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ABSTRACT

While a test score may be valid for a group there may scmetimes be
reason to suspect its validity for an individual. Unusual examines response
patterns may indicate that the test may be invalid for the individual and
quantitative measures called appropriatesness indicez have heen davelcoped to
datect theze unusual patterns. For a number of reasons, Lz and ECIZ4 have so
far proven to be two of the most useful of these indices.

There were three purposes for thias study. The first purpose was to
investigate the effects of four variables on the cutoff valuaes of the indices:
the range of the distribution of the b parameter (Diff), the level of the a
paramater (Disc), IRT model (Model), and sample size used to estimate item
parameters (Sampsiz). The second purpose was to investigate the effects of
these same variables on the detection rates for rasponse vectors that were
made spuriously high (i.e. high abarrance) and for response vectors that were
made spuriously low (i.e. low aberrance). The thizd puspose waszs to determine
the axtent to which datection rates cobtained by using cutoff values from the
standard normal distribution were similar to those cbtained by using cutoff
values cbtained by simulating non-abarrant response vectors.

Two lavels ware set for each of the four variableszs. TFor Diff, a broad
and a narrow range of the b» parameter was used. TFor Disc, a high and low
level for the a parameter of the test items was used. Yor Model, the 2PL and
3PL models were used. For Sampsiz, a sample size of 1000 and 2500 wasz used to
estimate item parameters. For sach of the 16 combinations of these variables,
non-aberrant as weall as aberrant response vectors vere simulated for a 60 item
test. For the aberrant response vectors, both high and low aberrance was
created by modifying ten of the test items. Detection rates were cbtained at
the .01, .05, and .1C false positive rates using cutoff values baszed on the
distribution of the non-aberrant response vectors and using cutoff values
based on a standard normal distribution. The simulation of each combination

of conditions was replicated 50 times.



The following results were obtained:

1 Tha mean cutoff values for beth indices were somawhat unstable over
conditions and replications. Howaver, they were more stable for ECIZ4.

2 In general, the cutoff values for both indices were significantly
different from those of a standard normal distribution, but it is noted
that the t — tests used to conduct the analyses were very powerful.

3 Zach of the four independent variables had an effect on the cutoff
values for the indices; these effects were complex and difficult to
charactarice.

4 The ovearall detection rates for both indices were quite high. Foxr both
indices, they were better for low abarrance than for high aberrance.
The detection rates for ECIZ4 were generally better than the detection
rateas for Lz.

L The detection rates for both indices were affected by Diff and Model.
High Diff resulted in better detection rates than low Diff and the
magnitude of the difference was quite large. The 2PLM produced
significantly better detection rates than the 3PLM. BHowever, while the
magnitude of the difference was quite large for high aberrance it was
not large for low aberrance.

] Sampsiz had no effect on datection rates for either index.

7 For Lz high Disc produced better detection rates than low Disc, but
there wazxe no significant effects for ECIZA.

8 The cozbination of the 2PLM and high Diff interacted ordinally to
produce enhancad datection rates for high aberrance for both indices.

9 The dataction rates obtained by using a standard normal distribution for
setting cutoff values were very similar to those cbtained with cutoff
values based on the simulation of a non-aberrant sample. The difference
between the datection rates cbtained by using the two methods for
setting cutoff values was less for ECIZ4.

Based on the results of the study as well as the evidence accrued from

other studies four conclusions with fairly important practical conssquences
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were madse. The first concluzion reached from this research is that it is
advisable, for research purposes, to replicate conditions to avoid chance
results. Detection rates varied considerably over replications. The second
conclusion is that if a choice cf one index muyst be made for practical
applications, ECIZ4 should be used. The cutoff valuas for ECIZ4 waras Dore
stable over replications, they vere closer to those of a standard normal
distribution, and ECIZ4 generally had higher detaction rates than Lz. The
third conclusion is that there is not a great difference in detection rates
for either index when cutoff scores from a standard normal distribution are
used versus those set by simulation. The fourth conclusion is that the greater
the range of the b parameters for the test items the higher the detection

rate.
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CEAPTER I

INTRODUCTION

One of the basic characteristics of a test is its validity. Wwhile
numarous techniques are used to assess validity, these techniques generally
involve the validity of the test for a group of individuals. However, while a
test may be valid for a group there may be reason to suspect its validity for
a particular individual.

The identification of individuals for whom a test has questionable
validity has.long bean an irportant concern in testing. Cronbach (1546)
identified some of the problems that result when a test is not valid for
individuals. The test's validity as measured by the correlatiocn with other
criteria could be lowered. Thess invalid results would allow persons with
equal knowledge, idsntical attitudes, or equal amounts of a parscnality trait
to receive Jdifferent scores on a taat and would always reduce what Cronbach
tearmed the test's "logical® wvalidity. In sum, these results would interfere
with the intarpretation of test data.

In practical terms, one can imagine numercus situations in which serious
mistakes might be aveided if individuals with invalid test results were
identified. For sxample, if the test were being used for selecticn to a
training program, an invalid test score could result in a great deal of
frustration on the parxt of any trainee who is selected or rejected
inappropriately. This inappropriate decision would also result in
administrative problems and unnecessary cost on the part of the training
institution,

ik is inﬁ.rcsting to read the ressarch on testing from the 1940's and
1950's beacause it is clear that the researchers were mainly working with free
response and not mltiple-choice tests. Researchers tended to approach the
detection of a test's validity for the individual in a different manner than
at present. However, by the 1570's the multiple-choice test had becoma the
dominant form of standardized test used in Noxth America. The multiple-

choice test offers a distinctive way of assessing whether a tast is valid for



an individual because the responses of parsons with a given score on a
multiple-choica tast are expacted to follow a certain pattern. One would
expect, for example, that an examinee of high ability would respond correctly
to most of the easy itams of a test and that an axaminee of low ability would
miss most of the difficult items of the test. When an individual does not
follow an expected pattern of responses for a tast it leads one to Question
the interpretation of the test results for that individual.

A nunmbar of techniques have been proposed to examine the response
Pattarns of individuals on multiple-cheice tests. The most dixzect way of
sxamining an individual's response pattern is to plot it. Weiss (1973), in
designing the stratified-adaptive (stradaptive} test, divided the items inte
difficulty levels, ordered from easiest to most difficult. A "trace line” was
then plotted for the person's proportion correct nuxber of items at each of
the difficulty levels or "strata". Weiss considered that the steepness of the
slope of the individual's trace line was an indicator of the "consistency"” of
the person's responses, while the point of inflection of the line was proposed
as the indicator of the perszon's ability on the trait.

Lumsdan (1977, 1580) also proposed plotting the individual's responses
on a test by ordering the items of a test by difficulty on the x~axis, with
the proportion of items answered correctly at the different difficulty levels
shown along the y-axis. Lumsden called this plot a "Person Charactaristic
Curve® (PCC). Lumsden postulated that PCC's vary for different individuals
dapending on the individual's "person reliability*. Flat PCC's are
charactaristic of parsons who have large fluctuations in their ability to
answer items corractly (i.e. have low perscn zeliability).

Since persons might differ in the degree to which their ability level
fluctuates, Lumsden suggested that an added dimenzion might be necessary to
fully characterize the person's ability. This person reliability
characteristic would have important conzequences. Az Lumsden pointad out,
while extreme oscillation in ability n':my be acceptable or aven desirable in
certain creative activities such as ir the design of an airplane, the same

R



characteristics would be disastrous for flying an airplane. It is not
parfactly clear whether Lumscden was assoclating this characteristic with a
general trait or only with the ability measured by the test.

with Lumsden's model the assumption is made that PCC's all have the same
form (normal ogive) and the zlope of the curve iz considered an adequata
surmary statistic for comparing person reliabilities (how much the perscn is
likely to daviate in ability on a single tast administration). Trabin and
Weizs (1979) have plotted person characteristic curves based on the
azsurptions of item response theory (IRT). The PCC's generated by Trabin and
Weiss have the same shape as Lumsden's, a normal ogive, and can ha usaed to
compare cbserved and expected curves to ascertain if any patterns are unusual.
For unusual patterns, more detailed analyses could indicate if guessing,
dimensionality, etc. were the problem.

This type of analysis is illustrated in Figure 1 which shows the PCCs
for three hypothetical persons who sach obtained the zame score (they
correctly ansversd 50% of the items) on a test (from Trabir and Weiss, 1979).
However, the three persons differ in a nunber of important characteristics.
First, the slope of the PCC's at the estimated ability level, which is the
same for all three persons, shows that Ferscn A was measured more precisely
than persons B and €. An individual‘'s guessing behavior or luck in gquessing
may alsc be inferred from the proportion of corrsct responses obtainad on
itams that are well above the individuaxl's ability level. 1In 'th:l.s <case Person
A does not appear to have been guessing. Similarly, cmlcssnﬁsa can be
inferred by locking at the proportion of easy items answersd incorrectly by an
axanmines. In this case it appears that Person A was less careless than Person
C. Finally, the PCC can indicate if a person is deviating from a
unidirnensional response pattern. Person B is answering or missing some items

that are below or beyond his/her ability level.



Figure 1
Observed Person Response Curves for Three Hypothetical
Persons with the Same Ability Level (8=0.0)
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The direct plotting of PCC's can bha used to provide an indication of the
unusualness or variablility of an individual's response pattern on a multiple
choice test. However, the direct plotting of PCC's is cumberscma and does not
sasily provida a quantitative indication of the unusualness of an individual's
response pattarn. For this reason, more useful summary statistics for
quantifying and comparing the variability of individuals have been developed.
Throughout this document these statistics are termed “appropriateness
indices".

The use of appropriateness indices is of concern to test developers and
practitioners because of the large number of reasons for inappropriate test
scores. Wright (1977) and Wright and Stone (1575) define three typical reasons
for responsa l_:attcm to appear unusual. A "sleeping” response Pattern can
be produced by a person who gets bored and doces poorly on the later items of
the test. A "fumbling"™ response pattern could be produced by someone who can
answer difficult items, but misses items at the beginning of the test bacause
of confusion about the test format. A "plodding™ response pattern is
produced by individuals who respond to the test so deliberately ind slowly
that they do not have time to respond to all of the items and at some point in
the test they abruptly atop getting the itams correct.

Depending on the circumstances and the type of test, other reasons for a
person's pattarn of responses to be unusual have been cited. Wright (1577)
cites itam bias. For example, for cartain individuals the reading level
required for a mathematics test may bias cextain items, or the use of special
vocabulary in a reading test may be a source of bias for some of the items.

He also suggests that an individual may give inappropriate responses because
of being distracted, out of practice, rushed, bored, coached, or Dbecause of
cheating.

Hulin, Drasgow, and Parsons (1983) suggest that a high ability persen
who was excessively creative might reinterpret some easy items which appeared
too trivial to the examinee. They also suggesst that unusual response patterns

could result when an individual comnits an error in f£illing out the answar
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sheet by omitting an item and subsequently fills in the rest of the responsas
in the proper ssquence, but incorrectly. Sato (1975) and Harnisch and Linn
{1981) cite lack of preparation or xporadic study hadbits as causes of unusual
response pattarns. Lavine and Drasgow (1582) mantion <¢oaching as a cause of
unusyal response patterns. Harnisch and Levine (1986) suggest that & person
could be exposed to the subject matter in a different manner than the majority
of the norm group. Birenbaum and Tatsucka (1982) cite the example of a person
conzistently applying inappropriate sclution strategies to certain of the
questions in the test. The response pattern for such a person would depend on
the test material and the organization of the test.

It iz apparent from this long list of reascons that it would be very
useful if persons with inappropriate test scores could be identified so that
pProper maasures could be taken to interpret their scores and evaluate thesa
individuals correctly. However, to use thesze indices effectively, test
practioners must know whether certain test characteristics affect the
detection of abarrance. They must know which indices are most effective for
the type of aberrance that thay suspect has occurred. They must decide which
IRT modal, if any, to chooss and how many examinees are necessary for the item
paramatar estimation. They must decide how to set cutoff values to use for
deciding that an exmainea's test results are inappropriate. The purpose of
this study is to provide a bettar understanding of these issues.

In the next chaptar ¢f this paper the major appropriateness indices that
have been daveloped to date are described. In Chapter 3, the research that has
been conductad on appropriateness indices is reviewed and the research
problams ars identified. In Chapter 4, the research methodology is described.
In Chapter 5 the results of the research are dezcribed and discussed.

Finally, in Chapter 6 the results of the study are summarized and conclusions

are drawn.



CHAPTER Il

DESCRIPTION OF AFPPROPRIATENE3S INDICES

Tatsucka and Linn {(1983) distinguish betwean two general classes of
appropriatenass indices: those that are based on IRT and those that use
summary statistics based on cbserved item responsaes. Hulin, Drasgow, and
Parsons (1983) have used a similar classification system with two geheraxl
categories. One category is termed theory-based appropriateness indices.
Since, so far, IRT is the only thecry that has been used for appropriateanass
indices, this category corresponds to the IRT class of appropriateness indices
used by Tatsuoka and Linn. The second category used by Hulin, Drasgow, and
Parsons is termed "heuristic" and comprises all of the indices which are not
based on IRT. For convenience, in this paper a distinction is made between
two general categories of indices. Those that make use of IRT have been
laballed IRT-based indices and all other indices are termed heuristic
appropriateness i_ndic-s.

The indices which are described in this chapter were chosen for the most
part bacause they have been the most useful or becausa they show some
davelopmant in the evolution of appropriateness indices. While the main
purpose of this chapter is to describe these indices, brief comments regarding
some important characteristics of the indices are alzo made.

One characteristic which is discuszssed is the standardization of the
indices. Most indices, in their original form, demonstrate a linear and/or
nen-linear relationship to the total score on the tast and, when possible,
they have been standardized. With well standardized indices it is possible
for a user to interpret the index value in the same way on any test and at any
ability level. Furthermore, if the disztribution of the index values is
known, cutoff scores at various false positive rates can be established for

all tests.
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Some comments are made regarding the relationship of the index te other

indices, the saffectivenass of the indax, the cost to calculate the index, and

the ease of use of the index.

Heuristic Methods of Identifyving Unusual Response Patterna

All of the heuristic indices share one basic characteristic. The
computation requires only traditional item statistics such as the item
difficulty parameter. As a result, vhen contrasted with the IRT-based
indices, the heuristic indices show one major limitation. The valuez of the
indices are calculated relative tc a group, which means that they can only be
intarpreted in relationship to that group. Howaver, the heuristic indices hava
one important advantage over the IRT-based indices. Because the heuristic
indices are not bnscd- on the strong assumptions of the IRT-bazed indices, they
are likely t¢o be applicable to a much broader range of tests and situationa.
In addition, the calculation of the heuristic indices may require Zewer
examineas and items than are necessary for the IRT-based indices.

Seven hesuristic indices are described hlov. The first five make use of
dichotomous test data (i.e. correct or incorrect answers only). These indices
are prasanted because they are the most commonly used and researched of the
heuristic indices. Although a number of other heuristic indices have been
daveloped, Earnisch and Linn (1581) have noted that there are cloae algebraic
links among many of these indices and a strong tandancy for them to be
intercorrelated. For this reason it is not necessary to examine all of the
indices.

The last two of the heuristic indices that are described in this paper
are rather unique and have not Leen researched extsnsively. The first, the
IOV index, is unique in t.:hat it is the only polychotomous heuristic index to
have been rasearched to date. The second, the ICI index, is also distinctive
among the hsuristic indices in that it is used to identify individuals who

have inconsistent behavicrs in approaching specific test tasks. Thix latter



index is highly restricted in its use because it requires the creation of a
test with parallel sets of itams measuring the same task.

Sate'r Caution Index and the Modified Caution Index. The most well

known and most ressarched of the heuristic appropriataness indices is the
Caution Index (C,) (Sato, 1975). With Sato's Caution Index an examinee's
response pattern is compared with that of an ideal response pattern, baszed on
the concept of the "Student-Problem Curve". The C;, is cbtained by using tast
information arranged in a table of binary scores referred to as a Student-
Procblam (S-P) Table. The S-P Table iz a matrix of zeros and ones, as shown in

Table 1, whers correct reaponses to items on a test are represzented by 1l's and

Table 1
Bypothetical S-P Table for 15 Students and 10 Items
Item J Examinee
Examinee i 1 2 3 4 5 6 7 8 8 0 Total n
1 22111 1 1 1 111 10
2 i1 1 2121 1 2 1 1|0 S
3 1 11 0 2 1 1 10 1 8
4 110 1 1 2 1|1 0 0O 7
5 111 1 11 0|0 1l 0 7
6 1111 0 0]j2 0 170 6
7 11 0 1 0 rO ijo o0 1 5
8 11 1 0 1 lO ? ¢ 1 © -]
9 i1 0 1}j0 oo 1 21 1 O L
10 1 11 1 oijr 0 0 O 0 5
11 i1 000 oo 20 1 0 1 4
12 it 0 1|1 1 0 0 © O 4
13 1J]o 10 2 0 0 0 0 O 3
14 ij1j0o 0 0 0o ¢ O 0O O 2
5 0oL o ¢ o 0 0 0 0 O b
Item Total 411 9 8 8 8 7 6 6 &
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incorrect responses are represented by 0's. The rows in the table represent
the sxaminees, arranged in dascending order of total test score; the columns
reprasent the itams arranged in ascending order of difficulty from left to
right. For each examinee, a stair-step line, the student curve (S-Curve), is
cbtained by drawing a vertical line to the right of the column corresponding
to the total number of correct answers obtained by the examinee on the taest.
For example, examinees 3 cbtained 8 correct answers, 30 a vertical line is
drawn after column nuxber 8. The vertical lines are connected by horizontal
linexz to obtain the S=Curve (shown as a single line). A P-Curve (double line)
can also be obtained in an analogous fashion by tabulating the number of
examinees who answered the item correctly. If a test formed a perfect Guttman
Scale {(Guttman, 1541), the S and P curves would coincide. If the S-Curve is
kept unchanged, but all of the 0's to the left of the S-Curve are changed to
1's, while all of the 1's to the xight of the S-Curve are changed to 0's, we
cbtain the perfect S-Curve shown in Table 2. 7

Sato's Caution index, C,, provides an indication of the similarity of rm
examinee's rezponse pattern to a pearfect Guttman vector for the S-Curve. It
iz defined as the cooplement of the ratic of the covariance of an examinee's
actual responsa pattern and the group pattern to the covariance of the
examines's expected response pattern and the group response pattern.

coviy,.Y-)

c, =1-

cov{x,,y-)

where y. = (yl,¥2,...yn): The vactor of the column
totals
Y. = {(v,1,¥,2,...Y,n}: The response vector for
person 1.
x, = The Guttman vector of expected itam

responsas for person i.
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Table 2

Pearfeact S-Curve for Hypothetical Scores in Table 1

Itam 3 Ixaxnines

Ixaminee i 1 2 3 45 6 7 8 9 0 Total n
1 11111 1 1 1 1 1 10
2 111 1 11 1 1 1o 9
3 11111 3111l00 8
4 211111 1(6 6 0O 7
5 11211 1 1[0 0 © 7
6 11111 1|00 0 O 6
7 1111100 0 0 © 5
8 1 111 1{0 0 0 0 © 3
9 111110 00 0 0 3
10 1111 100 0 0 0 5
11 11110 0 06 0 0 © <
12 11110 0o 6 0o 0 o 4
13 11 1{0 0 0 0 0 0 O 3
14 1 1/0 0o 0 00 0 0 0 2
1s 10 0o 0o 0 0 0 0 0 o 1

Item Total 1514131210 6 5 3 2 1

The tarm Caution Index is based on the notion that a large value for the
index indicates that the cbserved and Guttman-scaled vectors are very
dissimilar, suggesting that the examines has an atypica) response pattern:;
thus, scme caution is needed in interpreting the examinee's score on the tast.

Harnisch and Linn (1981) have suggested a modification to C,, which
Yields a lower bound of 0 and an upper bound of 1. The advantage of this
Modified Caution Index (C*,) is that it has a known upper and lower limit.
Harnisch and Linn (1981) obtained a correlation of .99 for the two indices.

The C, and C*, have both been found to have a fairly strong linear

relationship to total test score (for C,, r = -.17 to ~.42; for C*, r = =.02
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te -.21) (Drasgow, Lavine, & McLaughlin, 1$87; Barnisch & Linn, 1981; Oltman,
1985). In one comparison to several IRT-based indices, the C, was found to be
relatively weak in detacting abarrant response patterns (Drasgow, Levine,
Williams, Mclaughlin, & Candell, 1987). Gafni (1987) has suggested that the C,
may be less effective than IRT-based indices because it is more strongly
related to the total test score.

Parsonal biserial and personal peoint-blszerial correlation. Two

appropriataness indices, the personal biserial (p,,.) and the personal point-
biserial (p,.,) aze cosceptually very similar to the biserial and point-
biserial correlations which are often used as indices of item discrimination.
The personal point biserial iz defined as the product moment correlation
between item scores for individuala and the item difficulty (Barnisch & Linn,
1981) . Donlon and Fisher (1968) proposed the personal biserial correlation
based on the sama two assuxptions as are md- in caleulating the biserial
corrslation. The first assumption is that an individual's cbserved response
pattern ic repressntative of a latent variable which is normally diztributed
across the itams of the test. The second assumption is that there is a linear
regression of the obzerved difficulties for an individual onto the
difficulties of a particular norm group.

The Py, and the p,,. indices have not been studied extensively. Fisher
{1968) found that the personal biserial folloved a fairly normal
distribution. However, in several related studies Harnisch and Linn (1981)
found both indices to be strongly related to total test score. The p,,, had a
stronger linear relationship to total test score (r = .28 to .63). The p,,,.
had a streng curvilinear relationship (R’ = .41 to .55). Only one study has
involved a comparison of the effectiveness of these indices to other indices
(Drasgow, 1982). He found the p,, to be very weak in comparison to scme IRT
indices in detecting aberrant response patterns.

Van dar Flier's U'. Van der Flier (1977) daveloped a very simple index

which is similar in principle to Sato's Caution Index. To calculate this

index, the results on the test are firat ordered in the zame way asz in the 3-P
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Table. The U' index is calculated by adding the number of 1's to the right of
every O (this value is called U) and dividing by the maximum nunber of 1's
possible. The rexulting U’ index can vary from ¢ to +1, with zero indicating
perfect agresement with the norm group ordering of the iteam difficulty. Table 3
presants the results of a hypothetical 4 iteam test, for 6 perscns. Each
person obtained a score of 2 on the tast.

Van der Flier's U' has been found to have a high correlation with total
test score (r = -.30 and r = -.54 on two separate tests) (Harnisch & Linn,

1981).

Table 3

U and U' Values for HBypothetical Score Patterns en a Test Yielding a Total

Score of Two

Item Number Index
p=.8 .7 .6 .3

Person 1 2 3 4|uvu o

1 1 1 ] 0 0 0o

2 1 0 1 0 1 1/4

3 1 0 0 1 2 2/4

4 0 1 1 0 2 2/4

S 0 1 0 1 3 3/4

6 0 0 1 p 4 1
The IOV index. The Item Option Variance (IOV) indax is an attractive

heuristic index because it is easy to understand and compute, and because it
takes into account the response altarnatives that the examinees choose. For
sach subset of sxaminees in the test sample who salected choice ¢ to itam i
the ma.n number-correct score X,, is calculated. The itam-cption variance IOV
= Var(X,,) is considered to provide a measure of the consistency of an

examinee's option choices. For individuals with inappropriate response
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patterns, there should be a great deal of variance in the X,, for the options
salected.

