














Item Response Theory 
Item analysis. When employing item response theory, item 

analysis consists of (a) determining sample-invariant item 
parameters using relatively complex mathematical techniques 
and large sample sizes, and (b) utilizing goodness-of-fit criteria 
to detect items that do not fit the specified response model. The 
property of sample invariance inherent within IRT means that 
test developers do not need a representative sample of the 
examinee population to calibrate test items. They do, however, 
need a heterogeneous and large examinee sample to insure 
proper item parameter estimation. As can be seen from Figure 
6, even when examinee samples differ, the test developer is able 
to use the principles of IRT to estimate the same ICC regard­
less of the examinee sample used in the item calibration 
process. However, the test developer using IRT is faced with a 
different problem. Because IRT requires larger sample sizes to 
obtain good item parameter estimates, the test developer must 
ensure that the examinee sample is of sufficient size to 
guarantee accurate item calibration. 

The detection of poor items using item response theory is not 
as straightforward as when classical test theory is used. Items 
are generally evaluated in terms of their goodness-of-fit to a 
model using a statistical test or an analysis of residuals. 
Although this is not the appropriate article to discuss goodness­
of-fit procedures, it is important to emphasize that an adequate 
fit of model-to-data is essential for successful item analysis; 
otherwise, items may appear poor as an artifact of poor model 
fit. Readers wishing to learn more about goodness-of-fit tech­
niques are referred to Hambleton, Swaminathan, and Rogers 
(1991, chapter 4) and Hambleton and Murray (1983). Poor 
items are usually identified through a consideration of their 
discrimination indices (the value of ai will be a low positive or 
even negative) and difficulty indices (items should be neither 
too easy nor too difficult for the group of examinees to be 
assessed). 

Item selection. As is the case with classical test theory, item 
response theory also bases item selection on the intended 
purpose of the test. However, the final selection of items will 
depend on the information they contribute to the overall 
information supplied by the test. A particularly useful feature 
of the item information functions used in IRT test development 
is that they permit the test developer to determine the contribu­
tion of each test item to the test information function indepen­
dently of other items in the test. Lord (1977) outlined a 
procedure, originally conceptualized by Birnbaum (1968), for 
the use of item information functions in the test building 
process. Basically, this procedure entails that a test developer 
take the following four steps: 

1. Describe the shape of the desired test information 
function over the desired range of abilities. Lord (1977) 
calls this the target information function. 

2. Select items with item information functions that will 
fill up the hard-to-fill areas under the target information 
function. 

3. After each item is added to the test, calculate the test 
information function for the selected test items. 

4. Continue selecting test items until the test information 
function approximates the target information function 
to a satisfactory degree. 

For example, suppose a test developer wished to build a test 
to fill the target information function shown in Figure 5. The 
first step would be to specify this information function as the 
target information function. The next step would be to add an 
item to the test, filling up the hard-to-fill areas first. Item 2 in 
Figure 4 would be a good choice, followed by Item 1. The test 
information function should be recalculated after the addition 
of each item so as to identify the specific information required 
to complete the test. By following this procedure, and selecting 
the 12 items in Table 1, the test developer would create the 
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ideal test to match the target information function shown in 
Figure 5. Content validation considerations are monitored 
during the item selection process. 

This procedure allows the test developer to build a test that 
will precisely fulfill any set of desired test specifications. Thus 
it is possible to build a test that "discriminates" well at an; 
particular region on the ability continuum. That is to say, if we 
have a good idea of the ability of a group of examinees test 
items can be selected so as to maximize test information �i�~� the 
region of ability spanned by the examinees being tested. Of 
course, this optimum selection of test items will contribute 
substantially to the precision with which ability scores are 
estimated. Furthermore, with criterion-referenced tests, it is 
common to observe lower test performance on a pretest than 
on a posttest. Given this knowledge, a test instructor should 
select easier items for the pretest and more difficult items for 
the posttest. Then, for both testing administrations, measure­
ment precision will have been maximized in the ability region 
where the examinees would most likely be located. Moreover, 
�b�e�~�~�u�s�e� �i�t�~�m�s� on bot.h tests measure the same ability, and 
abIlIty estImates are mdependent of the particular choice of 
test items, the instructor can measure growth by subtracting 
the pretest ability estimate from the posttest ability estimate. 
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Self-Test 
What are the item statistics used in the classical test 
theory model and the two-parameter logistic model? 
How are they related? ' 
List the expected. benefits when an item response 
model is applied to a measurement problem. 
List the expected benefits when a classical test 
model is applied to a measurement problem. 
What are the basic assumptions of the classical test 
theory model? 
What are the basic assumptions of item response 
theory models? 
Estimate the item difficulty and pseudoguessing 
parameter values for the four items in Figure 2. 
Suppose Figure 4 presents the item information 
functions for four reading items. If you were a test 
developer tasked with selecting an item for use in a 
test for a remedial reading population, which of the 
four items would you choose for inclusion in the 
test? Why? 

