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3.

Abstract

This article compares three theories of trans it ive inference applied

to the solution of linear syllogisms: a spatial theory, a hinRuistic

theory , and a new mixed hinp~uistic—spatial theory. Each theory is expressed

in terms of an information—processing (flow—chart ) model , and a mathematical

model that quantifies the information—processing model. The mathematical

models are tested in their ability to account for latency data from four

experiments. The tests overwhelmingly support the mixed theory . This

support holds over varied modes of problem presentation , adjectives, sessions,

and subjects. The duration of each component process in the mixed theory

is estimated, and its contribution to total solution time assessed. Then

the mixed theory is shown to account for most patterns of individual—difference

data. Finally , the theory is shown to be consistent with a variety of data

obtained in previous investigations of transitive inference.
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Representation and Process in Transitive Inference

In a transitive inference problem , an individual is presented with

two or more premises , each describing a relation between two items. At least

one of the items overlaps between premises . The subject ’s task is to use

thi s overlap to determine a relation between two (or more ) items not occur-

ring in the sane premise. An example of such a problem is

Mi ghty Joe Young is mi ghtier than King Kong .

King Kong is mightier than Magilla Gorilla.

Who is mightiest?

This problem illustrates a simple form of transitive inference problem ,

the linear syllogism (or three—term series problem , as it is often called) .

In general , the terms of’ a linear syllogism form a linear array of items ,

say , (A , B , C ) .  Each of two premises describes a relation between one pair

of adjacent items , say , ~ r1 B), (B r2 C) .  To solve the problem , an indi-

vidual must combine information from the two premises in order to determine

the relation between the two nonadjacent items , (A r3 C) .  Solution of the

example problem above requires the individual to infer the relation between

the two nonadjace nt items , Mighty Joe Young and Magilla Gorilla.

Transitive inferences are widely used in everyday l ife . Comparisons and

decisions of almost every kind that we make on a daily basis usually involve at

least an implicit transitive inference. Consider , for example , the plight of

a customer eating at a restaurant. The customer is faced with what may well be

a bewildering choice of meals. The customer has neither the time nor the pa-

tience to compare every possible pair of meal s , and to order the meal that is

preferred to every other . More typically , the customer will narrow down his

or her preferences to a few possible choices , assuming that if the eliminated
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choices are less desirable than the minimally acceptable choice, they are less

desirable than any other acceptable choice as well. Next, the customer will

probably pick one of the , say , four semifinal choices as the final choice.

Again, the customer eschews making all possible paired comparisons, six in

the case of four choices. Instead, the customer assumes transitivity of

preferences , and infers that if his or her first choice is preferred to the

second choice , it is preferred to every other choice as well. Without the

use of transitive inference, many of even our simplest decisions would become

unmanageably complex .

Psychologists have long recognized the fundamental importance of transi-

tive inferences in everyday cognition ; as a result, transitive inference has

played a key role in psychological theory. Research on transitive inference

has appeared in diverse psychological literatures, and under a number of dif-

ferent guises. Differential psychologists have recognized the transitive

inference problem as a useful psychometric tool since Burt ’s (1919) use of

the problem in a battery of mental tests , although our knowledge of the psy-

chometric properties of the problem as a test item remains rudimentary (Burt,

1919; Shaver, Pierson, & Lang , 19714). Developmental psychologists have

invest iga ted the trans itive inference problem extensively , many of them in

response to Piaget ’s (1921, 1928, 1955, 1970) claim that preoperational chil—

dren are unable to perform the reasoning necessary to infer a transitive re-

lation. Trabasso (Bryant & Trabasso, 1971; Riley & Trabasso, 19714), for

example, has taken issue with Piaget ’s interpretation of the data , and in a

series of ingenious experiments has found evidence suggesting that memory

rather than reasoning limitations are responsible for much of the difficulty

young children encounter in attempting to solve transitive inference problems.

- -. ~~.- -. --~~. . —-
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Cognitive—experimental psychologists have also devoted a great deal of atten-

tion to the transitive inference problem , and have engaged in a vigorous de-

bate regarding the representations and processes subjects use in solving

such problems (Clark, l969a, 1969b, 1971, l972a, l972b; DeSoto, London , &

Handel , 1965; Handel , DeSoto , & London , 1968; Hunter, 1957; Huttenlocher ,

1968; Huttenlocher & Higgins, 1971, 1972; Huttenlocher, Higgins, Milligan ,

& Kauff~san , 1970 ; Potts & Seholz , 1975). In this article, a new resolution

of~~he debat e regarding representation and process will be proposed. In

particular , the article will address three important theoretical questions:

1. How is information represented during the course of a subject’s

solution of a transitive inference problem?

2. What processes act upon the representation(s) from the time the

subject first views the problem to the time he or she indicates a response?

3. How, if’ at all, do the representat ions and processes used in the

solution of transitive inference problems vary as a function of (a) mode of

problem presentation , (b) adjectives , (c)  sessions , and (d)  individual subjects?

The article is divided into six major parts, of which the first is this

introduction. The second part presents a discussion of previous research on

the three theoretical questions posed above. The third part offers three 4

detailed information—processing models that purport to describe how subjects

solve transitive inference problems with three terms (linear syllogisms). The

fourth part presents results of four experiments addressed to the theoretical

questions posed above , and which are intended to distinguish among

the three information—processing models. The fifth part of the article contains

tests of the s~ dels on previously published data. The sixth and final part

of the paper discusses how the data presented in the article advance our the-

oretical understanding of transitive inference.
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THEORETICAL ISSUES

Representation of Information in Transitive Inference

Nature of Controversy

Theorists disagree as to the form of representation subjects use for in-

format ion stored, manipulated, and retrieved in the course of solving transitive

inference problems. The basic controversy has been over whether information is

rel resented spatially or linguistically. Spatial theorists argue that informa-

tion is represented in the form of a spatial array that functions as an internal

analogue to a physically realized or realizable array. Linguistic theorists

argue that information is represented in the form of linguistic , deep—structure

propositions of the type originally proposed by Chomsky (1965). A resolution

of this controversy would not only enlighten us with regard to transitive

inference, but might further shed light on the kinds of arguments that are

valuable in distinguishing between subjects ’ use of spatial or imager ial repre-

sentations on the one hand, and linguistic or propositional representations

on the other (see Kosslyn & Pomerantz, 1977; Pylyshyn , 1973; Anderson , Note i).

In the following four sections, evidence for each kind of representation is pre-

sented and then evaluated.

Evidence for Spatial Re~presentation

Eight principal kinds of evidence have been adduced in favor of a spatial

representation for information.

Introspective reports. Many subjects in various experiments have reported

using spatial imagery to solve transitive inference problems such as linear

syllogisms. According to DeSoto et al. (1965), proponents of a spatial imagery

theory , “questioning of subjects in Experiment I indicated that most of them

solve the syllogisms with the aid of imagery” (p. 516). These investigators

also found that different pairs of relational adjectives evoked different kinds

of arrays. Better-worse, for example , most often evoked a vertical array con-
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structed in a top—down fashion , whereas darker—lighter most often evoked a

horizontal array constructed in a left—right fashion. Huttenlocher and Higgins

(1971), also proponents of a spatial imagery theory, found that “Ss report

that imagery is intimately tied up with determining the order of items from

comparative expressions” (pp. 1495— 1496) . Their subjects constructed imaginary

spatial arrays by placing the grammat ical subject of a sentence in the array ,

and then moving the grammatical object with respect to the subject . Even

Clark (l969b), a linguistic theorist , has found widespread use of imagery

by experimental subjects. He reported that “1~9% of’ the ~s in Clark (1969a]

claimed that they used spatial imagery” (p. 1402) . Clark thus felt obliged

to conclude not that subjects fail to use imagery, but that “it has not been

demonstrated that the use of spatial imagery differentially affects the

solution of three—term series problems” (p. 1402) .

Need for spatial array to combine premise information . At some point

during the course of problem solution , subjects must comprehend the higher—

order relation between the two lover—order relations expressed in the individual

premises. Such comprehension is tantamount to making the transitive inference

needed to solve the problem. Spatial imagery theorist s have specified at a

reasonable level of detail how such comprehension can take place. Huttenlocher

(1968), for example , argued on the basis of subjects’ introspections that sub—

jects create an imaginary array of the two items contained in the first premise ,

and then use information from the second premise a~ a basis for joining the

third item to the first two items. Linguistic theorists, however , have not

specified in reasonable detail how the transitive inference is actually made .

As Huttenlocher and Higgins (1971) have pointed out , “Clark [l969a ) attempted

to (include an account of the comprehension of adjective s and comparatives as

veil as an account of question answering], while basically ignoring the ques-



Transitive Inference

7

tion of how informat ion from the two premises is combined ” (p. 1487) . Clark

(1971) has admitted that the “linguistic theory is not complete. For one thing,

it does not fully specify how information from the two premises are f sic ] com-

bined” (p. 513). Until a linguistic accour of the combination p~ocess is

proposed, students of tre.nsitiv~ irf’erence are perhaps obliged to accept, if

only by default , a spatial account of the combination process.

Comparability of data patterns for purported ~~~~1na1 arrays to those for

p~~sical arrays. One of’ Huttenlocher’s main arguments in favor of spatial

imagery has been that “the difficulty of solving different forms of [linear ]

syllogisms parallels the di ffi culty of arranging rea.~ objects according to

comparable instructions” (Huttenlocher et al., 1970). A series of experiments

h~~ shown that the two types of items do indeed show parallel patterns of’

data (Hutterilocher, Eisenber g, & Strauss , 1968 ; Huttenlocher et al., 1970;

Huttenlocher & Strauss , 1968). In a typical experiment , Huttenlocher and

her colleagues would require subjects to arrange blocks (trucks , human figures ,

or the like) in a physical array . The terms of the arrangement task would be

presented in a variety of forms , each form paralleling a form of’ linear syllo-

gism . Response t imes and error rates for the physical arrangement task would

then be shown to be highly correlated with response times and error rates for

the linear syllogisms task.

Symbolic distance effects. Data reported by Potts (1972, 19714) and by

Trabasso an d his colleagues (Trabasso & Riley, 1975; Trabasso , Riley, & Wilson ,

1975) seem strongly to implicate some kind of spatial process in linear ordering

problems. In a typical experiment, subjects are taught a linear ordering of

items that takes the form (A , B, C , D , E , ?) . Subjects are trained only on

adjacent pairs of items. If subjects store information in the form of proposi-

tions relating the presented pairs of items, then one would expect that upon
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test ? Bubjects would be able to judge more rapidly the relation between a

trained and adjacent pair, say , C and 1) , than they would be able to judge the

relation between an untrained and nonadjacent pair , say, B and E. The former

pair should be immediately available in working memory, whereas the latter

pair should require at least one transitive inference relating B to K ‘na

pairs (B, C) ,  (C , D) ,  and (D , E) .  In fact , subjects are able to judge the

relation between B and K more rapidly than they are able to judge the rela-

tion between C and I) . The further apart the two items are , the easier the

jud~ nent turns out to be. This symbolic distance effect is compatible with

the kind of “internal psychophysics” proposed by Moyer (1973) and Moyer and

Bayer (1976), whereby a spatial analogue representation is constructed for

the array , and elements of this analogue representation are compared to

one another. In this kind, of representation, element s that are at greater

distances from one another are more easily distinguishable from one another ,

and hence easier to interrelate. The symbolic distance effect has generally

been considered to be incompatible with linguistic theories of representation.

Serial position effects. In the linear—ordering experiments described

above, subjects are trained on all adjacent pairs of items in the linear or-

dering. Trabasso and his colleagues (Lutkus & Trabasso, 19714; Riley & Tha-

basso , 19714; Trabasso et al., 1975) have found that errors made during training

and retraining exhibit a serial—position effect with respect to position of’

the pairs in the linear ordering : Maximum errors occur on middle pairs , and

fever errors occur on pairs nearer the ends of the ordering. This serial—

position effect is interpreted as prima facie evidence for an underlying spatial

array (see Bower , 1971). If subjects learning the pairs of items without con—

——
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structing an underlying array, that is learning the list as a set of indepen-

dent paired associates, then one would expect equal numbers of errors at dif-

ferent places along the linear ordering. At worst , one might observe some

negative transfer for all points except the end points of the array, since each

other point is learned as both greater (better, faster, etc.) than one point

and less (worse, slower, etc.) than another point.

Directional preferences within linear orderings. In many of the adjec-

tive pairs used in linear syllogism problems , one adjective of a bipolar pair

results in more rapid or more accurate solution than the other . For example ,

use of the adjectives taller and better result in facilitated perfo rmance rela-

tive to the adjective s shorter and worse (Handel et al., 1968). These authors

have proposed that faster solution for the adjectives taller and better can be

accounted for by the facts that (a)  taller—shorter is represented along a

continuum proceeding from top to bottom and bette:-vorse is represented along a

continuum proceeding from right to left, and (b) “people proceed more readily

in a downward than in an upward direction , and in a rightvard than in a leftward

direction” (p. 513). This directional principle (b ) ,  together with the principle

of end—anchoring described below, seemed to account for “the results of other—

vise inexplicable variation in difficulty among linear syllogisms” (DeSoto et

al., 1965).

End—anchoring effects. Investigators of transitive inference have re-

peatedly found end—anchoring effects in their data. End—anchoring effects are

observed when it is easier to solve a transitive inference problem presented

from the ends of an array inward than it is to solve the problem presented from

the middle of the array outward . Consider , for example , the array (A, B, C). A

I

-j



Transitive Inference

10

problem with the premises , “A is taller than B; C is shorter than B,” should

be easier to solve than a problem with the premises “B is shorter than A;

B is taller than C ,” because both premises in the first case are end—anchored,

whereas neither premise in the second case is end—anchored . DeSoto et al.

(1965) were the first to propose end—anchoring as a principle used in the

solution of linear ordering problems, and Huttenlocher (1968 ) advanced this

proposal as veil. The two accounts differ slightly , however , in that DeSoto

et al. proposed that end—anchoring in either premise could facilitate solution,

whereas Huttenlocher suggested that under most circumstances, end—anchoring

vii]. facilitate solution only if it occurs in the second premi se .

Correlations with spatial visualization tests. Shaver , Pierson , and

Lang ( 1.974 ) have reported correlations across subjects between errors in the

solution of linear syllogisms and scores on tests of spatial visualization.

These correlations varied in magnitude , but an impressive number of them

reached statistical significance. These correlations were interpreted as

evidence that spatial imagery is used in the solution of linear syllogisms.

Evaluation of Evidence for Spatial Representation

With eight kinds of evidence converging on the same conclusion, one is

tempted to accept the conclusion without further ado. Yet, non. of the eight

kinds of evidence proves to be conclusive considered either by itself’ or in

conjunction with the remaining kinds of evidence.

Introspective reDort s. Introspective reports of the use of imagery are

comson , and are acknowledged even by the most prominent linguistic theorist

(Clark , 1969b). A long—standing question in psychology, however , has been

whether such rep orts can be accepted at face value . Many psychological inves—

tigators have been reluctant to accept introspective report s as more than sug—

L gestive , and the recent data and theoretical framework presented by Nisbett and

- -
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Wilson (1977) seem to justify this reluctance. Subjects appear to have little

or no conscious access to the processes they use in various kinds of cognitions.

Combination of premise information, sy~bolic distance eff’ects, serial ~~~~~,
—

aition effects, and end—anchoring effects. Can a linguistic representation ac-

count for any of these effects? The answer appears to be affirmative: A small

modification and extension of a linguistic representation suggested by Holyoak

(Note 2) will predict all of these effects.

In the proposed representation, information about relations among , say ,

items A , B , C , D , and E of a linear ordering is expressed in the form of a hi-

erarchy of re .ation s, as shown in Figure 1. In the present representation, Un—

Insert Figure 1 about here

like in Holyoak ’s , nodes at a given level of the hierarchy can contain overlap-

ping informat ion . At the highest level of the hierarchy, all items are clustered

together at a single node , and the items are therefore indistingui shable fr om

each other . At the lowest level of the hierarchy, each item forms its own separate

cluster, and each item is therefo re distingu ishable from every other item . Each

intermediate level of the hierarchy permits one additional differentiation of

items. For example, the second level , containing two clusters, permits diff’erer.-

tiatiori of A and K; the third level, containing three clusters , permits dif-

ferentiation of A and D and of B and E; the same principle is applicable at each

successive level. When a subject interrogates the hierar chy , he or she is as-

sumed to start at the top node and work downward in the hierarchy toward the

bottom node. Subjects are further assumed to use a breadth-first search order

between levels of’ the hierarchy, and a random search order within levels. For

example, subjects will always interrogate both ~~~~ and BCDE before interrogating
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any of ABC , BCD , or CDE . However , the order in which ABCD and BCDE are searched

is isst~ ed to be random. In order to determine whether one element is to the

left of (or is higher than , faster than , better than , etc .)  another , two nodes

at some level of the hierarchy must be found such that each element appears in

only one of the nodes , and the first element is to the left of the other .

