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Theoretical and Empirical Comparison of the
Mokken and the Rasch Approach to IRT
Rob R.

Meijer and Klaas Sijtsma, Free University of Amsterdam

Nico G. Smid,

Philips, Eindhoven, The Netherlands

The Mokken model of monotone homogeneity,
the Mokken model of double monotonicity, and
the Rasch model are theoretically and empirically
compared. These models are compared with respect
to restrictiveness to empirical test data, properties
of the scale, and accuracy of measurement. Application of goodness-of-fit procedures to empirical
data largely confirmed the expected order of the
models according to restrictiveness: Almost all
items were in concordance with the model of mono-

homogeneity, and fewer items complied with
the model of double monotonicity and the Rasch
model. The model of monotone homogeneity was
found to be a suitable alternative to more restrictive models for basic testing applications; more
sophisticated applications, such as equating and
adaptive testing, appear to require the use of parametric models.
Index terms: goodness-of-fit, item
response theory, measurement properties, Mokken
model, Rasch model.
tone

In item response theory (IRT), test behavior is explained by taking into account attributes of both
important notion in IRT is the item characteristic curve, or item response function (IRF). For dichotomously-scored items, it provides the probability of persons answering an item
positively as a function of the latent trait. IRT test models are formulated so as to permit the derivation of consequences that can be checked empirically. Therefore, fit of the model to the data plays
an important role in IRT.
In recent years much empirical research has used three IRT models: the Mokken models of monotone homogeneity and double monotonicity, and the Rasch model. See Mokken (1971), Stokman (1977),
and Kingma and ten Vergert (1985) for empirical applications of the Mokken models. Empirical applications of the Rasch model can be found in van den Wollenberg (1979), Schmitt (1981), and de
Jong-Gierveld and Kamphuis (1985).
Data are analyzed most often with a single model. As a result, a systematic comparison of models
is often difficult to achieve. In this study, the three models were compared both theoretically and
empirically. First, the models are briefly introduced and compared on three important characteristics : restrictiveness with respect to empirical data, measurement properties of the scale, and methods
to determine reliability of measurement. Second, the fit of the three models to the same set of empirical data is investigated. Differences and resemblances between the models are illustrated on the basis
of the results from the empirical analyses.
persons and items. An

Theoretical Considerations
The

models proposed by Mokken (1971) are called nonparametric because the ntFs are not
parametrically defined, and because no assumptions are made concerning the distribution of the latent
trait. The model of monotone homogeneity is based on the assumptions of unidimensionality, local
stochastic independence, and monotonicity in the latent attribute. Unidimensional measurement
IRT
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states that within a specified population, response behavior on the test can be explained by a single
underlying attribute. This attribute is measured on a scale denoted by 0. Local stochastic independence implies that the response behavior of a person on an arbitrarily selected item g is not influenced
by his or her responses on previous items, nor will it affect response behavior on subsequent items.
This assumption is a logical consequence of unidimensionality, but the reverse is not true.
The assumption of monotonicity in the latent attribute specifies that a higher attribute value implies an increasing probability of responding positively to an item. Because present psychological
theories seem to offer no viable alternatives, it may indeed be plausible that someone with a higher
ability, aptitude, attitude, or trait does not have a smaller probability of answering items positively

than someone with a lower level of that variable.
Let P denote a probability, in general, and let P(6,) denote the probability of person i obtaining
a positive response on item g. Formally, the model of monotone homogeneity implies for two persons i and j and an item g, that if 0, <
6,, then

When items conform to the model, persons can be ordered according to the latent attribute (Mokken, 1971). Because 0 is not estimated numerically in the model of monotone homogeneity, the ordering according to 0 is replaced by the ordering according to the true score T from classical test
theory (C’t&dquo;r’; Lord & Novick, 1968). Mokken (1971) showed that T and 0 have the same order. The
number-correct score X is used as an estimator for T; an ordering according to X, therefore, gives
an estimate of the ordering according to 6. Grayson (1988) also showed that the number-correct score
X has a monotone likelihood ratio in 0 for all models complying with monotone homogeneity.
The model of double monotonicity is based on the same set of assumptions as the model of monotone homogeneity, plus the additional assumption of monotonicity in the item difficulties. Together
these assumptions imply that the IRFs do not intersect, but may touch or coincide. Formally, the
property of nonintersecting IRFS can be stated as follows: Let 5 denote the common item difficulty
from IRT; then for two items g and h with 8, < 8h,

