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MicroCAT and BILOG 2

Abstract

This study reports the results of an investigation into the accuracy and efficacy of item
calibration schemes used by two commercially available personal computer prograins, BILOG and
MicroCAT, when used to calibrate a test that is currently used in nigher education. A calibration of
1000 randomly selected students’ responses to a 72 question math exam taken by all freshmen
entering a large Eastern research university was performed nsing various available options of the
two programs. A comparison was made between the calibration schemes concerning the
parameters determined, item fits, and the resulting ability estimates. High agreement was found
between the programs in item parameterization. BILOG appeared to provide a better fit to the
chosen parameterization model in the 2- and 3-parameter cases. Estimation of abilities was also
quite similar; differences encountered were more pronounced in the estimation of the ability of low
scoring examinees. The effect of using a sample with all responses complete as contrasted with a

sample containing omitted rc:sponses appeared to be quite small regardless of program used.
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Statement of the Problem

For decades, Classical Test Theory (CTT) has been a useful tool that has allowed
psychometricians to characterize tests and test items. Still, according to Hambleton and
Swaminathan (1985), there are many documented shortcomings of this theory. Item Response
Theory (IRT) addressed these problems. It has been gaining acceptance in educational testing
because it provides more adaptable and effective methods of test construction, analysis, and
scoring power. IRT in its simplest form treats test items as small, interchangeable units of test
construction and scoring (Mislevy and Bock, 1990).

The estimation of the item parameters, discrimination (a), difficulty (b), and guessing (c),
must be accomplished in order to describe each iten. Although these parameters are characteristic
of each item, their estimation is tied together with the ability of the test taker (©). These four
variables are latent in that they cannot be directly measured. They must be inferred through some
mathematical calculation. The only measurable characteristic is the test taker's answers to a series
of questions, u, where u is a response vector the length of which equals the number of test items.
Finding the parameters © for the test taker and a, b, and c for the item is termed the problem of
"joint estimation of parameters.” This problem is so named because all the parameters must be
estimated simultaneously.

Three different logistic models are assumed. The most general, called the 3-parameter
model involves the estimation of all 3 structural parameters (a, b, and c). The 2-parameter model
fixes ¢ at O and the 1-parameter or Rasch model fixes c at 0 and a at a constant value.

This study compares the solutions to the problem of joint estimation of parameters as
operationalized in the commercially available programs, BILOG and MicroCAT. This comparison
may help practitioners choose calibration programs for use with real data. Specifically, the
following questions are addressed.

1. Are there differences in the estimated para:neters computed by the two programs?
2. Do the programs produce similar pararaeter estimates in the presence of omitted answers?

3, Do the programs differ in the estimated ability of subjects in each sample?
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4. Do the goodness-of-fit statistics of each program identify the same items for possible deletion

from the test?

Theoretical Description
Calibration

MicroCAT uses two different programs to estimate item parameters: RASCAL for Rasch
calibration and ASCAL for 2- and 3-parameter calibration. RASCAL is based on the Wright anc
Stone (1979) general unconditional calibration method. This method is conceptually simpler than
other computational methods because the problem of insufficient statistics is avoided. Several
modifications and enhancements were made to RASCAL to make it more consistent with the 3-
parameter model. Most noticeable is the option to standardize either the item difficulties to a mean
of 0 in the historical Rasch fashion or to scale the ability distribution to a mean of O and standard
deviation of 1. If standardization of item difficulties is chosen, a correction for bias is applied
(Wright and Stone, 1979). One can show by plotting the two different scaling procedures that one
scale is simply a linear transformation of the other.

ASCAL uses a combined maximum likelihood and modal Bayesian procedure (Vale &
Giallucia, 1985) to estimate the 2- and 3-parameter solutions. The item parameters are estimated
through an iterative procedure. Initially, normal-curve approximations are used for the
discrimination, difficulty, and ability parameters (Jensma, 1976) and the reciprocal of the number
of response alternatives is used for the guessing parameter (if applicable). A Bayesian adaptation
of Lord's (1974) maximum likelihood equations modified to allow a normal Bayesian prior for
ability and a beta prior distribution for the a and ¢ parameters is used to provide the final parameter
estimates.

