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1

Abstrac t

• This article presents the confess ions of a closet psychometrician. The

introduction to the article contains my fi r s t  public admission of the strange,

secret l i fe  I have been leading. The remainder of the article is divided

into three parts. The first two parts describe how my research on the corn-

ponential analysis of human intelligence draws upon the disciplines of

psychometrics, mathematical psychology , and cognition. In the first part ,

I describe the relevance of the psychometric constructs of validity and

reliability to this research. In the second part, I describe the applica-

tion of multivariate techniques of regression, factor analysis , nonznetric

multidimensional scaling, and additive clustering to the research . The

third part of the article explains why I originally became a closet psy—

chometrician , and why I have remained one. I attempt through this expla-

nation to convey what I believe to be the major probleri currently facinc~

psychometrics as a discipline.
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Psychometrics , Mathematical Psychology , and Cognition:

Confessions of a Closet Psychometrician

I had originally intended to use this occasion to come out of the

closet——to proclaim publicly , once and for all , that I am and have been

for some time a closet psychometrician, at least a part—time one. I

had planned, further, to come out of the closet wearing a stylish psycho—

metrician’s suit, so that I could be identified readily as a member of

the profession. But during the time since I was asked to address you here

today, I came to realize that I could not come out of the closet today ,

or perhaps, ever. The reason for this sad state of affairs is that I no

longer have a presentable psychometrician ’s suit in my wardrobe. The

problem, quite simply, is that I’ve been in the closet for so long,

occupying the space that should have been occupied by successively more

up—to—date clothing. If I had a presentable suit , I would no doubt be

able to solve at least some of the psychometric and mathematical problems

• I will present to you; but I can ’t solve any of them , and so will present

them to you in the hope that some of you may find them worthwhile to pur-

sue and to solve.

I will divide my presentation into three parts. The first two parts

describe how my research on the componential analysis of human intellic~ence

draws upon the disciplines of psychometrics , mathematical psychology , and

cognition. In the first part , I describe the relevance of the psychometric

constructs of validity and reliability to this research. In the second

part, I describe the application of multivariate techniques of regression ,

fac tor analysis, nonznetric multidimensional scaling, and additive clusterinc~

to the research. The third part of the article explains why I originally be—
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came a closet psychometrician , and why I have remained one. I attempt

through this explanation to convey what I believe to be the major problem

currently facing psychometrics as a discipline.

Psychometric Indices in Componential Analysis
1

• The psychometric indices of validity and reliability play important

roles in the coznponential analysis of human intelligence. These roles will

now be described , and illustrated with examples from my research on analogical

• reasoning (S ternberg, 1977a, 1977b). Comparable analyses have been performed

for classification and series completion problems (Sternberg , Note 1; Sternberg

& Gardner , Note 2), causal inference problems (Sternberg & Schustack , Note 3),

linear syllogisms (Sternberg, Note 4 , Note 5), categorical syllogisms (Guyote &

• Sternberg , Note 6; Sternberg & Turner, Note 7), and conditional syllogisms

• (Guyote & Sternberg, Note 6).

Validity

This section will deal with several of the many different types of validity,

namely, construct validity , internal and external validity, convergent and

discriminant validity , and ecological validity.

Construct validity. Construct validity is of signal importance in

componential analysis. Indeed , “from a differential viewpoint , componential

analysis may be viewed as a detailed algorithm for construct validation ,

the effort to elaborate the inferred traits (which, in our case, are mental

operations) determining test behavior (Campbell , 1960)” (Sternberg, 1977 b ,

p. 65). Other forms of validity to be considered below may be viewed as

subordinate to construct validity, in that they are used in the service of

the construct validation of a theory or subtheory of intelligence.

Much of my research during the past few years has been devoted to the

construct validation of a subtheory of intelligence I call a “unified corn—

ponential theory of human reasoning” (Sternberg , Note 8). The theory is

“unified” in the sense that it attempts to explain within a single theoreti— 
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cal framework human information processing in a wide variety of reasoning

tasks . The theory is “componential” in the sense that the basic unit of

information processing in the theory is the component: an elementary ir t for—

mation process (Newell & Simon , 1972) that is executed in the solution of

some class of problems. This subtheory of intelligence itself comprises

• hierarchically nested subtheories of reasoning that account for performance

on successively more narrow classes of tasks. Theories at each level of

the hierarchy include as special cases all subtheories nested beneath them.

For example, the theory of analogical reasoning is a special case of a more

general theory of induction , which is a special case of the unified theory

of reasoning. Components of information processing used in tasks accounted

for by subtheories lower in the theoretical hierarchy are claimed also to

be used in tasks accounted for by subtheories higher in the theoretical

hierarchy . For example, the six components of the theory of analogical

reasoning are a subset of the components of the theory of induction , which

in turn are a subset of the components of the unified theory of reasoning.

Communalities in performance on various kind s of reasoning tasks are ex-

plained (in part) by overlap in the components of information processing

used to perform these tasks. For example , the components of the theory of

analogical reasoning are theorized also to be used in the solution of clas-

sification and series completion tasks. Since the unified theory specifies

what overlap there should be for various sets of tasks, a major part of the

construct validation of the theory is the demonstration that these overlaps

do indeed occur , and that others do not. To date , at least , the results of

construct validation of the theory have been most encouraging (Sternberg , Note 8).

In componential analysis , construct validation of this and other sub—

theories of intelligence is guided by a metatheoretical framework according 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ -~~~~~~~~~ •——-~~~~~~~~-- --• -~~~~~~~~~~~~• --
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to which the mental abilities involved in intelligent behavior are viewed

as being representable at four successively deeper levels of analysis

(Sternberg , Note 9).  The f i rs t  level of analysis is tha t of the composite

task as it appears in standard tests of intelligence. This level may be

viewed as the level of the manifest trait or ability. An individual ’ s ma ni—

fest (first level) ability in analogical reasoning would be measured by

his response times and error rates in solving analogies of the form A : B ::

C : D. The second level of analysis is that of the subtask: The composite

task is decomposed into nested subtas1~ that require successively less infor-

mation processing for their completion . This level is an intermediate one

that is useful because it often permits isolation of components that, without

the use of subtasks , would be experimentally confounded (see Sternberg , 1977b).

In the analogies task, a typical subtask would require processing of the C and

D terms of the analogy after the subject has been precued with (given as advance

information) the A and B analogy terms. The third and fourth levels of anal-

ysis may be viewed as levels of the latent trait or ability . The third level

of analysis is that of the information—processing component: The subtasks are

de~umposed into the components of information processing that account for

performance on the subtasks. An example of such a component is inference, the

process by which the subject discovers and tests the relationship between the

A and B terms of the analogy . The fourth level of analysis is that of the

information—processing metacomponenc: Performance on the components, and

particularly on that (constant) component which is required for solution

of all experimental manipulations of the composite task under consideration ,

is controll.d by information—processing metacomponents (executive processes).

It is via these metacomponents that the subject decides (among other things)

what components to use in task solution. In analogical reasoning, for example,

~
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the adult subject presumably decides that inference is needed to solve

the analogy. We have collected data, however , that suggest that young chil-

dren do not always make this decision, relying upon word associations be-

• tween the C and D analogy terms to solve the problem (Sternberg & Nigro ,

Note 10).

Internal and external validity. Internal and external validation are

used in the construct validation of a componential theory. Internal valida-

tion consists of the identification of the (a) basic information—processing

components used in composite—task and subtask performance, (b) representation(s)

upon which these components act , (c) strategies by which the components are

combined , and (d) durations , difficulties , and probabilities of component

execution . The validation is internal in that it provides confirmation for

a theory of task performance only as the theory relates to performance on

the particular task. In the theory of analogical reasoning , for example ,

(a) six component processes are theorized (b) to act upon an attribute—value

representation for information (c) via a strategy in which certain specified

• 
components are exhaustive and others self—terminating (d) with durations and

difficulties estimated from latency and error data respectively.

External validation consists of the demonstration of the generality of

the components, representations , strategies , and parametric values of the

components beyond the particular task being studied . The validation is ex-

ternal in that it provides confirmation for a theory of task performance only

as it relates to performance on other tasks. In the theory of analogical

reasoning, for examp le , the components , representations , strategies, and

parametric values of the components are alleged to be generalizable to

series completion and classification tasks as well.

It is coemon for cognitive research to provide internal but not external
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validation of a theory . This ialidation procedure is inadequate , because

it provides no demonstration that any of the properties of performance on

the given task are of any interest beyond that particular task. Psycho—

• metric research , on the other hand , often provides external but not internal

validation of a theory. This validation procedure is also inadequate , be—

• cause although it may show relations among tasks, it tells the investigator

virtually nothing about the internal structure of the task and performance

on it.

