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Scoring Method and the Detection of Person Misfit
in a Personality Assessment Context
Steven P. Reise

University of California, Riverside

The purpose of this research was to explore psycho-
metric issues pertinent to the application of an IRT-
based person-fit (response aberrancy) detection
statistic in the personality measurement domain. Monte
carlo data analyses were conducted to address issues
regarding the lz person-fit statistic. The major issues
explored were characteristics of the null distribution of
lz and its power to identify nonfitting response patterns
under different scoring strategies. There were two main
results. First, the lz index null distribution was not well
standardized when item parameters of personality
scales were used; the lz null distribution variance was

significantly less than the hypothesized value of 1.0
under several conditions. Second, the power of lz to

detect response misfit was affected by the scoring
method. Detection power was optimal when a biweight
estimator of &thetas; was used. Recommendations are made

regarding proper implementation of person-fit statistics
in personality measurement. Index terms: appropri-
ateness measurement, item response theory, lz statistic,
person fit, personality assessment, response aberrancy,
scoring methods, two-parameter model.

In the context of personality trait measurement,
there is little research directly pertaining to the psy-
chometric issues involved in the application of per-
son-fit (response aberrancy) statistics based on item
response theory (IRT). Hence, this study addressed
several basic quantitative issues pertaining to the
application of the 1, person-fit statistic (Drasgow,
Levine, & Williams, 1985) to personality trait mea-
surement. In particular, two studies were conducted
to address the following questions:
1. How is 1, distributed in a personality measure-

ment context?
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2. How powerful is I in detecting non-model-based
responding (i.e., nonfitting response vectors)?

3. How is the power of lz to detect nonfitting re-
sponses affected by the scoring method?

lZ (Drasgow et al., 1985) was the only person-fit
statistic investigated. Although many potential per-
son-fit indexes exist, lz was selected for study for
several reasons. First, lz has generated a substantial
amount of research in the ability measurement do-
main (e.g., Birenbaum, 1986; Drasgow, Levine, &

McLaughlin, 1987; Drasgow et al., 1985). Also, in
research that compared person-fit indexes (e.g.,
Gafni, 1988; Harnisch & Tatsuoka, 1983) this in-
dex has performed well-there were no indexes that
consistently outperformed 1,.

Although lz has functioned well in the ability
assessment context, this research literature has cer-
tain characteristics. In particular, two properties of
lz have received the most empirical attention: (1)
its conditional standardization on trait level (8), and
(2) its power to detect nonfit. However, in address-
ing these issues, researchers (e.g., Drasgow et al.,
1987) have computed lz on a single, long ability
test such as the SAT or GRE Verbal. There has not
been any research suggesting how different test
lengths and different item parameter distributions
affect lZ’s standardization and power in the context
of personality data that is fit to a two-parameter IRT
model.

Previous research on the power of 1, to detect
nonfit (e.g., Gafni, 1988; Reise & Due, 1991; Schmitt,
Cortina, & Whitney, 1993) has relied extensively on
using either true 8 (in simulated data) or maximum
likelihood (ML) estimates of 6 (in real data) for com-
puting lz. However, there are many methods for esti-
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mating 0 other than ML, and some of these methods
may affect lZ’s ability to detect misfitting responses.
The standardization implicit in lz is based on true
person and item parameters. Hence, 1, is optimal when
attempting to detect misfitting response patterns that
are unlikely given an examinee’s 0 level. In applied
situations, 6 must be used to compute lz. How the
scoring method affects the power to detect person
nonfit is an unexplored issue.

To address these issues, two studies were con-
ducted. The studies explored the statistical proper-
ties of 1, when computed for simulated item responses
to several personality measurement scales. In Study
1, simulated item responses based on personality
scale item parameter estimates were used to address

1, distributional issues. Simulated response vectors
also were used in Study 2 to address issues of power
and the effects of different scoring methods.

Study 1: The Null Distribution of t z
Study 1 examined the distribution of lZ to deter-

mine whether Iz is well standardized when items
with parameters characteristic of personality tests
were used. The specific question raised in Study 1
was whether Iz had a 0 conditional null distribution
that is consistently standard normal across a rea-
sonable range of 0 levels.

Researchers (Drasgow et al., 1985) using Iz in
ability assessment contexts have proposed that 1z is
distributed approximately as standard normal, con-
ditional on 8, when the item response patterns fit the
model. Previous research has been based on com-

puting lz in the context of relatively long ability test
data (e.g., SAT Verbal with 95 items) that had been fit
to the three-parameter model. The personality scales
used in this research, which ranged from 24 to 34
items in length, are shorter compared to the scales
typically used in person-fit research and were fit to
the two-parameter logistic model (2PLM).

