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Assessing and Studying Utility Functions
in Psychometric Decision Theory
Bastiaan J. Vrijhof, Gideon J. Mollenbergh, and Wulfert P. van den Brink
University of Amsterdam

In educational and industrial psychology, utility
theory has been used for determining optimal decision-
theoretic procedures such as optimal test cutting scores
for Pass/Fail and Accept/Reject decisions. Three meth-
ods are described for empirically assessing utility
functions: (1) a method for scaling utility mixtures,
consisting of a true achievement or criterion level
combined with the probability of passing the test or
being accepted, which is applicable for determining

optimal decision procedures; (2) a method for scaling
the utility as a function of the true achievement or cri-
terion level; and (3) a graphical procedure for choos-
ing a utility function. These methods are useful for in-
vestigating the utility structure. The three methods are
investigated using 30 students in a hypothetical educa-
tional Pass/Fail situation and appear to yield reliable
information. Moreover, an overview of the students’
utility structures is reported.

Cronbach and Gleser (1957) have introduced decision theory in psychometrics. Recently this interest
has been renewed. Examples are optimal cutting scores in mastery testing (Hambleton & Novick, 1973;
Huyhn, 1976), selection (Alf & Dorfman, 1967; Chuang, Chen, & Novick, 1981; Petersen, 1976), and
culture-fair selection (Gross & Su, 1975; Mellenbergh & van der Linden, 1981); decision-theoretic test
coefficients (van der Linden & Mellenbergh, 1978); the optimality concept (Mellenbergh & van der

Linden, 1979); item selection (Mellenbergh & van der Linden, 1982) and aptitude-treatment interaction
(van der Linden, 1981).

In an overview of utility measurement, Hull, Moore, and Thomas (1973) distinguish between methods
that make minimal assumptions and those that make assumptions, either about the form or about the
properties of the utility function. In psychometric decision theory it is mainly methods that make as-
sumptions that have been used; examples are threshold (Hambleton & Novick, 1973), linear (van der
Linden & Mellenbergh, 1977), normal ogive (Novick & Lindley, 1978), power (Huyhn, 1980), and
truncated normal and extended beta (Chen & Novick, 1982) utility functions. An advantage of these
functions is that they nicely match with psychometric densities as in the beta binomial or bivariate normal
model. A disadvantage is, however, that it is not known if they adequately reflect an individual’s utility
structure. In this paper methods are described for empirically assessing an individual’s own utility structure,
making minimal assumptions on the utility functions. The interest is in the utility structure itself and not
in the application to decision making.
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Within the class of methods making minimal assumptions, Hull et al. (1973) describe, among others,
rating and gambling methods; these methods are also discussed by Keeney and Raiffa (1976). Two variants
of gambling methods have been used (Novick, 1980; Novick & Lindley, 1979).

In the fixed probability method the subject is offered a lottery (<9p,OJ consisting of a preferred
option Op with probability n and a nonpreferred option On with probability (1 - 1I). The subject is asked
to which option 0, between On and Op (s)he is indifferent between the lottery and Oi &dquo;for sure.&dquo; For

example, the subject is offered a lottery of winning $100 (Op = 100) with probability .75 (II = .75)
or of losing $300 (0~ = - 300) with probability 1 - .75 = .25. The subject indicates that (s)he is
indifferent between the lottery ( 100, - 300, .75) and accepting $10 for sure (0, = 10). In the fixed state
method the options Op, &reg;&dquo;, and Oi are fixed and the subject must indicate to which probability (s)he is
indifferent between the lottery (Op, 0,, 1-I) and Oi for sure. For example, the subject is asked to indicate
to which probability n (s)he is indifferent between the lottery (100, - 300, and $10 for sure.

In both methods the subject is indifferent between the lottery (Op, &reg;n, and Oi for sure; therefore,
the utilities are set equal to each other:

Under the axioms of utility (see, e.g., Coombs, Dawes, & Tversky, 1970, chap. 5) the utility of the
lottery equals its excepted value:

Using Equations 1 and 2, the utility of 0, is computed when the utilities of and &reg;n are given. For
example, if the utility of Op is 1 and the utility of is 0, the utility of is It; in the example U(10)
- l~(100, - 300, .75) = .75 U(100) + (1- .75) U(- 300) = .75 x 1 + .25 x 0 = .75.

