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I. The Problem

1. Importance of Response
Aberrance Detection

Over the years, many studies have been
conducted to investigate aberrant response
patterns  of  examinees(e.g., Thurstone &
Chave, 1929; Mosier, 1940; Glaser, 1949, 1952;
Wright, 1977, Wright & Stone, 1979
Drasgow, 1982; Levine & Drasgow, 1982;
Drasgow & Levine, 1986; Tatsuoka &
Tatsuoka, 1982a; Tatsuoka & Linn, 1983;
Tatsuoka, 1984; Wright & Masters, 1982;
Smith, 1982, 1985, 1991b, 1994a). Aberrant
responses are inconsistent responses, or
responses that do not fit the overall pattern
of an examinees responses. Recently, Meijer
(1996), in a special issue of "Applied Measure—
ment in Education”, explored a number of
issues concerning person—fit response analysis.
Relatively less attention has been directed to
aberrance associated with items constituting a
test.

One of the reasons for the enthusiasm for
investigating aberrant response patterns is
the realization that an examinees total test
score often fails to provide a meaningful

measure of his or her ability level(Sato,

1975). For instance, examinee behaviors such
as guessing, carelessness and plodding(see
Wright, 1977, p.110-112; Wright & Stone,
1979, p.170-190; Smith, 1985, 1991b, p.146-
149)can cause aberrant response patterns.
These behaviors are reflected in the total
score, thus making it difficult to infer an
examinees ability level. Similar aberrance, as
noted here with respect to persons, can occur
with items. Just as person-related aberrant
responses can affect the estimation of person
through  the total test
affect  the

ability score,

item-related  aberrance can
estimation of item difficulty.
To deal with this problem, persons or
items that have aberrant response patterns
should be detected and treated separately to
get better person or item parameter
estimates. One remedy following detection of
aberrance is the separation and removal from
the total sample, or total test, the specific
that are found to be

aberrant. Lee and Suen(1994) discussed a

persons or items

theoretical justification for the removal of
subjects in item calibration.
Another

response patterns is that this can provide

reason for detecting aberrant
diagnostic information about examinees, such

as test anxiety, cultural bias(van der Flier,
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1977, 1982}, group differences with regard to
sex or race(Donlon & Rindler, 1979; Harnisch
& Linn, 1981b), misconceptions with respect
to subject matter, or sporadic study habits
{Blixt & Dincro, 1930}, Item related diag
nostic information can also be uscful in cxam
development. van der Flier(1982, p.267) indi
cated that various factors can influence the
test  scores  of  different  groups,  such  as
clarity of test construction, familiarity with
specific test  tasks  motivation/interest, and
reaction to time pressure. Drasgow, Levine,
and  McLaughlin(1987}

institutional

deseribed S0Ome

aituations  calling  for  the

deteetion of Inappropriate test scores:

"In academic admissions lesting, spuriously high
seores can lead to the enrollment of ungualified
graduate,  and

individuals in  undergraduate,

professional programs. cause a more deserving
student to be denied adnussion. . . In emplovinent
Lesting. terminating  unsuceessful employees s
difficult and can be very expensive if contested in
the courts. Individuals whoe (@il w complele a
vocational  training

management — or program

conducled by an  organizalionfeg., a  mililary

training school) may cost the organization many

<Table 1>

thousands of dollars”(p.b49-60).

Smith(1983) recommended a

response analysis as cost effective as follows:

berson

"l is possible o perform a person analysis for less
than 10 cents per person. This is a small price to
pay to Insure that the score reported accurately

reflecls the examinees true ability”(p.24).

Harnisch and Linn(1981a)provide additional
support for Smith's recommendalion:
"Indices measuring  the  degree  to which  the
response pattern for an individoal is unusual could
be used i a variety of ways., They could identily
individuals for whom the standard mter  pretation
ol the test score is misleading, or identily  groups
with atypical instructional  and/or  cxperiental
historics that alter the relative difficulty ordering of
the items. In addition, the items that contribute
most to high values on an index  [or particular
subgroups could be identificd and judgments made
regarding  the appropriateness of the item content

[or those subgroups”(10.133).

Dichotomous Response Datterns to a 10 Item Test Item

Lxaminee 1 2 3 4 Bl G 7 3] o] 10 Diugnosis
1 I 1 1 0 1 0 1 0 0 0 Usual response pattom
2 1 1 1 0 0 0 0 1 0 1 Gnessing
3 8] ¢ 1 1 1 8] 1 1 9] 0 Starl upy/carelessness
4 Q 0 0 9] 0 1 1 1 1 1 Miscoding
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Identifying and diagnosing aborrant
response  patterns can provide  valuable
information for understanding  individual or

subgroup performance on tests; and can lead

te

better  testing practices or  to the

improvement of the instructional process; for

example,

by  improving items or by

identifving students in nced of special help or

with cxceptional creativity.