Method

Personality Trait Measures

The Multidimensional Personality Questionnaire
(MPQ; Tellegen, 1982) was used as the basis for all
analyses. The MPQ consists of 284 items to which
respondents answer true or false. All scales were

developed by factor analytic methods detailed in
Tellegen and Waller (in press). In particular, four
trait scales from theMPQ were selected: Control (co,
24 items), Harm Avoidance (HA, 28 items), Tradi-
tionalism (TR, 27 items), and Absorption (AB, 34
items). These measures were selected because they
contain the most items in the MPQ inventory, and
previous research has shown that item responses to
these scales meet IRT modeling assumptions fairly
well (Reise & Waller, 1990, 1993).

Real-Data Sample and Item Calibration

The &dquo;real-data&dquo; sample consisted of 2,000 per-
sons drawn randomly from the Minnesota Twin
Registry; this is the same sample used in Reise &
Waller (1990). The sample consisted of 1,127 fe-
males [mean age = 40.78, standard deviation (SD)
= 9.36] and 873 males (mean age = 43.09, SD =

10.60). IRT item parameters were calibrated using
the 2,000 response vectors from the real-data sample
with the MULTILOG computer program (Thissen,
1986). The 2PLM with d = 1 (Hambleton, Swa-
minathan, & Rogers, 1991, p. 15) was selected and
all default MULTILOG conditions were used. For each

item, MULTILOG provided estimates of the item dis-
crimination (a) and item difficulty (b) param-
eters. These parameter estimates were treated as true

population values in order to generate simulated
response vectors in Studies 1 and 2.

The 1. Statistic

Given that an examinee has responded to a set of
items with known parameters, 0 can be estimated by
finding the maximum of the likelihood function for
the 2PLM. The resulting ML 6 represents the exam-
inee’s most likely position on the 8 continuum given
their pattern of responses. The likelihood of the re-

sponse pattern conditional on 8 (in log units) is

The expected value of Llo is
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and the variance is

where Q)0 is the probablity of a correct/keyed
response, Gje = I - P,10, and U, = 1 for a correct/

keyed response and 0 otherwise. Combining Equa-
tions 2 and 3, the Drasgow et al. (1985) standard-
ized person-fit index, 1,, is,

The conditional null distribution for 1, is the stan-
dard normal (Drasgow et al., 1985). Thus, 1, has an
expected value of 0.0 and a variance of 1.0 condi-
tional on 0. Large negative 1, values indicate non-
fitting response patterns given 0; large positive I.,
values indicate response patterns that are higher in
likelihood than the model predicts; 0.0 is the ex-
pected value when an examinee’s responses con-
form to the probabilistic IRT measurement model.
Note that this normal distributional assumption for
l1 rests on the central limit theorem and would only
be expected to hold when the number of items is
large. The present study, which used scales with a
relatively small number of items, provides a test of
the robustness of the lz null distribution for rela-
tively short tests.

Procedure

For eachMPQ scale, two analyses were performed.
In the first and second analyses, 10,000 response
vectors were generated by treating the item param-
eters estimated from MULTILOG as true item param-
eters. The true Os were specified to be 2,000 constants
at each of five 0 levels: 0 = -2.0, -1.0, 0.0, 1.0, and
2.0. These values were selected because (1) they rep-
resent a large range of 0, (2) it was important to ex-
amine the lz distribution conditional on various 0
levels to search for systematic differences, and (3)
values of 8 greater than 2.0 or lower than -2.0 would
have resulted in many response vectors with all 1 or

all 0 responses.
For each of the 2,000 simulated response vectors

at each of the five 0 levels per scale, lz was computed
twice. In the first analysis, lZ was computed using all

the generating parameters (i.e., the true item and per-
son parameters). In the second analysis, a ML 6 was
computed for each response vector. These 6s, along
with the true item parameters, then were used in the

computation of 1,.
Results

Descriptive statistics summarizing the item pa-
rameter estimates are displayed in Table 1. The av-
erage b was in the low 0 range for the TR, HA, and
co scales. For AB, the average b was near the mean
0 level (i.e., 0.0). The as averaged approximately
1.1 within scales and they ranged from a low of .56
to a high of 2.67. Figure 1 shows the test informa-
tion functions (TIFS; Hambleton et al., 1991, p. 94)
for each scale. The TIFFS show that all scales had

peaked information functions, indicating a dispro-
portionate amount of measurement precision within
specific 0 ranges. HA, TR, and Co provided the most
information in the low 0 range. The AB scale had

peaked information in the middle of the 0 con-
tinuum.

