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In the decision-theoretic approach to determining a
cutoff score, the cutoff score chosen is that which
maximizes expected utility of pass/fail decisions. This
approach is not without its problems. In this paper
several of these problems are considered: inaccurate
parameter estimates, choice of test model and conse-
quences, choice of subpopulations, optimal cutoff
scores on various occasions, and cutoff scores as tar-
gets. It is suggested that these problems will need to
be overcome and/or understood more thoroughly be-
fore the full potential of the decision-theoretic ap-
proach can be realized in practice.

The decision-theoretic paradigm for setting cut-
off scores with criterion-referenced tests works in

the following manner. In making mastery decisions
on the basis of criterion-referenced test scores, two

kinds of errors can result: passing examinees who
are true nonmasters and failing examinees who are
true masters (Hambleton, Swaminathan, Algina,
& Coulson, 1978). A loss function is attached to
the two types of errors, and then a cutoff score is
chosen to maximize expected utility or to minimize
expected loss with the available examinee test data.
Among the researchers who have described the use
of decision theory for setting cutoff scores are

Hambleton and Novick (1973), Huynh (1976), Van
der Linden and Mellenbergh (1977), and Van der
Linden (1980). e

Despite the conceptual appeal of the approach
to some researchers, 9 the approach appears to have
a number of problems at the implementation stage
which have not been thoroughly discussed in the
psychometric literature, with the significant excep-
tion of a recent paper by Glass (1978). In fact, an
inadequate cutoff score can arise through the use
of decision theory because of these problems. To
dante, these problems have not been encountered or
discussed to any extent, perhaps because of the few
actual applications of decision theory for setting
cutoff scores. Still, in view of the apparent attrac-
tiveness of the approach and the number of ad-
vocates for the approach in the criterion-referenced
testing literature, it is not unreasonable to expect
an increase in the number of applications in the
future. The purpose of this paper is to discuss five

problems that arise when decision theory is used
to set cutoff scores. The basic paradigm for setting
optimal cutoff scores will be reviewed in the first
section of this paper. In the subsequent sections,
five problems with the decision-theoretic paradigm
are discussed.

Despite the problems with decision-theoretic

procedures that will be considered in this paper, it
may be that these procedures are the most appro-
priate to use in some situations. It should be em-

phasized that it is not the author intention to com-
pare decision-theoretic procedures for setting
standards with other available methods nor to sug-
gest that the five problems are unique to decision-
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theoretic procedures. Several of the problems are
encountered with other standard-setting procedures
as well.

The Basic Paradigm for Obtaining
Optimal Cutoff Scores’

For the moment assume that a standard has been

set on the domain score scale, where domain scores
are defined as the relative true scores (or true pro-
portion-correct scores) in the content domain of
interest. The content domain of interest may be
narrow or broad, but it must be clearly defined to
permit valid criterion-referenced measurements
(Hambleton et al. , 1978). Examinees with domain
scores, To, equal to or larger than the standard, Tr,,
are considered to have mastered the relevant con-

tent ; they thus should pass a test which measures
the content domain. Examinees with domain scores

7r < two are nonmasters and therefore should fail.
In other w&reg;rds, the utility of passing a master ex-
ceeds the utility of failing a master: L7p(~rr) > ~7f(~e)
for ir 5= ’ITa. In the same way, the utility of failing
a nonmaster exceeds the utility of passing a non-
master. Therefore, Uf(,a) > UP( ar) for iT < no. With

more realistic utility functions, U,(,a) and Uf(iT)
are determined first and next the standard vo may
be obtained as the value off for which U,(7r) =
Uf( ’IT ). Mellenbergh and Van der Linden (1981)
have a divergent point of view. According to their
Formula 2, the point of intersection may deviate
from iT,, defined as the minimum level of accept-
able performance. This discrepancy disappears,
however, when TTo is defined as the lowest value
of IT on the basis of which an examinee can be

passed. In other words, when there are no mea-
surement errors, vo gives the border between pass
and fail decisions.

Test scores, unfortunately, give fallible infor-
mation about Tr. One reason is that only a sample
of test items from the content domain of interest

can be administered to examinees. Also, there are
measurement errors due to faulty test items and to
examinee guessing behavior. Therefore, decisions
must be made under uncertainty, and some incor-
rect classificatory decisions will result. In the de-
cision-theoretic approach to the cutoff score prob-
lem the cutoff score that maximizes the expected
utility is chosen.