A

2. What are the Aberrant
Response Patterns ?

response  pallern  thal  has  low

probabilily, given an IRT model, is classified

as
laking a

ilems  correctly

aberranl. I is assumed thal examinees

lest  will generally answer easy

more frequently, and hard

items correctly less frequently. Any siluation

which contradicis this pallern interferes wilth

a  valid Inlerprelalion  cencerning  the
examinees abilily, Consider ihe response
<Table

patterns to a 10 item test below{sece <Table
1>).

In the response patterns shown in <Table
1>, items are ordered from casiest(Item# 1)
to hardest(ltem# 10) and all of the examinces
have a total scorc of o, Examince 1 shows
the usual response pattern in which he/she
answered casy items correctly and hard items
incorrectly. Examinee 2 showed that he/she
answered hard itemstItemt 8 and Item# 10)
correctly even though he/she failed medium
difficulty

hard items arc highly improbable and suggest

items. These correct answers  for
possible guessing. In contrast to Examince 2,
Examince 3 answered casiest items{Item# 1
and Ttem# 2) incorrectly. One might conclude
that this Examince 1s unfamiliar with the test
format or is carcless. The response pattern of
unusual  because

Examince 1 is  extremely

he/she failed all the casy items and passed

all the hard items. With  this  response
pattern, once might investigate the answer
2>

Measurement Disturbances associated with the Person(Smith, 1982, p.127)

1,

Starlup—Lest anxicly., Unexpecled incorrecl responses al the beginming of the test which will resull in

an under estimate of the persons ability.

incorrect the persons ability will he under-estimated.

. Pledding/Excessive Cautiousness. Unexpected omitted responses at the end of test. If scored as

. Copying from another person. This will resull in groups of unexpected resulls throughoul lhe lest

unless the entire test 1s copied. Usually this will result in oan over estimate of the persons ability.

persons ability will be under-estimated.

. lllness. If the onset of the illness occurs during the test and impairs the persons ability to perform the

. External Distractions. External distractions, e.g., mowing the lawn outside the window, can cause a

person W perform below his ability on a sub-scclion ol the test. This will resull inoan

under estimation of the persons ability.

. Guessing to complete test/Random Guessing. This behavior will result in both unexpected correct

and incorrect responses. Usually it will result in an over—estimate of the persons ability.

. Disinterest/Boredom. General disinterest in the entire test or sections of the test will often result in

unexpecled incorreel responses, resulting woan under-cstimate of the persons ability.

. Fatigue. Long tests can olten introduce a fatigue factor which causes wunexpected incorrect responses

late in the test often resulting in an under—estimate of the persons ability.
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sheet to check if the items are miscoded. It
18 casy to note that the total score of 5
cases  docs  not

in these  four represent

adeqguately  the  performance  of  these

CXAMINCCes.

3. Types of Person(ltem)
Aberrant Response Patterns

The detection of aborrant responsce patterns

is  considered an  important  issue  in the
measurcment  process because such  aberrant
response patterns may produce an inaccurate
estimate of  the  persons true  ability.
Smith(1982, p.127 128} identified two tvpes of
measurcment disturbances. The first type of
measurement

disturbances,  presented  in

<Table 2>, is associated with the person.

The second type of measurcment
disturbances, involving the interaction

between  items listed in
<Table 3>.

As shown in <Tablc 1>, thc process of

and peorsons, 13

ordering items from casiest to hardest and
investigating how cach cxaminee responced

to  the items, provides insights into  the

person fit problem.  The  simple  cxamples

shown in <Table 1>

necessary  to o study not only what score an

suggest  that it Is

CXAMINee but also how hefshe

achicves the score, and why he/she produces
a deviant score pattern. In practice, howcever,
it is difficult to find many of the aberrant
which arc described in
Meijer(1996)

provided  the

responsce  patterns
<Tahle 2> and <Tablc 3>.
the difficulty  and

following rcasons:

explained

”

{a) due o Llhe probabilistic nalure of the
procedure underlying Lhe ilem response because
ilem score pallerns may nol convincingly reflecl
the underlying aberrant behavior, and (b) because
gaberrant behavior may only play a role with a
small number of ilems from ithe lesl. In addition,
evern if a paillern s stalistically idenlified  as
aberrant, lhe researcher cannol always be sure of
the kind of aberrance underlying lesi performance
because different forms of aberrant behavior may
resull in the same kind of ilem score pallern”

(p.7).

With this in mind, it can casily be inferred
that the best porsen fit statistic may  not
aberrant

exist  to  cxplain cach  type of

<Tahle 3>

Measurement Disturbances involving the Interaction between llems and Persons{Smith, 1982, p.128)

1. Guessing when the correct answer is not known This usually occurs on items that are very

difficull for the person and resulls in an over—estimale of the persons abilily,
2. Sloppiness/Excessive Carelessness. This usually occurs on items that are very easy for the person

and results in an under-estimate of the persons ability.
3. Item Content/Person Interaction. This usually occurs when one of the skills or topics included on the

Lest 18 over-learned or under—learned. This may result inoan over— or under-csiimate of the persons

ahility.