b. Which of the four items would you choose if you 
were building a test to discriminate among more 
able readers? Why? 

6. a. An item has b = 1.0, a = 0.8, and c = 0.2. Calculate 
p(e) at e = -3, -2, -1,0, 1,2, and 3. 

b. Repeat this procedure for a second item: b = 0.5, a = 
0.6, c = 0.15. 

c. Sketch the ICCs for the two items (that is, plot the 
probability of success as a function of ability for each 
test item). Which of the two items would an exam­
inee with an ability of 1.0 have the greatest probabil­
ity of answering correctly? 

7. a. A subtest is composed of the five items whose item 
information values at seven ability levels are shown 
as follows: 

Ability level 

Item -3 -2 -1 0 1 2 3 

1 .01 .25 .50 .70 .83 .65 .40 
2 .05 .35 .70 .85 .70 .35 .05 
3 .10 .30 .40 .45 .10 .05 .01 
4 .10 .30 .40 .45 .40 .30 .10 
5 .40 .65 .83 .70 .50 .25 .01 

45 



What is the subtest information function at each 
ability level? 

b. If practical test construction constraints required 
the size of the subtest to be reduced to only four 
items, which item should be removed? 

Answers to Self-Test. 
1. a. Classical test theory model: item difficulty (p) and 

item discrimination (r). 
Two-parameter logistic model: item difficulty (b) and 
item discrimination (a). 

b. When r is high, so is a; when r is low, so is a; there is 
a monotonically increasing relationship between the 
two. On the other hand, p and b are inversely 
related. If ability is normally distributed, and the 
two-parameter logistic model fits the test data, there 
are specific formulas linking r to a and p to b. See 
Lord and Novick (1968, p. 378) for the formulas. 

2. a. (a) Item statistics are independent of the groups 
from which they were estimated; (b) scores describ­
ing examinee proficiency are not dependent on test 
difficulty; (c) test models that provide a basis for 
matching test items to ability levels where they 
function best. 

b. (a) Well-known models that have been useful for a 
long time; (b) weak assumptions, hence the useful 
formulas are widely applicable. 

3. a. In wha~ is often called the classical test model, 
basically, there are three assumptions, in addition to 
the model itself: 

X=T+E 

and 

PTE = 0, E = 0, and peEl, Ez) = ° 
b. Assumptions are made about (a) dimensionality 

(usually, that the test measures one dimension or 
trait), and (b) the mathematical form of the item 
characteristic function (or curve). (For dichoto­
mously scored items, logistic functions are common.) 

4. The item statistics for the four items in Figure 2 are: 

Pseudoguessing 
parameter 

Item 
Item difficulty 

(b) (c) 

1 
2 
3 
4 

-0.81 
0.31 
0.00 
0.45 

.19 

.17 

.07 

.14 

5. a. Item 1. Of the four items, Item 1 provides the most 
information at lower ability levels. 

b. Item 2. Of the four items, Item 2 provides the most 
information at higher ability levels. 

6. Here are the probabilities: 

Item 

6a 
6b 

-3 

.203 

.173 

-2 

.213 

.212 

Ability level 

-1 0 1 

.249 

.301 
.363 
.469 

.600 

.681 

c. Item 6b. See Figure 8. 