In addition to ordering persons according to 0, the model allows an ordering of items according
their difficulties. Apart from ties, this order is the same in each subpopulation of the population
where the model holds. In the model of double monotonicity, the true score T is used for ordering
persons, and 1tg, the proportion of persons giving a positive response to item g, is used for ordering
items. Mokken (1971) showed that the order according to 1tg is the reverse of the order according to
the difficulty parameter 8, from the parametric IRT models. Mokken and Lewis (1982), Niemoller
and van Schuur (1983), and Sijtsma (1988) provide an introduction to the Mokken model.
In the one-parameter logistic (Rasch) model, test behavior is explained by the difficulty of an item
and the attribute value of a person (Fischer, 1974; Rasch, 1960). This model is based on the same
set of assumptions as the Mokken model of monotone homogeneity, plus the assumption of minimal
sufficiency of the unweighted person and item sum scores for the estimation of the 0 and 8 parameters,
respectively. Given these four assumptions, the probability of positively answering an item is given by:
to
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Sometimes it is convenient to
becomes

use

the transformation 0

=

In ~ and 8,

=

In e~, and

Equation 3

then

equation is used in the next section.
important characteristic of the Rasch model is that it enables so-called specifically objective
measurement (Fischer, 1974, 1987; Wright, 1977). Furthermore, it can be shown (e.g., Fischer, 1974)
that, for both person Os and item 8s, the Rasch model allows measurement on a difference or a ratio
This

An

scale.

Comparison

of the Models

ordering the models on the basis of their restrictiveness for empirical data, the model of monohomogeneity is least restrictive and the Rasch model is most restrictive. This is clear from a
consideration of the assumptions on which the models are based.
Table 1 shows that the Rasch model rests on the same set of assumptions as the model of monotone homogeneity, plus the additional assumption of sufficiency. Taken together, these four assumptions also imply nonintersecting IRFS. The Rasch model is thus a special case of the model of double
monotonicity, and is therefore a more restrictive model. This ordering does not imply that nonparametric models are always clearly less restrictive than parametric models. For example, it is not obvious which of the two models is most restrictive-the model of double monotonicity that does not
allow intersection of IRFS but does not restrict IRFS to the logistic function, or the three-parameter
logistic model that does allow intersection but is limited to logistic IRFS. This ordering of models
reflects the expectation that, empirically, fewer items comply with the Rasch model than with the
Mokken models, and that fewer items will comply with the model of double monotonicity than with
the model of monotone homogeneity.
In

tone

Table1

Assumptions of the Mokken Model of
Monotone Homogeneity (MH), Mokken
Model of Double Monotonicity (DM), and
the Rasch Model (RM) [* Indicates That
the Assumption Pertains to the Model]

’Monotonicity in 8 holds in the Rasch model, but
it is made redundant by the other four
assumptions.
The model of monotone homogeneity allows ordering of persons with respect to 0. Because IRFs
intersect, the ordering of items according to their difficulties varies with 0. The overall ordering
of k items, according to 1tg (g = 1, ..., k), does not represent the correct ordering within subgroups.
Ordering of both persons and items is possible when the model of double monotonicity applies;
may
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however, attributes and difficulties are measured on separate scales. Attributes are measured on the
scale, and difficulties are measured on the scale of proportions. For the Rasch model, meas-

true score

urement

of items and persons takes place

measurement

properties

difference or a common ratio scale. The
summarized in Table 2.

on a common

of the three models

are

Table 2
Measurement

Properties of the Three Models

Measurement on a difference or a ratio scale is restricted to psychometric interpretations of the
scale. From a psychological point of view, however, it is impossible to compare persons on a ratio
or a difference scale in terms of psychological attributes, because psychological theories are too ambiguous and vague to allow comparison of persons on metric scales. For example, given a person
i with ~,
1, and a person j with 4,
2, it does not make sense to conclude that person j is twice
=

=

intelligent as person i.
The odds for success are needed in order to understand the meaning of comparing persons on
the ratio scale from the Rasch model. The odds (OJ for success of a person i on item g is the ratio
of the success probability on item g and the failure probability on the same item (denoted by P and
as

Q., respectively):
For the Rasch model,

Equation

5 becomes

O,g

=

~,/&euro;~.

