Chapter 2

A New Bias Correction Method for
DIMTEST

Stout (1987) developed the DIMTEST procedure to provide a nonparametric hypothesis
test of unidimensionality for a test data set. To test for unidimensionality, the DIMTEST
procedure divides the test items into two groups, the dimensionality Assessment Subtest
(AT) and the examinee Partitioning Subtest (PT). To correct for a serious statistical bias in
the DIMTEST statistic, Stout (1987) calculated another DIMTEST statistic from a second
Assessment Subtest (called AT2), chosen to function parallel to the first Assessment Subtest
(called AT1). Unfortunately, this methodology had two serious weaknesses. One, for certain
applications, some statistical bias still remained in the procedure, resulting in unacceptable
levels of Type I hypothesis testing error. Two, the use of DIMTEST was precluded on short
tests or when the Assessment Subtest contained more than one-third of the test items.
Gao (1997) attempted to replace the AT2 bias correction method with the nonpara-
metric IRT bootstrap method (Kim, 1994). This method estimates IRFs for all test items
non-parametrically, and then generates multiple test data sets using these estimated IRF's.
While promising, Gao’s use of the nonparametric IRT bootstrap method failed to correctly
estimate the bias in the DIMTEST statistic. Building upon Gao’s work, the purpose of this
chapter is to develop a working bias correction method based on the nonparametric IRT

bootstrap. With this new bias correction method, the DIMTEST procedure should have
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better statistical performance and provide greater flexibility than the original DIMTEST
procedure. This bias correction method can also be extended to situations where choos-
ing an AT2 Subtest is either very difficult or not possible, such as with polytomous items
(Chapter 3) or items on a Computer Adaptive Test (Chapter 4).

The DIMTEST procedure, as a nonparametric hypothesis test of unidimensionality, plays
an important role in the assessment of test dimensionality. Since many IRT based procedures,
such as BILOG (Mislevy & Bock, 1990), assume the test is unidimensional, having a reliable
procedure to test for unidimensionality of test data is essential. DIMTEST can be used
to confirm the dimensional distinctiveness of item clusters found through commonly-used
methods of exploratory statistical data analysis, such as: linear factor analysis (Hambleton
& Traub, 1973; Hattie, 1985; Reckase, 1979), non-linear factor analysis (Etazadi-Amoli &
McDonald, 1983; Gessaroli & De Champlain, 1996), or conditional covariance based proce-
dures such as HCA/CCPROX (Roussos, Stout, & Marden, 1998), or DETECT (Zhang &
Stout, 1999b). DIMTEST can also be used to confirm the dimensional distinctiveness of
substantively-based item clusters.

In Chapter 1, we defined the dimensionality of a test as the minimum number of dimen-
sions of the latent vector ® required to produce a locally independent and monotone latent
variable probability model. In determining whether a test is unidimensional, the requirement
of local independence of the latent variable model is usually replaced with the requirement
of weak local independence. A latent variable model displays weak local independence if for

each of the n(n —1)/2 item pairs (z,/) and for every 6,

COU(UZ', U1|® = 0) = 0. (2.1)

Thus, in practice, a test is said to be unidimensional if the latent variable probability model

is monotone and equation (2.1) holds for each of the n(n —1)/2 item pairs (z,1) and for every

6.
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Investigating dimensionality through the use of conditional covariances can be developed
further using a geometric representation for the items of a multidimensional test (see, for
example, Ackerman, 1996). Assume a test has two dimensions, denoted by ©; and ©,. The
dimensions ©; and ©; can be represented by a coordinate system with 0, corresponding to
the horizontal axis and ©, corresponding to the vertical axis, as shown in Figure 2.1. The use
of orthogonal axes in no way implies the correlation between dimensions ©; and 0O, is zero.
In fact, most intellectual abilities are positively correlated. In Figure 2.1, Item 1 represents
an item that measures the @4 ability but not the @, ability, while Item 2 represents an item
that measures the O, ability but not the ©; ability. Item 3 represents an item that measures
both the ©; and O, abilities with equal discrimination. Thus, Item 3 best measures the

composite ability ©; 4+ O,.

