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Abstract

A simple method for estimating parameters for the Birnbsum three-
parameter logistic mental-test model was cutlined. The accuracy cf the
method weas investigated with Monte Carlo data, and advantages and dis-
advantages are pointed out and discussed, Data from six voesbulary
tests were then used to demonstrate the usefulness of the method in
prescreening -items for inclusicn in potential tailored testing-itenm

banks .




USEFUL TECENIQUES FOR APPLYING LATENT
TRATT MENTAL-TEST THEORY-

Carl Jensema2

l. Introduction

A new type of mental-test theory has evolved over the past thirty
vears. Beginning with the pioneering work of Lord (1952, 1953, 196k,
1968, 1970a, 1970b, 1971}, Birnbaum (1957a, 1957b,. 195Tc, 1968), and
others, an impressive body of statistical theory now exisgts which 1s
known as the lstent trait mental-test theory.

The concept of Item Characteristic Curves (ICC) is basic to latent
trait mental-test theory. In brief, when the probability of passing an
item is plotted against a scele of ability, the resulting plot resemblies
a normal-ogive. This curve is referred to as the ICC of the item.

Lord (l970a) has proposed a simple technique for approximating ICCs
without knowledge of their mathematical form. In this method, the ob-
served score is taken as the total number of items answered correctly,
exeluding the item to be plotted. Distributions of true scores are then
estimated from the observed-score distribution coupled with suitable
assumptions. The proporticn of examinees responding cprrectly to the
item is plotted against the true score values. This gilves an estimate
of the regression curve of item score on true scgore, Since the true
score on a test may be viewed as a monotonic transform of the latent
trait measured by the Test, the estimated regression curve can be trané-,

formed into an estimate of the ICC. Lord found close agreement between




plots obtained in this manner and theoretical curves based on Birnbaum's
three-parameter logistic mental test medel (Birn-3 model). As will be
seen later, this agreement has important implicaticns for practical ap-
plication of the Birn-3 model.

In mathematical terms, the Birn-3 model assumes that the probability
of an examinee of ability O responding correctly tc item 1 is

1l-c,
o) = i
(1) Pi( ) G YT exp [mDai(Q - bi)T

where D is a constant taken as 1.7 and the parameters ai, bi’ and ci
are related to discriminating power, difficulty, and prchability of

guessing correctly for item 1. The probabiliiy of a wrong answer to

item i by an examinee of ability € is simply
! 6 = o= f
(2) Q}(6) = 1 - p{(9)

1l - ci
9 m o
[L + exp {DAi( bi)]

Detailed discussions of the mathematical hasis of the Birn-3 and other
models may be found in Birnbaum (1968) and Jensema (1972).

If the values of 8, bi,.and c, are known for an item we, in effect,
known its ICC. If there are a large number of these items (say 100), we
mey create an item bank and apply tailored testing technigues, which
permit consideration of the characteristics of individual items. In
conventional testing, most items are too easy or tco hard for the ability
of a given examinee. In tallorcd testing, only those items appropriate

for a given.level of ability arec administered. The interested reader
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may consult Lord (1970b, 1971}, Cwen (1969), Urry (1971b), and Jensema
(1972) for discussions on these technigues.

At the present time, the Birn-3 is the most practical latent trait
mental-test medel available for tallored testing. The biggest stumbling
block has heen the difficulty of estimating parameter values for the
items (Lord, 1968; Jensema, 1972). Not only is the standard technique
of using maximum likelihood methods mathematically complex and hard.to
program on a computer, but 1t also consumes formidable emounts of com-
puter time. The expenditure of hundreds or even thousands of dollars?®
worth of computer time to routinely answer the simple guestions of which
items in an item pool sheould be inciuded in a tallored testing-item bank

Sds difficult to Justify.

In this paper I shall discuss some simplie technigues for the eco-
nomical estimation of Bilrn-3 item parameters. I shall apply these methods
and show that conventional tests are a potentially good source of items

Tor a tallecred testing item bank.

2. . Method

The first difficulty in estimating item parameter values for the
Birn-3 is in determining the guessging parameter value (ci), From a
multiple-choice item with five possible responses, we would expect a
¢y valve of .20 for an examinee who guessed randomly. However, because
of distractor responses, "don't guess" instructions to the examinee, and
a variety of other reasons, the value of the guessing parameter-is often
lower than what would be mathematically expected.

