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The present study compared the fit of several IRT models to two personality assessment
instruments. Data from 13,059 individuals responding to the US-English version of the
Fifth Edition of the Sixteen Personality Factor Questionnaire (16PF) and 1,770 individuals
responding to Goldberg's 50 item Big Five Personality measure were analyzed. Various
issues pertaining to the fit of the IRT models to personality data were considered. We
examined two of the most popular parametric models designed for dichotomously scored
items (i.e., the two- and three-parameter logistic models) and a parametric model for
polytomous items (Samejima’s graded response model). Also examined were Levine's
nonparametric maximum likelihood formula scoring models for dichotomous and
polytomous data, which were previously found to provide good fits to several cognitive
ability tests (Drasgow, Levine, Tsien, Williams, & Mead, 1995). The two- and three-
parameter logistic models fit some scales reasonably well but not others; the graded
response model generally did not fit well. The nonparametric formula scoring models
provided the best fit of the models considered. Several implications of these findings for
personality measurement and personnel selection were described.

Personality assessment is currently enjoying arebirth in Industrial and
Organizational psychology (Hough & Schneider, 1996). Since the mid-
1980s, several meta-analytic studies have demonstrated the usefulness of
personality variablesfor predicting important work outcomes (e.g., Barrick
& Mount, 1991, 1993; Ones, Viswesvaran, & Schmidt, 1993), while others
have suggested that personality variables have less adverse impact against
minorities than measures of cognitive ability (e.g., Feingold, 1994; Hough,
1996; Ones et al., 1993; Sackett, Burris, & Callahan, 1989). Because
personality does not correlate strongly with intelligence, it is hoped that

We greatly appreciate the help of Michael Levine on providing his insightful
comments on drafts of this article have substantially improved its quality. This research
was supported in part by an NSF grant to Michael Levine, grant # 9515038.

Please address correspondence regarding this manuscript to Oleksandr S.
Chernyshenko, Department of Psychology, University of Illinois at Urbana-Champaign,
E. Daniel St., Champaign, IL, 61820. Electronic mail may be sent to
ochernys@s.psych.uiuc.edu.

MULTIVARIATE BEHAVIORAL RESEARCH 523



O. Chernyshenko, S. Stark, K. Chan, F. Drasgow, and B. Williams

personality measures can provide incremental validity for predicting job-
related criteria. Thishasimportant implicationsfor the practice of personnel
selection (Hough, Eaton, Dunnette, Kamp, & McCloy, 1990; Tett, Jackson,
& Rothstein, 1991).

The increased use of personality constructs in selection, training and
promotioninevitably bringsattention to thequality and fairnessof personality
testing. Adequately addressing these issues requires sophisticated
mathematical methods. Traditional classical test theory approaches that
evaluated psychological measures at the level of total scores have been
complemented by more recent item response theory (IRT) approaches that
focus on item level data. For example, Waller, Tellegen, McDonald and
Lykken (1996) used IRT for the design and development of personality
scales. Others have used IRT to detect items that are biased against gender
and ethnic groups (e.g., Gratias& Harvey, 1998; Jennings & Schmitt, 1998)
and to address the issue of faking on personality tests (e.g., Flanagan, Raju,
& Haygood, 1998; Zickar & Robie, 1998).

Item response theory relates characteristics of items (item parameters)
and characteristicsof individuals (latent traits) to the probability of choosing
each of the response categories. This probabilistic relationship is
mathematically defined by the item response function (IRF), which is a
nonlinear regression of the probability of choosing to an item response
category on a latent trait, 6. There are several families of item response
functionsthat can be used to model unidimensional or multidimensional data
having dichotomous or polytomous response formats.

IRT methodsallow personality researcherstoimprovetest construction
and evaluatethequality of individual items. Atabroader level, IRT may even
help us understand how people respond to personality items. Some of the
advantages of IRT over classical methods include: (a) item parameters are
not subpopulation dependent; (b) the person parameter is not specific to the
set of itemsforming the test; and (c) measurement precision is not assumed
to be constant; instead IRT methods allow researchers to calculate
conditional standard errors of measurement (see Rouse, Finger, & Butcher,
1999, for arecent review). Another advantage of IRT isthat it can be used
to develop computerized adaptive assessment instruments.

Despite the appeal of IRT, we argue that researchers and practitioners
need to pay more attention to the fundamental issue of model-datafit when
using IRT modelsto describe personality data. Without evidence of model
fit, IRT resultsmay be suspect. Throughout thisstudy wewill examine how
commonly used |RT model s (dichotomousand polytomous) fit datafrom two
widely used personality inventories. Our purpose is three-fold: (a) raise
awareness of model-data fit issuesin the personality domain; (b) highlight
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new indices of model-datafit; and (c) stimulate research on applications of
IRT to noncognitive data.

There is no a priori justification why any specific IRT model should
describe data adequately. More general models that have less restrictive
assumptions will generally fit better but they require larger samples to
estimate their increasing numbers of parameters and quickly become
impractical for test developers. Regardless of mathematical complexity, the
use of any model must eventually bejustified on the basisof empirical results,
and not only on a priori grounds (Lord, 1980). One can use a model with
confidenceonly after repeatedly verifying that model predictionscorrespond
to the observed data. For example, extensive research has been conducted
to assess the fit of IRT models to multiple-choice cognitive ability tests.
Overall, good correspondence has been established between the three-
parameter logistic (3PL) model and cognitive ability data. Similar
conclusions have yet to be reached for personality data.

Intuitively, one expects that unidimensional IRT models should fit
personality data well, provided that a single factor model adequately
describesthedata. Thisisareasonable assumption because the majority of
personality scales have been devel oped using the factor analytic method of
scale construction (Hogan, 1991). However, IRT makes some assumptions
that are stronger than those made by the common factor model. As noted
by McDonald (1999, p. 255), the common factor model assumesweak | ocal
independence, which means that the covariance of all pairsof itemsiszero
for respondentswith afixed latent trait level; IRT on the other hand, assumes
strong local independence meaning that the probability of aresponse pattern
factorizes; that is, it can bewritten asthe product of the probabilitiesof item
responses for a given subpopulation of respondents. Consequently, it is
possibleto haveviolationsof stronglocal independence, but no violations of
weak local independence. Thus, poorly fitting unidimensional IRT models
may be observed even though factor analytic methods suggest that asingle
common factor underlies the responses. In our opinion, only empirical
studies can sufficiently address the issue of model-datafit in personality.

Current Research on Model-Data Fit in Personality

To date, few attempts have been made to determine which IRT models
(if any) can fit personality data adequately. One influential study that
specifically addressed thisissuewas Reiseand Waller’ s (1990) paper onthe
fit of the one-parameter logistic (1PL) and two-parameter-logistic (2PL)
models to the dichotomously scored Multidimensional Personality
Questionnaire (MPQ; Tellegen, 1982). They utilized several methods for
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assessing the suitability of personality datafor IRT analyses, including the
assessment of unidimensionality and model-datafit. Their results showed
that the 2PL model provided an adequatefit tothe M PQ data. Consequently,
they went on to advocate the use of IRT methods for the assessment of
normal personality.

Given these findings, personality researchers have apparently assumed
that IRT models, commonly applied to cognitivedata, areal so appropriatefor
personality data. Most researchershave chosen one of the IRT models(e.g.,
the 2PL or 3PL) and estimated item parameters with conveniently available
computer programs such asBILOG (Mislevy & Bock, 1991). For example,
Ellis, Becker and Kimmel (1993) used the 3PL model to evaluate the
measurement equivalence of the Trier Personality Inventory (Becker, 1989),
and Waller et al. (1996) used the 2PL model in their analysis of the MPQ.
Rouse, Finger and Butcher (1999) also used the 2PL model to evaluate
scales of the Personality Psychopathology Five (Psy-5, Harkness &
McNulty, 1994), while Cooke and Michie (1997) fit the 2PL to datafromthe
Hare Psychopathy Checklist-Revised (Hare, 1991). Schmit and Ryan
(1997) used the graded response model to address the specificity of item
content in the NEO-PI Conscientiousness scale. These researchers
checked whether their datawere unidimensional, but did not report how well
their model fit the observed data.

Assessing the fit of IRT models is difficult. As Reise, Widaman and
Pugh (1993) note, there are many useful fit statisticsfor factor analysisand
structural equation modeling, but few parallel measures for IRT. Clearly,
developing measures of fit for IRT isan important areafor future research
by psychometricians.