Figure 2.1: Two-Dimensional Coordinate System
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This multidimensional representation of item vectors can be used to explain the role of
conditional covariances in determining the dimensionality of a test (Zhang & Stout, 1999a).
Figure 2.2 represents a two dimensional test with the dominant ability the test is designed
to measure, also called the direction of best measurement of the test, denoted as ©. (The
direction of best measurement of both an item and a test is rigorously defined in Zhang &

Stout, 1999a).
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Figure 2.2: Graphical Representation of Conditional Covariances

The conditional covariances between two items on the same side of the latent conditioning
variable © (Items 1 and 2 and Items 3 and 4) will be positive, and the conditional covariances
between two items on different sides of the latent conditioning variable © (Items 1 and 3,
Items 1 and 4, Items 2 and 3, and Items 2 and 4) will be negative. In addition, if either item
of an item pair lies in the same direction as the latent conditioning variable © (all item pairs
containing Item 5), the conditional covariance for that item pair will be zero. (Zhang &
Stout (1999a) show similar results hold for conditional covariances when the dimensionality
of a test is greater than two). Thus, the magnitude and sign of the conditional covariance
of an item pair provides information about the dimensional structure of test items given a

particular conditioning variable ©. This serves as the basis of the DIMTEST procedure.

2.1 Review of DIMTEST procedure

Developed by Stout (1987) and refined by Nandakumar & Stout (1993), the DIMTEST
procedure provides a nonparametric hypothesis test of unidimensionality of a data set. A

step by step description of the original DIMTEST procedure is given below.

Step 1. Select the Assessment Subtest 1 (AT1), Assessment Subtest 2 (AT2), and the ex-

aminee Partitioning Subtest (PT).
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Step 1.1 Select a group of m items from the total n items on the test to form the
Assessment Subtest 1 (AT1). The AT1 items are tested for dimensional distinc-
tiveness relative to the remaining test items. The AT1 Subtest can be selected
based on either a substantive analysis of item content or an exploratory statistical
data analysis approach, such as linear factor analysis, non-linear factor analysis,
HCA/CCPROX, DETECT, etc. When multidimensionality is present in the test
data, the AT1 items should be dimensionally homogeneous on a dimension distinct

from the direction of best measurement of the remaining test items.

Obviously, the choice of AT1 is extremely important in correctly determining whether
or not the test is unidimensional. Figures 2.3 and 2.4 represent two different choices
for the AT1 Subtest for a two-dimensional test. In Figure 2.3, since the AT1 items are
all on the same side of the conditioning variable O, the conditional covariances of all
AT1 item pairs will be positive. Thus, DIMTEST will likely reject the null hypothesis
of unidimensionality and correctly conclude the AT1 items are dimensionally distinct

from the rest of the test items.

Figure 2.3: A Good Choice of AT1

However, in Figure 2.4, only the conditional covariances between Items 1 and 2 and

between Items 3 and 4 will be positive. The rest of the conditional covariances be-
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tween the four AT1 items will be negative since the items lie on different sides of the
conditioning variable ©. Thus, DIMTEST will likely fail to reject the null hypothesis
of unidimensionality for this test and incorrectly conclude the AT1 items are dimen-

sionally similar to the remaining test items.

Figure 2.4: A Poor Choice of AT1
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Step 1.2 Select a second group of m items from the (n — m) remaining test items to
form the Assessment Subtest 2 (AT2). The AT2 items are chosen to have a similar
item difficulty distribution as the AT1 items. (See page 595 of Stout (1987) for

complete details.)

Step 1.3 Form the PT Subtest using the remaining (n — 2m) test items.