The ratio of the odds of persons i

and j

is

given by:
For example, on an intelligence test for two persons with ~, = 1 and ~, = 2, O,/O}8 = .5. The odds
for success for person j are twice the odds for success for person i. Obviously, it cannot be concluded
that person j is twice as intelligent as person i. The interpretation in terms of odds follows from the
Rasch model, whereas the interpretation in psychological terms does not.
In IRT, reliability of measurement is determined by the accuracy with which the latent attribute
is estimated (Lord, 1980). In parametric IRT, the information function has a role analogous to the
reliability coefficient in CTT. Both provide a tool for determining the precision of measurement by
means of 6 and X, respectively. Classical reliability only allows an overall evaluation of the precision
of measurement, whereas the information function allows an evaluation of measurement precision
as a function of the latent attribute.
The nonparametric Mokken models do not allow numerical estimates of person and item parameters
that are needed to estimate the information function. Therefore, accuracy of measurement is determined with the reliability coefficient from CTT. For the model of monotone homogeneity, no specific
methods to determine the reliability of measurement have been developed. Methods from CTT, such
as coefficient a or X-2 (Guttman, 1945), must be used to estimate accuracy of measurement.
Based on the model of double monotonicity, Mokken (1971), and Sijtsma and Molenaar (1987)
developed methods allowing for an overall estimate of the precision of measurement using the numbercorrect score X. These methods make explicit use of the assumption that IRFS do not intersect. Establishment of a fitting model of double monotonicity should thus precede application of these
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methods.
In the Rasch model, the information function is

given by

This function gives information about the precision of measurement using the reciprocal of the conditional variance of the maximum likelihood estimate of 0. It has been shown (Lord, 1980) that the
contribution of an item to the precision of measurement is independent of the other items in the
test. The test information function allows an evaluation of measurement precision on each point of
the scale.
Gustafsson (1977) discussed the index of examinee separation in the context of the Rasch model.
In contrast to the information function, this index expresses the overall reliability of the maximum
likelihood estimate 6, and can thus be seen as an IRT counterpart of the classical reliability coefficient for the number-correct score X.
Method
Data

The goodness-of-fit procedures of the three models are illustrated with an analysis of data from
widely-used Dutch verbal intelligence test-the Verbal Analogies Test (Drenth & van Wieringen,
1969). This test contains 40 items that measure &dquo;verbal intelligence.&dquo; Each item consists of a sentence

a

in which the first- and the last-item word have been removed. Two rows of five words each are listed
below the sentence. The examinee has to identify one word from the first row (numbered 1 through
5) as the first word of the sentence, and one word from the second row (lettered A through E) as
the last word of the sentence. An example of an item is:
...

is to love

as

hostility is

to

...

The test was developed for examinees at or beyond the college/university level. The administration
time of the test is 40 minutes. For the present analysis, a sample of 990 examinees was used; most
of the examinees graduated from high school.
The dataset used archival data that were collected in the context of selection of personnel for computer occupations, such as systems analyst and programmer. Because the test has a time limit, and
a persons-by-items matrix containing correct-incorrect scores was available, it was unknown whether
each examinee had attempted each item. Therefore, a 0 score in the data matrix may have meant
&dquo;omitted&dquo; (due to time limit), as well as &dquo;incorrectly answered.&dquo;
To minimize the probability that part of the data analyzed was not attempted by all examinees,
the analysis was restricted to the first 32 items. This decision was based on the observation that after
Item 32, there was a sudden decrease of the items’ 1tg values, the proportion of correct responses.
Because the last eight items did not differ in task from the first 32 items, this sudden decrease was
assumed to be caused by the time limit and not by real differences in difficulty.
Goodness-of-Fit Methods
Monotone homogeneity.
The data were first analyzed by methods for evaluating goodness-of-fit
of the model of monotone homogeneity. Given the assumptions of this model, Mokken (1971) showed
that inter-item covariances are nonnegative. Furthermore, the overall scalability coefficient H (Mokken, 1971; Mokken & Lewis, 1982; see also Cliff, 1977, who denotes this coefficient by cr3) and the
two related coefficients for individual items (denoted by Hg) and pairs of items (denoted by Hgh) also
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have nonnegative values. A positive value, however, does not guarantee monotone homogeneity (e.g.,
Mokken & Lewis, 1982). Positive values thus constitute necessary conditions for monotone homogeneity. For practical test construction purposes, Mokken (1971) recommended the value H = .3 as a lower bound for a set of items comprising a test; Mokken, Lewis, and Sijtsma (1986) discussed the rationale