In sum, these studies show that IRT can improve the assessment of
personality, and, consequently, aid personnel selection in many ways.
Neverthel ess, these findings are meaningful only to the extent that the IRT
models adequately fit personality data. Theresearch onfitislimitedto one
study that used only two IRT model s and one personality questionnaire and,
thus, many fundamental questionsremain unanswered. For example, wedo
not know whether the 3PL model ismore appropriatethan the 2PL model for
personality data: Reiseand Waller (1990) did not attempt to fit the 3PL model
even though they noted that several items had “lower asymptotes’
corresponding to the c-parameter in the 3PL model. Reise and Waller
argued that guessing was not expected on a personality test such as the
MPQ. Subsequently, other researchers have suggested that guessing on
cognitiveability itemsmay be anal ogousto faking on personality items (see
Rouse et al., 1999). Thus, examination of the fit of the 3PL model to
personality datais needed. Itisalso unclear how well IRT models can fit
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polytomousresponsesthat aretypical of many personality inventories. Reise
and Waller (1990) only reported model-datafit for a dichotomously scored
inventory (i.e., the MPQ). Hence, it istimeto take a hard look at the fit of
IRT modelsto personality data by evaluating avariety of IRT models and
personality item formats.

Here, it isnecessary to acknowledgethe trade off between searching for
models that adequately describe item responses and rejecting items that do
not fit achosen model. Although increasing the complexity of modelswill
improvefit, it will alsoincreasethe samplesize needed for IRT analyses, as
well aspossibly hinder applicationsof IRT in practical settings. Ontheother
hand, outright rejection of itemsthat do not fit aparticular model may result
in elimination of classesof itemsfrom personality instruments[see Roberts,
Laughlin & Wedell (1999) for a specific example]. We believe that it is
important to have psychometric models that are general enough to describe
what are considered to be psychometrically “good” personality items. Inthis
manuscript we worked with existing personality inventories. They contain
items that were selected from pools of hundreds of items using careful
screening processes. Thus, we believe that these items can be considered
“good” and our task was to find a model general enough to describe them.
If we could not assume that the itemswere of “good” quality, then theissue
of determining the generality required of an IRT model would be more
complex because it becomes difficult to separate problems due to “bad”
items from problems due to inadequate IRT models.

Models

In the present article, a series of unidimensional IRT models of
increasing complexity was applied to datafrom two personality inventories
to examine the degree of generality needed to fit personality items
adequately. Modelsexamined included those used for dichotomously scored
items(i.e., the 2PL model and 3PL model) and amodel for polytomousitems
(i.e., Samejima’s, 1969, graded response [SGR] model). The 2PL, 3PL and
SGR models are nested parametric models in the sense that the 2PL model
can be obtained from the two more complex models by setting some
parameters to zero. Also examined were Levine's maximum likelihood
formula scoring (MFS) models for dichotomous and polytomous data
(Levine, 1984), which have provided agood fit for several cognitive ability
tests(Drasgow et al., 1995). The polytomous M FS model can be considered
the most general of the models studied because it does not require
dichotomizing item responses, its item response functions do not have a
specific parametric form, and, hence the item response functions may
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assume awide variety of shapes. Itisparticularly useful when parametric
models do not fit the data and a researcher wants to discover the shape of
item response functions (Levine, 1984).

Dichotomous Models

The Two-Parameter Logistic Model. The 2PL model has been used
extensively with personality databecause of itssimplicity and some evidence
of model-datafit (Cooke & Miche, 1997; Reise & Waller, 1990; Waller et
al., 1996). Itisamodel for dichotomously scored responses and has item
response functions of the following form

1
1 P(u =16 =t) = :
1) (=10 =0 = i7a ()]
where a is the discrimination parameter for itemi(i = 1, ..., n), b, is the

extremity parameter for itemi, u istheresponse of the personwithtrait level
0 toitemi, and 1.7 is a scaling constant.

According to the 2PL model, very low 6 individuals have ailmost no
chance of making apositiveresponsetoitemswithlarge, positive extremity
parameters. Thismodel seems appropriate for modeling responsesto items
where* guessing” or acquiescent respondingisunlikely. Hulin, Drasgow and
Parsons (1983) have pointed out that the 2PL model may be appropriate for
attitude items that intermix positive and negative stems to minimize or
eliminate acquiescent response sets.

The Three-Parameter Logistic Model. According to this model, the
probability of selecting the correct or positiveresponse onitemi iswritten as

@ P =400 =6 T 7a )

where a, is the item discrimination parameter, b, is the item extremity
parameter, and ¢, is the lower asymptote of the item response function and
corresponds to the probability of a correct or positive response among
respondentswith low traitlevels. The 3PL model might be appropriatewhen
individualswithlow traitlevelscan occasionally respond correctly to difficult
items (e.g. cognitive ability tests with multiple-choice format). The 3PL
model may also be useful if acquiescent responding or faking is expected.
The 3PL model has received less attention in the personality literature than
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the 2PL model. The only example we could find wasthe Ellis et al. (1993)
paper that used this model to evaluate the measurement equivalence of
English and German versions of the Trier Personality Inventory.

Levine's Maximum Likelihood Formula Scoring (MFS) Model for
Dichotomous Responses. All previously discussed models could be defined
by theitem/option response functions based on arelatively small number of
parameters. The MFS model has similar features, but its item response
function isrepresented by alinear combination of afinite set of orthogonal
functions, such as orthogonal polynomials and trigonometric functions.
Because the MFS model uses linear combinations of these functions to
define the IRFs, the IRFs are able to assume awide variety of shapes. The
basic formulafor the dichotomous MFS model is:

(3) P(u = ]19 =t) = zaij h; (1),
7

where h. is an orthogonal function and «; is the weight given to the j™"
functionin defining the option responsefunctionfor itemi. The summation
index j indexes the orthogonal functions needed to account for data
adequately. Williams (1986) found that no more than eight orthogonal
functions were needed to fit dichotomously scored ability test data.

If every item except i has been model ed, then the conditional likelihood
of a positive response to item i can be written in the following linear form

(4) P(u =1, patternv* ontheremaining n-1 itemsje =t) = Zaii h, (O1(v*,1),
]

wherev* isavector containing theitem responses (without item i) and | (v*, t)

denotesthelikelihood of v* att. Thus, the marginal likelihood of then-item

response pattern is

(5) > o Ihy 1V, ) f (1)
J

wheref isthedensity of 6, so that I(v*, t) f(t) is proportional to the posterior
6 density given n - 1 item responses.

Because the total number of response patterns, although very large, is
finite, the set of posterior densities can be written asalinear combination of
a finite number of functions. The MFS model makes a simplifying
assumption that the vector spaces of functions obtained as linear
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combinations of posterior densities of then - 1 item patterns are nearly the
same no matter what itemisexcluded. Thisimpliesthat thelRF for theitem
being studied can be closely approximated as a linear combination of the
posterior densities computed using the remaining items.

The MFS model selects a set of J orthogonal functions that can
approximate the entire array of posterior densities with the smallest mean
squared error. The number of orthogonal functions depends on the
complexity of the data.

The MFS model isimplemented in the computer program FORSCORE
(Williams & Levine, 1993), which uses a constrained optimization process
similar to typical IRT programs for parametric models (such as BILOG;
Mislevy & Bock, 1991) where the parametersto be estimated are restricted.
With FORSCORE, a researcher must translate qualitative assumptions
about the shape of response functionsinto linear inequalities (usually first
and second order derivatives of the orthogonal functions) that must be
satisfied during the optimization process. For example, the assumption of a
nondecreasing item response function at t translates into the following

inequality

d d
6 _P(ui :]_Ie =t) = o —h, (t) =0.
© & 2 g

Although estimating item response functionsfor the M FS model requires
larger sample sizes and more parameters than logistic models, the MFS
model is especially useful when the shapes of item response functions are
unknown. With any type of data, the MFS model is able to generate a best
fitting item response function — one that does not need to be logistic or
monotonic in form. To do this, aresearcher imposes no constraints on the
shape. Thisflexibility allows aresearcher to determine the “true” form of
theitem response functionsin any data (although, as noted below, there are
significant complications).

Polytomous Models

The models discussed above are appropriate only for dichotomously
scored data. If items have more than two response options (polytomous),
then artificial dichotomization of responsesisusually performed with oneor
more options designated as the “correct” or “positive” response and all
remaining options recoded as negative responses. |If dichotomous IRT
models are found not to fit polytomous data, the misfit could be an artifact
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of dichotomization (Jansen & Roskam, 1986). Because most personality
measures use a polytomous item response format, the use of dichotomous
models may be jeopardized by the dichotomization and polytomous models
may be preferred.

