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The Effects on Parameter Estimation of Correlated
Dimensions and a Distribution-Restricted Trait
in a Multidimensional Item Response Model
Rose-Marie Batley and Marvin W. Boss

The University of Ottawa

This study was designed to assess the effects on
parameter estimation of correlated dimensions and
a distribution-restricted trait on one dimension

using a two-dimensional item response theory
model. Multidimensional analysis of simulated
two-dimensional item response data fitting a multi-
dimensional two-parameter logistic item response
theory model (McKinley & Reckase, 1983a; Reckase
& McKinley, 1991) was done using the program
MIRTE (Carlson, 1987). Six datasets (2 trait distri-
butions x 3 levels of correlation between dimen-
sions) of 2,000 trait vectors over 104 items were
generated. Each dataset was analyzed and repli-
cated 100 times. Trait and item parameters generally
were recovered adequately in the datasets in which
both traits were normally distributed over the full
range. In the datasets with a restricted range of
trait level on the second dimension, recovery of the
trait and item parameters was affected adversely.
The results indicated that MIRTE recovers the struc-
ture of a multidimensional correlated space better
than reported in earlier studies, especially when
items are multidimensional. Index terms: correlated

traits, multidimensional item parameter estimates,
multidimensional item response theory, multidimensional
trait estimates, restricted traits.

Early item response theory (IRT) models were
based on the assumption of unidimensionality
(i.e., only one trait is required to respond correctly
to all items). When more than one trait accounts
for test performance, the test is multidimension-
al and a multidimensional IRT (MIRT) model is
appropriate.

Several researchers (Ackerman, 1987; Ansley
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& Forsyth, 1985; Bogan & Yen, 1983; Dorans &

Kingston, 1985; Drasgow & Parsons, 1983;
McCauley & Mendoza, 1985; McKinley & Reck-

ase, 1984; Reckase, 1979, 1985; Reckase, Carlson,
Ackerman, & Spray, 1986) have analyzed known
multidimensional data with a unidimensional
item response model. Unidimensional trait esti-
mates have been found to be related to the aver-

age of the multidimensional traits (Ansley &

Forsyth, 1985); unidimensional trait estimates
also have been found to have different interpre-
tations at different points on the unidimension-
al trait scale (Reckase et al., 1986). In general,
unidimensional estimates from multidimension-
al data have been difficult to interpret and have
not reflected well the original characteristics of
the data.

Researchers who have used multidimensional
IRT analysis (e.g., McKinley, 1983; McKinley &

Reckase, 1983a, 1983b, 1984; Muraki & Engle-
hard, 1985) have indicated that a multidimension-
al model more adequately describes both real and
simulated multidimensional data than does a
unidimensional model. However, because most
of the simulation studies have not used replica-
tions, the stability of the estimates is difficult to
determine. It is necessary to know how consis-

tently these estimates are recovered.
Consider the situation in which items for a

test are designed to measure one trait (e.g., math-
ematics ability) but require some amount of a
second trait (e.g., verbal ability) for the exami-
nee to respond correctly. This second required
trait could be more crucial to success for some
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examinees than others. Students of English as a
second language (ESL) may have sufficient

mathematics ability but lack the required amount
of verbal ability to respond correctly.

It is reasonable to assume that the two traits
are correlated. Therefore, it is appropriate to
evaluate the effects of both correlated traits and
a secondary trait, which is restricted in its distri-
bution, on parameter estimation.

Purpose

This study was designed to determine the ade-
quacy of multidimensional trait and item

parameter estimates using a MIRT analysis. Three
questions were addressed:
1. What is the effect of correlated trait dimen-

sions on parameter estimation for a two-

parameter, two-dimensional IRT model when
both traits are normally distributed?

2. How is parameter estimation affected by a
restricted secondary trait?

3. Are the effects of correlated dimensions simi-

lar when both traits are normally distributed,
and when a restricted trait exists on the

secondary dimension?

