer, 1981; Harrison, ¡986; McKinley & MilIs, 1985:
Reckase,1979; Yen, 1984). Although thesesíndiesshowed
thai logisíic funcíions can fu ibis íype of dateanOprevide
parameterestimates,atiention te Ihe issue of [he extentte
which Ihe medelfitted thedatewaseíily paid by McKinley

and MilIs.
The extení te which logisiic modelscan fit dataseis

generatedhy a different model hasalsooccasionailybeen
asscssed.Sornestudiesshewcdthai dala generatedby logistie
medeisof vaneesnumbersof parameterscan he fitted te
logisiic modeísof fewer parametcrs(cg., Dinero & Haertel,
1977; Yen, 1981), andWood (1978) showedthai Ihe 1PL

model can fit datagencraledhy a coin-Iossprecess,thus

‘rccovering’ fictitious pararneters.Mislevy and Verhelsl
(1987)cIsc showedthat ihe 1PL model can f,t a mixture of

dalageneratedhy a random-guessingprocessanOby ihe
1PL medelitself Ah thesesiudiesauthenticateHejar~s (1983,
p. 3) conccmthai “unfortunately, the programsthai [estimate
legisdcparameierslare capableof returningreasenable-
leoking estimales even when the dala are totally

inappropniaieter the model assumedby the pregram.Thai
is, succeedingte estimatethe parametcrsof ihe model does
¡mí insure thai wc havesuccessfullyfitied Ihe model.”

The researchmechoneOin theferegoingparagraphshas
systematica¡lyfailed te acknowledgeproperly thaI the cheice
of ihe- logisíic funclion es ihe item responsefuectien([RE)
for IRT modeis is en assumpiienof the theory(Hambleton

& Swaminathan,¡985, Pp. 9-10; Lord, 1980,p. 30; Weiss
& Yoes, 1991, p. 74), enewhoseadequacyrnust bechecked.
Yet, en describing how te addressihe determinationof
model/datafu, ¡-lambletenanO Swaminathan(1985, chap.

8; seealso¡-Jambleton& Murray, 1983)Oid nni lisí the ¡RE
as anassumpiionte bechecked.It seemsthat ihe adequacy
of [ogisiic [REs has been taken for granted,and it is
noleworlhy thaI, paying little heed te Bejar’s (1983)

cautionarycomment,praclitionersareconteníwith cstirnating
Iegistic paramcíerswiíhouí considering Use issue of
medeh/datafit any further iban whctberthe IPL, 2PL, or
3PL model sbould be chosen.Indeed,Mislevy andStocking

(1989, p. 57) stale thai obtaining tbe advantagesof IRT
“requires accesslo flexible anO ecenomicalcompeter

programste estirnateIRT pararneteister items,examinees,
and populationsof examinees,” neglectingte mentionthat,
ío beginwith, the medelshou¡d¡it the date.The belief seems
te batebeenestablishedthat legisiic IREs exisí iii the real
world for competerpregramste beni fer the parametersthat

characterizeeachconceivableiiem, andthai only sorne
know-how is neededto adjesitheoptionsof iheseprograms

in ordento arrite at the selutionthat wasIbere te be found
(seeMisievy & Stecking,1989, p. 68). Ihus, werk en IRT
hasalmosí exclusively focuseden ¡hedevelopmentanO

comparisenof parameterestimationtechniquesandthe study
of Useeffeetsof characteristicsof Use dateseis(samplesize,
tesí lengih, anddistribetion of thc tree panameters)anO
violationsof rnedel assumptiens(excluding[he malhematical
fenm of the IRE) on the capability of availablealgorithrns
ío recoverthe generaíingpararneters(Baker, 1987a. 1987b,
1991, 1998; De Ayala, 1992; Gifford & S’warninathan,1990;
Jannarone,Yu, & Laughlin. 1990; Kim & Niccwander,1993;

Kim, Ceben,BaLi, Subkoviak,& Leonard,1994; Lord,
1986: Mislcvy, 1987; Swaminatlsan & Giffond, ¡986;
Tsutakawa,¡992; Tsuiakawa& Johnson,1990; Tsutakawa

& Lin, 1986;Tsutakawa& Soltys, 1988; Wainer & Thissen,
1987; Wang & Vispoel, 1998;Warrn. ¡989;Weitzman, 1996;
Zcng, 1997). No eneseemste havequestienedwheiher, in
ihe ¡cal world, legislic item anO exarnineeparameiersare
acleally thcrete be recoverednr, in other werds, whether
Ihe mathematicalfenm ef Ihe IRE can be derived from a
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psychelogicaltheony of perfonmancein objeciive tests as
opposedte adopting a convenientfunction thai. ihe <¡ata are
fencedte fi by fiat.

It is undenstandablethattherehasbeenlittle discussion
in ihe lilerature as te what maihernaticalform anO whal

parameterspacethe JRF simulO hold, as Ihere are no
compedngIREs thataresubstantivelydifferent fnem legistic

funcíions. By “suhstantivelydifferent’ WC meanfunctions
thaI havetheoretícalunderpinningsanO whoseparamclers
bavetheoreticallysoundinterprctations.Phis charactenisiic
preveníssplines(Ramsay& Abraharnowicz,¡989), chosen
with theenly cniterionof beingmeneflexible tban legistic
funciions, frem beingeligible as plausiblereplacemenisfon
them. As GeldsteinanO Woed (1989; see aÑo Blinkhern,
1997) pointed out, IRT has developedwith a stunning
disnegardfon psycholegical tbeony which might pnovide

theoretically sound IREs as repí-acemenisfon logistic
functions. in ihe pasí few years we bate proposed,
developed,audtestedamodel of performancein objeciive

tests(García-Pérez,1985, ¡987, 1989b, 1990, 1993; scealse
García-Pérez& Frany, 1989, 1991a) thai is central te the
work describedhete.

This paperaims aí investigating[he capabilily of logisiic
funcíions te fi artificial datageneratedfrorn IREs that differ
lo ihein resemblancete legistic functionsin sevenalaspects.
Thus, tite paperis similar te WooO’s (1978) ¡o jis goal, buí
it differs in ibree majen respects.Einst, mci-e rcalisiic
generatingmodeis, invelvine different anO interpretable
panameterspaces,aneused.Seceod,thc IPL, 21>1>. anO3PL

modelsare alí filted te dic generateddata. Third, sorne
practical recomrnendationsaregiven. anOan alternativeway

te define anOtesí <as eppesedte merely tú) ¡RFs ter use
wiih 11<1’ models is descnibed.PC-BILOG (Mislevy & Bock,
1986) was used te obtainr tire legistic paramctenizatiens.

There is reasonte believethai otherprograniswould have
penformedjusí as PC-BILOG Oid in Use siíuationsthai wiII
be descnibedbelew (sec Mislevy & Siecking. 1929: Yen.

1987).
Thepapenis divided míe iwo siudies.lo the finst, a data

set was genenatedby tite 3PL model anO anolherset was

“enenatedby a slight modification of tite 3PL model.The
analysisof ihe 3PL pararneterizationof 3PL dataservesas

a baselinewith which the rest of tite resulís arecernpared.
The analysisof ihe datageneratedby modifying ihe 3PL
medel indicateshow minor differenccsbeíweengeneí-ating
anO fideO modeisaffect dic fi anO ihe receveryof ihe (still
logistie) true parameteis.Ven ihe seceodsíudy,data wene

generatedby two differeni finite siatepelynemic models
(García-Pérez& Frary, 199 la). Thcseruodelsnepresenímajen

depanturesfrem ihe assurnptionof uoderlyinglogistic IRFs
and their asseciaicdpanameterspacesanO. thenefere.provide
fon a mor-e stniogenttest of the capability of logistir fuoctions
te ‘recover fictilleus parametcrs.

General Procedure

Responsesof 500examineeste a four-eption50-item
íest were simolated osing Peordiffcrent generatingmodeis
which will be descnibedin detail belew) Randemnumbers

requiredal severa)points iii llie pnognams~‘c-~reeblainedas
descnibedby Wicbmaon aod Hill (1982). Tite prognams
cicateOdata files which were suhseqoentlyiopul te PC-
BILOG te obíain examinceanO item parameterestimatesas
welI as irreasuresof fi ter tite tesí anO[he individual items.

Eachof ihe feun data sets was subject te three PC-
BILOG runs in ordente obíain ítem [PL, 2PL, anO 3PL

parameterizations.Delaulí epiionsbr PC-BILOG were used
titreogitocí. anO tite rnetnic of ihe logislie funetion was
chosen.Default opíloes do nol alwaysguananteebest fu,
but using the sarneoptiens in alí casesserves[he more
nelevanígoal of makiog ¡-esulíscomparableacnossdataseis.
By defauhí. PC-B 1LOG censidersemussíoosas wroog
responseswheo tite 3PL inodel is tuteO. Sinceíwe of the
dataseisincludedomissiens.a feuntit PC-BILOG nun en
cachof them seughtte obíain thein 3PL panameierizatiens
when omíssrensal-e ti-calecí as fractionally corred responses.
Tite 3PL medel frited wiíh ihis choicefon [he trealmeníof

emíssionswill be calleO 3PL-C.
Frem cach PC-BILOG non, a numberof sialistics and

est¡mateswere obíainedfon tortiter analysis.Thcseinclírded
<he measureof ovenall fi giten by Ihe manginal leg-
iik-e)iheod stadstic(— 2 log Lt ihe approximatechi-square

index of fi ter every itein, <he estimateditem parameters,
anO tire eslimatedexamineeabilities. On analyzingthese

measunes.thc following issueswenespecifically addnessed
ro eachof tite benn simulatiens:

1. Variatiensin ovenalí fi, asgiven by tite marginalleg-
hikeliheedstatisíic,as afunetionof tite cerrespondence(er

lack [hereef) bctweentite geoeratioganO ihe fitied medel.
2. Vaniaticos jo tite distribution of tite ¡it of individual

ilems. as given by thc appneximaiechi-squarejndexeswithin
each fucO model

3. Tite relatienshipsbeíweentite varinus estimated 1cm
par-ameterswithjn cacit tuteOmedel anOacnosstite vanleus
fitied medels.

4. The relaíiooshiphetweeninue anOestimaleditem
panameterswithin eacit fitted model.

Samplesize anO test length were choseurto he largeeneuglí(yen reas<triablysroal¡) te nhurlmmízeestirnatreoernonscauseOsinrply by

scarcity of dala, It siteuld be neteO thai Baker (¡998) ceocludeOfrem sinrulatienstodics thai Oaia seisof 500 examineesanO 50 iterns
yie)O excelleníítem paíamcnerrecevcry!~y BILQO.
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5. The relationshipshetweeneslinníedexarnjneeabiljtjes

acrossOifferent tuteOmodels.
6. The relatiensbipbetweentnue anOesijinatedexanrjoee

abiljties wiihjn each ¡ited model.

It shotild be kept in rnind thai cur gea1is te determine
Use extentle which legisfc medeiscan ¡it dalagenerated
using modelswhjch Oiffen frern tite finteO modelsin several

aspecís.Therefore,ihe study doesnot addressihe possible
effects of varyiog tite true panametendistnibutions,tite
numberof opticos per iíem, tite lengtit of ihe test, en tite

nurnberof examinees.The cheices thai are madebelew
abouiihesecharactenistiesare henceof no coocernwith
íespectte tire culcomesof this sinO>’.

Study 1: Fiiting Logistic Modeis te Logistic Dala

GencrctingModeis

The firsí datasetfon titis study wasgenenatedfrom ihe
conventional3Pt medel eq[Iation

1 — e.
P/01) = + 1 +exp[—a1(61---b~)i

where b., a~, anO c~ are, respcctjvely, the difficulty,

discriminaijeo,anOpseudo-chancelevel pararnetersof item
anO P1(6~) is ihe pnebability that exarnineej,wiíh ability

0., answersitem ¡ cerrectí>’. Ibis generatingmodel wiII be

referredte as 3PL.
Tite seconddalaset wasgeneratedby adOing te the 3PL

generatingmedel ¡he disturbancedescrjbedby Mislevy anO
Bock (1986,p. 5-12) te allow a small numberof ornjssions.
Examineesrespondedaccordingte Equation 1 wbeoeterPi(O)
> .3, anO eliterwiseíhey baO a .5 probability of om¡ttíng.
Examineeswho Ojd nol oinii witen P1(01) < .3 also responded
accordingte Equalico1. The geoeratingmedelresultingfrem
ibis modifícationwiIl be referredte as 3PL-O.