There are numerous polytomous IRT models (see van der Linden &
Hambleton, 1997). Given spacelimitations, we decided to apply modelsthat
seemed most appropriate for the response format of personality items. In
most personality scales, response options are ordered according to the level
of agreement with a particular statement. Two polytomous models suitable
for ordered response categories were selected for the present study:
Samejima’s graded response (SGR) model (Samejima, 1969) and the
polytomous MFS model (Levine & Willams, 1993). Other well-known
polytomous|RT models, such asBock’s(1972) nominal model, Samejima’s
(1979) multiple-choice model and Thissen and Steinberg’ s (1984) multiple-
choice model, were not included in the present study because they were
designed originally to model cognitive ability tests with multiple-choice
formats and they assume no ordering of response options.

Samejima’s Graded Response (SGR) Model. For dichotomously scored
items, itiscommon practiceto discussonly theitem response function for the
correct response to an item although a response function also exists for the
negativecategory. Inpolytomous|RT terminology, thesefunctionsarecalled
option response functions because they relate a person’s probability of
endorsing aparticular responseoptiontothetrait level. Accordingtothe SGR
model, the probability of selecting optionk onitemi is

1 1
1+exp[-1.7a (t -b,)] 1+exp[-17a(t -b )]’

(7) P(v =klp=t) =

where v, denotes the person’ s response to the polytomously scored itemi;
k isthe particular option selected by the respondent (k =1, ..., s, where s
refers to the number of options for item i); a is the item discrimination
parameter, which is assumed to be the same for each option within a
particular item; bisthe extremity parameter that variesfrom optionto option
given the constraintsb, , < b <b_  ,and b, , istakenas+ .

Note that the 2PL model is a special case of the SGR model when the
number of response options is equal to two. A detailed discussion about
fitting the SGR model to Likert-type datacan befoundin Muraki (1990). In
the personality domain, the SGR model has been used to address the
specificity of item content in the NEO-PI Conscientiousness scale (Schmit
& Ryan, 1997) and to model faking on the Assessment of Biographical and
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Life Events (ABLE; Peterson, Hough, Dunnette, Rosse, Toquam, & Wing,
1990) personality inventory. Zickar and Drasgow (1996) presented some
evidence that the SGR model did not fit the ABLE data well, but did not
explore that issuein detail.

Polytomous MFS Model for Ordered Responses. The extension of
the dichotomous MFS model to the polytomous case is straightforward. In
the polytomous M FS model, the probability of selecting optionkonitemiis
written

(8) P(v;, = k|6 =t) = Z aychy (1),
T

where v, denotes a person’s response to the polytomously scored item; kis
the particular option selected by the respondent, 0 istheweight for itemi,
function j and option k to be estimated by marginal maximum likelihood
estimation. The description of the constraintsthat wereimposed on ordered
response categoriesfor the polytomous MFS model isgiveninthe Methods
section.

Assessing Model-Data Fit

The model-datafit issue can be addressed in two ways. First, the data
must conform to model assumptions about dimensionality. Second,
predictions based on the estimated model should be examined in cross-
validation samples. This can be done using a variety of statistical tests of
goodness of fit and graphical methods.

Checking Model Assumptions. Most IRT models make the basic
assumption of unidimensionality and hencelocal independence. Unidimen-
sionality assertsthat the response probability isafunction of asinglelatent
characteristic 6 of anindividual.

Despitetheimportance of the unidimensionality assumption, thereislittle
agreement on an adequate test of unidimensionality. Hattie (1984, 1985)
empirically assessed over 30 indicesof unidimensionality and found problems
with nearly all of them. Drasgow and Lissak (1983) developed a procedure
called modified parallel analysis(MPA) that circumvented the majority of the
problems associated with traditional approaches. MPA is a combination of
IRT and factor analysis of tetrachoric correlations. The procedure extends
Humphreys and Montanelli’s method of parallel analysis (1975), which
compares the eigenvalues from a synthetically created data set to those
estimated fromreal data. Inseveral Monte Carlo studies, Drasgow and Lissak
(1983) showed that MPA was effective in determining whether an item pool
was sufficiently unidimensional for the application of IRT.
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Another frequently used method for assessing unidimensionality is
Stout’s nonparametric DIMTEST (Stout, 1987). It is a conditional
covariance based hypothesis testing procedure that assesses whether two
subtests are dimensionally distinct. Unfortunately, the utility of the
DIMTEST procedurefor personality measurement islimited dueto the short
length of personality scales. Simulation studies (personal communication
with William Stout) indicated that at least 20 items are needed to obtain
accurate results for the DIMTEST procedure, however, the majority of
personality scales rarely exceed 15 items.

The confirmatory factor analysis (CFA) approach that tests a one-factor
model isalso appropriate for assessing scale unidimensionality. Itiseasier
to implement than MPA and has many well-established goodness of fit
indices. On the other hand, we are unaware of any simulation studies that
used fit statistics from CFA to determine whether an item pool was
sufficiently unidimensional for IRT analyses. Henceitisdifficult tojudgethe
appropriateness of using a unidimensional IRT model based on CFA
goodness of fit indices.

Inthisarticle, we chose to use MPA and CFA approaches to assess the
unidimensionality of personality scales. Stout’s DIMTEST procedure was
not utilized because the longest scale we examined had only 14 items.

Checking Model-Data Fit. Drasgow et al. (1995) advocated a
combination of complementary graphical and statistical methodsto eval uate
the adequacy of model predictions. Inour study, both graphical fit plotsand
chi-square goodness of fit testsfor singleitems, pairs, and tripleswere used
to investigate the fit of IRT modelsto personality data.

Graphical fit plotsare one of the most widely used methodsfor examining
model-datafit. Theideaisto plotitem/option response functions, estimated
from a calibration sample, as well as the empirical proportions of positive
responses obtai ned from across-validation sample. Inthesimplest version,
afit plotisconstructed by dividing the 6 continuuminto, say, 25 strata. Then
0 isestimated for each examinee, and the total number of examineesin each
0 stratumiscounted. Anempirical proportioniscomputed asthe number of
examinees who selected the positive option divided by the total number of
examinees in the stratum. Samejima’s (1983) simple sum procedure
provides an example of such atraditional fit plot. The simple sum estimate
of apoint P,(t) on an item response function is computed as

PR

¥ R()- S PO=tF =4,
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where the summation in the denominator isover all examineesin the sample,
the summation in the numerator is over only the examinees who correctly
answered theitemi, T isa6 estimator computed from responsesto all items
except the target item, and 7, isthe value of T computed from examinee
A’s data.

The problem with this straightforward approach is that the 6 estimate
(7)fortheindividual ishardly ever equal tothetrue 6 dueto estimation error.
Error in 7 can change the fit plot such that even with a very large sample
and perfectly estimated response functions, the sample fit plot may differ
substantially and systematically from the true response function. This
problem is especially pronounced for short tests where 6 estimates have
larger error.

Levine and Williams (1991, 1993) found an elegant solution to this
problem. By extending Samejima’ ssimple sum procedure, they showed that
appropriately constructed fit plots can have the same shape asthe trueitem/
option response function even for a biased estimator of 6 with a substantial
sampling error. In Samejima smodel, the simple sum estimate of apoint on
the item/option response function, P(t), is computed with the 7 estimate.
Levineand Williams proposed replacing this estimate with the vector-valued
statistic that issimply the respondent’ s response pattern u* to agiven set of
items (including thetarget item). Levineand Willams'sempirical estimate
of an item response function can be written as

> P(6=tju=u,)/ N*
N* (ahAes')
NS P(6=tju=u,) /N

A

(10) R(u =1o=1) =

where N* isthe number of respondents answering the target item positively;
N is the total number of respondents; u*, is the dichotomously scored
response pattern for respondent A; and S is the set of respondents
answering thetarget item positively. Theresultingfit plotisproportional to
the ratio of two averaged posterior densities: The numerator is the density
for respondentswho answered the target item positively at aparticular level
of 6 and the denominator isthedensity of all respondentsat that level. Levine
mathematically showed that P(t) approaches a point on the true item
response function as the sample increases. Levine and Willams's proof of
the asymptotic propertiesof Equation 10 requiresthat all items, including the
one being studied, be incorporated in u”. It isimportant to note that the
empirical response functions must be recal culated for each new model even
though the data are identical. Thus, they can assume different shapes.
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Statistical tests of goodness of fit (i.e., x? fit statistics) are probably the
most widely used in model-datafit assessment. Unfortunately, they are often
viewed as inconclusive evidence of adequate model-data fit because of their
sensitivity to samplesizeandtheir insensitivity to certain formsof model-data
misfit. Aswiththefit plots, we used an improved method of computing this
statistic: The adjusted chi-square to degrees of freedom ratio.