Consider now the population of examinees for
whom the test is intended. Assume that the density
of iT in the population is g(Tr) and that the joint
distribution of observed scores and domain scores

equals

For a given cutoff score C~ on an n-item test the
expected utility can be written as

Consider the example below with simple utilities:
cm = utility of passing a true master,
b = utility of passing a true nonmaster,
c = utility of failing true nonmaster, and
d = utility of failing a true master.

Cle~rly9 c~ > d and c > b.

Let A be the proportion of examinees correctly
passed, B the proportion of examinees incorrectly
passed, C the proportion of examinees correctly
failed, and I~ the proportion of examinees incor-
rectly failed. Then, for this particular example:

Since the proportion of true masters, A + D, and
the proportion of true nonmasters, B + C, are con-
stant regardless of the chosen cutoff score, the

problem becomes one of finding C, that maximizes
U’ , where

or finding C~ that minimizes

1For the purpose of this paper it is convenient to make a dis-

tinction between "standards" and "cutoff scores.’’ Standards

are set on domain score scales to identify "masters" and "non-
masters." Cutoff scores are set on test score scales in order to

make pass-fail decisions.
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where l,o = a - d is the loss associated with failing
a true master and loi = c - b is the loss associated
with passing a true nonmaster.
An analysis similar to the one above can be found

in, for example, Mellenbergh, Koppelaar, and Van
der Linden (1977). Any of a multitude of loss func-
tions or utility functions can be chosen. A threshold
loss function was used by Hambleton and Novick
(1973). A linear loss function was suggested by
Van der Linden and 34Mellenbergh (1977). Other
functions were suggested by Huynh (1976) and
Novick and Lindley (1978).
Two approaches have been suggested for defin-

ing ~( rr). In the frequentist view, g(-a) is a popu-
lation distribution. However, g(,7T) also can be taken
to represent prior knowledge with respect to an
examinee (Hambleton & Novick, 1973). In this

paper it is assumed that is a population dis-
tribution. In other words, prior knowledge with
respect to an examinee from the population will be
equated with the population density.

In.accurate 1~~~°a ~~e~ Estimates

The determination of the standard 110 on the do-
main score scale, and the loss ratio (or, more gen-
erally, the utility or loss its no easy task.
The estimation of g( ’IT) can also be a major prob-
lem. The problems associated with each will be
discussed below.

In a special issue on standard setting in the Jour-
nal of Educational Measurement, Glass (1978) crit-
icized the use of decision theory for setting cutoff
scores because the approach (as well as several
other approaches) depends on an arbitrarily chosen
standard, ~so; it might be added that in case ’7To is
defined as the value of -a for which Up( 11) = 6~(’n’),
7ro is arbitrary to the extent that there is uncertainty
regarding the specification of U,(7T) and Uf(7r) near
the point of intersection. In response to Glass, oth-
ers (e.g., Popham, 1978) agreed that standard set-
ting is judgmental, but they have argued that ar-
bitrariness in the sense of well-considered judgment
is unavoidable. Moreover, in view of the desira-

bility of using test scores to influence decision-

making, cutoff scores are seen as inevitable.
However, if standards are arbitrary, why bother

at all about optimal cutoff scores? Why not set Cx
equal to WIT (or the first integer exceeding n7r,),
where rc is the number of test items? Two reasons

against such a proposal can be offered. First, it can
be argued that a chosen cutoff score should be as
precise as p&reg;ssible, als&reg; under uncertainty. Second,
in some situations the optimal cutoff score may
differ considerably from the simple alternative. This
is most likely to occur when the standard differs
from the domain score mean in the population,
when test reliability is low, and when the loss ratio
is extreme.