First , this hierarchy constitutes a unified representation of the five

items in the linear ordering . All possible order relations are expressed by

the relations among the nodes of the hierarchy. Second, the hierarchy can

account for symbolic distance effects. Suppose one needs to determine only

whether A is to the left of B. One can make this determination at the second

level of the hierarchy, since A but not K appears in the left node and K but

not A appears in the right node . To determine whether A is to the left of C

(or B is to the left of B ) ,  however , one must go to the third level of the

hierarchy. In general , the closer together two element s are , the further down

in the hierarchy one must go to distinguish them, and hence, the longer the

search process is assumed to take. Third , the hierarchy can account for serial

position effects in learning. The more relations one needs to learn for a

given element , the longer that element should take to learn. Note that A and E

each appear at five nodes , B and C each appear at eight nodes , and C appears at

nine nodes. Thus , the endpoints are easiest to learn, and items become succes-

sively more difficult to learn as they approach the middle of the implicit linear

array . Fourth, the hierarchy can account for end—anchoring effects, if one

assumes that the relational hierarchy, like virtually any other structure, is

more easily constructed from the outside—inward than from the inside—outward .

The hierarcbj .ca]. structure described above is offered as a possible way in

which subjects might represent information linguistically, rather than as the

actual way subjects do represent information. The sole purpose of describing

-~~~~~~~~~~~~~~~~~~~~~~
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the structure is to show that a fairly straightforward linguistic representation

can ccount for many of the effects that have been believed to necessitate a

spatial representation.

Comp~.rability of data patterns for ~~~~~~ 
and physical arrays. Hutten—

locher ’s argument that data patterns for reasoning with purported Imaginal

arrays are very similar to those for placement with actual physical arrays

presents a reasonable case for the analogy between the two kinds of arrays.

The argument is strong , however , only if an alternative model not based on

such an analogy makes differential predictions. Here is where the problem

has lay . DeSoto et al. (1965) and Huttenlocher (1968) originally interpreted

their data as presenting a strong case in favor of a spatial model of some

sort . At the time, these interpretations seemed quite acceptable. Clark

(l969b) later showed, however , that the items used in earl ier research did not

distinguish between the previous spatial models and his new linguistic model.

Negative equative items (with premises of the form “A is not as 
— 

as B” )  were

needed to distinguish between the two types of models. Clark ’s (l969a , l969b )

data from such Items seemed to Clark to support the predictions of his linguistic

model but not of the earlier spat ial models. Huttenlocher et al. (1970) then

presented new data showing the analogy between results from a phylical placement

task and a linear syllogisms task. Since her 1968 claim had been only that the

two kinds of tasks were analogous , she now felt justified in interpreting Clark ’s

data as supporting rather than refuting a spatial or imagerial model . Clark

(l972a) then carried the debate still another step further by presenting data

from a physical placement task that did not correspond well to data from the

linear syllogisms task. As will be discussed later in the article , however , these
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data showed only that there exist at least some physical placement tasks that

yield patterns of results that do not correspond to patterns of results from the

linear syllogisms task. To sn,,,rnjirize, there seem to be two problems confronting

those who argue for a spatial model on the basis of’ an analogy between results

from physical placement and linear syllogisms tasks : First , the analogy does

not always hold up; second , the analogy does not distinguish predictions of

a spatial mode]. from those of a linguistic one .

Directional preferences. In general , adjectives that encourage top—down

or right—left processing are also those that are linguistically unmarked . As

will be shown in the next section, linguistic theory also predicts facilitated

processing for these adjectives.

Correlations with spatial test s. Available correlational evidence for

spat ial representation of information is weak , because although Shaver et al.

(19714) have shown convergent validation of the spatial hypothesis, they have

not shown discriminant validation with respect to the alternative hypothesis.

In other words , errors on the linear syllogism task might well have correlated

with scores on tests of linguistic reasoning ability as well as with scores on

tests of spatial visualization ability because of the general factor that per-

vades performance on both types of ability tests. In order to provide a

stronger test of’ the spatial hypothesis, one would have to show high correla-

tions between linear syllogism and spatial test performance coupled with low

correlat ions between lin~ar syllogism performance and linguistic test performance.

Evidence for Linguistic Representation

Three principal kinds of evidence have been adduced in favor of a linguistic

representation for information.

Principle of primacy of functional relations. According to this principle

(Clark, l969b), ‘functional relations, like those of subject, verb, and direct object ,

are stored , immediately after comprehension , in a more readily available form than

L other kinds of information, like that of theme” (p. 388). This principle forms
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the basis for the linguistic representation of information in terms of base

strings and underlying deep—structural transformations on these base strings .

Clark has not offered any direct experimental evidence to support the principle.

He has interpreted Piaget’s (1928) account of transitive inference as supporting

the principle, though , and has noted that “in solving problems out loud, many

children verbalize the underlying base strings of comparative statements di-

rectly” (p. 399). Moreover, “the children in Donaldson’s (1963) studies often

made. . .errors as a result of their comprehension of propositions as base

strings” (p. 399). If this observational evidence is being interpreted eor-

rectly, then the evidence supports an underlying, linguistic deep—structural

encoding of the premise information.

Principle of lexical marking. According to Clark ’s (l969b ) lexical

marking principle, “the senses of’ certain ‘positive’ adjectives, like g~ood and

are stored in memory in a less complex form than the senses of their

opposites ” (p. 389). The “positive” adjectives are referred to as unmarked

adjectives , and their opposites (for example, bad and short) are referred to

as marked adjectives. If a marked and unmarked adjective are placed at oppo-

site ends of a continuum, the immsi~ ked adjective will generally form the name

of the scale . Thus , we generally think in terms of scales of goodness and

tallness, rather than in terms of scales of badness and shortness. Obviously ,

we could have a scale of’, say , shortness. But to ask how short a person is

seems immediately to imply that the person is short , whereas to ask how tall

a person is does not imply that the person is tall .

If , as Clark claims , marked adjectives are stored in memory in a more

complex form than is needed for unmarked adjectives , one might well expect

the encoding of marked adjectives to be more time—consuming than the encoding

-~~~~~~~-~~ n — -
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of un1~Arked adjectives, and indeed, all studies of transitive inference that

have investigated both marked and unmarked adjectives have found longer la-

tencies or more errors associated with items containing marked adjectives than

have been found with items containing unmarked adjectives. This evidence there-

fore seems on its face to support the principle of lexical marking.

Principle of congruence. According to Clark (l969b), “information cannot

be retrieved from a sentence unless it is congruent in its functional relations

wit1~ the information that is being sought ” (p. 392) . According to this princi-

ple of congruence , transitive inference problems in which information from the

premises is not congruent with the information sought should take longer to

solve than problems in which the information is congruent, since additional

time is needed in the former type of problem to establish congruence between

the question and the premises. Suppose, for example, the question is “Who is

best?” and the answer is A. If A were encoded from a premi se such as “A is

better than B,” then solution should be relatively rapid, since A was encoded

in terms of the comparative better and the question asks who is best. Suppose

that instead, the relevant premise was “B is worse than A,” which, according to

Clark , can be ex~anded to “B is worse than A is bad.” This premise does not

contain information congruent with the question. The question can be answered

only if it is reformulated to read , “Who is least bad?” This reformulation takes

additional time , and as an added step , increases the probability of an error on

a problem . If , as Clark ’s (1969a , 1969b ) data suggest , people do use the princi—

plc of congruence in solving transitive inference problems , then further support

is provided for the linguistic model.

Evaluation of Evidence for Lin~uistic Representation

Principle of the primacy of functional relations. The observational evidence

to support the principle of the primacy of functional relations is suggestive at

L __ _ _ _ _ _ _ _ _ _
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best , and certainly no stronger than subjects ’ direct introspective reports of

spatial imagery . At present, the principle seems to stand more as a presupposi-

tion for the remaining two principles than as a principle that is testable in

its own right.

Prjnciple of lexical marking. The mere existence of a marking effect does

not in itself argue for a linguistic representation for information. As noted

earlier , a number of inve~eigators have noticed that the unmarked form of a

bipolar adjective pair is generally the form that would be expected to appear at

the top of a spatial array. According to Huttenlocher and Higgins (1971), “the

unmarked adjective would be toward the top because it designates the presence

of a space—occupying property, and the marked adjective toward the bottom because

it designates the absence of that property” (p. 1497) . And since DeSoto et al.

(1965) proposed that working from the top down is easier than working from the

bottom up in a spatial array , a spatial model could account for the marking effect.

If’ an adjective pair could be found in which the marked form suggested the

top of a spat ial array and the unmarked form suggested the bottom of a spatial

array , then , according to Clark (l969b), it would be possible to disentangle the

spatial and linguistic accounts of the marking effect . Such an adjective pair

is found in dee~—sha1lov , where ~~~~ the unmarked adjective in the pair , suggests

the lower end of a spatial array . Clark (l969b ) has reported that when subjects

are presented with linear syllogisms containing the adjective pair , 4~~~ —shal1ov ,

the standard marking effect is obtained . This result , then , supports the lin-

guistic rather than the spatial account of marking. One must be reluctant to

decide between representations, however, on the basis of a single adjective pair,

especially one that is so unrepresentative of adje ctive pairs in general . Another

adjective pair , ear~y~—late , is reported by Clark (1969b ) to show results opposite

to those predicted by lexical marking, although the results obtained by Handel et

- —  — . ~~~.



Transitive Inference

18

.1. (1968 ) with this adjective pair are consistent with a spatial account of

their data.

Principle of congruence. Spatial theorists are skeptical that the available

data provide adequate support for the principle of’ congruence. In a series of

recent experiments , Potts and Scholz (1975) obtained a congruence effect under

some circumstances but not under others . Clark ’s (1969b ) data provide only

weak support for the principle of congruence , and “Clark ’s 1969a data show

that when the answer is in the first premise , and the same adjective appears in

both premises , a problem is easier when the adjective in the quest ion does not

match that in the premises (2 14.7% errors ) than when it does match (31. 14%)”

(Huttenlo~her & Higgins , 1972 , p. 4214). On the basis of the data from Clark’s

two articles, therefore , Huttenlocher and Higgins (1972 ) retain their “original

conclusion that there is no strong evidence for ‘congruence” (p. 4214).

ProcessinA of Information in Transitive Inference

The controversy over information processing in transitive inference is

much less sharply defined than the controversy over information representation ,

because neither the spatial nor the linguistic theorists have formulated process

models. Instead , the theorists have preferred to formulate their theories in

terms of principles. These principles have been used as a basis for differen-

tial latency and error predictions in a way that suggests that one or more real— H
time operations may correspond to each principle. These operations in turn

lead to differences among item types in latencies and error rates. The corres—

pondence has remained implicit rather than explicit, however, in the writ ings

of DeSoto, Huttenlocher, and Clark. Johnson-Laird (1972) noticed the corres-

pondence, and constructed process models based upon the spatial theory of DeSoto

et al. (1965), the linguistic theory of Clark (1969b), and the operational theory
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of Hunter (1957) .  The models seem not to be specif ied in suff icient detail to

permit quantification or simulation. Later in this article , process models are

proposed that correspond approximately to the spatial and linguistic models,

and these process models are quantified to yield explicit latency predictions.

Further discussion of information processing, therefore , is deferred until

later in the article.

Effects of Treatment and Subject Variables on Representation and Process

This section considers the effect s of mode of problem presentat ion , relational

term , pract ice , end subject differences on the solution of linear syllogisms.

Mode of Problem Presentation

Transitive inference problems have been presented in a variety of ways.

The present discussion will be confined to modes of presentation for linear

syllogi sms , of which there have been four.

Presentation of whole problem for unlimited time. Hunter (1957) and Clark

(1969b) presented subjects with full linear syllogisms, and gave subjects as

long as they needed to complete solution.

Presentat ion of first premise followed separatel~ ~~ second premise ~~~
question. Huttenlocher (1968) presented each subject with the first premise of

a linear syllogism , arid then asked the subject two questions intended to assure

that the subject understood the premise. Huttenlocher then presented each sub-

ject with the second premise and finally the question. Latencies were recorded

beginning after presentation of the second premise, and ending with the subject’s

response to the question.

Presentation of the first two premises followed separately ~~ the question.