Method

Model Description

The data were generated to fit a multidimen-
sional two-parameter logistic (M2PL) IRT model
(McKinley & Reckase, 1983a; Reckase & McKin-

ley, 1991). The M2PL model is defined as

where

P is the probability of a correct response to item
i by examinee j;

X,, is the response (1 = correct; 0 = incorrect)
of examinee j to item i;

a, is a vector of m discrimination parameters
(where m is the number of dimensions);

d, is a parameter representing the difficulty of

item i;
9~ is a vector of m trait parameters for individual

7;
N is the number of examinees; and
n is the number of items.

This model is compensatory-it allows high levels
on one dimension to compensate for low levels
on other dimensions in arriving at a correct (or
keyed) response to an item.

Reckase & McKinley (1991) defined a mul-
tidimensional discrimination parameter for item
i as:

[Reckase & McKinley (1991) originally defined
multidimensional discrimination as MDISC,
rather than A.] A is proportional to the slope of
the item response function at the point of steepest
slope and it is, therefore, analogous to the
unidimensional discrimination parameter (Carl-
son, 1987).

Reckase (1985) and Reckase & McKinley (1991)
also defined a multidimensional item difficulty
parameter, D,, as:

[Reckase (1985) and Reckase & McKinley (1991)
defined multidimensional item difficulty as

MDIF, rather than D.] D represents the distance
between the origin of the m-dimensional trait
space and the point in the space at which the item
information is a maximum. The line joining this
point to the origin is at an angle of a,, to the kth
trait dimension where

Data

Tests and responses. Six datasets were

used. Datasets 1, 2, and 3 represented cases
in which both underlying traits (81 and 02)
were normally distributed with mean 0 and stan-
dard deviation (SD) 1. These datasets differed in
the degree of correlation between 81 and 02,
which was 0.00, .25, and .50, respectively. In
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Datasets 4, 5, and 6, 0, was normally distribut-
ed (mean = 0, SD = 1), but 82 was normally dis-
tributed with a lower mean and SD (-1 and .67,
respectively). These datasets also varied in the
degree of correlation (0.00, .25, and .50, respec-
tively).

The simulated test contained 104 items-26
items required only 0, (i.e, only the first dimen-
sion had a nonzero discrimination), 52 items re-
quired predominantly 0,, and 26 items required
approximately equal amounts of 0, and 02. The
item parameters are provided in Table 1. To meet
the requirement that the items discriminate well
on 9&dquo; four values of the angle, a,&dquo; were

selected-0 °, 15 °, 30 °, and 45 °. 13 values of D

(ranging from -3 to + 3 at intervals of .5) were
selected to cover the range of difficulties; two
values of A (2.00, 1.70) were selected to simulate
realistic discrimination conditions in which the
items were designed to discriminate well on 6,.
a, and a2 (one for each dimension) then were
generated to fit the corresponding d, and A. 104
items may be considered a long test, but it was
necessary in order to have an item at each of the
levels of a,l, D, and A. The correlations between
these item parameters were: p(d, a,) _ .004;
p(d,a2) = -.004; p(a,, a2) = -.738; and p(D,A)
= -.002. Because of the dependency of a, and
a2, there was a larger correlation between a, and
a2. The same item parameters were used for each
of the six datasets.

Analysis. Program M2PLGEN (Ackerman,
1985) was used to generate 2,000 0 vectors (9&dquo; 62)
satisfying the specified distributions of 81 and 02
for each dataset. M2PLGEN uses a random seed
and the International Mathematical and Statisti-
cal Libraries (1979) subroutine GGNSM to gener-
ate random 0 levels. These 0 vectors and the item

parameters (au az, d ) then were used to gener-
ate response vectors (Os and Is) to each item for
the 2,000 simulees according to the M2PL model.
At the end of each replication, the random seed
used by M2PLGEN to generate 0 response vectors
was increased by 2 and the process was repeated.

Program MIRTE Version 2.0 (Carlson, 1987)
was used to analyze the two-dimensional data.

