Chapter 3

A New Bias Correction Method for
Poly-DIMTEST

Based on the original DIMTEST procedure (Stout, 1987), Li (1995) developed the Poly-
DIMTEST procedure to provide a hypothesis test of unidimensionality for a test data set
consisting of various combinations of both dichotomous and polytomous items. To test for
unidimensionality, the Poly-DIMTEST procedure splits the test items into two groups, the
dimensionality Assessment Subtest (AT) and the examinee Partitioning Subtest (PT). To
correct for the statistical bias also present in the Poly-DIMTEST statistic, Stout’s method
of selecting a second Assessment Subtest (AT2), chosen to function parallel to the first
Assessment Subtest (AT1), was used. Unfortunately, this method had several weaknesses.
With polytomous items, the number of categories per item in the AT1 and AT2 Subtests
rarely matched. In most situations, using the AT2 Subtest to correct for the bias present in
the Poly-DIMTEST statistic resulted in either an over or under correction. Also, the need
to partition the test into three groups precluded the use of the Poly-DIMTEST procedure
on small tests or when the AT1 Subtest consisted of more than one-third of the test items.

The purpose of this chapter is to extend the new DIMTEST bias correction method from
Chapter 2 to the Poly-DIMTEST procedure. With this new bias correction method, the

Poly-DIMTEST procedure should have better statistical performance and provide greater
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flexibility in testing the null hypothesis of unidimensionality than the original Poly-DIM-
TEST procedure.

3.1 Review of Poly-DIMTEST Procedure

Based on the original DIMTEST procedure, Poly-DIMTEST was developed by Li (1995)
to provide a hypothesis test for the unidimensionality of test data consisting of various
combinations of both dichotomous and polytomous items. A step by step description of the

original Poly-DIMTEST procedure is given below.

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

aminee Partitioning Subtest (PT).

Step 1.1 Select a group of m items from the total n items on the test to form the
AT1 Subtest. The AT1 Subtest can be chosen using either exploratory statistical
data analysis techniques or a substantive analysis of item content. When multi-
dimensionality is present, the AT1 items should be dimensionally homogeneous
on a dimension distinct from the direction of best measurement of the remaining

test items.

Step 1.2 Select a second group of m items from the remaining (n — m) 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 the set of all examinees whose total score
on the PT Subtest is k. Let .J; denote the total number of examinees in subgroup

k. An examinee subgroup k is eliminated from the calculation of the Poly-DIMTEST
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statistic if Ji is less than a certain minimum size (typically the minimum size of .J;
ranges from 2 to 20). Let K denote the number of examinee subgroups included in the

Poly-DIMTEST statistic.

Let UZ»(;C) be the response of the jth examinee of the kth subgroup to assessment item
1 and let r; be the maximum possible score for the ¢ assessment item. Thus, UZ»(;C) =

{0,1,...,7;}. For each examinee subgroup k, calculate the following quantities:

m Jk
(k) _ * ik 1 (k)
Yit = Z; Ui’ Y7 = T Z;Yj
1= J=
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o = Ylas — i) (32)

Step 3. For each examinee subgroup k, calculate

Trp=06t—64,=2 Y Cou(U,U|Zpr = k) (3.3)

1<I€EAT1
where C/&)(UZ-, Ui|Zpr = k) is the usual covariance estimate of U; and U; conditioned
on the set of all examinees whose PT Subtest score is k& (see proof in Section 3.8). If
the AT1 Subtest is dimensionally similar to the PT Subtest, the value of 77, should
be small for each k. However, if the AT1 Subtest is dimensionally distinct from the
PT Subtest, the value of T, j should be large for each k. Thus, for each examinee

subgroup k, 17,1, is an estimate of the dimensional similarity between the AT1 and PT

Subtests.
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Step 4. The asymptotic variance of T7, x, denoted as V}?, is given by

(frag — 68) — A
9

Vi = 3.4
: 5 (3.4
where
- 1 & (k) sA(k)\a { o A 2 A2 4
flap = 7 Z(Y] —Y")' and Mgy = Z(aﬂ — 40 30,1 — @; 5+ 8G; 1 Gi2 — 445 ;).
7=1 1=1
The Poly-DIMTEST statistic T}, is then given by
K
i
P (3.5)