Theordinary x2for itemi is computed from the expected and observed
frequencies,

(11) X = Z[O'(k;_(ii)(k)] ,

where sisthe number of keyed options, O.(k) is the observed frequency of
endorsing optionk, and E, (k) isthe expected frequency of option k under the
specific IRT model. The expected frequency of respondents sel ecting each
optioniscomputed using

(12) E (k)= N[ P(v =Ko =t) f (t)c,

where f(¢) is the 6 density, usually taken to be the standard normal because
item/option response functions are scaled in referenceto thisdistribution. In
our study, the aboveintegral wasevaluated by numerical quadrature using 61
grid pointsontheinterval (-3, +3). To bypassthe sensitivity to samplesizeand
to allow comparisons between different samples and tests, the x? was first
adjusted to the magnitude that would be expected in asample of 3,000. Then,
the ratio of chi-sguare to the degrees of freedom was computed. A ratio of
morethan 3.0for any givenitemwasviewed asindicative of model-datamisfit.

Van der Wollenberg (1982) showed that x? statisticsfor singleitemsare
in many instancesinsensitiveto unidimensionality violations; instead, for the
Rasch model, x? statisticsfor item singlesare mainly sensitiveto whether the
itemsvary indiscrimination. Inaddition, the y? statistic for asingleitem, as
implemented here, isinsensitive to certain types of misfit. Figure 1 shows
an exampl e of this problem where the empirical | RF consistently lies above
theestimated | RF at low trait levelsand below it at hightrait levels. Although
itisvisualy clear that the datado not fit the IRT model, the xfor anindividual
itemwill be closeto zero, becauseitisamarginal statistic and the estimated
IRFisintegrated with anormal theta density; consequently, many different
integrands can integrate to the same constant (i.e., the observed marginal
number endorsing theitem). To avoid these problems, the x2 statistic should
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be computed for pairs and triples of items. Pairs and triples of items with
similar misfitswill have large x? statistics.

Our use of x2 statisticsfor pairsand triples of itemsissimilar in spirit to
statistics devel oped by van den Wollenberg (1982) and Glas (1988). Using
the Rasch model, these researchers showed that statistics computed from
pairsof itemsare sensitiveto violationsof local independence. Specifically,
number correct is a minimal sufficient statistic for the latent trait 6 in the
Rasch model and consequently van den Wollenberg and Glas computed
indices of pairwise dependence conditional on number right. Theseindices
are large when local independence fails to hold.

The x2 statisticsfor item pairsand triples provide strong tests of model -
datafit. The goal of any mathematical modeling is to represent datain a
simpler form. In IRT, we want to reconstruct the patterns of responses
using the chosen model. Traditionally, we assessthefit of modelsoneitem
at atime, which implies that if the individual items are fit well, the entire
pattern of responses will fit satisfactorily also due to local independence;
however, the assumption of local independenceisnever tested directly. The
x?2 statisticsfor item pairsand triples provide an explicit meansfor examining
how successful a model is in predicting patterns of responses. They are
sensitive to unidimensionality violations because the expected frequencies
are computed under a unidimensional model.
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The expected frequency for apair of itemsinthe (k, k") cell of the two-
way tablefor itemsi and i’ is computed as follows:

(13) B, (k)= NPy, =Kp =t)P(v, =k’o=t)f (t)ct,

and, the observed frequencies are counted in each cell. Some cells are
combined so that the expected frequenciesexceed 5. Theusual x?for atwo-
way tableisthen calculated. A similar procedureis carried out with item
triples. Algebraically, if model-data misfit occursfor anitem pair or triple
at the same trait level, the x2 will increase even for the kinds of misfit
presented in Figure 1.

Previousresearch with cognitive ability datafound the adjusted chi-square
to degrees of freedom ratio statistic for item singles, pairsand triplesto bevery
useful for comparing several competing |RT models(Drasgow etal., 1995). The
best fitting model shad small (bel ow 3) adjusted chi squareto degreesof freedom
ratiosfor item singles aswell as small ratios for pairs and triples.

Insum, if theratio of chi-square to the degrees of freedom exceeds 3.0
foritemsingles, pairs, or triples, onecaninfer that the parametric form of the
item/option response function is violated or that the data are
multidimensional. Both of these outcomes indicate that the chosen IRT
model does not fit the data.

Method
Data

The five models described previously were fitted to data from two
personality inventories. These included the Fifth Edition of the Sixteen
Personality Factor Questionnaire (16PF, Conn & Rieke, 1994) and
Goldberg’' s50-item measure of the Big Five Factor markers (Goldberg, 1997,
1998). Both the 16PF and Goldberg’' s Big Five are among the most widely
used personality inventories in research and practice today.

16PF. Thefirst dataset consisted of 13,059 individualsrespondingtothe
US-English version of the Fifth Edition of the 16PF. The data were test
protocols sent to the Institute for Personality and Ability Testing (IPAT) by
its customers for the purpose of creating computer-generated interpretive
reports in 1995 and 1996 for the purposes of research, counseling/
development, and selection. 170 items from 16 noncognitive scales were
analyzed. The 16 scales were Warmth (11 items), Emotional Stability (10
items), Dominance (10 items), Liveliness (10 items), Rule-Consciousness
(11items), Social Boldness (10items), Sensitivity (11items), Vigilance (10
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items), Abstractedness (11 items), Privateness (10items), Apprehension (10
items), Openness to Change (14 items), Self-Reliance (10 items),
Perfectionism (10 items), Tension (10 items), and Impression M anagement
(12 items).

The raw polytomous data (three response options) were prepared for
analysis by reverse scoring items that were negatively worded and, when
appropriate, dichotomizing. The responses were scored so that the “high”
option (“c”) indicated high standing on the trait continuum. For the
dichotomous models, the middlie option (“b”) was coded as “high” and
assigned a score of one. Past research (and our experience as well)
indicated that combining the middl e response option with either the “low” or
the*high” response options haslittle effect on theresulting item parameters.

ThelRT calibration sample consisted of 6,530 respondents. Thissample
was formed by taking every second respondent from the total data set,
beginning with thefirst respondent. Thus, only respondentswith odd count
numbersfrom theoriginal dataset wereused for IRT calibration of theitems.
The remaining 6,529 cases formed the “ empirical sample” that was used to
cross-validate the estimated IRT models. Table 1 presents the summary
statistics for the 16PF scales.

The Big Five Personality Factor Scales. The second data set
consisted of 1,594 Singapore military recruits and 274 Junior College
students (total: 1,768) who had responded to Goldberg’ s(1997, 1998) public
domain, 50-item measure of the Big Five personality factor markers. The
datawere collected as part of adissertation research effort by Chan (1999),
in which several self-report measures were administered in English, the
official language of Singapore. The age of the respondents ranged from 17
to24. All had at least ahigh school education conducted primarily in English
in Singapore. The military sample was entirely male, whereas 60% of the
student sample was female. Although the soldiers were asked to indicate
their identification numbers due to the longitudinal nature of Chan’s
research, there was no reason to suspect that they may have faked their
responses because they were not job applicants — military service is
compulsory in Singapore. The students answered the questionnaire
anonymously.

The measure consisted of five 10-item subscales measuring
Extraversion, Agreeableness, Conscientiousness, Emotional Stability, and
Intellectance or Openness to Experience. Respondents were asked how
well each of the 50-itemsdescribed them on afive-point scaleasfollows: (1)
Very inaccurate, (2) Moderately inaccurate, (3) Neither inaccurate nor
accurate, (4) Moderately accurate, (5) Very accurate. Table 1 presentsthe
summary statistics for the Big Five scales, and the valid cases used for the
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Tablel
Summary Statisticsfor Scalesand Data
Scae Number  Numberof ValidCases Mean SD Alpha
of IteMS Total Calibration Validation
16 PF
Warmth 1n 12936 6462 6474 1472 453 068
Emotional Stability 10 12985 6492 6493 1455 505 081
Dominance 10 12957 6483 6474 1370 418 067
Liveliness 10 12933 6477 6456 1150 477 071
Rule-Consciousness 11 12922 6457 6465 1490 486 074
Social Boldness 10 12055 6468 6487 1181 620 086
Sensitivity 1n 12911 6455 6456 1159 583 079
Vigilance 10 12970 6495 6475 1019 465 074
Abstractedness 1 129006 6465 6441 712 498 074
Privateness 10 12973 6486 6487 1062 514 076
Apprehension 10 12939 6470 6469 1091 551 078
Openness to Change 14 12894 6447 6447 1777 548 069
Self-Reliance 10 12996 6501 6495 783 524 078
Perfectionism 10 12953 6482 6471 1207 494 073
Tension 10 12088 6497 6491 989 524 077
Impression

Management 12 12979  64H 6485 1142 512 067

Goldberg’ s50-item Measure of Big Five Personality Factor Markers

Emotional Stability 10 1848 922 926 3070 736 084
Extraversion 10 1857 930 927 3087 667 080
Intellect 10 1848 928 920 338 584 077
Agreeableness 10 1848 922 926 3763 492 068
Conscientiousness 10 1857 928 929 3422 600 076

purposes of IRT calibration and cross-validation. Note that cases with
missing datawere dropped from the analysesfor each of thefivescales. The
calibration and cross-validation sampleswereformed using arandom split of
the combined data set. For the purpose of fitting the 2PL and 3PL models,
the data were dichotomized after negatively worded items were reverse
scored, such that the first three options representing a low level of a trait
were scored as 0, and the last two options indicating a high level of atrait
were scored as 1.
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Analyses

Modified Parallel Analysis (MPA) of Scale Unidimensionality. To
test the assumption of scale unidimensionality, MPA was performed for each
scale (Drasgow & Lissak, 1983). First, inter-item tetrachoric correlations
were computed using PREL IS (Joreskog & Sorbom, 1989). A principal axis
factoring (PAF) was then conducted to extract the common factors. Scree
plots of eigenvalues were then constructed (Hambleton, Swaminathan, &
Rogers, 1991).