MIRTE estimated Os, as, and ds for the M2PL

model, estimates of the standard errors (SES) for
each of these parameter estimates, and estimates
of A and D. The estimation method used is a vari-
ation of the joint maximum likelihood procedure
using a modified Newton-Raphson iteration tech-
nique. The algorithm used is similar to that used
in the unidimensional analysis program LOGIST
(Wingersky, Barton, & Lord, 1982).

For each replication, the 2,000 x 104 matrix
of response vectors was analyzed using MIRTE.
The initial item parameter estimates for a, and

a2 were randomly generated according to the re-
quirements of MIRTE: MIRTE requires that they be
any positive number less than the maximum value
defined by the user for the discrimination

parameters, in this case 2.0. The same estimates
were used for every replication and in every
dataset to provide better control. Initial difficulty
parameter estimates were computed by MIRTE.
Means and SDs of 8&dquo; 62, the number-correct
score, and item parameter estimates were calcu-
lated for each replication. For each parameter
estimate, the average absolute deviation (AAD)-
the average absolute deviation of the estimate
from the true value of the variable-also was
calculated.

Means of the SEs of 6,2 629 d, a,,, and i, also
were determined, and correlations between

parameters and estimates were calculated. Mean
statistics then were calculated over the 100 repli-
cations for each of the six datasets.

Results

Adequacy of the Simulated Data

To assess the effects on parameter estimation
of correlated Os and a restricted 0 on one dimen-

sion, it was necessary to determine if suitable 8s
were generated to model the conditions specified.
It was also important to determine whether
MIRTE adequately estimated the parameters of
the response vectors generated.

For Datasets 1-3, the 0 vectors were both
normally distributed over a full range. The corre-
lation between 0, and 62 for data generated over
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Table 1, continued
True Item Parameters for the 104 Items

the 100 replications was .001 for Dataset 1, .251
for Dataset 2, and .500 for Dataset 3. The means
for 0, and 82 ranged from .002 to -.004, and SDs
were within 1 t .003. For Datasets 4-6, the
correlations were equally well generated and simi-
lar results to Datasets 1-3 were found for 01 (.001
for Dataset 4, .251 for Dataset 5, and .499 for
Dataset 6). For 0,, the means ranged from -.999
to -1.001. The variance for the means and SDs
for both 0, and 82 over the 100 replications was
very small (less than .0005) in all datasets.

In agreement with the findings of Greaud
(1988), the mean number of items correct ap-
peared to be unaffected by changes in the degree
of correlation between the 0 dimensions. This

may be because a compensatory model was used.
For Datasets 1-3, all number-correct score means
were approximately 52. As expected, the means
for Datasets 4-6 were lower (approximately 47)
because of the lower mean 82 values.

For all datasets over the 100 replications, #i
and 62 had means of 0.0 and SDs of 1.0. This is
a function of MIRTE-it rescales the 0 estimates
to N(0,1) after each iteration. This presented
problems for the estimation of item parameters
for Datasets 4-6 because 02 was generated as
N(-1.0, .67).

MIRTE did not always identify Dimensions 1
and 2 correctly in the estimated results. To avoid
incorrect identifications of dimensions during the
100 replications, the first 13 item discrimination
parameter estimates for each replication were
analyzed, because they were pure on 0,. If the
sum of these a, estimates was less than the sum
of the first 13 a2 estimates, the as and bs for the
estimates for the two dimensions were reversed

(i.e., estimates identified as Dimension 1 were

labeled as Dimension 2 and vice versa).

Recovery of 0

In Datasets 1-3, the degree of correlation did
not seem to affect the recovery of 0, (see Table
2). This is shown by the mean AADS. 62 was bet-
ter estimated (lower AADS) as correlations be-
tween Os increased.

