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1. Introduction

Item response theory (IRT) provides a useful and theoretically well-founded framework for

educational measurement. It supports such activities as the construction of measurement instruments,

linking and equating measurements, and evaluation of test bias and differential item functioning.

Further, IRT has provides the underpinnings for item banking, optimal test construction and various

flexible test administration designs, such as multiple matrix sampling, flexi-level testing and

computerized adaptive testing.

The MIRT package supports the following models:

The Rasch model for dichotomous data (1PLM, Rasch, 1960),

The OPLM model for dichotomous and polytomous data (Verhelst & Glas, 1995),

The two- and three-parameter logistic models and the two- and three-parameter normal ogive
models (2PLM, 3PLM, 2PNO, 3PNO, Lord & Novick, 1968, Birnbaum, 1968) for
dichotomous data,

The partial credit model (PCM, Masters, 1982),

The generalized partial credit model (GPCM, Muraki, 1992),

The sequential model (SM, Tutz, 1990),

The graded response model (GRM, Samejima, 1969),

The nominal response model (NRM, Bock, 1972).

Generalizations of these models to models with between-items multidimensionality.

The MIRT package supports the following statistical procedures:

CML estimation of the item parameters of the 1PLM, the PCM and the OPLM,
MML estimation of the item and population parameters,

MCMC estimation of the item, person and population parameters

ML and WML estimation of person parameters,

EAP estimation of person parameters,

Item fit analysis,

Analysis of differential item functioning,

Person fit analysis.



2. The model
2.1 Models for Dichotomous data
2.1.1. The Rasch model

In this section, the focus is on dichotomous data. A response of a student i to an item & will be
coded by a stochastic variable Y. In the sequel, upper-case characters will denote stochastic
variables. The realizations will be lower case characters. In the present case, there are two possible
realizations, defined by

1 ifperson i responded correctly to item &
ylk = (1)

10 ifthis is not the case.

MIRT supports the case where not all students responded to all items. To indicate whether a
response is available, we define a variable

)

{1 if a response of person i to item k is available
ik

10 if this is not the case.

It will be assumed that the values are a-priori fixed by some test administrator. Therefore, d; can be
called a test administration variable. We will not consider d;; as a stochastic variable, that is, the
estimation and testing procedure will be explained conditionally on dj, that is, with dj fixed. Later,
this assumption will be broadened.

In an incomplete design, the definition of the response variable Y is generalized such that it
assumes an arbitrary constant if no response is available.
The simplest model, where every student is represented by one ability parameter and every item is
represented by one difficulty parameter, is the 1-parameter logistic model, better known as the Rasch
model (Rasch, 1960). It is abbreviated as 1PLM. It is a special case of the general logistic regression
model. This also holds for the other IRT models discussed below. Therefore, it proves convenient to

first define the logistic function:

W(x)= exp(x)
1+ exp(x)

The 1PLM is then defined as



p(Y, =116,.b,) = ¥(0,~b,) 3)

that is, the probability of a correct response is given by a logistic function with argument 6; - by.
Note that the argument has the same linear form as in Formula (1). Using the abbreviation

P.(0)= p(Y,=1]0,b,), the two previous formulas can be combined to

b0 = lf);if{ef i)kb)k) @
The probability of a correct response as a function of ability, B (0), is the so-called item response
function of item k. Two examples of the associated item response curves are given in Figure 2.1. The
x-axis is the ability continuumé. For two items, with distinct values of by, the probability of a correct
response ¥ (0 -5,) is plotted for different values of 6. The item response curves increase with the

value of 6, so this parameter can be interpreted as an ability parameter. Note that the order of the

probabilities of a correct response for the two items is the same for all ability levels.
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Figure 2.1 Response curves for two items in the Rasch model.



That is, the two item response curves are shifted. Further, the higher the value of b, the lower the
probability of a correct response. So b; can be interpreted as an item difficulty. This can also be
inferred from the fact that in 6, — by the item difficulty by is subtracted from the ability parameter O .
So the difficulty lowers the probability of a correct response.

The ability scale is a latent scale, that is, the values of 6 cannot be directly observed, but must be
estimated from the observed responses. The latent scale does not have a natural origin. The ensemble
of curves in Figure 2.1 can be shifted across the x-axis. Or to put it differently, a constant value ¢ can
be subtracted from the ability and item parameters without consequences for the probabilities of
correct responses, that is, W(0,-b,) = ¥((0, —c)—(b, —¢)) . Imposing an identification restriction
solves this indeterminacy of the latent scale. The scale is fixed by setting some ability or difficulty

equal to some constant, say zero. One could also impose the restriction

D b =0

K
k=1

Several estimation procedures for the ability and item parameters are available; they will be

discussed below.

2.1.2 Two- and three-parameter models
The Rasch model is derived from a number of assumptions (Fischer, 1974). One is that the number-

correct scores of the students and the numbers of correct responses given to the items, defined

= Zdikyik Q)

k=1

N
S = Zdikyik (6)
i-1

are sufficient statistics for unidimensional ability parameters 6, and unidimensional item parameters
b, . That is, these statistics contain all the information necessary to estimate these parameters. With
the assumption of independence between responses given the model parameters, and the assumption
that the probabilities of a correct response as a function of 0, are continuous, with the upper and

lower limit going to zero and one, respectively, the Rasch model follows. One of the properties of

the model is that the item response curves are shifted curves that don’t intersect. This model property



may not be appropriate. Firstly, the nonintersecting response curves impose a pattern on the
expectations that may be insufficiently reflected in the observations, so that the model is empirically
rejected because the observed responses and their expectations don’t match. That is, it may be more
probable that the response curves actually do cross. Secondly, on theoretical grounds, the zero lower
asymptote (the fact that the probability of a correct response goes to zero for extremely low ability
levels) may be a misspecification because the data are responses to multiple-choice items, so even at
very low ability levels the probability of a correct response is still equal to the guessing probability.

To model these data, a more flexible response model with more parameters is needed. This is found
in the 2-, and 3-parameter logistic models (2PLM and 3PLM, Birnbaum, 1968). In the 3PLM, the

probability of a correct response, depends on three item parameters, «,, b, and ¢, , which are called

the discrimination, difficulty and guessing parameter, respectively. The model is given by

F©6) = ¢ +(10-¢)+¥(a(0,-b,))
(7)

= ¢ +(-c) exp(a, (6, —b,))
‘ 1+ exp(a, (6, —b,))

The 2PLM follows by setting the guessing parameter equal to zero, so upon introducing the

constraint ¢, =0 and the 1PLM follows upon introducing the additional constraint a, =1.
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Figure 2.2 Response curves for two items in the 2PLM.

Two examples of response curves of the 2PLM are shown in the Figure 2.2. It can be seen that under

the 2PLM the response curves can cross. The parameter a, determines the steepness of the response
curve: The higher a, , the steeper the response curve. The parameter q,is called the discrimination

parameter because it indexes the dependence of the item response on the latent variable 0. This can



be seen as follows. Suppose the 2PLM holds and a, =0 . Then the probability of a correct response

is equal to

_exp(0)

¥0)= 1+exp(0) -

1
2

That is, the probability of a correct response is equal to a half for all values of the ability variable 6,

so the response does not depend on 6. If, on the other hand, the discrimination parameter a, goes to
infinity, the item response curve becomes a step function: the probability of a correct response goes
to zero if 0 <b, and it goes to one if 0 > b, . So this item distinguishes between respondents with an
ability value 0 below or above the item difficulty parameter b, . As in the 1PLM, the difficulty
parameter b, still determines the position of the response curve: if 5, increases, the response curve

moves to the right and the probability of a correct response for a given ability level 8 decreases, that
is, the item becomes more difficult.