The IOV has only been evaluated in one study in which the effectiveness
was not assessed because the indaex waz found to be highly related to total
test score (Drasgow, Levirna, & McLaughlin, 1987).

The Individual Consistency Index. The appropriateness indices described

so far involve a comparison of the response pattern of an individual to that
of a group norm (to the "typical®™ Tesponse pattern of the group). Howaver,
this typical response pattern is influenced by the ability level and learning
background of the group taking the test. Thus, any of the person-fit measures
that have been described sc far are unstable, dependent upon the group on
which the test was normad.

The Individual Consistency Index (ICI) proposed by Tatsucka and Tatsuoka
(1983) requires the individual to respond to parallel sets of items meazuring
the same task. The parallel sets of items are then ordered in terms of
difficulty based on the individual's number of correct responses to each
parallel set and the index is calculated similarly to U'.

The ICI has a very specific use in identifying individuals who have
inconsistent behaviors in approaching specific tasks. It haszs been used by
some ressarchers in conjunction with computerized adaptive testing and
technicues designed to diagnose rule erxers in completing certain tasks
(Tatsuoka & Tatsuoka, 1985). However, so far its use has bean limited to
these circumstances and it requires the creaticn of parallel subtasts.

In sum, all of the heuriitic indices described above, with the exception
of the ICI, are conceptually similar. They involve a comparison of the
response patterns of an individual to that of a group. For practical purposes
these indices have two disadvantages. First, the values of these indices tend
to ba reslated to the test score. Second, because they are based on classical
item statistics, the values of the indices are influenced by the group taking
the test. The ICI is designed for identifying individuals who have

inconsistent bashaviors in approaching specific tasks. It requires the



15
administration of parallel sets of itams and as such cannot bhe used when only

one test form is available.

Ttem Response Theory Based Mathods of Identifying

Unusual Response Patterns

In contrast to the hauristic appreaches to the datection of unusual
response patterns which compare the individual's response vector to that of a
group norm, the second general approach to the deatection of unusual respohze
patterns iz based on the IRT model of tast measurament. The most commonly uzed
itam response theory models are dapandant on thres strong assumptions: the
test is unidimensional, the items are locally independent, and the item
characteristic curve (ICC) has a certain shape (an ICC plots the probability
of responding correctly to an item as a function to the latent trait
underlying performance on the items of the test). Appropriateness indices
based on an IRT model are likely tc be useful only to the extent that the test
meets the assumptions of the model. An added concern with the IRT indices is
that a large number of examinees may be necessary to obtain adequate estimates
of the item paramaters for the teat.

In the standard modsl of IRT, if an examinea with ability & responds to
n items on a unidimensional test, the probability of the response vector U =
<Oy, Uorevnenne ,U,> is given by

Preb(U[0) = D2 (&) [1-P,(8)]*™
whera U, = 1 for a correct rasponse and 0 for an incorrect response and P, is
the conditional probability of an examinee, with ability ¢, correctly
answering the ,th item.

The most commonly used IRT model in the research on appropriataness

indicas is the three parameter model.

P,(0) = ¢, + (1-¢,) &2{9B)
1+ .m(o-b,_)

where
a, is the item discrimination power,
b, is the item difficulty,
c, is the lowver asymptote of the itam characteristic curve(ICC), and
D is a scaling constant usually set equal to 1.7
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However, P, (&) can alsco be calculated using the one parameater (1PL), or
two paramater (2PL) IRT models. The equation for the 2PL model is the same as
for the 3PL modal, eaxcept that the ¢, paramster iz not present in the
equation, while the equation for the 1PL modal does not contain ¢, and the a,
parameater is set to a constant.
The IRT model has been used in five types of appropriateaness indices,

The 1, type of appropriateness index

The 1, index. The development of the 1, type of appropriateness index

has followad an evolution designed to imrprove upon the original index which
was developad by Levine and Rubin (1979). The original 1, index iz based on
the probability of a pattern of responses U. A relatively low maximum of the
function of Prob(U[8), iz considered to be indicative of an unusual response
pattern which led Lavine and Drasgow (1582) to define 1, as max Prob (U[O) .

Unfortunately, the 1, index results in smaller values for individuals
who answer more items and is thus inappropriate in circumstances whers there
are omitted items. When omitted items are present in the response vector the
l, index is only computed for the anawered item=». The 1, index has also been
found to ba related to total test score (e.g. Birenbaum, 1985).

The 1, index. To improve the 1, index Drasgow (1982) proposed dividing

], by the number of itams answered by the axaminee. The 1; index, 1, =
exp(l,/n), where n is the nunber of items attempted by the examinee, can be
interpretsd as the gecnmetric mean response probability.

While this index is expected to be leass sensitive to the effect of tast
length than the 1, index, it still suffers from being dependant on the total
test score (Drasgow, 1582).

The 1, index. Drasgow, lavine, and Williams (1985) introduced the use

of a polychotcmous modal for appropriateness measuremant. The modal is based
on the same assumptions as the standard three parameter logistic modal
regarding unidimensionality and local independence, but it extends the most
common form of the model, the dichotomous form, where only the correct coption

is considared, to all of the coption choices including an cmit. As for the 1,
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and 1, indices, the 1, indax has also been found to be dependent on the total
test score (Drasgow, Levine, & Williams 1585).

The Lx and xh indices. ¥hile the problem caused by omittad itemns was

solved with the ), and 1, indices, an additional improvemant in the indices was
sesn with the standardization of 1,6 and l1l,. Drasgow, Lavine, and Williams
(1985) were able to estimate the conditional means and standard deviation for
the indices. They thus defined the standardized 1, as follows:

1, - E{(1)

Lz =
[var{l,) }*7
Similarly, Drasgow, Levine, and Williams were able to define a
standardized polychotomous index zh: -
1, -EQ,)

xh =
[vax(1,))*?

The 3PLM versions of the Lz and zh have both been found to be fairly
wall standardized (Drasgow, Levine, & Williams, 15985; Drasgow, Levine, &
McLaughlin, 1987; Drasgow, Lavine, McLaughlin, & Candell 1987; Gafni, 1987).
The Lz has been found quite sffective in comparison to other indices (Drasgow,
Levine, & Williams, 1985; Drasgow, Lavine, & McLaughlin, 1587; Gafni, 1987).
The zh has been found effective in detecting individuals who have cmitted a
large number of responses (Drasgow, Lavine, & Williams, 1585), but less
effective than the Lx in detecting other types of abarrance {(Drasgow, Levine,
McLaughlin, & Candell, 19587).

In summary, the standardized forms of the 1, type of indices have provan
to be among the most effective of the appropriateness indices reportad in the
literature. The Lz index not only eliminates most of the dependence of the
index on the ability level of the individual, but also allows meaningful
conparisons of individuals who have cmitted a differsnt number of items on the
test. The zh also seems to be fairly well standardized and may be particularly
povarful in datecting examinees who have cmitted a large pumber of items.
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Approprlateness indices based on the Gaussian modsl

Lavine and Rubin (1979) daveloped two appropriateness indices based on
what they termed the "Gaussian model® of item response theory. Unlike the
standapd IRT model, in the Gaussian IRT model the latant trait, ¢, is not
assumad to be unidimansional, and the values of the 0's are allowed to vary
for sach response. A nevw ability level, §,, is considared te have been sampled
for sach itam. These ¢'s are assumed to bea indapendently sampled from a normal
distribution having a mean of &, and a variance of ¢/ .

The LR index . The first index is based on the principle that the

response pattern of an individual who responds in an aberrant fashion to a
test will be better fitted by the Gaussian mcdel than by the standard IRT
model, for which it is assumed that the individual has one level of &
throughout the test. To arrive at this index, Levine and Rubin (1$79) first
dafined an index, 1, in a similar fashion to 1,.

1, = log max Prab(U|9,,07)

Bacause the satandard IRT model is a iubmodel of the Gaussian model, the
likelihood ratio (LR) test was proposed as an index which would indicate the
improvement in the fit of the modal that is obtained by allowing the 8's to
vary during the test. The LR index is zimply the difference between 1, and
1,.

IR = 1 -1,

The 0.2 index. The second index based on the Gaussian model is the

variance, o"", of the &, distribution. This index should be zero when a vector
of responses is determined ry a single ability. The extent to which o} is
greater than zero indiéat‘.cs the degree to which the ability varied in the
model and therefore the inappropriateness of the response pattarn.fitting

The appropriateness indices based on the Gaussian model have usually
given similar results to the 1, type of indices. 3Since the Gaussian indices

require more conputing tima, they have besn used infraquently.
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Fit Statistics

A number of appropriateness indices which are based on the IRT modal
have been derived from the work of Wright (1977) with the Rasch model and are
based on the fit of an individual's response pattern to the pattern which is
axpected, based on the probabilities of correct responses generated by the
model. The daviation of any cbserved response from the actual response is
tarzad the residual for item i (R,).

R, = - P (0)
where u, = 1 or 0 and;

P, (0) is the probability of a correct response according to the model.

Twe statistics based on the concept of the standardized residual are
most commonly associated with the Rasch model. The first, the unweighted total
mean square statistic (Ul), is simply the sum of the standardized residuals
dividad by n, the total numbex of items in the test,

n
U1, =1/n § [(u, = P,)%/P,@1 ~ ?,)]
iml
A second statistic often referred to in the literature, is the total

weighted mean square statistic, Wi, which is a weighted version of Ul
n n
W, = f. (v, - P;;)’/ElPuﬂ = Pyl
im=], i=1

where u,, is the cbserved response on item i for person j and n is the number
of items in the test.

¥While these mean square statistics were conceptualized within the
framawork of the Rasch model, their extension to the two or three parameter
logistic models is simply a matter of calculating the P(8) using the more
complex models and substituting the results into the above formmlae. Rudner
(1983) has termed the 3 parameter fit statisties comspond:.‘.ng' to the
statistics dascribed above as W3 and U3 respectively; Birenbaum (1985) t_..z-md.
the 2 parameter fit statistic corresponding to the unweighted fit statistic,

v2.



20

While it has heen hypothesized that these mean square fit statistics
have a mean of cne and a standard deviation that can be estimated by various
formilae (Smith, 1$82), simulations of responses to a 30 itam test when the
data fit the model have not supported this hypothesis (Smith, 1982). The U3
index has been found to be related to total test score (Drasgow, Levine, &
Melaughlin, 1587; Gafni, 1587). The W3 index appears to be better
standardized than U3 (Drasgow, lLevine, & McLaughlin, 1987), but not as well
standardized as ECIZ2', ECIZ4', and Lz (Drasgow, Levine, & McLaughlin, 1987;
Gafni, 1987; Noonan, 1589).

When compared to standardized IRT indices, the effectiveness of the f£it
statistics has not baen consistent. In one study, Drasgow, Levine,
McLaughlin, and Candell (1987) found the U3 to bes among the most sffective of
the indices, but in other studies it was found to be less effective (Draagow,
Lavine, & McLaughlin, 1987; Gafni, 1587). Similarly, the W3 was among the
mest effective of the indices in one study (Drasgow, Levine, & McLaughlin,
1987), but not in others (Drasgow, Levine, MclLaughlin, & Candell, 1$87; Gafni,
1887; Nocnan, 1989).

Smith (1982, 1585) presented an additional appropriateness statistice
based on the 1PIM. The unweighted between statistic is based on the postulate
that if the data fit the model, the overall ability estimate should accurately
predict the person's score on any subset of items. By comparing the parson's
predicted score (JE,) with the obsexrved score (70,) on any subset of items it
is possible to test the fit of the data to the modal)l. The unweighted between

statiszstic (UB) is

3 1
UB = (1/3-1) Y, (Yoi -¥E)? / LIE (1-E)]
4=l L=l

where J is the number of subsets and L, is the number of ‘itm in each subset.

ivhese two indices are discussed below.
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Gafni (1987) extendad the UB to the 3PIM. The UB index has been found
to be relatively effaective in detecting aberranca that may have bean caused by
differential familiarity or ability on certain specified items within the test
and in detecting aberrance caused by guessing on the last items of certain
tasts (Smith, 1985; Gafni, 15887).

The distributions of the fit statistics have not been examined
axtansively, but they are thought to be influenced by each combination of tast
length, distribution of itam difficulty, and person ability (Smith, 1582).
Research has shown thex to be quite related to total test score (Drasgow,
Levine, & McLaughlin, 1987).

The Extended Caution Indices

The Extandsd Caution Indices {(ECI) have been grouped with the IRT
indices because they make use of IRT tarms. The ECI's originate in the
Caution Index, which was developed based on 0-1 scoring, and extend the theory
by using probabilities bazed on IRT theoxy {(Tatsuoka, 1584; Tatsuoka & Linn,
1983).

As shown above, the formula for C, is

cov(x‘,x. }

C, =1 - o
cov(x,,Y.)
where Y- = {yl,y2,...yn): The vector of the column
totals
Y, = {¥.1,¥:2,...¥,n): The response vector for
perscn i .
x, = The Guttman vector of expectad item

responses for person i.
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The first extended caution index, ECI1, is based on substituting P, for
x, in the formula for C,.

cov(y,.Y-)

ECI1 =] -
cov(&,x.)
where Byo= (Py,....,Py,) for n items and;
P,, is the probability associated with examinee i answering
item j correctly.

The second ECI makes use of the conceptual similarity betwean G, the
group response curve of IRT, and Y.. The group response curve (G) is an
average function of ¥ person response curves. The ECI2Z goes one 3tep further
than the ECI1 in the formula for C, by substituting the group response curve
vector, here called (G), for ({y.).

cov(x“g‘)

ECI2 -1 -

cov(F,,G)
Tatsuoka and Linn (1983) have also derived ECI3, which uses the sama
terms as ECI2 but is given by the compleamant of a correlation ratio:

corr(;:,_,g)

ECI3 = 1 -
corr(P,,G)
The actual differsnce between ECI2 and ECI4 lies in their
numerators. ECI4 indicates the extent to which the observed respoase vector,
Y., covaries with the probability of correct item Xesponse vector P:

cov(Y,,R,)

ECI4 =1 -
cov(g,&)

Tatsuoka and Linn (1983) have indicated that conceptually ECI4 isz the
probabilistic extension of the ICI index, showing how similar an individual's
response patterns is to the thaoretical person response curve at the
individual's . |
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Tataucka and Linn (1983) also defined ECIS and ECI6, but these two
indices have never been researched, Similarly, ECI3 has not bean researched.

The ICIs give inflated values at both extramely high and low total
scores. In ordar to standardize these indices, Tatsuoka and Tatsucka (1982)
derived conditional expectatiocnsz and variances for all of the ECI's. The
standardized forms of the ECI's have a 2 following the I (e.g. the
standardized IECI4 is ECIZA).

Moat of the ressarch on the axtanded cauticon indices has involved the
ECIZ2 and the ECIZ4. In all of the studies in which one or both of these
indices have been compared to other indices they have always been among the
most well standardized {(Earnisch & Tatsucka, 1983; Drasgow, Levine, &
McLaughlin, 1987; Gafni, 1587; Noonan, 1985). They have alsc been among the
most effective at detecting aberrance (Drasgow, Levine, & McLaughlin, 1987;
Drasgow, Lavine, McLaughlin, & Candell, 1587; Noonan, 1589}.

Optimal Appropriateness Indices

Lavine and Drasgow (1984; 1988) introduced a general method for
determining the maximum rate of detecticn of a specified form of abarrance
that can be achieved by any index based on the IRT model. These indices
require the probabilities of observing the response vector first by assuming
that it was generated by a non-aberrant process and then by assuming that it
was genarated by a specified aberrant process. Two optimal indices have been
reported in the literature. The polychotomous model optimal indax, LRh,
requires the probabilities of observing the polychotomous response vectors,
while the dichotomous model optimal index, LR3, is based on dichotomously
scored item responses. Technical detalls about these indices and an sfficient
computing algorithm are given by Lavine and Drasgow (1984; 1588).

So far tha principal purpose of these “optimal® indices has been to
provids benchmarks for evaluating practical indices, by indicating the highest
detection rates possible undar a given set of restrictions. If a practical
index is nearly as powerful as the optimal index then there iz ne point in
trying to inprove upon the practical index. This type of information can
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point the way to more powerful indices. It is possible, for axample, to
corpare the optimal power of a polychotomous indax to that of a dichat:mous
index. If the optimal polychotomous index is significantly more powerful than
the dichotomous indax, it may be worthwhile trying to develop practical
polychotomous indices.

While the optimal indices are useful as benchmarks, they are not well
suited for most practical situations. For each application of the optimal
indices the amcunt and type ©of aberrance rmust ba specified (e.g. 10% high ox
10% low). These limitations only allow the optimal indices to be used for a
spacific hypothesziz regarding the level and type of aberrance present in the
saxple. Another disadvantage of these indices is that they have not heen
standardized.

Summary

There are two general classes of appropriateness indices: heuristic
indices and IRT-based indices. Heuristic indices make use of traditicnal item
statistics, such as item difficulty, and are based on the principle that
normal response patterns are characterized by the tendancy of the examinee to
correctly answer itams that are easier for the group, while making mistakes on
items that are more difficult for the group. Many of these indices are
mathematically related and are highly correlated. The most researched of the
heuristic indices is the Modified Caution Index, C*,.

The heuristic indices tend to be related to total tast score, which
means that the same values of the indices have different meanings for
individuals depending on their scores on the tast. None of the heuristic
indices has been standardized. In comparison to the IRT indices, the heuristic
indices have not been as effective in dat-c.ting abarrance.

only ons polychotomous heuristic index, the IOV, has been reported. It
was found to be highly related to the individual's total test scores and was

considered to be ineffactive in detecting aberrant response pattarns.
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The IRT-based indices make use of item response theory and as such
should only be used when the asaumptions of IRT have been met. As with
heuristic indices, the IRT-based indices are related to the total test score.
Yor some of these indicas standardized forms have been davelcped, using
sstimates of their conditional means and standard daviations. TFive types of
appropriateness indices have used the IRT model.

The first type of IRT index, the 1, type, is based on the likelihood of
a response pattarn according to tha IRT model that is being used. The less
likely the pattern, the higher the absclute value of the index. The
standardized versiocn of this index, Lz, hasz been among the most successful of
this typs of index in detecting aberrant response patterns.

The sacond type of IRT index, the Gaussian type, is similar to the 1,
type, but iz based on the “"Gaussian model® of IRT in which the values of O are
allowed to vary with each response. This type of index has given similar
results to the 1, type and has not been used frequently, primarily because it
is more expensive to computs.

A third typs of IRT index, the fit statistic, is based on the daviation
of an cbserved response from the response that is expectad according to the
IRT modal. The twe fit statistics which are most commonly used are the total
weightad and total unweighted mean square fit statistics, W, and U
respactively. While these indices have sometimes proven relatively effective
in datecting inappropriate response patterns, their performance has been
inconsistent. A third fit statistic, the unweighted between fit statistic,
UB, cocmpares the observed responses tc those expectad based on the parson's
ability as indicated by the entire test. The UB index has been found
effective for datecting aberrance caused by differential familiarity with
certain itams on a test and with datecting abarrance caused by guessing on the
last items of a test.

A fourth type of IRT index, the extanded caution index (ECI), is based
on the formula for the Caution Index, C,, and substitutes various terms

derived from IRT. While there are six ECIs, the two most ressarched ECIs are
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the standardized versions of ECI2 and ECI4. ECI2 is based on the relationship
batwean the individual's observed response pattern and the group probabilistic
pattern. ECI4 is 2 measure of the similarity of the individual's response
pattarn to the theoretical perscn response curve at the individual's &. The
standardized versions of thease two indices, ECIZ2 and ECIZ4, have been among
the most effective in detecting inappropriate response patterns.

A fifth type of IRT index, the optimal appropriateness index, has been
developed primarily for assessing the maximim rate of detection that is
possible for a clearly specified form of aberrance. Because the index
requires that the abarrance be specified in detail, it is not useful under

practical circumstances where these details cannot be known.



CHAPTER III
RESEARCH ON THE EFFECTIVENESS

OF APPROPRIATENESS INDICES

Two ganeral classes of study have been used to determine the
effectiveness of appropriateness indices. The first approach is to ascertain
if the tast results of examinees who are idantified by the indices as having
inappropriate response patterns are related to other criteria that thay are
expected to predict. For exaxmple, Chatman and Nelson (1954) anticipated that
studanta who reported that they had guessed frequently on a test would have
more inappropriate response patterns than those who guessed less frequently.
Studies using the first approach are unreliable for examining the properties
of appropriateness indices for three reasons. One reason is that in all of
these studies the amount of aberrance is unknown. A second prcblem associated
with some of these studies is that they are based on a contentious
relationship of aberrance to the critarion variable. If the predicted
relationship is not found soma might argue that it is because no such
relationship should exist. A thirxd serious limitation of these studies is
that they provide very little information regarding the comparative
affectiveness of different indices, simply because in these studies bnly one
or two indices ware used.

In order to ovarcoma the limitations of the atudies involving expected
relationship, researchers have turned to a second appreoach for determining the
effectiveness of appropriateness indices. In these studies there is no
question that the simmlees actually do have aberrant response pattarns, and it
is posasidble to quantify the amount of aberrance.

Bafore reviewing this research, it is useful to understand the different
procedures that have been used for simmlating aberrance. The procedure that
the majority of researchers have used will be referred to as the Levine

procadure simply because it was first used by Levine and Rubin (1975%) in one
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of the first simulation studies on aberrance. It is descrided in some detail
by Bulin, Drasgow, and Parsons (1583, p.131}.

In the first step of this procedure item parameters are obtained which
are used to estimate ability and compute appropriateness indices throughout
the study. Usually, a tast norming sample consisting of N examinee responses
to n items is selected for the estimation of the item parameters. In the
second step a non-aberrxant saxple of responsea vectors is generated using the
item parameters cbtained in the L£irst step and a specified set of abilities
for the simulated examinees. In the third step examinees are simulated with
either spuriously high or spuriously low scores by modifying the response
vectors.? Examinees with spuriously high scores are simulated by randemly
selecting k% of the examinees' responses without replacement and recording
these responses as correct regardlesz of the original response. Ixaminess
with spuriously low scores are simulated by randomly selecting k% of the
examinees' responses without replacement and replacing the response by
assigning a 1/c chance of obtaining the correct response, where ¢ is the
nuzber of choices. In the fourth step appropriateness indices are computed
for the non-aberrant and abarrant response vectors. The effectiveness of the
indax iz svaluated based on the extent to which it can separate aberrant and
non-aberrant response vectors solely on the basis of appropriatensss indax
scores.

One disadvantage of the Levine t.éhniquc iz that the number of responses
changed in a response vector is different from one simulee to another. For
some of the response vectors there may be few changes and abearrance may be
difficult to detect for this reason. As a result, in soma studies {Levine &
Rubin, 1979; Levine & Drasgow, 1962) the researchers used only those response
vectors in which more than 10% of the items had been changed.

A variation of the Levine procedure which has been used in two

simalation studies (Rudner, 1983; Nconan 1989) does not rasult in too favw

‘Response wvectors with spuriously high scores are said to have "high
aberrance, while response vectors with spuricusly low scores are said to have
*low abarrance®.
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changes in the response vectors. Instead of randomly selecting k& of the
examiness' responses reagardless of whether they are correct or incorrect, only
incorrect resiponses are selected for the spuriously high modification and only
correct responses ars selected for the spuriously low modification. Thus,
spuriously low scores are cbtained by randomly selecting a specified number of
correct responses and changing them to incorrect, while spuriocusly high scores
are obtained by changing a specified number of incorrect scores to correct.
This procedure, which will be called the Rudner procadure, results in a known
percentage of items on the test that have been changed.