• Convergen t and discriminant val idi ty.  Convergent and discriminant

validation are used in the external validation of a componential theory .

• Convergent validation consists of the demonstration that identified com-

ponents of information processing are highly correlated across subjects

• with external scores with which , theoretically, they should be correlated .

Thus , for example, components of analogical reasoning should show high cor-

relations with scores on standardized tests of reasoning ability . Discrimi—

nant validation consists of the demonstration that identified components

of information processing are uncorrelated across subjects with external

scores with which , theoretically, they should not be correlated . For ex-

ample, components of analogical reasoning should show trivial correlations

with scores on standardized tests of perceptual speed . Both convergent

and discriminant validation may be assessed either predictivelv or concurrently .

In my own research , I usually give ability tests immediately after the ex—

perimenta]. task(s) of interest , so that for all practical purposes, validity

is concurrent . Should an attempt ever be made , however , to use component

measurements for practical purposes , demonstrations of predictive as veil as

concurrent validity would be essential.

Ecological validity. Ecological validation consists of the demonstration



Confessions

8

tha t the proposed theory has some kind of practical relevance. Does anything

we learn about behavior in the laboratory tell us anything of interest abou t

behavior or potential behavior outside the laboratory? I believe tha t compo-

nential theories can be useful in informing us about and possibly helping to

alter behavior in real—world settings. Although we have a training stud y

planned that makes use of the theory of analogical reasoning , the study has

yet to be performed . We have done an instructional study employing linear

syllogisms , however (Sternberg & Weil, Note 11). In this s tudy,  adult sub-

jects were required to make transitive inferences of the kind required by

problems such as “John is taller than Pete. Pete is taller than Bill. Who

• is tallest?” Subjects were divided into three groups. In one (control)

group, subjects were not trained to use any particular strategy . In a

visualization group, subjects were trained to use a strategy that required

visualization of a linear array to solve the problem . In a linguistic (non—

visualization) group , subjects were trained to use a strategy that required

only linguistic manipulations and no spatial visualization . A major purpose

of the study was to determine whether the correlation between performance on

transitive inference tasks and spatial visualization could be reduced . If it

could , then training low—spatial subjects in the purely linguistic strategy

might enable them better to make the transitive infer ences required in every—

day life. The experiment was successful: The correlation between linear—

syllogism response times and spatial ability test scores was statistically

significant and highest in the spatially—trained group, significant and in—

termediate in the untrained group , and nonsignificant and lowest in the

linguistically—trained group. Thus, there is some evidence that at least

one componential theory, that for linear syllogisms , may be of interest outside

of a laboratory setting.

----•
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Reliability

This section deals with the application of two types of reliability mea-

surement to componential analysis: within—replication (internal—consistency)

reliability and between—replication (alternate—forms or test—retest) reliability .

Each type of reliability will be considered in turn.

Within—replication reliability. Within—replication reliability measures

the internal consistency of a set of data in which there are no replications.

Whereas this type of reliability is usually computed only over subjects in

psychometric analyses of task performance, it may be computed both over sub-

jects and over item types in componential analyses of task performance.

When computed over subjects, within—renlication reliability serves much

the same purpose in componential analyses as in psychometric analyses. Reli-

ability can be computed for scores at any of the four levels of analysis:

composite task, subtask, component , or metacornponent. Reliabilities of these

scores are of particular importance in assessing strengths of relationshins

between these internal scores on the one hand , and external scores (such as on

standardized ability tests) on the other. Their importance derives frorn the

fact that there can be considerabie range in the reliabilities of parameter

estimates of dura t ion  or d i f fi c u l t y .  In my analyses of analogical reasoning ,

for example , I found that two parameter estimates for durations of component

processes generally tended to be much more reliable than the other four.

Correlations of the less reliable parameter estimates with external ability

tests were consistently lower than those of the more reliable parameter

estimates; but correction for attenuation in the parameter estimates suggeSte~

that these lower correlations were due primarily to differences in the relia-

bilities of the parameter estimates. Without this knowledge , I might have

attributed the differences in correlation to psychological causes.

~ 

_ _ _ _
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When computed over item types , within—replication reliability estimates

the upper limit for the proportion of variance in the data that can be accounted

for by a model of task performance. If the predictor variables in the model

are error—free , then the reliability index (square root of the reliability

• coefficient) should be used instead of the reliability coefficient. The

estimate of the upper limit is only a rough estimate, because most parameter

• estimation techniques capitalize upon error in the data , so that it is pos-

sible for the proportion of variance accounted for to exceed the reliability

if error variance is being “accounted for.” Never theless , the internal—

consistency of a set of data provides important information in the interpre-

tation of the goodness of fit of a model. An R
2 
of .7, for example, means

very different things for two data sets , one having a reliability of .7 and

the other having a reliability of .9. In my work on analogical reasoning ,

the values of R2 for the preferred model have generally been close to the

values of the reliability coefficients , but far enough away for the residual

unexplained variance to be statistically significant.

Between—replication reliability. Between—replication reliability measures

• consistency of sets of data across replications. The distinction between

test—retest and alternate—forms versions is of importance only when the sane

subjects receive both replications , and when these subjects recognize repe-

titions of item. Because, in componential investigations, subjects often

receive large numbers of structurally similar items, they generally do not

recognize repetitions of identical items. On the other hand , some types of

items, for example , verbal analogies, are almost always remembered. Between—

replication reliability, like its within—replication counterpart , may be com

puted both over subjects and over item types.

When computed over subjects , between—replication reliability indicates

L ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ --- -••~~. _- -—~~~~~ ----• - •• - -~~• -~~~~~~~~~~~~~~ .-~~~~~~•
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• stability of strategy and of relative efficiency in the use of strategy over

time, and, possibly, experimental treatments. I have found in my analogies

research, for example , that adult subjects tend to use the same strategy

for solving analogies over large numbers of trials. But the rank order of

subjects with respect to the efficiency with which they use this strategy

changes. Although within—replication reliability is high , therefore, be—

• tween—replication reliability is low. And whereas latency scores for a

• first session of testing on analogy problems were only poorly correlated with

standard tests of reasoning ability, latency scores for a fourth (and last)

session of testing were highly correlated with the same reasoning tests

(Sternberg , 1977b , Chapter 7). These results demonstrate the necessity of

assessing both between— and within—replication reliability , and of modeling

separately data collected from subjects at different stages of practice.

Psychometric and Multivariate Techniques in Componential Analysis

In this part of the article , I discuss some uses of psychometric and

n~ultivariate techniques in componential analyses of cognition , and particu-

larly, of intelligence. The techniques to be discussed are regression ,

• including linear and nonlinear multiple regression , and canonical regression~

factor analysis, including principal axis and confirmatory maximum—likelihood

methods; nonmetric multidimensional scaling; and additive clustering.

Regression

Linear multiple regression. Linear multiple regression has played a

• vital part in both the interna l and external validation of the various su~’-

theories of intelligence I have proposed (see Sternberg, Note 8). Each

of these two kinds of uses will be considered here.