4, Item Type/Person [nteracltion. This usually occurs when one of the item formats differentially favors

a person. It mayv result inoan over or under  estimate of the persong ability.

&1

. Item Bias/Person Interaction. This usually occurs when a subset of items differentially favors an

ethnic group, age group, sex, curriculum, or cognitive style. This may result in an over or under

estimate of the persons ability.
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response pattern. Nonetheless, it should be
noted that the basic idea of indicating person
fit comes from identifying both invalid test
scores and specific types of aberrant response

patterns.

II. Review of Fit Indices

Various indices for analyzing aberrant
response patterns have emerged and been
developed(van der Flier, 1977, Sato, 1975;
Harnisch & Linn, 1981a; Donlon & Fisher,
1968; Tatsuoka & Tatsuokaa, 1982a,1982h;
Kane & Brennan, 1980; Wright & Panchapa-
kesan, 1969; Levine & Rubin, 1979; Tatsuoka
& Linn, 1983).

There are two major types of indices. The
first group of indices is based on observed
patterns of responses(for a brief review, see
Harnisch & Linn, 1981la, p.134-139; Meijer &
Sijtsma, 1995, p.266-267). These
include Sato’s Caution Index(1975), van
U Index(1977),

Norm Conformity

indices

Tatsuoka and
Index(1982),

Donlon and Fisher's Personal Biserial(1968),

der Flier's
Tatsuoka’s
Kane and Brennan's  Agreement and
Disagreement/Dependability Index(1980), Har—
nisch and Linn's Modified Caution Index
(1981a), and the D'Costa’s B and W indices
(1993). Typically, the frame of reference for
detecting/judging aberrance is the examinees
group. Hence, these indices can be referred to
as group—based indices.

An advantage of Sato’s(1975) or D’Costa’s
(1993) approach is that it is easy to interpret
the results and use them in situations such
as small classroom settings. Therefore, these
indices are meaningful to classroom teachers.
Teachers understand that a difficult item

answered correctly is surprising and worthy

of caution. Also, an easy item that is missed
provides reason for concern and is worthy of
caution. One disadvantage concerning these
indices is that the distributional properties of
these indices are not known. Thus, it may
establish

critical values to classify aberrant response

not be appropriate to absolute

patterns. For example, although a value
higher than 0.5(Sato, 1975), or 0.3(Harnisch &
Linn, 198la), was suggested as a cut-off
value for aberrance for the Sato Caution
Index, no rationale has been provided for
1993). Also,
since the distribution of these indices is not

these critical values(D’Costa,
known, it is impossible to apply a statistical
test to determine if an index value deviates
significantly from its expected value.

The second group of indices includes those
based on Item Response Theory(IRT). They
have been called 'fit statistics’ by Wright
and Panchapakesan(1969), 'appropriateness index’
by Levine and Rubin(1979), and 'Extended

Caution Indices(ECIs)’ by Tatsuoka and
Linn(1983). These indices measure the
goodness of fit between an individual
response pattern and the IRT stochastic

model. Real data can never fit the IRT model
exactly because of the strict assumptions
imposed by IRT, or because of real life
measurement disturbances(e.g., unidimensio-
nality, local independence, guessing, test
anxiety etc.). Therefore, IRT-based indices
are based on probability. Response patterns
with a low probability in the context of the
IRT model are classified as aberrant.
Rudner(1983) compared the aberrance
detection rates of nine indices(point biserial
correlation, biserial correlation, norm confor-
mity index, modified caution index, weighted
Rasch-model fit

mean-square, unweighted
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model—fit

3-parameter model-fit mean-square, weighted

Rasch mean-square, unweighted

3-parameter-model fit mean-square, and
likelihood index using 3-parameter model). He
reported that indices based on IRT models
showed better detection of aberrant response
patterns than other types of indices.

This study will IRT-based

indices because of the advantages of IRT

focus on

over classical test analysis procedures(see
Wright & Stone, 1979; Andrich, 1988; Baker,
1992, p.114-170; Hambleton, Swaminathan &
Rogers, 1991, Wilson, 1994; Suen, 1990, p.
83-129). The next section presents research
literature in which the three IRT-based fit
indices approaches are examined or reviewed.
Emphasis was placed on reviews of research
and empirical studies utilizing the three
IRT-based fit indices approaches in terms of
their sensitivity for detecting person/item

aberrances.

1. Residual-Based Approaches

The basic idea of

approaches to person or item fit indices

residual-based

comes from the concept of departure from
expectation. In IRT models, the probability of
a correct response can be described as the
ability and the
difficulty of an item, which indicates an

interaction of a persons

expected response. Given an  expected

response, it is possible to compare an
observed response with an expected response.