The cs value can be obtained through maximum likelihood techniques

in the same manner as the other parameter values. Lord (1968) tried this
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and found”that-maximum:1ikelihood estimation of c, values did not work

well. Convergence was slow and absurd values were sometimes obtained.

He recommended obtaining "eyeball® estimates of ¢ from the asymptotic

value of the lower tail of the approximated ICC. Actually, it is pos-

sible to cbtain the proportien of examinees passing an item at each of
the lower item-excluded subtest scores without plotting an approximate

ICC. . By examining these proportions, one can get a fairly gocd approx-
~imation of the = value of that item.

Obtaining approximations of 85 the discriminatory power, and big
the difficully, for an item is a bit more complex. First, consider that
P{(e), the probabiiity of a correct response to item i with respect to
-abllity €, is the sum of the probabllity of knowing the correct response
and the probability of not knowing the correct response but guessing

correctly. Then we msy express P{(Q) as

(3) PI(6) = .(6) + c [1 - B (0)] ..

We may manipulate (3) tc obtain the probability of krnowing the correct
regponse as

P_;_(Q) - ey
.-) '8 — . .
(4) P, (€) T

@

In the general model (Birnbaum, 1968}, Pi(e) is expressed as

o
2
(5) P, (6) H«—L—-f exp%mdt
YEn yi

whera 18} iz the correct-incorrect cut point for item i on an unobservable




response continuum. We may obtain a close approximation of (5) by using

a logistic function:

1
1 + exp [Dri]

(6) P, (6) =

where D = 1.7, a constant. Manipulation of (6) allows us to obtain 7, &8

1 1P (0)
(7) 7, == dn —
i~ D Pikej

The height of the ordinate of a normal curve at point 7, 18

1 "71
(8) q’(?’i) = E exp “5” a

Let pIelrepresent the correlation between the unchservable response
continuum and underlying akility. Then the covariance between binarily

scorved item 1 and underlying ability € is
(9) i = Pro ¢(yi) .
From (4) the variance of a binary item is

(10) o = 2,(6) [1 - 2,(6)]

By dividing (9) by the square root of (10) we obtain the point biserial
correlation between.the blnarily scored response to item i1 and ability

as

(11) o = %6 _ pxedf”i) -
Ya B OE (o)




Note that this is for the free-response situation where the probability

of guessing correctly is zero.

To take the effects of guessing into consideration we express (9)

and (10) as

(12) olp = (1-c;) prg ¥7;)
and

(13) o = PI(8) [1 - BJ(E)] .

Then (11) becomes

oig _ pro M7y)(1 - )

e e e o]

(14}

By manipulating (14) we may express org 88

| olg JEI(OYT = Fi(6)]
(25) b0 = TR

The model defines the relationship between Pro and a; as

5
(16) pro = T 1
i+ a2
i
.which may also be written as
DIQ
(17) ay = T,

1
h-Z,

Further, the relationship between yi, O and bi is given by the model
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(18) Y. = QIQbi

or, alternatively, as

,},Ai,

(19) b, =B"£g .

The practical application of the eguatiocns in the preceding para-
graphs is straightforward and simple. An estimate of ¢, may be obtained
for item i by examining the proportion of examinees passing item I at
each item-exeluded subtest score. Consider-P{(G) as the proportion of
the population passing item L. The point bigerial correlation, ;02
. between the binarily scored responses to item 1 and underlying ability
may be calculated by assuming that € is represented by the item-excluded
test score. Then, by utilizing (&), {7), (8), (15), (17), and (19), we
may estimate the values of ai and bia

To demonstrate just how simple this is, consider C, P, and R as
estimates of S Pi(e), and Pig? respectively. The following FORTRAN
commands will yleld estimates cof a; and bi:

PL = 3.141592653589793
(p-0c)/(1. - C)

CUT = ALOG {(i. - PP)/PP)/1.7

FP

HEIGHT = EXP (CUT**2/(~2))/SQRT(2,%PI)

R = {(ResQRT(P%(1. = P)))/(HEIGHT*(1l. = C))
A = B/SGRT(L. - Rwx2)
B = CUT/R

The major weakness in the method is that underiying ability € is

clearly not the same as the item-excluded test score X(i)o The point
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biserial correlation between a binary item and the item-excluded test

score is (see Lord & Novick,. 1968, Ch. 15.5)

Y(T - %
p i _
(20) r. = =J:.L___,£_,l /P (1 -P )
4%, . g X, . K, .
(l) X(i) (l) (1)
where PX is the probablility of passing item i at subtest score X(i)y

(1)
?(;) is the mean score for those passing item i, and f(;) is the mean

scere for those failing -item 1. The polnt bigerial correlstion between

the binary item and the underlying ability is

(21) P1g = o Je 0L -2 (8)) .