Trae Paraníeters

Ferihe two simulaijeos,500 valueslo represeníexaminee
irne abilities wererandemí>’generatedte be distributedN(0,

1). Sjmilarly, jt.eni Ojificulties were generatedte he unifermly
disinjituted in [—2.0,2.0] anO ítem discniminationsto be
unifornrly distribítied in (0.6, 2.01, witereaspseudo-cbance
level parametenswere kepícenstaníat .25 fer alí itenis?The

observedO distribuijon baOa meanof .005 anO a standard
deviadenof .958, wj¡b a minirnumof —2.79 anOa rna.xi¡num

of 2.80. Observedjíem difliculties rangedfrom —1.98te ¡99,
with a meanof 0.159anda standarddeviatinoof 1.143,anO

ebservedjtem discriminationsiangedfrom 0.603 te 1.984
wjth a meanof 1.338 and a standarddeviatienof 0.430.The
preducí-mernení cerrelation beíween Oifficulty anO

Oiscrjmin~íiion wase= .07.

Resultíand Discussion

Table 1 givesihe value.sof —2 log L oblainedter every
medelfitied te eacitdataset.

3 Fon 3PL data,[tung tite 3PL
model resultedin tite besí— 2 Iog L. Fon ibesedaus, ibe
Oifferencebeiweenihe 3PL anO IPL panameterizatiensjn
temis of —2 leg L was37 1.42, anOtite differencebetween
ihe 3PL and 2PLpararneterizaiionswas 113.66. Of ceurse,
tite cosi of titeseimprovemeniswas,respeciively,te estímate
100 en 50 more panametens.The sjtuatjenfor 3PL-O data

(1) is abeutdic sume,buí it is neiewerthythai fitting Use3PL-
C model resulledin a valueof —2 log L, which wasmucit
wonseihan iitat obíainedwhen f,tiing tite IPL rnodel. This
is probablya consequenceof the inappropriaienessof defaulí
PC-BILOG oplions fon datainciuding emjssions.No altempí
was inade ce run PC-BILOG with Oifferent options te
imprevetite [it, becauseobtaining tite besípessible¡it was
not a gealof ibis siudy.

it is interesíingle note thai thedisturbancein Ihe 3PL-
O medel Oid ooi bate a stnong effect in model/datafu.
providedthai omissionsaretreatedas wrongresponseswhen

¡tung tite 3PL medel. In fact, ihe paitenauf — 2 log L values
acrosstite fjtted IPL, 2PL, anO 3PL modeis is similar fon
Che dala with anO wiíhouí omissiens.On tite other hand,
largedegneesof misrnatcit betweenihe genenaiinganO ihe
filied model, as representedby tite 2PL anO ¡PL
parameterizatiens,resulied in a deteriorationof ube ¡it. In

shoni, wheo tite sarnePC-BILOG options are used,tite ¡it
seemste be besí when the fitied model matches te
geoeratingmodel anO, witen the 3PL model is tuteOte dat-a

2 Thesechoicesmight be disd~tined¿ts nen-nealistie.l-lowever, similarcheiceswere madeby Sw¡mrmn-athanaodGiFerO (1983). 1-lamblelon

(¡983) er Baker (1998). and it siteuldbe kepí jo minO thai ‘neticos of what ‘realistie masnsaredeterminedby what availablepregrams
provide,andprognaisdo nol necessarilyprevidetire írue parameíersfor aoy datascíof reasonablesize’ (Mislevy & Stocking, 1989. p.
73). lo aoy case.Ihis type of nealisor is not nelevantte Ihe goal of this paperanO, in addition, the nesulíste be presentedbelow indicate
iNtí thepessibiliíyof a legistie parametenizatienef-a test is not hamperedby this choice fkr tire disiributicos of tIre gencraíingparametens.

It shouldbe rememberedthai likclihood is a funetionof ihe dalaaod.iheo, only compariseosacnessmodels fíted lo the smedat-a
are legitimate.Also. dineel com

1,arisenof valuesof — 2 cg L giveseoly a crudeindication of fil, but Iheir chi-squaneappnnximtienis
suspeel.Also notelhat, fer aoygiven dat-aset, eachfitíed model lies o a houndaryof Ihe nexí higher-dimensienalmedel,which funíhen
essens¡he validily ci —2 log I.~ís <roe ehi-squares(fon similar ireatieníof —2 Iog L , see Mislevy & Verbelsí. 1987).
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wiíit omissioos. ihe besí choice secmste he te treal
ornissíoosas wrong responses.Whetheren noi Ibis is tríje
in generalwill be leñ unexploredberehecauseit is beyond
Ihe geal of Ibis paper.

Table 1

Values of— 2 lc>g L ni Srudv 1

PilleO Model

CíeoenatingModel

3pL 31>1.-O

IPL 2842862 2783~87
2PL 2822086 2750389
3PL 281072t) 27482.93

3PL-C 28317,71

Table 2 sumniarizestite information previded by [he
apprexitn-alechi-squaí-eíndexof f~t fon eachítem.4 Because
degreesof frcedorn vauiedacrossíterns anO acrosslineO
uredels.Ihe p-valuesof the appnexinralechi-squaresiatisties

arereporteOinsteadof titeir values.As can be seco,[be ¡PL
paíaínetenizatiootesulís in peenenfits fon tire items,witb an
inipertanínuniber of <beni baving p-valuesbelew .05. In

cenírasí, the 2PL anO 3PL pzuameíenizaiionsresulí in
appnexim-alelyeqoallygeedfrís, witb oniy a few nrisfuíting
itenas. It is notewonthytbat whcn ihe 3PL-C mode¡wastitted
le 3PL-O data. thedeteniorationof fui indicatedby [he — 2
log L siatisítetu tibIe 1 doesucí showal Che itern level.

Using a modificO version of Yen’s (1981) cniteria fon
cboosingtire niosí appropnhííefitied model (amendedlo
replacea cempaniseoof tire nican valuesof ihe bern fil
siatisties wil.h a cempanisenof ítem meanp-values).ihe
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Figure 1. Relationsbetweeneslirnatedlogistie parametenswillíín cadi fitíed logístie íiiodel. (a) 31>1- dala, (E) 3PL-O dala.
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Table 2
4/caris aria’ Standard Deviañaus a/p- values, aria’ Nírmber
of Mísfirting Iremns (p c .05) iii Srudy 1

Filled
Model

GenentttingModel

3PL 3PL-O

Al SD N M SL) N

IPL 0.36 (1.29 13 0.42 0.33 8
2PL 055 0.28 1 0.60 0.30 3
3PL 0.55 027 1 0.60 0.28 2

3PL-C — 058 0.33 1

IP!. model sheuldbe rejeciedfer titese data,buí a decision
abeuttite apprepniatenessof tite 2PL vs 3PL modeíscaonot
be made from Ihe valuesof ihe statisticsreporteOso far.
The differencesbetweentiteseiwe latier parameterizations
arefuniher examinednext.

Figure 1 sbows ihe nelatjonshipsbetweenihe vanjeus
itetn parameteusestituatedwjthjn cadi ijited model. Eer
3PL dala (Figune la), fiiting ihe 2PL model results in a
negativerelatienshipbetweenestimateddifficulíy anO
discriminatien (r = —.45), whereasibis relatjensitipalrnest
vanisbeswhen [he ppropniaie3PL model is fitíed (e= .19).

It sheuld be rememberedtitat lnue difficulty anO
discniminaijonOid not beztrany relation (r = .07). In aOdition,
ihere is no evidenceof any nel-atiensitipbetweenpseudo-
chancelevel estirnatesaodthe two other 3PL parameter
estimates(¡rl < .14).

Ecu 3PL-O dala (Figure Ib), Ihe situatien is aol very
different fon the 2PL anO 3PL modelswhen emissjonsare

treatedas fnactienally cornecí responses(2PL anO 3PL-C
¡it, respectively).Yet, when emissionsareireatedas wrong
responses(3PL fjt), pseude-chancelevel estirnatesare
negatively nelatedte estimateddiscriminatien(e = —.65),
anOibeir spíeadaneundtite true value of .25 meneaseswith
increasjngestirnateddifficulty.

(a) 3PL data; 2PL Vs 3PL fU (b) 3PL-O dala; 2PL Vs 3PL fil (e) 3PL-O data; 2PL vs 3PL-O fil
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Eigure 2 shewshow the estimatesvary acrossfitied

medels.Fon 3PL O-ata (Figure 2a), 2PL anO 3PL Oiffietilty
estimalesare similar anOhigbly lineanly relaled (e = .97),
buí 2PL anO 3PL discriminatienestirnatesare nol seclosely
nelaled(e = .53), with valuesfon [he 3PL parametenizalion
being genera¡IylangerUsan ihesenesultingfnem[he 2PL ñu
The preseneeof íbis type el relationshipbetween2PL anO
3PL discriminationestimateswas regardedby Yen (1981)
as evidencethaI ihe2PL model is inappropniatefor thedata.
Fjnally. items fon wbich 3PL pseude-chaocelevel estimales
deviatethe mosí frem [he lnue value of 25 tenO te obíain
average2PL diffículty eslimates.

lo conírasí,fon 3PL-O data(Eigure2b) ihe presenceof
omissionsbre~tks up slightly therelatienshipbetween2PL
anO 3PL difflculty estimates(r = .93), ¡md brings tite 2PL
anO 3PL discniminatienestimatescloseriban [bey were in
tite absenceof omitied responses(e = .84). On ihe odien
hand. 3PL pseude-chanceleveis noticeably tenO te be
estimated well below Iheir inue value fon itenrs thai
sitnultaneouslyebíainhigit 2PL Oiffículiy andavenage2PL
discniminatieneslimates.The relatienshipsbelweeo2PL anO
3PL-C estimtes(Figure 2c) are similar le ihoseshewn o
Figure 2b, exceptthai 3PL-C pseude-chancelevel esíjmates
bear with 2PL Oifficulíy ¡md discnirninatieneslirnatesa
similar relation as iitey Oid for dala witheut omissions

(comparewith Figure 2a). Therefore,it would seanthat.
as far as-acompanisenbetween2PL anO3PL en 3PL-C ilem

estimatesjs concerned,ihe enly rneaningful diffenence
betweenIhe twe options fon tite tneatmentof emissions

shows in tite estimatienof pseudo-eitancelevels. Titis is
besí seenin Figure 20: tite differenl inealmenisof omissions
do not affect item difficulty estimates,slighíly affect
discriminatien estimates fon items of high estimated
discrirnination,anOsubstantiallyaffect pseude-chancelevel

estimates.
Te determinewhetherthesechanictenistiesaflecí itenas

within specifíc rangesof true parametens,ihe relaíionships
betweentrue anOestirnatedítem panarnetensweneexploned
wilhin eacitfitíed medel. Figure 3~s sitewstite relationships

betweenirne Oifficulty anO discriminalion anO ítem 2PL
eslimatesfon 3PL ½. Figure 3b deesihe samefon 3PL-
O dala. lo both cases,Oifficulty seemste be slightly
underestimatedby Ihe 2PL model, buí [he estimatesare
highly cerrelatedwith irne difficulty (e= .97 and e = .96
in Figures 3a anO 3b. respecíively) anO vintoally
uncornelatedwiíh lruc discniminalion (r = .23 anO r = .22).
Conversely,2PL discrimination estimatesare lesssírengly
nelated te tn~ediscriminaijon (e = .61 anO e .83) anO
íhey arenegaíively relatedte írue Oifficulty (e = —.56 aud
e = —.28). Consisíeníwiih Yen’s (1981) inlerprelation of
ihe way in whicit ibe absenceof a third pararneteris made
up fer when [he 2PL medel is fitied te 3PLdala, Figures

3a tinO 3b show ihat the underestimatienof 2PL
discniminatien aflecis items of hjgh inne Oifficulíy anO
discnimination.

