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A generative approach to psychometric model-
ing consists of encoding information about the
cognitive processes and structures that underlie test
performance into an item-generation algorithm in
such a way that the generated items have known
psychometric parameters. An important by-product
of the approach is that the knowledge about the
response process is tested every time a test is ad-
ministered. Validation thus becomes an ongoing
process rather than an occasional event. This ap-
proach is illustrated through an analysis of hidden-
figure items, and is shown to be feasible. Index

terms: construct validity, generative modeling, iso-
morphic problems, item difficulty, spatial ability, vali-
dation.

Test validation has traditionally focused on an
accounting of response consistency. Indeed, the
most comprehensive form of test validation-
construct validity-has been described as imply-
ing &dquo;a joint convergent and discriminant strate-
gy entailing both substantive coverage and

response consistency in concert&dquo; (Messick, 1981,
p. 575). There has been far less emphasis on an
accounting of response difficulty (but see Camp-
bell, 1961; Carroll, 1980; Davies & Davies, 1965;
Egan, 1979; Elithorn, Jones, Kerr, & Lee, 1964;
Tate, 1948; and Zimmerman, 1954).

Response consistency and response difficulty
are not antithetical (e.g., the discussion of con-
struct representation versus nomothetic span of
Embretson, 1983). In fact, it could be argued that
construct validity requires an accounting of

response difficulty, in addition to requiring an
accounting of substantive coverage and response
consistency. Knowledge of the latent structure of
a test (e.g., its factorial structure or its fit to a

particular item response model) is clearly essen-
tial to an interpretation of test scores, but it is
not sufficient. An accounting of response dif-
ficulty would clearly enhance the validation sta-
tus of a test, because a model incorporating the
mental structures and processes needed to solve
the item would be required. If this model has
been previously and independently validated, the
validation status of the test clearly will be

enhanced.
Not only are accounting of response difficulty

and consistency not antithetical, but they entail
parallel considerations. Within the response-

consistency tradition, for example, the extent to
which covariation is accounted for by theory-
relevant and theory- irrelevant (e.g., method) vari-
ables is often the basic data from which validity
is assessed (e.g., Campbell & Fiske, 1959). With-
in the response-difficulty framework, the contri-
butions of theory-relevant and theory-irrelevant
processes to difficulty also can be addressed.

For example, clues that may have been inad-
vertently included in a test could result in some
examinees not responding in accordance with
their ability. Within the response-consistency
framework this is reflected, in turn, in the item-
response model’s lack of fit. Under the same cir-

cumstances, within the response-difficulty frame-
work examinees are viewed as not responding in
accordance with the mental model postulated for
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a specific item. This response behavior is
manifested as a discrepancy between the estimat-
ed difficulty of the item based on some item-
response model, and the expected difficulty given
the mental-process model for that item.

Discrepancies between difficulty estimates are
well entrenched in psychometrics (e.g., Linn &

Harnisch, 1981). For example, discrepancies in the
difficulty estimates from different groups-
differential item performance-are often the fo-
cus of analysis. What may be new is that here
one of the estimates is based on a substantive
model of the mental effort required by an item.
An emphasis on accounting for response con-

sistency is compatible with the latent-trait ap-
proach to individual differences. Lord (1980)
included both factor analysis and item response
theory (IRT) in this approach. Although an ac-
counting of response difficulty also fits well with-
in IRT, it requires inspiration from cognitive
science in order to formulate mental models of
the item solution process. Consider a test in

which some item response model fits perfectly,
and for which correlational analysis has estab-
lished that it is a &dquo;verbal&dquo; test. It is tempting to
stop there and argue that the test has been vali-
dated ; indeed, many validation efforts do stop
at this point.

There is more to explain, however: The items
in the test differ in difficulty-some are very easy,
and others very difficult. This variation presents
no major problem, because every item response
model includes a difficulty parameter. Yet es-
timating the difficulties is not the same as ex-
plaining them. Thus, when it is time to create a
new form of the test, there is no method to

predict the psychometric characteristics of an
item nor to construct an item with known psy-
chometric properties. The standard procedure
followed by major testing organizations is to write
many items and pretest them, with the hope that
enough items will survive the process and a new
form of the test that resembles the previous form
can then be constructed. This procedure is effec-
tive, but it also underscores the fact that

knowledge about the test is far from complete.

A thorough understanding of what a test mea-
sures can be demonstrated if test forms that are

empirically parallel can be constructed on an a
priori basis-that is, without resorting to items
that already have been calibrated on a response
model.