JIf X{i) had linear regression on &,

(22) & (% y16) = a9 + 5
-and then
Xr =% -+ o -
igs) (1) (Q __)OLG B - of - 5
%X, . / e, 2
(l> Cag + d
where gg is the error variance. If 52 is small riX should approximate
, ‘ 1)
Pig? since
O S S S
(2k) (1) (1) ~ &6 -0 L
% 2D
(i) og + o

However, the regression of X(i) on & is almost certainly nonlinear, and

Ty may be regarded only as a rough Tirst-order approximation of P1o°

(1)
8




It is to be expected that for extreme values 5(X(i)|9) £ o+ B even

appraoximately. . The method described in this paper uses fiX " to approx-
i

imate € because of its simplieity and because, as will be seen, it can

lead to fairly good results in practice.

The method is a meodification of a more cumbersome graphic technigue
proposed by Urry (197la). Jensema (1972) utilized Urry's graphs to
obtain initial a; and bi estimates for maximum likelihocd payameter
estimation. The correlations between the graphic estimates and the max-
imum Jikelihood estimates were .89 and .97 for ai and bi’ respectively.

It was devided to test the.present parameter estimaiion method with
Monte-Carlo technigues. A computer progrem described by Urry (1970) was
used to generate random data for-500 "examinees™ on 100 "items" with known
parareter velues., The items had 25 difficulty levels (-2.k, -2.,2, ..., 0,
2.2, 2.,4), and each difficulty level had four items with discriminatory
values set to .5, 1.0, l.5, and 2.0, respectively. The guessing proba-
bility was set to .20 for all items. The ability of the Monte-Carle
examinees created by the program was normally distributed to assure that
the data fit the model in this respect, Estimates of the discrimination
and difficulty parameters for each of the 100 Monte-Carle items were
calculated by the method cutlined. The parameter estimates were then
correlated with the known parameter values.

The next step involved the creation of a petential item bank from
real data,. The most obvious place to obtain items feor a talilored lesting
item bank based on the Birn-3 is in conventional muitiple-cholce tests.
Unfortunately, it has been cleariy demonstrated (Lord,. 1968; Jensema,

.1972) that not all conventional test items are good tailored testing
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items. Further, mosi conventional tests-do not have enough items for a
good. item bank, even if all items are good for tailored testing.

One way of handling this is to obtain data Trom similar tests,
evaluate the parameters of the iltems in each separate test, discard
items unsuitable for tailored testing, and combine the remalning items
-into a single item peool. This pocl could be administered to a group of
examinees, and the parameters could be reestimated to obtain a final
item bank.

Data on six vocabulary tests were obtained through the California
Test Bureau. The tests were selected from the Comprehensive Tests of
Basic Skills (CTES),. levels 2, 3, and 4, and the California Achievement
Tests {CAT}, levels 3, L, and 5. Note that it is possible to peol items
from different levels because of item parameter invariance. These par;
ticular tests were chosen partly because the simplicity of the items
would make them essy to administer by computer if a final usable tailoxed
testing item bank resulted. The various levels of the tests were oxig-
inally designed for grades 4 through 12, The data were from separate
groups of 5,400 subjects for each test. Each of the six tests had 140
items. However, because of a computer programming error, data for the
last item in each test were lost, and thus 39 rather than L0 items were
evaluated for each test.

The values of a, and bi were calculated by the method described
earlier. Thesge estimates were examined, selection criteria were estab-
lished, and. items not meeting these criteris were eliminated. The
remaining items were combined into a potentisl item bank for future

research.
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3. . Resulis

The results of the parameter estimation with 500 Mente-Carloe
"examinees” are given in Table 1. It can readily be cbserved from the
table that parameter estimation tended to be most accurate for items
with low discriminatcry power and with a difficulty level roughly in
-the -1.0 to 1.0 range.

