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Effects of Individual Optimization in Setting
the Boundaries of Dichotomous Items
on Accuracy of Estimation
Fumiko Samejima
University of Tennessee

Applying the normal ogive model of latent trait
theory, two sets of data, simulated and empirical,
were analyzed. The objective was to determine how
much accuracy of estimation of the subjects’ latent
ability can be maintained by tailoring for each
testee the order of presentation of the items and the
border of dichotomization for each item. This was

compared to the information provided by the ori-
ginal graded test items. Results indicated that
tailored testing is promising especially when the
number of items is not too small, and that a graded
item can effectively be used as the initial item in
tailored testing because of its branching effect.

The rationale and contents of study follow
latent trait theory with a unidimensional latent
space and the graded response level (Samejima,
1972). Let 0 be the uni-dimensional latent trait,
or latent variable, such that

Let xg be the item response category or item
score for item g, which assumes non-negative in-
tegers 0 through mg. Let Px g (8) be the operating
characteristic of item score xg, or the conditional

probability that the examinee gets item score x,,
given 0. The response pattern of an individual

examinee is given by a vector of order n, the
number of items in the test, such that

It is assumed that the distributions of item

scores xg for g = 1, 2, ... , n are independent for
any fixed value of O, so that the operating char-
acteristic of the response pattern V is given by

It should be noted that this operating character-
istic is also the likelihood function for estimating
the individual parameter 0, given the response
pattern V. The item response information func-
tion Ixg(0) is given by

and the item information function is the condi-
tional expectation of the item response informa-
tion function, given 0, such that

The response pattern information function Iv(e)
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is given by

and the test information function is defined

equivalently by

(Samejima, 1969, Chapter 6). It has been shown
by Samejima that if we add another category
boundary to make the number of item response
categories mg + 2, and so on, under a general
condition the item information function as-

sumes a higher value at any point of O.
The consistency of the maximum likelihood

estimator when the likelihood function is given
by the product of identical probability density
functions or probability functions has been

proved by Wald (1957), and the proof has been
shown in a simplified form by Kendall and
Stuart (1961, Chapter 18). More importantly, it
has been shown that in such a case, the asympto-
tic distribution of the maximum likelihood es-
timate 6 is normal, with the true value 0 as the
mean and

as the variance. In latent trait theory, this

corresponds to the situation where all the items
have the same number of response categories
and the corresponding sets of operating char-
acteristics are identical, and the variance of the
asymptotic normal distribution is 1/1(0). This
situation is not likely to occur in practice, how-
ever, and in most cases we do not use such a set
of equivalent items. The proof for this theorem
can be expanded easily under a general condi-
tion to the situation where the items are not

equivalent (Samejima, 1975). Thus in our situa-
tion the test information function has an im-

portant role in maximum likelihood estimation,
i.e., it serves as a measure of accuracy in the
estimation of 0.

The idea of individualized adaptive or tailored
testing (see Weiss & Betz, 1973 for a review) has
been developed from the theoretical observation
that a test with fewer items can estimate each
testee’s ability level more accurately than can an
ordinary uniform test. This test would contain
an optimal set of items, selected from a larger
set of test items, whose accuracies of estimation
of 0 are greatest at the testee’s ability level. Al-
though classical test theory has been used in

adaptive testing research, such research will be
most effective if based on modern test theory or
latent trait theory. In fact, the idea of &dquo;tailor-
ing&dquo; an optimal set of test items for an individ-
ual testee has appeared clearly in some earlier
theoretical work in latent trait theory (e.g.,
Samejima, 1969, Chapter 9). Lord has published
many papers (e.g., Lord, 1971, 1972) in which he
emphasized the usefulness of latent trait theory
and item characteristic functions.
When the model satisfies the unique maxi-

mum condition (Samejima, 1969, 1972), the es-
timation of 0 from the subject’s response pat-
tern can be conducted with the aid of a relatively
simple computer program, either on the graded
or dichotomous response level. This is done by
having the computer search the value of 0 which
satisfies