Table 1

Descriptive Statistics for Item Parameters

True item parameters and true 0. Table 2 pro-
vides summary statistics for the 11 null distributions
conditional on 0 when true item and person param-
eters were used to generate data and to compute 1,. It
is evident that 0.0 was the average 1, value across
scales, except when 0 = 2.0, where the mean lz was
negatively biased for each scale except AB. This re-
sult may be due to the fact that the skew of lz when
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Figure 1
Test Information Functions for the MPQ Scales
.1 n - ~ __

0 = 2.0 was especially large and negative for CO, HA,
and TR, but not for AB; negative skews led to means
that were shifted to the left.
A second notable finding was that the variances

of the conditional 1, null distributions were approxi-
mately 1.0 in most conditions (see Table 2). The
exceptions were when 0 = 1.0 for HA (variance =
.81 ) and when 0 = 2.0 for CO, HA, and TR (variance
= .66, .53, and .74, respectively). In the high 0 range,
the null distribution variances of 1, were truncated
relative to a standard normal distribution for co,

HA, and TR.

Finally, the conditional 1, null distributions were
always skewed negatively; for each scale and 0
level, the maximum lz score was constrained in com-
parison to the minimum lz score. This result means
that even in simulated data when all parameters are
correct, the 0 conditional 1, null distributions were
not symmetric. Because in theory the index is stan-
dard normal given 0 when the data fit the model,
this was an important finding.

Inspection of the TIFS in Figure 1 helps clarify
the findings. HA had the lowest information at 0 =
2.0, and the variance of the 1, distribution condi-
tional on 0 = 2.0 was smallest for this scale. Figure
2a shows a plot of test information given 0 (IJO)

(from Figure 1) on the abscissa and the condition-
al variances of 1, (Table 2) on the ordinate. The
relationship appears moderate but not perfect. As
noted in Drasgow (1982), the 1, equations were
meant to be good approximations to &dquo;standardiz-
ing&dquo; transformations only when 7)6 is high. Per-
haps under the present conditions, at high 0 levels
CO, HA, and TR did not have sufficient IJO.

True item parameters and estimated ML 6. Table
3 shows descriptive statistics for the conditional Iz
null distributions based on true item parameters and
ML 6 used in the computation of lz. These results
were similar to the results in Table 2 but differed in

one major respect: when 6 was used in the compu-
tation of 1,, the conditional 1, null distributions were
constrained in variability (i.e., < 1.0).

The reduction in variance appeared to depend
on the IJO within each scale. In Figure 2b, the vari-
ances of the lz distributions (Table 3) are plotted as
a function of the IJO (from Figure 1). As in Figure
2a, the higher IJO, the closer the conditional 1, vari-
ance was to 1.0. This finding reinforces the notion
that the variances of the 1, null distributions depend
on some critical amount of IJO; if there is little in-
formation, there is little variance in the lz null dis-
tributions. Note, however, that at some of the 0
levels many of the simulated response vectors were
all Os or Is (e.g., at 0 = 2.0 there were 297 vectors
with all Is forty, 321 for co, and 745 for HA). When
this occurred lz was set to 0.0, which constrained
the variance values reported in Table 3.

The relationship between lie and the conditional
1, variance shown in Figure 2b was not perfect, how-
ever. For example, Table 3 shows that when 0 =
-1.0, the variance for co (.96) was much closer to
1.0 than for AB (.43). However, at this low 0 level
co had only slightly more 7)6 than AB. This result
indicates that it was not the amount of IJO that solely
accounted for the conditional lz variances. What
appeared to be critically important in determining
the variances of the lz null distributions was the
number of items within each scale that had diffi-
culties near a given 0 level.

Equation 3 reveals that the potential range of 1,
values can be influenced depending on whether a
scale contains items for which the examinee has a
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Table 2

Descriptive Statistics of Conditional Null Distributions of 1, When True 0 Was Used to Compute 1

PIO near .5. As PIO goes from 0 or 1 toward .5,
values in Equation 3 decrease, which makes any

value in the numerator of lZ result in a larger /,. Re-
turning to the above example, although AB contained

Figure 2
IJO Versus then Variance)0 Using True 0 and Estimated 0
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Table 3

Descriptive Statistics of Conditional 1, Distributions When 0 was Estimated With ML

no items that discriminated best at 0 = -1.0, it had
almost as much test information at 0 = -1.0 as co
due to its larger number of items. However, the Co
scale contained many items with bs of approxi-
mately -1.0 (see Table 1). Hence, for co, items can
be administered for which examinees with 0 = -2.0
would have PIO near .5. This property would allow

lz to approach its asymptotic variance of 1.0. Thus,
information is important, but having items with 0 =
b is of equal influence in determining the condi-
tional lz null distributions.

Study 2: Detection Power
and Scoring Method

Study 2 was concerned with the power of lz in
detecting non-model-based responding and how
detection power is affected by scoring method.
There are several fundamental problems in address-
ing the detection &dquo;power&dquo; issue. For example, the
power of the statistic to detect nonfit potentially
interacts with a number of factors, such as (1) the

degree of a, (2) the distribution of bs, (3) the num-
ber of items, (4) the scoring method, and (5) the
type of nonfit. It is difficult to address all these vari-
ables in one study; hence, some factors were held
constant and others were manipulated.