For item 25, the sstimates in Table 1 are quite unreasonable. A
discriminatory power of zero on this item means that the estimated. item
charscteristic curve would simply be a horizontal line. Examination of
the Monte-Carlo data indicated that item 25 was so difficult and had so
little discriminatory. pewer that the random data generated for it had,
as might be expected, a zero correlation with the subtest of other items.

For 9 Monte-Carle items, the diseriminatery power could not be
estimeted. Examination of Equation (17) indicates that this is caused
oy pIQ-values which exceed 1.0. Since correlations can never exceed
1.0, such pze'values are obvicusly erroneous. ‘They tend to occur most
freguently when the correlation between an item and an item-excluded
suptest is low, and when the proporticn of the population passing the
item is either very high or very low. Inability to estimate discrimin-
ation paraweter values under some clrecumstances is characteristic of the
method which 1imits its practical appiication.

The correlation between true and estimated discrimination power was
calculated {excluding item 25 and those items for which an estimate could
not be calculated) and was found to be .59, The correlation between
true and estimated difficulty (exeluding item 25) was .97. When only

those items with trues difficulty values between -1.0 and +1.0 were

11




TABLE 1
Known and Estimated Parameter Values for Monte-Carlo Data !

(¢ = .20 for all items)

Ttem - N Ttem . N

number a b a b number 8 b 1 s
i -5 -2.h .35 - 3.06| 26 1.0 -2,4 1,210 2.1k
2 .5 -2.2 .53 =-1.81| 271 1.0 -2.2  1.11 -1.76
3 5 -2.0 R - 2.34 8 1.0 -2.0 i 1.3
i .5 -1.8 .53 - L6 29 1.0 -1.8 1.05 -1.70
5 .5 -1.6 .66 - i.ll 30 1.0 1,6 - .68 -l.72
6 .5 -1.4 Jho -~ 1.8 31 1.0 -1.4 1.0h  -1.28
7 .5 -l.2 .61 -~1l.02| 32 1.0 -1.2 87 -L.27
8 .5 -1.0 .61 - .73} 33 1.0 -0 Lk - .76
9 .5 -.8 .59 - .70 3k 1.0 - .8 1.08 - .65
10 .5 - .6 .51 - .55 35 1.0 - .6 .93 - .50
11 .5 - .4 .3h - Lo 36 1.0, - L 1.1 - .26
12 5 -.2 .8 - 2| 37 1.0 -.2 96 - .14
13 .5 0.0 NS .16 38 1.0 0.0 Bz - .11
h .5 2 .52 A6 39 1.0 2 1.15 .20
15 .5 o .43 A Lo 1.0 i .G5 Ll
16 .5 .6 .57 5T L1 1.0 .6 .95 .52
17 .5 .8 .53 .63 La 1.0 B 1.02 86
15 .5 - 1.0 .48 1.20 43 1.0 1.0 B4 1.0k
19 .5 1.2 18 1.ho Ly 1.0 1.2 .55 1.7k
20 .5 b .30 2.8 | b5 1.0 L. .71 L.78
21 .5 1.6 L0 1.95 TS 1.0 1.6 1.07 1.bg
22 .5 1.8 .6l 1.80 Ly 1.0 - 1.8 .84 1.8
23 .5 2.0 .52 2,01 L8 1.0 2.0 .76 1.97
oh .5 2.2 .60 2,10 kg 1.0 2.2 1.35 1.86
- 25 .5 2.} .00 14,78 50 1.0 2.4 1,17 1.86




TABLE l--continued.

Ttem

Ttem

number & b 2 % number 8 b S_ ?:
51 1.5 -2.L4 6.7 -1.82-] 76 2.0 -2.4 * -1.67
52 1.5 -2,2  3.97 -2.01 77 2.0 -2.2  * -1.73
53 1.5 -2.0 2,31 -1.76. 78 2.0 .=2.0 * -1.7h% .
54 1.5 -1.8  1.87 -l.uv 79 2.0 -L.8  3.76 -1.67
55 1.5 -1.6  1.43 -1.48 80 2.0 -1.6 191 -L.56
56 1.5 -1.h 1,52 -1.37 81 2.0 -l Ll -1.k6
57 1.5 -l.2 1,33 -1.09 82 2.0 -2 2.8 -lL.2
58 1.5 -1.0  1.kh  -1.02 83 2.0 -1.0 148 - .99
5 1.5 -.8 1.85 -.73 1 8% 2.0 -.8 240 - .63