The difference between the observed and
the expected response will produce a residual,
These

residuals can be squared and summed over

or departure from  expectation.

items or people and used as the basis for

evaluating person—fit or item-fit in the model.

Wright(1979) reports the unweighted and
weighted total fit index. The formula for the
unweighted total mean square, MS(UT), is

given as

1 2
: Z[Pij(l' Py)l

n
i=1

(Uij - Py )2
MSUT) = L

where Uj; is the observed response of person
j to item i, P is the probability of correct

response, and n is the number of items.

Mathematical derivations concerning mean
and standard deviation of MS(UT) can be
found in Smith(1982, p.55-58). This fit index
can be standardized to an approximate unit
normal(0,1) by a cube root transformation,

which is given by the following formula:

1
UW: = (MSs - 1)(3/9 + (S3)
where S is the standard deviation of MS

given above.

This index is referred to as the stan-
dardized OUTFIT statistic in the BIGSTEPS
(Linacre and Wright, 1993) manual. This fit
index 1s sensitive to outliers. For example,
unexpected incorrect responses by high ability
persons to easy items, or unexpected correct
responses by low ability persons to hard
items, will produce larger index values than
expected. Therefore, a weighted total fit
index was developed to lessen the effect of
outliers. The weighted total mean square,
MS(WT), is expressed as

zn:vw i(UirPij )

MSWT) = .
2w

- 104 -



A literature review of detecting aberrant response patterns by using IRT-b

i(uij' Pi )2
S

where Uj; is the observed response of person
j to item i, Py is the probability of correct
response, n is the number of items, and wy =
Py (1 - Py).

This index is also standardized with a
cube-root transformation to approximate the
unit normal (0,1) distribution. The weighted
standardized residual-based index is referred
to as INFIT statistic in the BIGSTEPS
(Linacre and Wright, 1993)
weighted total-fit index is less affected by

manual. The

unusual response patterns by persons with
ability far from the difficulty level of the
item.

Smith et al.(1994c),
OUTFIT expected values have been shown

According to

to be closer to the expected value of 0.0 than

INFIT expected values. However, there have

been some criticisms of these statistics.
Smith(1991b) summarizes these criticisms

as follows:

"First, the observed response and the expected
response are not independent since the observed
response 1s used in estimating both the item and
person estimates to get the expected response.
Second, the observed response for dichotomous
items 1is a discrete variable while the expected

response is continuous one”{(p.153-155).

In order to apply asymptotic theory to the
residual-based approach, first, the expected
score and the observed score must be
independent; and second, they must both be

continuous  variables(Smith, 1988, p.659;

Smith, 1991a, p.b47-548). In residual-based
approaches, however, the asymptotic theory
might not be appropriate for dichotomous
items. According to Divgi(1986, p.293) who
claim that the use of the normal approxi-
mation to a binomial distribution in this
produce misleading results.
Therefore, some authors(Anderson, 1973;
Gustafsson, 1980; van den Wollenberg, 1982)

maintain that the likelihood ratio chi-square,

situation  will

rather than the Pearson chi-square, should be
used, since the true distributional properties
of residual-based IRT approaches are not
known.

At this point, however, Smith(1990, p.79)
argues that all applications of chi-square are
approximations since real data never fit any
ideal model. Smith and Hedges(1982) have
compared the likelihood ratio chi-square
(Anderson, 1973; Gustafsson, 1980; van den
1982)
tests of fit in the case of the Rasch model.
They found that the Pearson and likelihood
chi-square fit statistics are highly correlated,
almost 0.99. MacKinly and Mills(1985), on the
hand,
approaches and concluded that the likelihood

Wollenberg, and Pearson chi—square

other compared four chi—square
ratio chi-square fit statistics(Bishop et al,
1975) produced the least erroneous rejection
of the null hypothesis than the other chi-
square procedures(Bock, 1972; Yen, 1981;
Wright & Mead, 1977), when the data fit the
Rasch Reise(1990) reports  that
although the likelihood ratio chi—square
test(Levin & Rubin, 1979; Drasgow et al,
1985) is closer to the normal distribution than
1972), the chi-

square test is more sensitive to misfit under

model.

the chi-square test(Bock,

the three-parameter logistic model.

Waller(1981) suggests that in small sample
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sizes, the likelihood chi square tests would
perform  better than the Pearson chi square
tests.

Despite the  problems concerning  the
residual based approach{Smith, 1991b, p.lo3
155, Wright and Stone{1979) state that the
standardized residual is distributed more or
less normally with a mean of about (0 and a
variance of about 1.