BILOG 3.04 (Mislevy & Bock, 1990) uses the calibration method of marginal maximum
likelihood (MML). Bock and Lieberman (1970), Bock and Aitken (1921), and Hartwell, Baker, &
Zwarts. (1988) suggest that the process of estimation of parameters can be improved if the ability

parameter (©) is removed s0 that the process can concentrate on the structural parameters (a, b, and

c
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c). Removal of the ability parameter, called the incidental parameter by Hambleton &
Swaminathan (1985) allows the likelihood function to be expressed only in terms of the structural
parameters (a, b, and ¢). The probability of one examinee obtaining a particular response vector,
u, is:

N
L(ul®,ab,¢)=]P"Q"™.
t=1

If the distribution of © across subjects can he defined as g(®), it follows that integrating across all
© allows the resultant to express the unconditional likelihood (in terms of @) of response pattern U
which is commonly referred to as the as the marginal likelihood (Hambleton & Swaminathan,

1985),

= N
L(u,@labe)= [ [[P"Q"™g@©)¥O =1,

le izl
In general, the integral cannot be expressed in closed form, but can be solved for as accurately as
desired by using the Gausian Quadriture formula (Mislevy & Bock, 1990).

Since there are 2N response patterns for the N binary items, the overall likelihood function
can calculated. To avoid the problem of small numbers, this function is expressed as a log:

ZN
In[L(ula,b,c)]=k + rjzln(ﬂj),
J=1

where Iy = the number of examinees obtaining response pattern u; (Hambleton & Swaminathan,
1985) and k= a constant.

The marginal maximum likelihood estimators are obtained by differentiating this function
with respect to the parameters a, b, and c. Then the resulting system of equations must be solved.
The EM algorithm (Dempster, Laird, & Rubin, 1977) and Newton-Gauss (Fisher scoring)
methods are used in the solution of these equations (Bock & Aitken, 1981: Thissen, 1982).

A Bayesian procedure called marginal maximum a posteriori (MMAP) can be used to
constrain the parameters to keep them from exceeding allowable limits. This is done through the

specifying of prior distributions similar to other Bayesian approaches (Mislevy, 1986; Tsutakawa

& Lin, 1986).
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Goodness of Fit

Goodness of fit of the model is evaluated in both programs by the calculation of a
likelihood-ratio chi-square statistic. The evaluation of each item within the context of the fit of the
model can be used as an aid to determine whether an item is so ill fitting that it should be discarded
from the test.

RASCAL and ASCAL compute a Pearson chi-square statistic (Bock, 1975) to test for lack
of fit. Expected frequencies calculated from marginal frequencies and observed frequencies are
tabled for each of 20 or fewer fractiles. The usual formulas are used to compute the statistic after
collapsing the fractiles to assure that there ar" at least five examinees per fractile.

For long tests such as the one used in this study, BILOG 3.04 (Mislevy & Bock, 1990)
computes a likelihood-ratio chi-square statistic that is used to compare the frequency of correct and
incorrect responses in ability intervals with those from the fitted model at the mean interval, Oy,
The expected a posteriori (EAP) estimate with the same priors used for calibration is used to
estimate the abilities (©). The Os are then rescaled so that the variance of the sample distribution
equals the latent distribution on which the MML estimation of item parameters is based. The

number of subjects responding correctly in an interval are tallied and a likelihood-ratio chi-square

statistic used to compare the resulting frequencies of correct and incorrect responses.

Ability Estimation

Both MicroCAT and BILOG use 3 different methods to calculate ability based on the
parameters as determined in the calibration phase. They are: modal Bayesian, maximum
likelihood, and expected a posteriori Bayesian (EAP) methods. Although not identical in the way
that they are operationalized, they are quite similar in their theoretical foundations. A fuller

explanation can be found in Hambleton and Swaminathan (1985).
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Design

Instrument

The instrument used in this study was the mathematics subtest of a multi-purpose
placement test administered to all new undergraduate students as part of a freshman testing,
counseling, and advising program. |

The mathematics subtest is composed of 72 multiple choice questions that assess basic
mathematical skills such as manipulation of numbers, reading graphs and tables, performing
simple calculations, and using algebra, analytic geometry, trigonometry and calculus. Student
answers are recorded on a special form that is scanned. Performance level on the test is used to
guide students in their initial selection of mathematics courses.

Administration

Data for the math subtest was used in the parameterization. The exam was administered to
groups of admitted students over the course of several months using uniform procedures. Time
allowed for the test gave approximately 70 seconds per question (Examiner's Manual, 1992) which
was sufficient for all students to attempt all questions (Leonard, 1992). Missing responses are
therefore regarded as wrong instead of "not reached" for purposes of item calibration . A total of
14,914 students took the exam in 1991, however only 1921 students answered each item.