- 60 1.5 - .6 1.23 - .61 85 2.0 - .6 1l.52 - .61
61 L5 - 136 -8 | 86 20 -4 203 -.27
62 1.5 -.2 1.69 -.13 | 87 2.0 -.2 1.70 - .18
63 1.5 0.0 1.19 .08 88 2.0 0.0 2.13 =~ .0l
64 1.5 .2 Lhe .27 89 2.0 .2 116 a6
65 1.5 A4 102 46 | 90 2.0 A 176 3
66 1.5 .6 1.64 .63 91 2.0 .6 1.68 .€0
67 1.5 .8 1.13 .85 92 2.0 .8 3.03 .89
63 1.5 1.0 .85 1.13 93 2.0 1.0 1.38 1.0
69 1.5 1.2 * 1.24 9k 2.0 L. 2.8  1.23
70 1.5 | 1.k 86 L.72 95 2.0 1.4 * 1.10
71 1.5 1.6 .90 1.77 96 2.0 1.6 * 1.58
72 1.5 1.8 57 2.38 a7 2.0 1.8 * .90
_73' 1.5 2.0 * 1.24 ‘ 98 2.0 2.0 .99 2.47
Th 1.5 2.2 .83 2;1J+ | 99 2.0 2.2 * by
75 1.5 2.8 - 1.9h 245 100 2.0 2.k 1.00 2.25

*COizld not be estimabed.



congidered, the correlations between true and estimated parameter valueg
were .85 and .99 for discrimination and difficulty, respectively.

The estimated Birn-3 parameter values for the 39 items in each of
the six voecabulary tests are given in Table 2. In contrast to the Monte-
Carlo items, parameter values were cobtainable for all the vecabulary
items, This appears to be due principally to the more restricted range
of item difficulties in the voecabulary tests, although possibly the
larger sample gizes alsc play a role.

Of the 234 items in Table 2, 175 have discriminatory parameter esti-
mates of .8 or above and 139 of these are over 1.0. Urry (1970) has
demenstrated that if the discriminatory power of the items is greater
than .8, tailored testing is superior to conventional testing. According
to the model, the discriminatory parameter valuves should be constant
across populationg, Since the Monte-Carlo data demonstrated that the
estimation methed ls falriy accurate, especially in the -1.2@ te +1.0
difficulty range, we have evidence that good tailored testing-item banks

may be possible by combining conventional tests.

4. Discussion

One advantage in using Monte-Carlo data to study the estimation
mnethod presented in this paper was that guessing parameter values were
known and did not have to be estimated with Lord's "eyeball" technique.
With real data, the accuracy of item parameter estimates foxr both the
maximum  likelihood method and the method outlined here is severely
restricted by the problems of estimating the guessing parameter values.

The "eyeball" technique works satisfactorily only if the number of
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TABLE 2