underlying this choice.
Because H ~ 0 is a necessary condition for monotone homogeneity, the empirical data were first
investigated with respect to this restriction. Many researchers use H = .3 as a practical lower bound
(Mokken, 1971), and therefore the data were also investigated using this lower bound.
A second procedure used to evaluate the assumption of monotone homogeneity in these data is
that proposed by Molenaar (1982; 1983a). In this method, given an item g (g = 1, ..., k), for each
person the &dquo;rest&dquo; score S = X - Xg is determined (see Rosenbaum, 1984, for the use of rest score
rather than raw score). Persons having the same rest score together constitute a rest score group. The
rest score groups are ordered according to increasing rest score S (S = 0, ... , k - 1). The proportion
of persons answering positively to item g is estimated within each rest score group, and the proportion is denoted by 1tSg’ 1tsg is estimated by 11:Sg = nsglnf, where nsg denotes the number of persons in
the sample having a rest score equal to S who give a positive answer to item g, and ns is the number
of persons having a rest score equal to S.
Provided the model of monotone homogeneity holds (given increasing rest score) for a fixed item
g, the proportions 1tsg are nondecreasing. When a sample proportion 11:s-l.g is followed by a smaller
proportion 11:Sg, the null hypothesis of equal proportions is tested against the alternative of 11:s-l,g > 11:Sg.
For small samples this is done with Fisher’s exact probability test, and for large samples with the
x2 test for independent samples (Siegel, 1956, p. 96-111) in the two-by-two table of rest score groups

(S - 1, S) by item score Xg (0,1).
Data analysis was done using the program MOKKEN SCALE (Niemoller & van Schuur, 1980; see
Debets, Sijtsma, Brouwer, & Molenaar, 1989, for a program that handles polychotomous scores, as
well). This program contains a bottom-up item selection procedure that starts by selecting the pair
of items for which (1) Hgh is significantly larger than 0, and (2) Hgh is the largest among the coefficients for all possible item pairs. Then a third item f is selected that (3) correlates positively with
the items already selected, (4) has an Hf coefficient with respect to the items selected that is significantly larger than 0, and (5) has an Hf coefficient that is larger than a user specified value c; in this
0 and c
.3, respectively.
study, two analyses were performed using c
From the pool of items, an item is selected that maximizes the overall H of g, h, and f. A fourth
item is selected that satisfies conditions 3, 4, and 5, above, and that maximizes the overall coefficient
of the four items selected. The program continues to select items as long as items are available that
satisfy conditions 3, 4, and 5. During the selection process a large number of significance tests are
computed, so there is a great danger of capitalization on chance. In order to reduce this danger, the
significance level is automatically adapted throughout the procedure to the number of tests in each
selection step. The data were analyzed once with, and once without, this selection procedure.
Double monotonicity.
To determine whether the model of double monotonicity adequately
explained response behavior, Mokken (1971) proposed a visual inspection method for the evaluation
of the complete dataset with the order properties within two matrices. The P matrix has order k x k
and contains the proportions 1tgh (g,h
1,
k, g # h) of persons giving correct answers to a pair
of items. The items across rows and columns are ordered according to increasing order of overall
1tg values. Given the assumption of double monotonicity, the rows and columns are nondecreasing
(Mokken, 1971). The P’l) matrix also has order k x k, and contains the proportions 1tgh (g,h
1,
k, g ~ h) of persons giving negative responses to a pair of items. Given double monotonicity,
=