For Datasets 4-6, both 0, and 62 were better
estimated when Os were not correlated. The large
~DS for 6, are a result of the rescaling of 62 to
a mean of 0 and a SD of 1. The AADS were higher
in Datasets 4-6 than Datasets 1-3. In each in-

stance, the mean ~DS were consistent over repli-
cations. The mean SEs of the 6s were slightly
higher for Datasets 4-6 (.287) than for Datasets
1-3 (.259).

Table 2 also shows the correlations of the 8s
with their estimates, averaged over the 100 repli-
cations. For Datasets 3 and 6 (in which the 8s
were correlated .5), there was poorer recovery of
01 (.831 and .744) and better recovery of 0, (.865
and .721). When the Os were not correlated

(Datasets 1 and 4), the correlations between 6 and
0 were considerably lower in Dataset 4 for both
0, (.842 in Dataset 1 vs..773 in Dataset 4) and
02 (.764 in Dataset 1 vs..517 in Dataset 4).

The correlation between 0, and 02 was not well
recovered. For Datasets 1 and 4, P(o~102) was
overestimated (r = .062 and .147, respectively).
For the remaining datasets, p(O,, 0,) was underes-
timated (Table 2). These results agree with those
reported by Carlson (1987).

It is interesting to note the high correlation be-
tween 0, and ê2. For Datasets 4-6, these corre-
lations were higher that those of 02 with ê2.
Clearly, higher correlations between dimensions
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Table 2
Means Over 100 Replications of Statistics for Estimated 0

and restriction of range resulted in 6, becoming
more like 01. It is also possible that the attempt
to distinguish dimensions based on as for the
items pure on 0, did not align the true and ob-
tained dimensions.

In summary, a correlation between the 0
dimensions seemed to result in slightly poorer es-
timation for 0, in all datasets. For 8H a correla-
tion between dimensions resulted in better
estimation for all datasets. A correlation between
the 0 dimensions and restriction of range resulted
in ê2 becoming more like 6, . It seemed to be more
difficult for the program to distinguish between
the dimensions and there was a greater tendency
to collapse the space.

Item Parameter Estimates

The maximum likelihood estimation proce-
dures in MIRTE use 0 estimates to improve item
parameter estimates and vice versa. Hence, the
final estimates are affected by each other. Thus,
it was of interest to examine the effects of in-

creases in p(Ol, 0,) and restriction of range for 0,
on the item parameter estimates.

Statistics on the item difficulty parameters are
summarized in Table 3. In Datasets 1-3,

r(d, d) = .997, which indicated good recovery of
d. As p(O,, 0,) increased, the mean and SD of d
were increasingly overestimated but remained
close to the original parameters. In Datasets 1-3,
Aan(d ) increased slightly as the correlation be-
tween 0 dimensions increased, which indicated
that d was being less well recovered. However, the
SE of d decreased as p (8u 82) increased. The
mean and SD of D were recovered well, although
again D was less well recovered as p(0,,0,) in-
creased. D is a function of the discrimination

parameters, and its estimate is therefore affect-
ed by the estimates of the a parameters.

Both d and D were less well recovered in
Datasets 4-6 than in Datasets 1-3. The rescaling
of 0, to mean 0 and SD 1 resulted in larger esti-
mates for 0,, which suggested that the simulees
in Datasets 4-6 were more able than they actual-
ly were. In these datasets, there were larger SES
for d and larger SDs for d and D than in the other
datasets. As p(01,0,) increased, SE(<3) decreased
but AAD(2) increased. However, the recovery of
the relationships between the parameters and
their estimates remained high-r(d,d) > .98 and

r(D, D) > .95-and there was little change in
these correlations as p (61, 62) increased. It is

1’able 3
Means Over 100 Replications of Statistics for Item Difficulty
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interesting to note the high correlation of D with
D because D is a function of A (which was not
well recovered) and d. Obviously the range of d
(-6 to + 6) affected estimates of D much more
than did the two values (2.00 and 1.70) of the A
parameters.