Using the Levine or Rudner procedures for generating aberrant response
patterns, items from throughout the tast are selected randomly. These
procedurss repressnt sooe reasons for aberrance, such as lack of motivation,
which are likely to randomly affect any item in the entire test. Howevar,
cartain causes for aberrance, such as test anxiety at the beginning of a test,
affect only soma parts of the test. Sche researchers have simulated thaese
causes for aberrance, scmetimes using the Levine procedurw, but only applying
it to specific parts of the test. Gafnl (1585) has identified these as
studies of "systematic aberrance" and has termed studies in which items from
throughout the test are affected as studies of "random aberrance". Scme
studies have involved a mix of both procedures. In this papaxr, the studies
that deaal only with random abarrance are reviawed first followed by those that
involve systsmatic aberrance.

The first studies in which random aberrance was simulated predated the
introduction of the standardized indices. As mentioned above, unstandardized
indices are not very useful in practical applications because they arse related
to ability level as measured by the test. However, saveral of these studies
are presantad because they damonstrate the potential of the indices and
repregzant developmants in the methodology used for simmlations.

Levine and Rubin (1979) inveatigated the effectiveness of 1,, LR, and
0’y indices for detecting unusual response patterns using data generated
according to the 3PL model and item paramaters based on the 85 item Scholastic

Aptituds Test, Verbal Section (SAT-V). For both spuriously high and spuriously
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low abarrance, the lLevine technique was usad to generatsa abarrance at the 45,
10%, 208, and 40% levels.

In this study, as well as in & numbar of subsequent studies, Raceiver
Operating Characteristic (ROC) curves were used to evaluate the effectivenass
of tha indices. ROCs are created by first calculating the index values for
each response vector in both the non-aberrant and abarrant sample. A large
number of critarion values are chosen as possible cut-off points for deciding
if a response vector is aberrant. For each of these values the proportion of
the abarrant sample correctly identified as aberrant are calculated (this is
termed the "hit rate") and the proportion of the non-aberrant sample
incorrectly identified as aberrant is calculated (this proporticn iz termed
the "false positive rate"). The plot of these pairs of proportions is termed
the ROC curve. An effective index is one which has a good hit rate at a low
false positive rate. Levine and Rubin (1979) found similar ROC curves for the
three indices and reasonable detection rates wera cbtained. For eaxample, at
the 20% level of abarrance the LR index identified approximately 40% of the
aberrants at a .05 falze positive rate.

This study was seminal in that it demonstrated the possible usefulness
of the three indices for detecting aberrance. However, the study was limited
to unstandardized indices and was based on the simulation of response vectors
with pno owmits. This limits the generalizability of the results. In fact the
SAT-V tast responses, on which the paramaters of the simulation were based,
contained omits.

As mentioned above, the ROC curve was used in this study and in some
other studies to illustrate the effectiveness of the indices. However, the
detection of aberrance has limited practical usefulness when the false
positive rates are very high. For this reascn sooe researchers have not
presented the high false positive rates for the ROC curves. Others have
disransad with the use of ROC curves altogether and have simply reportad the

proportions of the aberrants detected for a limited number of discrete false
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positive rates. In most studies these false positive rates have not exceaded
.10,

Levina and Drasgow {1582) conductad two simlations to answer saveral
questions which had been left unanswered by Lavine and Rubin (1979). In both
studies the 1, index was used. In the Levine and Rubin study all of the
appropriateness indices had been calculatad with the item paramaters usad in
generating the simulated responses. Lavine and Drasgow's first study was
designed to determine whether cdetection rates would ba similar with estimated
item parameters from the SAT-V. Aberrant response patterns were simnlated
and index values were calculated with both LOGIST item parameter estimates and
item parameters used in generating the simulated responses. Thera was close
agreemant on the values of 1, cbtained for the two zets of item paramaters.

In the second atudy 2800 nonaberrant and 200 abexrant samples (at 20%
abarrance) were merged and sstimated item parameters were cbtained from the
merged sample. The 1, scores were calculated, first based on itam paramaters
estimated from the merged group and second using the item parameters used in
generating the simulated responses. The results wers vary similar, suggesting
that the presence of aberrants in the sample would not necessarily affect
appropriateness meaasuremant.

These studies are important in that they demonstrated that the 1, index
could ba robust to errors in the estimation of item parameters and to the
inclusion of aberrants in the test norming sample. Howsver, the conditions for
each of the studies were very limited, raising scme doubt about the
generalizability of the results.

Drasgow (1982) compared the effectiveness of three IRT indices (the b
the IR, and the o°;,, and one heuristic index (the p,,). Two other cb)ectives
of the research were to compare the results from the IRT indices based on the
1PL modal with those based on the 3PL model, and to compare the results
obtained for the IRT indices based on parameters estimated from a sample size

of 500 varsus those cbtained with a sample sire of 3000.
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In this study, the responses of 10,000 examiness on the 55 item GRE-V
ware used as the data base. The Lavine procedure was used for 21% of the test
items for both high and low aberrance. Itam parameters ware estimated twice:
first based on the first 3000 examinees, and a second time based on 500
examinees by selecting every lO0th examines from the GRE-V tape. Index scores
ware calculated for the aberrant groups and for the first 3000 examinees in
the data base.

The indices were compared at six false positive rates ranging from .01
to .25 and the following results were noted: The p,,, wYas less effaective than
the IRT indices. For the spurxicusly low examinees, the three IRT indices
performed about equally well in detecting aberrant response vectors for both
the item parameters astimated with 3000 and 500 examinees. For the spuriously
low sample, the indices were more effective with the 3PILM than with the 1PLM.

The results for the spuriously high sample were poor and were about squal for
the 1PL and 3PL modals.

The results of this study contradict the results of Levine and Rubin
(1979), where it was found that spuriousiy high respohse Vectors were more
datactable than spuricusly low reasponse vectors for simulated SAT-V data.

This suggests that the detectablity of different types of aberrance depends on
the characteristics of the items in the test. Drasgow notad that the ¢
paramatars of the difficult items in the GRE-V tast were genarally higher than
in the SAT-V. Consequently, a low ability examines who correctly answered
difficult items would be much more easily detected on the SAT-V than on the
GRE-V.

The findings of this study raise some intaresting questions. The
finding that the 3PLM indices were more effective than the 1PLM, even when a
sarple size of 500 was used to estimate the item parameters, is important in
practical applications, where sample size may be restrictad. It would be
important to know if this result is generalizable to other testa. It would
also be important to know if these results are generalizable to standardized

indices and if the same result would be obtained with other sample sizes. It
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would also be useful to compare the performance of other modals. In practical
aituationas the choice may need to be made among the 1PL, 2PL, and 3PL modals.

Rudner (1583) examined the effectiveness of nine appropriateness
indices: Ul, W1, U3, W3, l,, Puas Pp:er NCI {an ind.x_lhich is strongly related
to U'), and C*,. The responses for two tests were simulated based on the itam
parameters of the 80 item SAT-V and a 45 item ganeral biology examination.

The same procedurs for genarating aberrance was followed for both teasts.
For the SAT-V tast, axperimental groups wers created by first selecting groups
of 100 examinees from a nermally distributed non-aberrant population with a
mean ability of O and a standard deviation of 1. Four groups of spuriously
low sxaminees were created by altering 5, 10, 15, or 20 items to be incorrect,
while four groups of spuriously high examinees were created by altering 5, 10,
15, or 20 items to be correct. Thus, these four samples represented
approximately 6%, 13%, 15%, and 25% abarrance. For the general biology
examination the same procedure for gensrating aberrance was followed axcept
that only three groups were formed, with §, 10, and 1S items changed to
represent approximately 11%, 22%, and 33% of the total numbar of items in the
test. The non-aberrant group consisted of 2,000 normally distributed examinees
with unaltered responses patterns. The effectiveness of the indices was
compared at the .05 false positive rate.

The data for both tests shoved a number of interesting results. The Wi,
Prier Proser NCI, and C*, indices were all highly correlated (-.599 to +.96). The
effectiveness of the indices increased as the amount of abarrance was
increased. Generally, better detection rates were obtained for the IRT
indices. Detaction rates for the longer test were genarally higher than for
the shorter test. Overall, W3 tended to be the most powerful index. However,
the tast and the type of aberrance affected the powar of the indices, with
some indices being more powerful for some conditions, but not for other
conditions. For example, the highest detecticn rateas (50%-80%) for the longer
test were cbtained with the W3, U3, and 1, indices for the 13% and 15%
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spuriously high scores. The highest detection rates for the shortar test
(40%) was cbtained with Wl for the 19% spuriously low scores.

Thiszs study was one of the first in which the comparison of several types
of indices wasz mada. Unfortunataely, it did not include any standardized
indices. It is alsoc unfortunate that the indices were only compared at one
false positive rate. The relative perxformance of the indices might have been
differant at other false positive rates.

In this study the technique for generating aberrance results in a known
nunbar of items that are changed in the test. This is an advantage over the
Lavine technique where the nunber of items changed for any level of aberrance
is not constant, but is influenced by the examinees' original levels of
ability.

Earnisch and Tatsuoka (1583) computed 14 appropriateness indices: ECI 1-
5, ECIZ (1,2,4), 1, 1,, Ui, U3, W1, and Lz, based on the responses of 2,437
students who toock the National Assessment of Educational Progress mathematics
tests. The researchers ware primarily interasted in the relationship of the
indices to total score, the diztribution of the indax scores, and the
relationship of the indices to sach other. While the actual effectiveness of
the appropriateness indices was not investigated in this study, the study is
important and has been included in this review because 30 many indices were
examined.

When the curvilinear as well as the linear relationship to total test
scora was taken into account, the ECIZz were the least related to total test
score with Lz the next least related. The ECIZz approximataly followed a
normal distribution while Lz provided the second best approximation to the
noxrmal distribution.

All of the indices were somewhat related, with most of the corralations
above .70. The Ul showsd the laast relaticnship to the other indices. The
ECIs and ECIZs showed the greatast relationship with sach other (all

correlations >.80).
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Drasgow, lLavine, and Williams (1985) investigated the distributions and
effectiveness of the 1, l,, Lz, and zh indicas. A sample of approximately
75,000 examinees who had taken the 85 item SAT-V served as the data pool for
these studies. From this data pool 3000 axaminees with an approximately normal
distribution of ability were sslected and item parameters were calculated.

Two studies were conducted to examine the distributions of the indices.
First a group of 464 nominally non-aberrant examinees (i.e. this sample may
have contained aberrants) with ability in the interval =-2.05 to +2.05 was
selected from the sample of 75,000 examinees. Scatterplots of the
distributions of the index values for this group suggested that 1, and 1, weare
quite related to ability while Lz and zh were much less so.

The researchers conducted & second series of investigations of the
distributions of zh and Lz invelving a sample of 3478 nominally non-aberrant
axaminees as well as a simulated sample of 4000 examinees. Using Kolmogorov-
Smirnov tests, they concluded that zh and Lz closely approximated a standard
normal distribution.

To investigate the power of the twe standardized indices to detect
abarrant response patterns, the responsze patterns of 300 examinees from sach
of five ability groups [{-2.05 to .BO); (-.80 to 24); (=.24 to .24): (.24 o
.80); and (.80 to 2.05)] were modified at the 10%, 20%, and 30% rata for both
spuriocusly high and spuriocusly low response patterns. The Levine technique
of generating aberrant responses was used.

For this study ROC curves ware plotted for false positive rates of less
than or equal to .20. The zh produced higher rates of detaction for the
spuriocusly low examinees than Lz, but the converse was true for the spuriocusly
high examinees. Intuitively it would seem that zh should be more powerful in
datecting aberxrant responses than Lz because it is sensitive to the pattern of
incorrect responses. The researchers concluded that zh was ineffective in
detecting high aberrance bacause mest non-aberrant examinees choose a few
improbable incorrect responses. This caused a great deal of "noise" for the

xh index, which reduced its effectiveness. The researchers suggested that it
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may be possible to develop other polychotomous indices that will not be
affected in this way.

The results showed that detectability increased with an increase in the
amount of zimulated aberrance. The results alszo indicated that detaction rates
increaszed as the ability of the axaminess became more extreme. For example,
for the 20% low modification at the .05 false positive rate the highest
detection rate was cbtained in the highest ability group (approximately 63%
for Lz). For the 20% high modification the highest datection rate was cbtained
in the lowest ability group (approximately 68% for Lxz).

This study iz the first in which the detection of aberrance for
different ability levels was reported. The Levine technique was used for the
generation of aberrance and the greater detectability of aberrance at one
extrame of ability was probably caused by the higher number of responses that
ware changed for these ability levels. However, because the actual number of
reasponses changed was not reported, the exact nature of this relationship ia
not clear. To clarify this relationship it would have been useful to report
the effectiveness of the indices in terms of the number of responses changed
or the change in ability level causzed by the aberrance. This would also
permit an avaluation of the .ffoctivoécss of the indicc; in practical terms.

Birenbaum (1585), used a 2PL model to examine nine IRT indices, ECIL,
ECI2, ECI4, ECIZ1, ECIZ2, ECIZ4, 1, Lz, and U2, in order to determine their
relationship to total test score and their effectiveness. The study was based
on 13 miltiple-cholice anchor items from parallel forms of a reading
conpreheansion tast of English as a Second Language. Item paramaters ware
computed from the results of 1,864 examinees.

All of the indices were found to be highly intercorrelated {-.99 to
+.97) excapt for 1, and U2. The indices all showed scme relationship to total
tast score, in some cases quite strong when the curvilinear relationship was
considered. Overall 1, was the moat related to total test score. The

relationship of the standardized indices to total test score was less than
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their unstandardized counterparts. Of ths standardized indices, ECIZ1 showed
the strongast curvilinear relationship to total test scors (R® = .06).

The indices were used to try to identify 72 sberrant response patterns,
42 cases which wers considarsd inappropriate bacause the students had not
written their name on the answer sheet, which was interpreted to mean that the
students had not been motivated to respond to the test, and 30 response
patterns which were randomly generated. The non-aberrant sample consistad of
238 test results where students had written their names on the answer sheet.
The detection rates for the different indices were presented at different
false positive rates and were therefore difficult to compare. Lz had the
highest detection rate at 83%, but at a false positive rate of 20§,

¥While this atudy is somewhat useful in showing the relationship of the
ipdices to each other and to the total test score, it is of limited usefulness
in demonstrating the effectivensss of the indices. The number of items in the
test is quite small for a paper and pencil test. In addition, the size of the
sample of the aberrant examinees was small and the use of the criterion of not
writing one's name on the answer sheet as an indication of lack of motivation,
and therefore of aberrance, is tenuous.

Drasgow, Lavine, and McLaughlin (1587) investigated eleven indices: Lz,
C;, ECIZ2, ECIZ4, U3, W3, IOV, LR, a jacknife variance estimate (JK), and two
indices based on the "flatness"” of the likelihocd function, the "likelihood
function curvature statistics” which will ba referred to as the O/L indicaes.
The latter two indices involve information that is mrinly a function of the c
paramater and they are therefore difficult to understand and interpret.

The first part of the study was designed to determine which indices were
well standardized. Five samples of non-aberrant response vectors were created
from the item parameters of the 85 item SAT-V based on the 3PIM. EKach sample
contained 200 response vectors in five ability intervals: low (-2.05 to -1.5),
moderately low (-.70 to -.55), average (-.05 to .05), modarately high (.55 to
.70) and high (1.4% to 2.05). For a well standardized index, the distributicon

of index values is nearly the same in sub-populations of non-aberrant
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sxaninees differing only in ability. A comparison of the ROC curves for the
five ability levels indicated that the IOV, C,, and U3 were highly related to
ability levels and therefore were poorly standardirxed. The rest of the
indices were considered fairly well standardized.

To axamine the effectiveness of the indices that were considered well
standardized, 2000 aberrant response vectors were generated for each of 12
conditions, usiag the Lavine procedure. The 12 conditions consisted of
combinations of type of abarrance (high or low), severity of the aberrance
(15% or 30%), and ability level of the aberrant sample (three levels).

Three ability levels, very low (0-5th percentile}, low {10th-30th percentile)
and low average (31lst-48th percentile) were used for the spuriously high
sample, while very high (93rd percentile and above), high (65th-$2nd
percentile) and high average ability (49th-64th percentile) levels were used
for the spuriously low samples. Index values for false positive rates ranging
from .001 to .10 were eatablished by generating 4000 non-aberrant response
vactors.

The JX index and the O/E indices were not considered effective in
daetecting aberrant response patterans. The Lz, W3, ECIZ2, and ECIZ4 had the
bast overall rates of detection acrozs different conditions. Thesa indices
were quite effective when the treatments ware applied to the extreme abilicy
lavels; howvever, thay ware not very effective in the middle of the ability
distribution. For sxample, Lz datacted 87% of the aberrants at the .05 false
positive rate for the 15% spuricusly low treatment with very high ability
response vectors, while the corresponding datection rate for the high average
ability range was 35%.

As mantionad above, in simulation studies it would be useful to report
the amount of simulated aberranca in terms of the number of itams changed or
the change in examinee's ability level. This critique applies to thisz ztudy

and to all of the studies with simulated aberrance which are reviewad in this

paper.
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Drasgow, Lavine, Williams, McLaughlin, and Candeall (1987} investigated
the effectiveness of nine practical indices based on polychotomous and
dichotomous test models: Lz; zh; W3; U3; C,; ECIZ2; 2CIZ4; JK, and O/E. Item
parameters from the 30 item Armed Services Vocational Aptitude Battary
Arithmetic Reasoning Test were used for simmlating item responses based on the
3PLM.

The Lavine technique was used %o generate 2000 aberrant response vectors
in each of 16 conditions. The conditions were the result of varying three
factors: the type of aberrance (high or low), the severity of the aberrance
(17% or 33% modification), and the ability level of the aberrant sample. Four
ablility levals for the spuricusly high samples were labelled very low (0-5th
percantiles), low (10th-30th percentiles), low average (3lst-48th percentiles)
and high average (49th-64th percentiles). Similarly, four ability levelszs for
the spuriocusly low samples were labealled very high (53rd percentile and
above), high (65th-95th percantiles), high average (45th-64th percentiles) and
low average (31lst-4{8th percentiles).

For purposes of comparison, a non—aberrant sample of 4000 response
vactors was generated from a nermal (0,1) ability distribution. The indices
were evaluated at false positive rates from .001 to .10. Several important
results were cbtained.

(1} The Lz, U3, ECIZ2, and ECIZ4 were the most effective indices.

{2) The ¢,, JK, and O/ indices were not very effective.

{3) The Lz was more effective than the zh for high and low aberrances.

(4) Deteaction rates were far better at the extremes of ability. For example,
at the .05 false positive rate for the 17% spuricusly high condition the
detection rate was 33% for the 0%-9% ability group. For the 17% spuriocusly
low condition detection was higheat for the 953%-100% group (51% detection rate
at the .05 false positive rates).

The genaral dasign of this study is similar to some of the sarlier
studies and the reasults tend to correspond. No explanation was givan as to why

the zh was 30 ineffactive.
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Nocnan (1989) used a Monte Carlo approach to investigate the
characteristics of the distributions of Lz, ECIZ4{, and W3 as well as the
effectiveness of these indices. To examine the distributions of the indices,
2000 non-aberrant response patterns ware ganerated for each of four conditions
of tast length (40 items and 80 items) and IRT model (2PIM and 3PLM). With the
use of Datagen, a program written by Hambleton and Rovinelli {1573) and
modified by Carlson (1985), examines response patterns were geherated with a
normal distribution (0,1) of ability. Datagen was also used to generate a
uniform distribution of item difficulty and item discrimination parameters in
a range suggested by Hambleton and Swaminathan (1585) for a genexal
achievement test. For the 3PIM the ¢ parameter was allowed to range from .05
to .20 in a uniform distribution. For the 2PLM the c pa:amito: was set to 0.
The procedure was replicated 50 times.

The effect of test length and IRT model on the mean, standard deviation,
skewness, and kurtesis of the indices was exanined for the non-aberrant sample
over the 50 replications. The means did not vary significantly: however, the
skevness and kurtosis estimates were more variable over replications than for
the means. In the tails of the distribution tczzt was the least affected by
test length and IRT model and overall the distribution of ECIZ4 most closely
approximated that of the normal distribution, while the W3 was the least
normal.

In order to investigate the effectiveness of the three indices, aberrant
response patterns wers generated for th.lcombin;tions of the two tast lengths,
two IRT modols (2PLM and 3PLM), two types of aberrance (spuriously high and
spuriously low), and three levels of aberrance (10%, 15%, and 30%)}. Thus 24
sets of abexrant response patterns were created, each set containing 4000
axaninees.

The Rudner procedure was used to generate spuriocusly high and spuriously
low response patterns. The three appropriateness indices were then computed
based on the re-estimated ability for each examines and detaction rates were

calculated at four false positive rates of .01, .05, .10, and .2S.
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.z was the most effective index at lower levels of aberrance and lowar
false positive rates. ECIZ4 was the most effective indax for higher levaels of
aberrance and higher false positive rates. The results also showed bettar
detaction rates for the longer test, supporting the results cbtained by Rudner
(1983). The 2PLM was scmavwhat mors affective than the 3PLM. As axpected,
increasad aberrance tendad to produce higher detection rates, although
detection rates for 15% and 30% abarrance were quite similar.

In this study it was empirically demonstrated that factors such as tast
length can affect the cutoff values for the indices, sven when they are
standardized. This reinforces a view that for any test it may be advantageous
to set cutoffs based on simulations of non—abarrant response vectors.

In this study the effectiveness of the 2PLM was cempared to the 3PLM.

It would alsc have been useful to compare other IRT models (e.g. the 1PIM}.
Also, in this study, the effectiveness of indices using the 2PIM was studied
for response vectors that were simulated with the 2P1LM, while the
effeactivenass of the 3PIM was studied for response Vectors that were simumlatad
with the 3PLM. Howaver, the more complex an IRT model, the .morc it takeszx into
account the characteristics of the test items. In comparisons of this type the
most cotplex modal should be used to ganerate response vectors, in this case
the 3PLM.

Reise and Due (1591) examined the influence of test characteristics on
the detection of aberrant response patterns. A model for generating aberrant
response patterns was axplicated based on the premise that aberrant response
patterns result in less psychometric information for the individual than is
predicted by the parameaters of a specific model. Since test information
depands on the values of the a parameter {Loxd, 1980), a model in which items
are differentially discriminating for different individuals was selectad
(Strandmark & Linn, 1987},

P, (0) = e + (1-c}{ 1 + exp[-(za,) (6-b]}",
where a, is the item discrimination, and a, is the aberrancy lavel

paramater for aach person {P).
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Systematic changes wers made in the a, parameter to generate less
information than is predicted by the model. For example, when a, = 0.0, the
item provides no information with respect to estimating ©.