where the basic function AxgO is defined by

In individualized adaptive testing, this process
will be repeated after presentation of each new
item, until the value of the maximum likelihood
estimate is reasonably stabilized. To provide
rapid convergence of the maximum likelihood
estimate, the selection of optimal items will be
by far the most important, and the item infor-
mation function can effectively serve this pur-
pose. Let the computer present the initial item,
which has substantial values of information for a
wide range of O, by which the subject’s true
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ability level is likely to be covered. If the first
estimate of 0 for the subject turned out to be a
finite value, then let the computer present a
second item, selected from the remaining items,
having the maximum amount of information at
that level of 0. If the first estimate of 0 turned
out to be either positive or negative infinity, then
let the computer present a second item having
the maximum amount of information for the in-
terval of higher or lower values of 0, depending
upon the situation, and repeat the process until
the estimate of O assumes a finite value. From
then on, an optimal item is always the one hav-
ing the maximum amount of information at the
level of 0 that the present maximum likelihood
estimate assumes. This process is repeated until
the value of the maximum likelihood estimate
becomes reasonably stabilized.
As mentioned before, tailored testing can be

conducted either on the dichotomous or graded
response level of test items. We can say, how-

ever, that it will be most effective when only a set
of dichotomous test items is available, because
in such a case the item information function for
each item tends to be great only for a very
limited interval of 0 (Birnbaum, 1968, Chapter
20; Samejima, 1969, Chapter 6). In such a case,
a uniform test tends to have intervals at which
the amount of test information is small, and
therefore the accuracy of estimation of 0 on
these levels of 0 is poor, i.e., the phenomenon
known as the attenuation paradox (e.g., Lord
and Novick, 1968). If each item has three, four,
or more score categories, the amount of infor-
mation given by the item tends to be great for a
wide range of e, and therefore the attenuation
paradox is less likely to occur.
We must note, however, that even in such a

situation where a large set of graded test items is
available, individualized adaptive testing will

provide us with more accurate estimation of 0.
This probably can be done with fewer test items
for each subject, compared to an ordinary test
with a uniform set of items. The decision
whether to choose tailored testing or conven-
tional testing in such a situation will depend on
such factors as one’s budget and the availability

of well-trained instructors.

Purpose

The purpose of the present study was to find
out how much accuracy of estimation can be
maintained if each item is dichotomized in such
a way that the selection of items and borders of
dichotomization are adapted for each subject.
This would be compared to the estimation using
the full information ,given by the graded test

items. Suppose that we have n items, each with
more than two score categories, m, + 1. We al-
ways can make a dichotomous item from each

graded item by rescoring it using one of the m,
category boundaries for dichotomization. In so
doing, we necessarily will lose some amount of
information. But we can minimize this loss by
selecting the best boundary of the m~, best in the
sense that the dichotomization gives the greatest
possible accuracy around the examinee’s ability
level. This’ should be done for each subject, be-
cause there is no way to set a single set of
boundaries for the group of subjects unless their
ability levels are very close to one another.

Method

There are two sets of data, one simulated and
the other empirical. There are a certain number
of hypothetical or actual subjects, each having a
response pattern of n graded item scores. The
maximum likelihood estimate for each subject is
obtained from this response pattern, using the
normal ogive model such that

where

(Samejima, 1969). Then the same data are re-
analyzed as if the test were given in the indi-
vidualized adaptive testing situation using di-
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chotomous items. A program was written for
this purpose, in which the computer presents an
initial item selected by the experimenter. From
then on it selects an optimal item and the boun-
dary of dichotomization in such a way that the
information given by the dichotomized item is
maximal at the estimated 0, which was obtained
by maximum likelihood estimation in the pre-
vious step. The process is repeated until all the n
items are used with such dichotomizations, and
the resulting maximum likelihood estimate for
each subject is observed in comparison with the
one obtained earlier using full information of

graded items. For convenience, hereafter we

shall call this second procedure the simulated
tailored testing situation.

Results on Simulated Data

In this part of the study, 24 hypothetical test
items with mg = 3 for all g’s are used. Table 1

shows the item parameters ag and bxR for xg = 1,
2, 3 for these items. These parameter values are
intended to be realistic, considering the con-
figuration of those for the actual NMB subtest,
which will be introduced in the next section. The

test information function was computed using

TABLE 1

Item parameters of 24 hypothetical test items
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Equation 7 in the normal ogive model, and the
result is shown in Table 2. Thus it is obvious

that this hypothetical test will be most informa-

TABLE 2

Test information function of the hypothetical
test of twenty-four graded items.

tive, or the estimation of 0 will be most accurate,
around 0 = -0.3. For this reason, a set of 100 re-

sponse patterns was calibrated by the monte
carlo method fixing the value of 0 at -0.3. The
maximum likelihood estimate of 0 for each re-

sponse pattern was obtained by a computer pro-
gram as the value of 0 which satisfies Equation
8.