=

=

...,

=

...,
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the rows and columns in this matrix are nonincreasing. These expected ordering properties in the
P and P’ll matrices in the sample are used to evaluate double monotonicity.
Another possibility for investigating the model of double monotonicity is based on the item-byitem cross table (Molenaar, 1982; 1986) for test score groups. Let 1tg;; denote the proportion of persons having a positive response on item g and a negative response on item h, and let 1tih denote the
proportion of persons having a negative response on item g and a positive response on item h. Given
the model of double monotonicity, with 1tg :S 1th in the population, it can be shown (Molenaar, 1982)
that in each subgroup (e.g., test score group) 1tg;; :S 1tjh’ Sample results in the opposite direction (i.e.,
itg;; > ngh) may be indicative of violations of the overall item order. The null hypothesis of equal
proportions, nghl(ngh + 1tih) = .5, against the alternative that 1tg;;/(1tg;; + 1tgh) > .5, can be tested
for test score groups with the McNemar test (Siegel, 1956, p. 63-67).
In order to select Rasch homogeneous sets of items from a larger set, AnderRasch homogeneity.
sen’s (1973) conditional likelihood ratio test was used for globally testing the assumptions of monotonicity in 0 and sufficiency (van den Wollenberg, 1979). The sample of persons was divided into two
disjoint subsamples of about equal size, one containing examinees having the higher raw scores, and
the other containing examinees having lower raw scores. Item parameters were estimated in these subsamples. If the model held, the same parameters were estimated in the subsamples, and the x2 distributed test statistic had a value reflecting only random fluctuations. If the model was globally rejected,
in the next step of the analysis the test proposed by Molenaar (1983b; see also Glas, 1989, for new
proposals) was used for detecting deviant items.
With this test, for an item g within each test score group, the proportion of positive answers is
compared with the expected proportion, given that the model holds. For item g, the standardized
differences are combined across the lower and higher test score groups into the test statistic U. This
test statistic is approximately standard normally distributed. As is shown below, practical use of U
is more complicated than simply removing items having significant U values (see also Molenaar,

1983b).
After removal of items based on the U analyses, response behavior on the remaining items was
tested with respect to the assumptions of unidimensionality and local stochastic independence using
Andersen’s conditional likelihood ratio test. For this purpose, subgroups were constructed with splitter items (van den Wollenberg, 1982).
A splitter item is an item with which the sample is partitioned into two subsamples, one consisting
of examinees responding positively to the item, and the other containing examinees responding negatively. Under the alternative hypothesis of multidimensionality, some of the items in the test measure
the same attribute as the splitter item, and other items do not. Van den Wollenberg (1982) argued
that in this situation, item parameter estimates belonging to items related to the splitter item differ
systematically across the subsamples, resulting in a significant value of Andersen’s test statistic. A
comparison of item parameter estimates in both groups may reveal deviant items, and may suggest
which items should be removed or which unidimensional subscales may be appropriate.
The splitter item technique resembles the use of the P and P(l) matrices for evaluating the model
of double monotonicity. For example, the P matrix contains all bivariate proportions 1tfig
1,
k) in row f, and if 1tg :S nh, then 1tfg :S 1tjh’ Division of 1tfg and 1tjh by 1tf shows that the ordering of
item difficulties holds in the group responding correctly to item f. This ordering also holds in the
group giving a negative response to item f (1tfg :S nA), and corresponds in the Pl) matrix with
7Efi - 1tjh’ Thus the technique of inspection of the ordering in rows f in the P and P(l) matrices
is likely an adaptation of the splitter item technique for the model of double monotonicity (Molenaar,
1982). In practice, however, inspection of these matrices is never used as a check on unidimensionali=
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ty, but rather as a check on the property of nonintersecting IRFS.
Another test for unidimensionality was provided by Martin-L6f (1973), and Wainer, Morgan, and
Gustafsson (1980). To use the Martin-L6f test, the item set is divided into two disjoint subsets of
items that hypothetically measure different attributes. Because the Verbal Analogies Test was intended to be unidimensional, it was difficult to group the items on an a priori basis. Therefore, the item
set was divided into two subsets of items on the basis of their 1tg values. The idea behind this division was that difficult items may measure another dimension than easy items. An explicit procedure
for evaluating unidimensionality is notably absent in both Mokken models.
Precision of Measurement
In addition to an investigation of model fit, the precision of measurement was also examined for
each model. Coefficient a was estimated for the model of monotone homogeneity. Mokken’s Method
1 (Mokken, 1971), and a method proposed by Sijtsma and Molenaar (1987) were used to estimate
precision of measurement for the model of double monotonicity. These methods are less biased than
Mokken’s Method 2 (Sijtsma, 1988; Sijtsma & Molenaar, 1987). For the Rasch model, precision of
measurement was determined with the test information function and the index of examinee separation.