The model waszs used to investigate the effectiveness of Lx for detecting
abarrance as a function of the number of test itams, the spread of the b
parameter, and the value of the ¢ parameter. First, the a, b, and ¢
pParameters were specified for a three parameter model. Three abarrancy levels
corresponding to values for the z, were also specified (vixz. 1.0, .5, and
0.0). The a, = 1.0 value produced response patterns in accordance with the
null condition of no aberrance. The a, = .5 condition resulted in response
vectors in which the a, parameters were reduced in half, which reduced the
test information. The a, = 0.0 value produced response patterns with no
information. Then the model was used to generate 1,000 response vectors at
each of 11 ¢ values ranging from -2.5 to 2.5, in intervals of .S5. The
critical values for datecting aberrance were sat at Lz = =1.65, which
represants the .05 error rate.

Saparate studies ware conductad for each question. The affects of test
length on datection rates ware studied for tests of 7, 21, 35, and 49 items.
The specifications of the item parametexs was the same for all tests., The
item difficulty range effects wers studied for the 45 item test for five
ranges: —-3.0 to 3.0, -2.5 to 2.5, -2.0 to 2.0, -1.5 to 1.5, and -1.0 to 1.0.
The effects of the guessing parameter were also studied on the 49 item test by
specifying the ¢ parametars to be squal to ¢.0, 0.5, .10, .15, and .20 across
5 tests.

The researchers found that detection rates increased with tesat length
and higher aberrancy levels. Detection rates were lowest when the b
parameters wers most clustered around the examines's al?ility level. They also
found that as the ¢ parammter increased in value, detection ratas dacreased.

The methodology used in this study was particulary effactive in
explicating the effects on the datection of aberrance caused by the spread in

the valuss of the b parametar in a test and by the increase in value of the c
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paramater. The results lack scme genheralizability because in calculating Lz,
the © values wers not resstimated and the a, was hald constant across all test
itams. In addition, the methodology used for genarating aberrance dces not
provide a direct link with actual response patterns that have high or low
aberrance.

Smith (1985) uszed a methodolegy which differed considerably from that
which was used in the studies where only random aberrance was generated. Three
reasons for aberrance wvere similated on a 50 item test. For each type of
aberrance 100 cases were generated based on a ¢ of -1 and the Ul and UB
indices were computed. Based on a previcus analysis, a cutoff value of 2 was
set for both indices for the .05 falae positive rate. -

The first type of aberrance simulated was guessing (the 1FILM is based on
the assumption of no guessing). For this simulation, 42 items were generated
to be non-aberrant and eight items ware randomly assigned a correct answer.
The datection rate was 37% for Ul and 57% for UB.

The second type of aberrance that was simulated was startup disturbance,
which refers to poor parformance on the bPeginning items of a test because of
test anxiety. This condition was simmlated by using an ability of -2.0 to
genarate the responses to the first 8 items on the test and an ability of 1.0
to generate the remaining 42 items. The detection rate for Ul was 62% and 57%
for UB.

The third reason for aberrance was the condition where an individual is
unfamiliar with one of the content areas of a tast. The test was considered
to contain four content areas: items 1-12; items 13-25; items 26-37 and items
38-50. Two different abilities were used to generata the responses. The
ability used to generate the responses to the first three subszets was 1.0,
while the ability used to gcno.'.;lu the responses for the fourth subset was
-1.0. The analysis resulted in a 1% detection rate for Ul and a 52 %
datection rate for UB.

This study was of limited scope. Important factors such as the number of

itams affected, the exaninees' ability levels and different false positive
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rates ware not considered. Only two indices were compared and only the 1PILM
was used. In the calculation of the UB index the items in the test are divided
into sats of items. The investigator expected differences in parformance on
these sets. The resulta of this study suggest that the UB indax may be
superior to the Ul index vwhen different sets of iteams are generated with
different difficulty levels and the UB index corresponds sxactly to these
sets. However, without a more comprehenszive dasign in which a greater number
of factors are taken into account, no clear conclusions can be reached from
this study.

Gafni (1987) investigated the performance of C¥,, ECIZ2, ECIZ4, ﬁ3, u3,
L.z, and UB3 in detecting both random and systematic forms of aberrance, using
the 3PLM. Yhe sizmlation involved a 200 item test with parameters based on
the Armad Services Vocational Aptitude Battery (ASVAB) Arithmetic Reasoning
(AR) items. Zach of the indices was evaluated under conditions which varied
the form of abarrance, the percent of total number of items subjected to
aberrance (10%, 30%, and 50%), and the level of ability.

Five forms of aberrance were modeled based on different causes foT
aberrance (2,500 response vectors were generated for each form). In Form 1,
all of the test items wers subjected to the Lavine technique for generating
spuriously low response vectors. In Form 2, the Leavine technique for
generating low aberrance was applied for a specified percentage of "unreached®
itams at the and of the test. This form of aberrance might be produced by a
plodder (scmecne who takes too much time at the beginning of a test). In Form
3, the items in the test wers divided into sets and an examinee was given a
differant ability level for different sets of items on the test. This form of
aberrance might be produced on a test which is divided into subtests or
subgroupings of items, where an examinee is unfamiliar with certain concepts
underlying one or more of the subgroups. In Form 4, the Levine technique for
generating low aberrance was applied to runreached” items on a test which had
itams o:dn;:.d from easlest to most difficult. This was exactly the same as

Form 2, but in Form 2 the test items were not ordared according to difficulty.
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In Yorm 5, the Lavine technique for generating low aberrance was applied to
different sets of itams on the test. This form of aberrance is very similar to
Yorm 3 aberrance. The causes cited for Form 3 and Form 5 aberrance are exactly
the sama.

In ordar to examine the relationship between the indices and examinese
ability, the response vectors of 5,000 non-aberrant examineas ware simulated.
Two hundred axaminees were gensrated at each of 25 abllity levels, in the
range -3 to 3, in intervals of .25. Correlations of the index values and
ability were calculated. In addition, in order to detect a possible non-
linear trand, the means of the indices computed for each of the 25 & intarvals
were plottad against §. The C*, was the most correlated with ability (r= -
.77), while the U3 was less highly correlated (approximately .17). The rest
of the indices showed no linear relationship to ability. None of the indices
shoved a clear non-linear trend except for U3.

The effectiveness of the indices, examined using cutoff values cbtained
from the non-aberrant sample at the .01, .05, and .10 false positive ratas,
seemad to dapend on the form of the aberrance and the number of itams
aubjected to aberrance (C*, was used only for the Form 1 aberrance, while the
rest of the indices were used for all of the forms). Lz was the most
affective for the detection of forms 1, 2, and S aberrance. For Form 3
aberrance (differsnt ability underlying responses te differxent parts of the
test) and Form 4 (random responses for unreached itsms when the items were
ordared according to difficulty), the appropriate UB3 index (i.e. the one in
which the sets used for calculating the index correspondsd to the sets used
for the itams) was the most effective.

Detaction rates were quite high. ldcst:i forms of aberrance ware detacted
perfectly with no error when examinees at t.h. high levels of ability were’
subjectad to abarrance; abarrance for examinees at the low lavels of ability
was gesnerally not well datected.

This is the only research on the effectiveness of a variety of

appropriateaness indices for detacting systamatic abarrance. While the above
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findings are encouraging, they are based on only one 200 item test. Taests of
this length are usually broken down intce shorter subtests and appropriateness
indices are applied to the subtests. It is queationable whaeather the results
are generalizable to other shortar tests.

The finding that UB3 was more affective than U3 for aberrance involving
different ability underlying responses to different parts of the test
coxresponds to the results cbtained by Smith (1985). In thisz form of abexrance
it is realistic that the itexm zets used for calculating the UB indices
correspond exactly to the sets used for differences in the ability in the
simulation, as this can be predicted by iteam formats and subtests, However,
this correspondence is not appropriate for Form 2 (random responses for
unreached items) and Form 4 aberrance {(random responses for unreached items
when the items are ordered according teo difficulty) because thers is very
little way of knowing the point in the test at which examinees will run out of
time on the test. Thus the effectivenezs of the UB3 index for detecting these

forms of aberrance under real conditions is questicnakle.

Summary and Future Research

The research on appropriateness indices haszs anavered a number of
important questions, while others remain to be explored more fully. This
section summarizes this research and presants issues for future research.

Digtribution of the indices. Most jindices, in their original form,

damonstrate a linear or non-linear relationship to the total score on the test
and, when possible, they have been standardized. In order te standardize an
index it is necessary to obtain estimates of its conditional mean and
variance. To date none of the heuristic indices have been standardized.
Consequently, all of the heuristic indices are quite strongly related to the
total score on the tast.

The standardization of !:h. IRT indices has been succaszsful to & point.
In particular, the ECIZ2, ECIZ4 (Tatsuoka & Tatsuoka; 1982, Drasgow, Lavine, &

MclLaughlin, 1987; Gafni 1987), and the Lz (Drasgew, levine, & McLaughlin,
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1987; Gafni, 1987; Noonan, 1589) indices have been found to have relatively
little relationship to the ability level of the examinee.

The standardization of the indices may be of limited practical value.
Smith (1982) has notad that each combination of test length and distribution
of jiteam difficulties and person abllities represents an untested situation.
Molenaar and Boijtink (1990) have argued that the distributions of the indices
under the null hypothesis of no aberrance is different for different latant
trait values and have recommendsd that for longer tests, theze distributions
ba determined with a Monte Carle approach.

Nocnan (1589%), in the most comprehensive study to date on the
distributions of the Lz, ECIZ4, and W3, showed that while the mean values of
the Lz, ECIZ4, and W3 were not greatly affected by test length nncl IRT model,
the skewness and kurtosis of the indices varied considerably. In practical
applications it iz the cutoff values of the indices that are most important.

¥While it may be best to simulata the test in question undexr conditions
of non-aberrance to cbtain cutoff values at varicus false positive rates, the
advantages of using this technique for cbtaining cuteff values must be weighed
against practical considerations. Cbtaining these cutoff values iz both
complex and time consuming. For twe of the standardized indices, Lz and ECIZ24,
it may be posaible to use valuas based on the normal (0,1) distribution.
Drasgow, Lavine, and McLaughlin (1987) and Nocnan (1989) found that both of
these indices followed the normal (0,1) distribution quite closely, while
Drasgow, Lavine, and Williams (1985) found that the Lz followed the normal
{0,1) distribution quite closely. It is possible that this alternative
approach may produce similar results, but no researcher has compared the two
approaches.

Effects of increased test length on detection ratas The rasearch that

has been conducted to date suggests that when an equal percentage of the items
in two tests are aberrant, the detacticn rates for the longer test are better
than those of the shorter test. Rudner (1983) found that the detection ratas

on an 80 itaem test ware higher than those on a 45 item tsst. Drasgow, Lavine,
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and McLaughlin {1987) also had better datection rates on a longar (85 itan)
+tast than on a shortar (30 item) test. However, in both of these studies the
two tasts were different and this may have confounded the results.

Noonan (1989%) compared the detection rates for a 40 item test and an 80
item tast, which had both bean generated using similar item parameters. The
datection rates for the 80 itam test ranged from 21% to 71% across the
different leavels of aberrance and false positive rates, while the
corresponding range for the 40 item test was from 12% to 62%.

Reise and Due (1950) compared the detection rates of four tests ranging
in length from 7 to 49 items. Detection rates increased with test length.

With the advent of conputer adaptive testing, it may be important to
have an undarstanding of the affectiveness of the indices for tests that are
very short (perhaps 7-15 items). However, all else being equal, one would
expact a longer test te provide more information than a shorter test and thus
batter detaction rates. The research findings seem to support this.

Effect of the amount of aberrance on detection rates Rasults of

studies showing the relationship of the degree of aberrance to the rate of
deatection suggest that as the amount of aberrance increases detection
increases, but the increase is less at higher rates of aberrance. Drasgow,
Levine, and Williams (1985) induced 10%, 20%, and 30% aberrance on an 85 item
test and found a larger increase in the detection rate between 10% and 20%
aberrance than batween 20% and 30% aberrance. Levine and Rubin (1979)
simzlated 4%, 10%, 20%, and 40% aberrance and found the greatest increase in
datection occurred when the increase was from 4% to 10%. Drasgow and Lavine
(1586) simulated aberrance at the 15% and 30% level and found the datection
rate higher at the 30% level. Rudner (1983) actually changed the responses to
6%, 13%, 15%, and 25% of the itams on an 80 item test and 11%, 28%, and 33% on
a 45 itaem test. For the shorter teast, the increase in detection rate was
about equal from one lavel of aberxrance to the next. TFor the longer test the
increase was greatest from 15% to 20%. Noonan (138%5) changed 10%, 15%, and

30% of the items on a 40 itam test and on an BD item test. The increase in
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datection was greater from 10% to 15% than from 15% to 30%. Gafnl (1$87)

found that as the proportion of itams subjected to aberrance was increased
from 10% to 30% to 50% the detection rate increased, but the increase wvas

larger between the first two levels than batween the last two.

It seams plausible to .xpoct‘ that as the amount of abarrance in a tast
increases tha datection rate of the appropriataness indices would increase and
the research has consistently borne this out. It is important to note,
however, that a methodological problem exists in the detection of simulated
aberrance. As the percentage of the simulee's responses in a test that are
made aberrant increases, the original ability level is changed more and morw.
At some point it no longer resembles the original ability level. As this
point is approached it is difficult for the detection rate to increazse because
the estimate of ability laevel which is used for calculating the indices has
become increasingly affected by the aberrance.

Effeactiveness of the indices Thers is considerable evidence that Lz is

one of the most effective of the appropriateness indices (Drasgow, Levine, &
Willjiams, 1585; Drasgow, Laevine, & McLaughlin, 1987; Gafni, 1587; Woonan,
1589).

¢f the standardized extended cautlon indices, ECIZ2 and EZCIZ4 have been
the most researched and appear to be similar in effectiveness. In comparisons
with other indices both of these indices have proven to be amongst the most
effective (Drasgow, Levine, & MclLaughlin, 1987; Drasgow, Levine, McLaughlim, &
Candell, 1987; Nocnan, 1989). '

The UB index was found to ba the most effective index for certain forms
of systematic abarrance, but requires one to assuma which itams may be
aberrant (Smith, 1985; Gafni, 1587). This index should be includad in future
studies of systamatic aberrance vhen these assumptions are considered to have
bsen met.

The zh and IOV indices are the only practical polychotomous indicas that
have been developed to date; they have not been very effective. Other

polychotomous indices should be developed and examined in future research.
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The heuristic indices have not been very effective in detacting
abarrance in comparison te the IRT indices, but this may be because they are
not standardized. Heauristic indices could be used when the assunptions of the
mocdel basad indices are not met and it might be worth investigating whethar or
not thay can be as effective as the IRT ba'.sul indices and under what
circumstances. In research on the heuristic indices, C*, iz the index of
choice bacause it is the most well known of the heuriatic indices and because
it is concaptually related te the extanded caution indices.

The U3 and W3 indices have not beaen conaistently effective in detecting
aberrance (Drasgow, Levine, & McLaughlin, 1587; Drasgow, Levine, McLaughlin, &
Candell, 1987; Gafni, 1987:; Noonan, 1585).

In sum, the Lz, ECIZ2, and ECIZ{d indices have proven to be the most
effective of the appropriateness indices in a variety of circumstances and are
among the most practical to use. These indices should he ccmsidcroc.l in
future research studies.

Datection of systematic aberrance Little research has been conductad

on the effectiveness of the indices for detecting systematic aberrance. Smith
{1585) examined the effectiveness of the Ul ard UB using the 1PLM. However,
only cone ¢ level was used. Gafni (1987), using ﬁu 3PIM, examined the
effectiveness of the Cv,, ECIZ2, ECIZ4, W3, U3, Lz, and UB3 indices. However,
the study only involved one long test of 200 items. The sets of itams used in
the calculation of the UB3 indax always correspondad exactly to the sets of
itams used for the simulated aberrance, which is not realistic for scme forms
of aberrancs.

Future research is necessary to determine the saffectiveness of a variety
of appropriateness indices for systematic aberrance and with shorter tests.
In addition, for the forms of aberrance whers it is unrealistic to predict the

sets of itams that will be xffected, the UB should not e used.

The effectiveness of differsnt IRT models Drasgow (1582) and Noonan

{1989) conpuod the effectiveness of usihg different IRT models for
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calculating appropriateness indices. Nore research iz nesdad to establish if
there are distinct advantages to using any one modael.

The effect of sample size The effect of using different sample sizes

for the estimation of item parameters has been researched only once for the
1PI, and 3PL models (Drasgow, 1982). MNore reseaarch is necessary to datermine
the effect of sarple size for the 1PL, 2PL, and 3PL modals.

The affects of tast characteristics on detection rateszs The affacts of

test characteristics on detection rates has only been studied once using &
methodology that modelled the aberrance indirectly (Reisze & Due, 1550). 1In
that study an increase in the variance of the b parameters for the test items
and a decrease in the values of the ¢ parameters were both found toe increase
detection ratas. In future research, the effects of these conditions should
be examined using the more direct simulation approach of actually modifying
non-aberrant response vectors. In addition, it would be useful to examine the

affects that the leval of the a parameter has on datection rates.

Research Problem

Research kas shown that Lz and ECIZ4 are two of the most useful
appropriatsness indices for a nusher of reasons. First, they are considered
useful because they have had higher detection rates than other indices.
Second, these indices have been shown to have little relationship to ability,
which allows for a clear interpretation of their values. Third, their
distributions have shown some evidence of approximately following a standard
normal distribution. This enables test practitioners, should they wish, to
use a standard normal distribution for setting the cutoeff values of these
indices at various false positive rates. EHowever, a number of cquestions
remain regarding the practical use of these ind.{c-s. The purpose of this
research is to examine three of these questions in relation to the Lz and
ECIZ4 indices. The first problem concerns the effect of different test
conditions on the cutoff values of the indices. It has been noted that the

distribution of these indices may be affected by different teast conditions,
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but little research has bean conducted to examine this issue. Tor practical
purposes, it is important te understand how the distributions of the indices
ara affected in the extramas of their distributions, where cutoff wvalues for
various false positive rates are selected. Ko extensive research has been
conducted to datermine if cartain test conditions have aystematic affects on
these values. In this research the affacts on the cutoff values for
different distributions of the b item parameter in a test, the level of the a
item paramaters and the sazple 3ize used to estimate item parametars axe
axamined. The affects of these three variables have never been examined
directly. In addition the effects of using the 2PL or 3PL models is
researched. Only one :;:cscu:chcr has examined this problem (Noonan, 1589).
However, the mathodology did not invelve the use of estimated item parameaters
which are, of course, necessary in practical situations. Therefore, the first
question posed is Are the cutoff values of Lz and ECIZ{4 affected by the range
of the b paramaters, the level of the a parameters, the IRT model, and the
sample size used to estimate item paramaters?

The second problem addressed in this research concerns the conditions
under which tast practitioners are likely to cbtain the highest dastaction
rates. It is important for the tesat practitioner to understand how certain
variables affect datection rates. The variables that are of concern are the
same as those that are examined for their effects on cutoff values. The Lirst
variable is the range of the b paramater in the test. Although Raise and Due
(1951) have shown that the variance of the b paramsters in a test has an
effect on the detection rates for aberrance, in their study the abarrance was
modelled indirectly. To determine the magnitude of the effect and whether the
effact is the same for high and low aberrance, it is necessary to directly
similate the alerrance. Tha sacond variable, the level of the a paramaters in
a test, has naver been researched. The third variable, the IRT modal, has not
been fully researched for the 2PL and 3PL modals. Noonan (1989) compared the
affectivensss of the two indices using the 2PL and 3PL models. However, the

data were g-.no:aénd to f£it both models and the item parametsrs used for
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calculating the indices ware not estimated. This is not very realistic for
practical test situations. Guaessing is likely to occur even when the 2PLM iz
used, and the item parameters must be estimated. Finally, the fourth
variable, the effect of sample size used to estimate iteam parameters, has only
been researched once and never with the 2PIM. To axamine the second problem
described above, the following specific question is posed: How effective are
the Lz and ECIZ4 indices at detecting low (viz. spuriously low} and high (viz.
spuricusly high) aberrance under combinations of range of the b paramater,
level of the a parameter, IRT model, and saxmple size?

The third problem concerns treating the indices as if they are
distributed as a standard normal distribution for purposes of selecting cutoff
values for the indices at various false positive rates. Although scme
research has shown that both indices approximately follow a standard normal
distribution, the practical effects of uszing cutoff values from a standard
normal distribution jinstead of setting the cutoff values based on the
simalation of non-aberrant response vectors has never been examined. This
question is of great practical importance to test practitioners. If a
standard normal distribution can be used for setting cutoff valuesz, it reduces
the time and effort of using the indices and thus makes them more practical to
use. To exanine this problem the following specific question is posed: What
are the consequences of using cutoff values cbtained from the standard normal
distribution as compared to using cutoff values obtained by simulating a
nonaberrant saxple of response vectors for the test in question?

In the next chaptar the methodology used to investigate these threa

problems is presanted and discussed.



CEAPTER 1IV

METHODOLOGY

The purpose of this research was to axamine the following
questions: (1) Are cutoff values for Lz and ECIZ4 affected by the range of
the distribution of the » parametar, the level of the a parameter, IRT
model, and sarple size? (2) Bow effective are the Lz and ECIZ4 indices at
detecting low and high aberrance under combinations of degrae of variance of
the b paramater, level of the a parameter, IRT model, and sample size used
to estimate item parameters? {3) Tc what extent are the detection rates
obtained by using cutoff values cbtained from the standard normal
distribution similar to those cbtained by using cutoff values obtained by
sirmlating a nonaberrant sample of response vectors for the test in
question?

A Monte Carlo simulation technique was used to genearate the data for
this study because it is the oaly practical way to represent all of the
conditions required for this research in all of their combinations. In
additicn, the Monte Carlc tachnique allows the conditions to be replicataed
and snables the researcher to know exactly the true amcunt of aberrance that
exists in the response vectors. Also, with replications it is possible to
examine the stability of results. ©None of this is possible with actual test
data.

This chapter is divided into two sections. In the first section the
independent variables are presented and discussed. In the second section
the procedures for generating and analyzing the data are presented and

discussed.
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The Independant Variables

The first independant variable generatad for this study was the
variance of the b parametar across the test items, which waz labelled
"Diff*. Two levels were used for this variable: *"high Diff", represented by
test items with » values ranging from -2.5 to 2.5, uniformly distributad,
and "low Diff" with b values rarging from =-1.5 to 1.5, uniformly
distributed. There was some expectation that the high conditien might
result in higher detection rates than for the low condition. For high Diff
there is information for a wider range of axaminee abllities and the non-
aberrant distribution of the indices iz better estimated. Also, for the
high condition the examinees have the chance of responding inappropriately
to itams that are farther from their level of ability. These inappropriate
responses are very unlikely and 30 provide a clearer indication that the
examinee has responded aberrantly. Furthermore, in the cne study where this
question has been examined, using a different methodology, the high Diff had
reasulted in better detection (Reise & Due, 1590).

The sscond independent variable was the level of the a itam parameters
within the test, which was labelled "Disc". Two levels were used for this
variable: "high Disc", representing a parameters ranging from .8 to 1.4, in
a uniform distribution and "low Disc", representing a parameters ranging
from .5 to 1.1, in a uniform distribution. There was no expectation as to
which condition would affect cutoff values or result in better detection
rates.

The third independent variable was the IRT model. Two modals ware usaed
for this study, the 2PIM and the 3PLM. Thers was no expectation as to which
condition would result in bettar detection rates. The effectiveness of IRT
modals for appropriateness indices have only been compared in two studies.