Data

Since one of the objectives of this study was to investigate ine performance of the systems
with and without omitted responses, two data matrices were formed. A sample of 1000 students
was randomly drawn from each of two populations: the entire 14,914 cases and the 1,921 cases
that had no responses omitted. This provided two data matrices of size 1000 cases by 72
responses, termed the samples with “complete responses” and "omitted responses."

Item Parameterization

The data were properly formatted for each program and run using the following program

and computer combinations:

A. BILOG 3.04 (Mislevy & Bock, 1990) was run on an IBM Model 70 386 PC.
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B. RASCAL 3.5 (1992) and ASCAL (MicroCAT, 1989) were run on a Unisys PW80 386
PC.

RASCAL used abilities scaled to a mean of 0 and a standard deviation of 1 so that those
estimates are consistent with 2- and 3-parameter estimates. Expected a posteriori (EAP) estimates

of ability were used for both MicroCAT and BILOG calculations because of the attractive statistical

properties of this estimate (Bock and Mislevy, 1982).

Results
The analysis of results is organized into three parts: comparison of item parameter
estimates, comparison of ability estimates, and comparison of item fit statistics. For each part, the

results for each combination of model and sample are examined using SAS procedures (SAS,

1991).

Comparison of item parameter estimates

Table 1 contains descriptive statistics for item parameters as well as the correlation between
the MicroCAT and BILOG estimates for each sample (complete responses and omitted responses)

for the Rasch and 2 parameter models. Table 2 contains similar information for the 3 parameter

model.

Iusert Table 1 about here

Descriptive statistics for MicroCAT and BILOG estimates are nearly ideatical for the Rasch model.
For the two parameter model there is close agreement between the two programs for the
sample with omitted responses, but less so for the sample with complete responses. In this latter
sample, for example, the two estimates of discrimination correlated .93 while those for difficulty
correlated .91.
For the three parameter model data contained in Table 2, the two estimates of discrimination

and guessing each correlate about .90, while the difficulty parameter estimates correlate about .94
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for the sample with complete responses indicating some disagreement between MicroCAT and

BILOG estimates. For the sample with omitted respenses, these correlations are somewhat higher.

Insert Table 2 about here

Of note also is the high degree of skewness in the distribution of BILOG estimates relative
to MicroCat estimates under certain conditions. BILOG estimates of item difficulty in the 2- and 3-
parameter model for the all responses completed sample and of the guessing parameter for both
samples (applies only to the 3-parameter model) showed a much more highly skewed distribution.
In each case the direction of the skewness for difficulty is negative while it is positive for guessing.
A close examination of the distributions revealed that just three extreme values led to the skewness.
MicroCAT uses both an upper and lower bound on these estimates and so eliminates the effect of

outliers while BILOG does not. The large values observed for skewness for the BILOG estimates

are a direct result of this difference.

Comparison of ability estimates

Table 3 displays descriptive statistics for each sample and model for the ability estimates.

Insert Table 3 about here

In addition, the correlation coefficients between the two estimates and between the raw score
and each of the two estimates are also tabled. The mean and standard deviations are constrained to
0.00 and 1.00 respectively, so it is not surprising to observe values in these indices that are very
similar for the two systems. There is remarkably high agreement between the BILOG and
MicroCAT estimates as evidenced in the correlation coefficients equal to or very near 1.00 between
the two estimates of ability and between the estimates and the raw score of the test takers. The
correlations are quite high for the 1,2 and 3 parameter models and for both samples alikz.

Careful examination of ability estimates plotted against raw score, however reveals regions of the

10
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distribution where agreement between BILOG and MicroCAT is lower than one would be led to
believe if only correlations were examined.

The relationship of the BILOG and the MicroCAT estimates with raw score is plotted in
Figures 1 through 6. In each of these figures two plots are given side by side. The first plots the
BILOG estimate against raw score while the right-hand plot in each figure plots the MicroCAT
estimates against raw score. Figure 1 contains the plot of ability against raw score for the
estimates based on a Rasch model and for the sample with omitted responses. Figure 2 plots
similar data for the sample with complete responses. - In both of these figures, it is evident that the

relationship between ability estimates and raw score is very nearly linear and close to identical for

MicroCAT and BILOG.