In this paper two rating methods and a graphical procedure making minimal assumptions on the
utility functions are studied. One of the rating methods yields utility functions that can be applied in
decision making, whereas the other two can only be used for describing an individual’s utility structure.

Utility Functions

An essential point in decision-theoretic procedures is the specification of a loss or, equivalently, a
utility function. Suppose an observed, discrete variable X (X = 0, 1, ... , ~c) is used for making decisions
on a continuous true state-of-nature variable Z. The general structure of a decision-theoretic procedure
is the maximization of the expected utility, where the expectation is taken with respect to both X and Z
(see, e.g., Ferguson, 1967, chap. 1):

where k(X,Z) is the joint density ~f X and Z~ d(.~, the decision as a function of X; and U(d(X),Z), the

utility as a function of Z and the decision.
In educational and psychological measurement the observed variable X is usually a test score. The

true state-of-nature variable Z is the latent trait that the test is measuring or the criterion that the test is

predicting. The most important decisions based on the test score are dichotomous: Pass and Fail or Accept
and Reject. Consequently, the utility function can be split into two parts and the expected utility is
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where ~IF(Z) and ~Ip(Z) are, respectively, the utility functions for the failed (rejected) and passed (accepted)
subjects, and c the cutting score on the test.

Examples of functions that make assumptions on the form are the linear (van der Linden & Mel-

lenbergh, 1977) and normal ogive (Novick & Lindley, 1978) utility functions. Van der Linden and
Mellenbergh (1977) assumed that t7~;(Z) is a linear decreasing function and Up(2~ a linear increasing
function of Z. Novick and Lindley (1978) assumed that UiZ) is a decumulative normal ogive and t/p(Z)
a cumulative normal ogive function of Z. Another example is obtained defining a cutting point d on the
latent achievement (criterion) level variable Z: Examinees below d are nonmasters (nonsuited), whereas
examinees equal to or above cl are masters (suited). It is assumed that for examinees below the utility
does not vary with Z, and the same assumption is made for examinees equal to or above d. Equation 4
reduces to:

where UFL is the constant utility for all failed (rejected) low achievement (criterion) level examinees, L~,
the constant utility for all failed (rejected) high achievement (criterion) level examinees, and so on. The
function is the threshold utility described by Hambleton and Novick (1973). The threshold and linear
utility functions are shown in Figure 1.

Scaling Utility Function Mixtures

The pyschometric utility functions, such as threshold, linear, and normal ogive are partly a priori
specified. The type of function is prescribed as threshold or linear or normal ogive. Within each type,
the functions differ according to their parameter values. For example, the linear utility functions depend
on their slope and intercept parameters. These parameters could be determined empirically; but without
specifying the type of the function, the complete utility functions U,(Z) and ~7F(~ can be scaled empirically.
A very difficult problem is, however, how to scale both functions on the same measurement scale. It

must be done by comparing the utility of, for example, a passed student with the utility of a failed student,

Figure 1 I
Examples of Threshold and Linear Utility Functions
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given the true achievement level. For example, the student must indicate, given a true level of 60%
achievement, the relation between the utility for passed and the utility for failed. A possible solution to
this problem could be the combination of the two utility functions such that only one function should be
scaled.

Equation 4 is written as

Noting that the last term is a constant, it follows that maximizing E(U) yields the same solution as
maximizing

where U,(Z) is the difference between the two utility functions. Therefore, it is sufficient to scale the

difference of the utility functions (see, for example, Chuang, Chen, & Novick, 1981).
Another combination for the two utility functions is obtained by rewriting Equation 4 as

where

P(XIZ) is the conditional distribution of X given Z,
h(Z) is the marginal distribution of Z,
PF(~ = P(X < c)2J is the probability to fail (reject) given Z, and
PP(Z) = P(X>c)2~ is the probability to pass (accept) given Z.

U M(Z) is a weighted mixture of the utility functions; the weights are the conditional probabilities, re-
spectively, to pass (accept) and to fail (reject).