My primary use of linear multiple regression for internal validation

has been in the mathematical modeling of response times and error rates . Typ i— 

~~~~~~~~~• •~~~~~~~~ • _ _ _ _ _ _
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cally . independent variables in these analyses have been numbers of componen t

executions required for solution of various experimental manipulations of the

task of interest ;  the regression weights est imated for these independent

variables have then been used to infer the duration or d i f f i c ul t y  of each

component operation. It is assumed in these analyses that the components

contribute additively to total response time and error rate (see Sternberg,

1977 a, 1977b).

Overall values of R
2 
and root—mean—square deviation (RMSD), and the vari-

ous F—values associated with them, are useful in comparing the fit of the (a)

null mod el (R 2—O) to the proposed model , (b) true model (R2—r , the relia-

bility of the data) to the proposed model , and (c) alternative plausible

models to the proposed model . F—values for individual parameters (regression

weights) are useful in evaluating whether the inclusion of each parameter in

the mathematical model can be justified. Nonsignificant parameters may have

to be deleted from the model , combined with other parameters , or reconceptualized .

Consider , as an example, research I have done on linear syllogisms

(Sternberg, Note 4, Note 5). (Linear syllogisms, it will be recalled , are

problems like “John is taller than Bill. Bill is taller than Pete. Who is

tallest?”) In the research on linear syllogistic reasoning , I pitted three

alternative models of transitive inference against each other——a spatial

model , according to which the transitive inference linking John to Pete is

made by ordering the three terms of the problem in a visualized linear array ;

a linguistic model , according to which the transitive inference is made by

operations performed upon the linguistic deep structures containing the terms ,

John and Pete;
2 
and my own mixed model , according to which the transitive

inference is made by a combination of linguistic and spatial operations . The

former are used in decoding the premises from the surface structure in which 

~~ -• ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - - -•• - - .. - - ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
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they are presented to a deep structure in which they can be operated upon;

the latter are used in recoding the deep structure into a spatial array

that is used to relate John and Pete. Linear multiple—regression analyses

of latency data from a series of experiments revealed that (a) all of the

models were superior to the null model , (b) none of the models could have

been the true model, since none accounted for all of the reliable variance

in the data , and (c) the mixed model was consistently superior to the

alternative spatial and linguistic models . The parameters of the mixed

model were generally statistically significant, and were replicable across

a variety of subjects and experimental conditions.

My primary use of linear multiple regression for external validation

has been in the mathematical modeling of reference ability scores. These

scores, to be discussed further later , are factor scores for constructs

such as inductive reasoning, spatial visualization , and the like. The

purpose of the modeling is to show that individual differences in these

constructs can be explained in terms of individual differences in the inform a-

tion—processing components theorized to underlie the constructs.

Consider again the research on analogical reasoning (Sternberg, 1977b).

External validation was used to demonstrate that the proposed components of

analogical reasoning accounted for much of the variance in an inductive

reasoning reference ability score (convergent validation), but little of the

variance in a perceptual—speed reference ability score (discrininant valida-

tion). Subjects ’ factor scores were predicted from their latency conponent

scores on the various components of information processing considered simul-

taneously. The obtained data were consistent with the proposed relation—

ships . 
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The most serious problem assoc iated with the use of linear mult ip le

regression in research on cognition may well, be that of mult icoll inearity

among independent variables. As the correlations among pairs of indepen—

• dent variables increase , the interpretability and replicability of the re-

gression coefficients decreases. Suppressor effects become increasingly

co on, so that one often obtains negative regression coefficients in

• situations where only positive ones make theoretical sense. Overall,

it becomes increasingly difficult to assess the independent contribution

of each independent variable to prediction of the dependent variable

(Darlington, 1968).

• There are two routes I am aware of for solving the problem of multi-

collinearity . The first is to design experiments so that independent vari-

ables that are naturally correlated (in the population) are rendered or-

thogonal (in the sample). Statistical problems associated with pseudo—

orthogonalization have been forcefully demonstrated by Humphreys and Fleishman

(1974) , and the most obvious conceptual problem is that one runs the risk

of obtaining results that do not reflect the natural situation of interest ,

but rather an artificially contrived situation of no interest. The second

route is that of statistical procedures tha t attempt to give robust regres-

sion weights despite the correlations among independen t variables , for ex-

ample, the jackknife (Mosteller & Tukey , 1968 , 1977) and ridge regression

(Hoerl & Kennard , 1970a , 197 0b , 1976; Pr ice , 1977). The second route seems

to be preferable to the first route , in that it attempts to deal with the

problem of multicollinearity rather than pretending tha t it ’s not there .

The major problem with the second route is tha t statisticians and psycho—

metricians know relatively little about the properties of these procedures

in practical applications , and many cognitive psychologists are unaware

_ __ _ _ _ _  ~~-..•-~~ --—-- -•~~~~ - . • • • -•-••~~~--- --- ~~~~--. ---•~~~~ •-~~~-
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tha t they even exist. What cognitive psychologists need , therefore , is

first , more research on the uses and usefulness of these techniques in

experimental settings , and second , increased education about and accessi—

• bility of the techniques . The research of Wainer (Wainer, 1976a , 1976b ,

• 1978; Wainer & Thissen, 1975) is a step toward fulf i l l ing at least the

• f i r s t  need . And I hope that within the next few years, computer pro—

grams that implement these techniques will become more readily accessible.

I suspect , though, that many cognitive psychologists first will have to be

educated in the use of regression as a tool in research: Many of them

still harbor the illusion that to be a true experiment (in some Platonic

• sense of the word), a study must use a factorial design that is immediately

susceptible to analysis of variance.

A second problem associated with the use of linear multiple regression

is the large numbers of observations needed from each subject to obtain

stable estimates of regression parameters for individual subjects. If

one takes parameter estimates for individual subjects seriously , as I must

when I correlate these parameters with each other and with scores on reference

ability tests, then one must assure oneself that the data from which the parame-

ters are estimated are reasonably reliable. This assurance requires many

replications of individual data points for each subject. Utter exhaustion

in testing subjects often then leads to relatively smaller numbers of subjects

in a given experiment. But these smaller numbers of subjects , in turn, mean

that correlational analyses interrelating parameters of mathematical models

to each other and to external  cr i ter ia  wil l  be lacking in power. As a result ,

interesting relationships may go undetected because they are too weak to be

spotted with the low—power test used. What can be done so that for a given

number of subject hours available, an optimum tradeoff can be achieved between
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numbers of subj ects (and hence power of correlational and other tests) and

numbers of observations per subject (and hence reliability of parameter

estimates for each subj ect)?

Some data points tend to be more reliable than others. If , for

example , the item type corresponding to one data point requires a rela-

tively large number of information—processing components in its solution ,

and the item type corresponding to another data point requires a rela-

tively small number of components in its solution, the second item type will

probably require fewer replications than the first in order to achieve the

same accuracy of measurement. Techniques would be welcome, therefore , that

would permit estimation before testing of the numbers of observations needed

for each data point to be measured at a given level of accuracy. Prior

information to make this determination would include (a) a theoretical ac-

count of what operations are used in the solution of various item types,

and (b) estimates of the parameters corresponding to the durations or dif—

ficulties of these operations, plus the standard errors associated with

these parameter estimates. Alternatively, it might be possible to adopt

some of the techniques of adaptive testing (Lord , Note 12; Weiss , Note 13.~

Weiss & Betz , Note 14, Note 15 ) to information—processing measurements in

much the same way they have been adopted to psychometric measurements. Sub-

jects would then receive test items that optimize measurement of their in-

dividual parameters. The development I have seen that is closest to this

goal is in computer—assisted instruction for foreign—language learning

(Atkinson, 1972).

A third problem I have encountered is a strictly practical one——the

unavailability of constraints for parameters in standard linear multiple re-

gression programs such as SPSS (the Statistical Package for the Social Sciences).
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Some computer programs, such as BMD (the Biomedical package) will force a

zero intercept during the regression , but will allow no other, possibly

more sophisticated , constraints. Often in information—processing research,

however , one would like to constrain parameters to be nonnegative, to sum

to a certain number , or to bear other single or multiple relations to each

oth”r. If constraints were built into linear regression programs, as they

are into at least some nonlinear regression programs, much greater flexi-

bility could be achieved in the modeling of cognitive processes .

Nonlinear multiple regression. My colleagues and I have used nonlinear

regression in the testing of response—choice models for both induction tasks

• (Sternberg & Gardner , Note 2) and deduction tasks (Guyote & Sternberg , Note

6; Sternberg & Turner, Note 7). Nonlinear regression has been used only

for internal (and not external) validation of the models.

Consider , as an example, a problem commonly used to measure deductive

reasoning ability, the categorical syllogism. A typical categorical syllo-

gism is “All B are C. All A are B. Which of the following conclusions is

logically valid ? All A are C; Some A are C; No A are C; Some A are not C;

None of these conclusions.” Subjects are instructed to choose the best of

the possible conclusions , should more than one be logically valid (as in the

above case , where both “All A are C” and “Some A are C” are acceptable).

According to our proposed transitive—chain theory of syllog istic reasonin~

(Guyote & Sternberg, Note 6) , syllogistic reasoning can be decomposed into

four global stages of information processing: encod ing , during which premise

information is read and translated into a canonical symbolic representation

expressing all possible set relations corresponding to each premise; combination ,

during which the symbolic representations are integrated via what we call

“transitive chains ;” comparison , during which the combined representatio n is 

• •• • • . • 
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compared to the possible conclusions ; and response , during which the subject

communicates the chosen conclusion (or the belief that no conclusion is

valid).

According to the transitive—chain theory, encoding and response are

executed without error. There are thus no parameters of response choice

associated with these stages of information processing . Errors during the

combination stage of syllogistic reasoning are theorized to result from

limitations in the ability of working memory to hold all possible cotnbina-

tions of encoded set relations. Four par ameters——p 1, p 2 , p 3, p4—are

used to represent probabilities of combining exactly one , two , three , or

four pairs of set relations respectively. It is assumed that subjects

never combine more than four pairs of set relations (of sixteen possible

in the most complexly represented syllogism). Errors during the compari-

son stage of syllogistic reasoning are theorized to result from simplifying

heuristics subjects use to facilitate selection of a conclusion for their

final combined representation . Three parameters——81,82, c——are used to

represent probabilities that three possible heuristics (described in Guyote

& Sternberg, Note 6) are used.

Four alternative models of syllogistic reasoning were compared to the

transitive—chain model for their ability to account for response—choice data

with different sets of subjects and over a fairly wide variety of experimental

conditions. It was found that (a) all of the models were superior to the null

model (n
2
—O),(b) none of the models were comparable to the true model (n 2h1.r

~~~
) ,

and (c) the transitive—chain model was clearly superior to the alternat ive

models in its ability to account for the observed response—choice probabilities

in each (of six) da ta sets.