Figure 1 shows the cumulative frequency dis-
tribution of these 100 maximum likelihood es-
timates, 0, along with the dashed curve repre-
senting the normal distribution function, N(0,
1 /I(0) ). The standard deviation of this distribu-

tion was approximately .2128. From this result,
it is clear that with the number of items as small
as 24 and the value of mg for each item as small

as 3, the cumulative frequency distribution of 0
is already very close to the normal distribution
function, which is the asymptotic distribution of
0 when n tends to positive infinity, although the
example is only of one sample of size 100.

As a next step, each of the 24 items was re-
scored dichotomously in two different ways, one
giving the greatest and one the least possible in-
formation at 0 = -0.3. Figure 2 presents the two
cumulative frequency distributions. The dashed
curves represent the normal distribution func-
tions, whose standard deviations are the square
roots of the reciprocals of 1(0), which were .2407
and .3685 respectively. It will be observed that
the fits of the curves to the cumulative frequency
ratios are not as good as the one for the graded
items, and yet they are fairly good. The category
borders used for the rescoring are, for items 1

through 24, 2, 3, 1, 1, 2, 1, 1, 3, 1, 3, 3, 1, 1, 2, 2,
3, 1, 1, 1, 1, 3, 2, 2, and 2 for the most informa-
tive dichotomization, and 3, 1, 3, 3, 1, 3, 3, 1, 3,
1, 1, 3, 3, 1, 3, 1, 3, 3, 3, 3, 1, 3, 3, and 1 for the
least informative dichotomization. Since the
first set of dichotomized items was &dquo;tailored&dquo;
for the ability level 0 = -0.3, the discrepancy be-
tween .2407 and .2128 in the standard deviation
can be considered as the difference in accuracy
of estimation between the set of graded items
and the set of best possible dichotomized items.
A question may arise: What will be the ac-

curacy of estimation if we tailor a set of di-
chotomized items specifically for each hypothe-
tical subject, instead of giving a uniform set of
dichotomized items? To answer this question,
maximum likelihood estimation was made in the
simulated tailored testing situation described
above, using nine different initial items, of
which seven were dichotomous and two were

graded. Table 3 presents these initial items, fol-
lowed by the category borders used for dichoto-
mization for the first seven items, and the values
of their item information functions at 0 = -0.3.
In each case, the test information function was
different for different response patterns, since a
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FIGURE 1

Cumulative frequency ratio of maximum likelihood estimates based on the response patterns of graded item
scores for the one hundred hypothetical subjects with the ability level -0.3 (solid line) and the normal distribu-
tion function, N(-0.3, 0.21282), (dashed curve).
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FIGURE 2

Cumulative frequency ratios of maximum likelihood estimates based on the response patterns of dichotomous
scores, using the most informative dichotomization (above) and the least informative dichotomization (below)
at the ability level -0.3, for the same one hundred hypothetical subjects (solid lines) and the normal distribu-
tion functions (dashed curves), N(-0.3, 0.24072) (above) and N(-0.3, 0.36851) (below).
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TABLE 3

Mean square errors and other indices for the variability of the maximum

likelihood estimates in the simulated tailored testing situations, in

which nine different initial items are used.

set of dichotomized items was tailored for each

subject. Therefore, there is no single index com-
parable to the standard deviation of the normal
distribution obtained in each of the previous
three cases. For this reason, the mean square
error, i.e., the mean of the squared deviation of
each maximum likelihood estimate from -0.3,
was computed, and its square root was used as
the index comparable to the standard deviations
in the previous three cases. It will be observed

that in all cases this index shows a value rea-

sonably close to .2407 of Case 2; some are even
less, and they all are far less than .3685 of Case
3. In actual situations, there is no way of know-

ing the true value of 0 for any subject, and
therefore there is no way of tailoring a set of
items for the subject’s true ability level. The

present result therefore shows good promise for
individualized adaptive testing, which is based

on information given by the subject’s previous
responses to the items.