/K 2
k=1 ‘/k

Under the null hypothesis of unidimensionality, Li (1995) showed the Poly-DIMTEST
statistic T, has an asymptotic standard normal distribution under certain regularity condi-
tions as both the number of items and the number of examinees tends to infinity. However,
when the number of items is finite, Holland & Rosenbaum (1986) proved the theoretical
conditional covariance, Cov(U;, Uj|Zpr = k), is non-negative for all non-PT items ¢ and [
under the null hypothesis of unidimensionality. As a result, the expected value of 17 ; is
non-negative for all £, making the Poly-DIMTEST statistic 77, positively biased under the
null hypothesis of unidimensionality. Li(1995) corrected for this bias by calculating another

Poly-DIMTEST statistic using the second assessment subtest, AT2.

Step 5. Repeat Steps 2 through 4 using the m items in the AT2 Subtest as the assessment
subtest to calculate another Poly-DIMTEST statistic, denoted as Tg. If the test is
multidimensional, the Poly-DIMTEST statistic Tg should not be influenced by the
multidimensionality of the test data. If the test is unidimensional, Tz serves as an

estimate of the amount of bias in the Poly-DIMTEST statistic 77, calculated from the
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original data. The bias corrected Poly-DIMTEST statistic

T —Tp

T-—= (3.6)

has an asymptotic standard normal distribution under the null hypothesis of unidi-
mensionality as the number of examinees and the number of items tends to infinity
(see Li, 1995). Thus, the null hypothesis is rejected with level « if the value of T is

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

Remark: Li (1995) found the asymptotic form of the Poly-DIMTEST procedure had
unacceptably high levels of Type I error in simulations. To reduce the Type I error rate of
the Poly-DIMTEST procedure, two changes were made in the form of the Poly-DIMTEST
statistic similar to the changes made by Stout (1987). One, the asymptotic variance of Ty, x

was changed to

(frag — &é) + 5\4,k + 2\/(ﬂ4,k — &ﬁ)jw,k

v =
k Jk M)

(3.7)
where fi41, and 5\47;C are from Step 4 above. Two, the form of the T}, statistic was changed to

K
, 1 TL k

TL:EZ

;-
=1 VK

(3.8)

The bias corrected Poly-DIMTEST statistic should then be

Ty — T

T// —
V2

However, Li (1995) found using 7" for the bias corrected Poly-DIMTEST statistic still
produced unacceptable levels of statistical bias and Type I error in simulations. When test
items are polytomous, the AT1 and AT2 Subtests will likely differ in the number of categories
per item. As a result, i found the estimate of the bias obtained using the AT2 Subtest was

either an over or under correction. To solve this problem, Li (1995) suggested the following
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solution. Define S1 and 52 to be the maximum possible score for the AT1 and AT2 Subtests
respectively. Let sdl be the standard deviation of the sequence (0,...,51) and sd2 be the
standard deviation of the sequence (0,...,52). The bias corrected DIMTEST statistic is
then given by
I L @9)
L (ea)’
The Poly-DIMTEST statistic from equation (3.9) now has only an approximate asymptotic

standard normal distribution as the number of items and the number of examinees tends to

infinity.

3.2 Correcting the Bias in the Poly-DIMTEST
Statistic

In order to estimate the bias in the Poly-DIMTEST statistic 77, we need to determine the
source and amount of the bias. Let U; and U; denote the response to the :th and the /th
AT1 items respectively and let Zpr be the total score on the PT Subtest. When the test is

unidimensional, the following equality holds for all AT1 items ¢ and /.

COU(UZ', U1|ZPT = k) = Z Z qu COU(PZ'7q(®), PZ,U(®)|ZPT = k), (310)

g=1v=1

where P, ,(0) is the ICRF for category ¢ of item i. Assuming the conditional distribution
of © given PT Subtest score Zpy is continuous with density f(0) = g(0|Zpr = k), equation

(3.10) is equivalent to

Ty

YD qv ( / Piy(0) P, (0)£(0)do — / P, (0)(0)do / P.(0) f(e)da) . (3.11)

g=1v=1
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(See proofs of the two equations in Section 3.8.) From equation (3.11), the conditional
covariance between two items given a certain PT Subtest score depends upon the ICRFs for
the ith item: P;,(0) for ¢ = 1,...,r;, the ICRFs for the /th item: P, ,(0) for v =1,... 7,
and the conditional distribution of © given PT Subtest score: ¢(0|Zpr = k).