Smith(1986, 1988, 1991)conducted a simu
lation study to investigate the distributional
propertics of the standardized residuals and
the sensitivity of the standardized residual to
In his
study, he found that, when the data fit the

deteet  aberrant  responsce  patterns.
Rasch model the standardized residuals are
approximately normally  distributed, and that
Type T crror rates can be used to identify
aborrant  response  patterns. Based on his
simulation study, Smith (1990) argucd that:

"

even  though  these  statislics  are  nol

lrue chi—squares. Studies of the distribulional
properlies of WP(Wrght-FPanchapakesan)slalislics
show thal the lails of iheir distnbulions are
regular enough Lo idenlify outliers relighbly. There
is no practical reason o use anylhing more

complicaled” (p.79).

Kogut(1988)
distribution of the between subtests  person
fit index{denoted BF)in which BF can be
defined as a multiplication of Smith’s(1985)
UB(Unweighted Between  fit)
constant:BF={] 1)UB.
algebraically  that BEF  is  asvmptotically
in  both which the
persons ability 1s known or is estimated by
the ML(Maximum Likclihood) method from

his or her response pattern.

investigated  the  asymyptotic

index by a
Kogut proves

chi sqguarc cases  in

Rogers and Hattie{1987) argued that the
person  fit indices derived from the Rasch
model {the mcan square residual, total and
between t statistics) are inadequate measurcs
of fit, and showed that these porson  fit
indices  lack  scensitivity to  detect  aberrant
response  patterns  from  the Rasch  model
Molenaar and Hoijtink(1990), howcever, indi
cated that
# il is nol recommended 0 use person fit
indices for lests of less than 15 or 20 ilems,
because in very shorl lesls  the probabililies
syslemalic

fluctuations will dominale the

informalion about the fit"(P.78),

Reise and Due(1991) also state that with
short tests, foewer than 20 items, it is hard to
find better  detection  for unusual  response
patterns. Hence, Rogers and Hattic's results
{1987) should be considered  tentative  since
they only used 1o items to investigate the
sensitivity of peorson fit indices.

Smith et @l(1995) conducted a simulation
study to investigate the cffect of sample size
on both these item fit mean squarcs, MS(UT)
and MS{WT)}, and the t transformations of
those mean squares. They found, for the
item fit mean squares, that both unweighted
and  woeighted fit  mean squares  did  not
perform well. In their  study, for the
unweighted mean  square to get a Type 1
corror rate of {04, a critical value of 1.3 would
be needed with 160 persons, 1.2 with 50O
persons, and 1.1 with 1000 persons. For the
welghted mean  squares, the Type 1 error
ratelic., the probability of misclassification of
a person as aberrant) in the null situationfic.,
no aberrant persons) would approximate 0.000

if a eritical value of 1.2 wore to be uscd.
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This is similar to the findings reported in
Smith et al.(1994c¢), in which they observed
for the INFIT

statistic, would yield a Type I error rate of

that a *2 critical value,
approximately 0.015. This implies that too
many aberrant persons will remain unde—
tected. In conclusion, these results show that
the critical value for the fit-mean square is
sensitive to both the type of mean square
and the sample size. Furthermore, the mean
squares are more sensitive to sample size
than the t-transformation, although a critical
value for the t-transformation(also see Smith
et al., 1994c) also produces different Type I
error rate for the two types of indices(e.g.,
unweighted vs. weighted), sample size(eg.,
150, 500, and 1000), and test lengths(e.g., 20
vs. 50).

As a consequence, the use of the mean
square as the critical value to indicate
aberrant responses implies that no aberrant
persons will be classified as aberrant or vice
versa.

Smith(1991a) observed that with different
test-lengths both the

weighted fit indices appear to be distributed

unweighted  and
approximately normal as the test items
increase. These fit indices increase negatively
as the sample size increases. The differences,
however, appear to be due to sampling
variation. Furthermore, he conducted studies
of the sensitivity of the unweighted and
weighted fit indices in which he created three
kinds of aberrant response patterns: random
guessing, start-up problems, and differential
item familiarity(item bias). For the guessing
and start-up problems, the unweighted fit
index seems to be more sensitive than the
weighted fit index. For the item bias, both

indices appear to be deficient in detecting

those items.
Smith(1991)
combination of the two fit indices to detect

Therefore, recommends a
various types of measurement disturbances.
Smith(1988)
concerning the effect of test lengths and
Rasch

residuals. The wvalues for the standardized

reported  similar  findings

sample size on the standardized
residuals appear to be independent of the
number of items, persons, and the dispersions

of the item difficulties.

2. Likelihood—Based Approach

The next index is based on a likelihood
function. To describe likelihood function in
terms of the item response function, consider

the probability
P(uil6)=pP"Q ¥
where Qi =1 - Pi.

Then, the joint probability of responses can

be expressed as

n

P(UsU2 Uzl 18) = T PV Q7Y

i=1

The logarithm of the likelihood function is
given by

Based on the

possible to compute the logarithm of the

above expression it 1is
likelihood function at the maximizing value of
0, which is given by
Le) = Y {u Inp(o)]+ (1-u;) [InQ ()] }
i=1

where Ui i1s the dichotomous item response,

P. () is the probability of a correct response
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given 0, Q (0) = 1- P (8), and n is the

number of items.