Preliminary Issues

The primary question that arises in any attempt
to detect nonfitting response vectors is the type of
nonfit the statistic will detect. Person-fit research-
ers (e.g., Drasgow, 1982) have typically examined
the power of various fit statistics to detect one or
two types of well-defined lack of fit (e.g., a high 0
examinee mismarks 10% of the items or a low 0
examinee cheats on 10% of the items).

In the personality assessment context, there are
a variety of types of unusual responding, such as
lack of attention to particular items, randomly re-
sponding to an inapplicable item, and deliberate
faking. It is difficult to specify with precision how
these factors may affect the probability of endorse-
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ment across a range of individuals. In other words,
there is a multitude of potential non-model-based
faulty person-item interactions that may or may not
combine to produce a statistically non-model-
fitting response pattern, but certainly do contribute
to a test score being a less precise indicator of 0
level. Therefore, the power of a person-fit statistic
to detect defined forms of non-model-fit is clearly
an endless research question.
A more empirically tractable issue is the power

of 1, to detect non-model-based responses without
regard to their specific etiologies. The specific
types of misfit mentioned above have a common

result-they all produce a response that is not de-
rived (i.e., predicted) from the unidimensional IRT
model. Hence, in this study, lack of model fit was
defined as any response that was not generated from
a specified unidimensional 2PLM. Non-model-based
responses were generated here by first specifying a
set of item parameters, manipulating the a param-
eters to some value lower than that specified by the
model, and then generating item responses. The re-
sulting response vectors were then, on average,
&dquo;lower&dquo; in likelihood than expected from the origi-
nal parameters, and then were tested for nonfit with

respect to the model specified by the original item
parameters (Reise & Due, 1991).

In Study 2, the a parameters taken from the four
MPQ scales were systematically set to 0.0 in order
to generate simulated nonfitting response vectors.
The effects of setting a = 0.0 and then generating a
response were: (1) the response becomes random
(i.e., there is a .5 probability of endorsement or non-
endorsement), and (2) the simulated response pro-
vides no psychometric information toward estimating
0 because a = 0.0. Within a scale, any number of as
can be set to 0.0 to simulate different frequencies of
nonfitting responses. Thus, the issue of the power of
I to detect nonfit as a function of the number of
nonfitting responses can be addressed. Of course, 1,
was always calculated assuming the actual MPQ item
parameters, as would be done in real testing.
A second salient issue was whether the detec-

tion of nonfit should be studied at particular 0 lev-
els (i.e., conditionally) or be examined within a
specified distribution of 0 levels. Gafni (1988) ex-

plicitly took the former approach and most others
have taken the latter. As in Study 1, detection power
was investigated at a few distinct 0 levels. This ap-
proach allowed for empirical comparisons of how
detection power changed as a function of 0.

Method

Estimation of 0

ML estimation. A ML estimate of 0 is deter-

mined by summing the log likelihood of each ob-
served item response (see Equation 1) conditional
on 0. Then, the maximum (i.e., the mode) of the like-
lihood function must be determined (Lord, 1980). In
this study, an iterative Newton-Raphson procedure
was used to find the mode of each examinee’s likeli-

hood function. Response vectors containing all 1 s
(all endorsed) or all Os (all not endorsed) were as-
signed 0 estimates of 3.0 and -3.0, respectively.

The ML 0 has several positive asymptotic features
(Hambleton et al., 1991). First, it is not biased (i.e.,
the expected value of 6 always equals 0). Further-
more, it is efficient and normally distributed. How-
ever, the ML estimator has some problems. No ML
estimate can be obtained from response vectors with

all Os or Is. Furthermore, these properties depend on
the assumption that the responses fit the model
(Mislevy & Bock, 1982). Under conditions of non-
model-fit and finite test lengths, there is no guaran-
tee that these statistical properties will be main-
tained.

Expected a posteriori estimation. In contrast

to the ML estimator, expected a posteriori (EAP) es-
timation (Bock & Mislevy, 1982) is noniterative and
provides a finite 6 for all response patterns. The
EAP is a Bayesian estimator derived from finding
the mean of the posterior distribution (Bock &

Mislevy, 1982, p. 433). 61 quadrature nodes were
used ranging from 0 = -3.0 to 3.0 in. .10 increments.

Bock & Mislevy (1982) stated &dquo;the EAP estima-
tor has minimum mean square error over the popu-
lation of ability and, in terms of average accuracy,
cannot be improved upon&dquo; (p. 439). This property
only applies when the prior is correct, however
(Wainer & Thissen, 1987). The EAP estimator is
biased when there is a finite number of items; that
is, 6 is regressed toward the mean unless the num-
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ber of items is large (Wainer & Thissen, 1987) and
how large is &dquo;large&dquo; is unknown.