Uncertainty with respect to the value of vo, about
which Glass (1978) was concerned, has been dis-
cussed within the framework of decision theory (De
Gruijter, 1980). First, vo has been treated as an-
other variable with an associated prior distribution.
This distribution reflects the uncertainty of the stan-
dard setter with respect to a,. Second, robustness
studies have been proposed (De Gruijter 1980; Vijn
& Molenaar, 19~1). In a robustness study, regions
are obtained where values of vo give the same
cutoff score. Clearly, such a study results in ad-
ditional relevant information, such as the conse-

quences of a chosen cutoff score (e.~.9 how many
examinees will fail?). Finally, it has become clear
that there should be an attempt to improve the initial
standard using additional information such as ex-
aminee results (De Gruijter, 1980; Shepard, 1979).
A major obstacle to the use of decision theory

is the problem of specifying the utility or loss struc-
ture. Many researchers, including Glass (1978) and
Hambleton et al. (1978), have commented on this

problem. Huynh (1976) has suggested that the

specification of the losses should include a nu-
merical assessment of emotional and psychological
consequences due to incorrect decisions and an as-

sessment of effects of overleaming. In many sit-
uations, however, time losses would constitute the

determining factor (Huynh, 1976). So, the loss in
failing a master would depend on the time such a
student spends in repetition and remedial work.
Novick and Lindley (1978) have presented a gen-
eral approach for determining utilities. Further, an
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interactive program, CADA (ls~~~s ~ Novick, 1978;
Novick, Isaacs, & Dekeyrel, 1977) has been de-
veloped that assists in a consistent specification of
utilities. With respect to losses, a robustness study
can be performed in order to find out to what extent
uncertainty might be harmful with respect to the
value of the losses. De Gmijter (1980) and Vijn
and Molenaar (1981) have proposed robustness
studies where the loss ratio and the standard no are

jointly varied. However, research on the choice
and robustness of loss functions is only beginning.
Many researchers have assumed that the popu-

lation distribution g(/) can be approximated by a
(two-parameter) beta distribution, which has con-
lenient properties from a mathematical point of
view (Huynh, 1976; Mellenbergh, et al., 1977;
~Iil~~x9 1977). The parameters of the beta distri-
bution are usually estimated with data from a sam-
ple of examinees; but the beta distribution does nor
seem adequate in all applications. For example,
when there is substantial guessing, a ihree-param-
eter beta distribution may be more suitable (Lord,
1965). Also, when the domain score distribution
is multi-modal, the beta distribution is a poor choice
because it cannot provide a close approximation.
Therefore, it seems most desirable and necessary
to have techniques to estimate g(-a) that do not
make any assumptions with respect to the distri-
butional form. Maritz (1966) suggested such a
technique, which can be applied if it is assumed

that g(v) is discrete. Another approach to the es-
timation of g(/) was suggested by Lord (1969).
His Method 20 is based upon finding a continuous, %
smooth solution, ~(fr). An application of this method
within the context of criterion-referenced measure-

ment is given by Livingston and Wingersky ( 1979) .
The sample size needed for a stable solution, how-
ever, seems to be prohibitively large. It must be

added that neither the Maritz ( 1966) nor Lord ( 1969)
methods are being used with the decision-theoretic
approach to setting cutoff scores at this time.

Choice off Test Model and

Consequences

In order to apply decision theory, the form of
f(xlit) must be specified; in fact, without knowledge

of this conditional distribution, g(7) cannot be es-
timated (see the previous section). Generally, the
binomial distribution is chosen (e.g., Huynh, 1976;
Mellenbergh, et ~1.9 1977). This distribution seems
adequate when items in the content domain of in-
terest have the same or nearly the same difficulty
level. The binomial model also seems adequate
when every examinee answers a different random

sample of items from the item domain. In practice,
neither assumption is met: It is common for items
to range in difficulty within a domain (see, e.g.,
the Individualized Criterion-Referenced Tests

Technical ~~r~~~19 Educational Development Cor-
poration, 1980), and seldom are examinees ad-
ministered separate samples of test items. Indivi-
dualized tests can be costly and/or difficult to

administer, with the exception of computer-admin-
istered tests.

When the binomial model is inadequate, an ap-
proximation of the generalized binomial model can
be used instead (Wilcox, 1977). A specific ap-
proximation has been proposed by Lord (e,g., Lord,
1965). This distribution is a function of the relative
true score on the particular sample of chosen items
in the test. So the frequency distribution may be
written asj~D- where ~ is the relative true score.
Unfortunately, ~ generally differs from the relative
true score in the item domain, ir. For example, the
item sample constituting the test can be relatively
easy, and in that case, ~ > ir. When the relationship
between -a and is known, there is not a problem.
The utilities defined on the domain score scale can
be transformed to the relative true score scale of
the test, or f(x) g) can be written in terms of a. The
relationship between and 7r, however, is seldom
known.