Step 2. Define the kth examinee subgroup as all examinees whose total score on the PT
Subtest, denoted as Zpr, is equal to k. Let Ui(jk) denote the response of the jth examinee
from subgroup k to the ith assessment item and let .J; denote the number of examinees
in subgroup k. An examinee subgroup £ is eliminated from the DIMTEST statistic
calculation if J; is less than a specified minimum size (typically the minimum size of
Ji ranges from 2 to 20). Denote the number of subgroups used in the calculation of
the DIMTEST statistic as K. For each examinee subgroup &, calculate the following

quantities:
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The quantity l/j(k) is the total score of the jth examinee from subgroup k£ on the
assessment subtest, Y(®) is the average total score of the examinees in subgroup k on
the assessment test, and ]52(“ is the proportion of examinees in subgroup & who correctly
answered assessment item i. The quantity &} is the usual estimate of the variance of

the total score on the assessment subtest for examinees in the kth subgroup and &,

is an estimate of the same variance assuming the test is unidimensional.

Step 3. For each examinee subgroup k, calculate the statistic

Trp=6t—65,=2 Y Cou(U,U|Zpr = k) (2.4)

<IEAT1

where O/CT’U(UZ', Ul|Zpr = k) is the usual estimate of the covariance between two items
conditioned on the set of all examinees with PT Subtest score k (Gao, 1997). If the AT1
items are dimensionally similar to the PT items, the direction of best measurement for
each of the AT1 items will be close to the direction of best measurement of the PT
items. Thus, the conditional covariance between each pair of AT1 items conditioned
on total score on the PT items will be small for each k. However, if the AT1 items
measure a different dimension than the PT items, the conditional covariance between

each pair of AT1 items will be positive and large for each k. Thus, the value of the
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statistic 77, ; is an estimate of the dimensional distinctiveness between the AT1 Subtest

and the PT Subtest for each examinee subgroup k.

Step 4. To obtain a statistical test of the null hypothesis, the asymptotic variance of 17, x,

denoted as S7, is calculated as

~ a4y S
52 = U ;:) = (2.5)
where
L& vm g 3 (k) (k) (k)
ﬂ4,k = J_k E(Y] - Y(k))4 and 54,k = Eﬁz (1 - ﬁz )(1 - Qﬁi )2-
7=1 =1

The DIMTEST statistic 77, is given by

K
pet LTk

I—~K 2
k=1 Sk

Under the null hypothesis of unidimensionality, Stout (1987) proved the DIMTEST statis-

Ty = (2.6)

tic T, has an asymptotic standard normal distribution under certain regularity conditions
as both the number of items and the number of examinees tends to infinity. However, for
a finite length test, Holland & Rosenbaum (1986) proved the theoretical conditional covari-
ance, Cov(U;,U)|Zpr = k), is non-negative for any two non-PT items ¢ and [ even when
unidimensionality holds. Thus, E(7Tpx) > 0 for all k, making the DIMTEST statistic Ty,
positively biased under the null hypothesis of unidimensionality. Stout (1987) corrected for
this bias by calculating another DIMTEST statistic using the second assessment subtest,
AT2.

Step 5. Repeat Steps 2 through 4 using the m items from the AT2 Subtest to calculate an-
other DIMTEST statistic, denoted as T'g. If the test is multidimensional, the AT2 Sub-

test and the PT Subtest should not be influenced by the multidimensionality present

20



in the data. When the test is unidimensional, 75 serves as an estimate of the bias in

the Tt statistic. The bias corrected DIMTEST statistic is then given by

r=lr"Tp (2.7)
V2

The DIMTEST statistic 7" has an asymptotic standard normal distribution under the

null hypothesis of unidimensionality as the number of examinees and the number of items

tends to infinity (see Stout, 1987). Thus, the null hypothesis is rejected with asymptotic

level « if the value of T is greater than the 100(1 — a)th percentile of the standard normal
distribution.