(a> 3PL data; 2PL fit
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F¿gure 3. ReÑtions betweenluce a anO b and2PL estimates.(a)
3P1. davt. (b) 3PL-C daízt. Dasheddiagonalunes indicate tio
expecíedídentíly relalionshipbetweenIbe variables in lite abseisga

and dic ordínate.

The relationshipshelweentnue pacametensanOtiteir 3PL

estimales(fon 3PL anO3PL-O O-ata) en iheir 3PL-C estimates
(fon 3PL-O dat-a) areshewo in Figures 4a, 4b, anO 4c,
respecíívely.tu aH titree cases,difficulty estimalesarevery

close anO lineaníy relate0te irue Oifficuliy (e > .97), anO
they bearno relaijon te lnue djscriminalion (le! < .06).
Estimateddiscniminationsaneonly sligittly less relatedte
Ihe Inne values(.86 < r < .90), buí [bey de not bearany
relation te true difficuliy (Je! < .19). On ihe other hand,

pseude-cbaneelevel estimalesareuníelaledte true Oiffccully
anO Oiscnirninalion, excepí witen emissionsare ineated-as
wnong responses(Figure 4b), witere iitey sbowsigos of a
negative relation te lrue difficulty (e = —.49) anO

Ojscnirninatien(r = —.62).
As fon examinee~sbility,ibe relaticosamengtite estimates

eblained[¡orn [he vaijeus ínedelsfilted te eacbO-ata sel are
shewnin Figure 5, revealingthaIability estimatesare Mmost
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tite samethnoughout(r> .99). Figure6 shewsthat alí ability

estimatesarealsoabeulequalí>’ relatedte true ability (.92
< r < .94) no mauterwhich model wasusedte generatethe

dataerhow omissienswere treated.It js also clear from a
cempanisonof Figures 5 anO 6 thai ihe differeni ability
eslimatesare much closerte eacitether titan an>’ of ítem
is te irue abihiiy.

Conclusion

The main go-al of [ti5 firsí study was te obíain a 3PL
parametenizationof 3PL dala íitat ceuld set a standardof
companisenfon the panameíenizatiensebíainedfer O-ata
diffening from 3PL data in several aspects.In [he firsí
simulatien,whenedala weregeneratedte matcit both tite
parameterspaceanOihe responseprocesstitat ihe fitied
medelassurnes,Ihe 3PL parametenizaijonreceveredihetrue
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pananreiensreasonablywell. In tite seceodsimulation,whe¡e
generatingand¡tíedmodelssitanedtite panametenspacebuí
implied slightly Oiffenent responseprocesses,[he 3PL
panameterizatienceuldalso receveriheirue ptnameíers.In
botit sirnulaticos,the receverywas far fnom perfect, wiih

neliceableernorsin ihe iiem discniminatienpararnelersanO.
tea lesserexíení.in tite ítem diffieulty anO examineeaitihity

paramelers.Lo agneemeníwith nesulis of Yen (1981)anO
McKinley anO MilIs (1985), diffcnences helween2PL anO
3PLparamelenizationsweneminimal, aswere titesebetween
3PL parameterizaiionsebíainedwilh Oiffenenl epticos fon

tite ireaimeni el omissions.
Titese analyses have focused en the recovery of

panametersas well as en ihe relaiiensitipsamengesíjmaied
parametersacrossanOwiiitin filted medels.Tite jssueof the
recevenyof IREs (i.e., witethenIhe shispeof tite esljmaled
IRF approxinnatestital of [he irue IRF regardíessof
diffenencesbetweeoestimatedanO irue parameters)hasnol
beenaOdressedbecause¡he recovery of p~tramelerswas
jndeedsufficiently accurate.Titeseresulis citaractenizeihe

performance of logistie medel panarneler estimalien
tecitniqueswhen generalinganO fitíed modeis matchor
almost matcit. The nexí síudy exploresitow titeseiechniques
behavewiten ihe differencesbetweengeneíatinganOfitíed
models aremore dramatie.

SiuOy 2: Fitiing Logislie MeOcís te Finite Siate
Polynomic l)ata

GeneratingModeis

Bach of tite twe O-ata seis un which Ibis study is based
wasgeneratedusing a djffenent finite st-atepolynomic(ESP)

medel.A thorougit descniptionof ihesemodeiscan be Ibund
¡o García-PérezanOFrany(1.99la), buí a bnief intreOuctien
fo!Iews. FSP modeis wene developedin Ihe coniext of
íneasurementel educationalacitievement,anOtitey include
tWóéÑáitiiieé’~átá¡bbtersanOan iíem parameieí.Tite main
exantoceparameler,X (0=X =1), represenisabilily en level
of knowledgeanObearsno relalien lo its logistie counterpani
0. In finite sl-ale iheery, X siandsfon tite pnepentienof

statementsabeuta subjeci maiter whosetruth value tite
examíneeknows. Thus, unlike O in logistie models, X is
dinectly interpretableas tite proponlion of knewledgethai

tite examineeitas. (Gui of ihe contexíof Oomtio-refeíenced
testing,en simply te avoid saínplingconsidenaticos,a less
siningení definitjon of X is thaI it is lite propontion of
siaternenisen a tesí [itat tite exaínineekoows.)Go a [cM, a
síatemeníis repieseníedby ihe cempletionof mr itern stem
wilh any ene of its responseepticos. ¡‘bus, tite probability
of ~snexarnineesidentifying a iandemlyOnawo optien in a
nandomly Onawn ítem as tite ceiíectansweren a disiraetor

h’drcrnnarc, c.rinn ;tpii, ,.koroí.t>.r,c~,’c Unir
1’,

The ESP tena difliculty parameter8 (0 < 8 < 1)
modifies Ibis probabiliíy. Like X, 8 bearsno relation te Is
1 egi st i e conolenpant b. It chanacterlzes ile rn s mona tite
difficult (8 —. 0)to tite easy(8 — 1), tinO joleracís witit
X te determineihe probabiliiy of an examineesidcoíifying

ito option in it cenlain ilem as i Is correcí answer en a
disinaclor. García-PérezanO Erar>’ (1991a)prepeseda
maihematicalform fon tite interactienbetweenexanamnee
abilil>’ anO tena Oif¡icully. huí titat equatienxvas later
itnaendedby García-Pérez(1994). Here we will adopítite
latier fon so thai tite probabili[y thaI an exanaineeof

abi 1 il>’ \. kíío W5 ilie trurlí value o/oíl oprimí i n an itern of
difficulty 8~ is

1>•• = x. —1~~8tI 1 (2)

Titis equationitas a more naitiral iotenpretaliontitan tite

original prepesalbecausetite cifecis of X anO 8 are
synameiric.Specifically,fon a statementof averagediflicuhí>’
(8 = .5), tite prebabiliiy thai an exanaineeof ability 1v knews

iís írulh value becomesjusí >v; similarí>’, fon an examineeof
averageabilil>’ (1v = .5) lite probbility thaI he/site koows

tite iruth value of a siatemeníof Oifficuliy 8 becomesjusí
8. In otiter words, an exambnees1v is inlenpnelableas tite
probthilily of itis/her knowingtite iruth vitííe of sttíenaenís

of averagedil¡iciílty, whereasa statement’s8 is interpretable
astite probabilil>’ titai jis truih value be knewnit>’ examinees
of averageability.

Go a mulliple-cheice lesí, lite probability thai an
examineeresponds-correerlv te an item is delinitel>’ it

funetionof litis basicprobability as applied le eachof tite
opíiensin lite ilem. buí it alsedependsen a nunaberof otiten
facíors, amengwhicit guessingis included.Titis culIs fon

ihe secondexamineeparametel; y (0 =->‘ = 1). which
represenistite examinee’swilliocioess “uesswiten unsune

U, .10

of tite answer,regaídlessel how naaoydistíaeiorstite>’ had
lite koowledgelo ideniify. Titis parameteritas no parallel
in logislie urodeis anOrepresenistite pnobabilil>’ thai an
exanaineewiIl guessal randonaanaongtite unclassi¡ieO

bjitíbhá{ás~ óf4iÓ~éOiib óntittibgísvhtÍi úúSOte f tite’ ÚÓíT 1

answert.o an 1cm.
García-PérezanO Erar>’ (1991a)Oiscussedsorne otiter

asstmmptionsaboul examineebeitavieranO tesí anO ilena
characíenistiesnefleclingfeatunesof tite testing situation thaI

can be takenmío acceunílo dejive ¿~ rnalching ESPmodel.
Titese assumptionscover tite guessing slnategy of tite
examinees,tite numiterof oplions per ítem, tite nelative
ideoti¡iabiliiy of correcíanswensvs Oistn-actens,[he formal
of administration of tite lesí, anOolber iíem citanacteristies
sucit as use el “noneof tite aboye’ (seealseGarcía-Pérez,
1993; García-Pérez& Fían>’, 199W). lite>’ utlso exenaplified
tite procedore br Oevelepi ng ESP modelsanO provideO a
number of medels thai i neorponatedifferenl sets of

assumpl.íons.lwoof titesewere selecíedfor tite sinaulaticos
r~rr’p,l nicí hnr,.
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Data fon tite secona’ simulalion wenegeneratedusing
Equaliens3a-3cof García-PérezanOFnary (1991a).Titose

equaíions embod>’ tite medel for a feun-optien tesí
administeredwiih ihe conventienalfonnaat(i.e., asking
examineeste mark tite corred optien). jo which dislraeíers
areas easily classi¡ableas correcíanswers,anO where
examineesguesswithout fellowing an>’ consislenístrategy.
Titis type of examineebeitavienwasreferredloas randoin
oníission (RO) it>’ García-PérezanO Erar>’ (1989). Tite
eornespendinggeneíaíingmodel, witich we will refen lo as
FSP-RO, is given by

e —p4+4p3. (1 —p.) + 3p~ (1 —pj2 + —7—-—p2 (1 —p )2y +
0 1 0 CI .1 3 2 ~

-3

‘~ 2 U U ~ 2p&(1—p&Vy.-i- ~ (1—w..=—p211 —p..)2y.-4- .‘ 4

probabilities of a wnong responseanO an emissionanO, in
general,fon ever>’ enicemethaI ma>’ eccurunderun>’ ferrnat

of dnainisíration.
Datis fon tite jirsí simulationweregeneratedby a varianí

of ihis meOcí witich djffered oní>’ in thai examíneeswere
assumedte aliempí alí tite items by guessingwitenever
neeessar>’,a beitavionthaI wasreferiedte asnuníbercorrect
(NC) it>’ García-PérezanO Erar>’ (1989). Titis behavioris

ofíen enceurageden evidenceof tite ¡najen effects of
differeniial guessingsínategiesen tesí seores(Albanese,
1988: Bliss. 1980; Cross& Frar>’, 1977; Rowley & Traub,

1977; Slakter. 1968). Tite equationsfon titis generating
medel. witicit will he neferred lo as ESP-NC, are

straigittforwardl>’ obluinedfrom Equauions3a-Bc it>’ noting
[bat NC beitavienmakesy. = 1 fon ah exanajnees.When thjs
substitution is naade,tite nigití-hand side of Equation3c
¡educeste 0 anO, not unexpectedly,tite medelneflectsthai

(3a) enaissionsdo noi occurundenibis guessingstrttegy.

Note thai, as a censequenceof titis ehoiceof modeis,
Ibis siud>’ alseused a O-ata set in wbich itere were no

>~ emitied responsesanO a Oata set in witieh Itere were

(3b) omiss¡ons.