Birn-3 Parameter Estimates for Six Tests

CTBS CAT
Ttem level 2 Ievel 3 Ievel L Ievel 3 Level Lt Ievel 5
_mumber | & b c a b c b c a b c a b ¢ a b c
1 2,57 -1.82 .25} .65 -2.47 .25| .59 -3.04 .25| .70 -2.18 .25(1.03 -1.36 .25 .90 -2.00 .25
2 }3.69 ~1.79 .25|1.66 -1.07 .25 =164k .25}2.07 -l.22 .25)3.19 - .80 .25 (1.10 -1.58 .25
3 1.63 -l.47 .25! .74 -l.64 .25 -1.62 251 1.02 -i.14% .25 |1.46 -1.T7h .25 [l.24 ~l.50 .25
L | 1i.11 -1.17 .25 |1.27 -l.32 .25 -1.06 .25(2.90 -1.09 .l2|l.21 -1.19 .25 |1.08 -1.33 .25
5 1.58 -1.30 .25| .76 -1.20 .25 -1.04 .25| .60 -1.31 .25 )1.b0 - .89 .25 ]1.02 -1l.1k .25
6 B0 -1.23 .25 |19 - .72 25{1.310 - .70 .25]|1.k0 -~ .53 .20 (2.21 - .71 .20 |1l.06 - .93 .25
7 |2.31 -1.46 .25 {2.17 - .72 .15 - .92 ,25)1.25 - .92 .25 |24 - .70 .20 .67 -1.37 .25
8 i.5% -1.16 .25| .99 - .B5 .25 - .76 .25|1.66 -1.1k .25]2.70 - .82 .25 | .56 =1.77 .25
9 A8 -1h7 25{1.06 - .66 .25 - .16 .25 1.k5 - .93 .25(1.58 - .91 .25 .18 -1.10 .25
10 7 -1.26 .25 .96 - .3k 25 - .71 .25}1.06 - .66 .15[|1.h5 - .82 .25 .sh -1.61 .25
11 |2.28 -1.28 .25l1.45 - .93 .25 - .57 251,66 -1.14 .25t1.10 - .46 .2511.17 - .86 .23
12 A7 - .88. .25 |1.72 - .43 .25 - .76 .25|1.05 - .k2 .25|1,00 -1.09 .25| .k7 .56 .25
13 1.38 -~ .85 ,20{1.,5% -1l.16 .25 -1.02 .25|1.23 - .67 .25 |2.3¢ - .7h .25 |1l.29 - .4h .19
1h 1.02 - .65 .23|1.11 - .63 .23 - .69 .25| .83 - .26 .,16{1.78 - .27 .18 |1l.51 - .37 .25
15 .72 ~1.17 .25 |12 - .37 .25 - .57 .ee|i.ba - .51 .1Bl1.29 .97 .25 .71 =~ .52 .25
16 72 - .70 .2511.33 - .10 .23 13 .25 .54 - .57 .25 .98 -1.03 .25] .96 - .39 .25
17 1.94 -1.13 .15[1.39 - .32 .18 - .96 251,60 ~ .28 .15{1.22 - .57 .16]1.18 - .73 .25
18 29 247 25| .79 - .25 .15 - 43 .25(3.42 - .57 .22]2.06 - .53 .25| .81 ~ .38 .25
19 9h -1.34 .25 ) .76 A6 .17 - .29 .25[1.39 - .32 18|71 - .5 .18 .97 - .21 .18
20 96 - .51 1.86 - .31 .25 L.l - .10 .25]1.59 02 .1511.15 - .59 .25 | .65 .20 .25

.18 |
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TABIE 2w--gontinued.

CAT

92 93

~ Item Level 2 Lg$§§ 3 Level 4 Level 3 Level b Level 5
mmber | & b o & b [ a b [ a b c & b c 8 b c
21 4 < .51 .25 1.2 - .36 .15 [1.63 - .2h .25 |1.22 .36 .19(1.80 .~ b8 18] .93 - .26 .25
22 .92 - .23 .17 |1.29 - .65 .25|1.15 - .59 .25 |1.k9 .50 1811.93 - .23 .20] .89 .21 .25
23 92 -~ 02 .25] .65 75 .25 1.7 - .27 W16 |1.52 A8 .20f1.72 - .33 .21|l1.11 - .12 .20
24 |1.13 Jd2ooL22 |1k - 03 .16|1.15 - .66 .17 |1.L8 .13 .25(21.88 - .27 .25} .B9 - .26 .25
25 |1.26 - .10 .25]1.11 -~ .15 16| .60 - .05 .16 1.16 .32 .25] 143 - .29 .25{1.11 - .02 .25
26 A3 Jd2 .25 .79 B9 .25 .B7 - .02 .13 |1.05 .07 .25|2.06 -~ .35 .16%1 .5k A0 .25
27 92 - .h5 ,25]1.12 28 .25 .52 37 .23 .61 .52 .25) .g4 .07 .25| 1.0 - .05 .15
28 |17 ~1.05 .25] .70 .93 .20{1.01 .29 .25 |1.55 .30 .16) .63 Y 251032 A1 .22
29 63 ~ .20 ,12{1.07 - .19 .25 .33 1.79 .25] .90 A2 .14 1.33 26 .20] .78 66 .25
30 .7+ .35 .25(1.62 - .06 .25/1.13 - .28 .15]1.04 .16 .20! .78 66 .25] 1.h6° .32 .15
31 .93 .26 .2011.50 O 20| 1.27 - .52 .25 1.27 .27 .22 1.25 .54 .18 .88 .37 .22
32 1.28 - .56 .25| .76 l.hb2 .20 b2 1.15 .25 1.hk .21 18] .53 1.02 .25} 1.kl .67 Loz
33 1.21 - .19 .18 .64 69 .25 1.28 g0 a5 T .54 .16} .83 1.60 .20 1.18 82 .18
3k 1.27 - .81 .25]1.52 49 251 1.3k 27 .12l 1.66 .10 .20( .79 1.06 .19| 1.60 B7 L1
35 .57 L.0h .25)l.21 .22 16| 1.31 97 .25( .85 Jo o8| 8k .96 .19| 1.24 .79 .23
36 {104 - .46 20| .70 .00 .25¢ .83 .BL .18}1.35 .38 .25| .36 3.51 .23} 1.08 .66 .15
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examinees 1s large. If the sample size is even moaerates theré may simply
not be enough low ability examinees to give an accurate estimate of the
‘lower tail of the ICC. 1In this study, even with a sample sime of 5,400,
the estimation of s values for the vocabulary tests inveolved consider-
able guesswork.. Guessing parameter estimation must be lmproved before
taillored testing techniques with multiple-cholce items can become gener-
ally useful.