The weighted mixture of the utility functions is

Comparing Equations 2 and 9 shows an analogy: U~+(2~ can be considered as the expected utility of a
lottery consisting of the options Pass (Accept) with probability P,(Z) and Fail (Reject) with probability
{1 &horbar;Pp(Z)}. It does not make sense to offer the examinee these two options and then to ask which option
between Pass (Accept) and Fail (Reject) for sure is equivalent to the lottery: There does not exist an
option between Pass (Accept) and Fail (Reject). It makes sense to scale the mixture directly, however:
The examinee must indicate the utility of having a certain true achievement level with a specified probability
to pass (accept) and thus also a specified probability to fail (reject). In the selection situation the probability
to be accepted, given the criterion level, can be estimated from empirical data. In the educational Pass/
Fail situation the probability to pass the test, given a true achievement level, can be computed using the
binomial distribution.
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In this paper a method is described to scale the utility mixture ~(-~)- The method is empirically
applied and the reliability is investigated. The utility mixture does not show the form of the utility
functions; therefore, two methods for assessing these functions are also studied.

Method

the Utility of the Mixture

The method for assessing the utility of the mixture is illustrated for a Pass/Fail situation existing in
the psychology program of the University of Amsterdam. The examinees were students. They were
instructed to imagine a situation which was hypothetical but not too far from reality: The student is
preparing for an examination on psychological theories. A large domain of short answer open-ended
questions is available, which are dichotomously scored correct or incorrect. The test consists of 12 items
from this domain and the student passes if 6 or more items are correctly answered. A passed student.
receives 4 credit points, which is the equivalent of 4 weeks (160 hours) study time; a failed student does
not receive credit points. The student is told (s)he needs the 4 weeks to master 50% of the total domain.

The true score continuum is split into 11 levels. Using the binomial distribution for each true score
level, the probability to pass the 12-item test is computed. The following true score levels with, between
parentheses, the corresponding probability to pass the 12-item test were used: 10% (.0005), 20% (.02),
30% (.12), 40% (.33), 45% (.47), 50% (.61), 55% (.74), 60% (.84), 70% (.96), ~0%&reg; (.99), and 90%
(.99~). The percentages are presented as deviations from the 50% mastery - 30%, ...,
+40%. It is assumed that the sign of the deviation is an aid to the student’s memory: A negative sign
denotes that the student has studied less than 40 hours and a positive sign more than 40 hours. Moreover,
the students are instructed that the study time is an increasing function of the true score level. A stimulus
was a combination of a deviation from the 50% mastery point and the corresponding probability to pass
the test. All possible pairs of stimuli were formed. The student indicated the preference and strength on
a rating scale (Bechtel, 1976). An example is shown in Figure 2. The student was given extensive
instruction containing some examples.

The pairs were presented in such an order that the distance between pairs containing an identical
stimulus was optimal and that each stimulus was about equally often the first and the second member of
the pair (Ross, 1934). Each pair was presented on a separate page of a booklet.

The rating of student i (i = 1, 2, ... , N) for the stimuli j and k is denoted di , which is an integer
in the range from - 9 to + 9. The rating of the pair must be decomposed into the utilities of the two
separate stimuli. Therefore, the following scaling model (Bechtel, 1976, chap. 2) was used:

with constraints

Figure2
Example of the Utility Mixture Method
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where

where

the parameters uij and ui, are student i’s utilities for stimuli and j and k,
Y;k is the interaction between the stimuli, and

el;k is the residual term.
The interaction term is called the unscalability, which may indicate that the separate stimuli cannot be
represented on an additive utility scale. The parameters were estimated using the least squares method.

Assuming that the residuals are independently multivariate normally distributed with homogeneous
variance and using the F-statistic, several null hypotheses can be tested. First, the null hypothesis that
simultaneously for all students the utilities are equal is

Second, the same null hypothesis for each student separately is

Third, the null hypothesis that the unscalability term is zero is

The results of these tests are summarized in an ANOVA-like table.
Next to the statistical tests, descriptive measures of model fit can be used. From the model of Equation

10 and the least squares parameter estirnates9 the observed values are reproduced:

A convenient and appropriate measure of fit for linear models, such as regression and analysis of variance
models, is the product-moment correlation coefficient. The squared correlation is the percentage dependent
variable variance explained by the model. Bechtel (1976, chap. 2) uses the correlation as a measure of
fit for the linear scaling model Equation 10. The product-moment correlation ~ between the observed
dlJk and the reproduced d,~k9 computed over all data, is an overall measure of fit for model Equation 10.
Under the null hypothesis that the unscalability parameter equals zero, the model of Equation 10 reduces
to

~,~ -1

Using this model and the least squares parameter estimates, the observed values are reproduced by