Results

Analysis

of Monotone

Homogeneity

The 32 items were analyzed as a test. Then the item selection algorithm was used to explicitly select
items conforming to the model of monotone homogeneity.
Without selection, all items had positive H, values ranging from .09 to .38. For the complete set
of 32 items, H
.25. The H and the H. values resulting from the stepwise item selection using H
0
as a lower bound are shown in Table 3. Only Item 22 violated the model of monotone homogeneity.
This item correlated negatively with Items 3, 6, and 12.
The trend of the overall H coefficient during the stepwise selection process revealed that H decreased
relatively quickly during the selection of the first few items, but then tended to stabilize. This is in
agreement with results from a simulation study by Sijtsma and Prins (1986) in which items were selected
from a set of equidistant Rasch items.
The ng values in Table 3 are spaced rather evenly. Although these 1tg values are not linearly related
to the latent difficulty (8) parameters from the Rasch model, this spacing suggests approximately
equidistant 8 parameters, as in the simulation study. Furthermore, because Hg is related to the discriminating power of an item, with the variance of the person distribution and the distance of the
item difficulties held constant (Mokken et al., 1986), the small dispersion of most Hg coefficients
(in Table 3, 23 out of 31 coefficients have values between .2 and .3) may point in the direction of
only modest differences in discriminating power across the items. Therefore, similar results concerning the trend of H during the selection of items found by Sijtsma and Prins (1986) and found in
this study may be explained by comparable latent item characteristics. The estimation of reliability
of the unweighted total score with a for 31 items resulted in a
.86.
Table 4 shows results for the item selection using the lower bound H
.3. This additional restriction resulted in the selection of two subscales. Table 4 shows for Item 31 that it is possible that some
Hg values could be smaller than .3 after item selection is completed. One explanation for such small
values is that when an item is selected, this decision is based on its HK value with regard to the items
already selected. When selected, the Hx value is not smaller than the user-specified value, but the
final Hg value is estimated with respect to all items selected in the scale when the selection is com=

=

=

=
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Table 3
Coefficients for Stepwise
Selection From the First 32 Items of the Verbal
Analogies Test (H a 0.0) [Hg Values Were
Determined After the Selection Was Completed]

H and Hg Scalability

to items selected subsequently, it is then possible that the Hg value of an item is smaller
than the value at initial selection, and even smaller than the user-specified value c.
After the first scale is completed, the program continues selecting items from the set remainingthis selection round resulted in Scale 2 in Table 4. There is an option in the program allowing the
items in Scale 2 to function as a start set for a new selection round from all items. With this option,
a new scale was found containing the three items of Scale 2, plus 11 items from the original first
scale. It is generally recommended to take item and subscale content into account when deciding
what scale to use in practice. In this case, however, it was not possible to decide which end result
from item selection should be preferred, because items could not be grouped on the basis of their
content. Therefore, the longer Scale 1 was used as the final scale. a for Scale 1 was .81, and a for
Scale 2 was .42.

pleted. Due
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Table 4
H and Hg Scalability
Coefficients for Stepwise
Selection of Scales 1 and 2
From the First 32 Items of the
Verbal Analogies Test (H >
.30)

Over 200 sample violations of decreasing proportions were found in the columns of the rest scoreby-item matrix for all 32 items. Applying the method proposed by Molenaar (1982), it was found
that only two of these violations were significant at a .05 level (Item 5 in rest score groups 25 and
4.2, df 1, p
.04).
.03; and Item 22 in rest score groups 6 and 11, x2
4.5, df 1, p
27, x2
Because these were only local violations of the assumption of monotone IRFS, all IRFs were considered to be in concordance with the model. Based on negative correlations, however, only Item 22
(not selected with stepwise selection) did not comply with the model of monotone homogeneity.
=

=

Analysis

of Double

=

=

=

=

Monotonicity

P and P(Ol matrices suggested that several violations of monotone orrows and columns. Violations greater than .03 (Mokken, 1971) were
in
their
derings
present
considered too large to maintain the model of double monotonicity for the complete set of items.
Because of the large size of the entire P and P(O) matrices, only parts of these matrices are shown
in Table 5. For the P matrix it can be verified that violations are present for Items 5, 8, and 25. For
the entire P matrix, Items 5, 8, 11, 16, 19, 22, 25, 27, and 32 violated the assumptions of double
monotonicity. For the P(l) matrix, no violations occurred for the items in Table 5. For the full matrix,
Items 11, 16, and 26 violated double monotonicity.
Testing violations of the item ordering in the test score groups with the McNemar test revealed
significant violations (in at least two score groups) involving Items 5, 8, 11, 12, 16, 19, 22, 24, 25,
A visual

inspection of the

were
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Table 5
P and PO) Matrices for Nine Items

were also found to be deviant with
the P and PIO’ matrices. Based on these analyses, these 12 items were removed from the test. For the
remaining 20 items, the reliability estimated with Mokken’s Method 1 was .8. The method proposed
by Sijtsma and Molenaar (1987) yielded an estimate of .81.