Insert Figures 1 and 2 about here

Figures 3 and 4 contain the plots for the 2 parameter model solution for omitted response
and complete response samples respectively. Comparing the two figures, similar trends are
evident. For each sample, the BILOG estimates appear to have a more nearly linear relationship
with raw score than do MicroCAT estimates although this difference is not large. The shapes of
the bivariate plots for BILOG and MicroCAT estirates are very similar when they are compared

across samples indicating that the presence of omitted responses apparently did not affect the nature

of the relationship of ability estimates with raw score.

Insert Figures 3 and 4 about here

Figures 5 and 6 display the bivariate plot of ability estimate from a 3-parameter model
against raw score for the omitted response and the complete response samples, respectively. In
these figures the BILOG ability estimates exhibit a more nearly linear relationship with raw score

than do the MicroCAT estimates though the difference is pot large. As with the 2 parameter model,

i1
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the presence of omitted responses did not change the relationship of ability to raw score for either

prograrml.

Insert Figures 5 and 6 about here

Comparison of Fit Statistics

Each procedure reported the value of a chi-square test statistic and its degrees of freedom
for each test question. This statistic reflected the goodness of fit of the model to actual response
data for each test question. In each program. the sample was divided into categories of equal size
based on estimated ability. The proportion of examinees in each category who correctly and
incorrectly answered each question are tabled. Expected values were calculated from the marginal
values of this matrix. Large values of the chi-square statistic indicates a poor fit. Users of these
programs examine these data to help identify items for deletion in a procedure aimed at improving
the overall fit of the model to the response data.

Table 4 shows the numbers of items identified as "ill-fitting" for each program using a
value of the chi-square test statistic that is significant at a p of .01. Applying this standard to both
MicroCAT and BILOG gave an idea about how the two systems compare in identifying items for

possible deletion from the test. The pattern was well-defined.

Insert Table 4 about here

For both the omitted response and the complete response samples, both programs agreed
on the suspect items in approximately two-thirds of the items for the Rasch model. For the other
models, one-third to one-half of the items were identified as "ill-fitting" by both programs. In
general, BILOG seemed to give an impression of fitting the data better than MicroCAT does, since
it identified a smaller number of suspect or weak items. The two programs differed to some extent

in how ability categories were determined. These differences may have contributed to the

4
[
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differences seen in chi-square test statistics. These differences between the two programs were

relatively small for Rasch models, but more pronounced for 2- and 3-parameter models.

Conclusions and Implications

It was not surprising to discover imprecision at low ability levels since this has been a
rather consistent finding in the literature. It was not surprising, either, to discover a relatively high
level of agreement between BILOG and MicroCAT in estimating both item parameters and ability
since the number of items is not especially small and the samples were relatively large. Differences
between the two methods of making estimates are expected to produce differences when the
number of items is small and the sample of examinees is small. In these situations, it is expected
that BILOG would product be;ter estimates (Mislevy and Stocking, 1989). What was surprising
were the differences found in the estimates of ability of low scorers and the different decisions that
would be taken in deleting items using a common cutoff value.

Based on the data and this research, the two programs appear to perform equally well for
Rasch calibration. When 2-parameter calibration was chosen, BILOG appeared to show a more
linear relationship with raw score, while the opposite was true for 3-parameter calibration. These
differences were small with both programs showing high linear correlations. Choice of sample, all
response or omitted response, showed no effect on the result.

When compared using the goodness of fit criteria, the BILOG program appeared to fit the
data better than the MicroCAT program. For or the Rasch calibration, both programs agreed that

most of the items were ill-fitting; thus for these data, Rasch calibration would not be suitable.

Recommendations for Future Research
Further research into the conditions surrounding the apparent reversal in the ability
calculation for low ability students. Additionally, this research should be extended by deleting
items as suggested by the goodness of fit criteria for each sample and model combination and then

comparing the estimates of parameters and ability.