In one study the 1PIM and the 3PIM were compared (Drasgow, 1982). The 3PLM
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vas more affactive. In the second study the 2PL and 3PL models were
compared (Noonan, 158%). The 2PLM was more seffective, but the 2PLM had been
fitted to data ¢generated with the 2PIM. One might expect the 3IPLM to
perform bettar because, as seen in the next section, in this study the data
were genarated using the 3PLM. Thus better estimates of examinee ability
should be obtained. On the othesr hand, guessing introduces noise and
aberrance can geat confused with guessing. Also, the ¢ item parameter is
difficult to astimate accurately and to the sxtent that the c item paramstar
is poorly estimated, the 3PLM may perform more poorly.

The fourth independant variable was the sample size of the responses
vectors, laballed "Sampsiz". The LOGIST program was used to estimate items
paramaters in this study. Using this program for a 60> item test, it has
been suggested that sample sizes between 1000 and 2500 can reascnably be
amployed for both the 2FL and 3PL models (Hulin, Lissak, & Drasgow, 1982).
Bowever, the eastimates of the item parameters are less accurate with zmaller
sarple sizes. There was nc expectation :.j.ga:ding the effects of these two
sample sizes on detection rates or cutoff values. Only cone coxparison of
the affect of sample sixze on the effectiveness of appropriateness indices
had been conductad (Drasgow, 1582). In that study, for low aberrance, the

3PLM performed better that the 1PIM even when a sample size of 500 was used.

Procedures for Data Generation and Analysis

Because the distribution of appropriateness indices may be affected by
a numbar of factors, saveral researchers have recocmmended that practitioners

actually simulate a non-aberrant sample of examinees to cbtain the most

3In this study a 60 item test was simulated.
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accurate sstimata of cutoff valuas at various false positive rates, In this
study, the detection rates cbtained using these cuteff values were used in
determining the effectiveness of the indices undar the various conditions.
Yor purposes of comparison, datection rates ware also calculated using
cutof?f values obtained from the staandard normal distribution.

In this study a 60 item test was simulated undsr various conditions. A
test length of 60 items was chosen because it is a common length for
standardized, multiple-choice, naper and pencil tests. These tests can
usually be administered in & reasonable amount of time and a reazcnable
degree of test reliability can be expected. In addition, past research on
datection rates shows that appropriateness indices can achieve reasonable
detaction rates with tests of 60 items. Furthermore, 60 item tests tend to
be about the median test length used in most of the studies on
appropriataness indices. The procedure for the study involved a series of
nine steps.

Step 1: Data generation Binary response data wera genarated accoxding to

the 3PLM. The 3PIM was chosen because it iz typically found that a c
parameter is appropriate for multiple-—choice tests. The data were generataed
for sight conditions, representing two levels for Diff, Disc, and Sampsiz.
Ixamines ability values vere generated frem the normal (0,1) distribution.
The ¢ paramstar was generated to range from .05 to .20 in a uniform
distribution. The item parametars, ability levels, and response vectors
ware gesneratad using the computer program, DATAGEN (Hambleton & Rovinelli,
1973) which was updated by Carlson (1985).

Step 2: Parameter estimaticon The item parameters vere estimated for each of

the eight conditions creatsd in the first step using the LOGIST program

(Wingersky, 1983 Wingersky, Barton, & Loxd, 1982). To introduce the affect
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of model, the estimates were made twica, first using the 2PLNM and second
using the 3PLM.°

Steap 3: Cutoff values The Lz and ECIZ4 indices were calculated using 2000

rusponse vectors generated according to the combinations of Diff and Disc
conditions in Step 1. The two indices were calculated for the 2PL and 3PL
models using the item parameter estimates from Step 2. A program designed
by Drasgow (1987) was used to calculate the values of the indices.

Since, falsze positive ratas above .10 are not likely to be useful in
real situations, the values of the indices at the .01, .05, and .10 falze
positive rates were cbtained (i.e. at the 53%th, S5th, and 50ieth percentiles

for the ECIZ4 and at the 13t, 5th, and 10th percentiles for the Lx).

Step 4: Generation of aberrant response vectors In this atep, 1500
spuriocusly high and 1500 spuriously low response Vectors were ¢generated for
sach of the 1€ conbinations of conditions, using the paramater
specifications from step 1. To generats the spuriously high condition, non-
aberrant response vectors were generated with ability levels ranging from -
3.00 to 0 in a uniform distribution; for the spuricusly low condition
response vectors were generated with ability ranging from 0 te 3.00 in a
uniform distribution. The ranges for the ability were chosen because past
studies have shown that datection rates are better for the extremes and
abarrant response patterns are not readily identified in the remaining half
of the distribution.

For the spuriously high condition, for each vector 10 incorrect
responses were randomly selected and changed to be correct. For the

spuriously low condition, for sach vactor 10 correct responses were randomly

‘It is noted that the samples used for the Model variable wera not
independent. This increases the chance of finding differences for this variablae.
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selectad and changed to be incorrect (i.e. for each of the conditions, 16.6%

of the items were changed).

Step 5: Detecticn rates For each of the 16 combinations, for high and low

absrrance Li and ECIZ4 were calculated using estimated item paramstersz from
Step 2 (for the calculaticn, ability estimates were reestimated in the
modified response vectors).

For sach of the two indices, detection rates were calculated for each
of the 32 conditicons and for each of the three false positive rates using
the cutoff valuas obtained in atep 3, and also uaing cutoff values from the
normal (0,1l) distribution.

Step 6: Replication To avoid chance erroer, the process dascribed in the

above five steps was reapeated 50 times. TFor each replication, new sead
nunbers wveres used to generate the a and b item parameters and for generating
the abillities.

Step 7: Effects of the independent variables on cutoff values For esach of

the false positive rates, the means and standard deviations of the cuteff
values of the two indices were calculated over the 50 replications. The
means of the cutoff values were used to compare the cutoff values of the two
indices to each other and to the cutoff values from the standard normal
distribution. The standarxd daviations were used to coxmpare the stability of
the cutoff valuas of the two indices over replications.

ANOVAS ware conducted to examine the effacts of the four indapendent
variables at each cutoff, for each index. This resulted in three ANOVAS for
sach of the two indices. Typically significance tests are conducted at the
.05 level. Since there were 6 ANOVAS overall, the Bonferroni procedure was
used to adjust the significance level so as to avoid capitalizing on chanca.

The basic idea of this procedure is to divide the alpha level selected by
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the number of tests performed (Rosenthal and Rosnow, 1891). Thus, for each
of the above ANOVAS the adjusted significance level was .008 (i.e. .05/6).

Step 8: Effects of independent variables on detection rates The mean

datection rate and standard deviation for each of the combinations of
indepandant variables was calculated ovear the 50 replications. To examine
the effects of the independent variables on the detection rates, a series of
four way between-groups ANOVAS werxe ceonducted, using the test model (2 or 3
PIM), the condition of the a parameter (high or low), the condition of the
variance of the b parameter (high or low) and the sarmple size used to
citimate the item parameters (1000 or 2500 examinees) as the indepandent
variables, with the detection rate for the index as the dependent variable.?
Initially, it was reasoned that if the ANOVAS ware performed using
the datection rate for aberrant response vectors at sach of the three false
positive rates, the ANOVAS would not be independent. This is because the
datected response vectors at the .01 false positive rate would be counted
again for the .05 rate and for the .10 rate. Likevwise the response vectors
for the .05 rate would be counted again for the .10 ratc.»"':ro avoid this
situation of overlapping variance, the proportions of the detected response
vectors were calculated for three intervals. The first interval,
correspondad directly to the .0l false positive rate. The second interval
repreasented the proportion of thosa datected response vactors falling
betwean the .0l and .05 false positive rates. The third interval
represented the proportion of those datected responss vectors falling
batween the .05 and .10 false positive rates. As a preliminary analysis a

3 The use of a data analysis strateqgy in which a MANOVA precedes multiple
ANOVAS was considered inappropriate for the research question posed in this atudy
{Hubexrty & Morris, 158%9).
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sexries of 12 ANOVAS were Derformad using the detection rates of the indices
in the three intervals.

Howaver, this analysiz was not reported for two reascns. The first
reason relates to analysiz of the results based on the intervals. In the
first interval, there was a tendancy for the effacts of the indspendent
variables to be consistent for both indices and for high and low aberrance.
Bowaver, the effects for the second and third intervals were inconsistent,
complex, and confusing. For exanple, for high aberrance a three way
intaraction of Diff by Disc by Model occurred for ECIZ4 in the second and
third intarvals. However, the interaction was different for each of the
intervals. As a second example, for low aberrance in the second interval a
disordinal Diff by Model interaction occurred for Li and a disordinal Disc
by Model interaction occurred for ECIZ4. Nelther of these two interactions
cccurred for the other two intervals. Evan when no interactions took place
or where the interactions were ordinal, the results were confusing because
the affects of the independent variables in the seacond and third intexvals
tandad to ba the opposite of the effects for the first interval (This may
have resulted becauze the major portion of the aberrant responie vectors
that wers detected were in the first interval.). The second problem with
the analysis bBased on the interval is that it is not directly relatsd to
cutoff values. Test practitioners are most interested in the direct effects
of the variables on detsction rates at the .01, .05, and .10, false positive
Tates.

For these reascns, for each of the two indices aix ANOVAS wers
conducted (cne for each of the three false positive rates for high abexrance
and cne for sach of the three false positive rates for low aberrance). The
significance level for each ANOVA was set at .004 after the adjustment

according to the Bonferroni procedure (i.e. .05/12).
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Step 9: Detaction rates using cutoff values from the N(0.,1l) distribution

The detection rates cbtained using cutoff values from the standard normal
distribution were compared to those obtained using cutoff values from the
simuiated response vectors.

In the next chapter the results of this study are presanted and

discussed.



CHAPTER V

RESULTS AND DISCUSSION

This chapter iz divided into three sections. In the first section, the
cutoff values for false positive rates of .01, .05, and .10 are sxamined.
Their stability over replications, their correspondance to tabled values of a
standard normal distribution, and the effectz of the independant variablas
are presented and discussed. In the second section the effects of the
independant varizbles on the detection rates are presented and discussed. In
addition, datection rates for high and low aberrance are compared, as well as
datection rates for the two indices. In the third section the effects of
assuming & standard normal distribution for setting cutoff values is

investigated. Finally, a summary of the results and discussion is presentaed.

Cutoff Values

Three issues are addressed in this section. The first concerns the
stability of the cutoff valuas. The second issue iz the correspondence of the
ocbserved cutoff values to those of a standard normal distribution. The
third issue is the effect of the independant variables on cutoff wvalues.
Stability

For sach of 90 replications, 2000 nonabarrant response vectors ware
generated for each of 16 combinations of the independent variables and values
of Lz and ECIZ4 ware calculated. The mean and standard deviation of Lz at the
.01, .05, and .10 false positive rates over the 90 replications are ahown in
Table 4. Similarly, the mean and standard deviation of ECIZ4 are presented in
Table S.

Tables 4 and 5 were examined to determine the stability of the cutoff
values - first over the different combinaticons of conditions of the

indapendent variables and second over raplications. The mean of the cuteff



Table 4

Maan and Standard Deviation of Lz Values at .01,

64

.05, and .10 False Positive

Rates QOver 50 Raplications

CONDITION FALSE POSITIVE RATX
.01 .05 .10
Sampsiz Variance Disc. Model M 30 N 8D M SD
off Diff.
1000 low low 2PIM [-2.134 .114 {-1.414 .074 -1.061 .061
1000 low low 3PIM  |-2.282 .118 |-1.528 .Q70 =-1.155 .061
1000 low high 2PIM |=2.253 .128 |~1.506 .084 ~1.132 .073
1000 low high 3PIM (-2.380 .120 |-1.595 .077 -1.198 .065
1000 high low 2PIM [-2.51% .139 |-1.686 .08S5 =-1.272 .080
1000 high low 3PIM |-2.504 .133 |-1.6%7 .086 =1.290 .065
1000 high high 2PILM |[|-2.752 .169 [-1.809% .0%7 -1.336 .082
1000 high high 3PIM |-2.550 .127 |=1.722 .073 -1.302 .054
2500 low low 2PLM |=2.115 .107 |-1.412 .077 -1.058 .065
2500 low low 3PIM |-2.237 .110 |-1.4%8 .0Q76 -1.124 .062
2560 low high 2P1IM |-2.21% .138 |-1.470 .072 -1.103 .059
2500 low highk 3PIM [-2.340 .127 |=-1.572 .072 =1.180 .059
2500 high low 2PIM (-2.493 .127 |-1.668 .075 -1.254 .060
2500 high low 3PILM (-2.479 .120 |-1.682 .065 =-1.273 .060
2500 high high 2PIM |-2.738 .166 [-1.7%6 .094 -1.324 .076
2500 high high 3PLM  |-2.553 .123 |=-1.710 .071 =1.291 .056
Entire Sample -2.409 .230 |-1.610 147 -1.210 .1i12
MARGINALS

Sampsiz 1000 -2.42 .23 -1.62 .15 -1.22 11
2500 -2.490 .23 =1.60 .15 =1.20 .11
Variance low -2.24 -15 -1.50 .10 -1.13 .08
of Diff. high -2.57 .17 -1.72 -10 -1.29 .07
Disc. low =-2.35 -20 -1.57 -14 -1.19 .11
high -2.47 .24 -1.65 .15 -1.23 .11
Modal 2PLM -2.40 .28 =-1.60 .18 -1.19 .13
3rLM -2.42 -17 -1.63 .11 -1.23 .09




Table S5

Mean and Standard Deviation of ECIZ4 Values at .01, .05, and .10 False Poszitive

Ratas Over 50 Replicaticons

CONDITION FALSE POSITIVE RATE
.01 .05 .10
Sarpsiz Variance Disc. Modael N 3D ) & D M sD
of Diff.
1000 low low 2PLM 2.451 .086 | 1.730 .057 1.346 .051
1000 low low 3PLM 2.403 .102 1.684 .058 1.308 .052
1000 low high 2PIM 2.435 .104 1.673 .056 1.298 .047
1000 low high 3PLM 2.35%4¢ .101 1.628 .052 1.266 .052
1000 high low 2PLM 2.510 .07 1.736 .075 1.334 .063
1000 high low 3PLM 2.436 .102 1.671 .062 1.2%2 .052
1000 high high 2pIM 2.629% .122 | 1.766 .070 1.326 .058
1000 high high 3PLM 2.400 .104 1.63% .070 1.255 .0S6
2500 low low 2PLM 2.395 .077 | 1.676 .053 1.303 .047
2500 low low 3PLM 2.346 .102 | 1.626 .05¢ 1.259 .049%
2500 low high 2PLM 2.378 .105 | 1.640 .050 1.265 .041
2500 low high  3PLM 2.291 .106 | 1.573 .060 1.206 .051
2500 high low 2PLM 2.474 .052 | 1.702 .061 1.299 .043
2500 high low 3rLM 2.388 .106 | 1.638 .055 1.250 .047
2500 high high 2PLM 2.560 .109 | 1.732 .068 1.304 .0S51
2500 high high 3PLM 2.387 .100 1.615 .Q62 1.228 .045
Entire Sample 2.427 .130 1.670 .079 1.284 .063
MARGINALS
Sampsiz 1000 2.45 -13 1.69 -08 1.30 .06
2500 2.40 .13 1.65 .08 1.26 .06
Variance low 2.38 .11 1.65 .07 l.28 .06
of Diff, high 2.47 .13 1.69 .08 1.29 .06
Disc. low 2.43 -11 l1.68 .07 1.30 .06
high 2.43 .15 1.66 .09 1.27 .06
Model 2PLM 2.48 .13 i1.72 .07 1.21 .06
3PLM 2.38 .11 1.63 .07 1.26 .06
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valuas of the indices varied considerably over the different combinations of
the independent variables for sach of the false positive rates. For example,
at the .01 false positive rata, the mean cutoff value for Lz ranged from -
2.115 to -2.752, while the mean cutoff value for ECIZ4 ranged from 2.251 to
2.629. A comparison of the ranges of the mean cutoff values for the two
indices shows that over the combinations of the independent variables, the
ECIZ4 had a range that was approximately one half of the range of L. Lz had
a range of .637, .397, and .278 at the .01, .05, and .10 false positive
rates, while the corresponding valuss for ECIZ4 were .338, .193, and .140.

The marginal values of the cutoff values in Tables 4 and 5 were
axanined for the magnituds of the effects of the independent variables. For
Lz, Diff, and Disc had the greatest effect. High Diff produced more exXtrems
values than low Diff. The cuteff values for high Diff were .33, .22, and .16
more extreme than for low Diff at the .01, .05, and .10 false positive rates,
respactively. The cutoff values for high Diac were .12, .08, and .04 more
axtreme than for low Diff at the .01, .05, and .10 false positive rates. Tor
ECIZ4, the Diff and Model variables had the grsatest effacts, but the
magnitude of the affects wers leszs than was seen for Lz. Eigh Diff produced
more extrame values than low Diff. The cutoff values for high Diff were .09,
.04, and .01 more extreme than for low Diff at the .01, .05, and .10 false
positive rates, respectively. The 2PLX produced mozrs extreme values than the
3PLM - .10, .08, and .05 at the .01, .05, and .10 false positive rates,
respactively.

The ztability of the estimates of the cutoff values over replications
was determined by examining the standard deviation of the cutoff values over
replications. As expected, for both indices the standard deviations were
greater at the lowar false positive rates. In addition, it was found that for
all three false positive rates the standard deviaticns for ECIZ4 were
approximately one half of those for Lz. Thus, ECIZ4 was more stable over

replications as it was over experimental conditions.
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Comparison of cutoff values

In order to compare the cutoff values for the two indices to those
obtained from the standard normal distribution, the difference batween the
maan values obtained from the generated response vectors and the values of
the standard normal distribution are presentad in Table 6 . Under the
standard normal distribution, the values for Lz at the .01, .05, and .10
false positive rates are =-2.325, -1.645, and -1.282, respectively. The
corresponding values for ECIZ4 axe 2.325, 1.645, and 1.282. In Table §,
obasrved cutoff values that are Dore extrame than those of the standard
normal distribution are shown in brackets, while those that are less extrema
have no brackets.

The range in the extremeness of the cuteff values was quite high for
both indices. Of course, the range was the same as for the range of the
cutoff values over the cocmbinations of conditions, which is presented above.
Over the three false positive rates, there was a very slight tendency for Lz
cutoff values to ba less axtreme than those of. the standard normal
distribution (however, Lz tendad toc be more extreme at the .01 false positive
rate). Over the 16 combinations of conditions and three false positive rates,
the cutoff value for Lz was less extreme in 52% of the cases. Over the
entize sample, the cutoff value for L was more axtrens than that of the
standard normal distribution at the .01 false positive rate, but less extrems
at the .05, and .10 false positive rates. Table 6§ shows a clear tendency
for the cutoff values of ECIZ4{ to be more extreme than those of the standard
normal distribution. Over the 16 combinations of conditions and three false
positive rates, the cutoff value for ECIZ4 was more extreme than that of the
standard normal distribution in 66% of the cases. Over the entire sample,
the cutoff values for ECIZ4 were more extrame that those of the standaxd
normal at all threa false positive rates.

The proximity of the cutoff values to thosea of a standard normal
distribution wera compared for the two indices. Over the 16 combinations of

conditions, at the three false positive rates, the cutoff valuas for ECIZ4



Table 6

Difference Between Msan of Observed Cutoff Values and Values Under the

Standard Normal Distribution at Three False Fositive Rates
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CONDITION Lz ECIZ4
Sampsixz Diff Disc Model L .01 .05 .10 .01 .05 .10
1000 low low 2PLM .191 0.231 0.221 (.126) {.085) {.064)
1000 low low 3PLM -043 0.117 0.127 {.078) (.039) {.026)
f 21000 low high 2PLM .072 0.139% 0.150 (.110) {.028) {.016)
‘. 1000 low high 3PLN {.055) 0.050 0.084 {.020) .017 -.016
1000 high low 2PLM {.194) (0.041) 0.010 (.185) (.081) (.052)
1000 high low 3PLM (.179) (0.052) (0.008) (.111} (.026) {.010)
1000 high high 2PLM (.427) (0.164) (0.054) {.304) {.121) (.044)
1000 higk high 3PIM (.223) {0.077) (0.020) {.075) .006 . 027
2500 low low 2PIM -.210 0.233 0.224 {.070) (.031) (.021)
2500 low low 3PLM .ogs8 0.147 0.158 (.021) .019 .023
2500 low high 2FLM .106 0.175 0.179 (.053) .005 .017
2500 low high 3PILM (.015) 0.073 0.102 .034 .072 .076
2500 high low 2PIM (.168) {0.023) o©.028 (.149) {.057) (.017)
2500 high low 3PLM (.154) {0.037) 0.00% (.063) .007 .032
2500 high high 2PLM (.413) (0.151) (0.042) (.235) (.087) (.022)
2500 high high 3P1M (.228) (0.065) (0.009) (.062) .030 .054
Intire Sample (.084) 0.035 c.072 {.102) (.025) (.002)
e |
MARGINALS '

Sampsix 1000 (.09) .04 .06 (.12) {.04) (.02}
2500 (.07) .06 .08 (.07) .00 .02

pife low .08 .16 .15 (.05} .00 .00
high (.24) (.06) (.01) (.14) (.04) (.01)

Dise low {.02) .09 .09 (.10} {(.03) (.02)
high (.14) .01 .05 {.10) {.01) .01

Model 2PLM (.07} .06 .09 (.15) (.06) {.03)
3PLM {.09) .03 .05 (.05) .02 .02
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were closer to those of a standard normal distribution in 79% of the cases.
The marginal cuteff values in Table 6 were also clearly closer for ECIZ4. At
the .01, and .10 false positive rates, the values of ECIZ4 were closer in 8E%
of the cases, while at the .05 false positive rate ECIZ4 was closer or the
sama in 63% of the casss.

In order to determine if the cutoff values daparted significantly from
the tabled values of a standard normal distribution, t tests (df, 1439)
comparing the cbserved values to those under the standard normal distribution
were conducted at each false positive rate, for each of the indices. The
significance level for each t test waz szat at .008 after the adjustment
according to the Bonferroni procedure (i.e. .05/6). All of the values were
significantly different from those expected under the normal distribution,
except for ECIZ4 at the .10 false positive rate®.

In sum these results indicate that over the different combinations of
conditions, the cutoff values wu.-iod_ considarably. The ECIZ4 values tended
to be closer than the Lz values to the tabled values of a standard normal
distribution. On the whole, the cutoff values for both indices differed
significantly from the tabled values of a standard normal distribution, but
the tests were very powarful, each with 1432 degree of freedom. Over the
ditt-rfnt combinations of conditions there »== a very slight tendency for Lz
to be less extrama than the standard normal aist>ibution and a tandancy for
ECIZ4 to be more axtrema.

Effact of independsnt variables

To axamine the affects of the four independent variables on the cutoff
values for each of the indices, ANOVAS were conducted at each of the three
cutoffs. The results of these ANOVAS are summarized in Table 7. The
significance leval wvas set at .008 after adjustment according to the

Bonferroni procadure.

31t is noted that thers is a non-indapendence within groups for the t tasts
which results in an inflation of Type I errz:-"and a reduction in power (Zimmerman
& Zumbo, 1992). However, because the sanple sirze was very large, power was not
an lssue in this study.