Remark: Stout (1987) found the DIMTEST statistic 7" had an unacceptably high level

of Type I error in simulation studies. To lower the Type I error rate of the DIMTEST

procedure, two changes to the computation of the DIMTEST statistic were made. One, the

asymptotic variance of 1%, ; was changed to

(frag — &ﬁ) + 5.4,1c + 2¢/(frap — &£)34,k
Ji ’

S = (2.8)

where fi4  and 547;C are the same as in Step 4 above. Two, the form of the T}, statistic was

changed to
TL 3

i (2.9)

The final DIMTEST statistic
17, —Tg
V2

now has only an approximate asymptotic standard normal distribution as both the number

T = (2.10)

of items and the number of examinees tends to infinity.
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2.2 Correcting the Bias in T},

Generally, the method of bias correction used by Stout (1987) has been successful (shown
to usually have Type I error rates near the nominal rate and good power to detect multidi-
mensionality in test data) in simulation and real data studies (see Stout, 1987; Nandakumar
& Stout, 1993; Hattie, Krakowski, Rogers, & Swaminathan, 1995). However, there are
situations in which the DIMTEST statistic can have an inflated Type I error rate when
unidimensionality holds. When the AT1 Subtest contains items with relatively large dis-
criminations and/or similar difficulties when compared to the remaining test items, the AT2
items often fail to correct enough of the bias in the T}, statistic to produce acceptable re-
sults. Also, because the test must be split into three subtests, the DIMTEST procedure
can produce unreliable results when the test is relatively short, or when the AT1 Subtest is
relatively long.

To develop a new bias correction method for the DIMTEST procedure, the source and
amount of the bias in the DIMTEST statistic when the test is unidimensional must be
determined. Let Zpr be the total score on the PT Subtest and let U/; and U; be the responses
to AT1 items ¢ and [ respectively. When the test is unidimensional, the following equality
holds.

Cov(U;, Ul|Zpr = k) = Cov(Py(0), P(O)|Zpr = k) (2.11)

where by definition, (assuming the distribution of © given Zpr is continuous with density

9(0) = f(0|Zpr = k))
Cov(Pi(0), Pi(0)|Zpr = k) = / P.(0)Pi(0)g(0)d0 — / P.(0)g(0)d0 / Pi(0)g(8)dd  (2.12)

(Proofs of the above two equations are given in Section 2.9.) Clearly, from equations (2.11)
and (2.12), the theoretical value of the conditional covariance between two AT1 items con-

ditioned on a given PT score is dependent upon three functions: the IRFs of the two AT1
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items, P;(f) and P,(0), and the conditional distribution of © given total score on the PT
items, f(0|Zpr = k).

For the AT2 bias correction method, the DIMTEST statistics from both the AT1 and
AT2 Subtests are calculated using the same set of examinees with the same PT Subtest
scores. The conditional distribution of © given total score on the PT Subtest is therefore the
same for both assessment subtests. Thus, in order to correct for the bias in the T}, statistic,
the sth item of the AT2 Subtest needs to have roughly the same IRF as the ¢th item of the
AT1 Subtest throughout the range of §. However, the AT?2 items are chosen only to have a
similar item difficulty distribution as the AT1 items. Thus, the AT2 bias correction method
can fail to correct for at least some of the bias present in the 77}, statistic. This failure will
be extreme when the IRFs of the AT1 items are largely different from the IRFs of the AT2
items, such as when the AT1 items have large discriminations or similar difficulties when
compared to the other test items. In other cases, when the test is short or the AT1 Subtest
is long, there are simply not enough test items left after selecting AT1 to choose a reasonable
AT2 Subtest. The goal of the new bias correction method is to replace the AT2 Subtest with
a method that estimates the three functions in equation (2.12) under the null hypothesis of

unidimensionality.

2.3 New Bias Correction Method

The new bias correction method obtains an estimate of the bias in the conditional covari-
ance from equation (2.12) using the non-parametric IRT bootstrap method. This method
nonparametrically estimates the IRFs for all test items. Using these estimated IRFs and
a specified examinee ability distribution, another complete examinee data set is generated
under the null hypothesis of unidimensionality. If the null hypothesis of unidimensionality
holds, this generated data will have approximately the same IRFs for the AT1 items and

the same conditional distribution of © given PT score as the original data. Thus, according
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to equations (2.11) and (2.12), the DIMTEST statistic calculated from this unidimensional
generated data set should have the same amount of bias as the DIMTEST statistic calculated
from the original data.