True Pararncters
u —3p2(1 p.¿§(1—yjl+3p..(1—pj3(1—y¿l±

U ti U 3 U U 3

—pP (1—y-)(1

wjth p
9 as in Equation 2. Equaliens3a-3c,respeclivel>’,

represenítite prehabililies thai un exateineeof ability X1
andwillingness te guess~ respondscorrecil>’, wrengly, en
leavesunansweredan itena of difficulty 8~. Figure 7 pleis
tite [RE of EquationSa fon vanleusy ¡md S. Note thai, itt

addition te previding an equatienfon tite pnebabiliíy of a

correctresponsete an tena undertite cenditionsassumed
fon tite tesí, ESP medeisalso supply equatiensfon tite

(a) y=O (b>y= 1/3

Fon botit simulaijeos,500 valueste nepnesentexamjnee
abjljties were randenalydrawn te be uniformí>’ disinibuted

(3c) in (.1, .9). Anetiter setof 500 valueste represeníexaminee

willingness le guess was generatedte be uniformí>’
distributedin [0, II. Item difficulíies weregeneratedte be

unifeimí>’ distribuiedin (.1, .9). Tite observed1v distribution
baOa meanof .520 anOa standarddevjatjon of .227, witit
a mininaunaof .103 anOa maximurnof .899; tite observed
y distnibution í-angedfrom 001 lo .999, with amean of .501
anOa standanddeviationof .288; 1v anOy cornelatedr = .04.
Einally, ebservedSsrangedfrorn .104 te .886 witit a mean

of .529 anO a stanOarOdeviationof .234.

(e)y=2/S (d)y=1
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Table 3
Valuesof— 2 Iog L iii Síudy’ 2

GeneactingMoOel

PuteOModel FSP-NC FSP-RO

1 PL

2PL

3 PL
3PL-C

22484.12
2240622
22334.31

2323131
23172.29

23182.51
2326397

Resulisaud Discussion

Table 4
Means aíícl .Sraííciard De í.’iarions al p— values, aííd Number
o/ Mis/hri;íg heííís (¡‘ < .05) ¡u Síudv2

Filíe,]
Model

(ieneralingModel

FSP-NC PSP-IZO

Al SL) ¡V Al SL) A’

IPL 0.44 032 3 (156 028 0
2PL 0.55 0.28 1 0.65 0.26 0

31>L 0.64 (127 0 11.59 0.24 II
3PL-C — — —- 0.71 0.25 1)

Valuesof — 2 log L for ah tite medels fitted in each
simulatien are shewnin Table 3. Within eachdataset, [he
valuesof — 2 log L resulíingfrona tite Oifferenl finteO models

are rnucitclosertegetiterlitan lite>’ were o lite previoussiudy
Fon FSP-NCdala, tite value of — 2 leg L improves b>’ 77.90
wben tite 2PLmodel is fitíed insteadof tite ¡PL model,anO
it>’ 71.91 witen tite 3PL medel is ¡licO inste~tdof tite 2PL

niodel. Fon ESP-RGdata tite situalien is rnucit tite sanae,
inclutíiog tite worseningof tite fi witentite 3PL model is ¡íleO
it>’ consideringenaissionsas fraclionalí>’ cornecínespenses.

Apprexinaaie tena citi—squaresttstistiesareprovided in
tibIe 4. As in lite pnevieusswOy. Ion betit O-ata seIstite IPL
model tendedte flí wonsetitan lite 211 en 3PL meOcís,botit
of whicit Oid abranequalí>’ well.

(a) FSP-NC dala
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Compariogtite patierosin Tables3 anO4 wjlit ihosein
TaNes 1 anO 2, enewould be tempíedlo sa>’ thai logistie
medeis fu FSP O-ata beiter titan tite>’ fji legistie O-ata!
1-lowever, tite Oifferent dat-a anO tite diffeneoí purameler
sp-acesjovolved in eacit genenatingnaedelnaakean>’ sueit
cenaparisonunfainGuiten ESPmodelsenetiter Oisiribuiions
fon tite irnepanameíersceuldpessiblybe feund thai weuld

reverse[tese resulis. lo -aoy case,tite cenclusionthai can
reasonablybe drawn fnom titeseresulis is titat tite form of
tite genenaiingIRE ¿md ils asseciatedpararneterspacegoes
unneticedte tite legislie funclien fiííing precedure:logistie
modeis cuso ¡it FSP O-ata at le-así no wonsetitan tite>’ ¡it
legistieO-ata.

Applyiog again tite ahove-mentionedversion of Yen’s
(1981)¡rsí stepte delernriningwitjcit logistiemedel is mene
appropniate.fnom ihitle 4, oneweulddiscandtite IP[> model
en tite basisof iís comparalivel>’ Iower meanitem p-value
andtite simiÑrit>’ of tite meansfon tite 2PL anO3PL modeis.
Again, an ¡malysisof tite nelatiensitipsbetweenestimated
2PL anO3PLparametenswiII be necessaryte decidebetween
tite 2PL anO3PL models,an ana!>’sis [bat, in ibis case,wiIl
also reveal itow logistie funetion fiííing proceduresOress
tite FSPparameterspaeein logistie costunre.

Tite nelaíiensitipsbetweeoeslimateditem paranaeters
within eacit tuteO medelare sitown in Figure 8-a fon FSP-
NC O-ata anO in Figure 8b fer ESP-RGdata.In comp-anisen
wjtit analogeusplets for logistie datain Figures la anO Ib,

the oní>’ difference seemste be thai Ihe nangeof tite
esiinaated2PL and 3PL discriminatjeos is sonaewhat

nusnnewen,anOOre estinrusted3PLOiscnimin-ationsaresligittly
sitified iowandslower valuestitan wasfeund fon 3PL data.
Taking ibis míe consideratien,alí plets in Figure 8 look

ver>’ much like titose in Figure 1 afier ut sitninkageof tite
item diseniminationrange.

Tite relaíionsitipsbelweenestinaaíedjtem pusrametens
acrosstuteOnaedeisareshewnjo Figure 9. Resulísfor FSP-
NC data(Figure 9¿t) arever>’ muchlike nesulis fon 3PL dista

in Figure 2-a if tite sitrunken itena discrimination rangeis
takenmío acceuní.Eslinatited2PL anO3PL difliculties are
rnore sinailar te une isnelbenthn estjmaíed2PL anO 3PL

discniminaijeosare. Also, iiems fer whjcit tite eslinaaied3PL
pseude-citzsncepar-ameiersdeviate tite naesí frern tite
maximal chancelevel> of .25 lend lo be assignedhigh 2P1,

Oiffículty estirnatesanO lew 2PL discrirnintion estimules.
Fon FSP-RG Oata, Figure 9b shewsestimated2PL

pananaelensisgainsíestimuite,]3PL panameíersobíainedwiten
omíssions-are regardeduss wneng responses.Presenceof
omissinnsitreadenstite rangeof estimateddifficullies fon

bethfitied medelsanOfuntiter shnjnkstite rangeof estimated
2PL anO 3PL discrjminatiens.In comp-anisenwith Figure
9a, estimated3PL anO2PL Oifficulties nemajnclose lo ene
anotiten, anOestimaled3PL ¿md 2PL Oiscrinainaíionsare
more tigitíl>’ packedtitan tite>’ were in tite abseoceof
ernissiens.Go tite otiten itanO, anO paralleling witat was
OiscussedabeutFiguíe2b jn tite pnevieussiud>’, 3PL pseude-

chancelevel estinaatesarebelew tite liteeneticalchancelevel
of .25 fon iterns wjth higit estimated2PL Oifficulty.

lf omissionsaretreatedas fractionallycorred responses

(Figure 9c), tite nangeof estimated3PL-C discriminatiens
sitninks, anO estimated3PL-C pseude-citaocelevels sitifí
backte tite samenelatioositipwitit 2PL difficulty estimates
as tite>’ bore in tite absenceof omisstoos.

Figure 90 shows tite nebtionsbipsbetweenestimated
3PL anO3PL-C iiem panameterswiten itereareomissions.
Jusí as was poiníed euí fon 3PL-G datus in Figure 20,
dilficulí>’ estimatesarever>’ similar acrossboth filted medeis
(r = .99), discniminatienestimatesare oní>’ slightly Iess
similar acrossmedels (r = .94), anOpseudo-citancelevel
esíinaatesis where beih optiens fon tite trealmení of
onaíssionsOiffer tite mesí (r = .75).

Fon titese generatingFSP models, il is rnereintenesting

lo see itow lite \‘anious item panametenestimatesnesulting
fnom fiiiing legislie naedelsrelate te tite single tnue itena
panameien8. Figure 10-a showstiteserelatienshipsfon FSP-

NC dala. Estimated2PL difficulty is higití>’ negaíively6
relaledte true8 (r = —.96), anOesiimated2PL discnimination
is positivel>’ relatedlo tnue8 (r = .50). Witen ihe 3PL medel

is fitted te FSP-NCO¿stus, tite nelationsitip betweentnue O
anO estimatedOifficulty nemains tite same (e = —.96),
estimaledOiscniminiion becomesslightly negativel>’ nelated
te inue 8 (e= —.44), anOestimateOpseude-chancelevel fails
te helO aoy naeaniogfulrelation te true ¿ (despitee = .27,

possibly becausetite spneadof [he estimatesareund.25 is
breadenwhen 8 is below .5).

Tite nelationsbeiween8 anO estjmatedlegistie partrneters

from FSP-RGdataaresbown in Figure IOb. Tite nelation
betweentrue 8 anOestimated2PL Oiffjculty is similar te
wb¿síit was in tite absenceof omissiens(e = —.98) buí tite
relalíen wilh estirnated2PL discniminationvanisites(r =

02). When tite 3PL model is filled treatingemissionsas
wrong responses(3PL fu), estimateddiscninainationis
negaliveJyrelatedte iníje 8 (r = —56), ¡md estirnatedpseude-

chancelevel is itigití>’ positivel>’ nelatedte true 8 (r = .87).
When tite 3PL-C naedelis tuteO, tite relaíionsbipsbetween
inue 8 anOestimatedlogistie paranaetersareabouttite same
as titose feunO in tite absenceof onailtedresponses.

Bear jo mio, thaI, jo PSPmodels.8 is lite col>’ ilern paranacler.lo addition. as Figure 7 shews,tite titeoneticulchancelevel will jo
general he diffe,-cnt fon dilfereol examíneesitecauseit equalsy

1bí, u being tite nunaberof opticos jo tite ilein.
6 Bear jo mio, thaiS jo PSI> medelsdeereaseswilh increasjogdíffículty, whereuís1, jo legistie models increaseswilh ínereasiog

Oifficu It>’.
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(a) FSF’-NC data; 2PL va SRL fil
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Figure II. Relatienshetween estinaudedlogislie abililies aenoss
modeisfitíed le eaehduda setDasiteddiagonallines indicate an
expecíed ideniity relalieositipbetweentite variables o tite bscissa
anOtite ondinate.

Figure II showsthai tite vaniousOs estimatedby fittiog
logistie modelste FSP-NCanOFSP-RGdat-aareas linearly

rel¿tledas lite>’ wene fon actual 3PL datajo Figure 5 (r >

.98). Figune 12 sbews,itowever. thai neneof thern is as
ligitil>’ relatedte actual1v (.93 < r -< .96). Li is interesiingte
note titisí estirnatedOs wene unnelatedte tnue -y (an jnnelevaot
f¿íetor for tite purpeseof abiiity estimastion)fon FSP-NC
dala (hl < .03), buí for FSP-RG dalaIhey wereposiíively
relatedte írue y (e .23). In otiterwonds, wheo emíssions
areallowed, examineeswiih higiten propensitieste guess
will spuniouslyobíain higiter logistie ability estimates.

Conelusion

lo ah relevaot respects,tite resultsof Siud>’ 2 are

equivaleníte titeseof Siud>’ 1. Tusbles3 anO4, anOFigures
8, 9, anO It for VSI’ datasitow siatisíles anOnelatiensitips
titai Oo not Oiffen frena what PC-BILGG producesfon aclual

FSP-NC dala

3PL O-ata (comparewjtb Tables1 anO 2, anOFigures 1, 2,
anO 5). lf Yen’s (1981) crjteria wene used, ene would
ec)neluOethai tite 3PL model fiís ah dat-afrem Study 2, anO
tite 3PL paranaeterizationweuld titen be used,Tite Ireuble,
howeven,is íh-at its referenícoostructsde not exisí in tite
realit>’ thai generatedtite O-ata.