Parameter estimation was done using the BMDP3R program from the Biomedical P 

~~~~~
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series. My requests for developments in nonlinear multiple regression are

both of an applied nature.

First, the output provided by these programs seems generally to be

inadequate. They usually provide neither a value of nor a value of

root—mean—square deviation (R}{SD). Although these values usually can be

calculated from the output that is given, the calculations could be per-

formed much more rapidly by computer than by hand or by calculator. More-

over , the programs generally give no indication of error of estimate associ-

ated with the various parameters. Users need to know, however , how much

faith they can place in the various parameter estimates they receive. Finally,

output from the programs is often scantily labeled and difficult to read ,

rendering more difficult the already difficult job of interpreting the vari-

ous numbers that the computer has printed out.

Second , further refinements are needed in defining rational starting

values and sensible step sizes. I have found in these programs that the

starting values one uses can have a substantial impact upon the final parame-

• ter estimates one obtains , and that the step sizes do not always appear to

be optimal for convergence upon absolute minima . In fact , the programs I

have used seem to be quite susceptible to local minima . Difficulties in

defining rational starting configurations and variable step sizes have also

confronted multidimensional scalers over the years , but psychometricians

such as Shepard (1962a , 1962b), Kruskal (1964a , 1964b), and Young (Young,

1970; Young & Torgerson , 1967) have developed ways of solving these problems

in a reasonably satisfactory manner. The KYST—2 computer program

combines many of the best features of this earlier work. I would like to see

the same developments in nonlinear regression, where developments for handling

these problems seem to have lagged .
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Canonical regression . Canonical regression has of yet received l i t t l e

use in cognitive psychology , al though I believe that its use will increase

as its usefulness is recognized . The major use to which I have put canon i—

cal regression is in the simultaneous modeling of response—time and error

data (Sternberg, 1977b ; Sternberg, Note 5). As things have stood , ways of

handling error data when modeling response times, and of handling response

times when modeling error rates, have been unsatisfactory . The overwhelmingly

• common tendency has been to attempt to model one and either to ignore the

other or to attempt to render it irrelevant. Thus , in experiments where

response time is the major dependent variable, an effort is almost always

made to minimize error rates; in experiments where error rate is the depen-

dent variable, response time usually is just ignored .

Canonical regression seems to provide one way of taking into account

both response times and error rates simultaneously . The two are used jointly

as dependent variables , and are predicted from a set of independent variables

that is theorized to give rise to both latency and error of execution . The

assumption must be made that the sources of both latency and error are

potentially the same, and additive (see Sternberg , 1977 b , for details). The

important question then becomes one of whether modeling the two together

provides more information than could be obtained simply by looking at one

or the other alone.

Consider two brief examples from my research on analogies and linear

syllogisms. Modeling of both schematic—picture (People Piece) and geometric

analogy data via canonical regression revealed two canonical variates (Sternberc,

1977b , Chapters 7 and 9). The first was essentially identical to solution

time. Canonical variate scores for error rates were correlated fairly highly

with this variate, but not nearly so highly as were the canonical variate
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•scores for solution times. Error rate thus appears to be an imperfect , or

imprecise measure of whatever it is that solution time measures. The usual

moderately high correlations across item types between solution times and

error rates can be attributed to this relationship between the two variables.

The second canonical variate, which was statistically significant for both

types of analogies, represented that part of error rate that is independent

of solution time. The loadings of the independent variables on this variate

were quite different from those on the first variate, as would be expected.

But the pattern of loadings was quite consistent across analogy contents:

Self—terminating operations contributed heavily to the prediction of the

dependent variate, whereas exhaustive operations did not. Thus, it appears

that at least in analogical reasoning , self—terminating operations may be

largely responsible for that aspect of error rate that is independent of

solution time. Converging evidence for this conclusion has been found in

work on the development of analogical reasoning (Sternberg & Rifkin , in press) :

Children become progressively more nearly exhaustive in their analogical—

reasoning operations as they grow older , and at the same time, their error

rates on analogies decrease dramatically.

I have previously reported what at first appeared to be a curious con-

flict in the literature on linear syllogie— c (Sternberg, Note 5). Certain

data sets, includ ing my own, seemed to support my proposed mixed model of

transitive inference, whereas a smaller but nontrivial number of data sets

seemed to support an alternative linguistic model (Clark, 1969a, 1969b).

Canonical regression and other analyses helped reveal the source of these

conflicts in the literature. A fundamental difference between data sets

supporting the two models was in whether the dependent variable was solution

time or error rate: Solution—time data tended to support the mixed model,
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error data , the linguistic model. Canonical regression revealed that certain

parameters of the mixed model predicted the first (solution time) but not

the second variate (error rate independent of solution time), whereas a

single parameter of the linguistic model predicted the second but not the

first variate. Both models were incomplete, therefore. The results of the

canonical regression suggested what would be needed in order to construct

a full model of transitive inference that successfully predicted both solution

tine and error rate.

Users of canonical regression doing substantive research have at least

three immediate needs. The first is for a better understanding of the kinds

of substantive questions for which canonical regression is and is not a useful

method of data analysis. Cognitive psychologists confronted with multivariate

data often do whatever they can to analyze their data in a univariate fashion .

I believe they take this route because of their ignorance regarding how multi-

variate t echniques could help them answer questions that univariate techniques

cannot answer. Education in the uses of canonical regression is therefore a

must. The second need is for more information regarding alternatives to

unrotated solutions. I have found that unrotated solutions in a canonical

regression tend to result in canonical coefficients showing trends very

similar to those shown by the pattern coefficients in an unrotated factor

solution : a general factor followed by a series of bipolar factors. This

pattern of canonical coefficients may not be the most interpretable one.

But rotation in canonical regression is a more serious matter than in factor

analysis, because it destroys the orthogonalitv of the variates. We therefore

need to know more about what the options in rotation are , and what kinds of

effects they can be expected to have on our data . Finally, canonical regres—

sion programs should be written to provide much more information than they
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• presently do. Generally, they do not permit the option of rotation , nor do

they compute canonical variate scores . I have foun d , however , that the

correlations of the canonical variate scores with the dependent and indepen-

dent variates are almost always more intepretable than are the canonical

• coefficients.  The programs should also provide standard errors of m di—

vidual coefficients, and the option of entering the independent variables

(as defined by the user) in a stepwise fashion.

Factor Analysis

Principal—axis analysis. I have used principal—axis analysis for  two

very di f ferent  purposes in my research , an d I would like brief l y to descr ibe

bot h of these uses here.

The firs t use has been in my research on intelligence. In the past ,

factors have often been viewed as source traits or latent traits, in other

words, as the underlying dimensions along which individuals differ (Cattell ,

1971; Guilford , 1967). I have previously stated why I believe this neither

is nor could be the case (Sternberg, 1977b , Chapter 2). In componential

analysis, factors are viewed instead as constellations of mental abilities

that are organized by patterns of variation across individuals.3 Fac tors

provide a useful way of reorganizing data at any of the four levels of mental

abilities , in order to understand the organization of ind ividual differences

at that level.
4 

• Factors do not provide an additional level , but rather , a

differing perspective on a given level. I refer to the constellations of

components or metacomponents entering into the factors at a given level as

reference abilities.

Consider how we might interpret a factor analysis of a battery of tests

of what Horn and Cattell refer to as fluid intelligence (Horn, 1q68; Horn

& Cattell, 1966). The factors we identify will depend largely upon the rota-

-A
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tion we choose to perform (Sternberg, 1977b) .  The choice is a matter of