Next, BILOG (Mislevy & Bock, 1991) was used to estimate item
parameters for the 3PL model for each of the 16PF and Big Five scales.
These item parameters were used to create synthetic data sets that were
truly unidimensional and contained the same number of simulated
examinees as our original samples. As before, inter-item tetrachoric
correlations for the simulated data of each scale were computed and
factor analyzed using PAF to obtain the eigenvalues. The eigenvalues
from the synthetic data sets were superimposed on the scree plots of the
real datafor each scale, and the differences in second eigenvalues were
examined.

Assessing Unidimensionality with Confirmatory Factor Analysis
(CFA). TheLISREL-8 program (Joreskog & Strbom, 1993) was used to fit
a one factor model to the polychoric correlation matrix for the items from
each personality scale. Each factor loading inthefactor loading matrix (A)
was set to be a free parameter. The factor variance was fixed at 1.0 and
maximum likelihood parameter estimation was used.

IRT Calibration of Items. The parameters of the 2PL and 3PL models
were estimated using BILOG (Mislevy & Bock, 1991). Thissen's (1991)
MULTILOG program was used for the SGR model. Williamsand Levine's
(1993) FORSCORE program was used for both MFS models. All
programs utilized marginal maximum likelihood estimation to obtain
parameters. Both data sets were analyzed using the same convergence
criteriafor all models. With all parametric models, the lower asymptote
parameter was constrained to be between 0 and 1, the item discrimination
parameter was constrained to be positive, and the item extremity
parameter was constrained to lie between —3 and + 3 to avoid implausible
values.

Withthe MFS models, several qualitative assumptions about the shapes
of item response functions were imposed to constrain optimization.
FORSCORE can accommodate a variety of constraints including
monotonicity, concavity and smoothness; they can be assumed globally or
just over an interval, for some or all items. In the present article, only
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smoothness constraints were imposed for the dichotomous MFS model. In
the case of the polytomous MFS analysis of the 16PF data, we placed
inverted-U constraints on the middle option and monotonicity constraintson
other options. The polytomous MFS model was not used for the Big Five
items because the sample size was inadequate for estimated increased
number of parameters.

Model-Data Fit. After calibrating a test, the fit of each model was
evaluated using a cross-validation sample. Fit plots for each item were
constructed using Williams's (1999) EMPOCC program. As explained
previously, rather than assigning each examineeto a cell and incrementing
the examinee count in that cell, as in the usual fit plot histogram, the
examinees’ posterior densities were used to distribute the counts over the 6
continuum represented by the 25 6 strata. Chi-square statistics were
computed for singleitems and all possible pairs and triples of items within
each personality scal e and then adjusted to asampl e size of 3,000. Theratios
of x? statistics to their degrees of freedom were then computed. To
summarize the large number of adjusted ratios, we sorted them into six
intervals: very small (<1), small (=1 and <2), medium (=2 and <3),
moderately large (=3 and <4), large (=4 and <5), and very large (=5).
Means and standard deviations of adjusted x%df ratios were also computed
for each scale.

Results

16PF

Unidimensionality. Figure 2 presents four typical eigenvalue plots
obtained by modified parallel analyses of the 16PF scal es (space limitations
prohibit an extended presentation of the results for each scale). As
recommended by Drasgow and Lissak (1983), a visual comparison of the
second eigenvalues was performed. None of the plots exceeded the
recommended criteriafor datawith little or no guessing (These criteriaare
presented graphically in Drasgow and Lissak.). Therefore, based on the
MPA method for dimensionality assessment, we were satisfied that the
noncognitive scales of the 16PF were sufficiently unidimensional for IRT
analysis.

Thevaluesof four commonly utilized goodness of fitindicesthat indicate
how well aone- factor model fit each personality scalearereportedin Table
2. Theseinclude the Root Mean Square Error of Approximation (RMSEA;
Steiger & Lind, 1980), Goodness of Fit Index (GFI; Tanaka& Huba, 1984),
Normed Fit Index (NFI; Bentler & Bonett, 1980) and Comparative Fit Index
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Modified Parallel Analysis Eigenvalue Plots Obtained from Item Responses from
Synthetic and Real Data Sets for (a) the Emotional Stability, (b) Openness to Change, (c)
Social Boldness, and (d) Dominance Scales of the Fifth Edition of the 16PF

(CFI; Bentler, 1990). As we already indicated, there is currently no rule
availablethat allowsusto determine sufficient unidimensionality specifically
for IRT analysis using these indices. The RMSEA values were .08 or less
for almost all 16PF scalesindicating an adequatefit of the one-factor model
(Browne & Cudeck, 1993). The GFI indices also supported that conclusion
(values of .95 and above indicate good fit). The NFI and CFI indices for
some scales were somewhat lower than the recommended .95 level (Hu &
Bentler, 1999).

Model-Data Fit. Table 3 contains a summary of the adjusted x?/df
ratios for five of the 16PF personality scales. Relatively small x?/df
statisticsfor singleitemswere obtained for all modelsand scales (i.e., the
average adjusted x?/df for single itemsranged between 0.87 and 3.0 for all
models). These results are comparable to those obtained in previous
investigations of cognitive ability data (see Drasgow et al., 1995) in that
they indicate good correspondence between the estimated model and the
observed data. Thissituation changed, however, whenitem pairsandtriples
weretaken into account. The SGR model had noticeably larger x%df ratios
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Table 2
The CFA Fit Indices of One-factor Model for the 16PF and “Big Five”
Scales

Scale RMSEA GFI NFI CFI

16 PF
Warmth .07 .95 .80 .80
Emotional Stability .05 .98 .95 .95
Dominance .05 .98 .89 .89
Liveliness .07 .97 .87 .87
Rule-Consciousness .07 .96 .86 .87
Social Boldness .07 .96 .94 .94
Sensitivity .08 .95 .87 .87
Vigilance .05 .98 .94 .95
Abstractedness .07 .95 .85 .85
Privateness .08 .95 .88 .88
Apprehension .07 97 .90 .90
Openness to Change .05 97 .82 .83
Self-Reliance .06 97 .93 .93
Perfectionism .08 .96 .85 .86
Tension .07 .97 .90 91
Impression Management .07 .95 .75 .75

“BigFive”
Emotional Stability .10 .92 91 91
Extraversion .07 .96 .94 .95
Intellect .10 .92 .89 .90
Agreeableness .06 .96 .95 .96
Conscientiousness .06 .97 .95 .96

than any other model. For example, 90 out of 91 possible ratios for item
pairsand 358 out of 364 possibleratiosfor itemtriplesfell inthe“very large
misfit” interval (= 5) for the Openness to Change scale. The other 16PF
scales, also exhibited x?/df ratios of similar magnitude for items pairs and
triples. Thesefindingsindicatethat the SGR model did not fit the 16PF data
adequately.