Suppose that an examinee with high ability
responds to relatively easy items incorrectly,
or an examinee with low ability responds to
several difficult items correctly. Then, the
likelihood of that response pattern will be
small, which will produce a small value for
L(6), indicating an aberrant response pattern.
Thus, a high value for L(€) indicates good
fit, whereas a low value for L(0) indicates
poor fit.

Rubin(1979)

"appropriateness’ index to measure how well

Levin and defined an
a response pattern fits the model. Drasgow et
al.(1987) have also advocated the use of the
appropriateness index, noting that:

", . The Neyman-Pearson Lemma asserts that
maximum power is achieved by a likelihood ratio
test. More specifically, let LN(x) and LA(x) denote
the likelihoods of the data x under the null and
alternative  hypotheses, respectively. Then the
Neyman-Pearson Lemma states that of all tests
with a Type I error rate of @ , none is more
powerful than a test obtained from the likelihood

ratio LA(x) / LN(x)"(p.61).

Drasgow et al.{1985), however, observed
that mean L(O) rises as ability increases,
which means that the distribution of L(8) is

Therefore, they
likelihood

dependent on ability 0.

proposed a standardized index,

denoted as Lz
L(6)-E[ L) ]
D [ L(o) ]

L: =

where

E[l L(6 ) ] is the expected value of L(6 ),
and SD[ L(6 ) ] is the standard deviation of
L(6 ).

The expected value of 1L(8 ) is given by
ELIo) = 3 { P(@)inp(0)]+ Q(o)ina ()] }

and the variance is

viLie) = 3 p(6)a(@) In [ (o) 1 Qo) ¥

Mathematical proofs of these formulas can
be found in Drasgow et al.(1985). From the
above definition, the standardized likelihood
to be distributed

approximately unit normal, and is independent

index Lz is expected
of ability level.

Besides, from L, it is possible to identify
two types of aberrant response patterns,
inconsistent and hyper consistent response
patterns(Reise &Due, 1991, p.219). That is, it
is interesting to note that negative values of
Lz will indicate response patterns that are
unlikely, given the IRT model and the ability
of Lz will

that are more

estimate; and positive values
indicate response patterns
consistent than the IRT model expected
around the mean O(Reise, 1990, p.129).

Drasgow et al.(1987)stressed two criteria,
standardization and relative power, to
evaluate the appropriateness index. In their
words:

”

. standardization . . . It refers to the extent to
which the conditional distribution (given particular

values of the latent trait)of an index are invariant

across levels of the latent trait
well-standardized indices . . . high rates of
detection of aberrant response patterns . . . the
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second consequence of the independence of ability
and measured appropriateness for a
well-standardized index is that it is easy to use in
practice because index scores for individuals with
different standings on the latent trait can be
. Given a

compared directly . . . relative power . .

particular rate of misclassification of normal
response patterns as aberrant(Type I error rate ) .

If a well-standardized index has acceptable
power, then it can be used in operational settings”
(p.60-61).

The above paragraphs, if we have a
well-standardized index, suggest that Type I
error rate can be used to identify examinee
response patterns as aberrant or nonaberrant.

Several studies have been conducted to
investigate the distributional properties of
appropriateness indices and their sensitivity
to detect aberrant response patterns(see
Drasgow, 1982; Levine & Drasgow, 1982;
Drasgow et al, 1984, Drasgow & Levine,
1986; Rudner, 1983; McKinley & Mills, 1985;
Reise, 1990; Reise & Due, 1991). Drasgow et
al.(1984) indicate that the distribution of the
standardized appropriateness index, denoted
Lz, 1s «close to the standard normal
distribution at all ability levels. Furthermore,
al(1987)  show that the

standardized appropriateness index has a high

Drasgow et

rate of detection for aberrant response
patterns with low or high ability levels.

and Tatsuoka's
although the Lz

the normal

In contrast, Harnisch
data(1983)

index follows

suggest that,
distribution, it
appears to be related to the total score.
Reise(1990) reports that the Lz index appears
to have a weak relationship with both ability
and item difficulty levels. This finding implies

that, because of the independence of the Lz

index and ability distribution, the Lz index
with different total
ability

individuals
different
compared directly. Rudner(1983), in a Monte

value for

score(or levels) can be
Carlo study, also reports that the likelihood
statistic, L,, appears to be performing well in
identifying individuals with aberrant response
patterns.

Although the standardized likelihood index
has been utilized widely with the 3-parameter
model, this index can be used in any of the
logistic, normal ogive, or other parametric
models(Drasgow & Levine, 1986, p.60).
Further, Lz can also be used to study
item—fit indices(Reise, 1990, p.129).