From the results above, in order to estimate the bias present in the Poly-DIMTEST
statistic T, using the items in the AT2 Subtest, the ith item of the AT2 Subtest must have
the same number of categories and the same ICRFs as the ith item of the AT1 Subtest.
Obviously, meeting these requirements is very difficult, if not impossible, for every set of
polytomous test items. The goal of the new bias correction method will be to estimate the

quantities in equation (3.11) given any set of polytomous test items.

3.3 New Bias Correction Method

The new bias correction method for the Poly-DIMTEST procedure uses the nonparametric
IRT bootstrap method to estimate the amount of bias in the Poly-DIMTEST statistic.
This method obtains an estimate of the ICRFs for each test item using the nonparametric
method of kernel smoothing. Then, using these estimated ICRFs and a specified examinee
ability distribution, an examinee response data set is generated under the null hypothesis
of unidimensionality and another Poly-DIMTEST statistic is calculated from this generated
data. This process is repeated N times and the average of the N Poly-DIMTEST statistics,
denoted as T, is calculated. If the null hypothesis of unidimensionality holds, the statistic
Tg is an estimate of the bias in the Poly-DIMTEST statistic calculated from the original
data, denoted as T7,. Thus, if the test is unidimensional, the expected difference between the
two statistics 77, and T'¢ will be approximately equal to zero. If the test is multidimensional
and the AT1 Subtest is well chosen, the expected difference between the two statistics 77,
and T'¢ will be large, reflecting the multidimensionality present in the test data.

To obtain an estimate of the ICRFs for each test item, the nonparametric method of
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kernel smoothing due to Nadaraya (1964) and Watson (1964) is used. Using an estimate of
each examinee’s ability as the independent variable, the kernel smoothing procedure obtains
an estimate of the ICRF (the dependent variable) for each item at a point § by calculating
a weighted moving average of examinees responses on the item. Examinee responses are
weighted by the kernel function x, which we take to be the quadratic function x(z) =
1 — 2% |z| < 1;k(z) = 0, elsewhere. A bandwidth is also used to control the amount of
smoothing, or borrowing of information, from examinees judged to be close to 6 in ability.
When the independent variable is observed without error, the bandwidth determined in the
statistical literature to minimize the mean score error of the kernel smoothed estimates is
proportional to /%% where .J is the number of observations. Ramsay (1993) found this
optimal bandwidth still minimized the mean square error of the kernel smoothed estimates
of dichotomous item response functions. Generally, the kernel smoothed estimate of each
ICRF pm, g=1,...,r;, is calculated for a fixed number of points equally spaced throughout
the 6 distribution.

For values of # near the middle of the O distribution, the kernel smoothing procedure
produces good estimates of the ICRFs. However, when the value of # is near the endpoints of
the O distribution, the kernel smoothed estimates are biased. To correct for this bias, several
different methods have been researched. 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 near the endpoints of the © distribution. Habing &
Nitcheva (2000) found using Miiller’s kernel function with a wider bandwidth minimized the
mean square error of the IRFs for dichotomous items in a variety of simulated data. Thus,
for estimating the ICRF's for each test item, the kernel smoothed estimate of P; ,(6) when
the value of # is near the endpoints of the © distribution is obtained using this variation of
Muller’s method.

The kernel smoothed estimates of the ICRF's for each item are calculated using a specified

distribution for the examinee ability 8. Since the Poly-DIMTEST procedure is completely
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nonparametric, the choice of the © distribution 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 simulate another data set, examinees are generated with abilities from the Uniform
(0,1) distribution. A response pattern is then generated for each simulated examinee using
the ICRF estimates obtained from the kernel smoothing procedure. Finally, the Poly-DIM-
TEST statistic Tq is calculated using this generated unidimensional data set. This process is
repeated N times and the average of the N Ty values, T, is calculated. If unidimensionality
holds, the statistic T'¢ is an estimate of the amount of bias present in the Poly-DIMTEST
statistic calculated from the original data. Thus, the expected difference between the two
statistics T, and T'g will be close to zero, giving an approximately unbiased Poly-DIMTEST

statistic.