The x?/df ratios for item pairs and triples for the dichotomous models
(i.e. 2PL, 3PL and MFS) and polytomous MFS model varied in magnitude
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Table 3
Frequency, Means and SD of x%df Ratios for Five 16PF Scales

Frequency Distribution of Adjusted x? to df Ratio

Modd Ttem ™" 171 2 2.<3 3-<4 4-<5 >=5 Men SD
16PF Liveliness Scale
2PL
Sngles 6 2 2 0 0 0 121 082
Doubles 6 9 17 6 2 5 326 440
Triples 1 16 36 32 17 18 408 356
3PL
Singles 6 2 2 0 0 0 120 076
Doubles 6 9 18 3 6 3 319 444
Triples 1 18 42 31 14 14 393 36
MFS dichotomous
Singles 6 2 2 0 0 0 113 075
Doubles 8 22 10 4 0 1 189 170
Triples 6 64 32 9 1 8 219 135
SGR
Singles 5 3 2 0 0 0 115 067
Doubles O 0 0 0 2 43 982 389
Triples 0 0 0 0 2 18 853 286
MFS polytomous
Singles 6 1 1 2 0 0 161 115
Doubles 4 17 17 3 3 1 238 189
Triples 0 50 57 5 0 8 237 108
16PF Sengitivity Scale
2PL
Sngles 8 2 0 1 0 0 098 083
Doubles 12 12 7 4 6 14 405 421
Triples 8 20 30 26 16 65 545 416
3PL
Sngles 8 2 1 0 0 0 087 060
Doubles 13 12 6 5 4 15 389 413
Triples 5 27 29 27 16 61 523 402
MFS dichotomous
Sngles 2 1 5 0 1 2 291 174
Doubles 1 19 20 10 3 2 261 123
Triples 0 %! 81 19 9 2 242 087
SGR
Singles 8 2 1 0 0 0 09 060
Doubles O 1 0 6 4 44 776 346
Triples 0 0 2 7 20 136 712 258
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Table 3 (cont.)

Frequency Distribution of Adjusted x? to df Ratio

Modd Item ™79 -55 5.3 3-<4 4-<5 >5 Men D
MFS polytomous
Snges 4 4 2 0 1 0 155 109
Doubles 3 2 12 5 8 5 268 139
Triples 0 52 66 HA n 2 258 093
16PF Opennessto Change Scale
2PL
Sngles 7 3 2 1 0 1 172 131
Doubles 7 39 23 7 4 11 259 181
Triples 0 13X 91 59 43 3R 283 136
3PL
Sngles 7 3 2 1 0 1 166 129
Doubles 10 43 17 8 3 10 256 1A
Triples 5 1# 101 4 47 30 279 14
MFS dichotomous
Sngles 7 3 1 2 1 0 164 121
Doubles 16 42 19 5 2 7 210 15,1
Triples 20 186 ST ¥ 25 7 217 109
LR
Snges 4 6 3 0 0 1 169 131
Doubles 0O 0 0 0 1 90 967 271
Triples 0 0 0 0 6 38 832 241
MFS polytomous
Sngles 6 5 2 0 0 1 149 116
Doubles 1 35 37 1 4 3 240 098
Triples 0 18 1% D0 1 0 223 052
16PF Tension Scale
2PL
Snges 5 3 0 0 0 2 208 242
Doubles 8 9 12 6 4 6 304 292
Triples 1 33 39 21 7 19 341 222
3PL
Sngles 7 1 0 0 0 2 197 234
Doubles 12 9 10 7 2 5 284 275
Triples 0 32 37 26 6 19 337 203
MFS dichotomous
Sngles 2 4 1 0 1 2 300 28
Doubles 5 16 9 6 6 3 272 209
Triples 6 40 49 17 0 8 251 147
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Table 3 (cont.)

Frequency Distribution of Adjusted x? to df Ratio

Modd Item ™79 55 5.3 3-<4 4-<5 >5 Men D
GR
Sngles 2 3 3 1 0 1 209 132
Doubles 0O 0 0 0 1 4 976 377
Triples 0 0 0 1 6 113 787 24
MFS polytomous
Sngles 2 4 3 1 0 0 202 086
Doubles 0 23 14 5 1 2 233 132
Triples 0 80 2 14 4 0 206 075
16PF Impression Management Scale
2PL
Sngles 8 1 1 1 0 1 156 159
Doubles 7 14 19 3 8 15 472 567
Triples 1 30 6 37 6 9D 581 450
3PL
Sngles 8 1 1 1 0 1 153 146
Doubles 5 17 16 5 9 14 468 567
Triples 1 31 8 3B 5 9D 576 445
MFS dichotomous
Sngles 3 5 2 2 0 180 084
Doubles 4 31 19 6 4 2 249 246
Triples 1 A B 26 9 12 271 204
R
Sngles 6 3 1 0 2 0 156 131
Doubles 1 5 4 4 7 45 681 372
Triples 0 0 7 2 33 1680 625 202
MFS polytomous
Sngles 7 4 0 0 0 1 140 133
Doubles 2 A 10 8 6 6 266 183
Triples 1 82 7 3B 16 9 25 109

across the scales. Essentially, the results can be grouped into two
categories. One set of scales showed good parametric fit, while the other
set demonstrated a lack of parametric fit. In particular, the Openness to
Change and Tension scales appeared to befit well by dichotomous|logistic
models. Both 2PL and 3PL modelshad the majority of x%/df ratiosfor item
pairsandtriplesinthevery small to mediumrange (= 3). For example, the
mean of the 2PL ratiosfor the Opennessto Change scalewas 2.59 for pairs
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and 2.83 for triples. The more flexible 3PL model showed little
improvement over the simpler 2PL model: The mean ratios were 2.56 for
pairs and 2.79 triples. This result indicated that introducing a lower
asymptote parameter had little effect on model-data fit and that the 2PL
model was appropriate for these scales. The fit of the dichotomous and
polytomous MFS model s to the Openness to Change scal e was somewhat
better (2.10 and 2.40 for pairsand 2.17 and 2.23 for triples, respectively),
but theimprovementsover parametric modelswererelatively minimal. (An
explanation for the improved fit is suggested by the fit plots, and is
discussed below.)

The data from the second category of 16PF scales (e.g., Sensitivity and
Impression Management scales) werenot fit well by thelogistic models. The
majority of x%df ratiosfor item pairsand triples for the 2PL and 3PL models
werein the moderately largeto very large range (= 3), with means generally
above4.5. Thenonparametric MFSmodels, however, had noticeably smaller
ratios that were mostly in the small to medium range. For example, the
Impression Management scal e had mean x?/df ratiosfor item pairsand triples
of 2.49 and 2.71 for thedichotomous M FSmodel, whilethe meansfor the 2PL
model were 4.72 and 5.81, respectively. The 3PL model again showed little
improvement over the 2PL model (means of 4.68 and 5.76). Together, these
resultsindicate that the parametric IRT models did not fit well.

Fitindicesfor the polytomous MFS model werevery similar to thosefor
the dichotomous MFS model. One might expect that a polytomous model
would alwaysfit better because more parameters are estimated. However,
increasing the number of model parameters generally leads to larger
estimation errorsthat may offset any improvementsin predicting patterns of
responsesfor item pairsand triples. Moreover, the polytomous MFS model
makes more specific predictions than the dichotomous MFS model (i.e., it
predicts the value of polytomous responses), again introducing greater
possibility for error.

In our analyses, the polytomous MFS model utilized more parameters
than the dichotomous MFS model but did not show much differencein fit.
Evidently, increased estimation error balanced with theimproved prediction
provided by the polytomousmodel. Another reason that fit wasnot improved
may be rooted in the data structure of the 16PF. The middle option of the
16PF hasrelatively low endorsement rates (5 to 10 percent for most items)
as compared to the other two options, so relatively small amounts of
information are lost during dichotomization. Not surprisingly, the
dichotomous M FS model accounted for the data nearly as well asthe more
complex polytomous MFS model.
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Fit plots were used to obtain visual representations of model-data. One
fit plot per item was constructed for each of the dichotomous models and
three plots per item (one for each response option) were constructed for the
SGR and polytomous MFS models. Due to space limitations, we selected
two typical 16PF itemstoillustrate theresults. Item 13 from the Openness
to Change scale is one of the items from a scale showing good parametric
model-datafit. Fit plotsfor that item are presented in Figures3 and 4. Item
5 from the Sensitivity scale is typical of items that were not fit well by
parametric models; thefit plotsare presentedin Figures5and 6. Thevertical
linesin each figure describe the approximate 95% confidence intervals for
the empirical item/option response functions.

An examination of Figure 3 reveals considerable misfit for the SGR
model; namely, there are large discrepancies between the empirical
proportions and the estimated option response functions. Note that this
systematic error was undetected by the x?df ratio for this item when
examined individually (x%df ratio was 0.78), but it became apparent when
the item was paired with other similarly misfit items from the Openness to
Changescale. Theestimated functionsfor the dichotomousIRT modelsare
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Figure3
Fit Plots for Item 13 of the Openness to Change Scale of the Fifth Edition of the 16PF: (a)
2PL, (b) 3PL, (c) Dichotomous MFS, (d) SGR
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much more satisfactory than those estimated for the SGR model, because
they fit the empirical proportions better. Note, however, that both models
adequately described the lower tail of the response function, so there was
little need for alower asymptote parameter. The shape of theitem response
function estimated by the dichotomous MFS model resembled the shape of
2PL and 3PL logistic functions with the exception of amoderate oscillation
near 6 = 0. Also, note that the 2PL, 3PL, and MFS models had similar
patterns of x?/df ratios.