To estimate the IRF's for all test items under the null hypothesis of unidimensionality,
the nonparametric method of kernel smoothing introduced by Nadaraya (1964) and Watson
(1964) for regression estimation and first applied to IRF estimation by Ramsay (1991) is
used. In applying kernel smoothing to IRF estimation, the independent variable is an esti-
mate of examinee ability and the dependent variable is the examinee response on the test
item. The kernel smoothed estimate of the IRF for a test item at a value € is found by
essentially calculating a weighted moving average of examinee responses on the item. Ex-
aminee responses to the item are weighted by the kernel function &, which we take to be the
quadratic function (z) = 1 — 2%, |z| < 1;k(z) = 0 elsewhere. Kernel smoothing also uses a
bandwidth & to control the amount of smoothing or borrowing of information from exam-
inees judged to be close to 6 in ability. When the independent variable (examinee ability)
is measured without error, the commonly accepted value of the bandwidth that minimizes
the mean square error of the kernel smoothed estimates is proportional to J~%2, where .J is
the number of observations. Ramsay (1993) found this bandwidth still minimized the mean
square error for kernel smoothed estimates of the IRF in a variety of simulated examinee
response data. Generally, kernel smoothed estimates of the IRFs are calculated for a fixed
number of points equally spaced throughout the distribution of ©.

Douglas (1997) showed, under fairly general regularity conditions, the method of kernel
smoothing to estimate IRF's is consistent as both the number of items and the number of
examinees tends to infinity. When the length of the test is finite, the kernel smoothing
estimation procedure tends to produce a good estimate of the IRF for each item when the
value of # is towards the middle of the © distribution (Ramsay, 1991). However, since the
kernel smoothing estimate of an IRF at 6 is essentially a weighted average of examinee

item responses, for a low value of 8, a disproportionate number of examinees with abilities
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greater than 6 are used to obtain an estimate of P;(#). Likewise, for a high value of 6, a
disproportionate number of examinees with abilities less than # are used to obtain an estimate
of P;(6). Thus, the kernel smoothing procedure will produce positively biased estimates of
P;(8) at the low end of the © distribution and negatively biased estimates of P;(f) at the
high end of the © distribution.

Several different methods to correct for this bias near the endpoints of the © distribution
have been developed. Rice (1984) used a second smoothing with a wider bandwidth near
the endpoints of the © distribution, while Miiller (1991) corrected for this bias by using a
different kernel function at the endpoints of the © distribution. Habing & Nitcheva (2000)
found using Muller’s kernel function with a wider bandwidth minimized the mean square
error of the IRF estimates in a variety of simulated data. Thus, for values of § less than one
bandwidth away from the endpoints of the © distribution, the kernel smoothed estimate of
P;(0) is found using this variation of Miiller’s method.

The kernel smoothed estimates of the IRF for each item are calculated using a specific
distribution for the ability ©. Since the DIMTEST procedure is completely nonparametric,
the distribution of © for the kernel smoothed estimates can be arbitrarily chosen. As a
result, the Uniform (0,1) distribution is chosen as the © distribution for the kernel smoothed
estimates.

To generate another test data set, examinees are simulated with abilities from the Uni-
form (0,1) distribution. Using the IRF estimates obtained from the nonparametric kernel
smoothing procedure, a response pattern is generated for each simulated examinee under the
assumption of unidimensionality. Finally, using this generated data set, another DIMTEST
statistic, denoted as T, i1s calculated using the same AT1 and PT Subtests. This process
is repeated N times and the mean of the N Ty values, denoted as T'g, is calculated. When
unidimensionality holds, the statistic T'¢ is an estimate of the bias present in the DIM-
TEST statistic calculated from the original data, denoted as T7. In other words, when the

null hypothesis is true, E(Ty, — T'g) will be close to zero, giving an approximately unbiased
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statistic, Tr, — T. If the null hypothesis is false and if the assessment subtest is well chosen,

E(Ty, — Tg) will be large, reflecting the true multidimensional structure of the original data.

2.4 DIMTEST without AT2

The new version of DIMTEST uses the nonparametric IRT bootstrap method to correct for
the bias in the T, statistic. The eight steps in the new DIMTEST procedure are explained
below. The differences between the original DIMTEST procedure and the new version are

highlighted.