An item response curve for the 3PLM is given in Figure 2.3. The value of the guessing parameter
was equal to 0.20, that is, ¢, =0.20. As a result, the lower asymptote of the response curve goes to
0.20 instead of to zero, as in the 2PLM. So the probability of a correct response of students with a

very low ability level is still equal to the guessing probability, in this case, to 0.20.
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Figure 2.3 Response curve for an item in the 3PLM

Above it was mentioned that the 1PLM can be derived from a set of assumptions. On of these was
the assumption that the number-correct scores given by Formula (5) are sufficient statistics for the
ability parameters. Birnbaum (1968) has shown that the 2PLM can be derived from the same set of

assumptions, with the difference that it is now assumed that the weighted sum score



h= Zdikakyik (®)

k=1

is a sufficient statistic for ability. Note that the correct responses are now weighted with the
discrimination parameters a;. Since 7; is assumed to be a sufficient statistic, the weights a; should be
known constants. Usually, however, the weights a; are treated as unknown parameters that must be
estimated. The two approaches lead to different estimation procedures, which will be discussed in
the next section.

It should be noted that the first formulations of IRT did not use the logistic function but the
normal ogive function (Lawley, 1943, 1944; Lord, 1952, 1953a and 1953b). The normal ogive
function o(x) is the probability mass under the standard normal density function left of x. With a

proper transformation of the argument, ®(x) =¥ (1.7x), the logistic and normal ogive curves are

very close, and indistinguishable for all practical work. Therefore, the 3PNO, given by
F©) = ¢ +(1-¢c)+P(q, (6 -b,)) ©)

is equivalent with the 3PLM for al practical purposes. The statistical framework used for parameter
estimation often determines the choice between the two formulations.

The final remark of this section pertains to the choice between the IPLM on one hand and the
2PLM and the 3PLM on the other. The 1PLM can be mathematically derived from a set of
measurement desiderata. Its advocates (Rasch, 1960, Fischer, 1974, Wright & Stone, 1979) show
that the model can be derived from the so-called requirement of specific objectivity. Loosely
speaking, this requirement entails invariant item ordering for all relevant subpopulations. The 2PLM
and 3PLM, on the other hand, are an attempt to model the response process. Therefore, the 1PLM
may play an important role in psychological research, where items can be selected to measure some
theoretical construct. In educational research, however, the items and the data are given and items
cannot be discarded for the sake of model fit. There, the role of the measurement expert is to find a
model that is acceptable for making inferences about the students’ proficiencies and to attach some
measure of the reliability to these inferences. And though the 2PLM and the 3PLM are rather crude
as response process models, they are flexible enough to fit most data emerging in educational testing

adequately.



2.2 Models for Polytomous Items

2.2.1 Introduction

The present chapter started with an example of parameter separation where the responses to the
items were polytomous, that is, in the example of Table 2.1 the responses to the items are scored
between 0 and 5. Dichotomous scoring is a special case where the item scores are either 0 or 1.
Open-ended questions and performance tasks are often scored polytomously. They are usually
intended to be accessible to a wide range of abilities and to differentiate among test takers on the
basis of their levels of response. Response categories for each item capture this response diversity
and thus provide the basis for the qualitative mapping of measurement variables and the consequent
interpretation of ability estimates. For items with more than two response categories, however, the
mapping of response categories on to measurement variables is a little less straightforward than for
right/wrong scoring.

In the sequel, the response to an item k£ can be in one of the categories m=0,...,M;. So it will be
assumed that every item has a unique number of response categories /+M;. The response of a
student 7 to an item k£ will be coded by stochastic variables Y. As above, upper-case characters will
denote stochastic variables, the analogous lower-case characters the realizations. So

(10)

{1 if person i responded in category m on item k
ylkm =

0 1if this is not the case,

for m = 0,...,M;. A dichotomous item is the special case where M; = I, and the number of response
variables is then equal to two. However, the two response variables Yy and Yy; are completely
dependent, if one of them is equal to 1, the other must be equal to zero. For dichotomous items, a
response function was defined as the probability of a correct response as a function of the ability
parameter . In the present formulation, we define an item-category function as the probability of
scoring in a certain category of the item as a function of the ability parameter 6.

For a dichotomous item, we have two response functions, one for the incorrect response and one
for the correct response. However, as with the response variables also the response functions are
dependent because the probabilities of the different possible responses must sum to one, both for the
dichotomous case (M; = ) and for the polytomous case (My > I). The generalization of IRT models
for dichotomous responses to IRT models for polytomous responses can be made from several
perspectives, several of which will be discussed below. A very simple perspective is that the

response functions should reflect a plausible relation with the ability variable. For assessment data,



the response categories are generally ordered, that is, a response in a higher category reflects a
higher ability level than a response in a lower category. However, items with nominal response
categories may also play a role in evaluation; therefore they will be discussed later. Consider the
response curves of a polytomous item with 5 ordered response categories given in Figure 2.5. The
response curve of a response in the zero-category decreases as a function of ability. This is plausible,
because as ability increases, the score of a respondent will probably be in a category m > (. Further,
respondents of extremely low proficiency will attain the lowest score almost with a probability one.
An analogous argument holds for the highest category: this curve increases in ability, and for very
proficient respondents the probability of obtaining the highest possible score goes to one. These two
curves are in accordance with the models for dichotomous items discussed in the previous sections.
The response curves for the intermediate categories are motivated by the fact that they should have a
lower zero asymptote because respondents of very low ability almost surely score in category zero,
and respondents of very high ability almost surely score in the highest category. The fact that the
curves of the intermediate categories are single-peaked has no special motivation but most models

below have this property.
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Figure 2.5. Response curves of a polytomously scored item.

Item response models giving rise to sets of item-category curves with the properties sketched here
fall into three classes (Mellenbergh, 1995). Models in the first class are called adjacent-category
models (Masters, 1982, Muraki, 1992), models in the second class are called continuation-ratio
models (Tutz, 1990, Verhelst, Glas, & de Vries, 1997) and models in the third class are called
cumulative probability models (Samejima, 1969). These models will be discussed in turn. It should,
however, be stressed in advance, that though the rationales underlying the models are very different,
the practical implications are often negligible, because their item-category response curves are so
close that they can hardly be distinguished in the basis of empirical data (Verhelst, Glas, & de Vries,

1997). On one hand, this is unfortunate, because the models represent substantially different



response processes; on the other hand, this is also convenient, because statisticians can choose a
model formulation that supports the most practical estimation and testing procedure. In this sense,
the situation is as in the case of models for dichotomous data where one can either choose a logistic
or normal ogive formulation without much consequence for model fit, but with important
consequences for the feasibility of the estimation and testing procedures. Finally, it should be
remarked that logistic and normal ogive formulations also apply within the three classes of models
for polytomous items, so one is left with a broad choice of possible approaches to modeling,

estimation and testing.