Figure 4 presents fit plots for the polytomous MFS model with each
response option plotted separately. Visual inspection indicated that the fits
between the estimated and empirical curvesfor the polytomous MFS model
were better than those for the SGR model. The shapes of the nonparametric
option response functions for the lowest and highest response categories
were generally similar to the corresponding SGR functions. However, the
middleresponse option differed: It wasbimodal for the MFSmodel. Further
research is needed to determine whether that result was due to estimation
error or may be substantively important.

a I.'._H:...i.-un : : )
% T4 § 051
o s s fod]
E 1 |
1 .| ., ;
S o D a0 e 14 aa 14 2 El
Thata Theta
__-E__“ - ——— =
:-i -T
il s
£
| 2
| ?_'f-fmd.._ T

Figure4
Fit Plots for the Polytomous MFS Model (Item 13 of the Openness to Change Scale of the
16PF): (a) Positively Scored Option, (b) Middle Option, (c) Negatively Scored Option
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Figures5 and 6 present fit plot results for an item that wasfit poorly by
the parametric models. The fit plots for the dichotomous IRT models are
interesting and somewhat surprising. The estimated functions for all three
modelsfittheempirical proportionsnearly perfectly. Nonetheless, the x?/df
ratios for item pairs and triples were large for parametric models: 4.05 and
5.45for the2PL and 3.89 and 5.23for the 3PL. Duetothe size of theseratios
for pair and triples, we expected the 2PL and 3PL fit plotsto exhibit thekind
of misfit seen for the SGR model (i.e., we expected the empirical item
response function to be consistently above the estimated | RF at some trait
levelsand below it at other trait levels). Contrary to expectations, thefit plots
for 2PL, 3PL and MFS model s showed very good fit. The shape of the MFS
curve provided someinsight about why the x?/df ratiosfor parametric models
werelargefor item pairsand triples and small for singleitems: Its profound
nonmonotonicity suggests that s-shaped item response functions cannot
adequately explain response patterns. Thus, the 2PL and 3PL modelswere
capable of modeling singleitem responses but failed when predictions about
patterns of responses for two or three items were needed.
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Figureb
Fit Plots for Item 5 of the Sensitivity Scale of the Fifth Edition of the 16PF: (a) 2PL, (b)
3PL, (c) Dichotomous MFS, (d) SGR
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Figure6
Fit Plots for the Polytomous MFS Model (Item 5 of the Sensitivity Scale of the 16PF): (a)
Positively Scored Option, (b) Middle Option, (c) Negatively Scored Option

Turning now to the results for the polytomous analyses, there were
substantial discrepancies between the empirical proportions and the
estimated option response functions for the SGR model and closer
correspondence for the polytomous MFS model. Note that the response
function for the most positive option was monotonically increasing in panel
C of Figure 6. However, this qualitative feature of the option response
function was obtained by sacrificing normality; that is, we did not require
latent trait scores to be normally distributed.

Big Five
Unidimensionality. MPA plots of the Big Five scales indicated that
they were sufficiently unidimensional for IRT analysis. The CFA goodness

of fitindicesarereportedin Table2. The GFI, NFI and CFl indicesindicate
adequate fit of the one factor model for all Big Five scales. The RMSEA
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scoresfor Emotional Stability and Intellect scal es, however, were somewhat
large.

Model-Data fit. Table 4 contains the adjusted x2/df ratios for the three
of the Big Five personality scales. None of the parametric models appeared
tofitthe Big Fivedatawell. Large adjusted x?/df statisticsfor singleitems,
pairsandtriplesfor the SGR model clearly showed that thismodel did not fit
the data. The fit of dichotomous parametric models was also poor, even
though the mean x?/df statistics for single items was moderate for some
scales (e.g., the mean for the Emotional Stability scalewas 2.90 for the 2PL
model). The adjusted mean x?/df statisticsfor item pairs and triplesranged
from 4.29 to 14.22 for the Big Five scales, indicating a considerabl e lack of
parametricfit. Theseresultsweredifferent from those obtained in the 16PF
investigation where x?/df statisticsweresmall for singleitemsand relatively
large for item pairs and triples only on some of the scales.

The nonparametric dichotomous M FS model, however, had noticeably
smaller ratios for all Big Five scales. The adjusted x?/df statistics for item
singleswererelatively small for thismodel. Item pairsand triples statistics

Table4
Frequency, Means and SD of x? /df Ratios for Three “Big Five” Scales

Frequency Distribution of Adjusted x? to df Ratio

Modd Item o1 1.<0 2.<3 3-<4 4-<5 >5 Men SD
Big Five Agreeableness Scale
2PL
Snds 6 0O 0O 0O 0 4 142 2739
Dodles 7 1 3 1 1 2 1202 1185
Ties 3 5 6 9 14 8 981 637
3PL
Sndss 6 0O 0 0O 0 4 1419 2698
Doless 8 0 2 2 1 @ 1125 114
Ties 3 4 1 8 13 8 93 62
MFS
Sngs 6 2 0 0 1 1 19 365
Doudes 25 4 2 2 2 10 271 416
Triples 49 9 1 9 5 3 318 338
SGR
Sgs 2 0 1 2 0 5 730 646
Dodless 1 O 2 5 7 3 708 391
Tiles 0 3 13 23 20 61 576 29
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Table 4 (cont.)
Frequency Distribution of Adjusted x? to df Ratio
Modd ltem ™ 71 5 5 <3 3-<4 4-<5 >=5 Mean SD
Big Five Conscientiousness Scale
2PL
Sngles 3 1 0 0 1 5 672 6.70
Doubles 4 3 1 6 2 29 730 476
Triples 3 6 6 14 14 7 689 349
3PL
Sngles 3 0 1 0 1 5 665 633
Doubles 3 5 2 3 5 27 660 431
Triples 4 8 9 14 10 75 634 340
MFS
Sngles 7 2 0 0 0 1 113 364
Doubles 25 2 2 2 4 10 319 529
Triples 4 7 8 8 8 35 336 391
SGR
Snges 4 0 2 1 0 3 273 266
Doubles 2 2 12 4 8 17 469 253
Triples 2 30 A 24 12 18 318 1%
- Big FiveEmotional Stability Scale
Sngles 5 2 0 0 0 3 290 427
Doubles 14 4 8 4 2 13 429 624
Triples 20 14 3 2 100 42 539 566
3PL
Sngles 6 0 1 0 0 3 392 619
Doubles 14 3 4 6 3 15 467 720
Triples 21 18 17 10 14 40 532 608
MFS
Sngles 8 0 1 0 0 1 098 232
Doubles 30 2 1 1 1 10 275 511
Triples 51 8 1 10 9 A 318 368
SGR
Sngles 5 0 0 1 0 4 485 626
Doubles 1 0 1 5 5 3 828 677
Triples 0 1 100 25 20 o 610 372
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were closeto or below 3.0 indicating good fit of the MFS model to the data.
Thisis surprising because dichotomous M FS was the most complex model
for the Big Fiveitems; estimation errorsresulting from the small (N = 930)
calibration samples were expected to create substantial challenges for
cross-validation. Doubtlessly such estimation errors occurred, but the
nonparametric model’ s ability to fit the Big Five datawas not substantially
affected.

Fit plots for the Big Five results are not presented due to space
limitations. Recall that within each 16PF scale, the items tended to have
similarly shaped MFSresponse functions. In contrast, there was substantial
variation in the shapes of the MFS response functions within the Big Five
scales. Whereas some items seemed to conform to the monotonic, s-shape
of thelogistic function, other items had response functionsthat wereclearly
nonmonotonic.

Discussion

Themain conclusionfromthisstudy isthat theissueof fitting IRT models
to personality data is more complicated than previously suggested. Our
research differed markedly from other investigations of model-data fit
because we fit several increasingly complicated IRT models to two
personality inventories and used improved statistical and graphical fit
procedures. In contrast to previousresearchersthat focused on fit statistics
for item singles, we examined interactions among items by studying item
pairsand triples. Theresults showed that the 2PL and 3PL logistic models
did not consistently fit the datafrom the 16PF or the Big Five. Specifically,
some of the 16PF scales were fitted well by the 2PL model but others were
not. None of the 16PF or Big Five scaleswere fitted adequately by the SGR
model. Thenonparametric MFSmodelsappearedtofit all 16PFand Big Five
scales; note, however, that theitem response functionsdiffered markedly in
their shapes across scales.

Two important questions arise from these findings: (a) why don’t
traditional logistic modelsfit personality scales consistently? and (b) what
are the effects (if any) of model-data misfit on the applications of IRT in
personality measurement? Although more research is clearly needed to
adequately answer these questions, we will share some of our thoughts on
these topics.