The objective of this research was to illustrate
an approach to test modeling that encompasses
both response consistency and response difficulty.
This approach is termed generative for two rea-
sons. It is generative in the usual dictionary sense
of the word (i.e., &dquo;having the power of generat-
ing, originating, producing, or reproducing;&dquo;
Webster’s Ninth New Collegiate Dictionary, 1986,
p. 912)-in this case, of items with known psy-
chometric characteristics. But the approach may
also be interpreted more broadly, as in Chom-
skyan linguistics (Chomsky, 1965), in which a
generative grammar is defined as being capable
of assigning a description to every sentence in the
language, and also being capable of generating
all the sentences in the language.

Generative psychometrics, then, involves a

&dquo;grammar&dquo; capable of (1) assigning a psycho-
metric description to every item in the universe
of items, and (2) generating all the items in the
universe of items. Some of these ideas are implicit
in certain item-generation schemes (e.g., Bor-
muth, 1970; Roid & Haladyna, 1982). However,
the emphasis of these schemes is completely on
generating-rather than assigning-a description
with psychometric utility to the generated items.
Therefore, these approaches are not generative.
They cannot be generative in one sense, because
the assignment of a psychometric description to
an item requires an understanding of the under-
lying response process, which is outside the scope
of approaches that are inspired by behavioristic
principles. By contrast, a generative approach be-
comes feasible as a result of efforts to understand
individual differences from the perspective of
cognitive psychology. Indeed, Pellegrino (1988)
noted that &dquo;cognitive scientists have been en-
gaged wittingly and unwittingly in a process of
construct validation&dquo; (p. 52).

Nothing in the above definition dictates what
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type of &dquo;description&dquo; should be attached to an
item-other than its psychometric utility. In the
context of ability testing, it would be natural to
assign a description with respect to an item-
response model, or to a response-time distribu-
tion. In the context of diagnostic testing, the
description could be with respect to a set of mis-
conceptions (Bejar, 1984; Brown & Burton, 1978;
Burton, 1982).

Empirical Example

Method

The concept of generative modeling is illus-
trated through an analysis of hidden-figure items.
Figure 1 shows two sample items. The task of the
examinee is to determine whether the smaller (or
target) figure is embedded in the larger figure.
Figure la is a &dquo;true&dquo; item because the figure on
the right can be found within the larger figure;
Figure lb is a &dquo;false&dquo; item. This item type has
been used extensively in field dependence-
independence work; as a result, there is ample
literature on correlating performance on hidden-
figure tests with personality variables (e.g., Wit-
kin, Goodenough, & Oltman, 1979). Unfor-

tunately, nothing in that literature can be used
as a means of constructing the procedure through

Figure 1
Sample Hidden-Figure Items

which items can be generated and a psychometric
description can be assigned. The lack of such
knowledge underscores the actuarial rather than
the scientific nature of test development practices.

The approach selected to model performance
on this item type was inspired by artificial intel-
ligence research in vision (Mayhew & Frisby,
1984), and it is based on a pattern-recognition
algorithm called the Hough transform. This
process is illustrated in Figure 2, which shows
items of apparently increasing difficulty. The
smaller figure in Figure 2 is the same for all the
items, and consists of seven segments (the top line
is two segments long). (All the target figures used
here had seven segments.)

The matrix to the right of each item was com-
puted by placing the smaller figure at each node
of an invisible grid-the units of which were one
segment-and counting the segments in the
smaller figure that coincided with the segments
in the larger figure. Each segment arbitrarily
counted as 2. Thus, &dquo;14&dquo; indicated that the
smaller figure was embedded in the larger figure,
and a lesser number indicated that not all of the

segments coincided.
The easiest item (Figure 2a) yields a matrix of

matches with a 14 surrounded by 2s and 4s. The
most difficult item (Figure 2c), however, has
several 12s surrounding the 14 (i.e., there were
many target-like figures surrounding the target
figure, and it therefore became more difficult to
disembed the target figure). When the target
figure does not exist in the larger figure for false
items, a similar analysis applies (i.e., many 12s
in close proximity confuse the examinee into
&dquo;seeing&dquo; the target when it does not exist).
A full generative approach would link the

matrix of segment matches to psychometric
difficulty in such a way that items of a range of
difficulty can be generated (Bejar, 1990b). A
more modest objective, which may be necessary
when such a complete link is not feasible, is to
generate isomorphic items, or &dquo;clones&dquo; (i.e., in
this case, to generate items with the same matrix
of matches but different visual realizations). This
was the approach taken here. Eight such pairs of
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Figure 2
Hidden-Figure Items of Increasing Complexity

isomporphs were generated with a computer pro-
gram. (A discussion of the program is beyond the
scope of this report; see Ronse & Devijver, 1984,
for a discussion of a general program that uses
a similar but far more general approach to the
detection of embedded subfigures.) The genera-
tion component in the program used here,
although not trivial, was simply an efficient
search algorithm.