Biweight estimation. The biweight (BIW)
(Mislevy & Bock, 1982) estimate of 0 is a robust
estimator (Wainer & Thissen, 1987). This means
that it is supposed to ignore or &dquo;downweight&dquo; un-
usual item responses when computing 6; thus, it
can potentially provide a better estimate of an
examinee’s position on the 0 continuum when there
are unusual or nonfitting responses. Computation
of the BIW proceeded in two stages.

In the first stage, the ML 6 was determined us-
ing the Newton-Raphson procedure. Then, the ML
estimate was used as the starting value for the sec-
ond stage of the Newton-Raphson iterations in
which the actual BIW was estimated. To compute
BIW, a weight must be determined for each item re-
sponse. Once determined, the weight was then mul-
tiplied into the first derivative of the likelihood
function during the Newton-Raphson iterations. The
number of iterations to compute the BIW was fixed
at 2 to circumvent the &dquo;run-away&dquo; parameter prob-
lem discussed in Mislevy & Bock (1982).

For each item response, the weight was set to
(1 - K2)2 if the absolute value of K was less than
1.0, and 0 otherwise. The K values were computed
using

(Mislevy & Bock, 1982). The weight is largest when
b = 8 and the weight can never be greater than 1.0.
As b moves away from 9, the item response is
downweighted. If the discrepancy between b and
6, multiplied by a, is greater than 4.0, then K has
an absolute value greater than 1.0. When K > 1.0,
the weight is set to 0.0 (i.e., the first derivative is
multiplied by 0.0); thus, the item response does not
contribute to estimation of 0.

Mislevy & Bock (1982) noted several advantages
to BIW. A major advantage is that the item responses
are used in proportion to their potential value. This
means that items close to an examinee’s 6 are
weighted highly and make a large contribution to-
ward estimating 0. Items that are far away in diffi-
culty from the examinee’s 6 make little or no
contribution toward estimating 0. The rationale be-

hind the development of BIW was that &dquo;maximum
likelihood estimates ... are overly sensitive to mea-
surement disturbances that are common in educa-
tional testing...&dquo; (Mislevy & Bock, 1982, p. 725).

Procedure

All monte carlo simulations were performed us-
ing computer programs written by the author. The
simulations were conducted in cycles that repeated
n + 1 times per scale, where n is the number of scale
items. In the first cycle, 1,000 response vectors were
simulated for each of three 0 levels: -1.5, 0.0, and
1.5. Then, for each response vector, lz was com-
puted four ways: (1) using the true (generating) 0
value (called TRUE scoring), (2) using the ML 9 , (3)
using the EAP 6, and (4) using the Bit 6. The TRUE
method of computing 1, (i.e., using all true generat-
ing person and item parameters) was a control con-
dition because detection rates should be maximum
when all the parameters used in the computation of
the statistic are error-free. This unrealistic condi-
tion served as a baseline for evaluating the three 6
conditions.

After the first cycle, in which the number of
simulated nonfitting item responses was 0, the en-
tire simulation cycle was repeated but with one item
designated to generate non-model-based responses.
This was accomplished by setting the generating a
parameter for the designated nonfitting item to 0.0.
lz was computed, as before, using the true generat-
ing item parameters (i.e., no items with 0.0 as) and
the four scoring methods. This cycle of generating
nonfitting response vectors at three 0 levels and
computing 1, with the different scoring methods then
was repeated with two items with a = 0.0, with three
items with a = 0.0, and so on until all the items in
the scale had generating as of 0.0. The order of the
items designated to have 0.0 generating as was the
same order that the items appeared in the MPQ test
booklet.

Within each cycle of computing 1, four ways for
the 1,000 response vectors at each of the three 0
levels, each observed 1, value was evaluated for sta-
tistical significance by comparing it with three Z-
score critical values from the standard normal
distribution (i.e., the null distribution). The three
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one-tailed critical values or false positive rates used
were a = .01, .05, and .10, which correspond to Z
values of -2.32, -1.65, and -1.28, respectively.

If 1, was statistically significant at a given a level,
it was counted as a &dquo;hit,&dquo; otherwise it was consid-
ered a &dquo;miss.&dquo; The hit rates were then defined as

the number of hits divided by 1,000 at each of the
three a levels. The final data then consisted of hit

rates for lz for four personality scales, three 0 lev-
els, four scoring methods, and n + 1 levels of nonfit,
all at three significance levels.

Results

Tables 4-6 show hit rates for all scales and scor-

ing conditions for 0 = -1.5, 0.0, and 1.5, respec-
tively, at the a = .05 significance level (results for all
conditions are available from the author).