convenience. One possible pattern , which would be likely to emerge from an

unrotated solution, is a general factor , followed by group factors, followed

by specific factors. I would interpret the general factor as constituted

of those components and metacomponents that are relevant in performance on

all of the fluid ability tests; the group factors would comprise those

components and metacomponents limited to groups of tests; and the specific

factors would comprise those components and metacomponents that are specific

to single tests. As mentioned earlier in the article , attempts to account

for factor scores by component scores via multiple regression have been quite

successful (Sternberg, 1977b).

The second use of principal—axis analysis has been in research on meta-

phor (Sternberg, Tourangeau, & Nigro, in press; Tourangeau & Sternberg, Note

i6 , Note 1?). This use of factor analysis is based upon the concept of the

semantic differential (Osgood, Suci , & Tannenbauzn, 1957). Subjects were

asked to rate each of 20 terms within each of 8 semantic domains on each of

21 scales, such as warlike—peaceful , noble—ignoble , and stronc—weak. We

hoped in this way to obtain for each of the eight domains (U.S. historical

figures, modern world leaders, mammals, birds , f ish , airplanes , land vehicles , and

ships) a set of two dimensions (prest4~e and aggression) that were at least

roughly correspondent in each case. We were successful in this regard : Cor-

relations between the loadings of the adjective pairs on d imensions we be-

lieved either to correspond or not to correspond were high and low respectively .

Since different subjects supplied ratings for each of the domains , there was

thus some evidence of between—subject as well as between—domains consistency

in the dimensions along which the various domains are perceived . Other subjects

rated the eight domain names on each of the adjective scales, and these results
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were also factor analyzed. Three factors were obtained , corresponding roughly

to three types of domain content (types of people , types of animals, types of

vehicles).

The basic idea motivating these analyses is that each of the factor—

analyzed domains can be viewed as a local subspace of the hyperspace obtained

by factor analyzing the domain names themselves. Thus, each point in the

higher—order hyperspace maps into a whole lower—order local subspace. For

example, modern world leaders is a point in the hyperspace, but it is also

a local subspace in its own right. Since the dimensions of the local sub—

spaces are correspondent , and since factor analysis standardizes the dis-

tances within each domain , one can imagine direct comparison of point locations

within various local subspaees. For example, wildcat and ICBM may be said

to be correspondent if their coordinate values within their respective local

subspaces are the same. If the coordinate values are not the sane, the

degree of noncorrespondence can be measured by what we call the Euclidean

superimposed within—subspace distance, We use the term “superimposed” to

call attention to the fact that when the distance between the two points is

computed , it is computed as though the two domains from which the terms come

were superimposed . Now, one can also compute Euclidean distances within the

hyperspace. Distances within the hyperspace are actually distances between

domains, which are represented by the local subspaces. We therefore refer

to within—domain distance as between—subspace d i s t ance .

Consider a metaphor such as, “A wildcat is an ICBM among mammals.” Our

basic theory of metaphor is that a metaphor is comprehensible to the extent

that both the superimposed within—subspace distance and the between—subspace

distance between tenor (wildcat) and vehicle (ICEM) are small. In other

words, if wildcat and ICBM are at nearly correspondent points in their respec—
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tive local subspaces , and if the local subspaces are near each other ( i . e . ,

their separation within the hyperspace is small), then the metaphor will

be readily comprehended. A metap hor is aesthet ical ly pleasing to the ex-

tent that the superimposed within—subspace distance is small , but the betwee n—

subspace distance is large. In other words , if the two terms are at near ly

• correspondent points in their respective local subspaces , and if the local

subspaces are far apart (i.e., their separation within the hyperspace is

large), then the metaphor will be judged as good (or apt). Note tha t smaller

superimposed within—subspace distance works in favor of both comprehensibility

and aesthetic pleasingness, but that smaller between—subspace distance works

• in favor of comprehensibility but against aesthetic pleasingness. Preliminary

data provide some support for the theory , although it is too early to tell

whether all aspects of it will be confirmed .

Factor analysis has been extensively investigated by psychor~ tricians ,

and I suspect that the research that still needs to be done on it is less

• pressing than the research that needs to be done on other techniques. Never-

theless , I see four directions of research that might be helpful to cocnitiv~

psychologists. Any such research must of course be communicated to cognitive

psychologists in a way that makes clear its usefulness to them .

First , I believe multimode , or interbatterv factor analysis (Tucker ,

1958) could be exploited by cognitive psychologists if they understood it

better (and if more were known about its psychometric properties). Researchers

interested in integrating the psychometric and cognitive approaches to intel-

ligence sometimes wish to relate psychometric types of measures to cognitive

ones. Hunt , Lunneborg , and Lewis (1975) , for example , have soucht to do t~’.is

through conventional factor analysis , with somewhat disappointing results.

Psychometric measures tended to group together into their own factor , and cog-
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nitive measures into their own factors. Interbattery factor analysis would

have prevented this not unpredictable outcome , and might better have pointed

out the salient relationships between the psychometric and cognitive measures.

Second , I believe we need to know mor e about possible uses of factor

analysis in mult iple  and canonical regression analysis. With large numbers

of independent variables , or with highly correlated ones , regression weights

can become di f f i cu l t  to in te rpr et , and factor analysis provides a way of

• reducing ran k and makin g outcomes of regression analyses more interpretable.

The research of Skinner (1977 , 1978) and Tucker (1973) is the kind we need

in order to obtain information about the potential uses of factor analysis

in regression.

Third , possible uses of factor analysis in exploring intra— as well as

inter—item structure need to be examined . Cognitive psychologists are

generally more interested in knowing about intra—item processes than in

knowing about inter—item structure. Could factor analysis help ~ ied light

on these intra—item processes , perhaps by being applied to a set of items ,

all of which require the same processes ,but none of which require  the same

numbers of these processes? This is the kind of data set I analyzed by

• mul t iple  regression in my analogies research (Sternberg,  1977a , 1977b). Mv

initial a t t empt s  at fac tor  analyzing these data  were aborted by my move from

Stanford to Yale, and never resumed. If there are individua l d i f f e r ences  in

all of the processes identified by the multiple regression , however , it would

seem that a factor analysis of the intercorrelations between all pairs of

item types should reveal the same processes. In other words, the component

processes that generate differences in response latencies for the various

item types should also generate differences in response latencies for the

various subjects solving the item types.
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Fourth and finally, we need to know more about the potential of Pro-

crustean rotation (Sch8nemann , 1966) as a tool in cognitive research . The

findings of Horn (Horn, 1967; Horn & Knapp, 1973) and of Humphreys (Humphreys ,

Ilgen , McGrath, & Montanelli , 1969) have given Procrustean rotation something

of a bad name . Their research suggests, however , not that Procrustean rota-

tion is intrinsically bad , but that researchers need to be cautious in its

use, and to appreciate fully its properties , in particular , its suscep-

tibility to capitalization upon chance . If its limitations do not turn

out to be too debilitating, then Procrustean rotation properly used might

provide a useful means of testing alternative cognitive theories. Our

present state of knowledge regarding Procrustean rotation does not leave

a grea t deal of room for optimism in this regard , but neither does it sug-

gest that Procrustean rota t ion is useless. We may simply not yet know

enough about its properties to use it effectively.

Confirmatory maximum—likelihood factor analysis. I have not yet us~ d

confirmatory max imum—likelihood factor analysis (J~reskog, 1969; Jöreskog

& Lawley , 1968) in my own research , but Frederiksen ’s (Note 16) b r i l l i a n t

use of one var iant  of this  technique , analys is  of covar iance s t ruc tures

(J~reskog, 1970), persuades me that confirmatory maximum—likelihood analysis

could play a major role in future investigations of various aspects of

intelligence. Frederiksen was interested in the components of reading per-

formance, and by a clever combination of psychometric and cognitive techniques

was able to isolate factors that seem at least to represent various stages in

silent reading.  Anything that can be done to further our knowledge about

confirmatory maximum—likelihood techniques , and to communicate this knowledge

to cognitive psychologists , would be a most useful  contr ibut ion indeed .

• _ _  •.••~~~~• • . ~~~~~~~~~~~~ _ _ _  . •~~~~~~~ ~~~~~~~~~~~~••~~~~~~~~~~~~~ .



— -
~~~~~~~