An examination of the equations used in the present parameter esti-
mation method suggests two ways in which inaccurate c; estimates may cause
problems. First, if the percentage of examinees passing an item is. less
than the estimate of ¢ (4) will yield a negative value., If this hap-
pens, the researcher's estimate of ey should obvicusly be reconsidered.
The seccnd problem is more complex. Under certain circumstances, the
estimate of g o in (15) will be greater than 1.0., €.g., when the ey
parameter is overestimated. In (4) the overestimation of c; infiates
the estimate of Pi(e)’ whick causes 7, in (7) and ¢(Vi) in {8) to be too
small. The small value of ¢(7i) ang (1 - ei) in (15) may cause prg O
exceed 1.0. It should also be noted that, in general, overestimatiocn of
¢, causes overestimation oif both ay and bia

The Monte-Carlo data Jdemonstrated that the estimation of item dif-
Ticulty (bi) by the method presented in this paper is accurate, but that
estimation of item disgcriminaticn (ai) zanh be relied on only for -items
with difficulties between -1.0 and +1l.0. This places some limits on the
usefulness of the methced. The accuracy of the present method, compared
with the maximum likelihood method, has not been completely investigated.

The Urry graphic method, to which the present method. is directly related,

L7




has been shown (Jensema, 1972) capable of yielding éstimates of a, and
bi which correlate sbout .89 and .97 with maximum:iikelihéod estimates.
Until more extensive studies have been carried out, the method should

be used with caution and must be viewed not as arreplacement for maxihum
-dikelihood estimation, but as a convenient technique to economically
prescreen items for further anglysis.

The selection criteria used in prescreening the wvocabulary items
for a potential item bank were based on a number of factors. First, a
good item bank contains ltems having a uniform distribution of difficulty
and discriminaticn powers of at least .8. The six vocabulary tests
covered a wide range of difficulty, and selecting roughly the same number’
of" items from each test could be expected to yield a uniform distribution
of difficulty over the range covered by the final item bank. TFinaily,
it is known that the estimation method works best in the -1.0 to +1.0
renge of difficvlty and that the c; egtimates may be somewhat inaccurate.
After consideration of all these factors, a reasonable item selection
criterion was to select all items in Table 2 that had difficulties be-
tween -1.2 and +1.2 and whose discriminastion parsmeters were at least .8.
There were 157 items which met these criteria.

The next step, which I intend tec carry out and report in the future,
1s to administer the 157-item petential item bank to a large sample of
examinees at the junior high schoel level. The responses of these
examinees will then he reevaluated with meximum likelihood methods.

Itemes that seem unsatisfactory willl be discarded, and those remaining

should form an excellent tallored testing-item bank,
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Now, let us consider a few of the practical advantages of the esti-
mation and prescreening methods outlined in this paper. First, remember
that maximum:likelihood methods are expensive. Each item that can be
discarded without maximum likelihcod parameter estimation saves several
dellars worth of computer timés and the elimination of 82 items from the
original 23¢9 will result in guite a saving. Second, the elimination of
82 items alsec means a considerable reduction in testing time when the
items are administered to a validation sample.

While it is true that some good.items may have been discarded by
the selection criterion used, the original pool of 239 items was large
enough sc that this was not important. Enough good items remain to
create a good item bank. If saving every possibkle good item had been
important, we could have modified the selection criteria and risked in-

cluding & few bad items.
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