S
Q2
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Table 1

Comparison of item parameters

parameter Mean Std. dev. Skew. Pearson r

One parameter(Rasch) model

Sample with omitted responses

b(difficulty) MicroCAT 0.13 1.01 -0.68 1.00
b(difficulty) BILOG 0.16 1.08 -0.70

Sample with all responses complete

b(difficulty) MicroCAT -0.29 1.05 -0.65 1.00
b(difficulty) BILOG -0.28 1.15 -0.68
Two parameter model

Sample with omitted responses

a(discrimination) MicroCAT 0.83 0.37 1.30 0.98
a(discrimination) BILOG 0.77 0.32 1.00
b(difficulty) MicroCAT 0.21 1.05 -0.27 0.99
b(difficulty) BILOG 0.20 1.15 -0.64

Sample with all responses complete

a(discrimination) MicroCAT 0.84 0.36 0.94 0.93
a(discrimination) BILOG 0.79 0.33 0.71
b(difficulty) MicroCAT -0.21 1.02 -0.27 0.91
b(difficulty) BILOG -0.26 1.38 -2.61
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Table 2

Comparison of item parameters

parameter Mean Std. dev. Skew. Pearsonr

Three parameter model

Sample with omitted responses

a(discrimination) MicroCAT 1.25 041 0.29 0.97
a(discrimination) BILOG 1.23 0.43 0.27
b(difficulty) MicroCAT 0.46 1.00 -0.84 0.99
b(difficulty) BILOG 0.45 1.02 -1.15
c(guessing) MicroCAT 0.16 0.07 0.33 0.94
c(guessing) BILOG 0.13 0.07 1.20

Sample with all responses complete

a(discrimination) MicroCAT 1.22 0.45 0.65 0.90
a(discrimination) BILOG 1.77 0.40 0.17 -
b(difficulty) MicroCAT 0.12 1.12 -0.37 0.94
b(difficulty) BILOG 0.06 1.26 -2.07

c(guessing) MicroCAT 0.16 0.07 0.52 0.90
c(guessing) BILOG 0.17 0.08 1.35

ERIC 17
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Table 3

Comparison of Ability Estimates (Theta)

Correlation
mean Std. dev. Skew.| #correct  between meth.
One parameter(Rasch) model
Sample with omitted responses
EAP MicroCAT 0.00 0.93 0.63 1.00 1.00
EAP BILOG 0.00 1.00 0.62 1.00
Sample with all responses complete
EAP MicroCAT -0.01 0.93 0.53 0.99 1.00
EAP BILOG 0.00 1.00 0.51 1.00
Two parameter model
Sample with omitted responses
EAP MicroCAT -0.02 0.98 0.13 0.9¢ 0.97
EAP BILOG 0.00 1.00 0.74 0.99
Sample with all responses complete
EAP MicroCAT -0.00 0.97 0.05 0.98 0.98
EAP BILOG 0.00 1.00 0.63 0.99
Three parameter model
Sample with omitted responses
EAP MicroCAT -0.01 0.95 0.80 0.99 0.97
EAP BILOG 0.00 1.00 -0.02 0.97
Sample with all responses complete
EAP MicroCAT -0.01 0.95 0.67 0.99 0.97
EAP BILOG 0.00 1.00 -0.12 0.98

'8
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TABLE 4
Number of Items Identified as Candidates
for Deletion based on Criterion of
£hi-Square p<.0l1
Data Set All Responses Omitted Responses
Parameter | 2 3 1 2 3
=1\£odel

Program

Both 34 6 0 32 11 2
BILOG Only 12 2 0 11 3 2
MicroCAT Only 5 10 7 4 7 2
Total 51 18 7 47 21 6




_ . OMLYPLTL.MI 10-12-22 10:3ta — Rage 1 0f 1

Y
JAMPLE: omitted xesponses - 1 psramater modal SAMPLE; omitted rssponses - 1 parameter model
plot of BILOu abillty agalnst raw score(z) plot of MICROCAT ability ageinst raw score{z)
Lagand: A = 1 obs, B =~ 2 obs, eto. Legend: A = )1 obs, B = 2 obs, eto.
I 2 i
) c 1 a
3¢ A 3t c
| < 1 A ov!
} J i c st
3 gQ
1 ¥ i =4
! EB | v -
| 3 1 %8 o
2 % DG Z 4+ L —
1 (2] { D J |
I kG H 1 [~'3
! uHy I ] HRG g..
1l GXL c i ) 0.
! z R 1 HCGX —_
1t uIT o 1 ¢ P <
I L [+ i k39 <
B | ™ a i na P
I ! KRE T H RRR
L | MZ { K E?
o i vY a | v <
G 0 ¢+ vis B 0+ vis
1 2z b 1 2z 2
A | N L 1 P 8
B | 122 1 { T2
1 ] z T | zz :(-3
L | zz ¥ | 2z
I -1+ Yz A1 Uz o]
T 1 U | 3 g
X | o i JI (2]
| Jt | G =
{ K 1 oD
1 o4 ] ¥ g
-2 4 [ -2 c Q
[N
! ! A 4]
I A | A o
| A ]
\ | A o
I A 1 3
3+ -3 a
R T ik e B enhl CEE L EL T LY L et pmmmmmm +- EEX T LR LR pmmmmmmm——- o e pmmmmm o m - +- te')
-3 -2 -1 4] 1 2 3 -3 -2 -1 0 1 2 3 Q.
HRaw scure(x} Raw soore (x) (? g.
(]
HOTK. 153 obs hidden. HOTK: 146 obs hidden. '8 g
5 9
» -
a . |
w
5 8
:
- - - e m e mm e e —
O
) o) - - s e - - . - 4
¢ 200 : b