Hit Rates Using True 0

This analysis eliminated 0 estimation as a
source of error, and thus allowed for the identifi-

cation of between-scale differences in detection

Table 4
Hit Rates at 0 = -1.5 for the Four Scales as a Function of the Number of

Random Responses (k) and Scoring Method for a = .05
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Table 5
Hit Rates at 0 = 0.0 for the Four Scales as a Function of the Number of

Random Responses (k) and Scoring Method for a = .05

hit rates under optimal circumstances. An inter-
esting result was evident for these TRUE results:
Hit rates were optimal when the 0 used to gener-
ate the response vectors was distant from the av-

erage b within a given scale. For example, in Table
6 hit rates in the AB scale were clearly lower than
those for HA; when 6 nonfitting responses were
generated, 1, identified 70% of the vectors as non-
fitting in HA, but only 24% were so identified in
AB. However, AB had the most 7)9 at 0 = 1.5 and
HA had the least.

This result appeared to be a function of an in-
teraction between the within-scale item parameters
and the nonfit generation technique used in Study
2. Generating random responses (i.e., nonfitting
responses) makes a vector extremely unlikely at 0
= 1.5 in HA because the HA items had bs in the low
0 range. For examinees at 0 = 1.5, the HA item
parameters specify probabilities of endorsement
(PIO) of approximately .9. The simulated non-

fitting responses had P)0 = .5. The difference be-
tween .9 and .5 in the probability of endorsement
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Table 6
Hit Rates at 0 = 1.5 for the Four Scales as a Function of the Number of

Random Responses (k) and Scoring Method for a = .05

is large, which leads to high rates of nonfit detec-
tion in HA under TRUE scoring.

However, PIO for AB conditional on 0 = 1.5 hov-
ered around .6 across items. Thus, the simulated

nonfitting responses, which had PIO = .5 of endorse-
ment, could not be readily distinguished because
the discrepancy between true and nonfitting re-
sponse probabilities was not great. The finding that
the detection of nonfit was best in the 0 range away
from the average b leads to a paradox.

To measure a person with precision, items must

be administered that match the examinee’s 0 level

(Weiss, 1982). To identify lack of fit well, items
must be administered for which the examinee has

very low or very high probability of endorsing. In
this way, nonfitting (i.e., random) responses can
be readily identified as being non-model-gener-
ated. Concisely, when 0 = b a random vector of
responses is the expected response pattern. Hence,
because of the type of nonfit imposed on the data
in this study, the power to detect nonfit was maxi-
mized at 0 ranges far from the average of the bs
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within each scale.
The interaction between the data generation and

the bs makes it difficult to comparatively evaluate
the four MPQ scales in regard to detection of nonfit.
Under TRUE scoring, the most that can be said is
that for 0 = -1.5 (Table 4), detection of nonfit was
best for AB. When 0 = 0.0 (Table 5), hit rates were
approximately the same across scales. For 0 = 1.5
(Table 6), detection of nonfit was superior in co,
HA, and TR.

Hit Rates for ML Scoring

Figures 3a-3d show hit rate plots at the three
levels of 0 for co, HA, TR, and AB, respectively. Only
the results for ML scoring are shown because they
adequately illustrated the effects of 0 level on de-
tection power for a frequently used scoring method,
and the results for EAP estimation were nearly iden-
tical to the ML results (effects of BIW scoring are
discussed below).

From Figure 3a, which illustrates detection in
the co scale, it is apparent that detection was best
when 0 = 1.5. However, once there were approxi-
mately 16 nonfitting responses, detection power was
approximately the same across the three 0 levels.
In the co scale, examinees must respond to at least
12 items randomly at 0 = 1.5 but about 15 items at
0 = 0.0 and 0 = 1.5 in order for 1, to have a .5 prob-
ability of detecting a random response pattern. 1.
was able to identify approximately 70% of com-
pletely random response vectors as significantly
nonfitting when all the responses did not fit.

Figures 3b and 3c show a different effect. In HA
and TR, detection was best at 0 = -1.5. The HA and
TR scales had average bs in the low 0 range (see
Table 1) and this was where nonfit was detected
best under ML scoring. This finding is contrary to
the results that indicated detection power was best
in the 0 range away from the average b when TRUE
scoring was used. Thus, for HA and TR, the data in-
dicate that random responding was difficult to de-
tect in these scales. For HA, less than 50% of the
cases could be identified as random when all the

responses were generated to be nonfitting. For TR,
60% detection was the maximum for the completely
nonfitting response conditions.

Figure 3d shows the hit rates for the AB scale. In
this scale, it is not clear at which 0 level nonfit de-
tection was best because the curves cross several
times. Across the 0 levels however, detection rates
appeared fairly good in this scale. Approximately
20 random responses were needed to have a.5 prob-
ability of identifying the examinee as nonfitting.
Over 75% of examinees who responded randomly
to all the items were identified with lz as signifi-
cantly nonfitting.