2.2.2 Adjacent-category models
In Section 2.1.1, the Rasch model or 1PLM was defined by specifying the probability of a correct
response. However, because only two response categories are present and the probabilities of

responding in either one of the categories sum to one, Formula (4) could also be written as

p(Yik:1|9i’bk) _ eXp(@i—bk)
Py =010,b)+ p(Y, =116,,) _ 1+exp(0,—b,)

(1D

that is, the logistic function W(9,-5,) describes the probability of scoring in the correct category

rather than in the incorrect category. Formula (11) defines a conditional probability. The difficulty of
item £, by, 1s now defined as the location on the latent @ scale at which a correct score is as likely as
an incorrect score.

Masters (1982) extends this logic to items with more than two response categories. For an item with
three ordered categories scored 0, 1 and 2, a score of 1 is not expected to be increasingly likely with
increasing ability because, beyond some point, a score of 1 should become less likely because a
score of 2 becomes a more probable result. It follows from the intended order 0<1<2,...,<my of a set
of categories that the conditional probability of scoring in m rather than in m-/ should increase
monotonically throughout the ability range. The probability of scoring in in m rather than in m-1 is

thus modeled as

Yy, =116,.b,) __exp(6,-by,)
Py =110,,6)+ p(X,, =1160,,b)  1+exp(0,-b,,)

(12)

and by, 1s the point on the latent 6 scale where the odds of scoring in either category are equal.

Because it is related to both the category m and category m-1, the item parameter by, cannot be seen



as the parameter of category m alone. Masters (1982) shows that these conditional probabilities can

be rewritten to the unconditional probability of a student 7 scoring in category m on item k given by

exp(m0, - Y b,
p(¥,, =116,b,) = = (13)

M,
1+ ZGXp{hQ —Zh:bkg}
h=1 =1

for m=1,...,Mj . This model is known as the partial credit model (PCM). The important part in this
formula is the nominator; the denominator is a sum over all nominators and it assures the response
probabilities sum to one. Note that the probability of a response in the zero-category, denoted Vi =
1, has a nominator 1 and a denominator as in Formula (13).

The PCM can also be derived from a different perspective. As mentioned above, Fischer (1974)
has shown that the Rasch model for dichotomous items can be derived from a set of assumptions,
including sufficiency of the number correct score. In the PCM, the sufficient statistic for the ability

parameter is the weighted sum score

k My
Rl = z dik z m ikm
k=1 m=1

that is, the sum of the weights m of the categories in which the items were responded to (Andersen,
1977). However, this immediately suggests a generalization of the model. Authors as Kelderman
(1984, 1989), Verhelst and Glas (1995) and Wilson and Masters (1993) have considered various
more general sufficient statistics for ability. Among other models, they all consider the weighted-

score statistic

R = z dy z 2

k My
k=1 m=1
where the weights are positive, integer-valued and ordered ai;<ai;<,...,<amm. This results in a

model

exp(a,,,0, = > by,,)
Yy, =110,,a,,b,) = = ) (14)

M, A
1+ Zexp a,0, - Zbkg}
h=1 =1




for m=1,...,M; . If the weights ay, satisfy conditions certain conditions (see Andersen, 1977, the
conditions are mild and usually met), CML estimation is feasible. Further generalizations concern
the status of the weights a,, . In the dichotomous case they can be treated as known constants or as
unknown parameters that should be estimated. This, of course, also applies here. Several approaches
are open. Muraki (1992) considers a model where the weights have the form ay,, = may, where oy 1s
an unknown positive item discrimination parameter. Multiplying this item discrimination parameter
with the category number m guarantees the ordering of the weights ay,. Muraki’s formulation is
known as the generalized partial credit model. Its parameters can be estimated using MML. Finally,
Bock (1972) proposed the nominal categories model where the parameters ay, are free unknown
estimands. In this very general formulation, the model specifies the probability of a student’s
response in one of several mutually exclusive and exhaustive categories as a function of stimulus

characteristics and student attributes. It has the generalized partial credit model as a special case.

2.2.3 Continuation-ratio models

The partial credit model (PCM) by Masters (1982) is a unidimensional item response model for
analyzing responses scored in two or more ordered categories. The model has some very desirable
properties: it is an exponential family model, so minimal sufficient statistics for both the item and
student parameters exist and CML estimation can be utilized. However, as shown, the relation
between the response categories and the item parameters is rather complicated. As a consequence,
the PCM may not always be the most appropriate model for analyzing data.

In the present section, an alternative to the PCM, called the Steps Model, is described, which is
conceptually quite different. The development starts with considering a multistage testing design
with dichotomous items, where the choice of a follow-up test is a function of the responses on the
previous items. It is shown that it is possible to view polytomous response data as a special case of
data emanating from a multistage testing design with dichotomous items, where every test consists
of one dichotomous item only.

Verhelst, Glas and de Vries (1997) develop the model by assuming that a polytomous item
consists of a sequence of item steps. Every item step corresponds with a so-called conceptual
dichotomous Rasch item. Further, the student is only administered the next conceptual Rasch item if
a correct response was given to the previous one. So it is assumed that the student keeps taking item
steps until an incorrect response is given. It is assumed that if a conceptual item is administered, the

Rasch model holds, so the probability of taking a step is given by

exp(d, ~by,)
L+exp(d, - b,,)

p(Ylkm :1|dikm :l’ei’bkm) =



where dj,, is a design variable as defined for dichotomous items by Formula (3), b, is the difficulty

parameters of step m within item k. Let 7 be the number of item steps taken within item £, that is,

K=Ykt dim Vi

In Table 2.12, for some item with M; = 3, all possible responses yi , Vi = Vi, i2,)k3) are enumerated,

together with the associated probabilities P(y, |0,b,) .

Table2.12 Response Probabilities in the Continuation-Ratio Model.

Yk Tk P(y,10,b,)
1
0,c,c 0 1+exp(0, —by,)
exp(ei _bk])
10c 1 [1+exp(6, —b,))][1+exp(6, —b,,)]
exp(ei - bk] ) exp(ei - bkz)
110 2 [1+exp(6, —b,,)|[1+exp(6, —b,,)][1+exp(6, - b;)]

exp(ei _bk] ) exp(ei _ka)eXp(ei _bkz)
11,1 3 [1+exp(6, —b,,)|[1+exp(6, —b,,)][1+exp(6, - b;)]

From inspection of Table 2.12, it can be easily verified that in general

m=l1

P(yk |9’bk) min(M, 7 +1) (15)
[T [1+exp©6-5,]

h=1

My
exp {r,ﬁ - Zbkm }

where min(M;,ri+1) stands for the minimum of M; and r+1. The model does not have sufficient
statistics, so it cannot be estimated using CML (Glas, 1988b). The model is straightforwardly
generalized to a model where the item steps are modeled by a 2PLM, or to a normal ogive formulation.
With the definition of a normal ability distribution, any program for dichotomous data that can compute

MML estimates in the presence of missing data can estimate the parameters. The same holds in a



Bayesian framework, where any software package that can perform MCMC estimation with incomplete

data can be used to estimate the model parameters.