Step 1. Choose m items for the AT Subtest. (Since there is no AT2 Subtest, we simply
denote the assessment subtest as AT). The methods available for selecting the AT items
are the same as in the original DIMTEST procedure. When multidimensionality is
present in the test data, the goal is still to choose AT so that the items are dimensionally
homogeneous on a dimension distinct from the direction of best measurement of the

remaining test items.

Step 2. Place the remaining (n — m) items in the PT Subtest. Define the kth examinee
subgroup as all examinees whose total score on the PT Subtest, denoted as Zpr, is
equal to k. Let Ui(jk) denote the response of the jth examinee from subgroup £ to the
1th assessment item and let .J; denote the number of examinees in subgroup k. An
examinee subgroup k is eliminated from the DIMTEST statistic calculation if .Jj is less
than a specified minimum size (typically the minimum size of .J, ranges from 2 to 20).
Denote the number of subgroups used in the calculation of the DIMTEST statistic as

K. For each examinee subgroup k, calculate the following quantities:

1 2=

m - 1 Jk

(k) _ (k) k) _ (k) A(k) _ (k)

Yit =3 Uy, Y()—J—ZYJ' BT =X U
=1 k 7=1 k 7=1
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62 = —S (VP —y®)2  and (2.13)
Jr =1 !

Gt =2 (1= ). (2.14)
=1

Step 3. For each examinee subgroup k, calculate the statistic

Ty =6;— O =2 > O/O\U(Uz’, Ul Zpr = k) (2.15)

<IEAT1

where C/CT’U(UZ', Ul|Zpr = k) is the usual estimate of the covariance between two items

conditioned on the set of all examinees with PT Subtest score k (Gao, 1997).

Step 4. The asymptotic variance of T7, x, denoted as S, is calculated as

~ 24 _8
g2 = o j’“) Lk (2.16)
k

where

1 2=

o= 5 200 =V and = 300 =0 - 20
i=1

7=1
The DIMTEST statistic 77, is given by

K
pe1 1Lk

I—~K 2
k=1 Sk

Step 5. For each test item, calculate an estimate of the item’s unidimensional IRF. Adapted

Ty = (2.17)

from Ramsay(1991) and Douglas (1997), the kernel smoothing procedure requires four

steps.
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Step 5.1. Calculate each examinee’s total score. Add a Uniform(0,1) variable to each
examinee’s total score to break any ties. This random breaking of ties makes the

kernel smoothing procedure computationally easier to implement.

Step 5.2. For each item : and each examinee j, subtract the score on the ith item
from the jth examinee’s adjusted total score obtained from Step 5.1. Denote this

value as T(—i,j) fore=1,...,n;7=1,...,.J.

Step 5.3. For each item i, rank the T(—i,j) values from the smallest to the largest.
Divide the rank for each examinee by .J 4 1, where .J is the number of examinees.

Denote this value as é(_m) fore=1,...,n;75=1,...,J.

Step 5.4.1. Define the evaluation points of the kernel smoothing function as () =
[/41 for I = 1,...,40, and define the bandwidth of the kernel smoothing function
as h = 0.9J7%2 If h < 0U < 1 — h, the IRF estimate ]52'(0(1)) for each item i is

given by
7 0 -6,
S x (S ) Uy

P00 = _
00 —6_; ;
S ()

where U;; is the response of the jth examinee to the ith item and the kernel

(2.18)

function is k(z) = 1 — 22, |z| < 1, k(z) = 0, otherwise.
Step 5.4.2. If ) < h, define p = 0 /h and the new bandwidth as h* = h(2 — p).
Define v = 00 /h* and n; = (0_;; — 00)/h*. The IRF estimate P;(()) for each

item ¢ is given by
(oY) = >y K5 (v, i) Ui
Z}Ll KJ*(V? 77]‘) 7

where the kernel function £*(y,n;) is defined as

(1 +n5)(y = n;) -7\ (1~

for =1 <n; <7, °(v,n;) = 0, otherwise.