Potts and Scholz (1975) presented subjects with the two premises of the linear

syllogism, &nd gave them as long as they needed to process the information con—

tam ed in the premises. When the subject indicated that he or she was ready, the

question was presented separately. Latencies were recorded both for premise

Processing time and for question processing time. 

~~~
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Presentation of whole problem for ten seconds. Clark (1969a), DeSoto et

.1. (1965), and Keating and Caramazza (1975) presented subjects with full linear

syllogisms for a period of 10 seconds . If a subject was able to solve a problem

correctly in this amount of t ime , his or her response was counted as correct .

Otherwise, it was counted as an error.

Effects of mode of presentation. No one has systematically investigated

the effects of mode of presentation upon representation and process in linear

syllogistic reasoning. Data pertinent to these effects will be presented in

the experiments described later in this article. Data very recently collected

in my laboratory , however , suggest that the effects of presentation mode are

much more complex than anyone has realized , and that differences in presentation

mode account for certain discrepancies that appear in the literature on linear

syllogistic reasoning. These very recent data will be presented in a separate

article (Sternberg, Note 3) .

Relational Term

The effects of relational terms (usually adjectives) have been most thoroughly

studied by DeSoto et al. (1965) and Handel et al. (1968). Two characteristics

of the relational terms have received most attention: differences in directional

preference between and within bipolar pairs , and differences in difficulty between

and within bipolar pairs .

Directional preferences. The research of DeSoto et al • and of Handel et al.

has suggested that subjects tend to order certain relational pairs , such as

better—worse, father—son, and more—less, vertically in spatial arrays . Better,

father ,and more are generally represented at the upper end of each array. Other

relational pairs , such as earlier—later and faster—slower , tended to evoke hori-

zontal spatial arrays , with earlier and slower at the left end of each array .

In still other relational pairs, such as cause—effect, farther—nearer, and 1~~’bter—
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darker, most subjects are inconsistent in their directional preferences.

Directional difficulties. Handel et al. (1968) tested subjects with

problems containing a number of different relational pairs. Although they

did not explicitly test differences in item difficulty as a function of

spatial direct ion , it is clear from their data that relational terms for

which subjects were inconsistent in their spatial directions were more dif-

ficult to process than were relational terms for which subjects were con-

sistent. Within relational pairs, DeSoto et al. (1965) and others have found

that items are easier when presented with the adjective or a pair that encour-

ages top—down rather than bottom—up processing , or left-right rather than

right—left processing.

Practice Effects

Constant strategy. Most theorists seem to assume that subjects are con-

stant in their strategy: The subjects quickly settle upon a strategy——be it

spatial or linguistic——and maintain that strategy throughout their problem solving.

Spatial—to—linguistic strategy c hange hypothesis. Citing the theory and

data of Wood ( Note 1 4 ) ,  Wason and John~ on—Laird (1972 ) have proposed that

the inexperienced subject represents the premises in a unified form

(with or without imagery ) because this is likely to be the normal

practical mode of dealing with the relational information . But by

dint of sheer repetition this approach is likely to give way to a

purer and more formal strategy geared to the specific constraints

of the prob].em....In short, subjects seem likely to pass from an

approach analogous to the IMAGE theory to one analogous to the

LINGUISTIC theory . (p. 122 )

According to this hypothesis , one would expect subjects to follow a spatial

model early during their experience with linear syllogisms , and to switch later

. -~~~~-- .~LL
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to a linguistic model.

Lingu.istic—to—spatial strategy change hypothesis. Shaver et al. (19714)

have proposed a strategy change hypothesis that reverses the sequence described

above . They noted that Johnson—Laird (1972 )

hypothesized that imagery is abandoned in favor of a linguistic strat-

egy after practice with three—term series problems. The opposite tem-

poral sequence is indicated by our results, suggesting that in this

case at least , imagery provi ded the “more economical and specialized”

strategy. (p. 373)

According to this hypothesis, then , subjects are assumed to follow a

spatial strategy early during their experience with linear syllogisms, and

to switch later to a linguistic strategy.

Individual Differences

There has been relatively little systematic investigation of individual

differences in linear syllogistic reasoning. Burt (1919) was the first to

discover that these items distinguished between high and low ability individuals,

and used the items on a test of’ mental ability. Keating arid Caraznazza (1975)

found substantial differences in level of performance on linear syllogisms

between high and low ability students in the fifth arid seventh grades, and

also some evidence of strategy differences. Clark (l969b ) reported that 149% of

his subjects in the Clark (1969a) experiment reported use of visual imagery; Shaver

et al. (19714) reported a figure of 73%. More interestingly, they found an inter-

action between reported use or nonuse of’ imagery and reported relative difficulty

of visual versus oral problem presentation. Subjects who reported use of imagery

were also more likely to report that visual presentation was more difficult than

oral presentation, whereas subjects who did not report use of imagery were more



Transitive Inference

23

likely to report that oral presentation was more difficult than visual presen-

tation . These results are consistent with the hypothesis that reading the

problems may have interfered with the use of imagery by the visualizing sub-

jects. Shaver et al. (19714) also reported differential patterns of correla-

tions for men and women between errors in solving linear syllogisms and

spatial visualization scores: At least some statistically significant corre-

lations were obtained for men but not for women. Finally , Handel et al. (1968)

found that subjects differed widely in their directional preferences for

certain relational pairs, although these authors did not undertake a systematic

investigation of these individual differences. At the very least, we can say

that there is evidence of meaningful individual differences in subjects’ solving

of linear syllogisms, althougji the nature of these individual differences needs

to be elucidated further. An attempt in this direction is made in the data

to be presented later.

THBEE INFORMATION-PROCESSING MODELS OF TRANSITIVE INFERENCE

Preview

Three information—processing models of transitive inference vii]. be

presented. The three models are applied to (and later tested On) the most widely

studied kind of transitive inference problem , the linear syllogism. The three

models are a spatial model based upon the DeSoto et al. (1965 ) and Huttenlocher

(Hutten].ocher , 1968; Huttenlocher & Higgins, 1971) models, a linguistic model

based upon the Clark (1969b ) model, and a new linguistic—spatial mixed model.

Although the first two information—processing models are based upon previous

models , they are not isomorphic to these previous models. In order to make H

the empirical claims of each model specific, and to facilitate comparisons

among models , each of the present models (unlike previous Ones) was expressed

as (a) an information—processing model in flow—chart form , and (b) a linear
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mathematical model corresponding to the information—processing model. Quanti-

fication of the models permitted more rigorous testing of the empirical claims

of the models than has been possible in previous research. Although the first

two models are not identical to any previous models , they do seem to capture

many of the major intuitions of the previous models upon which they are based.

The third model is not based upon any particular previous model , a1thou~h

part s of this new model draw upon previous models . In its mixture of lingui stic

arid spatial processes , it seems most akin to ideas that have been proposed by

Trabasso (1975).

The particular realizations of the spatial and linguistic models presented

below are obviously not the only possible ones . The linear models probably are,

however, the simplest mathematical models that could do justice to the original

conceptualizations . I have experimented with more complex, nonlinear rea].iza—

tions of the original conceptualizations, but have been unable to find any

implementations that improved nontrivially the fits to data obtained with the

linear models. Thus, although other, more complex realizations are possible,

it remains to be shown that any is better able to account for data than the

simple realizations presented here. Similarly, there are numerous possible

mixed spatial—linguistic models of linear syllogistic reasoning. Again, how-

ever , it remains to be shown that any alternative mixture model is superior to

the one presented here. I have been unable to find a superior mixture model——

linear or nonlinear——and as will be shown, the residuals of the predicted values

from the observed data are generally small and unsystematic.

The models to be presented all agree that there are certain encoding ,

negation, marking, and response operations that contribute to the latency with

which a subject solves a linear syllogism. All. full linear syllogisms contain

certain terms and relations to be encoded, and require a response. Only some 

p t-.~~~~~~~~~~~
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linear syllogisms contain premises with negations and marked adjectives.

Although the models agree on the presence of these operations , they disagree

as to which of the operations are spatial and which are linguistic. The

models also disagree as to what further operat ions are required. This di-

vergence is particularly important, because it provides the basis for dis—

tinguishing among information—processing models via the linear models. Be-

cause the models are partially nonoverlapping in the operations alleged to

be used in solving linear syllogisms , the models make different latency pre-

dictions across item types.

The ~-hrt~ models of linear syllogistic reasoning will be presented with

reference to an example of a relatively difficult linear syllogism: C is not

as tall as B; A is not as short as B; Who is shortest? The correct answer is

C , and by convention , A v-ill always refer to the extreme item at the unmarked

end of the cont inuum, and C to the extreme item at the marked end of the continuum.

Process Models

Spatial Model

A flow chart for a spatial model is presented in Figure 2. In this and

subsequent flow chart s, each box represents a mental operation consuming real

time. Latency parameters corresponding to each operat~ ori are indicated next

to each box, but will not be discussed until later.

Insert Figure 2 about here

Solution start s by the subject’s reading the first premise , “C is not as

tall as B. ” The nature of the next operation depends upon whether or not the

adjective in the first premise is marked. Since tall, the adjective encountered
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in the first premise of the example , is unmarked, seriation occurs in the pre-

ferred, top—down direction: A spatial array is constructed in which C is

placed above B.

Next , the premise is checked for the presence of a negation. If a nega-

tion is present, the two terms in the spatial array are flipped in space, so

that the top term becomes the bottom term and vice versa. In the present

• example, the positions of terms C and B are reversed so that B is now placed

over C.

The subject then reads the second premise. Since the adjective in the

second premise, short, is marked, the two terms are placed into a spatial

array in the nonpreferred, bottom—up direction, with A below B. Since there

is also a negation in this premise , A and B are flipped around in the array,

a.~ that B is below A.

Previous work (for example, DeSoto et al., 1965; Trabasso & Riley , 1975 )

has suggested that end—anchored premises are easier to process than are premises

that are not end—anchored. In other words , subjects prefer to work from the

ends of the array inward, rather than from the middle of the array outward. A

possible reason for this preference is that end—anchored premises bring one to

the pivot , or middle term of the series. If  one ends up on the middle term, it

is immediately available for use as the pivot of the array. If one does not end

up on the middle term, one must search for it , taking additional time. In the

present formulation of the model (as in DeSoto et al.’s, 1965), end—anchoring

facilitates processing of both premises. Huttenlocher (1968) has proposed that

in general, only end—anchoring of the second premise facilitates performance,

although the difference between the two formulations proved inconsequential to

the rank order of the models to be described.

- -~~~~~~~~~ _ _
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The subject is now ready to sen ate the terms from the two premises , com-

bining information from them. According to DeSoto et al. (1965), premise in-

formation is easier to sen ate from the top down rather than from the bottom up.

Therefore , the problem is easier if the top and mi ddle terms of the array occur

in the first premise than if the bottom and middle terms occur in the first

premise. In the present example, the bottom and middle terms occur in the

first premise (C and B respectively), so that the information from the two

premises is seriated bottom—up (or in general, in whatever is the more diffi-

cult direction for a given array).

Next , the subject reads the question. If the question adjective is marked,

the subject seeks the response at the nonpreferred (usually bottom ) end of the

array. Otherwise, he or she seeks the response at the preferred (usually top)

end of the array. In the present example, the question adject ive is marked, so

that the more time—consuming process is required. The subject has now found the

answer to the problem , and can respond.

Liflguistic Mo4e~].

A flow chart for a linguistic model is presented in Figure 3. The subject

Insert Figure 3 about here

begins solution by reading the first premise. If the adjective is marked, then

the relation represented by the adjective is more difficult to encode linguisti-

cally, and additional. time is consumed in the encoding. In the example , the

adjective tall is not marked, so more rapid encoding is possible. Regardless

of whether or not the adjective is marked, information about the relation is

stored as a pair of deep—structural propositions: (C is tall+; ~ is tall).

Next, the subject checks for a negation. If a negation is present, then the

roles of the terms in the propositions are reversed: (B is ta11+; C is tall.).

• 
-•
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This reversal operation , like the encoding operation for marked adjectives ,

is a linguistic one. The entire relation is stored in long—term memory. The

relation is also stored in working memory , but in compressed form : (B is tall+).

The subject compresses the relation because storing the full relation in

working memory would use up more processing space than the subject has available

to allocate to the relation, given that he or she must retain sufficient space

for processing the second premise.

Next, the subject reads the second premise. Here, the adjective short

• is marked, so additional time is spent in encoding the relation. The relation

is initially stored in working memory as (A is short+; B is short) ,  and then ,

since there is a negation, the roles of the terms are reversed: (B is short+ ;

A is short). Since the heavy space—using encoding operations have been com-

pleted, there is no need to compress the second premise. Moreover, since B

appears in both premises, it is easily recognized as the pivot term . In this

particular case, the pivot is ii~ iediately available.

Under some circumstances, the pivot is not immediately available. Suppose

the first premise had been “B is not as short as C.” Eventually, the subject

• would have retained in working memory the compressed proposition, (C is short+) .

But since the C term does not appear in the second premise , the subject is unable

to determine from his or her encodings of the two premises what the pivot term

is: Each name appears in working memory just once. The subject is assumed to

• retrieve from long-term memory the missing link between the premises: (B is

short). Once this proposition is in working memory, the subject can recognize

B as the pivot term. But this pivot search operation has taken additional time.

Note that in this model, the search for the pivot is a search for linguistic

informat ion , whereas the search was for spatial information in the spatial. model.

Having found the pivot , the subject is ready to read the question. (In

---A



r~~~
’. 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

Transitive Inference

29

this model, there is no seriat ion operation intervening between pivot search

and question reading, because subjects are assumed to store separately the

functional relations underlying the two premises.) If the question contains

a marked adjective , additional time iB spent in encoding it. Finally , the

subject is ready to solve the problem. In the example, the subject seeks the

individual who is shortest. All propositional information is now made available

to working memory for the final search. Solving the problem entails finding

the individual who is shortest, that is, who is short+ relative to the pivot,

but no such individual is found in the example. The problem is that the form

of the question is incongruent with the way in which the answer term has been

encoded. Whereas the shortest term , C, was previously encoded as tall (relative

• to the tall+ B), the question asks for the person who is shortest. The subject

therefore must make the question congruent with the problem terms as encoded.

Re or she does so by looking for the least tall individual--someone who is tall-

relative to a tall pivot, or tall relative to a tall+ pivot. The subject can

now respond with the correct answer, C.

Linguistic—~patial Mixed Model

Motivation. Two basic ideas motivate the proposed linguistic—spatial mixed

model of transitive inference. The first is that in solving transitive inference

problems , subjects seem likely to use both linguistic and spatial operations:

First they linguistically decode the verbal information presented in the premises;

then they spatially recode the information into a form that permits the transitive

inference to be made. This kind of mixture model is consistent with the obvious

need for subjects to interpret the verbal input presented to them, and with their

• frequent reports of spat ial imagery in combining information from the two premises.

The position adopted here is similar to that adopted by Lawson (1977), who in
studying linear ordering problems concluded that

j 4
• • •
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whatever the nature of the representation , the results of thi s study

indicate that two distinct types of information are available in

memory: first , information about the holistic idea conveyed by the

entire set of sentences, and second, information in propositional

form about what sentences were presented. (p. 9)

Lawson suggests that holistic “knowledge of the ordering is represented in

a form that is analogical to a visual depiction of the scene (Huttenlocher,

1968)” (p. 8) .

The second basic idea is that a major but previously unappreciated source

of difficulty in solving transitive inference problems is the need of the

subject at various points in the solution process to locate specific items in

the spatial array, in particular , the pivot and the response. In solving a

transitive inference problem, the subject’s mind’s eye traverses the spatial

array as necessary. Every time it moves from one location to another, real

time is consumed. This notion of visual scanning of a spatial representation

is consistent with the sorts of visual scanning processes suggested by Shepard

(Cooper & Shepard., 1973; Shepard & Metzler, 1971) and by Kosslyn (1975). The

basic notion is that scanning of a visual array is analogous to scanning of a

physical array, and in its course consumes measurable time .

Processing strate~ ’. A flow chart for the proposed linguistic—spatial

mixed model is presented in Figure I~. The subject begins solution by reading

Insert Figure Is about he;e

the first premise. In order for the premise to be understood, it must be

formulated in terms of the kind of deep—structural propositions proposed by

the linguistic model . ~~coding a marked adjective into this deep—structural

format takes longer than encoding an unmarked one . Also , the presence of a
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negation requires a reformulation of the deep—structural proposition. Thus,

“C is not as tall as B” is originally formulated as (C is tall+ ; B is tall) ,

and is then reformulated as (B is tall+; C is tall), as in the linguistic

model. Once the deep—structural propositions for the premise are in final

linguistic form , the terms of the propositions are seriated spatially. If

there is a marked adjective, the subject takes additional time in seriating

the relation spatially in the nonpreferred (usually bottom—up) direction.

If the adjective is not marked, then the premise is seria.ted in the preferred

(usually top—down ) direction. Note that whereas a negation is processed u n -

guistica.lly, a marked adjective is processed first linguistically (in com-

prehension) and later spatially (in seriation). After seriating the first

premise , the subject repeats the steps described above for the second premise.

In order for the subject to combine the terms of the premises into a

single spatial array, the subject needs the pivot available. The pivot is

either immediately available from the linguistic encoding of the premises ,

or else it must be found spatially . According to the mixed model , there are

two ways in which the pivot can become available immediately : (a) It is the

single repeated term from all previous linguistic encodings; or (b) it is

the last term to have been linguistically encoded. These rules have different

implications for affirmative and negative premises.

In problems with two affirmative premises, the pivot is always immedi—

ately available, since each premise has been linguistically encoded just once.

One term, the pivot, is distinctive from the others in that more than one re—

lat ional tag has been associated with it , one from its encoding in the f irst

premise, and one from its encoding in the second premise. The other two terms

each have just a single relational tag associated with them. The second princi-

~ 
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pie therefore need not even be applied. Indeed, it is applied only if the

first principle tails.

The use of distinctiveness as a cue to the identity of the pivot fails

in problems with at least one negative premise. In these problems, each

premise containing a negation is encoded in two different ways—in its origi—

na]. encoding and in its reformulated encoding in which the roles of the terms

have been reversed. The pivot is therefore no longer the only term with more

thap one relational tag associated with it, and it thus loses its distinctive-

ness. The subject must therefore search for the term with the largest number of

relational tags, unless he or she can apply the second principle.

When the distinctiveness principle fails, the subject attempt s to link

the first premise to the last term to have been encoded in working memory. If

this term of the second premise happens to be the pivot, the link is successful,

and the subject can proceed with problem solution. Pivot search can thus be

avoided if the last term to have been encoded is the pivot. But if this term

is not the pivot, the link cannot be made , and the subject must search for the

pivot——the term with the largest number of relational tags. This search for

the pivot takes additional time.

Once the pivot has been located , the subject sen ates the terms from the

two spatial arrays into a single spatial array. In forming the array, the

subject starts with the terms of the first premise, and ends with those of the

second premise . The subject’s mental location after seriation, therefore, is in

that half of the array described by the second premise. The subject next reads

the question. If there is a marked adjective in the question, the subject will

take longer to encode the adjective, and to seek the response at the nonpreferred

(usually bottom) end of the array. The response may or may not be immediately

available. If the correct answer is in the half of the array where the subject

• • 
- 
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just completed seriation (his or her active location in the array), then the

response viii be available immediately. If the question requires an answer

from the other half of the array, however, the subject will have to search for

the response , mentally traversing the array from one half to the other and thereby

consuming additional time.

One final search operation is used optionally under special circum-

stances. If the subject has constructed a sharp spatial encoding , then he

or she is now ready to respond with the connect answer. It the subject ’s en-

coding is fuzzy, however, the subject may find that he or she is unable to

respond with a reasonable degree of certainty. The subject therefore checks

his o- her tentative response as determined by the spatial representation with

the encoding of that response term in the linguistic representation. If

the quest ion and response are congruent , the check is successful, and the sub-

ject responds. If the question and response are not congruent, however , the

subject reformulates the question to ascertain whether it can be made congruent

with the response. Only then does he or she respond.

The notion of optional search for congruence depending upon quality of

encoding makes a strong prediction : that the use of this additional operation

should be associated with reduced encoding time . Indeed , subjects seek to es-

tablish congruence only because they did not take the time to create a sharply

defined spatial encoding . Experimental manipulations can be controlled so that

the subject is either encouraged to or discouraged from creating a sharp spa-

tial encoding. The experimental manipulations that result in one or the other

kind of encoding will be described later , as will the degree to which the data

conform to the prediction made above .

Compari son amori~ Models

The models all agree that marked adjectives and negations should increase

• • 
~~~~~~~~
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solution latency. They disagree , however , as to why solution latency is increased.

According to the spatial model , solution latency is increased because processing

of negations and marked adjectives requires a more complex encoding of information

into a visualized spatial array . According to the linguistic model , the addit ional

time results from increased difficulty in a linguistic encoding process. Ac-

cording to the mixed model , negations require a more complex linguistic encoding

process , whereas marked adjectives require first more complex linguistic en-

coding and then more complex spatial encoding.