Discrimination parameter estimates were less
well recovered than difficulty parameter esti-
mates. The mean of a, was lower than the true
mean, and its SD was higher than the true SD for
all six datasets (see Table 4). The means of a2
were much higher than the true mean of .678.
In fact, the mean of a2 was higher than the mean
estimates of a, and approached the true mean of
a, as P(oll 02) increased. The means of a2 and a,
both increased slightly as P(o 1, 02) increased. The
SD of â2 was higher than the true SD but there
was not as large a difference as with âl. SEs of
estimation of a, and a2 were approximately .09
for Datasets 1-3, but were somewhat higher for
Datasets 4-6.

For Datasets 4-6, the SEs for a2 were smaller
than for a, . The SES for a2 tended to decrease as
P(oll 02) increased, but the SES for a, increased.
For Datasets 1-3, the AAD(a2) was much larger
than AAD(,a,). For Datasets 4-6 it was only slight-
ly larger.
A was recovered with a higher mean and higher

SD in Datasets 1-3. Over the 100 replications, the
mean A was closer to the true value for Datasets
4-6; however, within replications it was much
more variable than for Datasets 1-3.

There appeared to be a rotational indetermi-
nacy in the recovery of each of the a parameters
and a tendency to spread the a parameter esti-

mates over the entire space even though they origi-
nally did not cover the entire space. This was sup-
ported by the estimates of the angles a, and a2
(the complement of a,). a, had a mean of 22.50~
This mean was recovered in all datasets at over
49~ Similarly, the mean of a2 was 67.50°, and it
was recovered in all datasets at just over 40°. The
original SD of 16.85 ° increased for the estimates
to approximately 20°. Estimates of a, and a2
ranged from very close to 0° to almost 90~ For
all parameters relating to discrimination (a&dquo; a2,
A, all a2), their estimates seemed to cover the en-
tire 8u82 space.

Table 5 shows parameter recovery of the dis-
crimination parameters as correlations. In all

cases, a1 correlated more highly with a, than with
a2, and a2 correlated more highly with a2 than a,
did witha2 - a2 correlated more highly with a2 than
a, did with a, (except for Dataset 4). a2 correlat-
ed more highly with a2 than it did with al (except
for Dataset 4). The anomaly in the correlations
was the similarity of the relationship of a, and a2
with a,. The correlation between A and its esti-
mate was low ( < .6) in Datasets 1-3 and extreme-

ly low ( < .3) in Datasets 4-6. The high correlation
between a, and its estimate for Datasets 1-3 was
not expected after obtaining such poor estimates
of the multivariate discrimination parameters.
r(au al) was much smaller in Datasets 4-6.

Restriction of range of the second trait, 021
drastically affected the recovery of the discrimi-
nation parameters (au a2, and A) in Datasets 4-6.
For all three variables, the squared correlations
between the parameter and its estimate indicate
that they had less than half as much variance

Table 4
Means Over 100 Replications of Statistics for Item Discrimination

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



138

Table 5
Mean Correlations (Over 100 Replications) for Item Discriminations

in common for Datasets 4-6 than for Datasets
1-3.

Discussion and Implications
This study was designed to determine how well

multidimensional IRT trait and item parameters
would be estimated under different degrees of
correlation between the two trait dimensions and
the existence of a restricted trait on the second

dimension. The best estimates of 0, and the
poorest estimates of 82 occurred at 0 correlation
between traits. This relationship was shown in
two ways-the size of the AADS and the correla-
tion of each 6 with its parameter. Except for
AAD(O,), the same pattern was found for

Datasets 4-6 in which 0, had a restricted range.
The 0, estimates were affected by the rescaling

of the estimates to a 0,1 distribution at each iter-
ation. Evidence of this is that values of AAD(6,)
were almost double those in the restricted
datasets. With a restricted trait on the second

dimension, traits were not as well estimated. As
the correlation between dimensions increased,
ê2 became more highly correlated with 01 , and
with restriction of range these correlations ex-

ceeded those of 62 with its parameter. Thus, it

seems that as traits become more highly cor-
related and the range of 0 is restricted there is a

tendency for the space to collapse and become
more unidimensional.