Table 7

Summary of ANCVA Results for Three False Positive Cutoff Values

SOURCE OF VARIATION
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PROBABILITY FOR L2

PROBABILITY FQR ECIZ4

.01 .05 -10 .01 .05 .10

Sampsiz .000* .Q00~ .Q00w .000" . Q00" 000"
Variance of Diff (Diff) -000Q~ 000 .000~ .000* . Q00w .062
Discrimination (Disc) . 000 .000* .000r .487 .000* . 000"
Model .063 -.000* .0Qo~ .00Q~ . 000" .000*
Sampsiz x Diff .163 .289 -383 -111 .003* 007"
Sampsiz x Disc .605 .579 .970 .893 .176 . 219
Sampsiz x Model . 757 712 .584 .112 .555 -054
Diff x Disc .002* 721 .057 .000~ .000> .000*
Diff x Model .000~ .000* .000" .000" .000~ .002*
Disc x Model .366 .297 .396 .815 .505 .219
Sampsiz x Diff x Disc .366 .297 .396 .815 .505 .219

-_S.a.npsiZ x Diff x Model .356 £30 .534 -238 -159 .297
Sampsiz x Disc x Model -500 .262 -151 .14% .225 .423
Diff x Disc x Model .000%* . 000" .001~ .0Q0~ .000* .025
Sampsiz x Diff x Disc x .52¢8 .151 .166 .091 .29 .260
Model

[ e

"o <.008



71

A number of interactions occurred at the three false positive ratas for
both indices. A Diff x Model interaction occurred at all false positive
rates for both indices. A three way Diff x Disc x Model interaction alse
occurred for both indices at all false positive rates, with the axception of
ECIZ4 at the .10 false positive rate.

A three way intesraction occurs whan the interaction of two of the
variables is not the same at all levels of the third variable (Xeppel, 1591).
¥When plotted, the three way interaction for Lz showad the zama pattern for
thae cutoff values at all three false positive rates. This pattern is
illustrated in Figure 2 for the cutoff value at the .01 false positive rate.
For low Disc, the 3PILM produced more extreme cutoff values than the 2PIM at
low Diff, but therwe was no diffference at high Diff. For high Disc a
digordinal Diff x Model interaction pattern was seen. The combination of
the 2PLM and high Diff produced the most extreme values.

The pattern of the Diff x Disc x Model interaction for ECIZ4 was
different than for Lz. The pattern, which was the zame for the three false
positive rates, is illustrated in Figure 3 for the cutoff values at the .01
false positive rate. This figure shows that, while the interaction of Diff x
Nodal was ordinal at both levels of Disc, the slope of the 2PLM line was
steeper at high Disc.

For ECIZ4, there was a Sampsiz x Diff interaction at the .05 and .10
false positive ratas. The intaraction was different at the two false
positive rates. At the .05 false positive rate, low Sampsiz produced more
extreme values than high Sampsiz at high Diff, but the effect was not
significant for low DIiff. At the .10 false positive rate, low Saxpsiz
producad more extreme values at both levels of Diff. However, high Diff
producad more extrame values than low Diff for high Sampsiz, while high Diff
produced less sxtreme values than low Diff for low Saxpsiz. The main effect
for Sampaiz for Lz occurred without any interactions. At all three false
positive rates, the Sampsixz of 1000 produced more extreme values than the
Sazpsix of 2500. The results of these analyses indicate that the indspendent



Figure Z

DIff x Disc x Model Interaction for Lz Cutoff
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Figqure 3
Diff x Disc x Model Interaction for ECIZ4 Cutoff
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variables had a complex effect on the cutoff values. Furtharmore, a general
charactarization is not possible.

Discussion

If cuteff values obtained from simulated nonaberrant response vectors
are to be used in practical applications, it is desirable that they be stable
undar diffarent test conditicns. The cutoff values for the various
combinations of independent variables ranged considerably. The range of the
mean cutoff values over conditions was less for ECIZ4 than for Lzr. Only one
othar study has produced Monte Carlo data on tha cutoff values of the Lz and
ECIZ4 indices. Noonan (158%) found that the cutoff values for ECIZ4 were
less variable than for Lz when different test lengths and IRT models were
used.

While the cutoff values varied considerably over conditions the
practical impact on datection rates was not likely to ba very large. This
impact can be estimated by examining the differences in detection rates
produced by using cuteff values from the nonaberrant sample and dstection
ratas using cutoff values from a standard normal distribution (Tables 17 and
18) . For sxample, differences in detection rates for the marginals never
exceeded .04.

In practical test situations it iz unlikely that the generation of
notaberrant response vectors will be replicated. Therefore, it is important
to have some knowledge of the stability of the cutoff values over
replications. As expected, the standard deviations of the cutoff values for
the indices over the 50 replications were greatar at the .01 false positive
rate than at .05 or .10, indicating that the values are least stable in the
tails of the distributions. The cutoff values for Lz were found to be
approximately twice as variable over replications as for ECIZ4. The
stability of the cutoff values for these twe indices has only been examined
in one othar study, in which it was also found that ICIZ4 was mora stable
(Noonan, 1989).

The standard daviations of the cutoff values were no greater than .17,

Generally these deviations would only produce moderate impacts on datection
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rates. However, depending upon the replication a researcher might obtain
dacidadly diffarent cutoff values. If a researcher were to simulate
abarrance without any replications a chance error in the datection ratas
could occur which would be exacerbated by these daviations in the cutoff
values. Thase errors could be quite large and could have important
consaquences, especially in a research setting.

These large standard deviations over replications are to be expectad at
the .01 false positive rate, given the sparse data in the extreme tails of
the distribution. Therw are two possible approaches to reducing these
deviations. One possibility that should be considered in future researxch iz
to smooth the distributions prior to setting the cutoff scores. Another
approach to increase the number of response vectors per replication.

Saveral observations were mada regarding the extremeanass of the cutoff
values. First it was noted that over the entire sample, the values for ECIZ4
ware more extreme than for Lz. It was also clearly evident that over the
entire sample low Sampsir produced more extreme values, while high Diff
produced more axtreme values. The most extrems v: ues ware produced by the
combination of high Diff, high Dise, and the 2PLM.

Data regarding the extremeness of the two indices is only available in
one other study in which Noocnan (15885) found that more extreme values were
produced for Lx. HEowevar, Noonan's research did not involve manipulations of
the Sampsiz, Diff, and Disc parameters. The difference in the cbhserved
values may alzo have resulted because of an important difference in the
methodology for the two studies. In the presant study, the values of the
indices were calculated with item parameters that had been estimated using
LOGIST, whereas in the Noonan study, the actual item parameters that had been
used to generate the non-aberrant response vectors ware used.

Table 8 can be used to compare cbserved cuteff valuesz over the entire
sazple to those cbtained by Noonan (1989) and those of the standard normal
distribution. The observed values were less eaxtrema than in the Noonan

study. Thay wers also closer to the standard normal, except for Lz at the
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.10 false positive rata. As notsd above, thers were several important
differences in the conditions and methodology used for tha two studias.
Differences in the Diff or Sampsiz variables cannot account for difference in
the extremeness of the values for the two studies. The Diff variable was
held constant in the Noonan study, in the range of -2.00 to 2.00. However,
on average this iz the same azx for the present study in which half of the
conditions had a Diff range of -2.5 to 2.5 while the other half had a Diff
range of -1.5 to 1.5. In the Noonan study, the actual item parameters that
ware used in the ganeration of the itams were also used for the calculation
of the indices. It is possible that the use of estimated item parameters for
the calculation of the results may have made some difference. The program
that generated the response vectors uses a probability for determining if the
response to an item is correct or not. Esxtimated parameters may more
accurately represzent the response vectors than the actual parametercs.

Az compared to the Noonan data, the values for the present study are
likely more useful for practical applications. First, the cbierved values
are likely more generalizable bhecause a larger numbar of independent
variables was mnipulattd." Sacond, in practical testing situations estimated
itam parameaters ars used.

Most of the previcus rezearch on the distributions of non-aberrant
appropriataness indices has been concantratad on the mean and standard
daviation of the distribution and in moat of the ressarch the conclusion has
been that the distributions while cloze to normal do not follow a normal
distribution exactly (Drasgow, Levine, & Mclaughlin, 1587 Birenbaum, 1985; Harnisch
& Tatsucka, 1983; Nocnan, 1985). Very little research has been conducted on the
distribution of the indices in the tails of the distribution, but in general the
research has suggested that the tails of the distributions do not correspond closzely
to the values expected under a standard normal distribution (Drasgow, Levine, &

Williams, 1585; Drasgow & Guertler, 1987; Noonan, 19589).
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Table 8

Comparison of Cutoff Values at Three False Positive Rates

Cole Noonan Standard normal

.01 ralse Positive

Lz - 2.41 - 2.68% - 2.33

ZCIZ4 2.43 2.48 2.33
.05 Talse Positive

Lz - 1l.61 -1.79 - 1.65

ECIZ4 1.67 1.71 1.65
.10 False Positive

Lz - 1.2 - 1.34 -1.28

ECIZ4 1.28 1.32 1.28

The cbssrved cutoff values were coxmpared to the cutoff values for the
standard normal distribution for each index at each false positive rate.
Five out of the six t-tests comparing the cutoff values for the indices %o
those of the standard normal distribution were significant. Thersfore,
atrictly speaking the cutoff values of the indices do not correspond to those
of a standard normal distribution. However, a very large sample size was
used for each of the t - tests 30 very small differences resulted in
statistical significance.

In simmlation research in which nonaberrant sanmples were simulated, Lz
was found to be approximately normal N{0,l1) by Drasgow, Lavine, and Williams
{1985), while Tatsucka and Tatsuoka (1582) considered ECIZ4{ to be
approximately normal.. Nocnan {(1589) found that while both indices had means
and standard daviaticns that approximated & N(0,1l) distribution, the
distributions wera skewed, indicating non-normality in the tailszs of the
distribution that were used to identify aberrance.

Several researchers havas suggested that the distribution of
appropriateness indices in non-aberrant conditions may be unique for
diffarant sets of test conditions (Smith, 1982; Molenaar & Hoijtink, 1990;
Noonan, 1989). At least two researchars, Gafni (1987) and Anderson (1590),

have suggested using simulations of the tast under non-aberrant ceonditions
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for establishing cutoff values. The results of the ANOVAS for the effacts of
the independent variables on cutoff values suggest that while the IVs have an
effect on tha cutoff values, the effects ire quite complex and difficult to
characterize. Thisz implies that for every test it may be necessary to
simulate non-aberrant response vectors to obtain accurate cutoff values.
However, whather this procedure is necessary or whether cutoff values from
the standard normal distribution provide a reasonable proxy is a cquestion
which is addreszssed in the third szection of this chapter, in which detection
rates using cbserved cutoff values are coompared to detection rates using

cutoff values from the standard normal distributien.

Detection Rates

The detection rates of Lz and ECIZ4 were computed for both high and low
aberrance for tha 16 combinations of Diff, Disc, Model, and Sampsiz. In this
section the effects of the independent variables on detection rates are
examined. It is alszo in this section that the stability of the detection
rates, the detection rates for the twe indices, as well asz detection rates
for high and low aberrance are discussed.

In ordar to determine the effects of the independant variables on
deatection rates, for each index 3ix ANOVAS were conducted {one at each of the
three false positive rates for high aberrance and one at each of the falsze
positive ratas for lovw aberrance). The results for each of the ANOVAS for
each indax and for each type of aberrance is sxamined. An overall summary of
these results is then presented and discussed.

As manticned sarlier, the significance tests for the ANOVAS were
conducted at the .05 level, but the Bonferroni procedure was used 30 as to
avoid capitalizing on chance. Since there were 12 ANOVAS overall, the
adjusted significance level for each ANOVA was .C04 (i.e. .05/12).

The procedure for the interpretation of the results of each of the
ANOVAS was the same throughout. Overall there wers several two way

interactions for the ANOVAS, but no higher order interactions. Where

b
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significant interactions werw present they were plotted and four t tests were
conducted to test for simple effects. The significance level for each of the
t tasts was set at .05 and was not adjusted for the possible increase in
familywise type I errcr. This decision is controversial and is based on two
reasons cited by Keppel (1991). TFirst, some form of control operates when we
restrict curselves to the further analyses of only significant effacts.
Second, type I errcors may readily be diszcovered as researchers attampt to
replicate significant and interesting findings. .

Bigh abarrance for Lz

The datection ratex for Lz for high aberrance are shown in Table 9.
Over the entire sample the maan detection rates for Lz were .458, .638, and
.707 for the .01, .05, and .10 false positive rates, respectively. The
datection rates varied considerably over combinations of conditions. At the
.01 false positive rate, detection rates ranged from .286 to .782, a spread
of .496. The range of the detection rates at the .05 and .10 false positive
rates was .459 and .420 respectively. Detection rates alio varied
conziderably over replicaticns. TFor example, the lowest standard daviation
of the datection rates at the .01 false positive rate was .073, which
occurred for a detection rate of .286. Thus, if detection rates were
normally distributed, for this example 32% of the replications would have had
detaction rates that wers below .213 or above .359.

The marginals in Table 9 reveal interesting differences in the
datection rates. The datection rates for high Diff were considerably higher
than for low Diff. The difference was .29, .27, and .24 at the .01, .05, and
.10 false poszitive rates, respectively. Similarly, the detection rates for
the 2PIM were considerably higher than for the 3PLM. The difference was .15,
.16, and .16 at the .01, .05, and .10 false positiva rates, respactively.
Hovaver, the difference for the datection rates for Disc were moderate and
for Sampsix they ware not very high. High Disc was more effective than low

Disc (a difference of .06, .04, and .02 at the .01, .05, and .10 false
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Table S

Mean and Standard Deviation of Detection Rates for High Aberrant Response Patterns

for Lz at Three False Positive Rates Over 50 Replications

CONDITION FALSE POSITIVE RATE
.01 .05 .10
Sampsirzr Variance Dise Model Mean sSD Mean sSD Mean SD
of DifL
1000 low low 2PIM .330 .089 .517 .088 .627 .083
1000 low low 3PIM .288 .083 .438 .088 .518 .086
1000 low high 2PIM .425 .081 .573 .086 .656 .080
1000 low high 3PLM 371 .Q78 .486 .072 .546 .069
1000 high low 2PLM .761 .104 .888 .066 .933 046
1000 high low 3PIM .492 129 .643 .123 .714  .115
1000 high high 2PLM L7740 .10 .892 .066 .936 .045%
1000 high high 3PLM .569 .140 .696 .121 .755 .,108
2500 low low 2P1IM .352 .081 .532 .091 .638 .084
2500 low low 3PLM .286 .073 .437 .076 .518 .074
2500 low high 2PLM .420 .08%8 .571 .08% .855 .083
2500 low high 3PLM .3855 .087 .469 ,082 .528 .080
2500 high low 2PLM .725 ,114 .865 .078 .916 .058
2500 high low 3PLM .497 .123 .642 197 .715 .0%8
2500 high high 2PLM .782 .1i11 .896 .070 .938 .048
2500 high high 3PIM .534 .128 .661 .120 .723  .112
Entire Sample .498 201 .638 .185 .707  .16%
MARGINALS
Sampsiz 1000 .50 .20 .64 .19 .71 .17
2500 .49 .20 .63 .17 .70 .18
variance low .35 .10 .50 .10 .59 .10
of Diff, high .64 .17 .17 .15 .83 .13
Disc. low .47 .20 .62 .19 .70 .17
high .53 .19 .66 .18 .72 .17
Model 2PIM ) .57 .22 .72 .19 .79 .16
3pPLM .42 .15 .56 .14 .63 .14
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positive rates, respectively) and low Sapsiz was more effective t.han'high
Sampsiz (a difference of .0l at all three false positive rates).

The results of the ANOVAS for Lx for high abearrance are prasanted in -
Table 10. The effacts for Diff and Model wvere significant in the presence of
a significcnt Diff x Modal interaction, for all three false positive rates.
The Diff x Modal interaction was ordinal and for all comparisons differences
ware found which supported the findings of main effects. The main effact for
Diff occurred bacause high Diff was more effective than low Diff. The main
effect for Modal occcurred because the 2PLM wazx more effective than the 3IPIM.
A comparison of the mean difference between the detection rates for the
combinations of variables showed that the combination of the 2PIM and high
Diff anhanced the detection of aberrance.

The Diff x Disc interaction was also significant, but only at the .01
false positive rate. For this false positive rate, the main effacts of Diff
and Disc were alsc significant. The Diff x Disc interaction was ordinal and
for all comparisona differences were found which supported the findings of
main effects. The main effect for Diff and Disc occurred because high Diff
vas more effective than low Diff and high Disc was more effective than low
Disc. A comparison of the mean difference betwesen the detection rates for
the combinations of variables showed that the combination of low Diff and
high Disc enhanced the detection of aberrance.

At the .05 and .10 false positive rates, the main effect of Disc was
also significant, with no interactions involving Disc. Again high Disc was
more effective than low Disc.

Low aberrance for Lz

The detaction rates for Lz, for low aberrance are shown in Table 11 .
The datecticn rates for low aberrance were .583, .676, and .730 for the .01,
.05, and .10 false positive rates, respactively. These detection ratas were
higher than for high aberrance. The difference was greatest at the .01 false
positive rate, 8%, and decreased to 4% at the .05 false positive zate and 2%

at the .10 false positive rate. As for high abarrance, the datection rates



Table 10

Summary of ANOVA Results for Lz High and Low Aberrance

df = (1,1424)

PROBABILITY FOR
HIGH ABERRANCE

PROBABILITY FOR
LOW ABERRANCE

SOURCE OF VARIATION

FALSE POSITIVE RATE

FALSE POSITIVE RATE

—ﬂ?f

.01 .05 .10 .01 .05 .10
Sample Size (Sampsiz) .172 117 .121 .673 .704 .580
Variance of Diff (Diff) .Qo0* .000* .0Q0D* .000* .000* .GoQ"
Discrimination (Disc) .000* .Q00* .00 . 000" .000" .000*
Model .Qoo* .000* .000* .00l . 004" .030
Sampsiz x Diff .209 .200 .283 .578 .981 .810
Sampsiz x Disc .422 .283 .194 .017 .035S .094
Sampsiz x Model .395 .228 .231 -904 .9%0 .315
‘ Diff x Disc .003* .079 776 -oco~* .015 .007
Diff x Model .000" .000" .000~" .620 .018 .01z
Disc x Model .473 .570 .648 .631 242 -280
Sampsiz x Diff x Disc .313 .481 .658 .534 .387 .529
Sampsiz x Uiff x Model .456 .692 .787 . 845 .B41 .96%
Sampsiz x Dise x Model .102 .117 .091 .014 .052 .084
Diff x Disc x Model .203 .183 .361 .038 .025 .149
Sampsiz x Disc x Disc x .027 .096 .175 .730 .487 .970
Model

*p < .004




Table

11

Mean and Standard Deviation of Detection Rates for Low Aberrant Response

Patterns for Lz at Three False Positive Rates Over 950 Replications

CONDITION FALSE POSITIVE RATE
.01 .05
Sampsiz Diff Disc Model Maan sD Maan 8D
1000 low low 2PIM .308 .087 .470 .083
1000 low low 3PIM .314  .106 .456 .101
1000 low high 2PIM .465 .083 .564 .103
1000 low high 3PIM .433 .078 .526 .088
1000 high low 2PLM .75 (112 -.820 .09%
1000 high low 3PLM .732 122 .812 .105
1000 high high 2P1LM .836 .0S8 .882 .098
1000 high high 3P1M -.815 ,112 .882 .108
2500 low low 2PLM .32 .o088 .482 .087
2500 low low 3P1LM .312 .102 .453 .0S85
2500 low high 2PLM .446 .080 .551 .07s
2500 low high 3PLM .432 .076 .524 .07S5
2500 high low 2PLM .787 .0%2 .B46 .083
2500 high low 3PLM .73 .1158 .813 .0%8
2500 high high 2PLM -811 .113 .850 .113
2500 high high  3PLM .819  .111 .879 .111
Entire Sample .583 .232 .676 .201
MARGINALS
Sampsiz 1000 .58 .23 .68 .20
2500 .58 .23 .67 .20
Variance low .38 .11 .50 .10
of Diff high .79 .12 .85 .11
Disc low .53 .21 .64 .19
high .63 .24 .71 .20
Model 2PIM .5% .23 .68 .19
3riM .57 .23 .67 .21

.10
Maan SD
.555% .076
534 .085
.649 .153
.604 .139
.B54 .091
.846 .0%6
.908 .093
.508 .104
.563 .082
.534 .089%
.625 .151
.612 .146
.867 .081
.B50 .0354
.874 .115
.906 .105
.730 .186
.73 .19
.73 .19
.58 .13
.88 .10
.70 .19
.76 .18
.74 .18
.72 .19
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varied considerably over combinations of conditions and the spread was alsc
similar toc the spread for high aberrance. At the .0l false positive rata,
datection rates ranged from .308 to .836, a spread of .528. The range of the
detection rates at the .05 and .10 false positive rates was .429 and .374
respectively. As for high aberrance detection rates varied considerably over
replications. IFor example, the lowest standard daviation of the detection
rates at the .01 false positive rate was .076, which occurred for a detection
rate of .432. Thus, if datsction rates wsere normally distributed, for this
example 32% of the replications would have had dataction ratas that were
below .356 or above .508.

The marginals irn Table 11 reveal interesting differences in the
datection rates. As for high ab'erram:c. the detection rates for high Diff
were considerably higher than for low Diff. The difference was .41, .35, and
.30 at the .01, .05, and .10 false positive rates, respectively. Howaver,
the differences were not as high for the other three independent variables.
The detection rates for the 2PLM were higher than for the 3FLM, but the
difference was only .02 .01, and .02 at the .01, .05, and .10 false positive
rates, respectively. As for high aberrance, high Disc was moderately more
effective than low Disc (a difference of .10, .07, and .06 at the .01, .05,
and .10 false positive rates, respactively). There was almost no d.ifforc.nc.
for the two lavals of Sampsixz at any of the three false positive rates.

The results of the ANOVAS for Lz for low aberrance are presentaed in
Table 10. At the .01 false positive rate the effects for Diff, Disc, and
Model were significant. The only interaction which was significant was for
Diff x Disc at the .01 false positive rate. The Diff x Disc interaction was
ordinal and for all comparisons, differences were found which supported the
findings of main effects. The interaction was significant because the
combination of low Diff and high Disc enhanced the detection of aberrancs.