. -
~~~~~

•-‘
~

Conf essions

29

Nonmetric Multidimensional Scaling

Since its introduction by Shepard (1962a , 1962b ) and its further  develop-

ment by Kruskal (1964a , 1964b), Young (Young, 1970; Young & Torger-

SOn, 1967), and Guttman (1968), nonmetric multidimensional scaling has played

a more important role in cognitive psychology than have most multivariate

techniques. Perhaps this is because the originator of the method , Shepard ,

is himself a cognitive psychologist , and has provided a number of excellen t

examples of how the technique can be applied to cognitive research.

We have used nonmetric multidimensional scaling in an extension of

Rumelhart and Abrahamson ’s (1973) theory of analogical reasoning to other

forms of inductive reasoning (Sternberg & Gardner , Note 2 ) .  Rumeihart and

Abrahamson used Henley ’s (1969) animal—name space as a basis for testing a

proposed theory of reasoning by analogy. According to the theory , the terms

of an analogy composed of animal names can be represented in a space of animal

names as a parallelogram . The A and B terms of the analogy are related by

a mental vector extending from A to B; the C and ideal (I) terms are similarly

related. The vectors relating A to B and C to I are theorized to be parallel.

Unfortunately for subjects solving analogies , there will almost never be an

animal name at exactly the location corresponding to I. So~ given a choice

among possible completions , subjects must use some kind of decision rule to

choose which of several answer options is best. Rumelhart and Abrahamson

proposed the applicability of Luce ’s (1959) choice axiom to this situation ,

and were able to make quantitative predictions about choice probabilities by

further assuming that the probability of choosing an alternative , X~ , as best ,

is an exponentially decreasing function of the distance of that alternative

from I. Making relatively few assumptions about the nature of the data and

the choice process operating upon it, Rumelhart and Abrahamson were able to
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obtain excellent fits of their model to observed response—choice probabilities.

In one of our two experiments, we presented subjects with animal—name

analogies, series completions , and classifications. In each task, subjects

had to rank order four answer options for goodness of fit. In the analogies ,

subjects had to figure out how well each of the answer options completed

a problem such as RAT : PlC GOAT 
— 

(A) CHIMPAN ZF.E , (B) COW, (C)

RABBIT , (D) SHEEP .5 In the series completion problems , subjects were pre-

sented with the first two terms of a series, and had to continue the series:

RABBIT : DEER 
_____ 

(A) ANTELOPE , (B) BEAVER, (C) TICER~ (D) ZEBRA. In

the classification problems , subjects were presented with three animal

names , followed by four options. Subjects had to decide how well each of

the four options fit with the first three terms: MOUSE, CHI~WAN ZEE , CHIPMU~~,

(A) GORILLA, (B) RAT , (C) SQUIRRE L, (D) ZEBRA.

It was theorized that in each of the three tasks , subjects would employ

a somewhat different strategy . These different strategies , however , would he

aimed at a common goal , the discovery of an ideal point at which an optimum

answer would be located . Subjects would then use the decision rule proposed

by Rumeihart and Abrahamson to rank order the four ans’~er option s for gooc~—

ness of fit to the ideal point. A single exponential parameter was estimated

from the response—choice data for each task. The values obtained from the

three tasks were remarkably similar. Moreover , the identical mathematical

model provided an excellent fit to the observed response—choice probabilities

in each task. It thus appears that the Rumelhart—Abrahamson theory of response

choice in analogical reasoning can be extended to response choices in at

least two other inductive reasoning tasks as well.

Although nonmetric multidimensional scaling has seen more use in cog-

nitive research than has practically any other multivariate technique , I an’

- • ~~~-.~~~~~~~~~~~~ --
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less sanguine about its future  in cognitive research than I am about any of

the other techniques I have discussed . The reason for my pessimism is the

present limitation in the applicability of nonmetric multidimensional

scaling. Current uses of the technique require highly constrained and ar-

tificial stimulus spaces. For example, the theory of response choice in

analogical reasoning, and its extension to other forms of induction , can

be easily applied to a well—defined stimulus domain such as animal names;

but the theory seems much less readily applicable to the ill—defined do-

mains that are common in everyday experience. Unless multidimensional

scaling can be shown to be useful in these domains as well , I doubt that

it will maintain its prominent role in cognitive psychology. Although

multidimensional scaling can be applied to any matrix of correlations that

factor analysis can be applied to , its advantages over factor analysis re-

main to be demonstrated , especially with recent developments in nonmetric

factor analysis (Kruskal & Shepard , 1974).

One line of research that at one time looked promising was the com-

parison of different Minkowski r—metrics for the processing of distance in-

formation in various tasks. Shepard (1964), Arnold (1971), and others pre-

sented evidence that under certain circumstances , subjects might prefer ei-

ther the city—block metric of r=1 (Shep~rd) or the dominance metric of r~~ (~rn~ i~~

to the standard Euclidean metric of r2. Shepard (1974) has pointed out dif-

ficulties in the comparison of !—metrics on the basis of relative levels of

stress, however , and it is no longer clear just how different r—metrics can

be validly compared. This potentially interesting line of research will

be without a future unless some clearly valid way of making these comparisons

is found .
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Much less is known abou t the differential properties of various kinds

of rotations in multidimensional scaling than is known about these proper-

ties in factor analysis. The multidimensional scaling programs I have

used have had inadequate provisions for rotation , leaving scaling solutions

either with &xes in an arbitrary position or in a principal—cormonents posi-

tion. Because of the importance of rotation to the interpretation of scaling as well as

factor—analytic solutions,more needs to he known about the promerties and

utilities of various kinds of rotations in nonrnetric multidimensional 3cali c’.

Additive Clustering

Additive (overlapping) clustering has been an option for researchers

• for a number of years (Jardine & Sihson , 1971) , but it is only recently

that the development of algorithms for additive clustering has reached a

point where it seems that additive clustering programs will coon he readily

available for use by cognitive psychologists (Carroll , 1976; Shepard & Arabie , Note 19;

Arabia & Carroll, ~ote 20). I have used an additive clustering of the

Uenlev (1969) animal—names space performed by Arabie and Rips (and renorte ’

in Sh.~~rd & Az~bi., Note 19~ as a means for providing further tests of m:

information—processing theory of analogical reasoning (see Sternberg, 1q77h ,

Chapter 10).

An attempt was made to compare how well two different sets of inde~endent

variables could predict the differential difficulties of various animal—name

analogies . One set of independent variables was based upon a spa t ia l  represen—

tation for information ; the other was based upon an additive clustering repre—

sentation for information. The independent variables formed from the

spatial representation were coordinate values for particular analogy terms

(used to measure difficulty of an attribute—identification component) and

distances between coordinate values for pairs of analogy terms (used to measure

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  _ _ _  ~— - ~~~•--- - - -~~~~~~-— - - •
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difficulty of certain attribute—comparison components). Each of the three

dimensions in the Henley animal—names space was considered separately , since

it was found that the dimensions varied in their abilities to predict iten

difficulty. In the additive clustering representation , easiness of attri-

bute—identification was measured by the number of overlapming clusters in

which a given term appeared , and easiness of attribute—comparison was

measured by number of overlapping clusters in which two terms appeared to-

gether. The ideas motivating these independent variables were, first , that

the greater the number of clusters in which a term appeared , the more likely

it was that an attribute would be encoded that would later he relevant in

comparison , and second , tha t the greater the number of clusters in which two

terms appeared together , the more likely it was that at least some communali-

ty would be found between the two terms . The results of the original stu-~v ,

and a replication of it (Sternberg & Gardner , Note 2), supoorted the adfl—

tive clustering representation over the snatial one as a means of nred tctir ’

item difficulty .

The major problem that has confronted potential users o~ addit ive clus-

tering is the lack of accessible software for doin~ it. This situation ~.~i1l

be remedied by the exportation of Arabie and Carroll ’s (Note 20) ~1ArCL’ S

program. This program could serve to revitalir~ the clucterin g literatur e

in cognitive psychology, where I believe t’iat hierarchical clusterin~ has

sometimes been extended to situations in which it is less appronriate than

an additive model , simply because of the much greater accessibility of hi-

erarchical clustering programs . Users will soon have both options readily

available, and will be able to choose between them on theoretical rather

than strictly pragmatic grounds.

~
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Confe::ions

How I Became a Closet Psychometrician , and ~~~ I Remain One

I promised , finally, to confess why I first became a closet psychome—

trician, and why I have remained one. Obviously, I could blame myself for

leading this bizarre private life , although I would much prefer to pin the

blame on some external target. Alternatively, I could blame certain psy—

chometricians , mathematical psycholog ists, or cognitive psychologists , or

the three groups in general; but culpability lies elsewhere . It lies , I

believe , in the ways in which psychometrics and cognition happen to have

evolved as psychological disciplines . Each has pretty much gone its

own way . In the first half of the twentieth century , the disciplines of

cognition (in particular , intellectual cognition) and psychometrics thrived

in a symbiotic relationship: Each informed the other . Research on cognition

suggested important psychometric problems to be solved , and the solutions to

these problems were fed back into the study of cognition . Many of the great

early psychometricians——Spearman , Thomson, Thurstone , to name just a few——

also maintained active substantive research programs. Even today , I suspect ,

past presidents of The Psychometric Society contain among them a dispropor—

tionate number of psychometricians with strong substantive interests. But

the symbiotic relationship between the studies of cognition and psychometrics

has fallen by the wayside. Psvchometrika today has becom e, by chcice , a

purely methodological journal, and much of the research reoorted in it bears

only the most peripheral relationship to substantive concerns. Many if not

most psychometricians seem to have little knowledge of or interest in cog-

nition , and many cognitive psychologists are only dimly aware of what psycho—

metrics is. Both sides lose Cognitive psychologists lose the opportunity

to exploit tools that I believe and have attempted to demonstrate can be most

useful to them in their research ; psychometricians lose touch with what might

be really important problems, and risk retreating in their
_:i~~~~~~~~~~~~.
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I realize that there is another side to the coin——the danger that too

close a relationship between two disciplines will lead to the assimilation

of one into the other . Consider , for example , the contrast between develop-

ments in mathematical  psychology and those in psychometrics.  The in teres ts

of mathematical psychologists have changed with the substantive winds:

Emergen t mathemat ical methodologies have very much reflected prevaling sub-

stantive concerns. Thus , stochastic modeling was refined in the 1960’s to

meet the needs of cognitive and other psychologists interested in probabilis-

tic models of learning and concept formation ; and regression modeling has

been refined in the 1970’s to meet the needs of cognitive psychologists

interested in information—processing models of read ing, reasoning , and the

like. On the one hand , I see this path of development as a healthy one. On

the other hand , I see something of an identity crisis: The separate identity

of mathematical psychology as a discipline has become murky indeed. I recall ,

for example, Bill Estes facetiously commenting in a recent invited address

to what was once called the Mathematical Psychology Group tha t his address

would actually have some mathematics in it.

I would like to think that there is a middle road , and that psychometrics

as a discipline is capable of moving toward it. Psychometrics has a great

deal to offer cognitive psychology , and I have tried to show in this article

how psychometrics has informed and I hoped enriched 
my own research. Cogni-

tive psychology also has a great deal to offer psychometrics , an~ I have

tried to show in this article some of the problem s that I as a cognitive

psychologist (and a closet p svchom etr ic ian , but don ’t te ll anybody) woul d l i k e

to see solved. If anyone is to start finding the middle road where the t~:e

disciplines can in teract  with each other , I su spect it wi l l  be the members of

The Psychometric Society rather than those of The Psychonotnic Society. Or per—
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haps it will be those few psychologists who are members of both and mean i t .

Psychoinecricians have the technical skills to teach to the cognitive psy-

chologists, but they will f i rs t  have to convince them that  these skills are

• worth learning. They will be able to do so when they show them how psycho-

metric techniques can be applied to cognitive research , and how current

• research in psychometrics is in at least some ways responsive to the needs

of cognitive psychologists. When and if this day comes , I will come out

of the closet , and ~~ ic~ed , I’ll have no choice , because there will no

• longer be any closet to hide in. And that is as it should be.
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Footnotes

Preparation of this article was supported by Contract No. NO00147~3C0025

from the Office of Naval Research to Robert J. Sternherg. Requests for re-

prints should be sent to Robert J. Sternberg, Department of Psychology , Yal e

University, Box h A  Yale Station , New Haven , Connecticut 06320.

‘Applications of the psychometric concents of validity and reliability

to spatial—ability research in narticular , and information—processine research

in general , are lucidly discussed by Egan (in press).

2Th1s linguistic model , based upon one pronosed by Clark (1969b), differs

from the one described earlier , proposed by Quinton and Fellows (1975) and

tested by Sternberg and Weil (Note 11).

assume here factor analysis of individuals ’ scores on items or tests

(R—ana lvsis) .
4
Mv view here represents a modification of an earlier view (Sternberg, 1°77h),

wherein I stated that factor analysis should not he performed at the level of

the component.
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Library WAS , Pensacola , FL 32508
Navy Personnel F.!~D Center
San Diego , CA 92152 1 A. A. SJOHOLM

TECH. SUPPO R T , CODE 201
Command ing Officer NAVY PERSONNEL Ri 0 CENTER
Naval Research  Labora tory  SAN DIEGO , CA 92 152
Code 2627
Washington , DC 20390 1 Mr. Robert Smith

Office of Cn icf of’ Naval Operatiens
OFFICE OF CIVILIAN PERECNNEL OP—937E
(CODE 26) Washington , DC 20350
DEPT. OF THE NAVY
WASHINGTON , DC 20390 1 Dr. Alfred F. Smode

Training Analys is & Evaluation Groi.p
JOHN OLSEN (TAEG)
CHIEF OF NAVA L EDU CATION & Dept . of the Navy

TRAIN iNG SUPPORT Orlando , FL 32813
PENSACOl A , FL 32509

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~
T~IOM cOPY ~~~~ISk~.D TO DD,U ~~~~~~~~~

—