3.4 Poly-DIMTEST without AT2

The eight steps required for the new Poly-DIMTEST procedure are given below. The differ-

ence between the original Poly-DIMTEST procedure and the new version are highlighted.

Step 1. Choose m items for the AT Subtest. (Since there is no AT2 Subtest, the assessment
subtest is now called just AT). The methods available for selecting the AT items are

the same as in the original Poly-DIMTEST procedure.

Step 2. Place the remaining (n — m) items in the PT Subtest. Define the kth examinee
subgroup as the set of all examinees whose total score on the PT Subtest equals k.
Let Ji denote the total number of examinees in subgroup k. An examinee subgroup &
is eliminated from the calculation of the Poly-DIMTEST statistic if J is less than a
certain minimum size (typically the minimum size of .J; ranges from 2 to 20). Let K

denote the number of examinee subgroups included in the Poly-DIMTEST statistic.
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Let Ui(jk) be the response of the jth examinee of the kth subgroup to assessment item
1 and let r; be the maximum possible score for the ¢ assessment item. Thus, Ui(jk) =

{0,1,...,7;}. For each examinee subgroup k, calculate the following quantities:

m Jk
(k) _ k) k) _ 1 (k)
vy =3uP v _J—Ejyj
=1 k 7=1

1 1 1 1

. k - k « k . k
i =D UG, dia= 5 3PP dia= S (PP, dia= 3 (U
R fj(y““) ~ V"), and (3.12)
k — 7 ) :
Ik j=1
00y =2 (i — 7)) (3.13)
i=1

Step 3. For each examinee subgroup k&, calculate

Tre=05—0(p=2 ) Cov(Us;, Ui| Zpr = k) (3.14)
i<IEAT

where O/CTU(UZ', Ui|Zpr = k) is the usual covariance estimate of U; and U; conditioned

on the set of all examinees whose PT Subtest score is k.

Step 4. The asymptotic variance of T7, x, denoted as V}?, is given by

(frag — 68) — A
b)

VE = 7 (3.15)
where
L5y i) {
/14719 = J_k Z(Y] -Y )4 and /\4,k = Z(&Z’A — 4&2'73&2'71 — &?72 + 8&?71&2'72 — 4&;{1)
7=1 =1
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The DIMTEST statistic 77, is then given by

K
ket 1Lk

/K 2
k=1 ‘/k

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

T, = (3.16)

Adapted from Ramsey (1991) and Douglas (1997), the kernel smoothing procedure

requires four steps.

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 7, subtract the item score from each examinee’s adjusted total

score. Denote this value as T(—i,j) fore=1,...,n;75=1,...,J.

Step 5.3 For each item ¢, rank the TA(_M) values. Divide each examinee’s rank by J+1,

where J is the number of examinees. Denote this value as é(—i,j) fore=1,...,m;

j=1,...,.

Step 5.4.1 Define §) = [/41 for [ = 1,...,40 and define the bandwidth of the kernel

smoothing function as h = 0.9J7%2, If b < 0¥ < 1 — h, the ICRF estimate

A

P;.,(00) for each item i and category ¢ = 1,...,r;, is given by

ot —d,_, ;
R z }‘Izl’f< A 7))[(UUZQ)
Prg(61) = - : (3.17)

J 6’(1)—6’(_¢7 )

where the kernel function is x(u) = 1 —u?, Ju| < 1, k(u) = 0, otherwise.

Step 5.4.2. If 1) < h, define p = 01)/h and the new bandwidth as h* = k(2 — p).
Define v = 00 /h* and n; = (A_; ; — D) /h*. The ICRF estimate P, ,(8") for each
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item ¢ and category ¢ = 1,...,r;, is given by

iy &5 (v,m) 1 (Ui; = q)

P, (00) =
a(0) Y w5 (v, )

(3.18)

where the kernel function k*(y,7;) is defined as

(1 +n5)(y = n;) 1—7)\° (14
(1+77j)3 {1+5(m) ‘|‘1077] <(1+7)2)}, (319)

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

Step 5.4.3. If0) > 1 —h, define p = 1 —0") and the new bandwidth as h* = h(2—p).
Define v = (1 — 00)/h* and n; = —(6_;; — 00)/h*. The ICRF estimate P;(80)
for each item ¢ and each category ¢ = 1,...,r;, is given by equation (3.18) with

the kernel function *(v,n;) given by equation (3.19).