Note that in Figures 3a-3d when the number of
random responses equaled the number of scale items
(n) in each scale, the hit rates were approximately
the same within scales at all true 0 levels. This was

expected because when all the items were simulated
with a = 0.0, the true 0 no longer affected the prob-
ability of any response within a scale. This would
lead to the generated matrices being randomly
equivalent across 0 level conditions whenever the
number of random responses equaled n. When all
the item responses were simulated to be random, it
did not make any difference what the 0 level was
when computing hit rates within a scoring method.

Hit Rates Across Scoring Methods

Figures 4a-4d show the hit rates as a function of
scoring method when 0 = 0.0 for each of the MPQ
scales, respectively (results for 0 = -1.5 and 1.5
were similar). As is evident in Figures 4a-4d, hit
rates were always diminished by the estimation of
0. Clearly, the proportions of nonfitting response
patterns identified as nonfitting were never greater
in an estimated 0 condition than in the correspond-
ing TRUE scoring condition. This result supports the
contention made earlier: 1, is optimal in detecting
nonfit only when true 0 is used.
A second major result was that Blw scoring re-

sulted in the best hit rates of the three estimation
methods in the CO, HA, and TR scales. For AB (Fig-
ure 4d), the scoring method did not appear to have
much effect on detection rates. These results are

interesting because they indicate that a robust scor-
ing method can be coupled with 1, to result in higher
nonfit detection rates.

For example, for TR under the TRUE scoring con-
dition, hit rates were highest when 8=1.5 (Table 6)
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Figure 3
Number of Nonfitting Responses Versus the Hit Rates for Each Scale for Three 0 Levels When ML Scoring was Used

-- I ~~, II.

and lowest when 0 =-1.5 (Table 4). Likewise, with
BIW scoring hit rates were highest when 0 = 1.5 and
lower when 0 = 0.0 or -1.5. That is, detection was
maximum away from the average b within scales.
By contrast, for ML scoring detection was greatest
at the 0 level near the average b for the HA and TR
scales. Perhaps this finding was a consequence of

ML not being as good an estimator as BIW under
conditions of nonfit. If this is true, then it could be

concluded that nonfit detection hit rates are maxi-

mized when an examinee receives items away from

their true 0 level, but only if a good estimate of 0
can be obtained. It appears from these results that

ML was not a good 0 level indicator in the HA and
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Figure 4
Number of Nonfitting Responses Versus the Hit Rates for Each Scale for TRUE and for three Methods of 0 Estimation

TR scales, and the BIW robust estimator should be
used when nonfit is suspected because it appears to
be less sensitive to random responding.
A third finding was that it did not appear to make

any difference, as far as hit rates are concerned,
whether ML or EAP scoring was used. Figures 4a~d
show that the EAP and ML curves nearly overlapped

within scales for CO, HA, and TR. Again, however,
in the AB scale no scoring method was any better
than any other (except TRUE, of course). This re-
sult, when combined with the ML results for the AB
scale, leaves the impression that when the number
of items is large (i.e., 34) and information is spread
over the 0 range, it does not seem to matter which
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scoring method is used, or what the examinee’s 0
level is. In the CO, HA, and TR scales, however, scor-
ing method and 0 level appear to be important vari-
ables.

Discussion

Standardization of l%
Previous lz research conducted in the ability do-

main (e.g., Drasgow et al., 1985, 1987) supported
the contention that 1, is distributed approximately
as standard normal when examinees respond ac-
cording to a specified IRT model. The results ob-
tained here clearly indicated that lz was not well
standardized across all 0 levels, especially when 0
was estimated. Because the 1. null distribution vari-
ances were often less than 1.0 and changed as a
function of 0 level within scales, the results lead to
the conclusion that the standardization formulas

presented in Equations 2-4 were incorrect when
applied in the present context.

The plots of IJO versus 0 conditional 1, variance
across scales showed that some critical level of IJO
and having item difficulties near a particular 0 level
are both important factors influencing whether the
1, standardizing equations produce the desired dis-
tributional results. Hence, an interesting finding
came from empirically determining the 11 null dis-
tributions. That is, it is not IJO that solely deter-
mines whether the lz conditional null distribution
variances will reach their asymptotic value of 1. The
number of items with difficulties near a particular
0 level is also an important feature.

For applied situations, finding that 1, was not dis-
tributed standard normal across 0 levels might be
tolerable. Finding that the null distributions were
not consistent across 0 levels is problematic. If the
null distributions are consistent, but not necessar-

ily standard normal, then it would be possible to
specify a single lz cut-off value and use this value
to make decisions of nonfit. However, the present
results indicated that different null distributions, and
hence different cut-off values, would be required
to evaluate 1, depending on both scale and exam-
inee 6 level. This would be extremely awkward to
implement in an applied personality assessment situ-
ation.