The item-generation algorithm used a target
pattern and the matrix of matches described
above as input and attempted to create a large
pattern that yields the same matrix of matches.
The generation process was simplified by the fact

that segments were present and were removed un-
til the algorithm produced a matrix that equaled
the input matrix; the process was, therefore,
recursive. If at some point the algorithm failed,
it could backtrack as necessary.

Items

Eight items were selected from the The Kit of
Cognitive Reference Factors (Ekstrom, French,
& Harman, 1976) as the generating items. The
underlying matrix for each of these was comput-
ed. The resulting matrix was then used to gener-
ate eight pairs of isomorphs. The eight generating
items, the eight pairs of isomorphs, and the in-
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structions for the items appear in Appendix A
of Bejar and Yocom (1986).

The items were assembled into two forms: the
first eight items were common to both forms A
and B and consisted of the eight generating items;
the last eight items consisted of set A of iso-
morphs for form A and set B of isomorphs for
form B. The items were positioned in the two
forms in such a way that corresponding iso-
morphs occupied the same position. Forms A
and B were installed on an inexpensive graphics
microcomputer (a Radio Shack Color Computer)
with graphic resolution of 256 X 192. A color
monitor (Amdek Color I) was used to display the
items. Examinees responded by a means of a
joystick (Radio Shack No. 26-3012). They were
instructed to move the joystick forward if they
thought the item was true and backward if they
thought the item was false. Examinees’ reaction
times were recorded with a resolution of 1/60th
of a second; response time was the elapsed time
until a response was given, regardless of whether
it was correct or incorrect. Examinees were in-

formed if they were correct or incorrect after
responding to each item.

Examinees

Sixty high school students participated, with
approximately equal numbers of males and fe-
males. The data were not edited in any way prior
to the analysis presented below. Form A was ad-
ministered to 29 students, and Form B to 31
students.

Results

The validity of this approach to psychomet-
ric modeling was explored by examining the rela-
tionship between difficulty estimates for groups
A and B on the generating items as well as on
the isomorphs. To the extent that the approach
is valid, it was expected that the difficulty esti-
mates would not only be linearly related, but
would fall along a line with a slope of 1. An item-
by-item analysis of the response-time distribution
was also examined.

Item difficulties. Difficulty was estimated by

the formula A = log[pl(I - p)]. Larger values of
A are associated with more difficult items. Some
of the statistical properties of A have been dis-
cussed recently by Holland and Thayer (1985).
As can be seen in Figure 3a, the estimated
difficulties tend to fall along a diagonal with a
slope of 1.0, although the correlation between
difficulty estimates was .41. Figure 3b shows the
relationship between difficulty estimates for

groups A and B responding to a different set of
isomorphs. The relationship is strong (r = .74),
but more importantly, the estimates tend to fall
along a diagonal line with slope of 1.0.
A comparison of Figures 3a and 3b shows that

a significant amount of change seems to have
taken place within very few items. The median
A for the generating items was approximately .5,

Figure 3
Relationship Between Estimates for Groups A and B
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whereas it was 1.5 for the isomorphs, which were
always administered subsequent to the generat-
ing items. In order to interpret this effect as learn-
ing rather than practice, a more complex design
is needed.

Response times. Response time is more infor-
mative than difficulty in terms of whether or not
the same psychological processes are involved in
responding to items. Because groups A and B
were randomly equivalent, it was expected that
the cumulative response time distribution would
be very similar for the two groups when respond-
ing to the generating item or the isomorphs.
Figure 4a shows a typical cumulative response
time distribution for groups A and B respond-
ing to the same generating item. As can be seen,
the two distributions are very similar. Figure 4b

Figure 4
Typical Cumulative Response Time Distributions

shows the corresponding distributions for

responses for groups A and B responding to
different isomorphs of the same generating item;
these distributions are also very similar. (Due to
space limitations, only a sample of the results is
presented here; for complete results, see Bejar &

Yocom, 1986.) In general, the comparison of
response time distributions suggested the effec-
tiveness of the procedure in generating iso-

morphs. However, there were noticeable
differences between generating items and iso-
morphs ; this result is discussed below.