Figure 3 shows how the cumulative frequency
distribution of the maximum likelihood es-

timates, obtained in the simulated tailored test-
ing situation, deviates from N(-0.3, 0.21282), for
two examples in which the values of the item in-
formation of the initial items 3-3 and 14-3 are

substantially different, and so are the values of
the mean square error (cf. Table 3). In the first
case discrepancies between the two curves are
substantially large, while the fit is good for the
second example.
- 

In the above result, it turned out that the best
set of maximum likelihood estimates in the
simulated tailored testing situation was provided
in the case where the dichotomized item, 14-3,
with a moderate value of item information
function at 0 = -0.3, was used as the initial
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FIGURE 3

Cumulative frequency ratios of maximum likelihood estimates obtained by simulated tailored testing with two
different initial items, 3--3 and 14-3, respectively, for the same one hundred hypothetical subjects and the nor-
mal distribution function, N(-0.3, 021282).
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item. The next best was the case in which the
most informative graded item, 24, was used as
the initial item. To make a more precise com-
parison of these two cases, the mean square
error was computed for the set of maximum
likelihood estimates after each of the 4th, 6th,
8th, l2th, 16th, 20th and 24th presentations of
items in each case. Figure 4 presents the square
roots of the mean square errors thus obtained. It
will be observed that there are substantial differ-
ences between these two values at the earlier

stages of simulated tailored testing. We can con-
sider this as an indication of the branching ef-
fect provided by a graded item, and further in-

vestigations in this direction in tailored testing
will be valuable. This branching effect seems to
disappear in the later stages. Note, however, that
this simulated tailored testing situation is differ-
ent from actual individualized adaptive testing
situation in two ways: 1) all the 100 response
patterns were calibrated at 0 = -0.3;2) only the
ways of dichotomization of the items and their
order of presentation were tailored, using the
whole set of 24 items, while in the actual tailored
testing situation the items are selected from the
whole set containing a much larger number of
items. Thus it is likely that especially this second
factor negatively affects the branching effect of
the initial graded item.

FIGURE 4

Comparison of the two sets of the square roots of the mean square errors of the maximum likelihood estimates
obtained by simulated tailored testing with two different initial items, 24 (x) and 14-3 (o), computed after pre-
senting 4, 6, 8, 12, 16, 20 and 24 items respectively. ’
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Results on Empirical Data

In this section, observations were made on

empirical test data collected for 446 subjects,
mostly college and summer school students in
the United States and Canada in March through
July, 1974. The test used in this project was de-
veloped for research purposes and consists of 18
items, of which ten belong to the figural subtest
(FGR) and eight to the numerical subtest (NMB)
(Samejima, 1975). One of the ten FGR items was
omitted from the analysis, for it turned out to be
too difficult and most subjects could not solve it.
Of the 446 subjects, 40 were excluded from the
analysis because they failed in completing one or
more items. The test was administered by a well-
trained instructor to the remaining 406 subjects
in groups of up to 36 subjects, although in many
cases there were fewer than 10. In some sessions

FGR was presented first, and in others NMB
was presented first. Each session required ap-
proximately 90 minutes, including the initial in-
structions and a five-minute break between the
two subtests. A time limit of two to six minutes
was set for each item, with the exception of the
eighth item of NMB, N-8 whose time limit was
thirteen minutes. The instructor called time
twice for each item, once when there was one
minute left and once when the time was up.
Each item was scored in a graded way with mg =
3 for all the items of FGR and the first seven
items of NMB, and with mg = 7 for N-8. It

turned out, however, that frequencies for some
item score categories were too small, and ap-
propriate recategorizations were necessary for
some items. For this reason, the number of cate-

gory boundaries, m,, was reduced for some items
(see Tables 4 and 5), and these recategorizations
made the frequency of each score category at
least as large as 18.
Multivariate normality was assumed for the

17 item variables, which are assumed behind the
17 sets of item scores, and the polychoric cor-
relation coefficient (Tallis, 1962) was computed
for each pair of the item variables using Lieber-
man’s (1969) program. Principal factor analysis
was applied to the resulting correlation matrix,
and several different rotations uniformly indi-

cated two clusters, one for each subtest (Same-
jima, 1975). For this reason, principal factor

analysis was applied again for each subtest, us-
ing the SPSS program with iteratively estimated
communalities. The first principal factor for
FGR was named Figural Ability, and that for
NMB was named Numerical Ability. The

eigenvalue for the former turned out to be 3.029
or 60.2% of the sum of the communalities, and
that for the latter turned out to be 4.132 or
79.5% of the sum of the communalities.
With the above assumptions, the normal ogive

model on the graded response level (Samejima,
1969 and 1972) in the unidimensional latent

space can be applied, with the parameter values
given by

and

where L), is the factor loading of item g on the
figural or numerical ability and y,,g is the normal
deviate corresponding to the proportion of the
subjects who received the item score xg or great-
er. These parameter values are presented as