2 

. 837 

.849 

3 

.951 

.938 

7. a The subtest information function at the seven ability 
levels is: 
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Ability level 

-3 -2 -1 0 1 2 3 

Information .66 1.85 2.83 3.15 2.53 1.60 .57 

c 
0 

0.8 

0.6 

0.4 

0 .2 

a 

b. Item 3. This item provides the least amount of 
information over the ability range of interest. 

Sa 

-3 -2 -1 a 
Ability 

2 3 

FIGURE 8. Plot of item characteristic curves for questions 
6a and 6b ' 
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NCME Membership Directory 
1992 - 1993 

Information in this latest edition of the 
biennial Membership Directory is based on 
Membership files. It includes: 

• NCME By-Laws 
• Member name, address, telephone number 
• Electronic network address 
The price is $6, which includes postage and 
handling. Orders must be prepaid or an 
invoicing fee of .$4 will be charged. Order 
from: NCME Publications Sales, 1230 17th 
Street, NW, Washington, DC 20036-3078 

1994 ELECTIONS 
The NCME Nominations Committee is pleased to 
nominate the following candidates for the 1994 
elections: 

For Vice President 
Joy Frechtling, WESTAT 

Brenda Loyd, University of Virginia 

For Board of Directors 
At Large 

John Fremer, ETS 
Suzanne Lane, University of Pittsburgh 

Local Educational Agency 
Joe Hansen, Colorado Springs Public Schools 

Carole Perlman, Chicago Public Schools 

Directors serve a 3-year term; one person is to be 
elected from each category. 

Nominations can also be made by NCME mem­
bers. The bylaws state that "other nominations may 
then be submitted by the written request of at least 
ten active or emeritus members, ~rovided such 
nominations are received before December 1." 
Send nomination petitibns to NCME, 1230 17th St., 
NW, Washington, DC 20036-3078. Ballots will be 
mailed to members in late December 1993. 

CALL FOR AWARD NOMINATIONS 

NCME Award for Career Contributions to 
Educational Measurement 

The award is to honor persons whose contributions over a 
career have had widespread positive impact on the field of 
educational measurement through (a) theoretical or techni­
cal developments, (b) influential ideas or conceptions, (c) 
unique efforts that have increased public understanding of 
the field, and/or (d) development of procedures, instru­
ments, or programs of special significance. Nominations are 
limited to living persons. 

Nominations should consist of a 1- to 2-page written 
statement describing the nature, importance, and impact of 
the individual's contribution. Mail nominations to Barbara S. 
Plake, 135 Bancroft Hall, University of Nebraska, Lincoln, NE 
68588-0348. 

Nominations for the 1994 award must be received by 
january 3, 1994. The 1994 award will be announced at the 
Annual Meeting in New Orleans. 

NCME Award for Technical Contribution to 
Educational Measurement 

This year (1993-94) NCME will be making its fourth 
triennial award for outstanding technical or scientific contri­
bution to the field of educational measurement. 

Fall 1993 

Examples of technical contributions include, but are not 
limited to, innovative ways of solving practical or theoretical 
measurement problems, inventive instrument development 
techniques, creative testing procedures or products, and 
scientific contributions to measurement research methodol­
ogy. Selection criteria are quality, inventiveness, and positive 
impact of the technology on the field of educational measure­
ment. The past award recipients are Kikumi K. Tatsuoka, 
University of Illinois (1985); Robert Mislevy, Albert Beaton, 
Eugene johnson, Educational Testing Service (1988); and 
Fumiko Samejima, University of Tennessee (1991). 

To be eligible for this award, the technical contribution 
must have occurred initially during 1991, 1992, or 1993. The 
work must appear in a research publication, but not necessar­
ily an NCME publication. One may nominate one's own 
contribution or, with permission, someone else's. A nomina­
tion should consist of five copies of a 3- to 5-page statement 
describing the technology, application area, and products or 
results of the effort. Finalists may be requested to submit 
additional information. 

Mail nominations to Suzanne Lane, Awards Committee 
Chair, 5C01 Forbes Quadrangle, University of Pittsburgh, 
Pittsburgh, PA 15260. Nominations for the award must be 
received by january 14,1994. The award will be presented at 
the 1994 NCME Annual Meeting in New Orleans. 
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