Step 6. Generate examinee responses to all test items using the estimated [CRFs from 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 For each item ¢, define the kernel smoothed estimate of ]32'70 as
Po=1-3F, (3.20)
g=1

For each item ¢, the value of P, ,(0;) = P(U;; = q|0;) for ¢ = 0,...,r; is calculated

by linear interpolating the kernel smoothed estimates obtained in Step 5. Thus,

A

o I 9]‘ § (9(1), then Pi7q(0]‘) = P%q((g(l))

o If0; > 019 then P, (0,) = P, (0149)
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o Otherwise, for 8= < 9, < 90,

A ! A 3 -1
Pz’,q(‘gj): [m Pfi,q(‘g())‘|‘ 1 - m Pz‘,q(e( ))

Step 6.3 For each item 7, define ]52'7,;(9]-) for g =0,...,r; to be

Let u be a value generated from the Uniform(0,1) distribution. Then

0 : O<u pi70(9]')

IN

UZ']' =

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

this statistic as Tg.

Step 8. To reduce the random variation in the Ty statistic, Steps 6 and 7 are repeated
N times and the average of the N Tl; values, denoted by T, is calculated. As both
the number of examinees and the number of items tends to infinity, Var(77) — 1
and Var(Tg) — 1/N and if the kernel smoothed estimates of the ICRFs are uniformly
consistent, Var(T,—Tg) — 1+1/N. Thus, the bias corrected Poly-DIMTEST statistic
is given by

T, —T
T=—t_—-° (3.21)

SN
If the kernel smoothed estimates of the ICRFs are uniformly consistent, the Poly-
DIMTEST statistic T' has an asymptotic standard normal under the null hypothesis
of unidimensionality as both the number of examinees and the number of items tends

to infinity. Thus, the null hypothesis of unidimensionality is rejected at level o if T' is
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larger than the 100(1 — a)th percentile of the standard normal distribution.

Remark: The adjustments made by Li to the calculation of the statistics V}? and 77,
and the use of weights in the bias corrected Poly-DIMTEST statistic T are no longer needed
with the new bias correction method. The asymptotic form of the Poly-DIMTEST statistic
produces a hypothesis testing procedure with Type I error rates near the nominal rate and
good power to detect multidimensionality present in test data. (See Section 3.5 for simulation

results.)

3.5 Monte Carlo Simulation Study for

Poly-DIMTEST

The purpose of this simulation study is to assess the performance of the new version of the
Poly-DIMTEST procedure. The simulation study is split into two parts according to whether

the data is unidimensional (measuring Type I error) or multidimensional (measuring power).

3.5.1 Type I Error Study

Examinee response data were simulated for the Type I error study using the three param-
eter logistic model from equation (1.10) for dichotomous items and the Graded Response
Model from equation (1.12) for polytomous items, with examinee abilities 6 generated from
the standard normal distribution. For dichotomous items, item guessing parameters were
generated from the Uniform (0.12,0.22) distribution. For all items, item discrimination pa-
rameters were generated by taking a = exp(z), where z was randomly generated from a
normal distribution with mean = 0 and variance = 0.25. The a values were then truncated
at (0.4,2.0). Ttem category difficulty parameters were obtained by randomly generating from

anormal distribution with a certain mean and variance based on the number of categories per

99



item. The mean, variance, minimum, and maximum values for each item category difficulty

parameter are given in Table 3.1.