Generally, the problem of differences between
true score scales for different tests drawn from the
same content domain has been neglected. there
are exceptions. Brennan and Kane (1977) analyzed
the problem of differences between test forms in
terms of generalizability theory. Another possibil-
ity is to correct for differences between test forms,
i.e., to equate the true-score scales of different
tests. With respect to equating, item response the-
ory (Lord, 1980) offers promising techniques. But
how well they might work with small examinee
samples is unknown at this time.
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Choice of Subpopulations

In the determination of the optimal cutoff score
with decision theory, the population distribution
g(,a) plays a major role. Generally, the cutoff score
will be lower for populations with a higher level
of achievement. A problem arises when a popu-
lation of examinees is divided into subpopulations.
Alternatively, the problem may arise in the op-

posite direction. How inclusive should a population
be? Should it include, for example, handicapped
students, students who have already failed the test
previously, accelerated students, and so on? The
definition of the population or subpopulations will
impact directly on the resulting cutoff score set

with the aid of decision theory. For example, ex-
aminees might be classified into subpopulations ac-
cording to sex. In general, when the distributions
of a differ in the subpopulations, different optimal
cutoff scores for these subpopulations will arise.
A further complication arises when different loss

structures are used for different subpopulations, as
in culture-fair selection (Gross & Su, 1975; Peter-
sen & Novick, 1976). Perhaps the idea of different
loss structures seems str~nge in connection with
criterion-referenced measurement. H&reg;vvever, the
idea is implicitly present in Huynh (1976), who
has incorporated success on a referral task in his
loss function. It is quite possible that success on a
referral task is not a function of the level of a

alone. Novick (1980) has also argued that utility
may be multiattributed. S&reg;, it is possible that utility
is a function of a and another variable 11, U( ’IT, 11).
In this case,

could be defined, where P(q)v) is the conditional
distribution ofiq given iT. Clearly, U(-a) may vary
from one subpopulation to the next, as the joint
distribution of ir and q varies. In order not to com-
plicate the discussion, it will be assumed that dif-
ferences in U(v) between subpopulations are neg-
ligible.

It generally seem undesirable to divide a popu-
lation of interest into subpopulations for the pur-
pose of setting a unique cutoff score in each sub-
population. There are two reasons for support of
this position, however.

First, many variables might be used to divide a
population into subpopulations (e.g., age, region,
religion, race, socioeconomic status). The problem
is that when a cutoff score is set for each subpop-
ulation, examinee mastery status will depend upon
the choice of variable or variables for sorting ex-
aminees into subpopulations. The larger the dif-
ference in achievement levels between subpopu-
lations, in general, the greater the difference will
be in the optimal cutoff score for each subpopu-
lation. The greater the difference in cutoff scores,
the more important subpopulation membership will
be in determining mastery status. For important
examinations, political pressure for the selection
of one variable over another will be substantial,
and there may be substantial difficulties in deter-

mining examinee subpopulation membership for all
but the simplest variables such as age and gender.
If multiple classificatory variables are used, one
additional problem should be added: The sample
size in each subpopulation may be too small to
result in the stable determination of optimal cutoff
scores.

Second, recall that the distribution of 7r in a

subpopulation is often chosen as the prior distri-
bution for all examinees from that subpopulation.
An examinee, however, might successfully argue
that he/she is not a typical member of that sub-
population. A similar argument has been used within
the context of culture-fair selection by Novick and
Ellis (1977). They supported the concept of dif-
ferential treatments but argued that group mem-
bership should be rejected as a criterion for dif-
ferential treatment in favor of an estimate of

individual disadvantage.

Optimal Cutoff Scores on
Various Occasions

In some situations (e.g. university courses) dif-
ferent randomly equivalent forms of a criterion-
referenced test are available to assess mastery in a
relevant content domain. These forms may be ad-
ministered to different groups of examinees on dif-

ferent occasions. When a common cutoff score
across tests is set (a not unreasonable approach to
take) 9 it is not possible to optimize decision making
after each set of test results is known, for that
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would, in general, result in a different cutoff score
for each test. This point will be developed further
in the next section. This section will discuss the
situation in which a cutoff score is determined on
the basis of the test results.