Our first hypothesisabout the source of model-datamisfit for personality
scaleswasvery straightforward. Wewere hoping to identify aspecifictype
of item that could not be fit by IRT models. As an anonymous reviewer
suggested, the negatively keyed items might be problematic. To test this
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hypothesis, we created a group of positively keyed items and a group of
negatively keyed items for each scale, computed the average chi-square fit
statistic for each group, and examined the differences. No noticeable
differenceswerefound. For example, the conscientiousness scale of the Big
Five inventory had 6 positively keyed items and 4 negatively keyed items.
The average adjusted x?/df statistic for positiveitem singleswas 8.08 while
the same statistic for negatively keyed items was 4.52. Both exceeded the
recommended 3.0 level. Theadjusted x?/df statisticsfor all pairsof positive
and negative items examined separately were 6.94 and 6.48 respectively.
Thisindicates essentially no difference in model-data fit between the two
groups of items. Similar results were obtained for other Big Five and 16PF
scales.

We also looked at the content of items in search of possible answers.
Becausethe 16PF isacopyrighted instrument, we can only discussthe content
of itemsfromtheBig Fiveinventory (public domain), but similar conclusions
can be reached for the 16PF data. Let us consider the following items from
the Conscientiousness scale of the Big Five inventory: “I pay attention to
details,” “1 makeamessof things,” “1 likeorder.” All threeitemsshowed good
fit for the 3PL model at the level of singleitems (adjusted x?/df ranged from
0 to 2.41). However, when we examined patterns of responses to these
items, only one pair (item 1 and item 3) fit the model well (adjusted x%/df was
0.01); the other two pairs showed considerable misfit (adjusted x2/df were
13.37and 6.68). Itisunclear why thelocal independence assumption for the
item “I like order” isviolated when it is paired with the item | make mess
of things,” but not violated whenitispaired withtheitem*“ | pay attentionto
details.” Overall, we were unable to identify any group of items or any
content problems that would result in consistently better or worsefit by the
parametric models.

A reviewer of this manuscript presented an interesting explanation for
the above example of misfit. This reviewer noted that one possible
explanation of local dependence for the “I like order” and “1 make a mess
of things” isthat thesetwo itemsassessa“ neatness” dimension, while“| pay
attentionto details” assessesa* vigilancetofinepoints’ dimension. Itisquite
possiblethat individuals may endorse the “ neatness” items and not endorse
the“details” item. Thereviewer’scomment bringsanimportant point to our
discussion. It draws attention to the issue of multidimensionality as the
possible cause of misfit. In our article we uncovered a contradiction
between the outcomes of the unidimensionality analyses (MPA, CFA) and
the results of the two- and three-item chi-square fit statistics. Aswe noted
in the Introduction, the chi-square test is a stronger test for model-data fit
because it requires modeling of patterns of responses. When chi-square
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statistics are large, two explanations are possible: (a) violation of the
unidimensionality assumption and (b) themodel fitsthe datainadequately. It
is possible that the chi-square statistics were much more sensitive to
violationsof unidimensionality than werethe MPA and CFA statistics. Note
that the RM SEA valuesin Table 2 indicated only a“fair” fit in the majority
of cases, thus, supporting the multidimensionality hypothesis. However, in
our previous research we found that cognitive ability scales with similar
MPA and CFA statistics did not have large chi-square statistics for the 3PL
model. That fact directsour attentionto the possibility that traditional logistic
models may be inappropriate for personality items.

Our second hypothesis about the source of model-data misfit for
personality scales concerns the nature of responses to personality items.
Many researchers have argued that individual s might respond differently to
personality itemsthan cognitive ability items. Cronbach (1960) was one of
the first psychometricians who emphasized the distinction between tests of
typical and maximum performance. Maximum performance tests are
designed to reflect what an individual “can do” (i.e., can provide a correct
answer to an algebra question), whereas typical performance tests are
designed to reflect what an individual “will do” or “usually does” (i.e., talks
to many different people at parties). Traditionally thetypical vs. maximum
performance distinction was maintained primarily to separate testsinto two
domains: the cognitive ability domain and the nonability domain (e.g.,
personality). Recently, Campbell (1990) and Sackett, Zedeck and Fogli
(1988) emphasi zed that thisdistinction goes beyond the simpleclassification
issue and involves differences in test responding. While responding to
cognitive ability tests, the individual is aware that his/her performance is
being monitored and, hence, he/sheismotivated to do thetask, expend ahigh
level of effort on the task and maintain ahigh level of effort throughout the
measurement period. Clearly, the behavior of the individual is severely
restricted by thetesting situation. In contrast, individualshaveagreat array
of choicesregarding thetime ontask, level of effort, and persistence of effort
while answering typical performance tests. Thus, it is possible that
traditional IRT models can model well the constrained responding to
maxi mum performancetests, but cannot model the complexity of responding
to typical performance tests. In our study, we found that the more
complicated MFS model adequately captured the responses to personality
itemswhile logistic model s failed to provide such consistency.

Additional arguments regarding the fundamental difference between
responding to personality and cognitive ability items can be found in the
attitude measurement literature. There has been an increasing number of
publications suggesting that the Likert approach to scale construction may
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have limitations for noncognitive items (e.g., Andrich, 1988, Roberts,
Laughlin, & Wedell, 1999). The Likert procedure assumes that responding
to personality items follows a dominance (or cumulative) response
process (Coombs, 1964); namely, the individual has a high probability of
endorsing an item if he/she is located above the item on the underlying
continuum. However, several researchers (Andrich, 1996; Roberts et al.,
1999) have argued that this assumption might be flawed for attitude items.
They have found that participants generally use some type of ideal point
response process. The premise of this process is that the probability of a
person endorsing an item depends on both the location of the person and the
position of the statement along the latent trait continuum. People tend to
agree with statements having scale values similar to their own, while they
tend to disagree with statements having scal e values that are either more or
less extreme. Thus, ideal point models have nonmonotonic item response
functions.

Webelievethat personality itemsare essentially attitude statementsabout
people’ sown behavior. Consequently, we are not particularly surprised that
logistic models have some problemsfitting personality items. The adequate
performance of logistic models on some personality scales may be explained
by the fact that items were preselected to be so extreme that we were unable
to observeindividualswith extremely hightrait levelswho beganto agreeless
with statementsbecausetheitem did not reflect the extremity of their position
onthetrait continuum. Scalesthat werefitted poorly by logistic models may
have had less extreme items and more individuals with extreme trait levels.
Whilethat did not affect thefit of individual itemsmuch, the misfit increased
exponentially aspairsand triplesof theseless extremeitemswere considered.
Inour study, the Tension scal e of the 16PF wasfit well by the 3PL model while,
the Sensitivity scale was fit poorly. It may be the case that it was easier to
generate extreme items for the Tension scale of the 16PF than for the
Sensitivity scale. Similarly, it may be easier to write extreme items for the
relatively narrow constructs of the 16PF than for the broad constructs of the
BigFive. Currently, weare conducting aseriesof studiesthat exploretheissue
of fit of ideal point modelsto personality data.

In summary, the fit of the traditional IRT models to personality datais a
matter of concern. How much the violation of parametric model assumptions
illustrated in this paper affects the applications of traditional IRT models in
personality measurement is another question. One interesting result has been
found by Stark, Chernyshenko, Chan, Drasgow and L ee (2001) whileconducting
adifferential item functioning (DIF) analysis of the 16PF scales. Inthat study,
two approachesto DIF were used: aparametric approach based on IRT (Lord’s
chi square; Lord, 1980) and a nonparametric approach (SIBTEST; Stout &
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Roussos, 1996). In general, the same items were identified as having DIF by
parametric and nonparametric approaches for scales that were fit well by the
3PL model, but different items were identified by SIBTEST and Lord’s chi-
square as having DIF for scales that had model-data misfit. For personnel
selection, where DIF studies are used widely as part of test development and
validation, disagreement between DIF methods poses a considerabl e problem.
If the items flagged as DIF depend on the analysis then we do not know which
items are truly a problem and, thus, we cannot improve our measurement
instrument to satisfy today’ stesting standards. Other problemsthat result from
applying poorly fitted IRT modelsmay involvedifficultiesin ngthequality
of individual items(e.g., finding highly discriminatingitems), creating parallel test
formsor selecting itemsduring computer adaptivetesting. Incontrast, selection
of an IRT model that providesagood fit would enable personnel psychol ogists
to take full advantage of modern psychometric theory and to improve many
aspects of personality measurement.

We feel that future research should focus on two issues. First, from a
psychometric viewpoint, more complex models (e.g., MFS) should be
considered when modeling existing personality data. Second, other
approaches to personality scale construction (e.g., ideal point) should be
attempted.
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