Table 3.1: Mean, Variance, and Cutoff Values for b Parameter

category | parameter | mean | var | min | max
2 b 0.00 { 1.00 | -2.00 | 2.00
3 by -1.00 | 0.25 | -2.00 | 0.00
by 1.00 { 0.25 | 0.00 | 2.00

4 by -1.33 | 0.11 | -2.00 | -0.67
by 0.00 | 0.11 | -0.67 | 0.67

bs 1.33 | 0.11 | 0.67 | 2.00

bt by -1.50 | 0.06 | -2.00 | -1.00
by -0.50 | 0.06 | -1.00 | 0.00

bs 0.50 { 0.06 | 0.00 | 1.00

by 1.50 { 0.06 | 1.00 | 2.00

Six different combinations for the number of categories per item were included in the
Type 1 error study. For the first three levels, all test items had either three, four, or five
categories per item respectively. For the second three levels, three-fourths of the test items
had 2 categories per item (dichotomous) and the remaining one-fourth of the test items had
either three, four, or five categories per item respectively. The proportions used were chosen
to model the standardized test NAEP. For each of the six category levels, three different
levels for the number of items on the test were used (20, 40, 60).

For all Poly-DIMTEST runs, an exploratory linear factor analysis program using Pearson
correlations was used to calculate the second factor loadings for each test item (Nandakumar,
Yu, Li & Stout, 1998). The items in the AT Subtest were then chosen based on the size
and direction of the item’s second factor loadings. The number of items in the AT Subtest
was fixed at either n/4 or n/2 (see Stout, 1987, for details) or allowed to vary between each
trial according to the observed second factor loadings (see Nandakumar & Stout, 1993, for
details).

Three different levels were used for the number of examinees (750, 1500, 2000). The
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AT Subtest was selected using the first (250, 500, 750) examinees and the Poly-DIMTEST
statistic was calculated with the remaining (500, 1000, 1250) examinees respectively.
For all Poly-DIMTEST runs, the minimum cell size used in calculating the Poly-DIM-
TEST statistic was set to two and the number of resamplings of the data was set to N = 50.
All levels of the design: 6 item category levels, 3 item levels, 3 examinee levels, and 3 AT
size levels; were fully crossed giving 162 different unidimensional models. Each model was
simulated 100 times and the number of rejections of the null hypothesis of unidimensionality

is recorded in Table 3.2. The nominal rate of rejection is o = 0.05.

Table 3.2: Poly-DIMTEST: Type I Error Results

Items 20 40 60
category | AT size | vary 5 10| vary 10 20 | vary 15 30
J =750 0 11 2 4 2 3 6 1
3 J = 1500 2 3 3 4 3 2 3 4 4
J = 2000 0 2 3 4 2 4 5 2 2
J =750 1 1 2 1 0 4 0 2 1
4 J = 1500 1 2 1 2 3 1 2 2 1
J = 2000 1 0 2 0 3 3 2 3 3
J =750 3 3 1 4 4 1 6 5 2
5 J = 1500 5 11 3 2 3 5 2 1
J = 2000 0 3 0 0 71 1 3 2
J =750 T2 2 3 10 9 5 4
2-3 J = 1500 2 9 0 7 3 1 2 5 1
J=2000]| 4 9 3 4 2 1 3 1 4
J =750 0o 2 2 6 7 1 3 3 3
2-4 J = 1500 2 4 3 3 2 0 3 6 0
J = 2000 5 3 2 2 3 0 9 6 3
J =750 0 0 4 3 71 5 3 2
2-5 J = 1500 3 1 3 2 1 1 9 3 2
J = 2000 2 2 3 1 11 4 1 2

3.5.2 Power Study

Examinee response data were simulated for the power study using the two dimensional

version of the three parameter logistic model from equation (1.11) for dichotomous items
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and the two dimensional version of the Graded Response Model from equation (1.17) for
polytomous items, with examinee abilities generated from the bivariate normal distribution
N(0,0,1,1,p) where p = 0.3 or 0.7.

Three different two dimensional models were used for the ICRFs: simple structure, ap-
proximate simple structure, and no structure. Let 3; denote the angle between the ¢th item’s

direction of best measurement and the 0, axis as shown in Figure 3.1.

Figure 3.1: Angle for Power Simulations

0,

tem 12

b o,

For the simple structure model, half of the test items were randomly chosen to have
G; = 0°, while the other half of the items were assigned 3; = 90°. For the approximate
simple structure model, half of the test items were randomly chosen to have 0° < 3; < 20°,
while the other half of the items were assigned to have 70° < 3; < 90°. The particular
value of 3; for each item ¢ was generated from the Uniform(0,20) or from the Uniform(70,90)
distribution respectively. For the no structure model, the angle 3; for each item ¢ was
randomly generated from the Uniform(0,90) distribution.