Of ceurse,Figures lO anO 12 sitow thatestirnatedlegislie

Oifficulty is higití>’ nelaledte true 8, anO titat estirnated
logistie abiliíy is alse itigití>’ relaled te true 1v. Titen, ene
migití íitink thaI itere rnust be transformMjons—witichItere
tire nel—tital will transiatelogistie bs mío FSPSs anO logistie
Os mio ESPXs, anOviceversa.InOecO, Itere is no wa>’ te go
from eneparameterspacete tite etitenbecausetite legistie
partímetenizationretunostwo extra“estinitites” of fictitieus
panairneters(jíem discriminatientinO pseudo-chancelevel)
anO ftuls te estirnateeneof tite -actualpararnetens7(-y). Note
alselitat lite recoven>’of IRFs cannetevenbe siudied when
legistie meOelsarefinteO lo FSPdtta, becausetite Oomains

of írue anOestimatedIRFs areinconirnensuntíble.

Genertl Diseussíon

It is peritapssurprjsing thai te aiiernpt te fil logistie
funclions witenetite>’ de noí belong can succeedwitit such

flying eelens.Ii seenastitat in tite absenceof un external
clue as te wit-at type of IRF anOparameterspacegenenated

tite dala, trying te ¡it logistie functionste ítem is nol going
te previde ene: BILGG producesestirnttesthai beartite
sarnerelationshipsarnongeacit etiter witeo tite input are

eititer logistie en ESPdata. lo otiter werds, applicatiooof
an off-tite-sitelf cempuier pnegranafor logistie medel
paranaeterestimaijonproducesoff-tbe-shelfnesulis negardless

of how sjmilar er Oiffenenttite generalingnaedelwasfnom
tite weuld-belegistie model.

RoutineanOpragmuitisrnguidetite adoption of logistie

IRFs, anOmesí usersarecentenífitting Ihesefuncíjeoste
titeir Otita. Actually, Lord (1980, p. 31) explicití>’ expressed

FSP-RO dala
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ibis pragmatieorieníaijon lewardsa preferencefon legistie
IREs witen beelaimedthai “justificatien of ítem useis le be

sougitt in ibe resultsacitieved, ¡reí o furtiter n-atjonalizatioos.”
AÑo, HambletonanO Swarninusihan(1985, p. 162) peloteO
eut thai “ilera responsemodelsare efíenchosenas tite naede

of analysisin ordente eblain tite ztdvaniages[of IRTI’ Some
¿tuíitors eveo regard Ihe capability of fitíing O-ala as a
manifeslatienof tite malunil>’ of IRT (Thissen& Sieinberg,
1984,p. 518). UnderIbis “goed-flí-above-alí-else”pitilesepity,

juslificatien fon tite useof logislie funcijeoscould be seugití
in titeir “success”ti panameterizinglite FSPdala iii Study 2.
YeI, it is nel clear witaí kind of suecessIbis is. An

investigatienjote tite beitavienof algenititrnsfor ¡tung legistie
funcíions is undertakennext.Alse, sorneliteoretical anO
practical ceosequcocesof hunO aditerencete logistie IRFs

arecernrneotedupen,anOtite citarucienistiesof FSPIREs, as
alte¡-nativeste legistie IREs. areb¡iefly discussed.

Will LogistieFunctionsA/wavsFit TestDala?

TUis questionneedssornequaliftcatien,sinceji is cle-an
iitat legistie niedelswill 001 fu dalathai arenetapproxirnately

Gutimanscusl¿sble,aodalsetital lite 1 PL anO2PL medels¿ve
sernetirnesrejeetedin favorof tite 3PLmodel.Heweven, litis
is nol tite issue.For eneíiting. given tite nesleditierarcity of

logistie naedels,no enesiteuld be surpnisedthai tite 3PL
model fiís beiter titan tite 2PL model whicit, in tuno, fjts

betier titan tite 1 PL model. ‘Pite issí¡eis witetber alí íbice of
thern can be feundte be “net-the-rnedels-that-genenateO-uhe-
data.” In view of tite resultsof SIud>’ 2 aboye, it is haráte
inaagineitow ibis ceuld happeo.

3PL data
(a)

ALe, it is failacicos Ihat legistie funcíioos will fu
evenytlíjoe. It is well known thaI betíenfits aresenaetirnes

ohíainedwiteo a few iíems thai seenate depanífrona lite
tuteOmojel arednopped,a practice tU¿sthasbecocriticized,

appanenilywitit little impací, by Goldstein(1979) anO Traub
(1983). The resulisof tite finsí sirnulation o SIud>’ 1 sitow
thaI ene siteul,] expecí te finO a few appaneoliymisfiltiog
íternseveowhen lite duda aregeneratedit>’ tite model te be
lítIcO. Titenefore.ítem eventualoccurrencejo tite ¡tung of

locistie medcíste ueal tesí dalazevealsstandardperlbnmance
of tite algo¡-itbnaaoci givestidded enapitasislo tite poiní iituut

eslimation aleenititmsrnerely ir>’ te naaxinaizeoveralí fil,
even ai tite expenseel itaving lo lag sorne iterns as
misfiliing.

Mereoven.tite estirnalionalgoniíhnaseenasindeedte

focus en obíainiog ability estirnates with a centain
disínibulion, ebiaining along tite way whatever itena
pananaetersa¡enecess-¿íryte achieveIbis goal.This preference
sbows in thai. ion an>’ given dat-a set, estimated ilem

pa¡ametersVan>’ naucitmere litan examíneeparamcters¿~cress
filted orejels(seenelaticusbetween2PL anO3PL estirnates
of b anO a in Figure 2, anOcomparewith tite mueit tigitter
relaticos beíweeo2PL and 3PL esljnaatesof O in Figure 5;
lite síme bolOs fer analegeusre!alionsanisiog from FSP

dalain Figures 9 ¿sud II). Figore 13 sitews bistogrztnrsof
tite logistie ability estim¿ítesobíainedfrem eaehfinteO naedel
fon eacit dataset, clearí>’ reveaiing thai eslimatedlogistie
abilities wind op itaving rougbly tite sumedisíributien.Fon
legistie dat-a(Figure 13a), ihebell—shapedforrn of titese

disiibuticos naigití be Iuíken as-anaturalcensequenceof lite
fact [bat tite dala were generatedfrona irue Os lital were
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normal!>’ distnibuled.Tite in¿tppropdatenessof tbjs conelusien
shews un Figure 1 3b, whicit tuse reveaLs bell-situtped

distnibutionsof estimaledlegistie abililies despitetite actuzíl
uniform distnibistionsof tite generttiogFSP 1vs~

Provided [baí sorne basic assnnaptiensbolO (see

Rosenbaurn,1984), it is easy te undeistandhow logistie
medels fit O-ata so efficieníly. IRT uses ver>’ powenful
functioo-fítting procedureslo finO IRFs by seanchingfon ihe
bestsolutien in tite av¿íjlableparameterspace.Logistie IREs
define -a bugepararneterspace-anO de not incorporatean>’
constrainí (in lite íonm of variables whese values are

empinicail>’ naeasuredindependently).With so rnany degrees
of freedom,no empirícally-ceostrainedindependentvariable,
anO aveíy powerful tuoction-fiíling algoñthm,it is no wonder

[bat selulionsarefound. Undentitesecincumstances,.thuiure
te flí [he datais witaí weuld be surpnising.

Titis potential fon ¡tung dat-aderivesfrem an observation
hy Lord anO Novick (1968. p. 369), aecerdingte witich
“wbeneveran>’ single LIRFI isa monolonteíncreasingfuoction
of 6, it is alwayspessible¿mdpcrmissib]ele tnansfonmO
menoíonicallyso thai [be chanu¡eteristiccurve becomesa
normal egive.”1-lence tite powerof nornaulegive modeis(en
legistic naode]s.fon thai matíer): the functien-fiitiog algonitbins

implicití>’ applyibe necessaryIrtiosformation of lite auíbentic
ability se-alein oi-Oen te producetite Os thai logistie models
require.Titis processunderliestite traosformationof Xs mio
Os witen lite logisíic model is tUteO te FSPdat-a. Tite forfeit

is thaiO becomesoní>’ anordinal me-asurebearing¿tsr unkíiown
relation te tite aulbenlieabiliíy.

A re Logistie Modeis Testo/ile?

13>’ fiiíing lecistie medels te test data, ene merely
determineswhetherparanaelerscuso befeund thai will m¿íke
Ibis gene¡alframework acceunífon tite O-ata. Tite searcitfon
punanaetereslinautíesis made.using ihe preceduresreferred
lo in tite previousseclion, in ¿1 way ib-al maximizesa goal
fuoction which previdesene of tite possiblesetsof besí-
fitting paranaetereslimatestAfíerwards. tite goednessof

tite ¡it is measuredby nraking useof titose estimates.Titis
procedureinvolves acincula¡iíy (García-Pérez,1994; García-

Pérez& Frar>’, 1991a; Goldstein & Weed, 1989) which
naakesit unlikely íitaí lite goedness-of-fittesí ma>’ resulí jo
a necemnaendationte reject tite medel.

Testing amedelis different frote fitting il (Mtnascuillo,
1988). It iinplies seekingindepeodeníenapiricalevidence
suppo¡-tingsemenaedelprediction. Fiiling a medel merel>’
implies fencingtite O-atamíe a titeoretical sebemewilb tite
itelp of suiíably chosenparameters.Fitting a naedel[tau itas

beensuecessfullytesteOis legitimale, buí ¡iting a medel
by fiai is net In ítem preseníferm, logistie modelsarenel
leslusbie: tite>’ canoel make aoy testableprediction beJbre
pararneterestínraison.Tite modeisdo nol incorporatean>’

observableindependenívariable. anO ení>’ eneobservable
dependenívariable(abinary responsete tn 11cm) is involved.
Agutio, it is not surpnisiogihutí presumed“tesis’ of tite medel
using par¿umeiersthai wereestirnatedte ¡it tite dataconfirm
íitaí tite Iii wasactual!>’ obíained.

VV/mtAre rAe Censequeuícesof Inappropriate Use of
rAe 3PL Model?

Sememisioterpretationsthai resulí[nonatite [aflore te

¿tcknewledgetite naetapitorienatureof legistie modelsanO
iheir paramelerspacecan easily be [naced. Fon insiance.
wben 3PL modelsarefitíed lo real lesí daLí, psaude-chanee
level estirnatesa¡eeftenfeund te it-ave valuesfan from tite
íiteoreíical chanceleveis. Titis itas beenlaken as evidence

thai examineesof low abilil>’ areattracledtew¿srdsdistractons
in sorne itenis, [bus perfonrningbelow tite guessinglevel,
witereas,en otiter itenas,evenexamineesof low ability cao
elinainate sorne distr-aetors, [bus bniogiog lite lower
as>’rnptotesaboyetite guessinglevel (LenO, 1974). However,
Ibis interpretatienseundsas appealiogas it is unrealistie:a

loek at Figure ¡ sitews thai tUis effect alseoccuns jo a
simulatíenjo witicb [itere were no real itenis, distracíers.
en ex¿smsneeste elimin-ateen be tuinactedte titeas, tinO where
lite true pseudo-chaocelevels were set al 0.25. Figure 8

shewstite s-<smepuíttem lo a símulationinvolving a response
p¡ecessanOa pararneterspaceetiter titan logistie. In view
of Ihis, tite only sensiblewa>’ te interpretthesefluctuations
is titat tite>’ are¿soantifacíof lite fitling algo¡ithnathai dees
nel revea! an>’ undenlyingreality.9

Sirnil¿írly unfeondedconclusienswere nauseOby Thissen
anOSteinberg(1984). Titeir model fon multiple-citeiceilems
resulísjo nen-menotonietrace lines (¡REs) fon tite corred
optien jo someitems.Tbis ¡nadeítem introducelite concepí
of “pesitivenaisinformaíion,”witicit would permii low-ability

examineeste give lite rigitt answerfor [he wrong nc-asen.
Agalo, lite inlerpretaiienseundsreussonabletiod naayimpí>’
¿5 pitenomenonthai exisís in nealil>’ buí, inste¿íOof loeking
fon direcíempinicalevidenceof tite -actualpitenemenen,tite
expíanalienwas acceptedal oncewititoui furtiten ade jo

ordente aceenimodatetite outconaesof a naedel litat tite
datawasforced le flí b>’ fiat.