The models also agree that some form of pivot search is needed under

special circumstances. The models disagree , however , as to what these cir-

cumstances are . In the spatial model , pivot search is required for premises

that are not end—anchored, that is, for premises in which the first term is

the middle rather than an end of a spatial array . Absence of end—anchoring

necessitates a search through the visualized spatial array . In the linguistic

model , pivot search results from compression of the first premise in the deep—

structural encoding. If the term that was dropped from working memory in com-

pression happens to be the pivot term , then the subject has to retrieve that

term back from long—term memory . In the mixed model , pivot search is required

if the reformulated deep—structural version of a negat ive second premise does

not have the pivot in its latter (and hence most recently available ) proposition .

The spatial and mixed models agree that the terms of the two premises

are combined into a single , unified representation . This combination is ac-

complished through a seriation operation in which each of the two partial spatial

arrays is unified into a single array. The linguistic model disagrees: P’une—

tional relations from the two premises are stored separately.

The linguistic and mixed models agree in the need for an operation to

establish congruence between question and an swer , but in the mixed model, the
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establishment of congruence is optional. It is used only when the spatial

encoding of terms is of insufficient quality to permit the subject to respond

to the problem with a reasonable degree of certainty. No operation for the

establishment of congruence exists in the spatial model .

In the spatial model, subjects are hypothesized to pre fer working in a

certain direction (usually top—down) between as well as within premises.

Generally , this pref erence means that extra time will be spent in seriation

if the term at the preferred end of the array does not occur in the first

premise. No corresponding “additional latency” exists in either the lin-

guistic or mixed model.

In the linguistic model, subjects search the deep—structural propo-

sitions for the term that answers the question. In a spatial array, it

is obvious which term corresponds to which question adjective. For example ,

the tallest term might be at the top , the shortest term at the bottom. In

linguistic propositions , there is no such obvious correspondence , so that

the subject must check both extreme terms relat ive to the pivot , seeking

the correct answer.

In the mixed model , subjects have to search for the response to the

problem if their active location in their final spatial array is not in the half

of the array containing the response. Subjects mentally traverse the array to

the other half , looking for the response. No corresponding operation exists

in either the spatial or linguistic model.

Finally, the models agree that the final operation is a response pro—

cess , whereby the subject selects his or her answer.

Mathemat i cal Models

Mathematical models were formulated from the information—processing

models by assuming that (a) each operation represented by a box in the
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flow charts contributes toward the total real time consumed in the solution

of a linear syllogism, and (b) these contributions toward solution time are

additive . The formulation of the mathematical models in the context of the

• present experiments can be described only after the experiments are described ,

and so details of the quantification will be deferred until a later section

of the article.

~~~ERI~~ NTAL TESTS OF THE MOD~1S
• Four experiments were conducted. The experiments were intended to ad-

dress the three theoretical questions raised near the beginning of the article.

Thus, the experiments provide evidence concerning (a) the representations of

information during the solution of transitive inference problems, (b) the

processes acting upon these representations, and their individual latencies, and

(c) the effects of mode of problem presentation, adjective, session, and

individual differences upon representations and processes.

In the first experiment, a precueing paradi~ n was used in order to separate

mathematical parameters that otherwise would have been confounded (see Sternberg,

197Th, Chapter 14) .  In a precued condition , subjects would receive only part of

the problem. They would be asked to do as much information processing as pos-

sible on this part of the problem before being shown the problem in its entirety.

This precueing paradigm presumably forced subjects to read the quest ion last ,

whereas Johnson—L,aird (1972) has suggested that subjects may typically read the

question first, prior to reading the premises. In a second ext eriment, therefore ,

a similar precueing paradigm was used, except that the question was presented first ,

followed by the premises. The precueing paradigm in this experiment, however,
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like that in the first experiment , may have forced subjects to adopt a linear

processing strategy that reflected the particular order in which the lines of

the problem happened to be presented during precueing. In a third experiment ,

therefore , precueing of the sort used in the first two experiments was aban-

doned . Instead , subjects received both two—term and three—term series prob-

lems on separate trials; the combination of item types permitted separat ion

of parameters in much the same wa.y that precueing did. In this exper iment ,

and in the two preceding it , each subjec t received every problem type with

each of three different adjective pairs. But this design may have enabled

Subjects to recognize the applicability of a particular strategy to one adjec-

tive pair , and then to carry this strategy over to other adjective pairs ,

whereas the subject might never have used th is strategy on either of the other

adjective pairs had each been presented in isolation. For example , a seemingly

spatial adjective pair like taller—shorter might prime a spatial strategy,

whereas a less spatial adjective pair like better—worse might prime a linguistic

strategy. Shaver et al. (19714) have argued that priming does indeed occur.

In the fourt h experiment , therefore , the procedures of Experiment 3 were repeated ,

except that each subject received items1 all of which contained the same adjec-

tive pair.

Method

Subjects

Subjects in Experiment 1 were 16 Stanford undergraduates preselected

from the introductory psychology subject pool. All 14141 subjects in introductory

psychology received two brief ability tests: (a) a 3—minute word—classification

test requiring the subjects to select one of five words that didn ’t belong with

the other four; (b) a 3—minute mental rotation test requiring subjects to ides—

tify which of a number of geometric forms were rotated versions of a target

(“ same ”) and which were both rotated and reflected versions of the target
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(“different ” ) .  The tests were administered to all students simultaneously ,

and were of the pencil—and—paper variety . Four subjects were then selected

for each of four groups: Hi Verbal — Hi Spat ial , Hi Verbal — Lo Spatial ,

Lo Verbal — Hi Spatial , Lo Verbal — Lo Spatial . A high score was defined as

one between the 75th and 95th percentiles on a given test ; a low score was

defined as one between the 5th and 25th percentiles.

Subjects in each of Experiments 2 and 3 were 18 Yale students, and in

Experiment 14 were 514 Yale students, from introductory psychology who volun-

teered to participate in order to receive credit toward a course participa-

tion requirement. Subjects were nonoverlapping between experiments , and

were not prescreened in any way.

Materials

Stimuli. The basic experimental stimuli were 32 types of linear syllo-

gisms. Items were constructed by varying whether (a) the adjective in the

first premise was marked or unmarked, (b) the adjective in the second premise

was marked or unmarked, (c) the adjective in the question was marked or unmarked,

(d) bt~1 . premises were affirmative (for example, John is taller than Bill) or

negative equative (for example , Bill is not as tall as John), Ce) the correct

answer was in the first premise or the second premise. In Experiment 1, three

adjective pairs were used: taller—shorter, older—younger, faster—slower. In

Experiments 2, 3, and 14, the adjective pair better—worse was substituted for

older—younger. Terms of the problems were common first names. Half of the

names were of men and half of women , although men ’s and women ’s names never

both occurred in the same problem. Half of the names were one syllable in length;

hal f were two syllables in lengt h , although all ’ names within a given problem

had the same number of syllables.
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Abi1i~y~ tests. In Experiment 1, subjects received three verbal tests ,

three spatial tests, and two abstract reasoning tests. The verbal tests were

• synonyms—antonyin s and verbal analogies from the Concept Mastery Test , and the

word classification test used for preselection. The spatial tests were the

• Minnesota Paper Form Board , the French Cube Comparison Test , and the French

Card Rotaticn Test, which was the test used for preselection. The latter

two tests are from the French Kit of Reference Tests for Cognitive Factors

• 
(French, ~~strom , & Price, 1963). The abstract reasoning tests were Figural

Analogies from the 193L form of the American Council on Education (ACE) Psy-

• chological Examination for College Freshmen , and the French Figure Classifi-

cation Test. An additional test, the Gordon Test of Visual Imagery , was also

used, but since it was uncorrelated with anything else, it will not be con-

sidered further .

In Exper iment 2 , two more verbal tests , a second verbal analogies test

and a sentence complet ion test, were added to the battery of tests described

above. The Gordon Test was deleted from this and subsequent experiments. Test

2 (figure classification) from the Cattell Culture—Fair Test of ~, Form A , was

substituted for the French Figur e Classification Test. Gthervise, the same

tests were used as in Experiment 1. In Experiment 3, the Concert Masterv~ Test

was deleted , but all other tests were the same as in Experiment 2. Experiment 14

used the sentence completion test, Form S of the Differential Aptitude Test ( DAT )

Verbal Reasoning (analogies) subtest, French Card Rotat ion , French Cube Compari—

son ,Yorm S of the DAT Abstract Reasoning (series) subtest, and the ACE figural analogies.

Ap,paratus

In Experiment 1, linear syllogisms were presented via an Iconix three-

channel tachistoscope . In Experiments 2—14, linear syllogisms were presented
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via a Gerbrands two—channel tachistoscope. Timing was to the nearest millisecond.

Procedure

Experiment 1. Subjects were first told the nature of the linear syllogism,

and then were introduced to the tachistoscope and how to use it. Finally, they

were informed of the manner in which the linear syllogisms would be presented.

They were told that each trial would be divided into two parts: precueing and

solution. In the firBt part of the trial, subjects might be presented with ad-

vance information that would help them solve the problem . Subjects were told

to do as much processing as possible on this advance information , taking as

long as they needed but no longer to utilize the information fully. They were

then to press a foot pedal , which would result in the full linear syllogism

appearing on the screen. They were to solve each problem as rapidly as possi-

ble without making an error. They were then to indicate by pressing one of three

buttons on a button panel which of three responses (left, middle, right) was correct.

The precueing manipulation was similar to that used by Potts and Scholz

(l9T5) in the ir study of linear syllogisms , and by Sternberg (l977a , 197Th) in

the study of analogies. There were two conditions of precueing. In the

first, only a ligbted blank field appeared. This condition, of course, supplied

no advance information. In the second condition , the two premises of the problem

appeared , for example , “Sam is taller than Joe. Joe is taller than Bob.” The

full problem always appeared in the second part of the trial. A typical problem,

typed in IB1~ ORATOR typeface on a 6 x 9-inch index card , appeared in the following form :

Sam is taller than Joe .

Joe is taller than Bob.

Who is tallest?

Joe Bob Sam
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• Names appeared on the bottom line in random order.

Testing was done over two sessions. The first session began with two

trial blocks of 16 items each, half cued and half uncued. Test blocks also

consisted of 16 items each , with testing alternat ing between cued and uncued

items . In this experiment , adjective was confounded with presentation order.

Subjects received items with the adjective pair taller—shorter followed by

faster—slower in Session 1. In Session 2, subjects received blocks with both

of these adjective pairs plus the pair older—younger. In this session ,

• there were twice as many items with the pair o1der—y~ounger as with the

other two pairs , so that by the end of the session , subject s had rece ived each

of 32 item types with each adjective in each cue condition . Ability testin

was distributed over the two session s, with the ability tests always adminis-

tered at the end of each session.

Experiment 2. The procedure in Experiment 2 was the same as that in Experi-

ment 1, with the following exceptions.

First, items were presented in a question—first format. All items ap-

peared typed in IBM ORATOR typeface on 14 x 6—inch index cards in the following

form :

Who is tallest?

San is taller than Joe.

Joe is taller than Bob.

Joe Bob Sam

Second , there were three rather than two precueing conditions. In

the uncued (zero—cue ) condition , subjects rece ived a blank field in the first

part of the trial. In the one—cue condition , subjects received just the question

in the first part of the trial , for example , “Who is tallest ? ” In the two—cue

condition , subjects received both the question and the premises in the first part
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of the trial, for example, “Who is tallest? San is taller than Joe. Joe is

taller than Bob.” The ful l item was always presented in the second part of

the trial.

Third, the adjective pair better—worse was substituted for older—y~ounger ,

with taller—shorter and faster—slower remaining as in Experiment 1. Further-

more , the presentation of adjectives was completely counterbalanced over three

session s. Again, each subject received each item type with each adjective

in each precueing condition .

Fourth, the first part of the trial was terminated by a button rather

than a foot pedal .

Experiment 3. In Experiment 3, as in Experiment 1, items were presented

with the question following the premises. The choice of three adjectives was

the same as in Experiment 2, with presentation of adjectives over three ses-

sions completely counterbalanced.

In this experiment , there was no precueing. Subjects received only full

problems. But in addition to receiving linear syllogisms (three—t erm series

problems) ,  subjects also received two—term series problems, which took the

following form :

Sam is taller than Joe.

Who is tallest?

Sam Joe

Following Clark (1969b), the ungrammatical superlative rather than the

grammatical comparative was used in the quest ion in order to increase uni-

formity with the linear syllogisms. Order of names on the bottom line was random.

Each subject received each three—term series problem type three times with each

adjective , each subject received each two—term series problem type four times with

each adjective . The identical items were never used more than once , however.

L ___ 
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Names were changed on repetitions of problem types. The eight types of two—

term series problems used in the experiment varied in whether (a) the premise

adjective was marked or unmarked , (b) the question adjective was marked or

unmarked, (c) the premise was affirmative or negative equative.

~~~eriment 14 . Procedure in Experiment 14 was the same as in Experiment 3,

except that (a) 18 subjects in each of three groups received items with only one

of the three adjective pairs taller—shorter, better—worse , fester—slower ,

(b) each subject received each two—tern series problem type three times with

each adjective pair, (c) testing was done in two rather than three sessions ,

with the f irst session devoted to series problems and the secon d session

devoted to ability testing.

Experiments 1, 2, and 3 used fully within—subjects designs: All subjects

received all items. Experiment 14 used a between—subjects design across adjec-

tive types: Subjects received problems with only one of the three adjective

pairs. In Experiments 1 and 2, precueing conditions were completely crossed

with item types , that is, each of the 32 types of linear syllogisms appeared

in each cueing condition . In these experiments, the dependent variables were

response times for the first and second part of each trial. In Experiments 3

and 14, the single response latency for each item was the dependent variable.

Independent variables were adjective markedness for each premise and the

conclusion, polarity of premises (affirmative or negative equative), and lo-

cation of correct response (first premise or second premise).
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Quantification of Information—Processing Models

Parameters

Parameters representing the duration of each information—processing

component are shown next to each box of the flow charts. The design of the

experiments made it possible to estimate some, but not all , of these parame-

ters in an unconfotmded fashion. Table 1 shows the parameters that were

estimated for each model in each experiment. The contents of the table

will ’be interpreted fully for the mixed model. Interpretation for the

other two models follows along the same lines.

Insert Table I about here

The design of the experiments made it possible to estimate the durations

of negation (NEc), pivot search (PSM), response search (RS), and noncongruence

(iwo:; ) in an unconfounded fashion in each experiment. The optional noncongru—

ence operation was relevant to the task only in Experiments 3 and 14, where the

absence of precueing was hypothesized to result in hastier and less sharp en-

codings. The NCON parameter was thus estimated only in the last two experiments.

Response component time (RES ) could be estimated in isolation only in Experiment

2. This parameter includes time to scan the presented answer options , as well

as to indicate a response.

In all four experiments , seriation of the two premises into a single array

(SER), premise reading (PR), and encoding and seriation of relations described

by unmarked adject ives ( NMAB1 and NMA~2) were confounded . The single estimated

parameter for these confounded encoding operations has been designated ENC+.(The

“+“ in this and future parameters represents a mixture of operations.) ENC+

contains a slightly different mixture of operations in Experiments 1 and 2 ( ENc+1)

_ _  
• -~~~~~~~-
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fron that in Experiments 3 and ~ (E~~~2). The marking parameter, MARK , was

estimated as incremental time for processing marked adjectives over time for

processing unmarked ones. Additional time for linguistic encoding of relations

expressed by marked adjectives over time for relations expressed by unmarked

adjectives is equal to MARIÜ—NMAR 1. Additional time for spatial seriation of

relations expressed by marked adjectives is equal to MARK2—NMAF2. In Experi-

ment 2, question reading time (Q~ ) was estimated as the confounded ~ ?+ , since

it included smal l amounts of encoding and seriation time for unmarked adJec-

tives ( NNA~1 and N MAR 2). Response component time (RES ) was confounded in

Experiment 1 with question readin~ time (QR) and with some time for encodinr

and seriatinc~ of unmarked adJectives ( NMAR1 an~ ~~ k~2 ’~; in F.xDeriments ~ and ~~,

it was also confounded with some premise reading tine (Pp). The confounded

parameter for uncued and cued conditions combined is desip ~ted R~S+. In the

uncue~. condit ions alone, it was not possible to separate encoding from response

operations , 1eadin~ to additional confoundings for uncued data analyzed se rate .y.

The confounded parameter estimated from uricued data only is designated RES++ , and

is the sum of (EN~+)+ (RE S+) .