Reise and Due(1991) examined the effects
of test length on the detection of aberrant
standardized

response patterns with the

likelihood index Lz based on the 3-parameter

IRT model. They found that hit rates
(identifying  aberrant response  patterns)
increase substantially as test-length
increased. Especially, detecting aberrant

response patterns was problematic with less
than 20 items. They also observed that the
detection is greater for positive values of 6.
Further, they demonstrated that the specific
IRT model, the distribution of difficulty, and
ability level all influence Lz sensitivity to
detect aberrant response patterns.

It is interesting to note that in their
simulation research, Lz appears to be a more
detector for data that fit the
rather than the
3-parameter model. However, the Reise and
Due(1991) different

compared with Reise’s previous study(1990).

powerful

2-parameter model

findings are quite
Reise compared a x% fit index with a

loglikelihood-based

three-parameter model. Reise observed that

mdex under the
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both the Lz and z° index are not related
with person ability and item difficulty. Reise
found that the loglikelihood index is closer to
the normal distribution than the x° fit index;
although, in terms of power, the 27 fit index
is more sensitive to aberrant Tresponse
patterns. In other words, the x? fit index
identified more items and examinees as
misfitting than did the Lz fit index.

However, Reise also suggested that long
tests will tend to inflate the z° statistic.
Noonan et al.(1992) examined the effect of
test length and IRT model on the three
indices; Lz , ECI4, and W in which they
used two kinds of IRT models(2-parameter
and  3-parameter model)and two  test
lengths(40 items and &0 items). They, using

Pearson correlations, found that the three
indices are not dependent on the ability 6.
They performed multivariate analyses to
investigate the effect of test length and IRT
model on the three indices at the three
false—positive rates, 0.01, 0.05, 0.10 in which
they found that Lz index was highly affected
by test length and IRT model, significant at
the 0.01 level. Their findings partially support
the results of Reise and Due(1991), in terms
of test length and choice of IRT model.
Further, they found a high
between Lz and W ranging from -0.94 to

relationship

-0.95. This relationship was consistent with
the findings of Smith and Hedges(1982).

3. Extended—Caution Index
Approaches

The third category of indices, Extended

Caution  Indices, is referred  to as
mathematical extensions of the Sato Caution

Index(1975) utilizing item response theory.

The Sato Caution index, for dichotomously
scored items, can be 1illustrated using a

student-by-item response matrix{(raw X
columns) and drawing what is called the
Student-Problem or S-P curve, in which

students are located in descending order
according to their total scores, and items are
arranged in ascending order from left to right
according to difficulty level(For details, see
Tatsucka & Linn, 1983). The Sato Caution
Index can be expressed as the ratio of two

covariances(Tatsuoka, 1984).

co1 (YY)
cov( x,Y)

where
vi = (v, . .., Vin ) is the binary-scored
observed response vector i,
xi = ( Xy, . . ., Xn ) is the reversed
Guttman vector with the total score of
examinee |,
Y. =V, ..., Vn

Equation described above compares the
similarity between observed vector yi and its
Guttman scale vector xi , respectively with
the column sum vector of correct answers for
the items. If the response patterns vield
substantial deviations from Guttman scaling
patterns, the index will produce a high index
value. No theoretical justifications for the
critical value for aberrant patterns, however,
have been provided, although the cut value of
0.5 was originally suggested by Sato(1990).
Further, the Sato Caution Index is group
dependent, which implies that the index value
will not be invariant across different samples
of examinees and items. Therefore, Tatsuoka
and Linn(1983) proposed another set of
indices called Extended Caution Indices(ECIs).

ECIs are an extension of the Sato‘s Caution
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Index using the IRT model. Tatsuoka and
Linn(1983)
between the

showed certain correspondence
student-problem curve(S-P
curve(TRC) and

group response curve(GRC). In that study,

curve)and test response

they found that person response curves(PRC),
for the Rasch

monotonically decreasing functions along the

model, have shown
difficulty level. However, for the 2-parameter
and 3-parameter model, the PRC did not
to be

monotonically decreasing curve(Tatsuoka &

appear represented by a smooth,
Linn,1983, p. 88). This is a major advantage
of the Rasch model because the extended
caution indices may be viewed as a linear
transformation of  the covariance or

correlation between a persons response
pattern and a theoretical curve(Tatsuoka &
Linn, 1983, p.95)(viz, the PRC, as in the case
of ECI4, or the GRC, as in the case of ECI2).

Although Tatsuoka and Linn(1983)described
five ECIs, the present study will consider
only two of the ECIs(ECI2z and ECI4z) since

Tatsuoka(1984) suggested that:

". . . ECH4 and ECI6 have identical standardized
. the relationship between ECI1 vs ECI2 .
. correlate very highly . . . we drop ECIl . . .
ECI2z and ECHz . . . as

forms . .

and recognize
representative indices among the family of ECI
indices” (p.104).
Therefore, the two types of extended
caution indices selected for this study are
Extended Caution Index Two(ECI2) and
Extended Caution Index Four(ECI4). ECI2 and
ECI4 are given by (Tatsuoka, 1984, p.98)
cov (y,,G)
cov( p,G)

ECI2=1-

cov(y .P)
cov(G,pP )

ECI4=1-

where

vi 1s the observed response vector for i

Pi is the probability vector for the ith row,
and

G is the GRC vector, which is the average of

the column-sum vector of Pj.