Finalí>’, Yen, Burkeí. tinO Sykes(1991) it-ave sitown íhat
tite likeliheod equationfon a non-trivial ímount of real

¡esponseveclors le mtílliple-citeice itenis underlite titree-

Alternari-te seis of estimulesareehiusinedby clxanging lite gual funclien o tite paramelerestinralionmedicO.

Tite feregoiogdiscossjon doesnot den>’ tite exisíenceof punía! information anO mísinformation.II simpí>’ clamastital flucluatinos
of lite estímistesof ¿. ¿mono,]lite titeorelical citaneelevel hu,venolití ng tedo wi ib ítem.
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par¿tnaeterlegistie model ma>’ it-ave several local maxirna
of similar magnitudeti widely differeot abilil>’ levels. Tite
obvieusceosequenceof titis citaracíeristieisa oecessary
joínodííeíienof oncertainí>’ in ability eslimation.Altheugit
ení>’ eneof ibesewill he-aglobal mtiximurn fon an>’ Iven
responsevector, tite>’ also shewedthat LOGJSTOíL) no!
alwaysfinO titis glob-al maximum,anO tite>’ weneunablete
determinetite ceoditionsnoderwhicit tite gleba) rnaxirnum
would be feund.Tite>’ ¿tcknowledgedthai Ibis st-ateof affairs

15 unsuit>sfactory,buí tite>’ alseexplainedawaytite prebleor
by claiming titat tite eccunenceof mulliple maximain tite
likelibeed fuoction ter a particularresponsevector indícates

ihat, raiher titan being incensisleolwitit tite model.. tite
responsevector is coosisteotwitit tite modeL in more titan
eneway: tital responsevector migbt aniseciten from itigb
abiliíy er fnern low ability combinedwitb successfulguesses.
Yeí, no direcí empirical evidence was previded te
substantiateibis intenpnelatioo.

Tite tUnee examplesjusí meoliened derive frona an
endemie featune of logistie models: tite disregtrd Sor a
representttionof tite responseprecess.Prtial ioferrnalion,

naisinformation,guessing,emitíing, etc,are fbi pneperly
nepreseotedin ¿t model witicit simpí>’ st-atesthai [hepnobabilít>’
of a cerrecíresponsete an iiem is given by a ne-asonable-
looking funetion of ilí-defined parametens.Tite situation is
speci-allytreublesomewiteo tite model is askedlo fil dula

seIs witere guessinghasbecopail of lite responseproeess,
anO whereornjssjonsma>’ alsohaveoceurred.Phis sjtuation
leO Baker(1987uí, p. 135) te denatiodthai “sorne clientsiteuld
bedevotedte Oevelopinga new¡redelte copewitit tite issue
of guessing”It is notewonthyhow difficult it itas prevedte

investigateanO determinetite eft&t ofonaissiensenguessing
en logistie fil. Titis is simpí>’ bec¿tuseItere is no prescniption

as te how titis siteuld be done: itere is no rnedei-consistent
way of iniroducing emissit)nsen guessingjo a O-ataset. lf Ibis

is done, it can be done jo vanieusways (cg., Lord. 1983:
MisLev>’ & Bock, 1982; Wainer& Wright. 1980; Waller, 1989)
euscb of witich affectsfu differently.

Tite simulatiens in Siud>’ 2 previde tite it-asís fon an
assessmeotof tite consequencesof using tite 3PL model
when jt deesnot bolO (iteweven well it fiis). Tite lesses
asseciatedwitit netusing ihe aOequatemodel areespecialí>’
drmaiie en titeereticalgreunds.Acconding te Gulliksen
(1961, p. 10J), psycitenaetricmedelssheuldestablisit ‘lite
relttion between tite abilil>’ of tite individual anO itís

observa!seoreen tite lesí’’ Buí esiablisitiogtitud relatiensitip
inapliesuín exercise u suitstaotivetiteen>’ ¿mdmodel building

beforeaoy function¡ is filted te tite O-ata.
Tite firsí advantageof using a theonetic¿tllysound anO

ernpiricalJyappropriate¡redel is lb-al clusinaste lite effect
thai an examineeitas un abiliiy of, s¿ty, 0.7 would be
meaoingful. lo legislie models,O deesnel itave unjís of
measurenren!,non is ir MareO te an>’ quanritalive¡reasure
of knewledgeor abilil» bOceO,LorO (1975,p. 205) defined
tite tbulity sealeu,s “tite sealeen witich alí cerncitar¿tctenistic

curvesit-ave sornespecifiedmalbematicalfonm, fon example,
leg stje er normal egive,’’ titos expressinga cleardisregard

fon tite iníenpretabiliíyof O. As a consequence,undentite
tremeof logistie JRFs,abilil>’ eshirratesoní>’ revealrelative
penformuínceanO, titus, thai ao exminee it-as an ahility of
0.7 menos,atibe iresí, tbat bis erbenabiiity is greatertitan
titeseof exanrmneesobtaining lower abiliiy estimates.Buí
hew mucbahilil>’ be ersite itas rern-ainsunknewn.

Alse, u tite IRI-” enabodiedassumptiens¿¡benitite ferrn¿tt
of tite tesí anO tite way it is adnrmnisíened,abení ex¿nninee
behavieí. anO abeutetiter citanacienisliesof lite testing

situatibn, titen titeseassufliptienseeuU be repiacedte eNain
ifiEs appl>’ing lo a variel>’ of circumstances.As a resulí.
Golliksens(1961, pp. (01-102)wisb of being “¿tiMe los¿ty
tital, fon ceníainspecitiedlests censínuctedin ibis wa>’, itere
is tite relatiensitip betweeo tite seore anO tite abillí>’
naeutsuned,anOtitis is tite appropriuítetraceline lo use” wili
be cioserte becomingfulfilled. lo addition, IRT naetiteds
ceuld casil>’ be oscO witit iíems thai -are netbinar>’ seered.
It weuld also be possiblete determineiheoreticalí>’ whust
conabinationof [bese citar-acteristiesgives rise te mere
accuraleabilil>’ eslimates,titos providing a basis fon advising

in favor of enagainsícertainlesting praetices.FSP medels
itave mOceObeen soccessfullyoscO fon titis purpese.Fer
insí-ance,García-Pérez(1989a)usedFSP models te show
tb-aí masler>’ decisienswiíh an>’ given practical degreeof

aeeunacyrequinedramaticalí>’ Oifferent nombcrsof items
Oepeodingen tite formal of adírinjstratjeoof tite tesí anO
tite gucssiogbeitavier¿idepledit>’ lite examinees.Also,
García-Pérez(1993)oscO FSPmrodelsl.o sitow thaI useof

neneof lite ¿¡boye” itas lite imponlaníadvaní-aceof íeducing
tire sízeof tite a.mnñdenceinlervais¿br maximum-likeliheed
esiiir-atico of 1v. as conap¿tnedlo titose of analogeus
convencional <ecos witb tite saíne nomberof oplicos. Of
ceurse.[be cxtcot te xviticb titese ibeereticalcuicomestoro

into advaníagesiii empinicutl testing practicedependsen tite
enipinical validii>’ of ESP meOcís. ¿tu issue [bat will be
comnaeníeden in tite nexí sectien.

is There cf í Afterna¿ive2

As disctíssedit>’ G¿¡reía-PérezanO Eran>’ (1991a),finite
staíe titeen>’ producesIREs thai are free of tite problems
initcrcnt te logistie functiens. Pelcotial benefitsof using
FSP IREs in placeof ítem logistie ceunlerpanís-are also
OiscussedItere. Fon purposesof companisenwilit lite picture
of logíslic IRFs ihat emergesfrona tite simulatiousiii Siod>’

2 anOtite foregeiogOiscussiuo,¿t lew of tite eontrastiog
fe¿síunesof FSP IRFs will be mentieneditere.

Flisí, finite siatenaedelsitavemechanisliereuílism.Tite>’
are boi It en parametensthai are empinicalí>’ meuningfol,
censiden¿issonaptioosabeul itew items ¿inc consírueled,itew
íests al-e ad,rinistered.anObewexaírincesbehaveanO, titen.
transíatelitenalí>’ a descníptionof test-iakingbeitavior job
naatitematicalterms.As a resuít, jis man>’ equaticosare
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produeedas itere are responsecolcomesundertite ferrnat
of administr¿stiooconsidered,e¿tchof witicit is interpretable
00 iís ewn. Fer instanee,jo Equation3aaboye,tite pnobabiliiy
of a correcí responseis expresscd¿is tite sum of tite

probabilitiesof ah tite situauionsthai ma>’ leadtite examinee
te give tite cerrecí tnswente tite item of concero,from
kuowlcdgeof tite írutit value of alí options in tite ilem (firsí
addend¡u Equatien3us), titroogit knowledgeof ibreeoptioos
(secondadOenO),knewledgcof two eptioos,eneof witieit

is tite corred answen(titird adOcod),successfíilguessin case
of knewledgeof lwe optious thai are distraeters(fourih
adOenO),knowledgeof en!>’ OOC eptienthai tonas001 te be

tite corred aoswer(fiftb adOcod),anOsuceessfulguessin
caseof knowledgeof oní>’ enedistractor(sixth adOcod),te

a soccessfulguessundertotal iguerance(scveníhadOenO).
Eqoalions3b anO 3c similarí>’ embed>’ tite circunasitnces
titat ma>’ leadan examineete mark a wrong optieu enomil
tite iíem. By Ooing so, FSP modeisincorporaterealisticalí>’
alí tite relevni conccpts in test-íaking behavier: tel-al
knewlcdge,partial knowlcdge, total ignorance,¿mdguessing.
García-PérezanO Frary (199la) Oiscussitew misinfermatien
can be incorpenatedmío Imite st-atemodeis,as weB as itow
te usetitis frarnework fon speededtesis.

Secend,FSP IREs are testable.Altitoogit, hike tbejr
logistie ceunlerparts,FSP IREs itypothesizetite relatiensitip

betweencerned nesponses00 a lesí ¿md a nunaberof
unebservableparameters,FSP modeis include adáitienal

equations fer lite relationsitips of titese unobservable
parameterswiíit tite remainingresponseeutcomesundera
giveo forrnat of adírinistnalienof a tesí. It is alí titeseexplieit

(a) FSP-NC data

Lo
o

Lii
-J

C.C -

Troo x

reltitionsitips íitt allew Oeniving naedelprediciionsthai can
betesteOwiíheot estimatingmodel pananaeters.Titis provides
tite greondsfer testing (anO, titen, acceptinger rejecting)
tite medels befere searching for pararneterstitat will
rnaximize model fil. Empiriczsl examplesof FSP model

lestiogcan be foond in García-Pérez(1987, 1990; seealse
García-Pérez& Frany, 1991b; Zin, 1992).

Finalí>’, FSPmedeisincorperatean interpretabledefinition
of ¿tbiliiy. Titjs peiní wassufficiently jílosíratedwiten tite
naedeisweneinirodueed¿sítite beginuiugof SIud>’ 2. anO will
nol he fontiten expandedupen itere. It siteuld be peiniedoul
tital FSP models do oot include an itcrn discnirnination

paruímeter,bol itereis no a priori re-asenwity a psyehemeiric
modelwould beincompletejf it Oid nol husveene.Thai legistie

fooctions wjtb ítem ¡it O-atabeiter íit¿sn logistie fooctions
wiitout ítem isa resultthaI is local te legistie functiens.Tite
adequacyof an lternative IRF js te be measunedit>’ its

accomplisitmeots,¿wdnel it>’ how it comparescenceptualí>’
wiíit tite IRFsfor which it is an altemative.