In all , six parameters were estimated for the mixed model in Experiment 1,

using the combined uncued and cued data. Seven paraneters were estimated for

the mixed model in Experiments 2, 3, and 14 , again usinw the combined cued and

uncued data. (In Experiments 3 and 14, two—term series problems served the same

function as precueing in Experiment s 1 and 2——that of separatinc additional

parameters.) Six parameters were estimated for the linguistic an~ spatial models

in Experiments 1, 3, and 14 , and seven were estimated in Experiment 2. Further

precueing (for example , separation of the first premise of a linear syllogism

from the remainder of the problem) could have been used to separate further some

of the still confounded parameters, but the additional information to be gained
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did not seem to justify the increase in the number of parameters that would

need to be estimated.

Parameter Est imat ion

Parameter estimation was done by lin ear multiple regression, using solu-

tion latency for each item type as the dependent variable, and structural as-

pects of the items as independent variables. Solution time was predicted as

the sun of the number of times each hypothetical operation had to be executed ,

which was given as an independent variable, times the duration of each hypo-

thetical operation , which was estimated as a parameter. Structural aspects

and values of the independent variables derived from them are shown for three—

term series problems in Table 2, and for two—term series problems in Table 3.

At the left side of each table, a shorthand notation is used to describe each

item type. The symbol “~~~~~~“ is used to denote an unmarked adjective relating

two terms; the symbol “ < “  is used to denote a marked adjective. A slash drawn

through either of these two symbols, “ .~~~ 
“ or “ .~~ “ , denotes the expression

“not as 
— 

as.”

Insert Tables 2 and 3 about here

The body of each table shows the values of the independent variables used

as multipliers to estimate the parameters designated at the top of each column .

Values are not shown for the conditions with precueing in Experiments 1 and 2 ,

a1thou~h these values can be easily inferred (as discussed below). Three

parameters , encoding time (E~NC+), incremental marking time (MARK), and negation

time (NE G),  were estimated in the same way for each model (that is, the independent

variables were identical), although these parameters have different information—

processing implications in each model (see Figures 1—3) and may contain different
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mixes of hypothesized component processes (see Table 1). Pivot search time

(PsM) and response search time (ES ) were also estimated for the mixed model ,

as well as noricongruence time (NCON ) in Experiments 3 and 14. Noncongruence

time (N~3N) and linguistic pivot search time (PSL ) were also estimated for

the linguistic model. Spatial pivot search time (Pss ) and incremental seria—

tion time for the nonpreferred direction (SERN) were also estimated for the

Spatial model. SEEN is the time it takes to sen ate in the nonpreferred direc-

tion as an increment over time taken to sen ate in the preferred direction .

Perusal of Table 2 will reveal that the value of ENC+ remains constant

over all 32 types of three—term series problems . It was for this reason that

either precueing (Experiments 1 and 2) or two—term series problems (Experiments

3 and 14) were also needed in order to estimate this parameter. These additional

problem types also provided other bases for estimating parameters beside ENC+ ,

as can be seen in Table 3 for the case of the two—term series problems.

The use of precueing affected the values of the independen~ variables in

systematic ways. Consider the effects of precueing upon the values of indeoen—

dent variables for Experiment 1. Recall that subjects were presented with the

premises in the first part of the trial, so that they needed to process only

the question and response alternatives in the second part of the trial. In the

cued condition , the independent variable for encoding (as shown in the ENC+ column )

drops to 0 for all 32 item types, since all elements entering ENC+——seriation ,

premise reading , and processing of unmarked premise adjectives-—are assumed to

have taken place during the f irst  part of the trial . The number of marked adjec-

tive s is always 0 or 1, depending upon whether or not the question adjective is

marked. The number of negations is always 0, since negations occur only in the

premises. Pivot search becomes irrelevant (an d hence of value 0) in each model,

because it is confined to processing of the premises. Incremental seriation in

hiir~~ ~~~~~~~~~~~ •~~~~~~~~~~~~~~ ••
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the nonpreferred direction also becomes irrelevant in the spatial model . The

response search and noneongruence processes remain, however , with the same values

as for the uncued items , since these processes cannot take place until the ques-

tion has appeared , and the question does not appear until the second part of

the trial.

In all , there were 32 uncued item types in each experiment . In Experiment

1, there were am additional 32 cued item types , so that a total of 614 data

points had to be predicted. In Experiment 2 , there were an additional 614

cued item types , for a total of 96 data points. In Experiments 3 and 14, there

were an additional 8 two—term series item types , for a total of 140 data points.

Results

Preview

The results of the experiments will be presented in five major parts.

First , basic statistics for the linear syllogisms data viii be presented. Second ,

qualitative aspects of the fits of the mathematical models to the latency data

viii be described. Third , quantitative aspects of the fits of the models to

the dat a Will be described . Fourth , the latencies of indivi dual component pro-

cesses in linear syllogistic reasoning will be discussed. Fifth , individual

differences in transitive inference vii]. be examined , and will be shown to help

distinguish spatial from linguistic processes.

Basic Statist ics

Table 4 presents basic statistics——means and their standard errors over

items—for the data sets that were used in mathematical modeling. There was no

Insert Table 14 about here

si~~ificant difference across experiments in overall mean solution latencies for

uncued items, 7(3,1214) — i.6i, 2.).05. Because selection of adjectives, numbers
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of sessions , and precueing manipulations differed across experiments, no sig-

nificance tests were conducted on these data sets. Visual inspection reveals

no consistent effect of adjective , however. In Experiments 1 and 3, there was

a monotone decline in solut ion time across sessions, although this pattern did

not appear in Experiment 2.

The error rate in each experiment was 1%.

qualitative Fits of the Models to the Data

A five—way analysis of variance was conducted on observed solutior. latencies

for uncued items and on predicted solution latencies for uncued items for each of

the three mathematical models. The five factors in the analysis were the same

ones that generated the 2~ = 32 u.ncued item types used in each experiment : (a)

markedness versus unmankedness of the first premise adjective, (b) markedness

versus unmarkedness of the second premise adjective, (c) markedness versus

unmarkedness of the question adjective, (d) affirmative versus negative equa—

t ive premises, (e) presence of the correct answer in the first versus the second

premise. Each cell of the 2~ design contained four observations, namely , the

mean s over subjects of the solution latencies for a given item type for a given

exper iment . Data for individual subjects will be discussed at length later in

the article. In interpreting the results of the analysis of va.riance,O( = .05

was used as the minimum level for statistical significance.

Main effects of marking . The observed data showed statistically significant

effects for marking of the first premise adjective , 7(1,96 ) = 148.53, p~<.00l,

marking of the second premise adjective , 7(1,96) = 25.142, ~~~~~~~ and marking

of the question adjective , 7(1,96) 20.12, ~~<.00l. All three models predicted

these statistically significant marking effects. Whereas the three models pre-

dicted t~ effect of marking to be the same for all three adjective positions , however ,

the data showed differential effects for the three positions. The predicted
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effect of marking was 439 msec for each model for each adjective . The observed

effects were 556 msec for the first premise adjective, 1402 msec for the second

premise adjective, and 358 msec for the question adjective. The models, there-

fore , were all satisfactory in accounting for the existence of a marking effect,

but were all unsatisfactory in failing to account for differences in the magrii—

tude of the effect as a function of which adjective was marked .