ERIC

Aruitoxt provided by Eic:




— i .  ULIRLIAALL . 10-12-92 _2105a

—— Rage 1. af. 1
SAMPLR: complete cesponses - | paremetar model
plot of BILOG abllity ageinst raw score({z) SAMPLR: complete rssponses - 1 parsmster modsl
Plot of MICROCAT ability against rew score(z)
Legend: A = | cbe, B = 2 abse, eto.
Legead: A = 1 cha, B = 2 obs, eta.
I
] i
34 1
] R 34
! o ! Ty
] I ? 0,.5.
! D | [
| D | D o]
1 L } D U
24 J M ] D N
{ N I 2+ 1
B } oF ¢ }
1 { o R 1 N g
L ] oL [} | oy =
4 | T [+ 1 Q =
a 1 » A i oL «
1 vo T I °T <
{ XL 14 oK [
A | QL A 1 LV
B | XoL B ] X gj
1 } 1Y 1 { oLQ <
L | XR L { VX
1 | RO 1 { 13 2]
T 0+ arw T I ROX 8
b4 1 w Y 0+ P =
{ W ] v o
| 27y ) YHH
| 2Y I T2 ~
| zz 1 12Y a
| vz I 22 ¢
-1t aw 1 WY =
I w -1 ¢ tvq 2
1 PL t PL §
1 IH | I o,
1 ne 1 HL o
) GD 1 D fani
f 8 { BG
2+ ac | ac ‘—Z‘
I -2+
1 1 o]
I ERRl SEEEEEEEE [ RE e Hmm oo tom e o - 19
1 -1.959 -1.2¢68 -0.517 0.114 0.805 1.496 2.187 2 .
l S
1 Raw score (z) =] 8
o 2 O
R R mmem e #mmmm e - - A= -~ NOTR: 26 abe hidden. 17 >
-1 959 -1 268 -0 517 0.114 0 805 1.496 2.187 =
Raw sovce (zx} g
HOTR. 26 obe hidden. ;
: T - 8
‘e T ’ T e T €1 3
\) - £

ERIC

Aruitoxt provided by Eic:

EEST COPY AVAILABLE




O

ERIC

Aruitoxt provided by Eic:

aormw

< e D>

HUTK,

L e . OMLYRLIZ.0MI 19-12-92 10Q:i3de _

Raga 1l af 1

SAMPLE; omitted responses - I pPerameter model
plot of SILOG ablility eyeinst rew score(z)

Legend: A = 1 obs, B = 2 obs, sto.

H A
t [+
{ A
+ B
| ¥a
| J
{ B
1 cca
i AG
+ AC B
H 22:
] BACR
] DHOBA
{ cFCXB
§ AFQAD
+ FFXJ
§ ARDMBC
1 DGYHHA
i IGIHK
| ADHYCRCA
i ARSPCDA
+ AJMHQES
] A FHMZFGD
i A K2KLJB
1 FLPZDA
i CHRIGFC
i BUPQG
+ CHlIZCAA
| M QING
] BRNCA
] 1IFDA
i ABBA

I ADB
t BA

| A
i A

|

|

|
+ A

Spmemom e 4mmmmm e $ommmmmmm e 4ommmmm o pommmmmeme- $m - emmm e +-

-3 -2 -1 o 1 2 3

Raw score(x}
37 wbs hidden.
1
P §

HrPQPOAIT

DR BN N

SAMPLE: omitted responses - 1 parameter model
plot of MICROCAT ability egelnst rew sgore(x)

Legand: A = 1 cbs, B = 2 cbs, eto.