The difficulty parameters were well recovered
in all datasets. SES of d were small, and correla-
tions of both d and D with their estimates were

quite high (r a .956). The AADS for the re-

stricted trait datasets (Datasets 4-6) were quite
large, which resulted from forcing 8s to have a

0,1 distribution. Thus, the data indicate that
recovery of multidimensional difficulties was not

greatly affected by correlated traits.
The recovery of discrimination parameters was

not good. There seemed to be a tendency for 82
to become the dominant dimension. This was evi-
denced by the mean as and the mean as. The vari-
ance of a2 in the original items was almost four
times as great as that for a,. This seemed to be
a likely explanation of the dominance of 0,. The
estimates also seemed to be scattered throughout
the space.

Carlson (1987) reported that estimates of a
parameters are sensitive to their distribution in
the generated data. In the present study, the a,
parameters were not distributed over the entire
latent space. In addition, the variance of the a2
parameters was almost four times as large as for
the a, parameters. This restricted the recovery of
the a parameters which, in turn, affected the
recovery of the 0 and d parameters. It is also pos-
sible that MIRTE might not function as well as
previous pilot testing had suggested.

Some Problems

Rescaling of the 82 estimates. The rescaling of
the 0, estimates in the restricted datasets seemed
to affect estimates of difficulty as well as esti-
mates of 8s and discriminations. Perhaps they
should have been rescaled to the mean and SD
of the true 0,, but this would require having in-
formation that would not be known with non-

simulated data. Thus, operation of MIRTE was
examined here as well as the concept of a re-
stricted 82 trait. The d and D means were adverse-
ly affected in the restricted datasets. However,
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correlations between d and d, and D and D were
high (r > .95). The estimates of the a2 means
improved in these datasets. From the results re-
ported here, the extent of the effects of rescaling
cannot be determined, but it appears that the re-
scaling problem affects all parameter estimates.

Recovery of the two-dimensional space. There

was a tendency for the space to collapse as the
traits became more correlated. Recovery of the
structure of the trait space may relate to a rota-

tional indeterminacy in the recovery of the traits.
Correlations of 0, with 61 were moderately high
(r > .744) for the six datasets. This would indi-
cate that 81 had been recovered relatively well.
However, as p(O,, 0,) increased, the correlation
between 81 and 6, increased and, in Dataset 6,
r(O,,6,) > r(81, ê1) (.755 vs. 744). This higher
correlation of 0, with 6, suggests that 6, was off
by a rotational factor. This would, in part, ex-
plain the AAD for Dimension 1 and the modest
correlation between 0, and 6,. This correlation
may underestimate the recovery of A, in the two-
dimensional space. The correlations of 0, and 6,
were low, which indicated that AZ was recovered
at approximately the level indicated by the corre-
lation between 0, and 6,. The rotational issue is
important in considering whether a dimension is
recovered poorly or matched poorly in the par-
ticular rotation. Dimension 2 was recovered

modestly whereas Dimension 1 was recovered far
better, but the rotational position of 6, masked
this fact.

In the initial research design, some items pure
on Dimension 2 were included to anchor the traits
in an attempt to improve the recovery of all
parameters. Because such a test would not simu-
late the desired conditions, these items were not
included. This might be reconsidered in a future
design.

The collapsing of the space as P(61,02) in-
creased not only affected the 0 estimates but also
the discrimination estimates. In Datasets 4-6, the
structure of the latent space was recovered less

well than in the other datasets. In retrospect,
combining corresponding datasets of the two
types prior to analysis of the number-correct

score vectors would provide a sample that might
more typically represent the situation in which
ESL students would likely be placed and would
have allowed for better coverage of the 8),82
space. This might improve the estimation of some
parameters and it would also reduce the effects
of the problems caused by the rescaling of 6,.