2.2.4 Cumulative probability models
In adjacent-category models are generally based on a definition of the probability that the score, say

Ry, 1s equal to m conditional on the event that it is either m or m-1, for instance,

P(R,=m|R, =morR, =m-1)=%(a,(0-D,,))

Continuation-ratio models, on the other hand, are based on a definition of the probability of scoring

equal to, or higher than m given that the score is at least m-/, that is

P(R,2m| R, 2m—1)=Y¥(a,(0-b,,))

An alternative, yet older, approach can be found in the model proposed by Samejima (1969). Here
the probability of scoring equal to, or higher than m is not considered conditional on the event that

the score is at least m-1, but this probability is defined by

P(R, 2m)="Y(a,(0-b,,))

It follows that the probability of scoring in a response category m is given by

P(R,=m) = P, =110,b) = Y(a,(0-5,))—Y(a(0-b,,.)) (16)

for m=1,...M;-1. Since the probability of obtaining a score M + I is zero and since everyone can at

least obtain a score 0, it is reasonable to set P(R, > M, +1)=0 and P(R, >0)=1. As aresult

P(R=0) = P(t,,=1]0.b) = 1-¥(a,0-b,)
and
PR, =M,) = P, =110,b) = Y(a,(0-b,, ))

To assure that the differences in Formula (16) are positive, it must hold that

W(a,(0-0b,,))>Y(a,(0-D,.,)), which implies that b,<b<, ..., <by. Further, contrary to the case

of continuation-ratio models, the discrimination parameter a; must be the same for all item steps.



The model can both be estimated in a likelihood-based and Bayesian framework. The former is
done using MML estimation; the procedure is implemented in the program Multilog (Thissen, 1991).
Johnson and Albert (1999) worked out the latter approach in detail.

2.3 Multidimensional Models

In many instances, it suffices to assume that ability is unidimensional. However, in other instances, it
may be a priori clear that multiple abilities are involved in producing the manifest responses, or the
dimensionality of the ability structure might not be clear at all. In such cases, multidimensional IRT
(MIRT) models can serve confirmatory and explorative purposes, respectively. As this terminology
suggests, many MIRT models are closely related to factor analytic models; in fact, Takane and de
Leeuw (1987) have identified a class of MIRT models that is equivalent to a factor analysis model
for categorical data.

MIRT models for dichotomously scored items were first presented by McDonald (1967) and Lord
and Novick (1968). These authors use a normal ogive to describe the probability of a correct
response. The idea of this approach is that the dichotomous response of student i to item k is
determined by an unobservable continuous random variable. This random variable has a standard
normal distribution and the probability of a correct response is equal to the probability mass below

some cut-off point 1, . That is, the probability of a correct response is given by

0
pk(ei):q)(nik):q)(zakqeiq —b) (17)

where @()1is the cumulative standard normal distribution, 6, is a vector with elements 6,, ¢=1,...0,

which are the Q ability parameters (or factor scores) of student 7, by is the difficulty of item £, and ay,
(¢=1,.,0) are Q factor loadings expressing the relative importance of the QO ability dimensions for

giving a correct response to item j. For the unidimensional IRT models discussed above, the
probability of a correct response as function of ability could be represented by a so-called item
response curve. For MIRT models, however, the probability of a correct response depends on a Q-
dimensional vector of ability parameters 6; so Py(@;) 1s now a surface rather than a curve. An
example of an item response surface by Reckase (1977) is given in Figure 2.6.

The item pertains to two ability dimensions. The respondents’ ability vectors (6;;, 62) represent
points in the ability space and for every point the probability of a correct response is given by the

matching point on the surface. Note that if one dimension is held constant, the probability of a



correct response increases in the other dimension. So both dimensions can be interpreted as ability
dimensions.

Further, it is assumed that the ability parameters 6,, ¢=1,..,0, have a (-variate normal

iq°
distribution with a mean-vector u with the elements u , ¢g=1,...,0, and a covariance matrix Z. So it

is assumed that Q ability dimensions play a role in test response behavior. The relative importance of
these ability dimensions in the responses to specific items 1s modeled by item-specific loadings ay,
and the relation between the ability dimensions in some population of respondents is modeled by the

correlation between the ability dimensions.

Figure 2.6 Item response surface for a multidimensional IRT model (Reckase, 1977).

In the example of Figure 2.6, the probability of a correct response does not go to zero if the

abilities go to minus infinity. In that case, the model must be extended to

F.6)=c¢,+(1-c)PM,) (13)

by introducing a guessing parameter c;. A comparable model using a logistic rather than a normal-
ogive representation has been proposed by Reckase (1985, 1997) and Ackerman (1996a and 1996b).

As in the unidimensional case, restrictions have to be imposed on the parameters to identify the
model. One approach to identify the model is setting the mean and the covariance matrix equal to

zero and the identity matrix, respectively, and introducing the constraints «, =0,;=1,..,0-1 and
¢=j+1,..,0. So here the latent ability dimensions are independent and it is assumed that the first

item loads on the first dimension only, the second item loads on the first two dimensions only, and



so on, until item Q-1 , which loads on the first 0-1 dimensions. All other items load on all
dimensions. An alternative approach to identifying the model is setting the mean equal to the zero,
considering the covariance parameters of proficiency distribution as unknown estimands. The model
is then further identified by imposing the restrictions, «, =1,ifj=¢, and «, =0, if j=gq, for
j=1..,0 and ¢=1,..,0. So here the first item defines the first dimension, the second item defines the

second dimension, and so forth, until item Q which defines the Q-th dimension. Further, the
covariance matrix X describes the relation between the thus defined latent dimensions.

In general however, these identification restrictions will be of little help to provide an
interpretation of the ability dimensions. Therefore, as in an exploratory factor analysis, the factor
solution is usually visually or analytically rotated. Often, the rotation scheme is devised to
approximate Thurstone's simple-structure criterion (Thurstone, 1947), where the factor loadings are
split into two groups, the elements of the one tending to zero and the elements of the other toward
unity.

As an alternative, several authors (Glas, 1992; Adams & Wilson, 1996; Adams, Wilson & Wang,
1997; Béguin & Glas, 2001) suggest to identify the dimensions with subscales of items loading on
one dimension only. The idea is to either identify these S < Q subscales a priori in an confirmatory
mode, or to identify them using an iterative search. The search starts with fitting a unidimensional
IRT model by discarding non-fitting items. Then, in the set of discarded items, items that form a
second unidimensional IRT scale are identified, and this process is repeated until S subscales are
formed. Finally, the covariance matrix £ between the latent dimensions is estimated either by
imputing the item parameters found in the search for subscales, or concurrently with the item
parameters leaving the subscales intact.

For the generalization of the MIRT model to polytomous items, the same three approaches are
possible as in the unidimensional case: adjacent-category models, continuation-ratio models and
cumulative probability models. All three possibilities are feasible, but only the former and the latter
will be discussed here to explicate some salient points.

In the framework of the cumulative probabilities approach, a model for polytomous items with M
ordered response categories can be obtained by assuming M standard normal random variables, and

My, cut-off points n,, for m = I,...,M}. The probability that the response is in category m is given by

pkm (91) = q)(nik(m—])) - q)(nzkm)

0
where 1, = zakqeiq =bs Mikimory > Mitms Mo = > and Mikr, =~
q=1



Takane and de Leeuw (1987) point out that also this model is both equivalent to a MIRT model for
graded scores (Samejima, 1969) and a factor analysis model for ordered categorical data (Muthén,
1984).