Even when the cutoff score is determined after
the test administration, it is possible to obtain the
same optimal cutoff score on various occasions, at
least when test forms do not vary in difficulty level
and when essentially the same population is being
dealt with on each occasion. On the other hand,
problems can still arise. Suppose examinees learn
what the cutoff score is. It is possible that when
the optimal cutoff score has been low, possibly
unexpectedly, the next group of examinees learning
this information will spend less time in test prep-
aration. Perhaps the good students will work only
hard enough to pass the test, based upon their

knowledge of the earlier cutoff score. This will
mean that g(ar) will shift downward in the new
group and the old cutoff score may no longer be
optimal. Now, a new value for the cutoff score
that is optimal in the new situation might be ob-
tained and used. Even if this is done, however, a
loss may be experienced.

This point will be demonstrated under the as-
sumption that the loss structure remains the same.
For this demonstration the loss structure introduced
earlier as an example will be used. Assume that
Equation 3 reflects the situation on the first test
occasion and that

is the situation on the second test occasion. The
contribution of

does not depend on the cutoff score chosen. It may,
therefore, be neglected in the search for the optimal
cutoff score on the second occasion. It is, however,
important for a comparison between occasions. The
proportion of true masters has decreased on the
second occasion because the examinees have not

worked as hard, so A* + D* is smaller than A +
~. If, for example, a > c, which means that as

many true masters as possible would be preferred,
then

From this result it is clear that the expected utility
on the second occasion might be smaller than the
expected utility on the first occasion. Clearly, a
loss through the use of optimal cutoff scores has
been obtained because it affected in an adverse way
the amount of learning that took place. Admittedly,
there is limited empirical evidence presently for the
hypothesized interaction between student knowl-
edge of cutoff scores and amount of learning, but
the hypothesis seems plausible, and it is supported
by results in a study by Block (1972).

The Cutoff Score as a

Target for Examinees

Some educators have argued that students ought
to know the standard by which their achievements
will be evaluated. In fact, students are often in-
formed of the standard that they are expected to
meet. Knowing the standard on the domain score
scale, 1To, will not mean much to students if the
cutoff score on the actual test differs substantially.
In those situations where students are informed of
the standard expected of them, optimal cutoff scores
differing from the standard cannot be applied. It

should be remembered that the optimal cutoff score
is based not only upon the standard but also upon
the population distribution, and this population dis-
tribution may not mean very much to any particular
examinee. Students would be quite annoyed if the
optimal cutoff score was higher than they were told
(~ r~o). Also, in the context of, say, basic skills

programs, judges who labored hard to set a rea-
sonable standard, as well as the general public,
might have difficulties when there is a discrepancy
between the standard and the cutoff score.

In some curricula, examinees have obtained the

right to be informed beforehand about the value of
the cutoff score; the cutoff score is thus fixed be-
forehand. When the cutoff score is determined be-

forehand, it seems that the test administrator is left
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without a tool to classify examinees in an optimal
way. Should it be concluded, then, that decision

theory has nothing to tell the test administrator?
Such a conclusion would perhaps be premature.
Rather, the decision problem should be formulated
in another way. A cutoff score should be found

that if known beforehand, would lead to a maximal
expected utility. Clearly, this problem is more dif-
ficult than the problem of finding the optimal cutoff
score after the test results have been obtained. In

fact, the approach needs some experimentation with
cutoff scores. Initially examinees could be passed
with an observed proportion correct equal to or
exceeding no, for lack of an alternative. This means
that ~’x should be set equal to the first integer equal
to or exceeding nzo. This procedure has a disad-
vantage, however, because the observed score dis-

tribution is discontinuous. A procedure that alle-
viates this problem has been proposed by Wilcox
( 1976) .

Conclusions

The substantial problems described in this paper
may suggest that decision theory should be dis-
carded as an approach for setting cutoff scores.
Actually, decision theory as such provides the cor-
rect framework for decision making, but the prob-
lems described in this paper will need to be over-

come and/or understood more thoroughly before
the full potential of the approach can be realized.
Studies and developments along the lines of those
suggested here should substantially improve the
situation and provide a more adequate basis for
determining the worth of decision theory and how
that theory might be successfully applied to the
problem of setting cutoff scores.
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