Dimensionality of the item space. 26 of the
items were unidimensional (pure on Dimension
1). The remaining 78 were two-dimensional-52
required primarily 8u and 26 required equal
amounts of 01 and 0,. The latent structure of the
data was more complex than a two-dimensional
test composed of two sets of unidimensional
items. There were serious concerns with respect
to the recovery of the item space-the most seri-
ous being the apparent dominance of 62 over 6,,
or a2 over a,. The poor recovery of the discrimi-
nation parameters also affected recovery of the

difficulty and trait parameters. The item space
seemed to become somewhat unidimensional.
The estimates of the a,s were more alike and the

size of the a angle estimates moved toward 45 °

with â2 becoming dominant. Because the range
of a2 was greater than that of ai , this could have
affected the dominance of a2 over a, .

Interpretation of parameter estimates ap-

pears to depend on the model, p (8u 82), and
the characteristics of the dataset. From the

results presented here, there is every indication
that there are indeed three components of multi-

dimensionality (examinee dimensionality, test

dimensionality, and the interaction of the two)
as suggested by McKinley & Reckase (1984).
Although the population may be multidimen-
sional, if the test is largely unidimensional,
resulting scores will tend to unidimensionality as
well. It may be expecting too much of the model
and MIRTE to have better recovery of the

parameters relating to the second dimension
when few items measured that dimension and
when the populations in the restricted datasets
were low on trait level in the second dimension.
As a result, little information could be obtained
on items of higher difficulty measuring the
second dimension.
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Future Directions

Several questions remain that suggest future
studies. First, are the results affected by the esti-
mation procedures and/or the model selected?
Replication of the research using different models
[perhaps the multidimensional three-parameter
logistic IRT model of Bogan & Yen (1983) or a
noncompensatory model] would indicate the ex-
tent to which the model affected results. Inclu-
sion of a guessing parameter in the model also
would provide additional information. A version
of MIRTE (Carlson, 1987) allows for inclusion of
the guessing parameter.

It also would be useful to estimate item

parameters only while holding the given trait
parameters fixed and vice versa to determine fur-
ther the efficiency of MIRTE. These results could
be compared with those obtained when item and
trait parameters are estimated simultaneously.
Presumably, both item and trait parameters
would be better estimated when the other

parameter is held fixed.

Corresponding restricted and nonrestricted
datasets could be combined in a suitable ratio to

present the ESL group as part of a large sample
of non-ESL examinees. This would be more typi-
cal of real data. This should solve some of the

rescaling and space problems.
The test design could be altered to allow for

better distribution of the discrimination param-
eters. The discrimination and difficulty parame-
ters also could be generated randomly to cover
the space. The test would then not simulate the

condition that it primarily measure one of the
two dimensions. However, valuable information
could be gained on parameter recovery.

It would be useful to determine the means of
trait estimates at different trait levels rather than

just reporting the mean level over all trait levels.
This could be ascertained by examining the 0 vec-
tors in different sections of the 8h82 space and
comparing the original 8s with 0 estimates. It also
would be useful to know how influential the
second trait dimension becomes as the items re-

quire more of this trait for a correct response.

An important finding of this research is the
capability of MIRTE to retain the structure of the
data and the examinees. Although there was some
tendency to collapse the latent space as p(O,, 0,)
increased, estimates provided by MIRTE recovered
two dimensions. It would be appropriate to fur-
ther develop estimation programs so that rota-
tional solutions could be produced that might
alleviate the tendency to collapse a two-

dimensional space as the correlation between the
dimensions increases.

Conclusions

When a compensatory model is used, corre-
lated dimensions affect recovery both of the
dominant and less dominant dimensions. Restric-
tion of range seems also to affect recovery. This
seems likely even without a rescaling of the Os to
0,1. Of the parameter estimates, difficulty is least
affected. The fact that the difficulty estimates are
influenced by multiple trait and discrimination
estimates may assure that difficulty is well
estimated.
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