In the framework of adjacent categories models, the logistic versions of the probability of a

response in category m can be written as

0 m
P (0) = exp{mZa@aq - Zbkh}h(a,ak,bu (19)
q=1 h=1

where h(0,,a,,e,) is some normalizing factor that assures the sum over all possible responses on an
0

item is equal to one. The probability p, (6,) is determined by the compound Zak ,0,, so every item
q=1

addresses the abilities of a respondent in a unique way. Given this ability compound, the

probabilities of responding a certain category are analogous to the unidimensional partial credit

model by Masters (1982). Firstly, the factor m indicates that the response categories are ordered and
0

that the expected item score increases as the ability compound Zak ,0,, Increases. And secondly, the
q=1

item parameters by, are the points where the ability compound has such a value that the odds of

scoring either in category m-1 or m are equal.



3. Data collection designs

In the introduction of the previous chapter, it was shown that one of the important features of IRT is
the possibility of analyzing so-called incomplete designs. In incomplete designs the administration of
items to persons is such, that different groups of persons have responded to different sets of items. In the
present section, a number of possible data collection designs will be discussed.

A design can be represented in the form of a persons-by-items matrix. As an example, consider the
design represented in Figure 3.1. This figure is a graphical representation of a design matrix with as
entries the item administration variables dy (I = 1,...,N and k = [, ...,K) defined by Formula (3) in the
previous chapter. The item administration variable d; was equal to 1 if person i responded to item £,
and 0 otherwise. At this moment, it is not yet specified what caused the missing data. There may be
no response because the item was not presented, or because the item was skipped, or because the
item was not reached. In the sequel it will be discussed under which circumstances the design will
interfere with the inferences. For the time being assume that the design was fixed by the test
administrator and that the design does not depend on an a-priori estimate of the ability level of the

respondents.

ltems
1 10 11 15 16 25

Fersons

Figure 3.1 Design linked by common items.

In the example, the total number of items is K = 25. The design consists of two groups of students,
the first group responded to the items 1 to 15, and the second group responded to items 11 to 25. In
general, assume that B different subsets of the total of K items have been administered, each to an
exclusive subset of the total sample of respondents. These subsets of items will be indicated by the term
'booklets'. Let / be the set of the indices of the items, so I = {/,...,K}. Then the booklets are formally
defined as non-empty subsets of /, of , for b = 1,...,B. Let K}, denote the number of elements of 1 , that

is, K; 1s the number of items in booklet . Next, let " denote the set of the indices of the respondents, so



V={I,...,N}, where N is the total number of respondents in the sample. The sub-sample of respondents
getting booklet b 1s denoted by V}, and the number of respondents administered booklet b is denoted Nj.
The subsets V;, are mutually exclusive, so N = 2}, Np.

To obtain parameters estimates on a common scale, the design has to be linked. For instance, the
design of Figure 3.1 is linked because the two booklets are linked by the items 11 to 15, which are
common to both booklets. A formal definition of a linked design entails that for any two booklets a and
b in the design, there must exist a sequence of booklets with item index sets 1,, Ip;, Ip;..., I, such that
any two adjacent booklets in the sequence have common items or are administered to samples from the
same ability distribution. The sequence may just consist of I, and [, . Assumptions with respect to
ability distributions do not play a part in CML estimation. So CML estimation is only possible if the

design is linked by sequence I, I, Ip;..., I, where adjacent booklets have common items.

ltems

FPersons

Figure 3.2 Linking by common persons.

This definition may lead to some confusion because it interferes with the more commonly used terms
“linking by common items” and “linking by common persons”. Figure 3.1 gives an example of a design
linked by common items because the two booklets have common items. Figure 3.2 gives an example of
a design that is commonly labeled “linked by common persons”. The definition of a linked design
applies here because the first and second booklet have common items and the second and last booklet
have common items. Further, the first and last booklet are linked via the second booklet.

An example of linking via common ability distributions is given in Figure 3.3. Again, common
items link the middle two booklets. The respondents of the first two booklets are assumed to be
drawn from the first ability distribution and the respondents of the last two booklets are assumed to
be drawn from a second ability distribution. It must be emphasized that, in general, designs linked by
common items are far preferable to designs that are only linked by common distributions, since the

assumptions concerning these distributions add to the danger that the model as a whole does not fit the



data. Assumptions on ability distributions should be used to support answering specific research

questions, not as a ploy for mending poor data collection strategies.

ltems

Dist.2 Dist.1

Figure 3.3 Linking by a common distribution.



4. Scope of the program as released

The present release pertains to a version which can be used to run analyses with PISA data. The
program focuses on MML estimation of the PCM, but the GPCM and a multidimensional version of
the GPCM is also supported. The model for the probability of a student i scoring in category m on
item k given by

p(y, =1) = (20)

M, o
1+ 26xp|:wk {Zakq@q}—tkh:l
h=1 q=1

for m=1,..., My . Here, wy 1s a fixed item scoring weight, which is usually equal to one. An exception
is the OPLM where the weights are explicitly chosen as positive integers. The program allows for
weights between 1 and 8. The item parameters tkm are often transformed into so-called item-

category bounds parameters using the transformation

lw = D By -
=1

The unidimensional version of the model can then be written as

g=1

exp {wkak 2(91. - b, )}
=1|0.,b,) = I p
1+ z exp {Wkak 2(91. - b, )}
h=1 =1

p(Yy, 21)



5. The structure of the data file

The program MIRT is suited for analyzing incomplete designs and handling missing data. The data
can be organized in two ways. We will start with the recommended one. As an example consider
Figure 5.1. Suppose that there are K = /0 items in the design and 2 booklets. The first booklet
contains the items 1-5 and 7-8. So the students administered this booklet responded to 7 items. The
second booklet contained the items 1-2, 6, 9-10. So the students administered this booklet responded
to 5 items. Every record in the data file pertains to a student. Note that there are 10 students. The
columns 1-2 contain the booklet number. Note that there are 2 booklets. Further, the columns 3-5
contain an optional student ID. The student IDs must be integer valued. They are echoed on files
containing the student’s ability scores. The columns 7-13 contain the item responses. In the example,
the responses are scored between 0 and 3. A 9 stands for a missing response. Only the responses to
items figuring in a booklet are entered into the data file. For the first booklet, the program is
informed that the columns 7-11 pertain to the items 1-5, and the columns 12-13 pertain to the items
7-8. In the same manner, for the second booklet, the columns 7-11 pertain to the items 1, 2, 6, 9 and

10, in that order.

1 2 3 4 5 6 7 8 9 10 11 12 13
1 1 1 2 1 3 9
1 2 0o 0 2 1 0o 0 0
1 3 0 1 0 3 2 1 0
1 4 0o 0 9 1 3 3 3
1 5 1 o o o 2 0 2
2 6 2 0 0 O0 O
2 7 1 1 1 9 3
2 8 3 3 3 3 3
2 9 2 1 2 1 2
2 1 0 o o0 o0 o0 O

Figure 5.1

Recommended format of a data file

An alternative way of organizing the data file is depicted in Figure 5.2. The person and booklet IDs
are in the same positions. However, the program is now told that both booklets consisted of the same
10 items and the design is handled by entering the missing data code 9 for the items not responded
to. The reason for recommending the first format is efficiency of computer storage. The

computational procedures are generally not affected.