The product-moment correlation R, between the observed dij, and the reproduced d&dquo; , computed over all
data, is a measure of fit for the model of Equation 18. If the difference (l~u - R,) is small, the unscalability
parameter y is negligible; if at the same time Rs is high, the scalability model of Equation 18 is an adequate
overall description of the data. Thus, it makes sense to represent the stimuli on an additive utility scale.
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Although the model of Equation 18 may be an adequate overall description, it is possible that the
model does not fit for particular individuals. Therefore, the correlations ~, (~ = 1, 2, ... , N) were
computed between c~,Jk and J,~ for each separate student. Inspection of the results shows which students
fail to fit the scalability model Equation 18.

The measures Rs and ~ are easily computed using the A~1&reg;V~-like table (Bechtel, 1976, p. 27).
It is noted that for the descriptive measures no distributional assumptions are made. The least squares
estimates and the correlations are computed without distributional assumptions. The measures are therefore
also valid when the distributional assumptions necessary for the F tests are violated.

the Uttlities

For assessing the utility functions U~(2J and UAZ), two methods were used: C&reg;~rey’s constant sum
method (Torgerson, 195~, p. 105) and a graphical procedure.

In the constant sum method the same 11 true score levels were bust these were presented without
the probabilities of passing the test. All possible pairs of the true achievement level percentages were
formed. First, the student was told that (s)he had passed the test and that (s)he must indicate for each
stimulus of the pair whether the utility is positive or negative. Then, the student was asked to split 100
points into two parts according to the utility ratio of the two stimuli. An example is shown in Figure 3.
The student has indicated that the utility for both -30% and - 10% is negative, and (s)he has split the
100 points into 50 and 50 points, which means that the utility of the two stimuli is equal. Second, the
same student was told that (s)he has failed the test, and the whole procedure was repeated.

The method yields the ratio of the absolute values of the utilities and the sign for each separate
utility. The model for the ration wlfk of the absolute values of the utilities of stimuli j and k is considered
to be multiplicative:

Taking the natural logarithm, the model of Equation 10 follows for the log ratios, and the same methods
as described above were applied. The procedure yields least squares estimates for u§ (i = 1, 2, ... , ~l9
j = 1, 2, ..., Taking the antilog of i~;~ yields the estimate of the absolute value of the utility. The

Figure 3
Example of Constant Sum Method
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sign of the utility is derived from the student’s pluses and minuses assigned to the separate stimuli. The
assumption that the residuals eij, are independently multivariate normally distributed is unrealistic in the
model of Equation 20. Therefore, it is better to rely on the descriptive measures rather than on the F
statistics.

For the graphical procedure a book with about 1,800 utility function graphs is prepared. The design
was of the funnel type: On the first page the student chose from a series of different threshold functions.

Depending on the choice, the student was presented a second page with figures that were specifications
of the choice of the previous page, and so on. In the procedure the utility functions change gradually
from threshold to linear and from linear to convex and concave functions. In each step the student could
stick to his (her) last choice, which means that (s)he stopped and was not forced to go on. If the student
stopped, (s)he was presented related figures from previous steps to check or correct his (her) choice. The
procedure was applied twice, both for the Pass situation and the Fail situation.

Procedures

The methods were used with 30 second-year students from the Department of Psychology. Each
student was individually tested by the first author. For each student five tasks were prepared in the same
sequence: The mixture preference rating, the constant sum judgment for Pass and for Fail, and the
graphical judgment for Pass and for Fail. The sequence of the pairs in the paired comparison tasks was
alternated: For half of the students one sequence was used; and for the other half, the reversed sequence.
The time needed for task administration was about 2 hours and students were paid for their participation.

Results

Utility Mixtures

The results are summarized in Table 1. The F statistics show that for all students simultaneously
the utilities differ from each other. For each separate student the utilities differ significantly; but for some
students, such as Nos. 7 and 29, the F statistics are relatively low. The F statistic shows that the
unscalability parameters differ from zero. The difference between the correlations&horbar;~ = .85 and =
.81-is not very large, and the addition of the unscalability parameter does not yield a much better data
description. The model of Equation 18 appears to be an acceptable descriptive model for practical purposes.
The correlations per student show that for some students, such as Nos. 9 and 13, the model is not very
adequate.