~~~~~~ - -~~~“ “~~~—



e/sternberg MONDAY , APRIL 214 , 1978 10: 1414 : 1414 — p SI PAGE 3
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TBIS PA~~ IS BEST ~UAL I~~ PRACTI~~~LE
P’I~M cOPY 7UR2USkii~D 10 DDG



• ~/stcrnberg MONDAY , APRIL 214, 1978 10:1414 :1414—PSI PAGE 14

Ai r Force Marines

Air Force Human Resourc es Lab I Director , Office of’ Manpower Utilization
AFHRL/PED }IQ, Marine Corps (MPU)
Brooks AFE , TX 78235 BCB , Bldg. 2009

Quantico , VA 221314
Air University Library
AUL/LSE 76/14143 1 DR. A .L. SLAFKOSKY
Maxwell AFE , AL 36112 • SCIENTIFIC ADv ISOR (CC~ E RD— i )
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Chief , Personnel T est i n ~AFM PC/ D ?MYP I
Randolph AFE , TX 781148

Brian K. Waters , Maj., USAF
Chief , ln s t r uc t i c~~~: Tech . Eranch
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Civil Govt Non Govt

Dr. Susan Chipnan 1 PROF . EARL A. ALLUISI
Basic Skills Program • DEPT . OF PSYCHOLOGY
National Institute of Educat ion  CODE 287
1200 19th Street N~ OLD DOMINION UNIVERSITY
Washington , DC 20208 NORFOLK , VA 23506

• Dr. William Gorham , Director 1 DR. MICH~EL ATWOO DPersonnel R&D Cente r  SCIENCE A P P L I C A T i O N S  iN S T I T U T E
• U.S. Civi l  Service Comnission 110 DENVER TECH.  CENTER WEST

1900 E Street  NW 7935 E. PRENTICE A V E N U E
Washington , DC 201415 ENGLEW000, CO 60110

Dr. Andrew R. Molnar . 1 1 psychological research unit
Science Educ a t ion  Dev.  Dept. of De fense ( A r m y  O f f i c e )

and Research Campbell Park Offices
National Science Foundation Canberra ACT 2600, Austra l ia
Washington , DC 20550

1 MR. SAMUEL BA LL
Dr. Thomas G. S t i ch t  EDUCAT I CN AL T E S T I N G  S E R V I C E
Basic Ski l l s  Progr am PRINCETO N , NJ OE5L~O
National Institute of’ Education
1200 19th Street NW 1 Dr.  Nicho las  A .  Bend
Washington , DC 20208 Dept . of Psycholo gy

Sacramen to State College
Dr. Joseph L. Young, Director 600 Jay Street
Memory & Cognitive Prooesses Sacramento , CA 95819
National Science Foundatior .
Washington , DC 20550 1 Dr. John Seeley Lrc~n

Bolt Beranck & Ncwzan , Inc.
50 Moul ton St re c t
Cambridge , MA 02133

1 Dr. John B. Carrcll
Psychome tric Lab

• Un iv .  of No.  C ar e l in a
• Davie Hall 013A

Chapel H i l l , NC 27 5 114

1 Dr. William Chase
• Departmen t of Psycnclcgy

Carneg ie Mellon U~ ivers~ ty
Pittsburgh , PA 15213

1 Dr. Michej.ine Chi
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University of Pittsburgh
3939 O ’ H a r a  S t ree t
Pittsburgh , PA 15213

• TBISPAGEISBEST QUALITIPPJLCTICABLZ
yR~)1~COBYFu 1~a~DTODDC

• --— ~~~~~~ —— ——- -

. 