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 1 1 0 2 1 3 9 0 9 9 9
1 2 0o 0 2 1 0 9 0 9 9
1 3 0 1 0 3 2 9 1 0 9 9
1 4 0o 0 9 1 3 9 3 3 9 9
1 5 1 o o0 o0 2 9 0 2 9 9
2 6 2 0 9 9 9 0 9 9 0 O
2 7 1 1 9 9 9 1 9 9 9 3
2 8 3 3 9 9 9 3 9 9 3 3
2 9 2 1 9 9 9 2 9 9 1 2
2 1 0 0o 0 9 9 9 0 9 9 0 O

Figure 5.2

Alternative format of a data file

The following points should be kept in mind:

« The booklet number has the same position in all records. It is a positive integer. However, the
booklet numbers need not be consecutive. A booklet number is always required, even if there
is only one booklet. The records pertaining to a specific booklet need not be consecutively
grouped together.

« Inevery record, the booklet number, the (optional) person ID and the data should start in the
same column.

. The item responses are integers. They are unweighed item scores.

« Blanks in the data file are interpreted as zeros.

« The missing data code is always 9.



6. Running the program

6.1. Introduction

The program consists of six packages

Programs Functionality remark

MIRT.EXE Shell

MIRT1.EXE Main MML estimation program

MIRTO0.EXE CML and MML estimation Not supplied here
program Rasch model

MIRT2.EXE CML and MML estimation Not supplied here
program OPLM

MIRT3.EXE MML estimation program linear Not supplied here
models on item and/or person
parameters

MIRT4.EXE MCMC estimation program Not supplied here

Just copy the packages to a dedicated directory, for instance, D:\MIRT or C:\MIRT PROGRAM.
The path, say C:\MIRT PROGRAM\MIRT.EXE, should not contain blanks! So do not put the
software on your desk-top. This will also hold for the run files and output files created by the

program.



Start the program by running MIRT.EXE. This will produce the screen depicted below. Press

<Continue> to enter the program

Welcome

MIRT

OMD

Continue




6.2. The General screen

Empty screen available for defining a run.

File Cof Specfication ‘Window ‘iew Help Run Output Directories  Multipls Jobs

Ble|dsl 7

ltem Fit | Person Fit | Criteria | Criteria Mitt | &dvanced |

Fun Name: _ 1111:_1_" Label  Sel Cat “Wgt Gue Dim
] o P




However, existing runs can also be entered and edited. Choose the <File> option, at the left-hand
side in the top row and then select <Open>. The produces a list of available runs. The runs are
stored in files named JOBNAME.SPC. In the present example, we choose

HOMPOS COMP_DEU.SPC.

Loak in: |J mirt-win _vj * e BB~

) mirt-winG RAT-Z5-W
Edcars_alsscaes  [Elrar-zs-w-Halr
My Recent  [Elcars_alsscateso  ElrascH

Documents  |Eyey pyr SCORE_DEU_2000
7 Eleq pirz TEST2
- =eq piFs

Deskiop EHoMPoS_comp_DEL
Elmcats_all
Emcats Ao

W

W t Epcro
y Documents =900k £q
Edrrak_E01
: Elraiza
ty Computer
L File name: I| _v_1
My Metwark  Files of type: ]SDEE. files [.5FC) _:_J Cancel
Flaces

[ Open az read-only




After selecting the run, the shells are filled as follows.

File Specification  ‘Window  Yiew Help Run Output  Directories  Mulkiple Jobs
B|o|H& 7
General l Testz ] Dptiun&] Priars ] Item Fit] FPerzon Fit] Eriteria] Criteria Mirt] Advanced]
Fun Mame: |HOMPOS_COMP_DE | [tld Lakel Sel Cat “Wat Gue Dim =~
DeteFile| | | ~ et S L
2 ltem? Cnil 1 a 1
# ltems: |23 |
3 lem3 Cnil 1 1] 1
4 ltemd Cnl 1 1] 1
5 ltemb Cnl 1 a 1
F o ltemb Cnil 1 o 1
7 lem? Cnil 1 a 1
# Dim: 8 femd On1 1 0 1
9  ltemY Onll 1 il 1 o
Format
Booklet D Data, [ Person D
Length Length Fesponse I:I:I

home pozsessions

The fields in the tab <General> have the following meaning.

Run Name

Data File Name of the data file. Name and path without blanks. Data file can
be selected by clicking the button.

#Items Total number of items present in the design, labeled K.

#Dim Number of dimensions. For unidimensional analyses, set equal to
1. For between-items multidimensional analysis choose a number
between 2 and 4.

Itld Item number. The items are labeled £ = 1,...,K. Items with a
higher Itld are accessed by scrolling down.

Label Item label. The default labels are displayed. The labels can be
edited.




Sel By toggling <On/Off>, items can be selected or ignored in an
analysis. Deselecting an item overrides selections within booklets
defined in the Tests tab.

Cat Number of response categories minus the zero category. The item
responses are coded m=0, ...,M;. Note that M. is the number to be
entered here. So for dichotomous items, M;=1.

Wgt Item scoring weight. An integer between 1 and 8. This weight is
defined in the general model as displayed in (20) and (21) as wy.

Gue A toggle <0/1> to add a guessing parameter to an item to impose
the 3PLM for that item.

Dim Dimension on which the item loads.

BookletID Position and length of the Booklet ID in a record.

Data Position of the first item response and the number of positions for
each item response

Person ID If flagged, the position and length of the person ID. This person ID

is echoed in files with person parameter estimates. The person ID

is restricted to be an integer number.




6.3. The Tests screen

File ot Specification  ‘window Wiew Help Run Output  Directories  Multiple Jobs
B |o|H| & 7]
General Tests letiDns] Priars ] Item Fit] FPerzon Fit] Eriteria] Criteria Mirt] Advanced]
Marginld  Label i)
e |"'1 | 1 hMargz000
# marg.. |-’-1 | 2 tdarg2003
3 kargz00i6
¥ 2 Testz Margz003 23 23 ) Margz003 !
es ard.
v 3 Test3 Margz006 13 13 sel Id Label Pt
v 4 Test4 Margzoos 18 18 | [(ViIEEEr o ~ | _
v 3 Ttem? = #lemsintest |16
Ld 3 Itemw3 a .
v/ 5 Items 0 Marginal  |Margzl -
Ld & Itemwb u]
v g ItemS u] T
7 9 Iremo - ltemld's in Boaoklet
¥ 10 ItemlD i 1-35-1012-13 15-21
v 12 Itemil: 1 23
v 13 Itemls 1
v 15 ItemlS 1
Ld 19 TtemlS i
Ld 20 Item20 1
2. g
home pozsessions

The names Tests and Booklets are used interchangeably in this manual. In the left-hand panel, it can
be seen that the example contains 4 booklets. The booklets labels can be edited in the lower right-
hand panel in de field Label. In the field Marginal the booklet can be attached to a marginal
distribution of ability, to be used for the MML analysis. The field #Items in test gives the number of
items. In the present example, the number of items equals 16. This number cannot exceed the total
number of items, defined on the General tab as 23. The lower right-hand panel gives the opportunity
to define which items are present in the booklet in the order in which they appear in the record. Items
can be present in the reversed order. For instance, entering 16-1 would indicate that the first 16 items
defined in the General tab are present, but in reversed order. Also the string 21 5-1 8 6-14 defines a
booklet of 16 items.