A final questienusbout tite qoalific-atiensof FSP medeis
asan¿líernativete logistie naedelsis witetiter tite>’ areread>’
fon use, especitiuí>’ in witust regardsparameterestimation

metiteds.García-Pérez(1985, 1987, 1989b)anOGarcía-Pérez
anOErar>’ (1989) descnibedsimple ¿inalyíicalmetitedsfor tite
eslimationof 1v thai proceedit>’ considerationthai alí items
itve ideotical, averageOifficulty. García-Pérez(1993. 1994)
descnibedanOscodiedalccrnacivereetitedsfor tite eslimation
of 1v titar makeuseof tite sameassumption(itemsof identical,

averageOifficulty), but relyiog en tite eptimiz¿stienof ge-al
fonciiensdenivedfrorn tite minimurn-distanceme-asuresof

(b) FSP-RO dala
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Figure 14. Relalicosbeíweentroe anO MLEs of FSPparamelerso eacit dat-aset [(a) fon FSP-NCdata; (it) br FSP-ROdala].an,] itetweeo

MLEs of 1v un,] 8 aerossdala seis (e). Dasiteddiagonal mes indicate an expeetedidentil>’ relat¡onsitipbetwcentite variablesjo tite
absejss¿snod tite ordmate.
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CressieanO Read(1984). whicit includetite popularnaininaum

ehi-squaneanOrnaximumlikeliitood iretiteds.Applie-ation el

titese metitedsfon tite eslim¿ítienof ¿iii íclevusnípararneiers
(1v anO8 from FSP-NC O-ataanO 1v, y. ¿naO8 freor FSP-RG
d¿tla) is sinaigitlferwusrd,anOFiguies 14aanO 14b show lite
reÑiionshipsbetweentrue pananieíersanO ítem nraxirnum-
likeliitood esiiírunes(MLEs) fon lite FSP-NC anO FSP-RG

O¿ut¿s seIs from tite sinaulaijeosjo SIud>’ 2. Note thai MLEs
of 8 anemucit mci-e ¿tecuraletitztn MLEs of 1v (anOy, whene
applic¿íble),buí ibis is oní>’ us resulíof tite fact thai eslirnales
of 8 ¿me each baseáen responsesfu-em 500 exanainees,
witereasestirnatesof 1v areeacit baseden responseslo 50
itenas (i.e., a factorof len fewerO-ata). Tire estinaatienef-y is
funiher haniperedbecauseopponlunitieste guessanesearce

fon medium- anO higit-ability examineesanO, titerefore,
randemvusniatiensdonrinatelite dalaen witicit tite estimatien

of y is based.Titis neisedoesnet usffect MLEs of 1v, whicit
cao be secote beequalí>’ linean>’ relatedte irtie 1v when itere
are omíssions (Figure Mb; r = .95) ¿naO when alí iteíns are
tnswened(Figure 14-a; r = .96). FinaN>’, Figune 14c shews
thai MLEs of 1v freír FSP-NCvs FSP-RGdataare lessnelated

te eneanetiter(r .90) titan eiiiter of ítem is lo ti-tic 1v.

Refeíences

Albanese.MA. (1988). Tite projectedimp¿met of lite coireetien br
guession en individual seones /oor‘ini c.>f Edí.íu>hanoi

Aleusureníenn 25, 149—157.

Ansíe>’. EN.. & Eorsylit. RA. (1985). An examinalionof lite

citareíerisíícsof unidimensienalIRT paramelereslirnates

derive,] freír two-di mensionaldalus. .4pp/lcd Psvclíolo [5id.0l

Measuremeor, =.37-48.
Baker. E.B. (1987a). Mclhodolegy revicw: 11cm paranrefer

estimationundertite ene-,lwo-. ¿md titree-panuoneterlegíslíc

redels. App/ied Psychological Measureníeur. II. III —141 -

Bakcr, LIB (1987b). líem p¿mnametcrestimatientija minimuna logii
eiti—square.Bí-irislí Jaurnal ni Alarhcníaf¿cal caíd Sial1sfictal

Psvcho/ogy. 40, 50-60.
Baker;EH (1991). Cempanisonof rnininaomlogil citi-sqomesiod

B aycsian i iern pusramelereslímalíen. Brilislí Joí,rnnl c/

MaIlíe,,lafíd.aí aííd Slalistical P.svd.líologv. 44. 299-313.
Bker. ¡03. (1998). An invcsligat.ionof lite reír pananaeterrecoven>’

citar-acleristiesof a Gibbs s¿mmpliog procedure.Applied

I-’svclíological ¡tleasu,eni cnt, 22, 153-169.

Bejar, II. (¡983). uorreduelionte 1cm responsemodeis umnd íitei

assomplions.lo R - K. Raínblelon (E,].). Apphc.-dífiofís o/ it en,

re,’peine titeo ry (pp. 1-233. Vancouver, HG.: Educaliosud
ResearcitInsíjínte en Ilritisit Coturnbiuí.

Hl i okitono. 8.E. (1997). Pasí inaperfecí.foto re condíhenal: Hiflv
years ef í.est titeen>’. B,-ií islí Jo u nial of MatIz<‘iií dI tirol íIíI dI

Statistical Psyelmc,logv, 50, 175-185.

Blíss. L.B. (1980>’ A tesíof Lerds assumpiion regardingexaminee
goessingbeitavierenmollipie—citoice tesIsusingelenaentaíyseitoel
stodenís.Jouní ial of l5díu-aiio,ícíl Alea.vííí-cíííe,ír. /7, 1 47— 1 53.

Crcssie.it & Read.T.R.C. (1984). Moltínonajtl goodness-ef-fit
tC5i5. ¡Oh ilídíl of 11W Roytií .5raíísrícc,í Socier ti. Series E. 46.

440-464.
Cresa.L. II., & Erar>’, R.8. (1977). An enapirical tesíof Lords

litcoretie¿íl esolIs rcvardinc formula seerio”of iYíoltiple citeice
les15. Joíí rl cd of It clitc ctiOlidll Mecísuí-cni<’,i r, 14, 3 1 3—32 1 -

De Ayala. R.] - (1992). Tite iniloenceof dimensionalíl>’ en CAT
usit lii ti tY5t íniuit ion LdlhIddIItflidil dil di PSVchOlOgid.dll MddPcíIfl’riidiít,

52. 513-528.
Dinero. ¡E.. & Haertel. E (¡977). Applicability of lite Rascit

iredel xvitIí vuo-ving ítem Oiserimínations.Applied I>svchologidal

Mccísurc,,íent. /.58 1 —592.

Drasgow.E. & Parseos.C.K. (¡983).Applicumtien of unidirnensional
cm responsetiteen’ redeL td) mullidimensionalduda. Applied

Psvchologic.-al Measí,re,ne,ít, 7, ¡89-199.
Forsytit. U-. Saisangjan. Ii.. & (jilíncí; Y (1981). Sorneempirical

íesulis relate, lo lite rebostnessof lite Raseit redel. 4pplied
Psv-clío/ogiccd Measureníe,íf. .5. 175-186.

Freedíran.DA. (1985). Síustisticsusnd lite seicotifie melito,], lo
W.M. Masen & SE. Ficoiterg (bes.).Colíort a,íalvsis in social

í-escarclz: Be ío,íd 0w idenú/icduio,í proií/ení (pp343—366).
New York: Springer-Verlag.

(iuírcíuí-Pénez.MA. (¡985) A fi nite slude titeen>’ of performuínee
a moItiple—ehoicetesIs, In E. 1erouanne(FO.). Preceediíígs

of Oír /611 Fotoprail nld,tllenlaru.dll ~.vyc.-ií~Iogvgrouíí níeeriníj

(pp. 55—67). Menípellien: Eoíopc¿mnMatitcrnuítieal Psvcitolog>’

Gioo1.
García-Pérez.M -A. (1987).A fmnite st-ateliteer>’ el perlonnaumnec

a natilliple-citeice tesIs. lo EH Reskanr& R .Sock (Eds).
Ptogtctss Hl l,idlthc•matu.dIl psvd.llologv-J (PP. 455-464)
Amsterdam:Hísevien

(Sarcia-Pérez.MA. (1989-a) ítem sampling. goessing,parlial

informalien anOOccisioo-m¿mkíngo acitievemenílcsting. la
ILE. Reskam(LO.). Matlíc,,ld,t¿dylí psvchologv ¡fi ¡>rogres (pp.
249-265). Berlin: Springer-Verlag.

García-Pérez.MA. (1989b). La coírcccic$ndel azaren pruebas
ebjelívuss: on cnfoqoebasadoen una nueva teoríuí de estades

fi oiles. I’ívesligacioííes Psico/c3gicc¡s. 6. 33—62.
García-Pérez.MA (1991)). A comparisonof lwo models of

perleríranceo objcclivetesIs: Finite sl-atesveisoseonlinoeos
di sí rí it uti eas. Bñí irlí it,í, r,ldd cf Mcudíc,,intic-ul uncí Sídlf,sfícdíl

Psvchologs, 43. 73—91
García-Pérez.MA (1993). lo defenceof neneof tite abose.

Ihiuislí ini, racA of Aldíflíenída ¡cal caíd Sucírístico 1 Psvc:lio/ogy,

46. 213-229.
Gu,rcíu,—Péiez.MA. (1994). Parairelerestimallen andgoodness-

of—fil tesling o naísltineíniu,l models. Britislí .Iourncd d?f

Mcíí 1u.~ííícít¿‘.0/di ‘íd Srcu¿sticc, 1 Psvclíologv, 47, 247—282.

García-Pérez.MA.. & l<rary. RB. (¡989) Psycitonretricprepertíes
of bomte—sialeseoiesversosnomber—eoneclsin,] fenmulaseenes:
A sí ir utaile o síu ds’. AppliecI Psvc líologic-cd Measíí í-eníc’nI. 1.?,

403-417.
García-Pérez,MA,, & Fiar>’. R.B. (1991a).Emite síale ííels’nomíc

teir c-itaracleiist e curves- Ecl//sl, J01117l1.i! 0/ McifIl (ílidi/Wdll dV íd

.Sic,i udid cii Ps “cl, ologv. 44, 45—73.



FIflING LOG¡STIC IRT MODELS

García-Pérez,M.A., & Frar>’. R.B. (1991b).Testing fínite síale
modekof pertormarseeiii objecisvetesis os¡ngutetns wilit nene

el tite abose’asanoption. lo i.-P. Doignon & i.-C. Falíragne

(Eds). Mcmrlíemc,t/ccml ps—celwlogv: Corren; clcí’eloptncnrs (Pp.
273-291). New York: Spninger-Verbg.

CillerO, JA., & Swamínatitumn,H. (1990). Bi¿ts -aocI tite etteetof

priers o Bayesianeslímalionof puíí-ametensof ítem response

models.AppliccI Psvelbologid:dil Mec¡snreníent, 14. 33—43.
Cjoldslein.H. (1979). Conseqoencesof usiogtite Raseit modelbr

eduealionalassessnrenl.Briuislí Isduccgiona/Re.scarrlíJouníal,

5.211-220.

Goldsteío, H.. & Wood, R. (1989). Five decadesof ítem response

modelíi ng Br/tUi Journcd of Marhc,,,aíical and Sfc,fi.sf/c.aI

Psyí.iirilogv, 42. 139-167

Golliksen. H. (1961). Measoreireolel leanaingan,] mentalabilíties.

Psyebomefrilcc¡. 26, 93—107
Hambleron,RK. (1983).Applícalíonel ítem responsemodels lo

criteníon—referenced assessnaeí,t.Applied Psvelíologiectl
Measurenícnr. 7.33-44.

¡Límbleton. R.K.. & Cook. LL. (1983) Robuslnessof ítem

responsemodels ucd enfectsof tesí [englh anOsamplesize un

tite precísienof abilil>’ estimates.lo D.i Weiss (HO), New

líor/zons iii fcsliííg: Lducnf frair resr flíeorv aud computerizecí

dldapro’e cesting (pp. 31-49). New York: AcademiePress.

Hamblelon, R.K., & Morra>’. L.N. (¡983) Somegeodnessof fil

invesliguítions fon ítem responsenaedels.lo R.K. 1-Línablelon

(FO.), Applieaf/ons of ;fcci response fhed,rx’ (pp. 21-94)
Vancouvei-. BC: EOue-ationalResea.rcitloslilote of Brílisit

Colombia.