Tables 4 and 5 respectively.
Since there is no way to know the true ability

level of the individual subject with empirical
data, it is impossible to make the kind of ob-
servation given in the preceding section. One
alternative may be to use the maximum likeli-
hood estimate, 0, which is obtained on the full
information given by the graded items, as a sub-
stitute for the true ability score. This type of
observation was made for the 123 subjects for
FGR and for the 138 subjects for NMB else-
where (Samejima, 1975). The result indicates a
more accurate estimation of 0 in simulated
tailored testing with various initial items in com-
parison to the case in which each item is uni-

formly dichotomized. Also indicated is the

branching effect of the graded item when it is
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TABLE 4

Item parameters of the nine test items of the subset FGR.

TABLE 5

Item parameters of the eight test items of the subtest NMB.

used as the initial item in simulated tailored

testing.
Another interesting observation may be the

comparison of the frequency distributions of the
maximum likelihood estimates for the 406 sub-

jects, obtained by different methods. The

theoretical density function of the maximum

likelihood estimates, g(0), will be given by

where f(O) is the density function of 0 and

Hêle) is the conditional density of 0 given 0.
Under the present conditions, f(0) is the stand-
ard normal density function and ~(ê’0) can be
approximated by the density function of N(0,
1/1(0) ), although the number of items in each
subtest is fairly small. Figure 5 presents the his-
togram representing the theoretical frequency
distribution of 0 obtained from g(0), using the
test information function of the original graded

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/ 



FIGURE 5

Comparison of the histograms representing the theoretical frequency distribution of the maximum likelihood
estimate of 0 (solid line) obtained from the test information function of the original graded items and its actual
frequency distribution (dashed line), for the subtest FGR (above) and NMB (below).
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FIGURE 6

Comparison of the histograms representing the same theoretical frequency distribution used in Figure 5 and
the actual frequency distribution of the maximum likelihood estimate (dashed line) obtained in the simulated
tailored testing situation, for two extreme cases in which the initial items are F-3 and N-1-2 for the FGR and
NMB subtests respectively.
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items in Equation 14, and the actual frequency
distribution of 0 (dashed histogram) for each of
the subtests FGR and NMB. The value of the
test statistic for the goodness of fit of the fre-
quencies was computed to provide 17.458 for
FGR and 34.388 for NMB, with an appropriate
grouping of some categories to make each

theoretical frequency no less than 8, which left
21 categories for each subtest. The number of
degrees of freedom is unknown. If we take 20,
however, Xzo 02= 35.020 and X20 os = 31.410, al-
though the true value will be less than 20. It may
be said from these results that the fit is fair in

both cases, and it is especially so for FGR.
Because the test information function is great-

est for all 0 when graded scoring is used (Same-
jima, 1969, Chapter 6), and because the fit of the
theoretical frequency distribution of 0 to the
actual frequency distribution was fair for both
FGR and NMB, it will be legitimate to use the
same theoretical frequency distribution to find
out the accuracy of estimation of 0 in simulated

tailored testing, for each of the subtests FGR
and NMB. Figure 6 presents two examples often
such comparisons of the theoretical and actual
frequency distributions, in which the actual fre-
quencies are based on the maximum likelihood
estimates obtained in the simulated tailored

testing situation, using as the initial items F-3
for the FGR Subtest and N-1-2 for the NMB

Subtest, The initial items used for FGR are F-2-

2, F-6-2, F-3-3, F-2 and F-3 respectively, and
those used for NMB are N-7-2, N-3-1, N-1-2, N-7
and N-4 respectively. The second number in

these designations, if it exists, indicates the

border for dichotomization for the first three

items. The values of the test statistic were

120.749, 91.462, 46.848, 46.415 and 40.957 for
FGR, and 72.649, 119.382, 125.249, 75.270 and
68.192 for NMB. The two examples show the
best and worst fits, i.e., the cases in which F-3
and N-1-2 are used as the initial items respec-