— •.~~~~ -~~—••• • .——~~~~~~— —•— ••- ~~••~~~~— • •~~ • • -••~_ _ _



liT

• le/sternberg MONDAY , APRIL 211 , 1978 10:1414:1414_pSI PAGE 7

Non Govt Non Govt

Dr. Kenneth E. Clark 1 Dr. Richard L. Ferguson
College of Arts & Sciences The American College Testing Program
University of Rochester 

~.ø. Box 168River  Campus S ta t ion  Iowa C i t y ,  IA 52214 0
Rochester , NY 114627

I Dr. Victor Fields
Dr. Norman Cliff Dept. of Psyc holc~ y• Dept . of Psycholo~zy Montgom ery College
Univ. of’ So. California Ro~kvi l le , MD 20E50
University Park
Los Angeles , CIt 90007 1 Dr. Edwin A. Fleishman

Advanced Research  Resources Organ .
Dr. Allan M. Coll ins 8555 Sixteenth St reet
Bolt Beranek a Newman , Inc.  Silver Spr in g ,  MD 20910
50 Moulton Street
Cambridge , Ma 02138 1 Dr. John R .  F red er ik sen

Bolt Feranek & Ne~~ an
Dr. Meredith Crawford 50 Moulton Street
5605 tlontgcn€ry S tr e e t  Cambridge , MA 02138 — -

Chevy Chase , MD 23015
1 DR. ROBE R T GLASER

Dr. Donal d Dansereau LRDC
Dept . of Pzychalc~ y UN I VERSITY OF PI TTSBURGH
Texas Cnristian University 3939 O ’ H A R A  ST REET
Fort Worth , TX 76 12 9 PITTSBURGH , PA 15213

DR. RENE V. DA PIS 1 DR. JAMES G. GREENO
DEPT . OF PSYC HO LOGY LRDC
UNIV. OF MINNESOTA UNIVERSITY CF PITTSBURGH
75 E. RIVER PD.  3939 O ’ H A R A  STREET
MINNEAPOLIS , ~~ 55~455 P i TTSBURG H , PA 152 13

Dr. Ruth Day 1 Dr. Ron Hambl eton
Center for A dvanced Study School of Educcti cn
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ERIC Facility —Acqui sitions The Rand Corpcr~ ticn
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CANADIAN FORCES P E R S .  A P P L I E D  RESEARCH P .O .  Box 293
1107 AVENUE RCA D Ft. Knox , KY 140121
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Non Govt Non Govt
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27857 Berw ick Drive Hunter Lab.
Carmel , CA 93921 Brown University

Providence , RI 82912
Dr. Earl Hunt
Dept . of Psychology 1 Dr. Donald A Norman
Univers ity of’ W ?shington Dept. of’ Psychology C-039
Scattle , WA 98105 Univ. of California , Sa n Diego

• La Jolla , CA 92053
Mr. Gary Irving
Data Sciences D i v i s i o n  1 Dr. Melvin R. Novick

• Technology Services Corporation Iowa Testing Programs
2811 Wilshire Blvd . University of Iowc
Santa Mon ica CA 901403 Iowa City , IA 522142

Dr. Roger A. Kaufman 1 Dr. Jesse Orlansky
203 Dodd Hall Institute for Defense Analysis
Florida State Un iv. 1400 Army Navy Drive
Tallahassee , FL 3?306 Arlington , VA 222 02

Dr. Steven W. Keele 
• 

1 Dr. Seymour A. Papert
Dept . of Psychology Massachusetts institute of Technolo gy
University of Oregon Artif icial Intelligence LaD
Eugene , OR 971403 5145 Techn o l ogy  Squ ar e

Cambri dge , MA 02139
Mr. Marlin Kroger
1117 Via Goleta 1 MR. LUIGI PETFULLO
Palos Verd e s Es ta tes , CA 9027 14 2 143 1 N .  E DG E WO CD ST R EET

ARLI N GTO N , VA 2220 7
LCOL. C.R .J. LAFLEUR
PERSON N EL A F F L I E D  R E S E A R C H  1 DR.  PETER FOLSON
NATIONAL DERENSE HCS DEPT. CF PSYCHOLOGY
101 COLONEL El D R I V E  U N i V E R S I T Y  CF C O LO RA DO
OTTAW A , Ct.NA D A K 1A  0K2 BOULDER , CO 6o~ o2

Dr. Freder ick M . Lord 1 Dr. Frank  P r a t z n c r
Ed uca t iona l  T e zt in ~ Service ~n t r .  for V o c a t i o n a l  E d u c a t i o n
Princeton , NJ 085140 Ohio S ta te  Univer sity

• 1960 Kenny h:ad
Dr. Robert R. Mackie Columbus , OH 143210
Human Factors Research , inc .
6780 Cortona Drive 1 DR. DIANE M . RA~ SE 1-KLEE
Santa Barbara Research P~ . R—K RESEAR CH & SYSTEM OS S IGN
Goleta , CA 93017 3914 7 RIDGEM3~~ D F VE

MALIBU , CA 9O2~ 5
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Non Govt Non Govt

HIN . RET . H. RAUCH I Dr. Robert Singer , Director
P II ~1 Motor Learning  Research  Lab
BUN DES MINI STE RI UM DER VE R TE I D I GUN G Florida S ta te  U n iv e r s i t y
POSTFACH 161 212 Montgomery Gym
53 BONN 1~ GERMANY Tallahassee , FL 32306

Dr. Mark D. Reckase 1 Dr. Richard Snow
Educat ional Psychology Dept . School of Education
University of Missouri-Columbia Stanford University
12 Hill Hall Stanford , CA 914305
Columb ia , MO 65201

1 DR. ALBERT STEVENS
Dr. Joseph W. Rigney BOLT BERANEK & NEWMAN , INC.
Univ. of’ So. California 50 MOULTON STREET
Behavioral Technology Labs CAMBRIDGE , MA 02138
3717 South Hope S t rect
Los Angeles , CA 90007 1 DR. PA TRICK SUPP ES

INSTITUTE FCR MhTHE~ hTICAL STUDIES IN
Dr. Andrew M . Rose THE SOCIAL SCIE~ CES
American Institutes for Research STANFORD U~ :VERSITY

• 1055 Thomas J e f f e r s o n  St.  N’v.’ STANFORD , CA 9 14305
Wash ington , DC 20307

1 Dr. Kikuta i Tatsuoka
Dr. Leonard L. Ro scnb a~~~, C h a i r m a n  Computer Eased Edu cat ion  Research
Department of Psycho logy  Laboratory
Montgomery College 252 Engineering Resea rch  Labora tory
Rookville , MD 20850 Univcrsity of I l l i n o i s

• Urbana , IL 61601
Dr. Ernst 2. Rothkopf

• Bell Labora to r i es  1 DR.  P E R R Y  T H O R N D y~:E
600 Mountain Avenue THE RAN D C O R P O R A T . ON
Murray Hill , NJ 079714 1700 MAIN STREET

SANTA M O N I C A , CA 901406
PROF.  FU1:IKC St xEJ ~~:~.
DEPT . OF PSYCHILCOY 1 Dr. Benton J. Underwcod

I UNIVERSITY CF TE~~:EOSEE Dept . of’ Psychclogv
KN OXVI LLE , TN 37 9 16 Northwestern Un ive rsity

Evans ton , IL 60231
DR WALTER SCF~;EID:R
DEPT . OF PSYCH :Lc0Y 1 DR. TH OM A S WA LLS :E’:
UNIVER SITY OF i L L I N O I S  P SY CHO:~E 7R :C L A E R A T C R Y
CHAMPA IGN , IL 61820 DAVJE HAL!.. 013A

UNIVERSITY CF N :RTE c A R O L : N A
DR. ROBERT J. SEICEL CHAPEL HILL , NC 275 114
INSTRUCTIONAL TECHN ’LOGI GR~ UP

H U MP RO 1 Dr. C la i re  E. Weinstein
300 N.  WASHINGTON ST. Educational Psychology Dept.
ALEXA N DRIA , VA 223 114 U n i v .  of Texas at Aust in

Aust in , TX 7 8712
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Non Govt

Dr. David J. Weiss
N660 Elliott Hal].
University of Minnesota
75 E. River Road

• Minneapolis, MN 551455

• DR. SUSAN E. WHITELY
PSYCHOLOGY DEPA RTMENT
UNIVERSITY OF KA~;3AS

• LAWRENCE , KANSAS 660 1414
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