(2.19)
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Step 5.4.3. If ) > 1 —h, define p = 1 —0") and the new bandwidth as h* = h(2—p).
Define v = (1 —00)/h* and n; = —(0_; ; — 0W)/h*. The IRF estimate P,(80) for
each item ¢ is given by equation (2.19) with the kernel function x*(v,n;) given by

equation (2.20).

Step 6. Generate examinee responses to all test items using the estimated IRF's calculated

in Step 5. A response pattern for the jth examinee, j = 1,...,.J, is obtained as follows.

Step 6.1. Generate the examinee’s ability, denoted as 6;, from the Uniform(0,1) dis-

tribution.

Step 6.2. Set 9 = 0 and #*") = 1. Define the value of the IRF at the endpoints of
the 6 distribution to be ]52(()) = c¢cand ]52(1) = 1, where ¢ is an estimate of examinee
guessing on the test. (A good estimate of ¢ is 1/(1 + €) where e is the number of
multiple choice responses). For each item i, the value of P;i(0;) = P(U; = 116,)
is calculated by linearly interpolating the kernel smoothed estimates obtained in

Step 5. Thus, for [ =1,...,41, if 0=V < 9, < 00 then
0; =0V o 6; — o1~ b pli-1
Pi(6;) = (m Bi(0") + 1 - 90 =D Bi(0t=1)

Step 6.3. For each item ¢, determine the value of U;; by comparing P;(6;) to a ran-
domly generated value from the Uniform(0,1) distribution, denoted as w. If

P;(0;) > u, U;; = 1, otherwise, U;; = 0.

Step 7. Using this generated data set and the same (AT,PT) partition as the original data,
calculate another DIMTEST statistic according to Steps 2 through 4 and denote this

statistic as Tq.

Step 8. To reduce the random variation in the T statistic, Steps 6 and 7 are repeated NV

times and the average of the N T values, denoted as T, is calculated. As the number
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of items and the number of examinees tends to infinity, the variance of both T}, and
each T is one, and the variance of Tp, — T is 1 + 1/N. (See Results 2.1-2.3 in Section
2.5 below.) Under the assumption of unidimensionality, the final DIMTEST statistic,

T, —T
T=—t_"C% (2.21)

V1+1/N
has an asymptotically standard normal distribution under certain regularity conditions
as the number of items and the number of examinees tends to infinity (see Result 2.4
in Section 2.5). The null hypothesis of unidimensionality is rejected at level a if T' is

larger than the 100(1 — a)th percentile of the standard normal distribution.

Remark: Note that the adjustments made by Stout (1987) to the calculation of S7 and
Ty, are no longer needed. The asymptotic form of the DIMTEST statistic with the new bias
correction method has acceptable levels of both Type I error and power. See Section 2.6 for

simulation results.

2.5 Asymptotic Results for New DIMTEST
Procedure

In this section, several asymptotic results are presented for the new DIMTEST procedure.
These results are, in part, a combination of the results from Stout (1987) on the DIMTEST
procedure and from Douglas (1997) on the kernel smoothing procedure for estimating IRF's.
For a full description of their results and proofs, the reader should refer to Stout (1987) and
Douglas (1997).

Define a triangular array of items as (¢,n) where 1 = (1,...,n) and n = (1,...,00). Let
P, »(8) denote the IRFs for each test of length n for all § € ®. Let .J, denote the number of

examinees on the test of length n. Let J{*) denote the number of examinees in the kth PT
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examinee subgroup and let K, denote the number of PT examinee subgroups for each test

of length n. The following assumptions are made on the model.

A The latent ector space  is unidimensional as de ned in hapter

A or all pairs n n» 1s continuous di erentiable and strictl increasing in  for
all
A et the densit of be denoted as and denote the deri ati e of the as
for . There exists a compact inter al such that for some and xed constant
for all
N for all and all pairs n .
. for all and all pairs  n .
" " for all and all pairs n .

A The number of items in the T ubtest is xed as the number of test items tends to

in nit .

A There exists a positi e constant such that

min n for all n
max n
A sn
. max . Ky
min and
n
A There exist constants and such that for all n

