Main effect of negation. The observed effect of negation, 1086 msec for

the two premises combined, was statistically significant, 7(1,96) = 185.12,

~~~~~~~ The predicted effect for each of the three models was also statis-

tically significant , and was equal in magnitude to the observed effect, i086 msec.
Main effect of answer in first premise. Items with the correct answer in

the first premise were significantly harder than items with the correct answer in

the second premise , 7(1,96) = 55.93, ~~<.00l. The mixed model correctly predicted

that items with the correct answer in the first premise would take 598 msec longer

than items with the correct answer in the second premise. This statistically

significant added latency reflects the need of the subject to search for the re-

sponse in items where the response is not immediately available. The linguistic

and spatial models, however, lacking a response search operation , predict no

difference in latency as a function of which premise contains the correct answer.

Interactions. A detailed accounting of interaction effects would consume

more space than it warrants. The observed data showed seven statistically sig-

nif icant interact ions , of which two were two—way, three were three—way, and

two were four—way. The mixed model correctly predicted three of these, the

linguistic model, two, and the spatial model, one. Moreover, each model pre-

dicted two spurious interactions (although not the same two in each ease). It

is reasonable to conclude, there fore, that none of the simple linear models does

full justice to the complexity of information processing shown by subjects in
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the solution of linear syllogi sms . At best , the simple linear models are ap-

proximations to the complex and possibly nonlinear processing strategies sub-

jects use. It remains to be shown, however , that even a somewhat more complex

model could substantially improve qualitative fit to the data, especiaily in

view of the complexity of the observed interactions. In correctly accounting

for all of the main effects and some of the interact ions, the mixed model

seems at least to be a good approximation to the true model.

Predicted and observed values for individual data points. The observed

data and the predictions of the mixed model for each of the four experiments

are shown in Table A of the appendix. An examination of this table reveals

that the predicted times show very good agreement with the observed ones. On

the other han d , there are some points that are either underpredioted or over—

predicted in all four experiments, showing, as did the above analyses , that

there is room for improvement in the mixed model.

Quantitative Fits of the Models to the Data

With data for the 32 uncued item types averaged across subjects and experi-

ments, the mixed model accounted for 90.2% of the variance in the data with a

root—mean—square deviation (RMsD) of 28 esec ; the linguistic model accounted for

67.5% of the variance in the data with an RMSD of 52 esec ; the spatial model ac—

counted for 62.9% of the variance in the data with an RMSD of 55 esec . Table 5

prese:~ts squared correlations between predicted and observed data points for a

number of experimental data sets based upon group means for each experiment. All

latencies , including those for error trials, were used in modeling. H

Insert Table 5 about here

Overall uncued solution time . The data of primary interest are those from

the first data set , representing latencies for all 32 uncued item types averaged

j
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over adjectives and sessions . These data will be considered in greater detaIl

than the others .

In each experiment, the mixed model is clearly superior to either the

linguistic or spatial model : The differences in H2 between the mixed model

and the second best model , the linguistic one , are .213, .148 , .155, and .2140

in Experiments 1, 2 , 3, and 14 respectively. Thus , regardless of whether the

question cane before or after the premises , of whether or not precueing was part

of .the experimental design, and of whether different adjectives were presented

within or between subjects, the mixed model best accounted for the data.

In Experiments 1 and 2, the same number of parameters was estimated for

each model , so that there is no quest ion regarding comparability of model

fits for the mixed, linguistic, and spatial models. In Experiments 3 and 14,

the mixed model had one additional parameter, the optional noncongruence

parameter. According to the mixed model, this additional parameter is neces-

sary, and any model with fewer parameters than the mixed model is inadequate

by virtue of beIng incomplete . If the additional parameter is deleted from

the mixed model , however, the mixed model is still superior to the alterna-

tive models. With noncongruence deleted, values of R
2 were .765 in Experiment

3 and .832 in Experiment 4. The differences in H2 between the mixed model and

the linguistic and spatial models respectively are .076 and .188 in Experiment

3, and .121 and .189 in ~bcperiment 4. Thus , even without the optional noncon—

gruence parameter of Experiments 3 and 14, the mixed model retains its superi-

ority over the other models.

The levels of fit for the three models must be assessed in the context of
the reliabilities of the data. Reliabilities of solution times for the uncued
items were computed in two ways , within experiment and between experiment .
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The within—experiment (internal consistency) reliabilities were computed by

correlating mean latencies on each of the 32 item types for odd versus even

numbered subjects. (Numbers were assigned to subjects in an arbitrary fashion.)

These correlations were then adjusted by the Spearman—Brown formula. This for-

mula takes into account the fact that only hal f of the observations were used

in each of the two sets of observations that were correlated with each other.

The within-experiment reliabilities indicate the proportion of true or sys-

tematic variance in each set of data , and thus set an approximate upper limit

on the level of fit CR2) that any one model can be expected to show. Within—

experiment reliabilities were .86, .82, .92, and .99 in Experiments 1, 2, 3,

and 14 respectively. Considered in conjunction with the fits of the mixed

model, the reliabilities show that in Experiment 1, of .19 unexplained variance,

.05 was systematic and .114 was unsystematic; in Experiment 2, of .26 unexplained

variance , .08 was systematic and .18 was unsystematic; in Experiment 3, of .16

unexplained variance , .08 was systematic and .08 was unsystematic; in Experiment

4, of .12 unexplained variance, .11 was systematic and .01 was unsystematic.

The between—experiment reliabilities were computed by correlating mean latencies

on each of the 32 item types across each pair of experiments. These reliabilities

indicate the proportion of shared variance across experiments , an~ thus set an

approximate upper limit on the generalizability of any one model to the four sets

of data. Between—experiment reliabilities were .814 between Experiments 1 and 2,

.78 between Experiments 1 and 3, .80 between Experiments 1 and 14, .83 between

Experiments 2 and 3, .87 between Experiments 2 and 4, and .92 between Experiments

3 and 4. These data suggest that no single model could be expected in all three

experiments to account for proportions of variance exceeding the low to mid .80’s.

Thus , the mixed model could not have done much better across experiments than it

did.
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None of the mode]c accounted for all of the systematic variance in the

data. It is of interest to determine whether the unaccounted for systematic

variance is statistically significant relative to the total unaccounted for

variance. This determination was made by testing the statistical significance

of correlations between pairs of residuals of predicted from observed values.

Significant correlations indicate unaccounted for variance that is statisti-

cally reliable. Significance was tested both within and between experiments.

These correlations are presented in Table 6.

Insert Table 6 about here

Within—experiment comparisons were computed by splitting subjects into

odd— and even—numbered groups (with numbers arbitrarily assigned), modeling

solution times separately for each group , calculating residuals of pre-

dicted from observed values for each group, and then correlating the residuals.

Resulting correlations were adjusted by the Spearman—Brovn formula, since only

half the observations were used in the calculation of each set of residuals.

One—tailed significance tests were then applied to the correlations, as shown

in Table 6. The mixed model could not be rejected in Experiment 1, although

it could be rejected at the .05 level in Experiments 2 and 3, and at the .001

level in Experiment 4. The linguistic model could be rejected at the .05 level

in Experiment 1, the .01 level in Experiment 2 , and the .001 level in Experiments 3

and 4. The spatial model could be rejected at the .05 level in Experiment 1,

and at the .001 level in Experiments 2 , 3, and 4 . The mixed model thus provides

the best mathematical account of the data , although in three of the four experi-

mental comparisons , there is statistically significant unexplained variance.

-
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Between—experiment comparisons were computed by modeling solution times

separately for each experiment , calculating residuals of predicted from ob-

served values in each experiment, and then correlating the residuals across

experiments. The mixed model could be rejected at the .05 level in compari-

sons between data for Experiments 1 and 3, and at the .001 level in comparisons

between Experiments 1 and 4 and between Experiment s 3 and 14 ; it could not be

rejected in any other experimental comparisons. The linguistic and spatial

models could be rejected at the .001 level in every experimental compari-

son. The results indicate the superior generalizability across experiments

of the mixed model over the linguistic and spatial models.

Solution times for individual adjectives. Returning to Table 5, we see

model fits presented individually for each adjective pair. Since these fits

are based upon only one—third as much data as the above fits, the values of

B
2 
are substantially lower. The results are clea.rcut, however : The mixed model

gives a superior account of the data for every adjective in every experiment.

The linguistic and spatial models alternate between second and third place with

respect to fit.

Although the mixed model is always superior to the other models, It seems to

account better for performance with the adjective pair fast—slow than it does with

any other adjective pair. None of the other models consistently show this

preference for fast—slow, nor for any other adjective pair; nor does the

mixed model show any other clearcut trends for other adjective pairs. It is

not clear why the mixed model performs better for the fast—slow pair than for

other pairs.

Solution times for individual sessions. The table also presents model

fits for individual sessions. Once again, the results are clearcut: The mixed

model provides a superior account of the data for every session In every experiment.



Transitive Inference

56

These data are of particular interest because they are inconsistent with both

strategy—change hypotheses: The mixed model Is best regardless of session.1

Moreover , when one considers only the patterns of fit for the linguistic and

spatial models, there is no apparent Interaction between level of practice and

choice of processing strategy . Thus, a direct test of the strategy—change

hypotheses failed to provide confirming evidence for either one of them.

Overall uncued and cued solution times. The model fits described in

tha preceding sections have been based upon uncued solution times only. When

solution times from the precued conditions (or in Experiments 3 and 14, two—term

series problems) are combined with solution times from the uncued condition

in each experiment, model fits increase dramatically, as shown in Table 5. The

increase appears to be due to the large increase in solution—time variance intro-

duced by the separation of the encoding components (ENc+) from other components.

This separation is possible only because of the use of precueing or two—term

series problems . Because the levels of R2 are so high , the values of H2 for the

various models are closer together than in previous comparisons. Nevertheless,

the mixed model once again provi des the best fit to the data from each experiment.

Precueing. It is possible to model precueing times as veil as solution

times. Precueing times, it will be recalled, are those from the first part

of the trial in Experiments 1 and 2. In Experiment 1, the modeled data

were based upon times to process just the two premises of each problem. In

ExperIment 2, the modeled data were based upon times to process the quest ion

and premises (but not the answer alternatives). Table 5 shows that in both

experiments , the mixed model gave an account of the data that was superior

to that given by either the linguistic or spatial model. The two—term series

problems of Experiments 3 and 14 did not provide an adequate item set for dig-
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tingtzi shing among models. With negation time (NEG), marking time (MAB~ ), non—

congruence time (NcON), and response time (RES+ ) as parameters , it was possi-

ble to account for .8148 of the variance in the two—term series problem latencies

of Experiment 3, and .887 of the variance in the two—term series problem latencies

of Experiment 4.

Solution times for individual subjects. Table 7 presents data concerning

the performances of the models in predicting individual solution—time data both

for un ctied items only and for uncued and cued items combined. Models are evalu-

ated with respect to mean H2 for individual subjects and the number of cases in

which each model best fit the data of individual subjects.

Insert Table 7 about here

As in previous analyses , the mixed model gave the best account of the

data in each experiment both for uncued items only and for uncued and cued

items combined. The mixed model did not give the best account of the data

in every individual case , however. With the uncued data, it was best in 73%

of the cases; with the uncued and cued data combined, it was also best in 73%

of the cases .

In a number of individual cases , the fit of the best model to the data was

only trivially better than the fit of the next best model. It is therefore of

interest to know in what proportion of the cases one model was clearly superior

to any other model. Suppose we decide (arbitrarily) that a practlcally signifi-

cant difference in individual model fit is represented by a difference in R2 of

.05 or greater . In what proportion of the cases did one model perform signifi-

cantly better than any of the others? The data in Table 8 address this question .

Insert Table 8 about here

- --- - --
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The number at the top of each cell shows the proportion of cases in which one

model performed significantly better than another. Thus, using the .05 cutoff,

we find that the linguistic model was significantly better than the mixed model

for 8% of the cases , the spatial model for 6% of the cases. On the other han d ,

the mixed model was significantly better than the linguistic model for 65% of

the cases, and significantly better than the spatial model for 72% of the cases.

The number in parentheses at the bottom of each cell shows the comparable pro-

portion for a practically significant difference in H2 of .10 . Whichever

cutoff is used , the proportion of cases for which the mixed model is inappropri-

ate is quite small, whereas the proportion of cases for which the linguistic

or spatial model is inappropriate is quite large. The mixed model is thus not

only preferred for the group data, but for the large majority of individual

cases as well. Note, though , that individual differences do exist : At least

some of the 106 subjects in the four experiments used a strategy that was better

approximated by the linguistic or spatial models than by the mixed model.

Latencies of Component Processes

Parameter estimates for mixed model. Parameters were estimated as the un-

standardized regression coefficients weighting each of the independent variables

shown in Tables 2 and 3. Each parameter is hypothesized to correspond to the

duration of one or more component processes, as shown In Table 1. Names of

parameters are the san e as in Table 1.

Table 9 shows values of the parameters and their standard errors as es—

t imated from various set s of data from each experiment , including uncued

solution times , combined uncued and cued solution times, and cue times.

Estimates from the first two sets of data are obviously nonindependent.

Insert Table 9 about here 
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The ~~C+ parameter includes a combination of times for between—premise

seriation, incremental ser iation of marked adject ives in the nonpreferred

direction , premise reading, and encoding of m~w ked adjectives . The first

two processes are hypothesized to be spatial, and to account for most of the

estimated time . The second two processes are hypothesized to be linguistic.

ENC+1 differed significantly from 0 in both experiment s in which it was es-

t imated (1 and 2), and was estimated at about 465o msec. ENC+2, comprising

fewer operations , was estimated at about 3050 msec . It seems unlikely that

the small di fference in the composition of ENC+
1 

and ENC+ 2 (see Table 1)

could account for the large difference in estimated values. Rather, It seems

most likely that encoding operations were performed more rapidly in Experiments

3 and 4, where ENC+
2 
Was estimated, than in Experiments 1 and 2, where

was estimated. This difference is exactly as predicted by the mixed model,

according to which encoding should be more rapid and less careful in experi—

mental paradigns leading to the use of the optional noncongruence operation.

In Experiments 1 and 2 , the use of precueing presumably encouraged subjects to

encode the premises fully before indicating readiness to see the question and

solve the problem. In Experiments 3 and 14, there was no precueing in which

subjects could take as long as they needed to get a sharp spatial encoding.

Hence , subjects are likely to have encoded the items more quickly and less

sharply , at the expense of needing the extra check for congruence at the end.

It was possible to estimate unconfoun ded durat ions of negation , marking,

pivot search , and resp onse search times in all four experiments. Estimates

of negation time center at about 350 asec , of marking time at about 400 msec ,

of pivot search time at about 1100 macc , and of resp onse search time at about

500 macc. Question reading time (plus confounded operations) could be esti-

mated only in the second experiment, and appears to be about 400 macc. 
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Response time is about 800 macc .

For the most part, the group parameter estimates are reasonable and in close

agreement across data sets. The two exceptions to this agreement are that

negation time is inexplicably low in Experiment 3, and response search time

is inexplicably low when estimated for cued and uncued data in Experiment 1.

An examination of parameter estimates for indivIdual subjects , assuming

use of the mixed model , reveals that the indivi dual data were considerably

less reliable than the group data. In Experiments 1, 2 , 3, and 14 respectively,

the proportions of statistically significant parameter estimates (~~(..O5)

were 1.00 , 1.00, 1.00 , 1.00 for ENC+, .56, .50 , .1414, .37 for NEG, .50, .78,

.61, .141 for MARK , .81, .914, .78, .1*3 for PS , .3l , .83, .33, .39 for RS ,

.56 (Experiment 2 only) for QJ~+, and .67 and .214 (Experiments 3 and 4 only)

for NCON .

Parameter estimates for linguistic and spatial models. Group parameter

estimates for the linguistic and spatial models were also computed, and are

useful as a diagnostic for assessing where these models failed to predict the

data adequately. These parameter estimates are shown in Table 10. The values

are for uncued items only, end are presented separately for each of the four

experiments.

Insert Table 10 about here

In the linguistic model , values of the negation and marking parameters

differed significantly from zero in all four experiments. The value of the

noncongruence parameter was significantly different from zero in Experiments

2, 3, and 14. The value of the linguistic pivot search parameter was signifi-

cantly different from zero only in Experiment 3. If a new , improved lin-

guistic model is to be formulated, it vi].). have to reconceptualize the role of
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linguistic pivot search and possibly of noncongruence. The linguistic pivot

search parameter obviously fails to carry its weight . The linguistic noncon—

gruence parameter is a strong contributor to the model only In Experiments 3 and 4.

In the spatial model , values of the negat ion and marking parameters

differed significantly from zero in all four experiments. The spatial pivot

search parameter was signifi cantly different from zero in Experiments 3 and

14 , and the parameter for seriation in the nonpreferred direction was not

significantly different from zero in any experiment. If a new, improved spatial

model is to be formulated , it will probably have to eliminate the parameter for

seriation in the nonpreferred direction. The role of spatial pivot search may

also have to be reassessed.

Partitioning of total solution time. By multiplying the estimated latency

of each operation by the average number of times it is executed , one can estimate

the average amount of time spent on each operation during solution of a typical

linear syllogism. Figure 5 shows a partitioning of total solution time for a

typical negative equative item in each of the four experiments. A typical

affi rmative item would differ only in the deletion of the latencies for the

negation (NEG ) and pivot search (PSM ) operations . The partitioning assumes

the use of the mixed model .

Insert Figure 5 about here

In all four exper iments , encoding operations take by far the largest amount

of time , whereas response search and noneongruence (where applicable) take the

smallest amounts of time. Encoding operations are about 1 1/2 sec faster in the

two experiments in which precueing was not used than in the two experiments in
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which preeueing was used. This difference, again, is consistent with the

prediction of the mixed model that spatial encoding should be hastier in the

experiments without precueing, leading to a less adequate spatial representa-

tion of the relations among terms and the subsequent need for a check of the

prior linguistic encoding.

Individual Differences in Transitive Inference

Weights of component processes in accounting for individual differences.

The. parameter estimates presented in the preceding section provided an indi-

cation of how important each operation is in accounting for between—items

variance. It is of further interest to know how important each operation is

in accounting for between—subjects variance . In other words, one seeks to

determine the relative contribution of each opere.tion in generating individual

differences in overall solution times. Table 11 addresses this question.

It shows for each experiment the standardized regression coefficients obtained

when subjects ’ mean solution times for the 32 uncued item types are predicted

across subjects by multiple regression from their individual parameter estimates.

(Note that all previous modeling was across item types, not subjects.) Since the

parameters were estimated from the data on which the means are based (plus precued

data as veil), values of B2 were close to 1 and of no interest.

Insert Table 1]. about here

The standardized weights show that the encoding operations (ENC+) con—

tribute by far the most to predicting individual di fferences in overall solution

latencies. Thus , in order to understand why individuals differ in the latencies

with which they solve linear syllogi sms , one ’s first order of business is to un-

derstand more about the nature of the encoding operations.



Transitive Inference

63

Intercorrelations between parameters. Intercorrelations between parame-

ters are shown in Table 12. In order to increase the power of the statistical

Insert Table 12 about here

tests, data were combined across all four experiments. There were a total of

106 subjects in the four experiments combined.

It was mentioned earlier that many parameter estimates were not statisti-

cally reliable for individual subjects. Because of the unreliability of some

parameter estimates , correlations were computed in tw~ di fferent ways. One

set of correlations (presented in roman type ) is based upon the parameter

estimates of all individuals for whom the Dara~eter could be estimate-~. (se—

call that not all parameters coul d be estimated in all experiments , as shown

in Table 1.) A second set of correlations (presented in italic type) is based

upon ony those parameter estimates that were statistically significant at the

.~ 25 level . This relatively stringent level of signi fican ce was used because

of the iar~e nuriber of parameter estimates involved. Obviously , neither set

of correlations is ideal. The first set is attenuated by the inclusion of

unreliable estimates. The second set may be biased by the inclusion of only

subsamples of the data. The direction of the potential bias is unclear : On

the one hand , the parameter estimates retained are for subjects who were most

clearly using the mixed model ; on the other hand , the range of the parameter

estimates is restricted because statistically significant parameter estimates

tend to be higher ones. However , it will be shown in this  and subsequent analy-

ses that although the magnitudes of the correlations differed under the two

procedures , the conclusions to be drawn were practically the same .

In computing correlations with ENC+ and RES+, a dummy variable was held

constant that distinguished participation in Experiments 1 and 2 from participa—
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tion in Experiment s 3 and 1~. First—order pa.rtia]. correlations were used be-

cause these parameters were estimated from different mixes of components in

the two sets of experiments, and because according to the mixed model , ENC+

should have a lower latency in the 1at~er two experiments, where spatial

encoding is assumed to be less careful. Higher—order Dartials controlling

for membership in each experiment were also tried , but had almost rio further

effect on the magnitudes of the correlat ions.

The numbers of subjects for whom parameter estimates were significan t at

the .025 level were 106 for ENC+ , 25 for I~EG, 27 for MARE, 1~l for PS, 28 for RS,

9 for Q~+ (Experiment 2 only) ,  12 for NCON (Experiments 3 arid 1~ only) .  RES+

was estimated as a regression constant , and so no significance test was availa-

ble. All 106 values were used.

Of the 25 possible sets of intercorrelations represented in the table (which

excludes unities in the diagonal), 12 are statistically significant under both

correlational procedures, 8 are nonsignificant under both procedures, and 5 show

discrepancies. There is thus good agreement between proced~ires. Of most impor-

tance is the large number of statistically significant correlations. These

relationships show that many pairs of the various latencies are nonindependerit.

Such a pattern is what would be expected if some of the processes are essentially

linguistic in nature and others are essentially spatial. The one component that

is correlated with every other component , ENC+, Is a parameter hypothesized to

contain a mix of both linguistic processes (premise reading and encoding of

relations expressed by unmarked adjectives ) and spatial processes (between—premise

seriation and within—premise seriation of relations expressed by unmarked adjectives),

as shown in Table 1. Marking is also correlated with most of the other parameters,

and it too is hypothesized to contain a mix of linguistic and spatial processes.
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Correlations between ~~~~~eters arid composite ability scores. Composite

ability scores were computed by standardizing scores on each ability test

(within experiment), s~m~ ing these standard scores for each type of test ,

and then restandardizing the sum. Within—experiment standardization was

required because different ability tests were used in different experiments.

Although the particular tests varied , th~ measured abilities were the same :

verbal, spatial visualization, abstract reasoning. Verbal items included

tasks such as synonyrns—antoriyrns, verbal analogies , verbal classif icat ions

(requiring subjects to recognize which one of five words didn ’t belong with

the other four),  and sentence completions (requiring subjects to indicate

which of five words best fit in a blank embedded in the context of a sentence) .

Spatial visualization item s required mental rotation or rearrangement of geo-

metric forms in two or three dimensions . Abstract reasoning items included

geometric analogies, geometric classifications, and geometric series. The par—

ticular tests used are named in the Materials section of the Method.

The verbal composite was only weakly correlated with the spatial composite,

r .20, ~~<.05, and with the abstract reasoning composite , r = .21, .05.

The spatial and abstract composites were highly correlated , however, r = .65,

a’~°°1~ suggesting that the two types of tests measured similar abilities.
This is a standard pattern of correlations in the psychometric literature (see

Cattell, 1971), and in some tests , such as the Cognitive Abilities Test, spatial

and abstract reasoning tests are combined in the computation of a single, nonverbal

score.

Correlations between parameter estimates arid composite ability scores are

In sert Table 13 about here

shown in Table 13. The correlation between overall solution latency in the uricued

- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - - -
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condition of each experiment and composite ability score is also shown. Cor-

relations were computed in the same ways described in the preceding section.

The two methods of computation showed a high degree of consistency. Of 2~

possible correlations, 1. were statistically significant under both methods ,

6 were nonsignificant under both methods , and only 1 was signifi cant under

one method but not the other.

Overall solution latency was highly correlated with all three types

of tests. This pattern of correlations is consistent with the mixed model,

since solution of linear syllogisms is hypothesized to require both verbal

and spatial—abstract processes. The pattern Is not consistent with models

that postulate that the solution process is either strictly linguistic or

strictly spatial—abstract.

The encoding parameter (ENC+ ) was also significantly correlated with all

three ability composites. This result is consistent with the mixed model ,

according to which the ENC+ parameter includes both linguistic and spatial-

abstract processes. A strictly spatial or linguistic model would have trouble

accountin~ fc~r thi s pattern . Although ENC+ contains a mixture of operations ,

the predominant operation, according to the mixed model , is spatial seriation

between premises. This is the crux of the three—term series problem , and the 4

major source of difficulty. Hence , the model predicts that the spatial—abstract

correlation will predominate , and this is in fact the case. The correlations

of ENC+ with both spatial and abstract scores are greater in magnitude than — .5,

whereas the correlation with the verbal score (presumably due primarily to premise

reading ) is only -.25. These data suggest that the premise terms are indeed encoded

into some kind of spatial array.

The negation parameter (NEG) shows significant correlations with the spatial

and abstract composites but not the verbal composite. This pattern of correla-
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tions is inconsistent with the prediction of the mixed model, according to vt~ich

negation is a linguistic operation. The obtained pattern of correlations suggests

that as hypothesized by the spat ial model , negation is accomplished spatially

by reversal of the positions of the two terms in a within—premise spatial

arra~r . The mixed model may have to be revised to reconceptualize negation as

a spatial—abstract process. Latency predictions would remain the sane.

The marking parameter ( MARK ) shows some relat ionship to verbal, spatial ,

and abstract composites , as predicted by the mixed model but neither the spatial

nor linguistic models. The relationship to spatial—abstract ability appears

to be substantially stronger than that to verbal ability, suggesting that the

primary source of individual differences is in spatial seriation of terms (MARK2)

rather than in linguistic encoding of the marked relation (MARK1).

Pivot search ( PSM ) shows significant correlations with the spat ial and

abstract composite but not with the verbal composite. This pattern of correla—

tioris is consistent with the mixed model , which postulated pivot search to be a

spatial—abstract operation . Neither the linguistic nor the spatial model contains

the pivot search operation as conceptualized by the mixed model, so no relevant

predictions can be made for these models.

Response search (RS ) is significantly correlated with all three types of

tests .  According to the mixed model , however, response search was supposed to be

exclusively a spatial process. It now appears that In searching for a response,

subjects may differ in the rate~at which they read off names from an array as

well as in the rateS at which they can traverse distances in the array. The two

types of individual differences would account for the dual linguistic and spatial

correlations (Clark, Note !5.
Noncongruence (NCON) is significantly correlated with the verbal but neither

the spatial nor the abstract composites. This correlational pattern is consistent

with the mixed (or linguistic) model, which stipulates that noncongruence is an
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optional linguistic operation.

Finally, response (RES+) is significantly correlated with the verbal com-

posite but not with the spatial and abstract ones. Examination of Table 1

reveals that the response parameter as estimated for the mixed model contains

up to three linguistic processes——question reading (QR+), premise reading (PR),

and ericodin~ of relations expressed by unmarked adjectives ( NNAR1) . The parame-

ter contains just one spatial process——seriation within premise of relations

expressed by unmarked adjectives (NMAR2). The pure response component (RES )

itself is not identified in advance as either linguistic or spatial. The ob-

tained results , therefore , are consistent with the larger number of linguistic

operations hypothesized by the mixed model to constitute the response component .

In general, the results of this individual—difference analysis are suppor-

tive of the mixed model, according to which particular operations should show

patterns of individual differences along either verbal, spatial, or both lines.

Tvo results suggest the need for possible changes in the mixed model . The f i rs t

is the significant correlation of the negation parameter (NEG) with the spatial

and abstract composites but not the linguistic composite. The second result is

the small but significant correlation of response search (PS ) with verbal as

well as spatial and abstract abilities. In the case o’ negation , the nature of

the suggested reformulation is evident, since a spatial account of negation has

been suggested whereby terms are flipped in a spatial array. In the case of

response search, subjects may differ in the ratec~at which they read off names in an array.

Correlations of composite solution latenc ies for individual adject ives an d

sessions with ability test composites. Table 114 shows correlations between

ability test composites and uncued solut ion latencies for combined data , indi-

vidual adjective s , and individual sessions. The correlations were computed 

~~~~~~- -
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separately for each experiment, since the choice of adjectives and numbers of

sessions differed from one experiment to another . Although correlations of

ability scores with parameters for each adjective and each session would also

be of interest, the individual subjects’ data were not reliable encugh to

permit exploration of these relationships.