A

AB

A
Ak
]

J
BBA

[~ ]
ACK

AHDA
A RFOF
BCENB
ARRCFA
AIFLI
ACCHCJBC
BCFCYDHA
ABQRGIIA
FGIN CC
BAFIRCDCA A
A A BMGJIRHAA
A ARDFIRGECA
BBCLJINCCCA
AR RCBREFTR
DASFHIWCCE
BCHCIMBEGA AA
A CBCDCPJIBBR
ABBIIFQIACE
AMACABEGRHAM
CAFBRICCC
ABCABDBAIB B

Haw soore ({x)

e o e g e ————— e e Gubtoah ok o e 8 T CC

&0
(g

sosuodsay ponwiQ ‘[SPOIA Ted-T ‘100G MEY SA Anpqy - € 9m3yg

17 D049 pue LVOORIN




SOt wB

<A

w

~

-

SAMPLR

. OMLYRLT2.MLL 10-12:92_ 12:34a.

complete reeponses - 2 perameter model

plot of BILOG abllity aginst raw score(z)

Legend: A = 1 wbe, B =~ 2 cbs, eta.

I
+ B
{ A
| BB
I a
\ A
| HBA
\ ACHA
+ ®G
| ¥DH
| cun
| AGIA
| BHCRD
| RJUD
1 ORICDC
t DIF A
{ AAFGSD
| ABBJUEAC
| CKFIDC
| A CDKJF B
} CBKGJIGEAR
{ BRIJTKCDA
o+ DFIJECBA
! BEBIONFBO
i CHJFOTKBC
| CB RFKJIRAA
| AADEMINIGA
! CRNP XQM0D
| ABOIIKDBEA
+ A BGJIGKCAA
| cunpIy
| A ECIGAR
| BARUAA
|  ARABARVBA
} ACDA
{ aAB
v A
|
|
|
|
f
!
3
g 4o mm o 4mmmmm e [EEEECEEEE o= po—mmmm e t--
-1.959 -1.268 -0.517 0.114 0.805 1.496 2.187

Raw snore(z)

oy

‘et

O

ERIC

Aruitoxt provided by Eic:

P NOXWONEK

MR e

o

~

-

Rage 1. 0f 1

(-]
e e e e o o ———— o

+

|
|
|
!
|
t
+
i
|
|
|
|
!
+
|
|
!
I a
| A
|

+
e
-1.93%

SAMPLR: complete responees - 2 perameter uodel
plot of HICROCAT ability against rew score (z)

Legend: A =~ 1 cbe, B = 2 cbe, eto.

[
A
AC
A
A
DBA
ARCB
CDR
DBIA
CGICA
BFCGGBA
ACKKHBA
RLXHCC
ccGlIc
RBEFKGDAA
DIMIRCR
ACLJJIFC
BDITIJINBS A
CDGKIHBER A
BOEDING C
CDGRLOHCBAM
DCBFFLJIDBO
ARRFINNJICBB
AAOKILCE C
AARFGICKBR
A ABFCFFIDOB
ARCDAFRCA
ARSHRGBDA A
CCCCDOCDAMN
ABARHC EA A
ABDS BA
8 CADAABA
BAABBB A
"B
AR A
A AR
A A
A
+ + o o m e o m o= -
9 -1.268 -0.577 0.114 0.80% 1.496 2.187

Raw socre{x)

BEST COPY AVAILABLE

Frr— v

~Z

sosuodsay NIV ‘19PN IS1oWRIed-T ‘A0S MTY SA fmiqy - ¢ andig

7T 50714 pue LVOORIN




O

ERIC

Aruitoxt provided by Eic:

DOoOrne

o H D>

HUTE

OMLYRLTI.OMX 10-12:-92 . 10:d7a.

SAMPLR: omitted responses - ) paramster madel
plot of BILOG ability eysinst rew scors(z)

Legend: A =~ 1 obe, B = 2 obs, eta.

|

+ A

|

| B

i AR

| A

{ kB

| b4

[} BAB

I AICA

| ABC

{ AMDA

| ALSDI

{ ADCGB

{ AMCFA

+ AABP1SP A

1 ABIED

{ CAFVHYDR

| ADZHKIL

] ADIFDAA A

{ AADQTACA

{ AACTCQPFR

+ A DFINDOC

i A BTHKIC A

i DUHXFCOA

| BRUKIUMAA

1 EBIOCEKA

| CCJIDOOBCD

1 A CBDGGHJAA

¢ BBCCHRC

I BD DHBDB

| AC DCBKA B

1 ABBFFAAAS

| RBD AFACD B

] AR AACBCA A

i B BBAAB

¢ AA B CAAA

H AR A B A

| AM B A A

{ A

1 A

| AA

I

]

JE L LEE DR LI L - m o= P I et +-
-3 -2 -1 [4 ) 2 3

Raw score (z)

2 obse bidden

Sdr»r00D0ORE

-1

o H =D

HOTR:

Page 1 of 1.