Inspecting the utility function graphs shows two types. The first is an increasing function; a typical
its given in Figure 4(a). This type is found for Students Nos. 2, 8, 9, 10, 22, and 27; their utility
mixture generally increases with true achievement level. The second type is found for the other students,
except No. 29, and is exemplified in Figure 4(b); their utility mixture increases to a maximum and then
decreases. Intuitively both types make sense: Students from the first type want to study as much as
possible to obtain the highest possible score, whereas the students from the second type want to study
until their own optimal point.

Utility Functions

The statistics and descriptive measures are computed for the log ratios, i.e., on the logarithmic scale.
The functions are graphed on the utility scale itself.
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Table 1

F-Statistics and Correlations for Preference Strength
~ 

Ratings of the Utility of the Mixtures

Note. All F-statistics are significant at the 1% level.

For Subject 10 the correlation was undefined.
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Figures4
Examples of Empirical Utility Functions, Mixture Preference Rating Method

The F statistics and measures of fit for the Pass situation are reported in Table 2. The unscalability
parameter is not substantial: The difference between the correlations&horbar;~ = .88 and R, = . ~7-is very
small and the F statistic is not significant. The model of Equation 18 is, except for Student No..3, a
reasonably good description of the data. The graphs of the utility functions of most students are generally
increasing functions; examples are given in Figure 5 (a,b). Eight students show a deviant utility function;
examples are given in Figure 5 (c, d).

The statistics for the Fail situation are reported in Table 3. The results are the same as for the Pass
situation: The unscalability is negligible and, except for Student No. 3, the model of Equation 18 is a
good data description. The utility graphs for all but one student are generally decreasing functions;
examples are given in Figure 6.

Figure 5
Examples of Empirical Utility Functions,

Constant Sum Method, for the Pass Situation
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Table 2

F-Statistics and Correlations for Logarithmic
Transformed Utility Ratios in the Pass Situation

Note. All F-Statistics, except for the unscalability, are significant
at the 1% level.
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Table 3

F-Statistics and Correlations for Logarithmic
Transformed Utility Ratios in the Fail Situation

Note. All F&reg;Statistics, except for the unscalability , are significant
at the 1 % level. o

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

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



353

Figure 6
Examples of Empirical Utility Functions,

Constant Sum Method, for the Fail Situation

Finally, the results of the graphical procedure are considered. In the Pass situation six students chose
a continuous increasing curve; for an example, see Figure 7(a). Nine students chose discontinuous,
increasing curves; see Figure 7(b). One student shows a threshold function indicated by two horizontal
lines. Eleven students show a combination of a horizontal or increasing straight line or curve followed
by a horizontal or increasing straight line or curve. In the Fail situation, seven students show a continuous,
decreasing curve and five a discontinuous, decreasing curve. The remaining 18 students show a combi-
nation ; none shows a threshold function.

Figure 7
Examples of Empirical Utility Functions,
Graphical Method, for the Pass Situation
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As a check on the consistency, the results of the graphical and constant sum methods were compared.
For the Pass situation the utility functions from the two methods were compared for the true achievement
level below 50%. Three judgments were made. First, are the two functions in the same positions, below
or above the horizontal axis? For example, comparing Figures 5(a) and 7(a) shows that this is the case
for Student No. 4. Second, are the two functions in the same direction: increasing, decreasing, or flat?
Figures 5(a) and 7(a) show that this is also true for Student No. 4. Third, are the two functions of
the same curvature: convex, concave, or straight? The figures show that this is not the case for Student
No. 4.

The three judgments were also made for true achievement levels above 50%. The whole procedure
was repeated for the Fail situation. The results are reported in Table 4. The table shows high agreement
in position and direction but rather low agreement in curvature; the utility functions of the constant sum
method are generally straight lines, whereas those of the graphical procedure are more often curved.

Discussion and Conclusions

Both the constant sum and the graphical procedure are reliable methods for assessing the conditional
utility functions. The form of the functions shows that threshold functions are not adequate description
of the students’ utility structure. For some students linear utility functions are reasonable approximations
of their utility structure, but many students deviate from linearity.