For an analysis, booklets can be selected by flagging them in the boxes under the label Sel in the
left-hand panel. In the same manner, items within a booklet can be selected by flagging them in the

boxes under the label Sel in the middle panel.



The <0/1> toggle under the label Pf plays a role in the definition of person fit tests. This point will

be returned to in the Options tab.

One can switch between the booklets by clicking on the entry in de bottom left-hand panel. The

screens for the other 3 booklets are displayed below.

File Edif  Specfication  Window  Wiew Help Run  Output  Directories  Multiple Jobs
SCIEIE
General Tests lEIptiDns] Priors ] Item Fit] Person Fit1 Crileria] Criteria Mirtl Advanced]
i barginld  Label G
#tests: |4 | 1 hdarg 2000
#marg. |4 | 2 barg2003
Sel Test Lakel hdarg. Aoail. Sel. 3 hargz006
v
1 Testil HargD 168 16 . 4 MargEDDEI 3
= R | Sel Id Label =
v Margz008 13 13 g e
v Nergz009 18 18 | (v ERER R ~ | . I
v PR o # ltems intest |23
Ld 3 Item3 o .
v 4 Tremd o harginal |Marg?0 =
Ld 5 Item5 o
v 6 Items O Label
Ld 7 Item? u] :
ltemld's in Booklet
Ld g ItemS o
v 9 Itemd o 1-23
Ld 10 ItemlO 0 S
Ld 11 Itemill u]
Ld 12 Itemlz 1
Ld 13 Itemls 1
Ld 14 Itemld 1
? e
home pozsezsions




#marg.:

Sel Test Label Marg.

' 1 Testcil Margz000
' 2 Test: Marg2003
v 3 M G
' 4 Margz009

File Edit  Specification  ‘wWindow  Wiew Help Rum  Output  Directories  Multiple Jobs

aEEEE:
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Sel Test Label Marg.
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6.4. The Options screen

File Specification  ‘Window  Yiew Help Run Output  Directories  Mulkiple Jobs

2lo|d & ?)

l Priars ] Itern Fit] Person Fit] Eriteria] Criteria Mirt Advanced]

4tests [ 4included) 23 items ( 23 included)

Title:|h|:|me possessions germany |
Model: GPCM =
Estimation: | pkiL j
Est Error \WHOLE MATRIX  ~|
Initial Est: [LOGITS -

output conttrol

d

Listing:|BRIEF -

1

additional files

Persan par. ML: |YES - acoreftemn: MO -
Ferzon par. Whil: |'YES - [tem: MO -
Ferson par. EAF: |WES - Ferson: {NO -

Festr item par: |NO - First WO -
Restr. pop. par: (MO - Li-statistic: D -

WRHRE

cfixed: (MO - LR-statistic: MO -

il

Diefaults Second: MO -

i

home pozsessions germany

Field Options Remarks

Title Title displayed on output

Model PCM PCM, 1PLM in case of dichotomous items
GPCM GPCM, 2PLM in case of dichotomous items,

3PLM if items with guessing parameter

specified in General screen

Others Not relevant here

Estimation MML MML estimation, starting with 1PLM/PCM
and continuing with 2PLM/3PLM/GPCM if

requested so in previous field

MulMML Additional to the procedure above, and




estimation of a between-items

multidimensional model

Others

Bayesian MCMC procedures not available in

this version

Est. Error

Whole matrix

The complete information matrix is used to
compute the standard errors of the parameter
estimates and the weight matrix of the

Lagrange multiplier fit statistics

Diagonal only

Only the diagonal of the information matrix is
used to compute the standard errors of the
parameter estimates and the weight matrix of

the Lagrange multiplier fit statistics

Initial Est.

Logits

Logits of frequencies

UML

Unconditional maximum likelihood, that is,
concurrent estimation of item and person

parameters

Minchi

Minimum chi-square estimates, only for the

dichotomous Rasch model

File

Initial estimates read from a binary file issued
in a previous run of the program. Besides for
starting values, this option can also be used to
compute ML and WML estimates for a new

data set.

Person par. ML

Yes/No

ML estimation of ability plus LM person fit
statistics as described in Glas and Dagohoy

(2007).

Person par. WML

Yes/No

WML estimation of ability as described in
Warm (1989).

Person par. EAP

Yes/No

EAP estimation of ability.

Others

Not relevant in this version




6.5. The priors screen

File ot Specification  ‘window Wiew Help Run Output  Directories  Multiple Jobs

E=IER

General] Tests ] Optiors £ F A ltern Fit | Person Fit1 Eriteria] Criteria Mirt | Advanced

a-parameter: |NO | meanlog: |IZI.IZI | st devw. log: |D.5

b-parameter; |NO v] mean: |0.5 st dew.: |50

c-parameter: [N - Beta-1: |5 | Beta-2: [17

Defaults

home pozsessions germany

MIRT supports the use of priors for the item parameters. They are introduced using a toggle

<Yes/No>. The prior for the a-parameter is log-normal, the prior for the b-parameter is normal and

the prior for the c-parameter is a Beta-distribution.



6.6. The Item Fit screen

File Edit Specfication Window Yiew Help Rum  Cutput Directl:uri[a_s Multiple Jabs

EX= = IEIRA

Genaralfl Te'Sts"I D'Et'icin'xl Priors  Item Fit Criteria | Criteria Mirt .-’-'«dkf'ahed

Splitting: |F{AW SCORES j

MIRT supports a number of item fit statistics. The output produced by the statistics will be

commented upon in Chapter 7. Her we only give an overview.

Option

First Order None/R-form/Q-form

Computation of Lagrange multiplier test
statistic targeted at the form of the item
response curve. Reference, Glas (1988),
Glas (1999), Glas & Suarez-Falcon,
(2003).

Computation of Lagrange multiplier test
statistic targeted at the form of ability
distribution. Reference, Glas and

Marsman (2010, in press).




Dif-statistics Yes/No Computation of Lagrange multiplier test
statistic targeted at differential item
functioning across booklets. Reference,
Glas (1998).

LR-statistics Yes/No Andersen’s likelihood ratio test statistic,

Rasch model only. Reference: Andersen

(1977)

Second Order None/R-form/Q-form | Computation of Lagrange multiplier test
statistic targeted at local independence.
Reference, Glas (1988), Glas (1999), Glas
& Suarez-Fal¢on, (2003).

Splitting Raw Scores First order statistics based on subgroups

formed using their raw scores

External Variable

First order statistics based on subgroups

formed using an external variable




6.8. The Person Fit screen
Not relevant here. Person fit statistics are computed upon choosing ML-estimation in the Options

screen.

6.9. The Criteria screen

Not relevant here.

