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Abstract

This note describes a SAS macro that can be used to test the
assumption of unidimensionality in a polytomous Rasch model.

1 Introduction

Rasch models (Rasch, 1960; Fischer & Molenaar, 1995) are widely used for
modeling of latent variables measured using ordinal scales. Because they
express ideal requirements of scales. This note describes a SAS macro that
can be used to test the assumption of unidimensionality in a polytomous
Rasch model. Traditionally, specialized software has been needed and this
have limited the use of Rasch models.

The use of the macro is illustrated using a data set test containing
five items ITEM1, ITEM2, ITEM3, ITEM4, and ITEM5 scored 0, 1, 2 and binary
covariates X, Y, and Z. The macro create output files in the form of SAS data
sets and also write results to the log file. An overview of input and output
files is given Table 1.
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Table 1: Input and output data sets used by the the SAS macro pml.

Macro Input Comments Output Comments
pml test contains out test statistic, df,

items and p-value
out history simulation history
(optional)

2 The Rasch model

An important feature of Rasch models is the sufficiency of the raw score
making consistent estimation of item parameters without reference to the
distribution of the latent variable in the population possible. Assume that
response categories are scored 0, 1, . . . , H and let a persons answers to the
items i = 1, . . . , I be represented by the indicators x = (xih)i=1,...,I,h=1,...,H ,
where xih = 1 if the person gives the answer h to item i and 0 otherwise.
The conditional probability given the person parameter θ is

p(x|θ) =
exp([

∑
i

∑
h xihh]θ +

∑
i

∑
h xihηih)∏

i

∑
l exp(lθ + ηil)

(1)

and the likelihood function is the product of these. The model is identified
if

∀i : ηi0 = 0 ∧
∑

i

ηim = 0. (2)

These constraints are identical to the ones proposed for the Partial Credit
model (Masters, 1982) using the so-called threshold parameters

βih = −(ηih − ηi,h−1) (3)

for i = 1, . . . , I and h = 1, . . . , H. The conditional likelihood function is
the product of the conditional probabilities given the score t =

∑
i

∑
h xihh.

These can be written

p(x|t) =
exp(

∑
i

∑
h xihηih)

γt

(4)
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where γt = γt(η) =
∑(t)

x exp(
∑

i ηixi
) are well-known gamma-polynomials,

(
∑(t)

x is short notation for the sum over all response vectors x with sum t).

3 Testing unidimensionality

The Martin-Löf test for unidimensionality, (Martin-Löf, 1970; Gustafsson,
1980), is based on the so called extended likelihood function

L(x) = p(x|t)κt (5)

where the probabilities of the marginal score distribution, κt, are unre-
stricted parameters estimated by the observed frequencies Nt

N
(Tjur, 1982;

Christensen, Bjorner, Kreiner, & Petersen, 2002). The probabilities (5) gen-
eralize to more than one latent variable where each item depend on only one
of these.

The assumption of unidimensionality can be tested using a likelihood ratio
test based on extended likelihood functions: The Martin-Löf test statistic.
The macro to do this test is called by writing

%pml(data=test, scale1=ITEM1-ITEM3, scale2=ITEM4 ITEM5,

max=2, out=PML, bootstrap=NO, seed=0, nsimu=1000);

specifying that the Rasch model where ITEM1, . . ., ITEM5 depends on θ
is tested against the two-dimensional alternative where ITEM1, ITEM2, and
ITEM3 depend on θ1 and ITEM4 and ITEM5 depend on θ2.

3.1 Options

The arguments are summarized in Table 2
Computing the test statistic implies estimating κ’s for each combination

of sub scores. The difference in number of parameters is thus very large
and a consequence of this the null distribution deviates strongly from the
asymptotic chi-square distribution (Verhelst, 2001; Christensen et al., 2002).

Simulation studies (Verhelst, 2001; Christensen et al., 2002) showed that
p-values underestimates significance. A significant result can in general be
taken as evidence of multi-dimensionality, whereas a cautious approach to in-
significant p-values is advisable. Evaluating the Martin-Löf test statistic us-
ing the standard chi-square approximation thus yields a test with low power.
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Table 2: Arguments to the SAS macro pml.

Argument Comments
data= input data set containing the items
scale1= names of items in first sub scale, written V1 V2 V3 V4

(statement like V1-V4 can be used)
scale2= name of items in second sub scale, written V1 V2 V3 V4

(statement like V1-V4 can be used)
max= maximum item score (minimum score assumed to be 0)
out= name of output file (default PML)
bootstrap= if YES a parametric bootstrap test (p. ??) is computed

default is NO
nsimu= number of simulations (default 1000)

This problem is dealt with by means of parametric bootstrap (Efron, 1979;
Efron & Tibshirani, 1993), by simulating nsimu (e.g. 1000 - the default) val-
ues of the test statistic under the null hypothesis of unidimensionality. This
is done as follows: (i) using the observed frequencies Nt

N
simulate the score t

for each of N persons, (ii) simulate item response vectors x using the con-
ditional probabilities 4, (iii) compute the test statistic. The difficult step is
(ii) because the number of possible item response vectors x will be very large
for some values of t. The solution to this problem is a recursive procedure
sampling one item response at a time combining the probabilities p(xih = 1|t)
(Andersen, 1995, (15.22)) with the recursion formulas used to compute the
γ-values (Andersen, 1995, (15.26) and (15.27)).

This bootstrap procedure is implemented in the macro pml and is per-
formed if bootstrap=YES is specified. For each simulation the macro fits
three Poisson regression models, if the estimation procedure fails to converge
for one of these a warning or error message is printed (problems can occur
for small data sets, very skewed items, and in situations where the fit of the
Rasch model is poor for one or both sub scales). The entire simulation his-
tory is printed to the file out history results should of course be interpreted
with caution if convergence problems have occurred for a large number of
simulations.
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4 Comments

Because the macro uses the contingency table of item responses no responses
must be missing. It is assumed that all items use the same number of re-
sponse categories. The macro fits a Poisson regression model to the observed
counts of the contingency table, if the estimation procedure fails to converge
a warning or error message is printed. Problems can occur for small data
sets or very skewed items.
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