The constant sum and graphical procedures are suited for studying the form of the utility functions.
They are less suited for determining optimal decisions. A serious problem is that the utility function for
the Pass situation is not scaled on the same measurement scale as the one for the Fail situation. As

remarked before, the experimental task of scaling the functions with respect to each other is rather

impractical for a subject. Even if the students could perform this task, a conceptual problem remains for
them: They must scale the conditional utilities as a function of the true achievement level without knowledge
of the probability to pass the test. The abstract task of scaling utilities, without knowledge of the probability
to pass, questions the validity of the task. The scaling of the utility mixture, where the student knows
the probability to pass, seems better suited for this purpose.

The data show that the mixtures are reliably scaled. The additive utility model of Equation 18 is

approximately valid, although the unscalability parameter differs significantly from zero. For practical
purposes the method could be used for assessing an individual’s or group’s utility mixture. For example,
in determining optimal cutting scores, Equation 8 is maximized as a function of the cutting score c. In
the experiment the students assessed the utility mixture U,(Z) for a given cutting score c = 6 on a 12-
item test. Consequently, using Equation 8, E(U) can only be estimated for the cutting score c = 6. For
determining the optimal cutting score, however, E(lI) must be estimated for all possible cutting scores:
c = 0, 1, 2, ... , ~a, and for each cutting score the probability to pass (accept)-1’P(Z) in Equation 8-
has another value. To solve this problem the utility mixtures must be scaled for at least one other cutting
score, say c’. From Equation 9 follows that the utility of the mixture equals:

where P’(Z) is the probability to pass (accept) for the cutting score c’ as a function of the true achievement
(criterion) level and U~(Z) is the corresponding utility of the mixture. Note that for each new cutting
score the probability to pass (accept) usually has another value. For a given value Z Equations 9 and 21 1
are two equations with two unknown parameters, i.e., Up(Z) and ~7F(~; Pp(Z) is computed using the
binomial distribution (educational situation) or empirical data (selection situation). Solving these equations
for all values of Z used in the experiment yields the functions UP(Z) and ~1~;(~. Using these functions in
Equation 9 yields Ua~(2~ for all possible cutting scores c = 0, 1, 2, ..., n, which can be used in Equation
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Table 4

Agreement(+) and Disagreement(-) Utility Functions
from the Constant Sum and Graphical Procedure

8 to estimate E’(~ for all possible cutting scores. The optimal cutting score is the value of c for which
the expected utility is maximal. In the example the application to the decision problem cannot be dem-
onstrated because the utility mixture has only been scaled for the value c = 6. In applications to decision
problems the mixture must be scaled for at least two different cutting scores.
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An interesting point is whether the constant sum and graphical procedure yield the same results as
the mixture. For the data it is impossible to make the comparison because the mixture is only scaled for
one cutting score c = 6. Moreover, the mixture cannot be reproduced from the separate utility functions
because the mixture is measured on an interval level, whereas the separate functions are ratios. If, however,
the mixture is scaled for at least two cutting scores, the separate utility functions U p(Z) and UF(Z) can
be derived. These can be compared to the corresponding functions from the constant sum and graphical
procedure.

In the experiment a finite number of values of the true achievement (criterion) level Z were used
that yielded a finite number of values for the mixture tIM(~. To these values a polynomial can be fitted:

Substituting Equation 22 into Equation 8 yields

where E(Z), E(Z2), 9 ... , E’(Zg) are the moments of the distribution h(Z). Therefore, for distribution functions
with higher order moments equal to zero, Equation 23 is simplified. For example, if h(Z) is a normal
distribution of criterion scores, Equation 23 reduces to

where j~ and u2 are the mean and variance of h(Z), which are estimated from a sample. The coefficients
bo, b, , and b2 are determined from the experiment scaling the mixture Ua~(2~ . It is emphasized that for
each c = 0, I, 2, ..., n the coefficients have different values. As remarked before, however, for computing
the coefficients for all cutting scores c = 0, t , 2, ... , n it is sufficient to scale Ua~(2~ for only two cutting
scores.

In the selection situation h(~ is the distribution of the observed criterion scores which can be

estimated from empirical data. In the educational Pass/Fail situation h(Z) is the distribution of the latent
scores. In the beta-binomial model it is assumed that h(Z) has a beta distribution with parameters that
can be estimated from the observed distribution (Lord & Novick, 1968, chap. 23). Moreover, in the
model it is assumed that each examinee answers a different set of n randomly selected items from a large
item domain. In the usual educational situation all examinees answer the same n items. It is not known
how robust the beta-binomial model is against this assumption violation (see van den Brink, 1982).
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