Discussion

A generative approach to psychometric model-
ing incorporates response modeling, item de-
velopment, and validation in a coherent and
cohesive package. Response modeling and item
development become a single process once the
item generation algorithm for the item type in
question is successfully operationalized.

As is true of other psychometric models, the
possibility of misspecification exists. Just as a
one-parameter logistic model, which is often used
in psychometric work, may not adequately
describe responses to multiple-choice items, the
algorithm for a particular item type may not ade-
quately generate isomorphic items. Thus, the vali-
dation phase is actually an integral part of the
generative approach. Validity is built into test
scores by creating items according to a perfor-
mance model and then verifying that the predic-
tions of the performance model are fulfilled, as
manifested in psychometric parameters.

These findings serve primarily to illustrate the
processes involved in the application of genera-
tive psychometrics because a psychological model
for responding to hidden-figure items was not ex-
plicitly considered. However, the approach used
to characterize the items was one in which the
items would seem to be compatible with a
template-matching approach. Although template
matching as a theory of object recognition is not
very tenable (e.g., Pinker, 1984), it does not seem
unreasonable as the basic mechanism for dis-

embedding a smaller figure from a larger one.
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Thus, performance on both true and false items
like those used here appears to be controlled by
the position and magnitude of the segment
matches in the matrix: the more entries for true
items that approach 14 (in the immediate neigh-
borhood of the target), the longer it takes to ar-
rive at a decision. Similarly, the number and
distribution of counts below 14 for false items
would seem to control performance. This is very
consistent with recent accounts of visual search

efficiency proposed by Duncan and Humphreys
(1989).

The computational flavor of this description
is certainly in line with information-processing
cognitive psychology, but it seems to contradict
Gestalt psychology, which would claim that per-
ception cannot be understood simply as the sum
of its parts. Some evidence in support of this
claim is suggested by the difference in difficulty
between generating items and their correspond-
ing isomorphs. Although the isomorphs ap-
peared last in the test here, it is not likely that
their lower difficulty is only a position effect.
An alternative explanation is suggested by an

examination of the generating items and their iso-
morphs, which demonstrates that symmetry is a
global feature of the generating item that is not
preserved by the generation algorithm. Symmetry
is known to play an important role in the recall,
recognition, and discrimination of figures
(Adams, Fitts, Rappaport, & Weinstein, 1954;
Attneave, 1955; Chipman 1977; Royer, 1981; Soltz
& Wertheimer, 1959). It is thus possible that the
higher difficulty of the generating items is due
to perceptual features that are beyond the grasp
of the generation algorithm. Further research
should therefore assess the impact of these global
features in the context of the hidden-figure item
type. If they are found to be important, the feasi-
bility of generative psychometrics for this item
type will rest on the possibility of incorporating
those global features in both the description and
generation phases of a generative algorithm.

Although generative modeling was illustrated
here in the context of a specific item type, it is
a general approach for incorporating substantive

considerations into test development and psycho-
metric modeling independent from specific
statistical details of the response model. In ad-

dition, a generative approach should be equally
feasible within such frameworks as IRT or gener-
alizability theory. This approach is also general
in terms of domains of application. Although the
focus of this analysis was on the hidden-figure
item type, generative modeling is also possible in
other domains, including writing assessment

(e.g., Bejar, 1988), analogical reasoning (Bejar,
Chaffin, & Embretson, 1991), and presumably
any domain in which a theory of performance
is available or can be developed (Bejar, 1990a).

In principle, generative modeling may be an
economical approach to adaptive testing in which
considerable resources must be invested in the

calibration and maintenance of the item bank

(Stocking, 1988). The potential economy of
generative modeling follows from the fact that
item generation algorithms are calibrated, rather
than items. Efficiency considerations aside, the
real contributions of a generative approach lies
in the demands that it imposes on psychometri-
cians who have permitted item writers to take
charge of the creation of items, thus reserving for
themselves the task of estimating the parameters
of some response model. A generative approach
should therefore bring the item writer, the psy-
chometrician, and the cognitive scientist closer
together. The validity of scores from tests devel-
oped in this manner is likely to be greater than
that of conventionally developed tests.
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