Insert Table 114 about here

The correlat ions with indi vidual adjectives are of interest in determining

whether more clearly spatial adjective pairs, such as taller—shorter, better tap

individual &I fferences in spatial—abstract ability than do less obviously

spatial adjective pairs, such as better—worse, which would seem more likely to

lend themselves to a linguistic strategy. Indeed , Clark’s (1969a , 1969b) major

support for the linguistic model of linear syllogistic reasoning is based upon

data collected for the single adjective pair, better—worse. The possibility of

differential patterns of correlations for different adjectives certainly merits

investigation, since both DeSoto et al. (1965) and Shaver et al. (l97~ ) have

suggested that different adjective pairs may be processed in qualitatively

different ways.

The correlations with individual sessions are of interest as a further

test of the strategy—c hange hypotheses. According to the spatial—to—linguistic

strategy—change hypothesis , one mi ght expect higher correlations with spatial

tests in earlier sessions , followed by hi gher correlations with linguistic tests

in later sessions . The linguistic—to—spatial strategy change hypothesis might

lead one to make exactly the opposite prediction .

Looking first at the combined dat a, we see that all correlations are sta-

tistically signif icant except those with the verbal composite in Experiments 1

and 2. This pattern of result s can be understood in terms of the mixed model. 

~~~~ --— ~~~~. - -
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According to this model , there is a key difference in strategy between subjects

in Experiments 1 and 2 and subjects in Experiments 3 and 14, namely, a reduced

emphasis in the latter experiments upon spatial seriation accompanied by checking

of previous linguistic encodings and possible use of the linguistic noncongruence

operation . These changes in strategy shoul d result in an increase in the rela-

tive cbntribution of verbal ability to the solution of linear syllogisms in

Experiments 3 and 14, and possibly a decrease in the relative contribution of

spatial—abstract ability. The correlations show a pronounced increase in the

verbal contribut ion , and a possible decrease in the spatial—abstract contribution.

The patterns of correlations for the individual adjectives do not show any

consistent trends across experiments. Although there are trends that might be

viewed as suggestive in the context of single experiments, these trends do not

hold up when considered in the context of the entire set of data. These correla-

tions , like the model fits for individual adjectives , suggest that a single model

is likely to account for processing strategy for each of the three adjective pairs .

The correlations for individual sessions tell much the sane story. Although

there are isolated patterns within single experiments , no trend seems to hold

up when the experiments are considered in conjunction. In particular , there is

no suggestion in the data that subjects rely upon either a spatial or linguistic

strategy in earlier sessions , and then switch to the other strategy in later

sessions. These data, like the modeling data, suggest that a single model is

likely to account for the data in every session.

To summarize , the correlational data are consistent with the modeling data

in suggesting that a single model can account for performance across both adjec—

tives and sessions. The data reviewed so far favor the mixed model as this

single model.
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C0~~ABISON OF T}~ MODELS ON PREVI OU SLY PUBLIS}~~ DATA

Preview

The results presented in the previous part of the article were generally

supportive of the mixed model in the context of the present set of experiments.

How does the mixed model compare to the alternative models , however , in its

ability to account for previously published results? This question is addressed

in the present part of the article. First
1 qualitative aspects of model fits

will be discussed , and then quantitative ones.

Qualitative As~pects ~~
Representation of Marked versus Uruna.rked Ad.jectives in Memory

Potts and Scholz (1975) reported two findings that led them to believe

that marked and unmarked adjectives are represented in the same form in memory,

regardless of the way in which premises are stated. The first finding was that

“when subjects are given sufficient time to study the premises prior to answering

the question , reaction time to the quest ion ‘Who is best?’ is shorter than

reaction time to the question ‘Who is worst”” (p. 14145). All of the models as

formulated in this art icle can handle this finding. The finding is consistent

with the notion that marked adjectives take longer to encode (whether the

encoding is linguistic , spatial , or both) than do unmarked ones. One would there—

fore expect longer solution times as a funct ion of longer times spent in encoding

the marked adjective in the question “Who is worst?” Potts and Scholz recognized

the differential encoding interpretation as an alternative to their own inter-

pretation of their finding as indicating a single form of storage .

Potts and Scholz ’s second finding was that there is no effect of noncongru—

ence in a separate—stages (precueing ) paradigm . This finding is consistent only

with the mixed model , which asserts that subj ects do not check for noneongruence

of the quest ion with their linguistic encoding of the an swer when they are en—
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couraged , as they were in Potts and Scholz ’ a separate—stages paradigm, to form

a sharply defined spatial array.

Abi]4~y of Subj ects to Answer Unexpected Quest ions as a F’unction of Practice

Wood , Shotter , and Godden (19714) found that with increasing practice in

solving five—term series problems, subjects showed “a general reduction in

the ability to answer unexpected questions based on the information just uti-

lized” (p. 255). The authors interpreted these findings as corroborating

“the claim that subjects who are naive , with respect to series problems ,

generally tend to adopt a representational strategy while those who are more

experienced tend to develop a nonrepresentational one” (p. 255). An alterna—

tive explanat ion , which has nothing to do with alternative modes of problem

representat ion, is that with increasing amounts of practice , subj ects establish

a set for solving the problems at hand . The more problems of a similar nature

the subjects are given to solve , the more likely they are to fail to solve a

set—breaker. This set or functional fixedness effect is a common one in problem—

solving tasks (see, for example, Duncker , 19145; Luchirts, 19142), and seems

applicable here. Although there was a control group in the Wood et al. experi-

ment , the nature of the task given to the control group was such that any set

that might have built up was irrelevant to the unexpected question, and hence

would not have been expected to interfere with the subjects ’ answering it.

Difficulties People Have in Answering the Question “Where is It?”

Clark (1972a) performed a series of experiments in which subjects were

instructed to insert an object into a visually presented array . The experiment

most relevant to the present discussion is the third . In this experiment , one

~~,us would be presented with “32 displays each constructed fr~~t one of eight

sentences——Blue 1. higher than (is lower than , isn ’t as ~~~~ as , isn ’t !!. ~~~

~~~~ plus the same four sentences with blue and ~~~~ interchanged——an d from one
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of four different pairs of colored lines——black on top and blue on bottom ,

blue on top and black on bottom, black on top and pink on bottom, and pink on

top and black on bottom....The Ss were told to indicate whether the missing

blue or pink line went above or below both of the lines on the right by

pressing the top or bottom button on their response panel” (p. 271). A sec-

ond group of subjects received identical problems, except that the terms

better and worse were substituted for hj~gher ar.d lower. For each group , half

of the items were affi rmat ive and half were negative equative; further, half

of the items had determinate answers and half did not (so that subjects could

not tell where the missing line vent , and had to indicate as much).

The placement task used by Clark bears certain structural similarities to

the linear syllogisms task , and Clark (1972a ) compared data f rom this task to

data from items alleged to be structurally analogous in Clark ’s (1969a) linear

syllogisms data. The data from the two tasks showed qualitatively different

patterns , and the correlations between latencies in the placement task and errors

in the linear syllogi sms task was only .55 for determi nate items (the only type

considered in this article). One is therefore obliged to conclude that the

placement task bore only a weak relation to the linear syllogisms task.

This conclusion presents a problem for a model of linear syllogistic reason—

lug only if (a)  one claims that there is an isomorphism between certain physical

placement tasks and linear syllogisms tasks , and (b )  one accepts Clark ’s claim

that his placement task is one for which there should be an isomorphism , if there

should be an isomorphism for any such task . Proponents of the spatial and mixed

models would probably accept the first claim and reject the second claim almost

unanimously . (see ,for example , Huttenlocher , 1968; Huttenlocher & Higgins, 1972).

On the one han d , theorists positing the use of spatial imagery in linear syllo-

gistic reasoning seem to agree that internal spatial arrays are analogous at
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some level to external physical arrays that are viewed in everyday life . On

the other hand , none of these theorists would argue that any physical arrange-

ment task that is isomorphic or nearly isomorphic to the linear syllogisms task

should result in the same structures and processes as are used in the linear

syllogisms task . Indeed , such a claim would be foolish in light of results

such as those of Hayes and Simon (1977), which show that even carefully con-

trolled problem isomorphs can lead to vastly different representations and

processes if they are presented with the appropriate surface structural dif-

ferences. As both these authors and Hutten].ocher and Higgins (1972) point out,

representations and processes are highly sensitive to surface structural dif-

ferences; and an abundance of such differences exist between Clark’s (l972a)

placement task and the linear syllogisms task. Huttenlocher and her associates

have found a number of placement tasks that do seem to yield result s paralleling

those from linear syllogi sms tasks (see Huttenlocher & Higgins, 1971, for a

review); Clark (].972a) has found a class of placement tasks that does not yield

results paralleling those from linear syllogisms tasks. The precise conditions

under which paralellism does or does not result remain to be specified.

Quantitative Aspects of Fit

Although a number of data sets have been reported in the literature, most

of them do not contain even the minimum range of item types that would permit

the three models to be distinguished (for example , DeSoto et a].., 1965; Handel

et a].., 1968; Huttenlocher , 1968). Thus , the number of data sets that could

be used for quantitative comparison was very limited.

Adult Subjects

Clark (196gb). Clark has published geometric mean latencies for the 32

uncued item types used in the present experiments. The quality of the data are

_ _  
- -~~ 
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suspect, however , as even Clark (1971) implies. The latencies are based

upon only 13 subjects , with just three observations per subject . Moreover ,

Clark threw out the longest latency for each subject for each item (33% of

the observations), and also all error responses (7% of the observations).
2Values of R for the mixed, linguistic , and spatial models respectively

were .63, .72 , and .53. These results thus favor the linguistic model.

Clark (1969a). Modeling could again be done on data from the 32 uncued

item types used in the present experiments. In this experiment , Clark gave

subjects 10 sec to solve each problem. An error was counted if the subject

either responded incorrectly or failed tr~ respond at all in the 10 sec. The

present modeling is of the proportion of errors for each problem type . Modeling

of the logarithm of the number of correct responses yielded comparable results.

Values of R2 for the mixed , linguistic , and spatial models were .59, .65, and .6o.

These data thus give a slight edge to the linguistic model.

Potts and Scholz (1975). The eight data points from Thcperiment 1, Group 1,

of Potts and Scholz (1975 ) also provided an adequat e basis for distinguishing

among models. The values of R 2 were .86, .73, and .148 for the mixed , linguistic ,

and spatial models respectively. The data thus support the mixed model .

Child Subjects

Keating and Caramazza (1975). These authors used the sane 10 sec deadline

procedure as did Clark (l969a). Their subjects were bright and average fifth

and seventh grade children. Their dat a permitted modeling of error rates for
2eight item types. The respective values of H for the mixed , linguistic , and

spatial models were .96 , .71, and .68 for average fifth graders, .84, .99, and

.83 for bright fifth graders, .70, .96 , and .70 for average seventh graders,

and .52 , .914 , and .52 for bright seventh graders. For the combined fifth graders ,

values of H2 were .92 , .86, and .77 for the three aodels for the combined seventh
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graders , values of B2 were .60 , .96, and .60 . For the combined average student s,

values of H2 were .88, .86 , and .75 ; for the combined bright students , values

of H2 were .70 . .98 , and .70. Finally, for the total sample, values of H2 were

.81, .93, and .76.

Although the replicability of these data obviously needs to be established,

the data are of particular interest in suggesting a developmental shift in error

patterns: The shift is between the mixed model and the linguistic model , with

use-’ of the linguistic model associated with greater age and brightness.

Hunter (1957). Hunter tested 11— and 16—year olds on linear syllogisms

using the relat ions happier—sadder and taller—shorter. His article contains

latencies that can be modeled for eight distinct data points. The respective

values of H2 for the mixed, linguistic, and spatial models were .75, .714, and .82

for the 11—year olds, .66, .36, and .53 for the 16—year olds, and .75, .68, and .73

for the combined age groups. Some of the unconstrained parameter estimates for

the linguistic model were negative, and so these were forced to be nonnegative

in the final linear modeling. These data, like Keating and Caramazza’s, suggest

the possibility of a developmental trend, but here it is from the spatial to

the mixed model. The linguistic model never performed best.