tively.
From this result, it is obvious that all these

values are substantially larger than the cor-

responding values of the test statistic when the
actual frequencies of the maximum likelihood

estimates were obtained from the response of

graded items scores, i.e., 17.458 for FGR and
34.388 for NMB. This result indicates relatively
poor accuracies of estimation of 0 in the simu-
lated tailored testing situation. This overall

tendency may be caused by the fact that in each
subtest the number of items is small, much
smaller than the 24 used in the study of simu-
lated tailored testing data in which the accuracy
of estimation of 0 proved to be fair. Note, how-
ever, that the values of the test statistic in the
last two cases of each subtest, where a graded
item was used as the initial item, are less than
most of the other three cases where a dichoto-
mous item was used. These two graded items are
the most informative and the second most in-
formative items for the interval of 0, [-0.8, 0.1 ]
for FGR, and for the interval of 0, [-0.1, 1.0] for
NMB. The above result may be interpreted as
the branching effect of the graded item in

preference to the dichotomous item.
Similar comparisons of the actual frequencies

of the maximum likelihood estimates with the
theoretical frequencies were made for two addi-
tional cases, in which the estimates were ob-
tained from the response patterns of uniformly
dichotomized item scores for each subtest. The
selection of the boundaries of dichotomization
was made in such a way that the resulting test
information function is the greatest for the in-
terval of e, [-0.8, 0.1] in the first case, and it is
the least for the same interval in the second case,
for FGR. The same principle was used for NMB
using the interval of 0, [-0.1, 1.0]. Figure 7 pre-
sents these test information functions, along
with the test information function of the original
graded items for each subtest. As we can see in
this figure, these intervals of O are those in
which the original test information functions are
greatest. Comparisons were made between the
previously used actual frequencies of the maxi-
mum likelihood estimates and the theoretical

frequencies in these two cases for each subtest.
The values of the test statistic were 90.862 and
320.874 respectively for FGR, and 133.507 and
263.217 respectively for NMB. Figure 8 presents
the two cases for FGR, in which the contrast is
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FIGURE 7

Test information functions of the original graded items (solid curve), of the most informative dichotomous
items (dashed curve) and of the least informative dichotomous items (dotted curve) for the interval of O, [-0.8,
0.1 ] for FGR (above), and for the interval [-0.1, 1.0] for NMB (below).
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Comparison of the histograms representing the same theoretical frequency distribution used in
Figure 5 and the actual frequency distribution (dashed line) of the maximum likelihood estimate
obtained from the response pattern of most informatively dichotomized item (above), and of least
informatively dichotomized item (below), for the FGR subtest.
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greater. As was expected, for both subtests, the
accuracy of estimation of 0 can be considered

substantially better for the case of the most in-
formative dichotomization, compared with the
case of the least informative dichotomization.
The result also indicates the advantage of simu-
lated tailored testing when an informative

graded item is used as the initial item over the
case of uniform dichotomization in the accuracy
of estimation of 0.
The three initial dichotomous items used in

the first three cases of the simulated tailored

testing (i.e., F-2-2, F-6-2 and F-3-3 for FGR and
N-7-2, N-3-1 and N-1-2 for NMB) are the most
informative, the least informative and a medium
informative dichotomous items respectively, for
the interval [-0.8, 0.1] for FGR and for [-0.1, 1.0]
for NMB. The values of the test statistic, how-
ever, do not indicate the effect of the differences
in information given by the initial items, as far
as these dichotomous items are concerned.

Discussion and Conclusion

The research was designed and conducted for
the purpose of determining the effect of individ-
ualized adaptive testing on the accuracy of esti-
mation of the latent variable 0, by reanalyzing
the same data in several different ways. In so

doing, the simulated tailored testing situation
was used for both empirical and simulated data.
The result provided some encouragement in

using dichotomous items in individualized adap-
tive testing as well as in using a graded item as
the initial item to produce an efficient initial

branching effect.
There is no question about the advantage of

using graded items over dichotomous items in
the accuracy of estimation of 0 in any testing,
and therefore it will be more desirable to use

graded items throughout individualized adap-
tive testing. Difficulties may arise, however, in
developing a large set of graded test items, each
of which does not require so much more time
than an average dichotomous item does, in

many practical situations. For this reason, it

may be more realistic to consider developing
only a few graded test items in addition to a
large number of dichotomous items, and using
the graded items as initial items to produce ef-
ficient initial branching effects.
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