Power of lz

In contrast to methods used in previous person-
fit research, here a nonfitting response was defined
as a random response. Because a number of factors

appeared to interact in the present study, the detec-
tion power results precluded generalizations about
conditions that optimize or minimize detection
power.

Nevertheless, overall the detection power results
were somewhat disconcerting. For example, in the
HA and TR scales only slightly over 50% of com-
pletely random response vectors were detected at a
= .05 using ML or EAP scoring. Also, it appeared that
an examinee must produce a substantial number of
random responses before Iz could reasonably detect
nonfit. This observation is especially true when 0
was estimated, as it must be in practice. Of course,
one remedy to the low detection hit rates would be
to evaluate lz at a = . .1. Another remedy, given the
small number of items in personality measures, may
be to combine information across scales and use

multitest extensions of the lz index to assess nonfit
(Drasgow, Levine, & McLaughlin, 1991 ).

The results were based on testing the significance
of an observed 1, with respect to a standard normal
distribution. To the extent that the standard normal
was not the appropriate null distribution, the detec-
tion hit rates in Study 2 were biased. Because it
was known from Study 1 that the correct null dis-
tributions for lz tended to have variances less than
1.0, the Study 2 results most likely underestimated
lz’s ability to detect nonfit. This is just one example
in which the standardization problems uncovered
in Study 1 clouded interpretation of Iz.

Further insight into the Study 2 hit rate results
can be gained by considering various definitions of
nonfit. Conceptually, a nonfitting response can be
defined as one that provides no psychometric in-
formation regarding examinee 0 (Reise & Due,
1991). This definition contrasts with the statistical
definition, which states that a nonfitting response
is one that is low in probability given the model.
Because 1, operates under the statistical definition,
and the nonfit simulated in this research operated
under the former, the present simulations generated
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responses that were not necessarily nonfitting by
the 1, definition. Hence, a rather severe test of de-
tection power was presented to lz, resulting in lim-
ited detection rates when the number of nonfitting
responses was small.
A potentially important finding in the detection

power analyses was that hit rates tended to be maxi-
mum when the examinee’s 0 was distant from the

average within-scale item difficulty for the TRUE
and BIW scoring conditions. Thus, it may be advan-
tageous to administer items that are extreme in dif-

ficulty relative to the examinee’s estimated 0. It

makes sense that the further an item is in difficulty
from an examinee’s 8, the more nonfitting (i.e., the
less probable) the nonfitting response will be.
Clearly from the 1, equations, items distant in diffi-
culty influence 1, disproportionately as compared
to items near the examinee’s A .

Previous studies (e.g., Gafni, 1988; Reise & Due,
1991; Schmitt, Cortina, & Whitney, 1993) of person
fit have relied heavily on ML estimates of 0 and then
determining the fit of a response pattern with respect
to this estimate. The Study 2 data indicated that scor-
ing method did make a difference. However, the spe-
cific effects appeared to be moderated by the scale,
examinee 0 level, and the number of nonfitting re-
sponses. For example, for the AB scale, the differ-
ence between hit rates under the three estimated 0
conditions and under the TRUE conditions was not

great. In contrast, for the HA scale the same discrep-
ancy between 0 and 6 conditions was substantial.

As a further example, as the number of nonfitting
responses increased, the differential effects of the

scoring methods increased. In fact, the differences
in hit rates between the scoring methods was practi-
cally inconsequential when the number of non-fit-
ting responses was small. When the number of non-
fitting responses was large, BIW scoring improved
hit rates substantially relative to EAP and ML. This
result indicates that the differential effects of scor-

ing method interact with the number of nonfitting
responses.

Conclusions

Although the results were complex, some gen-
eral conclusions can be drawn. First, when 0 was

estimated, regardless of the method used, hit rates
were reduced with respect to the TRUE scoring con-
dition. Of course, in practice 0 is never known and
some estimate must be used to determine person
fit. This leads to a paradox. If the 0 estimate is
&dquo;good&dquo; (i.e., close to true 0), then nonfit is more
detectable. Yet if the estimate is good, there is no
reason to be concerned with nonfit. On the other

hand, if the estimate is poor, detection power may
be lowered. But it is just this circumstance in which
it would be most desirable to detect nonfit in order
to reject the 6 as invalid.

BIW in general appeared to provide superior de-
tection hit rates. Again, however, the benefit of mw
depended on the scale. For instance, BIW was most
beneficial in the HA scale and the least in the AB

scale, perhaps because of the relative spread of the
b parameters: for HA SD(b) = .53 and for AB sD(b) =
.89 (Table 1). The implication of these results is
that robust scoring may be valuable in terms of iden-
tifying lack of person fit. Also, in general there ap-
peared to be little difference in the detection hit rates
between ML and EAP scoring methods. One possible
explanation of the advantages of BIW scoring was
that it might have provided a better estimate of 0
than either ML or EAP under the nonfit conditions

imposed in Study 2.
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