The item parameters for the ICRF's varied depending on the particular two dimensional
model. The item discrimination parameters a;; and a;; were determined for each item 7 by

the relationships

a;1 = a;cos(;) and a;9 = a;sin(3;),
where a; = exp(z) with z generated from a normal distribution with mean = 0 and variance
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= 0.25. For all two-dimensional models, the item category difficulty parameters for each
dimension were generated from a normal distribution with means, variances, minimum, and
maximum values given in Table 3.1. For dichotomous items, the item guessing parameters
were generated from a Uniform (0.12, 0.22) distribution.

Six different combinations for the number of categories per item were included in the
power study. For the first three levels, all test items had either three, four, or five categories
per item. For the second three levels, three-fourths of the test items had 2 categories per
item (dichotomous) and the remaining one-fourth of the test items had either three, four,
or five categories per item. For each of the six category levels, three different levels for the
number of items on the test were used (20, 40, 60).

To select the AT Subtest, three different methods were used. The first two methods used
an exploratory linear factor analysis program using Pearson correlations to calculate the
second factor loadings for each test item. The first method allowed the number of items in
the AT Subtest to vary between trials according to the observed second factor loadings, while
the second method fixed the number of items in the AT Subtest at n/2. The third method
used a confirmatory approach to determine the power of the Poly-DIMTEST procedure when
the AT Subtest is correctly specified for each trial. For the third method, all items with 3;,
the angle between the item’s direction of best measurement and the O, axis, greater than
45° were placed in the AT Subtest.

Three levels of the number of examinees were used in the study (750, 1500, 2000). For
the two methods of selecting the AT Subtest based on the factor analysis program, the first
(250, 500, 750) examinees were used to determine the AT Subtest and the remaining (500,
1000, 1250) examinees were used to calculate the Poly-DIMTEST statistic respectively. For
the confirmatory method of selecting the AT Subtest, the first (250, 500, 750) examinees
were ignored and the remaining (500, 1000, 1250) examinees were used to calculate the
Poly-DIMTEST statistic respectively.

For all Poly-DIMTEST runs, the minimum cell size used in calculating the Poly-DIM-
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TEST statistic was set to two and the number of resamplings of the data was set to N = 50.

All levels of the design: 3 two-dimensional models, 6 item category levels, 3 test item
levels, 3 examinee levels, 3 AT Selection methods, and 2 examinee ability correlations; were
fully crossed, giving 972 different two-dimensional models. Each model was simulated 100
times and the number of rejections of the null hypothesis of unidimensionality is recorded in
Table 3.3 for the simple structure model, in Table 3.4 for the approximate simple structure
model, and in Table 3.5 for the no structure model. The nominal rate of the rejection is o

= 0.05.

3.6

rom Table 3.2, the average Type error rate for the new oly- TEST procedure over
all 162 unidimensional models is 2.65 . The results also show the new oly- TEST
procedure wor s e ually well on average for all three test levels average Type error rate
for 20 items: 2.26 , 40 items: 2.46 . and 60 items: 3.22  and for all six category levels
average Type error rate for 3 categories: 2.00 . 4 categories: 1.22 | 5 categories: 1.92 |
2-3 categories: 2.61 . 2-4 categories: 2.31 , and 2-5 categories: 1. 6 . The Type error
results are also very similar for the three different si es for the AT Subtest simulated average
Type error for 4: 3.02 , 2: 1. 7 , and when the si e is allowed to vary: 3.02
rom Table 3.3, the rejection rate of the oly- TEST procedure is at or very near
100  for all levels of test length, number of categories per item, examinee si e, selection
method for AT, and correlation between examinee abilities when the test has two-dimensional
simple structure. rom Table 3.4, the rejection rate of the oly- TEST procedure is at or
very near 100 for all levels of test length, number of categories per item, examinee si e, and
selection method for AT when the test has two-dimensional approximate simple structure

and the correlation between examinee abilities is 0 3.
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