Hambleton. R.K., & Swanaínatitan,¡1. (1985). 1w,,, rrsponsc ¡líeorv:

1-> nne/píes ana’ applieafionx. Boston, MA: Ktuwer.
Hairison, DA (¡986). Robustnessof IRT parameterestimauion te

vi olalícos of lite unídiírensionalit>’ assumplíun. Jour,ínl of

Eclr,caíioíin( Src.sti.sties, II, 91—115.
Harwell. MR, & Jaaosky,JI? (1991). An enipirical siud>’ of tite

effeels of soralí dataseIsanO vuíryíog prior vaniancesen ítem

parameterestimalien o BILGG.í. App/ied Psvc-liologic:ol
Mcasurcme,íf. 15. 279-29] -

1Julio. CL.. Lissak,Rl.. & Druísgow,F (1982). Recovenyof two-

¿tod litree-parameterlogislie ítem eharaeteí-isticcurves:A Monte

Cutrlo síu
0>’. Appl/cdl Psvc.-líoiogir-al Mea.curenícnt, 6, 249-260.

Jannarone,Rl., Yo, KF, & Laogitlio, JI? (1991)). E-as>’ Bayes

estimuílíon ¿br Rascit-lypemodels.Psvclio,,íetr/ka,.55, 449-460.

Mm, i.K.. & Nicew¿índer,WA. (¡993) AbitO>’ estimation ter

conventionaltesIs.Psvrho,nct rita, 58. 587-599.

Kím, 8-11., Coiten,AS., Bakeí. F.B.. Suitkoviak.Mi.. & Leonar,].

T. (1994). An investigatienof Ixienísreitical Buyes píecedures

in ítem responsetiteor>’. Psvelío,ncfrilcu. 59, 405-421.

Len,], F.M. (1974).Estimationof laleol abilil>’ anO ítem puírametens

when Itere aíe cínilted responses.Psvehoníerrika,39. 247-

264.

Lord. F.M (1975). Tite abílil>’ sealejo ítem citaractenístiecurve

titeen>’ Psvehonícu-ikc,. 40, 205-217

Lord, F.M. (1981)) Appliec¡ticrn.s of ,le,íi cespdnse rlicor>’ fc? prcme¡/c-cd
rcsfi,ig problcms. lii 1 Isdate.Ni: Ení baum.

Lord, EM (¡983) Maxímonalikelihood eslimuílíenel ileir response

puíraíreleí-switea sonreresponsesal-eotritíed. Psyeliomcrrika.

48, 477-482.

Lord, EM. (¡986) Maxímonalikeliitood anO Bayesianpanameter

estimatíenjo ítem responsetiteor>’. Jcsor,io! of Edlííearilonnl

Mect,suretnenr, 23. ¡57—162.
Lord. F.M.. & Noviek. M -R. (¡968). 5/of/scleda’ fh<’c3ries of »íc,ifcil

re,st ‘<ore.’ Re¿ídiog.MA: Addison-Wesley.

Muuascuíille.LA. (1988). Introduetionlo model buildiog anO naok

tesIs.Conrcníporc¿rv Psvc.-líolngv, 33. 794-795.
McKiistey. RL., & Mitís, CN ([985). A eoínpanisonof several

geodoess—ef—fi t síati stíes.AppliccI J>.vyebologiealMcasurcmenf,

9, 49-57.
Mistes>’, R.i. (1987> Buyes modal estio’mtion in ítem response

models.Psvel,on,etr/ka. 5/,177-195.

Mísles>’. Rl., & Bock R.D. (¡982) Biweieitl estímalesof ¡alem

abilit-s’. Edllcuf/onal cuid Ps vclíoíogiectl Measore,ncnf. 42. 725—
737-

Misles>’. R.J., & Bock. R.D. (1984). BILOG Version 22: Icen,

cnicjlvsis aun’ tesr seorin>’ tvidl, binan logisfir models.

Meeresvílle, IN: SeicotífieSoftware.

Mistes>’. Rí., & Bock, R.D. (1986). PC-BILOG: 1/cm analyds

atíd ces; sdoring w/fh binars’ logisrie cnodels. 1.986 eJ/non.

Meoresvitte.IN: ScíeníifícSeftw-are.

Mistes>’, Rl., & Sleeking, ML. (1989). A coosunaer’sgoide lo

LGGIST anO BILOG. AppliedPsveholog/eal Measureuneuír.

13. 57-75.

Misles>’. RJ., & Veritelsí, N. (1987). MocLelinU lrcfn responses

,iben diffircuf sub,erfs cu>tplóy clif/cre,íl sollifion sfroregics.

PesearcitRepon RR-87-47-GNR.Pninceton,Ni: Edocalienal

Testing Service.

Ramsay,J.G.. & Abruíitamowicz, M. (¡989). Binomial regressioo

wílit mencIonesplíoes:A psycitoíreínícapplícaííon.Joarnal

of dic ¡Xci eriecírí Sratistiecd 4,ssoeicítion, 84, 906—9 15
Reckase.MD. ([979). tJnifaeíerlateol Irail modelsapplied le

multifuíctor tesIs: Resulís nd implicatmeos. buruca’ oJ

Fduc.-ar¿oncd Sfafzsr¿c:s, 4. 207-230.
Ree. Mi. (1979). I?síimaíiog ítem eÑraeieristiccurves.Appl/ed

Psyebologieal Measuretuen;, 3, 371-385.
Reseobauor.PR. (1984).Testinglite ecodilional independenceanO

mondene it>’ assunaplioos of ítem response liteor>’.

Psveho,nctrika. 49, 425-435.

Rowley, CL.. & Traub, RE (1977). Ferírolaseoníng.nomber-

nigití Scoríng.¿mdtesi—taking stn¿stegy.Jounial of Edlnecítiendd

Mcasuucn,cnf. /4, 15-22.
Seeng,rí. (¡990).Sensitívil>’ of marginalmaximum likcliitoed

estimAsenof 1cm ¿‘md usbitity parameterste tite citaracteristics

of tite prior abí it>’ distributioos. Apílicd Psyelíologieal
Mcasurcment. 14. 299-31¡ -

Skaggs.C, & Stevenson,1. (1989). A cemparisonof pseudo-

bayesian anO joiní muíximum likeliitood preceduresfor

estímatíngilem paí-aíreícrso tite íitíee-paruííneíenIRT model.
Apphed Psvehdilogieal Alcc;sure,,,cnc. 1.?. 391—402.

Slzskíen, ¡vI. (1968). Tite penalí>’ fer 001 gísessiísg.bemol nf
lEclucc;t/o,ial Mea,vureníenf.5. 141-144.

93



(mARCÍA-PÉREZ

Swaminutiitan.II., & Gifford. JA. (1983). Estimatienof parameteis

o tite litree-parameterlusíení lnaií meOcí. lo Di. Weiss (HO.)

Ne,i’ liorirons o, ces iííg: Loce,ít fi-aix res; rheorv caíd

d.oiiiputerizedl oclc¡pt/í’e test/ng (pp. 13—30). New York: Academie
Press.

Swutminalit¿tn.Ji, & GilTer,], JA. (¡986). Busyesianeslimation ja
tite titree-parameter¡egístie medId. Pss’ebo,ííeuikcc. 5/. 589—

6111.

Titisseo.D., & Sleinberg.1-. (1984).A responsemedel fer moltiple

clicíce ilenas.Fsvrlíc3níef;-it-c;. 49. 501—5(9.
Trurub, RE. (1983). A priori consiOeralieosin citoosíng uso 1cm

responsemodel. lo R.1<. ltmbleíoo (LO.). Applieda/oos 0/ ¿feo)

re ponse tlíeory (pp. 57-70). Vancouver. BC: Edueutíion¿d

ReseurrcitInstilute of Bnitísit Columbia.

Tsutakawa,R.K. (1992). Prior distribution fon tenaresponsecurves.

Bricislí Jc3í;r,íol of Mc,cbeníc;fiec,í ana’ Src;t/sr/ec;l Psvc:líologv,

4-t 51-74.
Tsul-akawa,R.K.. & Joitosen.J.C. (1990).Tite effeci of uoeetiainly

of ítem parutnaeler esíimtien en urbility eslímates.

Psvelíoííiefr/ka. 55. 37 1-390
Tsutak-awa.RK., & Lío. H.Y. (1986). Ba>’csi-an eslimalionof ítem

responsecurves.Psvelíonetriku.Sl, 251-267.

Tsutak-awa. ¡4K.. & Soltys, Mi. (1988). Approximalien ter

Ba>’esi¿mn-abí lii>’ estimatien.burucA ej EclueationalSun/sr/es,
13, 117-130

Vale. C.D., & Gia¡¡uea,KA. <1988). Evísluatienof tite etfícieacy

of item cal ibratíen.AppliedPsvelíolog/c:al Alec,sorenient. 12,

5 3-67

Wainer. H.. & Titissen, D. (1987). Esíimating¿ibilil>’ witit lite wreng

inodel. .Iouruol o/ Edluedut/ouícd Stc,c/s;ies. 12. 339—368.
Wainer. H. & Wnigitt. B.D. (1980). Robusíestimalienof abilíl>’

o tite Raseitmedel. Psveiion,ecr/kcí, 45. 373-391.

Wa¡ler, Ml. (¡989). Modelíog guessingbeita”ier: A cemparison

of íwe IRT models.Appl/eclPss’clwlcgieal Measurenienr, 13,

233-243.

Wang. T., & Vispeel, W.P. (1998). Propertiesof abilil>’ estin’mlion
meliteds jo compoterized adaptive teslíng. Jour,íul of

Warm. AW (1989). WeigitteO likelíitood estimalionof abílil>’ in

ítem responsetiteen>’ wilit tesIsof fiaRe lengtit. Ps;’r.hcnoetrikc;,

54. 427-45(1.
Weíss,1)1, & Yoes. ML. (1991). 11cmresponsetiteor>’. lo RK.

Hambletea& j N. Z¿s¿d (I?ds.).Acb’cJnees/0 eclnec;fionalauicl

psvcliOlogfr-al tesf/;ig: Diecu-” «ud applu:af,cnis (pp. 69—95).
Boston. MA: Klower.

Weilzman. RA. (1996) Tite Raseit model píos guessing.

Edíledí1 cro ira’ c;uícl Psvelíolcíg¡ecíl Al¿’c,si, renícnt. 56. 779—79(1
Wicitaíutna,B.A., & Hill, ID. (1982). Algenititm AS 183. An

eflicíení ¿snclportablepseudo-randomnumbengenenatoí-.Applied

Siariscies. 31, 188-190.
Wíngersky,MS.. Baden.MA. & Lord, F.M (1982) LOGIST5.0

I’eu-s/ou i 1.0 asees g u/cíe - Pri oceloil, Ni: lid oc ¿tu ena1 lesí i ng

Servíce.

Wood R. (1978). Fitliog lite Rascit naodel—A itead>’ tale. Br/fisl,
Jor,ruica’ of Madi,cucuícircd rina’ .Scari.s-rical P.svel,olor~v. 3/. 27—
32.

Yen. WM. (1981), Usiog simolalíenresulíste citoesea blení iralí
medel.Applied Psycholcgieal Mec¿suren,e,ír,5, 245-262.

Yen. W.M. (1984). I?ffecisof local item dependenceen tite fil anO

equaíingperfermanceof lite litree-paramelerlegislie inedel.

Appl/ecl Psvehdilog ir-al Mec¿snreuuieuic, 8. 125-145.
Yen. WM. (1987). A comp-ariscoof lite efficíency anO utceoiacy

í,f l&¡LOC anO LOGIST. Psvehonicrrikc;,52. 275-291.

Yen. W.M.. Bunker. GR.. & Sykcs. R.C. <¡991). Nenuniqoe

solotjons te tite u i keliheod eqoalion fon lite titree—panameter

logíslie iredel. Ps\’d.-lzoniefril<d,. 56, 39—54.

Lene.t.. (1997). Implementatienof marginalBuyesítneslimalion
wihit feur-parameten bela prior dislníbuíions. Applied
Psvehc>logir-ai Alc-asurc~,uienc. 2], 143-156.

Zi o. Ti (1992). Conípau-iíig 12 jitAre stc;fe tncclels of erdmnhínee
pd-r/c)rmdttee c,tt mulñplc~-c-1;c.nc-r tesis. HitA). Dissertatíen.
Virginíur l’ol>’tecitníc loslitote anO Síate Univensílv.

ReceivedDecemiter21, 1998

Revísion receivedJanuar>’ 20, 1999

94

Eduealionc;l Mea.vure,,ieuít 35. 109—135. AceepledMarch 3. 1999