As for high aberrance, the main effect for Diff occurred because high Diff

was more effective than low Diff: the main effect for Disc occurred because



Table 12

Mean and Standard Deviation of Detection Rates for High Aberrant Response Patterns

for ECIZ4 at Three False Positive Rates Over S0 Replications

CONDITION FALSE POSITIVE RATE
.01 .05 .10
Sampsiz Variance Disc Model | Mean sD Mean sSD Mean sD
off Diff
1000 low low 2PLM .422 .104 .653 .051 .765 .073
1000 low low 3rPLM .308 .0%6 .514 .101 .636 .092
1000 low high 2PLM .455 _.100 .651 .087 .744 .076
1000 low high 3PLM .345% .083 .552 .0%51 .675 .088
1000 high low 2PLM .768 .099 .506 .056 .548 .035
1000 high low 3PLM .375 .134 .603 .135 . 713 121
1000 high high 2PLM .728 .125 .885 .072 .937 .045
1000 high high 3PIM .424 .1s52 .635 .132 .744 .1l10
2500 low low 2PLM .437 .110 .664 .094 .769 076
2500 low low 3arLM .294 .08¢ .495 .0%0 .605 .08}
2500 low high 2PLM .457 .108 .649 .052 .746 .078
2500 low high 3PLM .317 .096 .504 .097 .61l6 .053
2500 high low 2PILM .732  .109% .886 .064 .936 .042
2500 high low 3PLM .362 .127 .581 .121 .695 ,105
2500 aigh high 2PLM .744  .120 .850 .072 .939 .045
2500 high high 3pLM .327 .141 .540 .142 .653 .13
Entire Sample 469 .201 .663 .173 .758 .144
MARGINALS
Sampsiz 1000 .48 .20 .68 .17 .77 .19
2500 .46 .20 .65 .18 .75 .15
Variance low .38 .12 .59 W12 .70 .10
of Diff. high .56 .23 .74 .18 .82 .15
Dise. low .46 .20 .66 .17 .76 .14
high .48 .20 .66 .17 .76 .14
Model 2PIM .58 .19 .17 .14 .85 .11
3pLM .34 .12 .55 .12 -67 .11
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high Disc wam more affective than low Disc. As for high aberrance, the main
effact for Model occurred becauss the 2PLM vas more affective than the 3PLNM.

At tha .05 false positive rate, the main effects of Diff, Disc, and
Model were significant and there were no interactions. Again, high Diff was
wore sffsctive than low Diff, high Disc was more effective than low Disc and
the 2PILM was more affective than the 3PLM.

At the .10 fazlse positive rate, there ware no interactions, but the
main effects of Diff and Disc were significant. As above, high Diff was more
effective than low Diff and high Disc was more effective that low Disc.

High aberrance for ECIZ4

The detection rates for ECIZ4 for high aberrance are presented in

Table 12. The overall detection rates for high aberrance were .469, .663,
and .758 for the .01, .05, and .10 false positive rates, respectively.
Compared to the detection rates cbtzined for Lz for high aberrance, these
detection rates were 3% lower at the .0l false positive rate, but 2% and 5%
higher at the .05 and .10 false positive rates, respectively. As for Lz for
high and lov aberrance, the detection rates varied considerably over
combinations of conditions. At the .0l falze positive rate, detaction rates
ranged from .297 to .768, a spread of .474. The range of the detection rates
at the .05 and .10 false positive rates was .411 and .330, respectively.
This spread in detection rates over the conditions was slightly lower than
the spread for high aberrance for Lz and slightly lower than the spread for
low abexrrance for Lzx. As for Lz, datection rates varied considerably over
replications. TFor example, the lowest standard deviation of the datection
rates at the .01 false positive rate was .083, which occcurred for a detection
rate of .349. Thus, if detection rates were noxmally distributed, for this
example, 32% of the replications would have had datection rates that were
below .266 or above .432.

The marginals in Table 12 show the same pattern of differences as for Lz
for high aberrance. The detection rates for high Diff ware considerably

higher than for low Diff and the detection rates for the 2FIM were
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considerably higher than for the 3PLM. The difference for the Diff condition
was .18, .15, and .12 at the .01, .05, and .10 false positive rates,
respectively. The difference for the Model variable was .25, .22, and .18 at
the .01, .05, =nd .10 false positive rates, respactively. However, chere wvas
very littla differsnce for the datection rates for Disc and Sampsix. High
Disc was more effective than low Disc (a difference of .02, .00, and .00 at
the .01, .05, and .10 false positive rates, respectively) and low Sampsiz was
more effactive than high Sampaiz (a difference of .02, .03, and .02 at the
.01, .05, and .10 false positive rates, respectively).

The Tesults of the ANOVAS were the sama for all three false positive
rates (ses Table 13). Sampsiz, Diff, and Model were aignificant in the
prasence of Sampsiz x Model and Diff x Model interactions.

The analyses of the interactions for simple effects revealed conzistent
results for the three false positive rates. As for Lz for high aberrance, the
Diff x Mcdel interaction was ordinal and for all comparisons, differences ware
found which supported the findings of main effects. The interaction of Diff x
Model was significant because the combination of the 2PLM and high Diff
anbanced the detection of aberrance. Again, the main effects for Modsl and
Diff occurred bacause the 2PIM was more sffective than the 3PLM and high Difg
produced bettar detection rates than low Diff.

The post - hoc analysis of the Sampsiz x Model interaction showed that
lov Sampsiz was more effective than high Sampsiz for the 3PLM only.

Low alberrance for ECIZ4

The detaction rates for ECIZ4 for low aberrance are presented in Table
14. The overall detection rates were .625, .741, and .830 for the .01, .05,
and .10 false positive rates, respectively. These detection rates wvers higher
than those obtained for Lz for low aberrance { 4%, 4%, and 10% higher at the
.01, .05, and .10 false pozitive rates, respectively}. As occurred for Lz,
for the entire sazple the detection rates for low aberrance were higher than

the detection rates for high abarrancs. The difference was greatast at the



Table 13

Summary of ANOVA Rasults for ECIZ4 for High and Low Abarrance

df = (1,1424)

r —
PROBABILITY FOR FROBABILITY FOR
HIGH ABERRANCE LOW ABERRANCE
SQURCE OF VARIATION FALSE POSITIVE RATE FALSE POSITIVE RATE
.01 .05 -10 .01 .05 .10
f
H Sarmple Size (Sampsix) 001w . 000" .000w 473 .738 .104
Variance of Diff (Diff) .000* .000* .000* . 000" . Q00 .000*
Discrimination (Disc) .032 .852 . 658 .000w . 007 .096
Model . 000w .000T . 000w . 000 -000* .Q00r
"
Sampsiz x Diff .033 .065 .279 .878 .633 .140
Sampsiz x Disc .17% .027 .010 .076 .033 .576
Sampsiz x Model 001w .000* .0oQ0w .571 .387 .376
i Diff x Disc .006 .214 .596 .030 .011 .469
I Diff x Mcdal .000* .000* .000* . Qo0 .000* .000+
Disc x Modal -276 .066 .018 . 000" .059% .000>
Sampsiz x Diff x Disc . 962 .790 .491 .446 .168 .534
Sampsiz x Diff x Model .570 .446 .309 .298% .311 .332
Sampsiz x Disc x Model .009 .009 .011 .662 .431 .354
I Diff x Disc x Model .507 .221 .012 .022 .115 .179
Saompsiz x Disc x Disc x .010 .041 .106 .850 .577 .950
Model
— ——

*p < .004



Table 14

Mean and Standard Deviation of Detection Rates for Low Aberrant Response Patterns
for ECIZ4d at Three False Fositive Rates Over JU Replications

CONDITION FALSE PO3ITIVE RATE
.01 .05 .10
Sampsiz Variance Diszsc. Model Nean sD Mean sD Maan 3D
of Diff.
1000 low low 2PLM .449 .087 .625 .l106 .799 .150
1000 low low 3PIM .406 .100 .558 .088 .640 .100
1000 low high 2PIM .505 .080 .62 .118 .826 .179
1000 low high 3PIM .438 .073 .539 .067 .601 .103
1000 high low 2PLM .851 .115 .972 .039% .98% .021
1000 high low 3PIM .684 .127 .820 .108 .877 .103
1000 high high 2PIM .943 .o082 .995 .00s% .998 ,004
1000 high high 3PLM .708 .117 .799 .100 .864 106
2500 low low 2PLM .465 .093 .642 .119 .B01 .147
2500 low low 3PLM .425 .085 .580 .074 .674 .100
2500 low high 2PIM .488 .071 .594 .109 .83% .181
2500 low high 3PLM .437 .071 .542 .065 .626 .134
2500 high low 2PLM .B66 .08S .876 .029 .991 ,012
2500 high low 3r1LM .685 .121 .811 .0%1 .901 .079
2500 high high 2PLNM .945 .083 .990 .034 .998 .004
2500 high high 3PLM .702 ,129 .795 .14 .852 .109
Entire Sample .625 .214 .741 .188 .830 171
MARGINALS
Sarpsizx 1000 .62 .21 .74 .19 .83 .17
2500 .63 .21 .74 .19 .84 .17
Variance low .45 .09 .59 .10 .73 .17
of Diff. high .80 .15 .89 .12 .54 .09
Disc. low .60 .21 .75 .18 .84 .16
high .65 .22 .73 .20 .83 .18
Modal 2PINM .69 .23 .80 .20 .91 .15
3PLM .56 .17 .68 .15 .76 .16
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.01 false positive rate, 16%, 8% at the .05 false positive rate, and 7% at the
.10 false positive rate. Again, the datection rates varied considerably over
combinations of conditions. At the .0l false positive rate, detection rates
ranged from .406 to .$45, a 3pread of .539. The spread of the detection rates
at the .05 and .10 false positive rates was .456 and .397, respectively. This
spread was similar to the spreads cbserved for Lz and for ECIZ for high
aberrance. As for previous cbservations, detection rates varied considerably
over replications. For example, the lowest standard deviation of the
detection rates at the .01 false positive rate was .071, which occcurred for
two detection rates (.437 and .488).

The marginals in Table 14 show the same pattern of differences as for Lz
for low aberrance. The detection rates for high Diff were considarably higher
than for low Diff. The difference was .35, .30, and .31 at the .01, .05, and
.10 false positive rates, respectively. The differences for the other three
independent variables were not very high. The detection rates for the 2PLM
were higher than for the 3PLM, but the differences were not hish as for high
aberranca. The difference was .07, .12, and .15 at the .01, .05, and .10
false positive rates, respectively. There ware almest no differences for
Sampsiz and the differences for Disc were small. High Disc was more sffective
than low Disc (a difference of .05, .02, and .01 at the .01, .05, and .10
false positive rates, respectively).

The results of the ANOVAS for ECIZ4 for low aberrance are summarized in
Table 13. At the .01 false positive rate, significant effects were found for
Diff, Disc, and Model in the presence of Diff x Model and Disc x Modal
interactions. The Diff x Model interaction was ordinal and for all
comparisons, differences were found which supported the findings of main
effacts. The intaraction of Diff x Model was significant because the
combination of the 2PLM and high Diff enhanced the detection of aberrance. The
analysis of the ordinal interaction of Disc x Modal for simple effects showed
that high Disc was more effective than low Disc, but only for the 3PIM. As

had been found in the pravious analyses, the main effects for Model and Diff
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occurred because the 2PLM was more effective than the 3PIM and high Difrf
produced bettar datection rates than low Diff,

At the .05 false positive rate, the effacts for Diff and Model were
significant in the presence of an ordinal Diff x Model interaction. As for
the .01 false positive rate, the combination of the 2PLM and high Diff
produced anhanced detecticon rates. The significant main effects for Model and
Diff were present because the 2PLM was more effective than the 3PLM, while
high Diff was m:. effective than low Diff.

At the .10 false positive rate, the effacts for Diff and Model were
significant in the presence of Diff x Model and Dizc x M-l interactions.
The Diff x Model interaction was ordinal. The 2PLM was more effective than
the 3PILM, while high Diff was more affective than low Diff. At this falsze
positive rate the combination of the 2PIM and low Diff enhanced detection.
The Disc x Modal intearaction was alsoc ordinal, but & simple main effect was
found for Disc. Low Disc was more effective, but only for the 3PLM.
Discussion

The overall detection rates were quite high. The detection rates for
low aberrance by Lz wers 58%, 68%, and 73% for the .01, .05, and .10 false
positive rates, respectively. The corresponding detection rates for low
aberrance for ECIZ4 were 63%, 74%, and 83%. For high aberrance the detection
xrates by Lx were 50%, 64%, and 71% for the .01, .05, and .10 false positive
rates, respactively. Tha corresponding ratas for high abarrance for ECIZ4
were 47%, 66%, and 76%.

It is difficult tc compare detection rates in this study with those in
other studies because of differencesz in the test conditions and methodology
used. Longer tests have been found to produce better detection rates than
shorter tests and higher levels of aberrance have besn found te result in
better datection rates than lover levels. The technique used to generate
aberrance can alsc infiuence the detection rates. For a given percentage of
aberrance, the Rudner technique should result in higher detsction rates than

the lLavine technique. This is because for a given percentage of aberrance a
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greatar number of responses are changed with the Rudner technique. A number
of studies have shown that detection rates improve as the ability levels
become more extreme (Drasgow, Levine, & McLaughlin, 1987; Drasgow, Levine,
Williams, McLaughlin, & Candell, 1987: Gafni, 1987; Noonan, 1585). In this
study high aberrance was gensrated for response vectors in the -3.00 to 0
ability range, while low aberrance was generated for response vectors in the 0
to 3.00 ability range. Within these ranges, a uniform distribution of ability
was used.

In the present study, a 60 item ta3t was used and 16.6% aberrance was
generated using the Rudner technique. The ability range used %o generate
aberrant responses was moderately extreme and within that range a uniform
distribution of ability was used. In as much as it i= possible to judge, the
datection rates obtained in this study correspond to what might be expected
given the results of previous research. For exarple, for Lz, Drasgow, Lavine,
and Mclaughlin (1987) cbtained detection rates of 87% for low aberrance
generated from response vectors in the 53rd or higher parcentile of ability on
the B85 itam SAT-V test. The Levine technique was used to generate aberrance
and the 3PLM was used. This result was for 15% aberrance at the .05 false
positive rate the detection. For the current study, the detection rate of low
aberrance for Lz was 67% for the 3PLM at the .05 false positive rate for
responss vectors genarated in the S50ieth or higher percentile.

Drasgow, Levine, McLaughlin, and Candell (1587) used the Lavine
technique to generate 17% aberrance on a 30 item test. For high aberrancas
generated from response vectors in the 0 the Sth percentiles, the detection
rate for Lz using the 3PLM, was 33% at the .05 false positive rate. TFor low
abarrance generated in the 93rd to $Sth yrﬁndlos, the dateaction rate was
518. The corresponding detection rates for Lz for the current study were 67%
and 56%, rcspccuvcly.;'

Noonan (1989), using the Rudner technique, generated 15% spuriously
high and 158 spuricusly low aberrance from response vectors in a normal

ability range. A 40 item and an 8C item test were used and the results vere
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reported ovar the two tests. For the 3PLM, the detectiocn rate at the .05 false
positive rate was 22% for the high aberrance and 36% for the spuriously low
sample.

For both indices, for high and low aberrance, detection rates varied
considerably over replications. The variability over replications was greater
for low abarrance than for high aberrance, but this could be expected since
the detection rates for low aberrance were higher. The standard daviation of
+he mean dataction rates for the 16 combination was consistently lower for
ECIZ4 than for Lz. A comparison of the stability of the detection rates within
combinations of conditions showed that the two indices had about equal
stability over replications for low aberrance. For low aberrance, for the 16
combinations of conditions at the three false positive rates, the standard
daviation of the mean detection rates for Lz was less than the standarxd
daviation for ECIZ4 for 48% of the cases. However, for high aberrance, Lz
tended tc ba mcre stable over replicationa. For the 16 combinations of
conditions, the standard deviation for Lz was smaller than the standard
daviation for ECIZ4 for 77% of the cases.

The variability of appropriateness indices over replications has never
been examined in other research. In almost all simulation research on the
detection rates of appropriateness indices no replications were Derformed.

The results of this study showved that detection rates can vary considarably
over raplications. Therefore, to avoid chance results it would be prudent for
future researchers to replicate their cenditjions.

For both indices, datection rates also varied considerably, and about
equally, over different combinations of conditions for both high and low
abarrance. The range was approximately .50, .45, and .40 at the .01, .05, and
.10 false positive rates, respectively. This is as a result of the effects of
the independant variables on datecticn rates which is discuazzed below.

Results of this study indicate that ECIZ4 generally had detection rates
that were the same or hetter than Lz, but the differencs for the overall

sample was not great. The advantage to ECIZ4 increased az the false positive
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rate increased. TFor low aberrance the difference ranged from 5% to 10%. TFor
high aberrancs the differsnce ranged from -3% to S5%.

While the performance of Lx and ICIZ4{ have bean compared in a nuxbar of
studies, Noonan (1989) was the only ona to nota any systematic difference in
the parformance of the two indices. Noonan examined the performance of the
two indices at the .01, .05, .10, and .25 false positive rates and noted that
Lz produced higher rates of detection for lower false positive rates and lower
levels of aberrance, while ECIZ4 produced higher ratas of detection for higher
false positive rates and higher levels of aberrance. Noconan concludad that
the differesnce in the detection rates was not large.

The results support Noonan's finding that ECIZ{ produced higher levels
of datection than Lz for higher false positive rates. The performance of Lz
relative to ECIZ4 improved at lower false positive rates and fox high
aberrance at the .01 false positive rate Lz outperformed ECI24 (the
difference was 3%). These results are congruent with Noonan's if one
concludes that Lz improves relative to ECIZ{ asz conditions make it more
difficult to detect aberrance. It is more difficult to detect aberrance for
lowar false positive rates. It is also more difficult to detect aberrance for
shorter tasts and for lower lavels of aberrance. In Roonan's research a 40
and 80 item test were used with three levels of aberrance. A review of
Noonan's data revealed a tendancy for the relative performanca of Lz to
improve for the shorter tast and lowar lavels of aberranca.

Over the antire sample, detaction rates were higher for low aberzance
than for high aberrance. The differences in detection rates for high and low
aberrance are shown in Table 15 for the two indices. Over the entire sample
the difference ranged from 2% to 8% for Lz and from 7% to 16% for ECIZ4. The
difference was highest for high Diff and for the 3PLM. This is reflected in
the differances over conditions. The greatest differences, favoring low
aberrance, occurred for the conditions having high Diff and the 3PLNM.

Pravious studies in which comparisons were made for the detection ratas

of high and low aberrance have not given consistent results. EHowevar, in



Table 15

Difference Beatwean Detecticon Rates for Low and High Aberrance for Lz and ECIZ4 at

Three False Fositive Rates
m
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CONDITION

Sampsiz Diff Disc Modal

— =

1000 low low 2PLM
1000 low low 3PLM
1000 low high 2PIM
1000 low high 3PIM
1000 high low 2P1LM
1000 high low 3PLM
1000 high high 2PLM
1000 high high 3rLM

2500 low low 2PLN

1000

Sanpsiz
2500
low

high
low

high
2PIM

3P1M

Lx

.01 .05

.0l

.01

LCIZ4

.05 .1¢

(0.022) (0.047)
0.025 0.018
0.040 (0.009)
0.062 0.040
(0.010) {0.068)
0.240 0.169
0.062 (0.010)
0.246 0.186

(0.023) (0.050)
0.026 0.016
0.026 {0.020)
0.077 0.055
0.062 (0.019)
0.242 0.171
0.02% (0.046)

0.385 0.218
0.085 0.038
0.080 0.040
0.050 0.040
0.030 0.000
0.150 0.080
0.060 0.020
0.100 0.050

0.020 {0.040)
0.150 0.110

(0.072)
0.016
(0.007)
0.058
(0.088)
0.132
(0.028)
0.153

{0.075)
0.016
(0.030}
0.084
(0.045%)
0.135
{0.064)
0.183
0.023

0.020
0.030
(0.010)
0.050
0.000
0.040
(0.950)
0.090

—

0.027
0.058
0.050
0.089
0.083
0.30%
0.215

0.284

0.028
0.131
0.031
0.120
0.134
0.323
0.201
0.375
0.156

0.140
0.170
0.070
0.240
0.140
0.170
0.100
0.220

(0.028) 0.034
0.044 0.004
(0.03C) 0.082
(0.013) (0.074)
0.066 0.041
0.207 0.164
0.110 0.061

0.160 0.120

(0.022) 0.032
0.085 0.065
(0.055) 0.083
0.038 0.010
0.050 0.055
0.230 0.206
0.100 0.059
0.255 0.159
0.078 0.072

0.060 0.060
0.0%0 0.090
0.000 0.030
0.150 0.120
0.090 0.080
0.070 0.070
0.030 0.060
0.130 0.0%0
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these studies different item characteristics and ability ranges were used fox
generating the response vectors. The reason that low abarrance was bhettar
datectad in this study may in part have resulted because there iz less arror
in the high scores. A departure from the expectad response is more notable
because little guessing occurs for high ability lavels. Howaver, it appears
that the item characteristics may play an important, and perhaps complex, role
in determining the effectiveness of the indices for high and low aberrancs.

Table 16 presants a summary of the above ANOVA results for the effects
of the indapendent variables on datection rates. The main effects for the
indepandent variables are shown at the top of the table. A "B" indicates the
condition that produced better d;ttoction rates. When there is no entry (e.qg.,
for Sampsiz) it means that there was no significant effect. The next listing
in the table is for simple main effects. The last listing is for
enhancements. “EN" indicates which combination of conditions produced
anhanced detaction rates.

Table 16 reveals a number of consistent results. High Diff was more
affective than low Diff for both indices, for beth high and low abarxrance.
This implies that for both indices and for both types of abarrance, the
broader the range in the difficulty parameter for the items in a test, the
higher the dataction rate of aberrance.

The effect of the Diff variable on detection rates had been expected. In
the only other research examining the effect of Diff on datection rates the
same effect had been found, though a different mathodology for generating
aberrance had basn used (Reise & Due, 1990). TWith a broadsr rangsa in the
difficulty parameter of the itams there is more precision in estimating
ability at the extremes of ability. Also, the further the item's difficulty
from the examinee's ability level the more information about aberrance
providad when it is respondad to aberrantly. As iten difficulties approach
the axaminee's ability level, the response probabilities approach .50 and
abarrant responses are difficult to distinguish from normal ones. For both

indices and both types of aberrance, the effact of Diff on datection rates was



Table 16

Summary of IEffacts of Four Independant Variables at Three False Positive Rates

Lx ECIZ4
LOW BEIGH Low
ABERRANCE ABERRANCE ABERRANCE
.02 .05 .10 .01 .05 .10 .01 .05 .10
B B B B B B B B B

I for B for B for
3PLM 3PLM 3PIM

B for
3PLM
B for
3rLM
N
EN EN EN EN ER
N

—

B = Battar Detection Rate IN = Enhanced Detection Rate



14

greater than for any other indapencdent variable. Logically, the magnitude of
this effect is dependant on the choice of the values for the Diff variable.
The high conditjon represented a variance of the b parameter ranging from -2.5
to 2.5, uniformly distributed and lov Diff repreasented a variance ranging for
«1.% to 1.5. The high range was similar to the range recommendaed for a
general achievement test by Hacbleton and Swaminathan (1985). The contrasting
low range would be repressntative of some computarized adaptive tasts.

The 2PLM was more effective than the 3PLM for both indices for both high
and low abarrance. It appears that the 2PLNM is generally more effective than
the 3PILM. It was somewhat surprising that the 2PIM was more effective than
the 3PIM. Even though Noonan (1985) had cbtained the same result, he had
studied the effectiveneszs of the indices for the 2PLM using data for which neo
guessing had been introduced. In this study the data were generated to fit
the 3PLM which includes a guessing parameter. Thus the 3PLM could be sxpeacted
to f£fit the data better than the 2PIM.