26, 27, and 32. Except for Items 12 and 24, the other 10 items

Rasch

Analysis

The assumptions of monotonicity and sufficiency were investigated with Andersen’s (1973) conditional likelihood ratio test. The group of persons was divided into two disjoint subsamples on the
basis of their raw scores. One group contained persons with scores ranging from 1 to 19, and the
other group contained persons with scores ranging from 20 to 31. On the basis of this division, the
null hypothesis of equal item parameters in the subgroups was rejected in favor of the alternative
hypothesis of unequal parameters (x.2 :::::: 209, df = 31; p < .001). Based on these results, it may be
concluded that the assumptions of monotonicity and sufficiency were violated.
To find deviant items, individual items were investigated with the Ug test at a .05 significance level. Items withI Ug>
1.96 violate the Rasch model. It could be argued that a smaller significance
level should be adopted in accordance with the number of significance tests carried out. Because
one or only a few small score groups may be responsible for large positive or negative U8 values,
the observed and predicted frequencies in separate score groups were also studied for each item. When
such local violations occurred due to small score groups, significant negative or positive values of
Ug were not considered to be relevant indicators of misfit. Therefore, the combination of a .05 significance level and the inspection of frequencies in score groups likely constituted a satisfactory protection against chance capitalization.
Items 5, 9, 15, 16, 27, and 28 measured the latent trait with a steeper IRF (U < -1.96) than the
other items, as shown in Table 6. Items 1, 12, 14, 22, 24, and 32 had IRFS that were relatively flat
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Table 6
Values for All Items From the
Verbal Analogies Test (Analysis 1),
After Removal of Items With Relatively
High U Values (Analysis 2), and After
Removal of Items With Relatively High and
Relatively Low U Values (Analysis 3)

U

*Local Violation.
**Global Violation.
> 1.96). Items 22 and 24 had particularly large positive U, values.
The tasks that have to be fulfilled to answer an item correctly do not vary systematically across
items. This makes removal of items on the basis of their content somewhat arbitrary. Based on psychometric considerations only, items with relatively flat IRFS were removed. Although items with relatively steep IRFs also violate the Rasch model and thus are candidates for removal from the test, they
sharply discriminate between examinees and are useful in an intelligence test. Although these items
might be considered for removal, as well, they were kept in the test in this first selection round

(U
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practical reasons. Further, experience indicated that the U value of items with relatively steep
curves may improve when items with positive U values were removed.
After removal of Items 1, 12, 14, 22, 24, and 32, the remaining items still violated the assumptions
of monotonicity and/or sufficiency. The results for the Andersen test statistic were XI =z 75, df
25,
p < .001. Table 6 shows the U values after removal of the six weakly-discriminating items (Analysis
2). Removal of these items, as well as removal of items with relatively steep IRFS, gave a better fit
of the model. The Andersen test for score groups (high-low partitioning) was X2 - 33, df
19,
for

=

=

p

=

.02.

Although Items 13 and 31 still had relatively flat IRFS, and the IRF of Item 26 was too steep (Analysis 3 in Table 6), the selection of items was terminated to avoid chance capitalization. The remaining
set of 20 items was analyzed with respect to unidimensionality, using the Martin-L6f test and the
Andersen test using splitter items. For the Martin-L6f test, the set of 20 remaining items was divided
into two disjoint subsets-one containing the relatively easy items (Items 2, 3, 4, 6, 7, 8, 11, 13, 17,
and 21), and the other containing the relatively difficult items (Items 10, 18, 19, 20, 23, 25, 26, 29,
.54. It can thus
30, and 31). The results for the Martin-L6f statistic were X2 = 106, df 109, p
=