SAMPLE: omitted responses - 3 perameter model
plot of MICROCAT ability egainet raw score (z)

Legendi A = 1 obs, B = 2 obe, ato.

I

1 A

] [+]

+ BA
| B

I GA

1 a

| R

| 1B

+ AAB

i ABBA

| BJBA

| arce

I ADSMA

| CKCD A

+ RRKR A

1 A BIDR

| ADILHR A

| ECLKYAB

| CFLGDCC

i CIKRRAM

¥ AIMOZKE

1 A EGLZFHE

i B DZLMKC

| BNOUZDA

| ADIPZDBC

| EFZPQG

+ A JRHYBA

} ccTIic

1 RBDEA

1 AREB

| ADC

1 BB

+ A

i A

]

|

|

| A

+

e L #mmmmmmm - pommm— - o o - +-
-3 -2 -1 0 1 2 3

Raw scdors(z)

30 obs hidden.

BEST COPY AVAILABLE

INiwev LA

sasuodsay pantwQ ‘[OPOIN Jed-g 91008 MTY SA Anpqy - ¢ a3y

€Z DOTId pue LVDORIA




O

ERIC

Aruitoxt provided by Eic:

DO wmBD

P RN -

1
!
I
1
|
+

]
|
!
)
|
|
)
I
!
i
!
!
]
t
|
i
]
|
|
I
t
|
|
|
I
i
i
+
!
|
1
|
|
i
+
I

OMLIPLII.ALL 10-12-32 _3Q:éla . e ——— -

SAHPLR: complets responses - ) parameter model
plot of BILOG ability egeinst rew soore (z)

Legend: A = L cbs, B - 2 obe, eto.

B
c
A
Ac
cc
BID
GH
[~ %]
asm
AFTGE
ADMI
DRLGBA
ceaimn
FCGLUD
BFFHQAQLDBA
AOBGFFDA A
BRKGIIFB
ABRIGIIGES A
A CCGICRRAB
BKCF JUFCB
DCDHGHICOB
ABFFHGGGDB
AMIIKCG A
ABEGKDKRO
ACEBEFDBDA
A ABCAGADC A
CRFREDEA A
AADRCODFAAA
BCBCDBAAA
ABA HA CB
A DCBBADA
A MDA A
WAMBB A
28
AN A
A A BA
ARA
AN
A
B il Sl bbbtk bl A
-1 268 -0 511 0.114 0.805 1.496 2.187

-1.959

Raw eucre {(z)

30

e e Rega 1 0£1

SAMPLE: complets responses — 3} paramster model
plot of MICROCAT ability ageinst raw score (1)

Legend: A = L cbs, B = 2 obe, eto.

|
|
3¢
| 1
| S
1 BB
| AR
| BA
1 JBA
2 ¢ AR A
{ ACR
i ACDF
| BFGA
1 BDIGA
N 1 ARIGAR
1 | BDIHC
c 14+ AHIFBAA
R I CHKC
[ 1 FFHCCA
c 1 AHRIIR
A { ABLMCBBA
T | ACIILGCCA
| ARHHKFBA
A 0+ DHLMIDDB A
B | BCBIOFCR
1 | CAIDNPJIBC
L | CBAGGPNFEB
I | ABHXRJPSR
T I CGXMTGDB
Y | RFUOKJID BA
-1 ¢ ARCHKHEC
I B FHHRIRA
I AMCRITAA
i ABAERGCBA
1| AA CBB
I BA8
|
-2t
———f—m—————- fom——————— Fo—mm———— pomm o ————— pumm e +--
-1.959 -1.268 -0.577 0.114 0.805 1.496 2.187

Raw soore(1)

BEST COPY AVAILABLE

IR 155+

31

s3su0dsay [V ‘TOPOIN JS10UIEIEd -€ ‘31005 MEy sA ATV - 9 a3ty

¢ DOTd pue LVDOIN