One possible reason that the 2PIM was more effective than the 3PIM i=x
that for the 2PLM all unexpectad responses, whether naturally occurring or as
a result of the simulation, were considered aberrant. For the 3PIM, a c
parameter which accounts for random guessing iz estimated. The magnitude of
the effect for the Modal variable was quite consziderable for high aberrance
for both indices, but it was almost negligible for Lz for low abarranca and
vary low for ECIZ4 for low abarranca (even though detection rates were higher
for low abarrance). It may be that when used with the 2PLM, ECIZ4 is better
than Lz at detecting random responses. Tables 4 and 5 show that there is
little difference in the cutoff values for Lz for the twe lavels of the Modal
variable, while for ECIZ4 the cutoff values of the 2PLM are higher than for
the 3PLX. For the 2PLM any responses that are not expected are treatad as
guessing (i.e. as aberrance) and this may cause the rise in the cutoff values
for ECIZ4. TYor high aberrance, whera both indices produced better detaction
rates, the increase in datection rates were higher for ECIZ4, even though the

cuteff values for ECIZ4 were higher for the 2PILM than for the 3PIM (Tables $
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and 12). Tor low abarrance, where the response vectors of simulees of
relatively high ability were chosen for modification, there iz little guessing
and the ¢ parameter of most items is likely to have played little role. This
may be the reason that the 2PLM did not have a large impact on detection rates
for the low aberranca.

A mecond possible reason that the 2PIM was more effective than the 3PLNM,
is that the 2PIM may be giving more accurate results, esven though the
assumption of no guessing was vioclated. Accurate estimation of item
parameters requires larger nunbers of examinees for the 3PLM than it doas for
the 2PLM. For the 3PLM, item parameters may not be very accurately estimated
{particularly the ¢ parameter) even with a sample size of 2500.

If the reascn that the 3PLM was less effective is because the item
paranaters wers not estimated accurately encugh, there are three conceivablae
ways of improving the perxformance of the indices when using the 3PLM. One way
iz to increase the sample size used to estimate the item parameters. A sacond
way iz to increase the number of items in the test. Eulin, et al. (1982)
found that in obtaining accurata estimates of item parameters a tradeoff
occurred batwean test length and sarple size. A third way is to use an
alternative proceadure that might be more accurate than LOGIST for estimating
the examinee ability and item parametars. However, for conditicns that
resanble those used in this atudy, it appears that the 2PILM would be better
for high aberrance and although it would not have much effect for low
aberrance, the 2PIM would still ba more effactive.

In general, Sampsiz had little effect on datection rates. The 3PLM
raquires higher Sampsiz than the 2PIM to obtain accurate parameter estimates.
If more accurate parametar estimates lead to bettar detection, the combination
of high Sampsiz and the 3PLM should enhance detection rates. =

It is not very clear why Sampsiz had no effect on detection rates. In
the only other research to examine the effect of Sampsiz on detaction rates,
Drasgow (1982) also found no effect. Drasgow suggested that the paramatar

estimates may be less accurate for lowexr Sampsix, but since the paramaters are
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not affected consistantly, they may be randomly less accurata. The errors
cancel thamselves out and thus have little effect on the effectiveness of
appropriateness indices. If the parametar eatimates were randomly less
accurate for lowaer Sampsiz, the variance of the dataction rates over
replications would be higher. However, there was little difference in the
standard deviations of the detection rates over rsplications for the two
lavels of Sampsiz. More research is necessarcy to provide an adequate
axplanation for this result.

For Lz, high Disc was more effective than low Disc for both high and low
abarrance, but not for ECIZ4. This suggests that for Lz the higher the
discrimination parameter for the items in a test, the higher the detection
rate of aberrance. This difference is difficult to explain, but it may be
caused by the different formulation of the twe indices. ECIZ4 reflects the
axtent to which an examinee's response vector relates to a theoretical person
response curve at a fixed level of theta, while Lz iz related to the rasponses
of the antire saxple.

While the effect of the level of Disc (the a item parameters within the
tast) was aignificant for Lz, the magnitude of the difference in detection
ratas produced by Disc was only moderate. EHambleton & Swaminathan (1585) have
recommended item discrimination parameters for a general achievement tast in
the range of .40 to 1.50. In this study the item parameters ranged from .8 to
1.4 for high Disc and from .5 to 1.1 for low Disc. These two levels of Disc
have a mean differanca of .3. It appears that with this magnituds of
diffarence in Disc there was socme practical differencs in the detection rates
produced by Lz, but none wasz svidenced for ECIZ4. It is posaible that a
greater difference in Disc would have produced higher differsnces in the
magnitude of the dataction rates.

The ANOVA results alsc showed that the ccxzbination of the 2PLM and high
Diff produced anhanced detaction rates for high aberrance for both indicaes.
As noted above, for both indices, the 2PLM was more effective than the 3PIM

and high Diff was more affective than low Diff. These results imply that for



101
either indax, for high aberrance the combined use of the 2PIM with a test that
has a broad range of iteam difficulty paramsters enhances the datection of
abearcance.

One possible explanation for this interaction is that high Diff
increases the nunbar of very easy or very difficult itams in the test so that,
on the whole, the c parameter is less well estimated. The accurate astimation
of the c parameter requires a large number of similees with abillity levels
that are similar to the difficulty levels of the items. However, in this
study there ware relatively few simulees at the extrames of ability because a
standard normal distribution had been used to generate examinee ability. This
explanation is consistent with the result which showed that the combination of
the 2PLM and high Piff did not enhance detection rates for low aberrance. The
low aberrance was simulated for examinees with relatively high abilities,
while the high wberrance was similated for examinees with relatively low
abilities. Examinees with high ability are less likely to guess, therefore

the ¢ parameter plays less of a rele for these examinees.

Detection Rates using Cutoff

Values from the Standard Normal Distribution

Detaction rates for the 16 combinations of Diff, Disc, Modal, and
Sampsiz were calculatad for both indices for high and low aberrance, using
cutoff values from the non-aberrant sample and using cutoff values from the
standard normal distribution. The differsnces between the detection rates
using each of the two cutoff values wers then calculated.

Yor high abarrance, the absolute difference batwean datection rates
using cutoff values from the non-aberrant sample and from a standard normal
distribution are shown in Table 17 for both indices. For Lz, over the 16
combinations of the independant variables, at the .01, .05, and .10 falsze =
positive rates respectively, the maximum difference was 6%, 7%, and 7% and

the mean absolute difference over combinations was 3%, 2%, and 2%.



102

Table 17

Absolute Difference Between Detection Rates using Cuteff Values from the Nonaberrant
Sample and a Standard Normal Distribution for High Aberrance at Three False Positive
Rates

H CONDITION Lz ECIZA4

Sampsiz Diff Disc Model .C1 .05 .10 .01_ .05 .10
1000 low low 2PLM | 0.041 0.066  0.071 0.040 0.026  0.017
1000 low low  3PLM | 0.009 ©0.025  0.027 0.01$ 0.013  0.009
1000 low Thigh 2PuM | 0.014 0.030  0.035 0.028 0.008 0.00S
2000 low Thigh 3PLM | 0.008 0.008  0.013 0.007 0.005 0.006
1000 high low  2PIM | 0.032 0.004 0.001 0.035 0.010 0.004
l 1000 high 1low  3piM | 0.032 o©.008 0.001 0.032  0.008  0.003
1000 high high 2PIM | 0.058 0.026  0.004 0.062 0.016 0.004
1000 high high 3PLM | 0.035 0.011  0.003 0.020 0.003  0.008
2500 low low  2PLM | 0.046 0.065  0.069 0.022  0.010  0.005
2500 low low  3PLM | 0.017 0.032  0.034 0.004 0.006 0.007
2500 low thigh 2PIM | 0,019 0.035  0.043 0.013  0.002 0.004
2500 low high 3PLM | 0.002 0.012  0.016 0.008 0.021 ©0.024
2500 high low  2PIM | 0.631 0.002  0.003 0.036 0.008  0.002
2500 high low  3PLM ; 0.029 0.006  0.002 0.027 ©0.003  0.009
2500 high high 2PLM | 0.054 0.013  0.002 0.047 0.011  0.002
2500 high high 3PLM | ©0.034 0.010  0.001 0.016 ©0.009 0.016
Mean absolute difference 0.029 0.022 0.020 0.026 0.010 0.008
0.01 0.0 0.02 0.03 0.00 0.00

0.01 0.01 0.02 0.02 0.00 0.01

0.01 0.03 0.04 0.02 0.00 0.01

0.04 0.01 0.00 0.03 0.01 0.00

0.00  0.02 0.03 0.03 0.01 0.00

0.02  0.01 0.01 0.02 0.00 0.01

0.01  0.02 0.03 0.04 0.01 0.00

0.02  0.01 0.00 0.02 0.00 0.01
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Overall the differences were lower for ECIZ4 for high aberrance. Over
the 16 combinatiors of the independant variables, at the the .01, .05, and .10
false positive ratas respactively, the maxipmm difference was €%, 3%, and 2%
and the mean absolute difference was 3%, 1%, and 1%,

Fsr low aberrance, the absolute difference between detection rates using
cutoff values from the non-azberrant sample and from a standard normal
distribution are shown in Table 18 for both indices. For Lz, over the 16
combinations of the independent variables, at the the .01, .05, and .10 false
positive rates respectively, the maximum difference was 4%, 6%, and 6% and
the mean absolute difference was 2%, 2%, and 2%.

Az for high aberrance, the differences for ECIZ4 tended to be lower than
the differences for Lz. Over the 16 combinations of the indepandent
variables, at the the .01, .05, and .10 false positive rates respectively, the
maximim difference was 5%, 2%, and 4% and the mean absolute difference was 2%,
1%, and 1%.

Discussion

In the first section of this chapter the cutoff values cbtained by the
simulation of a non-aberrant sample were found to be significantly different
from those of the standard normal distribution. These differences had been
postulated by Molenaar and Heijtink (1990) and Smith (1$82). However, the
question of whether these differences would have any practical significanca on
detacticn ratas for aberrant response patterns has never besen researched,

The results cof this study show that the use of cuteff values from a
standard normal distribution versus the use of cutoff values cbtained by the .
simulation of a non-aberrant sample does not produce a very great difference
in detection rates for either index. However, the differences are slightly
greater for Lz than for ECIZ4. In the part of this chapter dealing with
cutoff values it was observed that the cutoff values that were set using a
similation of non-abexrant response vectors varied considarably over

replications and conditions. Howavar, it was also cbzerved that the
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Table 18

Absolute Difference Betwean Datection Rates using Cuteff Values from the Nonaberrant
Sample and a Standard Normal Distribution for Low Aberrance at Three False FPositive
Rates

i S —
CONDITION Lz ECIZ4&
Sampsix Diff Disc Model .01 .05 .10 .01 .05 .10
| - It
1000 low low 2PIM | 0.040 0.056 ©.055 0.027 0.021 0.038
1000 low  low 3pLx | 0.007 0.023 0.028 0.016 0.008 0.007
1000 low high 2PIM | 0.010 0.019 0.033 0.015 0.004 0.004
1000 low high 3PIM | 0.005 0.009 0.022 0.004 0.003  0.017
1000 high low 2pIM | 0.017 0.002 0.001 0.045 0.005 0.001
1000 high low 3PLM | 0.027 0.006 c.001 0.01% 0.003 0.017
1000 high high 2PIM | 0.023 0.012 0.001 0.023 0.001 ©0.000
1000 high high 3PIM | 0.027 0.006 0.000 0.009 0.001 0.004
2500 low low 2PIM | 0.042 0.0S5 0.053 0.014 0.010 0.011
2500 low low 3PIM | 0.028 0.031 0.036 0.004 0.004 0.010
B 2500 1ow high 2PIM | 0.016 0.038 0.03S 0.007 ©0.001 0.009
2500 low high 3PIM | 0.002 0.009 0.030 0.004 0.010 0.042
2500 Thigh low 2pM | 0.013 0.001 c.002 0.033 0.004 0.001
2500 thigh low 3pIM | 0.006 0.003 0.003 0.011 0.005 0.018
2500 high high 2PLM | 0.018 0.008 0.003 ¢.022 0.006 0.00%
2500 high high 3PIM | 0.015 0.001 0.001 0.008 0.002 0.024
Msan absolute difference | 0.017 0.017 0.019 0.016 0.006 0.013
—]
MARGINALS
Sampsiz 1000 0.01 0.01 0.02 0.02 0.00 0.00
2500 0.00 0.01 0.02 0.01 0.00 0.02
Diff low 0.02 0.03 0.03 0.01 0.00 0.01
high 0.01 0.00 0.00 0.02 0.00 0.01
Dise low ' 0.00 0.02 0.02 0.03 0.00 0.00
high 0.01 0.01 0.01 0.01 0.00 0.02
Model 2PLM 0.00 c.o1 0.03 0.02 0.01 0.00
3PLNM 0.01 0.01 0.01 0.01 0.00 0.02
= e
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daviations in cutoff values over conditions is not likely to have a great
affect on datection rates. Also, in practice most researchexrs are likely to
do only one replication and use the cutoff value. Under these circumstances,
the normal curve cutoff values would almost always fall within one standard
daviation of any single obtained value (see Tables 4 and 5). It appears,
therefore, that there may be less chance of error if the standard normal

distribution were used to set cutoff values.

Summazry

In this chapter mean cutoff values at the .01, .05, and .10 false
positive rates for Lz and ECIZ4 were examined. In addition, the affecta of
the Diff, Model, Sampsiz, and Disc independent variables on detection rates
and the effects of assuming a standard normal distribution for satting cutoff
values were investigated.

The mean cutoff values for Lz wers unstable over conditions and
replications. In general the instability would not have had a great impact on
detection rates. The cutoff values were significantly dilferent from those of
a standard normal distribution, but the t - tests used for the analysis had a
very large sample size so that very small differences resulted in statistical
significance. Each of the four independent variables had an effect on the
cutoff values for Lz; certain of these effects were complex and difficult to
charactarize.

The overall datection rates for Lz were quite high, but they were better
for low aberrance than for high aberrance. Tha detection rates were affected
by Diff, Model, and Disc, but not by Sampsiz. High Diff resulted in better
datection rates than low Diff and the magnitude of the difference was quite
large. The 2PILM produced significantly better datection rates than the 3PLM.
However, while the magnitude of the difference was quite large for high
abarrance it was not very great for low aberrance. Bigh Disc produced

significantly better detaction rates than low Disc, but the magnitude of the
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difference was not very large. The combination of the 2PILM and high Diff
enhanced detection rates for high aberrance.

The detesction rates cbtained by using a non—aberrant sanple for satting
cutoff values wera comparsd to those cbtained by assuming a standard noxmal
distribution. Little difference was found in thease detection rates.

As for Lz, the mean cutoff values for ECIZ4 were unstable over
conditions and replications. EHowever, they ware more stable than for Lx and,
irn general, the instability would not have a great impact on dataction rates.
Over the entire sample the cutoff values for ECIZ4 were significantly
different from those of a standard normal distribution at the .01l and .05
false positive rates, but not at the .10 false positive rate. However, the t
« tests used for the analysis had a very large sample 3ize asc that very zmall
difference resulted in statistical significance. As for Lz, each of the four
independent variables had an effect on the cutoff values for ECIZ4; thesea
affects wvere cozmplex and difficult to characterize and they were differeant
that the effects for Lz.

The overall detection rates for ECIZ4 were generally higher than for Lz.
For only one condition, high aberrance at the .01 false positive rate, was Lz
more effective than ECIZ4. As for Lz, detection rates for ECIZ4 were battarx
for low aberrance than for high abarrance.

For ECIZ4, the Diff and Model variables had the same effects on the
datection rates as for Lz; as for Lz, Sampsiz had no effect on datection
rates. Bowever, while for Lz high Disc produced better deatection rates than
low Disc, there were no significant effects for ECIZ4. As for Lz, the
combination of the 2PLM and high Diff enhanced detection ratasz for high
abarrance.

There was not a large difference in detection rates cbtained by assuming
a standard normal distribution for setting cutoff values compared to the
detection rates cbtained by using a non-aberrant sarple to set cutoff values,

The difference was less for ECIZ4 than for Lz.



CHAPTER VI

CONCLUSIONS

In this chapter general conclusions based on the research are discussed,
limitations of the research are preszented and suggestions for future research
are nade.

Most of the simulation research on appropriateness indices has not
invelved any replications. The first conclusion reached from thisz research is
the advisability of replicating conditions to aveid chance results. The
research showed that cutoff values and detection rates can vary considerably
over replications.

The sacond conclusion is that based on the present avidence, if a choice
of one index must he made for practical applications, the ECIZ4 should be
used. There are a nunber ¢f reasons for this conclusion. The cutoff values
for ECIZ4 were more stable over replications than for Lz. If a practitioner
wishes to generate a sample of non—-aberrant response vectors for setting
cutoff scores, more stable raszults would he obtained with ECXZ4 for a given
number of replications. Or, if the practitioner wishes to use cutoff values
from a standard normal distribution, the difference in detection rates between
those that would be cbtained from setting cutoff values by generating a sample
of non-abarrant response vectors would be less for ECIZ4 than it would be for
Lz. Finally, ECIZ4 generally had higher detection rates than Lz (although
within combinations of conditions, detection rates were slightly more variable
cver replications for ECIZ{).

The third conclusion iz that there iz not a great difforonco in
detection rates for Lz and ECIZ4 when cutoff scores from a standard normal
distribution are used versus those szet by simulation and for practical
applications it may be best to use the standard normal distribution. This
conclusion iz based on the results of the study which produced only small

differsances in the detaction rates for the two methods of setting cutoff
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values. In additien, previous research has shown that Lz and ECIZ4 both
followaed a standard normal distribution quite closaly. As mantiocned above the
difference is less for ECIZ4 than for Lz.

The fourth conclusion is that the greater the variance of the b
parameter of the test itens, the higher the datection rate. This conclusion
was suggested by the research of Raise and Due (1891}, but the methodology
used was different from that of the present study and only the Lz index was
used. In the present study, the variance of the b parameter affected
detection rates for both indices and for high and low aberrance. A strong
rationale exists for this conclusion.

In addition to the above conclusions the follewing are tentative
conclusions that have limited gensralizability because of the limitations of
the study:

The Fifth conelusion iz that the appropriataness indices arve likely to
be more useful for detecting low aberrance than for high aberrance. In
general low abarrance was better detected than high aberrance, although there
ware scme combinations of conditions for which high aberrance was bettar
detected.

The sixth conclusion is that the use of sample sizes of 1000 versus
sample sizes of 2500 for the estimation of itam parametars has no effect on
datection rates for the Lz and ECIZ4 indices. This conclusion is based on the
reasults of the ANOVAS which produced no significant main effect or
interactions for this factor. It is noted that significant effects might have
_been produced with smaller sample sizes.

The saeventh conclusion is that for both indices the 2PIM is more
effective than the 3PIM for the detaction of both high and low aberrance.

This conclusion is based on the results of the ANGOVAS which generally
indicated that the 2PLM was significantly more effective than the 3PIM at the
.01, .05, and .10 false positive rates. However, it is noted that the

magnitude of the effect was quite low for low aberrance.
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The eighth conclusion is that the combination of the 2PILN and high
variance of the b parameatar enhances deatection rates producing an ordinal
interaction of high aberrance for both indices. This conclusion is based on
the results of the ANOVAS which weres zignificant at all three false positive
Tates.

The ninth conclusion is that higher item discrimination parameters in a
text produce higher detection rates for Lz, but not for ECIZ4. This conclusion
iz based on the results of the ANOVAS which were significant at all three
false positive rates. Eowaver, it is noted that the magnitude of the effect

wvas quite low.

Limitations of the Study

The generalizability of the results of this study are subject to a
punber of limitations. First, it must be recognized that the simulation did
not fully represent all of the conditions that would be present in a real
setting. In particular, the fit of the model to the data was not examined.

In addiziszn,the item p.rameters were computer generated from specific ranges
and may not represent those of & real test. Second, conly one tast length was
used and only one level of aberrance. Third, all the levels of the
indapendant variables were dichotomous. For scos of the variables, such as
sazmple size, a systamatic relationship may exist for detection rates which
might have been apparent if more levels were used. In particular, it would
have been useful to have included a sample size below 1000 (perhaps in the 400
to S00 range). In a real test situation researchers may be required teo
"choose their poison" - a misfitting model (i.e., the one or two paramster
model) with reascnable parametar estimates and a better fitting model with
relatively poor parameter estimates. TFourth, the study was limited to the 2FL
and 3PL models. Results with the 1PL might have revealed scmne systematic
results and have aided interpretation.
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Suggestions for Future Research

The cozplex design of this study, invelving four fully crossed factors,
increases the generalizabilty of the results. However, as pointed out by
Cohen and Cochen ({1583), complex designs, such as this, often lead to results
that are difficulz to interpret. It is suggested that a number of quastions
be examined for a fuller understanding of their causes and to permit greater
generalizability.

Low aberrance was better detected than high aberrance. This result was
most likely caused because little guessing occurs for high ability levels and
thus a departure from expected values is more notable than it is for high
aberrance. Huwever, it appears that the itam characteristics may play an
important role in determining the effectivenass of the indices for high and
low abarrance and the effect of these charactaristics should be explored more
fully.

Sample size had no effect on detection rates and it has been suggested
that while the parameter estimates may be less accurate for lower sample size,
the parameters are not affected consistently so that errors in the paramster
astimates cancel themaylves out and have little effect on the effectiveness of
the indices. However, thers was some evidence in this study that these
paramater estimates were not randomly less accurate. More extansive research
is necessary to clarify this issue. In particular, it would ba useful to
examine this issue using smaller sample sizes than were used in this study.

The 2PILM was more effective than the 3FIM. One possible reascn that the
2PIM was more affective than the 3PLM is that for the 2PLM all unexpected
responses, whather naturally occurring or as a result of the simulation, were
conaldered aberrant. It appears that ECIZ4 was better at detecting this
random aberrance than Lz. To help verify this ratiocnale, it would be
interssting to compare the two indices when the abarrance was not random.
Another reason that the 2PIM was more effective than the 3PIM may be that the
item parameters were not astimated accurately with the 3PIM. The estimation
of the itam paramstars for the 3PLM may be improved by increasing the sample
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size used to estimate itam pararetersz, increasing the number of test itaems,
and/or using a different procedure for estimating examinee ability and item
parametars. Since in some practical applications it may be desirable to use
the 3PIM, the effects of these variables on the datection rates of the indices
should be examined.

The coxbination of the 2PIM and high range in the distribution for the b
parameter enhanced detection rates for high aberrance, but not for low
aberrance. In this study, only half of the ability range was used and it is
possible that this result may partly have been caused by the range of ability
used to generate aberrant responses. Low aberrance may not have been affected
as much because similees with high ability are less likely to guess, therefore
the ¢ parameter plays lesa of a role for these c.:n.minus.

Additiconal suggestions for research follow from the limitations of
this atudy. It is suggested that scme of the questions posed in thiz atudy be
axamined using real data. To permit greater generalizability, it would alsc
ba useful to axamine the affects of the indepandent variables that were used
in this study with different test lengths and for differant levels of
abarrance. To permit clear trends to appear, it would be useful to examine
the effects of some of the independent variables, suck as sample size and
Disc, using a number of lavels. In addition, it would be interesting to atudy
the sffect of the indapendent variables when using the 1PLM.

Finally, it is noted that no researcher has systematically studied the
extent to which Lz and ECIZ4{ detect the same aberrant response vectors and how
differsnt conditions affact this detecticn. This ressarch is suggested for a
fullexr understanding of how the indices perform and under which circumstances
each is likely to be mozt effective. In addition, no ressarcher has exanined
the relationship of test information to the perxformance of the indices undar
different conditions. Test information would assist in the interpretation of
the results. TFor example, the test information function cculd help provida a
clearer understanding of the reasons for the effectiveness of the indicas

under differsnt conditions of the independent variables.
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