6.10. The Criteria Mirt screen

File Specification  ‘Window  Yiew Help Run Output  Directories  Mulkiple Jobs

=|o/d|&8 7

General] Testz ] Dptiun&] Priars ] Item Fit] FPerzon Fit] Criteria  Criteria Mirt lAdvanced]
Fun parameter sedin Currentsalue tdinimurm kaximum
quad, points =l 20 5 ., 200
iterations PO 100 o .. 1000
change log-likelihood PO 0.000m 1E-200 1.0
guad. points EPOM 20 5 .. 200
iterations EPCM 40 o . 1000
change log-likelihood SPOM 0.000m 1E-200 1.0
guad. points MIRT 5 & . 200
iterations MIBT 20 o . 1000
change log-likelihood MIBT 0.000m 1E-200 . 1.0
home pozsessions germany

Numbers of quadrature points for the computation of integrals needed for MML, maximum numbers
of iterations and convergence criteria for the tree estimation phases: 1PLM/PCM,

2PLM/3PLM/GPCM and Multidimensional IRT, respectively.

If the program is used to compute ML and WML estimates for a new data set, the number of

iterations should be set equal to zero (also see, Options/Initial est./File).



6.11. The Advanced screen

File Edit Specfication Window Yiew Help Rum  Cutput Directl:uri[a_s Multiple Jabs

EX= = IEIRA

Genaralfl Te'Sts"I D'Et'icin'xl Friors | Item FRI Person Fit | Criteria | Criteria it Advanced

Clear All Default Pairs

This screen is used to select item pairs for the computation of item pairs for the test of local

independence. Shown are the default pairs, which are pairs of consecutive items.



6.12. Starting the Computations and viewing the output

It 1s recommended to save a setup before running the computational module via File/Save as or via
the save-button.

Then choose RUN and choose the middle of the three displayed options, which is MIRT (the
options RSP and EIRT are currently blocked). This results in the following display where the

option Yes must be selected.

b Stark MIRT1

The main output is written to a file JOBNAME.MIR. The file can be viewed by choosing the
Output option in the top row followed by the option View. The output is written to a text file which

can be accessed using most general purpose editors, such as Notepad or Word.

Information on person parameters is written to

JOBNAME.WRM1 WML estimation of ability IPLM/PCM.

JOBNAME.WRM2 WML estimation of ability 2PLM/GPCM

JOBNAME.PRS1 ML estimation of ability plus LM person fit statistics
1PLM/PCM

JOBNAME.PRS2 ML estimation of ability plus LM person fit statistics
2PLM/GPCM

JOBNAME.EAP1 EAP estimation of ability. IPLM/PCM

JOBNAME.EAP2 EAP estimation of ability. 2PLM/GPCM

JOBNAME.EAP3 Multidimensional EAP estimation of ability.

Finally, the program creates a whole range of additional fils which are of no importance now. The
only exception is JOBNAME.BIN1 and JOBNAME.BIN2, which are binary files with the item
parameters for the 1PLM/PCM and 2PLM/3PLM/GPCM, respectively.



7. The Output

7.1. The file JOPBNAME.MIR

First page echoes run information




Statistics on response frequencies and the item administration design.




The the program echoes the starting values used.




The program proceeds with the estimation of the IPLM/PCM and then with the
2PLM/3PLM/GPCM estimation. In the output, the former models are referred to as Rasch-Type

models, the latter as Lord-type models. First the iteration istory is displayed.




The category bounds parameters refer to parameterization (21), the transformed parameters refer to

(20).







The first table gives the score distribution and its posterior expectation. In the second table scores are

collapsed to create expected frequencies over 10.0.




The first LM test reported above uses the complete matrix of weights, the second one is a diagonal

approximation. The test is repeated for every booklet in the design.

Two DIF-tests are presented. The first panel below displays a test for the constancy of the
parameters of a certain item parameter against the same parameters in all other booklets. This test is
repeated for all booklets. The second panel displays a test which tests the constancy of item
parameters across all booklets.

In the example below, the focal group is booklet 1, and the reference group consists of all other
booklets. The columns labeled Obs and Exp give the average observed and posterior expected item
scores in the focal and reference group, respectively. The column labeled Abs Dif. Gives the
absolute difference between the two. The column labeled LM gives the value of the LM statistic, the
column labeled df gives the degrees of freedom and the column labeled Prob gives the significance

probability. Due to the large sample size, all tests are significant. Therefore, the column the absolute

differences are more informative with respect to model violations here.
For more information refer to Glas (1988, 1998, 1999), Glas & Suarez-Falc¢on, (2003) and Glas and
Verhelst (1989, 1995).







The test for the item characteristic curves generally follows the same lines as the tests for DIF. Only
here, observed and posterior expected are computed using a partitioning of respondents according to
their score level (i.e., the score level computed without the item targeted). Three score levels are
formed. The sample sizes within the score levels are displayed below in the three last columns.

Again, due to the sample size, the absolute difference between observed and expected average score

are more informative then the outcomes of the statistics.
For more information refer to Glas (1988, 1998, 1999), Glas & Suarez-Falc¢on, (2003) and Glas and
Verhelst (1989, 1995).




Also the test for local independence generally follows the same lines as the tests for DIF.

The tests targets the observed average score on an item conditional on the possible values obtained
on an other item. For instance, in the display below, the first row pertains to the scores obtained on
item 2 conditional on the possible scores on item 1. Both items are dichotomous. So 0.72 is the
average observed score on item 2 for students scoring zero on item 1 and 0.91 is the average
observed score on item 2 for students scoring a one on item 1. The last item, item 23 is evaluated
conditional on the response on item 21. Both items have 4 response categories. So the average scores

onitem?23 are 1.17, 1.50, 1.68, and 1.76 for students scoring 0, 1, 2 and 3 on item 21,
respectively.

Again, due to the sample size, the absolute difference between observed and expected average score

are more informative then the outcomes of the statistics.
For more information refer to Glas (1988, 1998, 1999), Glas & Suarez-Falc¢on, (2003) and Glas and
Verhelst (1989, 1995).




All output tables are repeated for Lord-type models. For instance, the table with parameter estimates

looks as follows.




7.2. The file JOPBNAME.WRM1 and JOPBNAME.WRM2

The record for the first 10 respondents are displayed. The column labeled THETA gives the WML
estimates, the column labeled SE gives the standard error. The column labeled PLAUS gives a
‘pseudo’-plausible value, that is, random draw from a normal approximation of the estimate. A
‘proper’ plausible value is supplied under the EAP option.

Person IDs are displayed if present in the input file. IV is a person number, IB is a booklet number.

PROB is the proportion correct.




7.3. The file JOPBNAME.PRS1 and JOPBNAME.PRS2

Most columns are analogous to the columns in the previous files. The columns labeled LMB and
LMD give LM person fit statistics as described in Glas and Dagohoy (2007). LMB is based on a
partition of the response pattern according to the partition defined in the Tests screen under Pf.
Clicking on Pf creates the default partition. The partition can be edited. The columns labeled EB and

UD give the diagonal approximations of the statistics. The columns labeled P give the significance

proportions.




7.4. The file JOPBNAME.EAP1 and JOPBNAME.EAP2

The column labeled EAP(T) gives the posterior expectation, the column labeled POST(T) gives the

posterior standard deviation. The column labeled PLAUS gives a plausible value, that is, random

draw from the posterior distribution.
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