=

be assumed that the remaining items allowed for unidimensional measurement.
To investigate unidimensionality with the Andersen test using splitter items, substantive clues for
a sensible choice of such items were absent. Therefore, items with a difficulty 1tg of about .5 were
selected so that the accuracy of the item parameter estimation was about the same in both groups.
The results of the Andersen test are shown in Table 7 for Splitter Items 8, 11, 20, 25, and 30. Although
the hypothesis of unidimensional measurement should formally be rejected at the .05 level on the
basis of splitter items 8, 11, and 30, the x2 values were not high enough to be of concern’ When
combined with the other results obtained with the Martin-L6f test and the Andersen test, these results

appeared

to

suggest unidimensionality.
Table 7
Results of the Andersen Test Based

on

Splitter Items

If the statistical tests used for the Rasch analysis would have been too powerful with a sample
size of 990, a 20-item Rasch scale would not have been obtained as the final result; rather, the Verbal
Analogies Test would have been broken down step-by-step into many fragments. Because this did
not happen, the use of the statistical tests was deemed appropriate.
The information function for 6, based on the 20 items that were finally retained in the test, had
the well-known bell-shaped appearance. The most precise measurement took place around
6 = .2; at 6 = -3 and + 3, information was about one-third of the maximum information. The
index of examinee separation was .78, which gives an overall impression of measurement accuracy
with 6.
Discussion
For empirical applications, the ordering of models with respect to restrictiveness is an important
notion. The Mokken model of monotone homogeneity is least restrictive and the Rasch model is
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usually will appear in analyses of empirical data: The Rasch model exon
items
than the model of double monotonicity, and fewer items should be
behavior
fewer
plains
in concordance with this model than the model of monotone homogeneity.
The results of the empirical analyses were largely in agreement with this expectation (see Table
8). The model of monotone homogeneity (H >_ 0) did not apply for only 1 item (Item 22), and 12
items did not fulfill the requirements of the model of double monotonicity (Items 5, 8, 11, 12, 16,
19, 22, 24, 25, 26, 27, and 32). Furthermore, 12 items did not fit the Rasch model (Items 1, 5, 9,
12, 14, 15, 16, 22, 24, 27, 28, and 32).
most restrictive. This order

Table 8
Items Selected by the Three Models
(* and + Indicate Different Scales)

From Table 8 it is clear that all items for which the model of double monotonicity held also conformed to the model of monotone homogeneity (H >_ 0). In the set of Rasch items, however, the
behavior on five items (Items 8, 11, 19, 25, and 26) was not explained by the model of double monotonicity. It is theoretically impossible that Rasch items do not conform to the model of double
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monotonicity. The misfit of these five items can thus be explained by properties of the methods for
checking the goodness-of-fit of the three models, such as the power of tests, and the arbitrariness
of

.

some decisions based on statistics.
With respect to the methods for evaluating the fit of the three models, a problem was caused by
the way the items of the Verbal Analogies Test are constructed. The tasks that have to be performed
to solve an item correctly do not vary systematically across items. This means that it was not possible
to create subsets of items that might measure hypothetically different attributes. Consequently, statistical indicators had to be relied on for the analyses; item content was disregarded.
The results of the stepwise selection of items for the model of monotone homogeneity (H 2: .3)
indicate that this additional restriction yielded sets of items that discriminate better among persons,
in comparison with sets of items selected by using H = 0 as a lower bound. As Table 8 shows, if
H ? .3, fewer items form one scale; this table also shows that H 2: .3 may result in the rejection
of some items that are included in the final Rasch scale.
The Rasch model has interesting measurement properties, such as specifically-objective measurement and measurement of items and persons on a metric scale. However, much of the research has
shown that items do not easily fit this model. The present Rasch analysis also showed that many
items did not fit the model, whereas the behavior on almost all items was explained by the model
of monotone homogeneity.
In many testing applications, it often suffices to know the order of persons on an attribute (e.g.,
in selection problems). Therefore, the Mokken model of monotone homogeneity seems to be an attractive model for two reasons. First, ordinal measurement of persons is guaranteed when the model
applies to the data. Second, the model is not as restrictive with respect to empirical data as are the
Mokken model of double monotonicity and the Rasch model. If, in addition, an invariant ordering
of items is required for all examinees (e.g., in intelligence testing), the model of double monotonicity
may be appropriate. More sophisticated applications, however, such as equating, item banking, and
adaptive testing, preferably require measurement on metric scales. If such applications are envisaged,
response behavior must comply with the demands of parametric models such as the Rasch model.
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