ECI2 compares the similarity of the group
response curve(GRC) with observed response
and probability vector. On the other hand,
ECI4 compares the similarity of the person
response curve (PRC)with observed response
and group response vectors.

Like other

above two

unstandardized indices, the

extended caution indices are
dependent on ability level, which makes it
impossible to compare two values obtained
from two students at two different ability
levels.

According to the study conducted by
Tatsuoka and Tatsuoka(1982b), unstandard-
ized extended caution indices appear to be
functions of ability and have U-shaped trend
curves. Therefore, the standardized caution
indices, ECI2z and ECI4z, mathematically
derived by Tatsuoka (1984) are given by the
following formulae (Drasgow et al, 1987, p.

65):

[Pij(e)'Uij][Gi'é]

ECl2, = = — 1
[ z Pij(e)Qij(e)(Gi - G)2 ]2

i=1

S L R8)-Us 11 Py(8)- B, ]
ECl4, = =— :
[ Z Pu(e)Qij(e)(Pu - 5] )2 ]E

where

i=Ttem (1...n),j=Person ( 1...N),
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Ui; is the observed response,

P i1s the probability of a correct response,
QO )=1-P<(0 ).

1 N
G = Nz Pi(60)
=1

9]
I

™
®

o
|
2l
nY
>
>
N—r

Some studies(Tatsuoka & Tatsuoka, 1932b;
& Linn, 1983; Harnisch &
Tatsuoka, 1983; Tatsuoka, 1984) have shown
that ECI2z and ECI4z follow a distribution

that is close to the normal distribution and

Tatsuoka

show little relationship with ability level.
Birenbaum(1985)compared nine indices
based on the 2-parameter logistic model in
which Lz, ECI2z, and ECI4z performed well,
compared to the other indices in terms of
ability—level variations and measurement
disturbances. Drasgow et al.(1987), however,
reported that although ECI2z shows better
detection of aberrant response patterns than
other indices, the ECI2z and ECI4z indices
are not well-standardized across ability—level
groups. Harnisch and Tatsuoka(1983) have
examined correlations among fourteen indices
in which the correlation between ECIZ2z and
ECI4z was revealed to be 0.94. However, the
ECI2z yielded the least
relationship with the total score.
al.(1987) studied the
distributions of ECIZ2z and ECI4z over 1437

students. In that study, their specific research

standardized

Tomsic et

question was whether nonnormal distributions
will tend toward normality when the worst
fitting items are removed from the test.

Unfortunately, the removal of the worst

fitting items did not appear to move the
distributions toward the normal. One possible
explanation of this finding is that the ECI
distributions may not be normal. Noonan et
al.(1992), however, reported that ECI4z has
shown to be the closest to the normal
showing less skewness and
kurtosis than Lz and W. Further,

multivariate analysis of variance, both test

distribution,

using

length and IRT model did not significantly
affect ECI4z at the .05 false positive rate.
According to Harnisch and Tatsuoka's
study(1983), both ECI2z and ECI4z yielded
with Lz, -092 and

-0.91 respectively; and least intercorrelations

high intercorrelations

with the unweighted Rasch fit mean-square
index, namely 0.08 and 0.05 respectively.
Also, ECI2z revealed the least relationship
with the total among 14
analyzed. On the other hand, Birenbaum(1985)

reported that the unstandardized likelihood

score indices

index denoted Lz showed the least
relationship(r=.007) with the total score;
whereas  ECI4z  revealed the  highest
relationship(r=.223) with the total score

among 9 indices.

III. Recommendations

In the light of the finding of this study,
the following recommendations may be useful
in carrying out similar studies in the future.

First, it is recommended that this study be
replicated to investigate the properties of fit
indices based on a polytomous scoring model.
As pointed out in the literature review,
various fit measures of aberrant response
and have been

patterns have emerged

developed. However, the distributional

properties, sensitivity and interpretation of fit
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indices for the polytomous model is a recent
development(For example, sce Smith, 1991b,
1996).
addressed by future stucies.

Sccond,  The of IRT based fit

indices should be taken into  consideration

Therefore, this  issuce needs to be

natures

when a choice of one of them is made in a
specific situation. For example, Tatsuoka and
Linn(1983) suggested that the ECIH: index
can be an uscful index in sclected diagnostic
Additional

sclecting  the appropriate index that fits the

situations. work 18 needed for

specific needs  of  persontitem)  response

aberrance under Various types of

measurcment disturbances.
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