Conclusion

The data from previous research..~r~confusing and contradictory. The results

of Clark (1969b ) and of the two developmental studies must be interpreted with

caution , the former because of the massive deletion of observat ions, the latter

because of the availability of only eight data points for modeling. The Clark

(1969a ) data appear to be rel iable , however , and on their face contradict the

mixed model . The reason for this contradiction has now been discovered , and

is discussed in detail elsewhere (Sternberg, Not e 3) .  In essence , the contra-

diction arises because of the modeling of error (or similarly, log correct) data

rather than latency data.

- ~~~~~~~~~ - ~- - - - - -
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GEN~~AL DISCUSSION

Near the beginning of the article , three important theoretical questions

were posed regarding representation and process in transitive inference. The

time has now come to see how these questions can be an swered on the basis of

the theory and data prese nted in this article.

Representat ion of Information

The evidence presented in thi s article suggests strongly that both linguis-

tic and spatial representations for information are used during the course of

solution of transitive inference problems. Subjects first decode the linguistic

surface structure of the premi ses into a linguistic deep structure , and then

recode the linguistic deep structure into a spatial array . Both the linguistic

deep structure and the spatial array are available for search and retrieval

processes that occur after recoding ha~ taken place. Noncongruence, when used ,

operates upon the linguistic representat ion , while response search operates

upon the spat ial representation.

Processing of Information

The pre ferred mixed model accounts for transitive inference in the solu—

tion of linear syllogisms in terms of 12 elementary information—processing com-

ponents, not all of which are used in every type of problem and not all of which

have been estimated as separate parameters in the preceding experiments. Of the

12 processes , six were hypothesized to be linguistic (premise reading, linguistic

encoding of unmarked adjectives, linguistic encoding of marked adjectives , non—

congruence, question reading, negation), five were hypothesized to be spatial

(seriation, spatial encoding of unmarked adjectives, spatial encoding of marked

adjectives , pivot search, response search), and one was hypothesized to be

neutral (response). Negation turned out to be spatial. The operations were
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found to differ widely in their latencies and in their contributions to indi-

vidual differences in overall performance .

Generality of Representations and Processes

Across modes of problem presentation. Linear syllogisms were presented

(a) with and without precueing, (b) with the question first and with the ques-

tion last , (c)  with adjective pairs differing within and between subjects.

Regardless of the mode of presentation , the mixed model was found to perform

substantially better than any of the alternative models.

Across adjectives. Four different adjective pairs——taller—shorter , older—

~~unger, better—worse, faster—slower——were used in the course of the four experi—

merits. Essentially the same results were obtained with each . These results

seem to support the generality of the representations and processes of the

mixed model across adjectives. Of course, this generality is consistent

with the earlier findings of DeSoto et al. (1965) and of Handel et al. (1968 )

that subjects may differ in the directions they use between and ‘within adjec-

tive pairs for representing spatial arrays.

Across sessions. The numbers of sessions in the four experiments ranged

from one to three . The evidence supported the generality of the representations

and processes of the mixed model across all sessions. There was no evidence

of the kinds of strate~~r shifts suggested either by Wood et al. (19714) and

Wason and Jobnson—Laird (1972) or by Shaver et al. (19714). As would be ex-

pected, there was evidence that subjects speed up with increasing practice.

Across subjects. Analyses of individual data revealed a striking con-

sistency in the superiority of the mixed model. The mixed model was not used

universally, however. About 13% of the subj ects in the four experiments showed

evidence of using a strategy more closely approximated by either the linguistic

or the spatial model . Moreover , results from previous investigators suggest
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that there may be populat ion differences in strategies, especially across ages.

Across tasks. The present experiments have tested the generalizability

of the representations and processes of the mixed model across a variety of

experimental paradi~~is using linear syllogisms. The presence or absence of

a particular operation in the linear syllogisms task obviously does not

guarantee the presence or absence of that operat ion in other tasks. How

generalizable are the operations identified in the mixed model? This question

can be answered in two different ways.

First , at least som e generalizability has already been shown by the sig— -

nificant correlations of each component latency ‘with at least one of th~e three

reference—ability composites. The correlations show that the patterns of in—

dividual differences generated by the component processes are not specific to

the linear syllogisms task , but are co on to reference tests that have been

shown to measure abilities called upon in a wide variety of psychometric and

other tests. In particular , the correlation of each component latency with

the type of ability it is hypothesized to rep.resent demonstrates the convergent

validity of the information—processing component. The lack of correlation of

each component latency with a type of ability it is hypothesized not to repre-

sent demonstrates the discriminant validity of the information—processing coin—

~~nent. Only two mispredictions arose. Negation showed a clear convergent—

discrimine.nt pattern, but it was spatial rather than linguistic. In addition

tc •t~~v-~- correlations with the spatial—abstract tests, response search also

bu’ si~ r ’fican t correlat ions with the verbal tests , and these latter

- . - ~.. ~i . ’~~rs’e ’ in tern s of individual differences in times for

- - • ~ ‘ q ~~ arrays . H

- . •• -
. ,f’ e’ieodtnc , negation, marking , and noncon—

- - ‘ -
~~— :  ~~~~~~~ a~~ reas~n ing tasks has
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been amply demonstrated in past research. (See Carpenter & Just , 1975; Clark ,

1973; Clark & Chase, 1972; Trabasso, 1972; for a comprehensive review of rele-

vant literature.) It should be noted that although this past research has

repeatedly identified these information—processing components as contributors

to solution latency in a variety of tasks, the research has not adequately

distinguished which of the identified operations are linguistic and which

are spatial .

Consider , for example, one of the most widely studied comprehension tasks,

the sentence—picture comparison task. A subject is shown a sentence and. a

picture that either may or may not illustrate the situat ion described by the

sentence. The subject must indicate whether or not the sentence describes

the situation depicted in the picture. For example, a typical sentence

might be “Star is above plus ,” with aB the accompanying picture. In order

to solve problems such as these, the subject must (a) encode the sentence and

picture, (b) comprehend the negation if one appears, (c) spend additional time

comprehending the marked description (below) if’ one appears , (d) spend extra time

setting a “truth index” to false if the embedding strings of sentence and pie—

ture are noncongruent , or if the embedded strings of sentence and picture are

noncongi-uent in the deep—structural propositional representations into which the

surface structures have been encoded, (e) respond. Although Clark and Chase

(1972) view each of these operations as linguistic , the operat ions may be viewed

as consistent with either the spatial or mixed model as well , with each operation

viewed in the same way it is viewed for the solution of linear syllogisms.

The pivot search and response search operations as formulated in this arti—

d c  have not appeared previously in the literature, and so their generalizability

has yet to be demonstrated fully. However , there is some evidence that provides

A
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further support for the plausibility of these operations. If pivot search as

formulated by the mixed model is used, then negative equative problems should

show end—anchoring effects for their linguistically converted (recoded ) form.

Hutteulocher et al. (1970) have found such a result in their task requiring

manipulation of physical objects rather than just abstract terms . Findings

such as these and those of Shepard and Metzler (1971) and Kosslyn (1975)

suggest that in scann ing visualized arrays , subjects proceed in much the

same way they do in scanning physical arrays.

Present research is directed toward further demonstrations of the generaliz—

ability of the components of the mixed model. In one ongoing study, the mixed

model is being extended to and tested on series problems with from two to six

terms . In a second study , the model is being extended to linear syllogisms

with indeterminate solutions. In a third study, the model is being tested on

the performance of children from ages of 8 to 16 in solving linear syllogisms.

With these and other extension s, it is believed that the mixed model, or an

augmented version of it, can be shown to provide some insight into a variety

of forms of human cognition.

A ppendix

Table A shows predicted values for the mixed model and observed values of

latencies for each of the 32 uncued data points in each of the four experiments.

Insert Table A about here 
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Footnotes

Portions of this article were presented at the Mathematical Psychology

Meetings in New York , September , 1976 , and at the Psychonomic Society Meetings

in St. Louis , November , 1976 . I am grateful to Judy Tschirgi for experimental

assistance in and valuable suggestions regarding Experiment 1. Barbara Conway

tested subjects in Experiments 2 and 3; E1i~abeth Hartka tested subjects in

Experiment 14. Experiment 14 arose out of conversations with Alice Healy and

Michael Kubovy. Experiment 1 was supported by NIMH Grant MH-l3950-O7 to Gordon

Bower and a National Science Foundation predoctoral fellowship to the author.

Experiments 2, 3, and 4, and preparation of this article, were supported by

NSF Grant BNS-76—05311 to Robert Sternberg. Requests for reprints should

be sent to Robert 3. Sternberg, Department of Psychology, Box hA  Yale

Station , Yale University, New Haven , Connecticut 06520 .

1Solution latencies for practice items were not recorded , and of course ,

it is not possible to determine what strategy or strategies were used during

the solution of these items.
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Table 1 89

Estimated Parameters of Mathematical Models

Experiment
Parameter Operations 1 2 3-14

Mixed Model

ENC+
1 SER + (2 )PR + NMAB1 + NMAR 2 x x

ENC+2 SER + PR + (.5)NMAR1 + (.5)N1.IA32 x

NEG NEG x x x

MARK MARK1 + MARK2 — NMAR1 - N14AR2 x x x

PSM PSM x x x

RS RS x x  x

NCON NCONa x

+ ( . 5 )NMAP 1 + (.5)1Q4AR2 x

RES+
1 

BBS + Q
~ + (.5 )NMAPa + (.5 )NMAR2 x

BBS BBS x

RES+
2 

BBS + QB + PR + NM&R1 + NMAR2 x

BBS + QB + SER + (2)PR + (1.5)NMARJ. + (l.5)NNAp 2 x x x

Linguistic Model

ENC+ 3 
(2 )PR + NNJ~Jt x x

ENC+14 PR + (.5)~~&j~ x

NEC NEG x x x

MAR K M A R T - N M A B  x x x

PSL PSL x x x

NCON NCON x x x

x

BBS + + (.5) ~t’~i~~ + SR x

RES+
5 

BBS + SR x 

—~~ - - ----- -— - - -~~~~~~~~~~~_-
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Table 1 (Cont inued) 90

Parameter Operations Experiment
1 2 3 — 1 4

RES+6 BBS + QR + PR + NNAB + SR x

RES++2
b BBS + Q

~ 
+ (2)PR + (l .5)~4~fi~ x x x

Spatial Model

SER + (2)PR + NMAR x x

ENC+6 SEB + PR + (.5)NMAB x

NEC NEG x x x

MARK M A R T - N M A R  x x x

PSS PSS x x x

SERN SERN x x x

+ (.5)NMAR x

RES+
1 

RES + + (. s)NMAR x

BBS BBS x

BBS + Q~ + PR + NMAR x

BBS + QR + SER + (2)PR + ( 1.5)NMAR x x x

aO~~ i O a l

bU d  items only

____ -
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Table ~

Basic Statistics for Data Used in Modeling

Experiment 1 Experiment 2 Experiment 3 Experiment 1~

~~! s~ s~ s~ i S~

Uncued Dat a

Overall 7285 177 7489 188 7002 170 7069 i6i

Adject ive Subsets

Tall—Short 7597 238 8000 213 7046 170 6602 1147

Old—Young 6919 139 —

Good—Bad 7712 223 7022 181 7096 166

Fast—Slow 73140 247 6753 206 6937 189 7509 195

Session Subsets

Session 1 7551 2148 7809 238 7976 233 7069 161

Session 2 7152 167 7137 186 7022 1714

Session 3 7518 228 6021 1314

Combined Uncued and Cued Data

Overall 141475 365 5072 321 5093 326 6266 288

Precue inga

Overall 7077 182 7098 202 3185 1314 3053 1114

Note : All response times are expressed in milliseconds .

~Precueing consists of two—term series problems in Experiments 3 and 4.

Two— and three—term series problems in these experiments were presented in
separate trials.
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Table 5

Performance of Models in Predicting Latency Dat a

Proportion of Variance Accounted For CR 2 )

Data Set Model Experiment 1 Experiment 2 Experiment 3 Experiment 14

Uncued Items only

Mixed .813 .714 0 .81414 .8814

Overall Linguistic .600 .592 .689 .61414

Spatial .568 .587 .577 .576

Mixed .497 .565 .7148 .7114

Tall—Short Lingui stic .377 .5314 .707 .533

Spatial .415 .499 .529 .1499

Mixed .593

Old—Young Linguistic .3146 ———— — — ——
Spatial .302 —-——

Mixed ——— ~~ .588 .7142 .822

Good—Bad Linguistic ——— — .44 6 .629 .5814

Spatial ———— .4 814 .599 .532

Mixed .757 .641 .8314 .8614

Fast—Slow Linguistic .638 .1451 .5614 .632

Spatial .589 .1495 .461 .552

Mixed .551 .646 .709 .884

Session 1 Linguistic .379 .520 .633 .61414

Spatial .379 .490 .14 91 .576
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Table 5 Continued

Proportion of Variance Accounted For CR 2 )

Data Set Model Experiment 1 Experiment 2 Experiment 3 Experiment 14

Mixed .795 .5140 .812

Session 2 Linguistic .616 .1433 .669

Spatial .58]. .14146 .593

Mixed ——— — .539 .8114

Session 3 Linguistic ———— .1435 .51414

Spatial ———— .1482 .1495

Combined Uncued and Cued Items

Mixed .985 .971 .9714 .971

Overall Linguistic .9714 .962 .957 .923

Spatial .973 .960 .9140 .911

Precueinga

Mixed .831 .E-. 9

Overall Linguistic .663 .619

Spatial .772 .523

‘Tvo—term series problems did not contain sufficient constraints to distinguish models.
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Table 6
Tests of Residuals

Predicted versus Observed Values for Models of Transitive Inference

Uncued Items

Within Experiment

(Internal Consistency across Item Types)

Experiment
Model 1 2 3 14

Mixed — .01 .31* .36*

Linguistic .36 .51** .60*5* .85*5*

Spatial 39* 514*5* .69~

Between Experiments

(Consistency across Item Types)

Experimental Compar ison
Model 1—2 1—3 l_14 2—3 2—14 3— 14

Mixed .28 .36~ 39* .22 —.03 .51*5*

Linguistic .66~~’ .655*5 ~~~~ .78’* 714*5* .81*5*

Spatial .635*5 .69k’ ~~~~~ .69*5* ~~~~ .8145*5

Note: Al]. tests are one—tailed.

2. 05

“2. (.01
•*~~ <.001

£ ~~~~~ _ -~ 
-
~~~~

—--—-- -
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Table 7

Performance of Modfls in Predicting Individual Latency Data

Model Uncued Items Only Uncued and Cued Items

R2 Beste R2 Besta

Experiment ].

Mixed .361 10 .855 9

Linguistic .316 2 .846 2

Spatial .308 14 .851 5

Experiment 2

Mixed .3140 13 .857 12

Linguistic .261 2 .8145 14

Spatial .262 3 .8142 2

~~periment ~

Mixed .510 14 .870 13

Linguistic .432 2 .855 3

Spatial .361 2 .831 2

Experiment 14

Mixed .4014 40 .693 43

Linguistic .298 8 .6143 6

Spatial .268 6 .632 5

~Number of cases in which each model best fit the data of individual subjects.

—~~~~~~~~ 
—- 

~~~~~~~~~ r — -
~~~~~~
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Proportions of Cases in Which One Model Performed

Substantially Better than Another Model

Uncued Items

Better Model Worse Model

Mixed Linguistic Spatial

.65 .72
Mixed (49) (53)

.08 .37
Linguistic

(.05) (.18)

.06 .19
Spatial

(.03) (.06) —————

Note: Top ni~iber in each cell indicates difference in R
2 of at least .05.

Bottom (parenthesized) number in each eel], indicates difference in R2 of

at least .10.

_ _ _ _ _ _ _ _ _ _ _ _  .~~~~~~~~~~~~~ IL . — -~-- _-~-- -~~~~~~~~
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Table 10

Parameter Estimates for Linguistic and Spatial Models

Uncued Items Only

Experiment 1 Experiment 2 Experiment 3 Experiment 4

Linguistic Model

Negation 635” 6440* 4160* 479”
(nc) (120) (129) (112) (103)

Marking 416” 461*0 4510* 429*0

(MARK) (138) (149) (118) (119)

Noncongruence 259 545’ 8840* 693*0

(NcoN ) (240) (257 ) (204 ) (206 )

Linguistic 418 10 7350* 394
Pivot Search (277 ) (297 ) (235) (237 )
(P5L)

Response’ 5793 5878 5285 5501
(~~s++2)

Spatial Model

Negation 635” 644” 4i4” 4790*

(NEG ) (125 ) (129) (119) (112)

I~zking 416” 461” 451” 429”
(MARX ) (i44) (150) (137) (130)

Spatial 154 347 618” 433’
Pivot Search (176) (183) (168) (159)

(Pss)

Seriation in 162 178 139 17
Nonpreferred (249) (259) (238) (225)

~irection(sERN)
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Table 10 Continued

Experiment 1 Experiment 2 Experiment 3 Experiment 4

Response’ 5791 5716 5223 5505
(REs++1)

Note: All parameter estimates are in milliseconds. Standard errors of the

parameter estimates (also expressed in milliseconds) are shown in pareri-.

theses directly beneath the parameter estimates.

~~stimated as a regression c~~stant, and hence has no associated si~~ificance

value or standard error.

“ia <.01 
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Wei ghts of Parameters in Predicting Individual Differences

in Latencies for Solution of Linear Syllogisms

Parameter Experiment 1 Exper iment 2 Experiment 3 Experiment 4

Standardized Regression Coeff ic ient s

Encoding (ENC+ ) .74 .66 .54 .62

Negation (NEG) .44 “0 .17 .20

Marking ( MARK) .19 .19 .16 .15

Pivot Search (PSM) .21 .10 .04 .03

Response Search (RS) .07 .14 .14 .16

Question Reading (QR+) .19

Noncongruence (NCON ) —-- .00 .07

Response (RES+) .18 .02 .31 .29

~~~~~~~~ _ .r~ . -~ ___llI~~
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Table 12

Intercorrelations of Parameter Estimates for Individual Subjects

Combined Experiments

ENC+ NEC MARK PS M RS NC0~ RES+
1.00 .50” 39*** .58” .17’ .58” .28’ .31”

1.00 57*** 73*** .62” ~~~~ ,*** ~~~~~~ .44~ 3)***

1.00 .36*** .37” .02 ....03 .17 — .04

~.OO .60’ ~~~~~~~~ .48’ — .10 ~~~~~~ .10

1.00 49” 44*** .~49’ .37” —.09

3~.. 00 ,
~fl” ~~~~~~~ 

— .05

PS!4 1.00 .32” .53’ .10 .12

1.00 .68*** .82’ .64 .22

RS 1.00 .15 .21 .05

1.00 ~2i** 84’

1.00 — —— — .18

1..Q0 — —— — .30

NCON 1.00 .09

1.00 4

1.00

Note: Nonitalicized values are for all cases for which parameter could be es-
timated . Italicized values are for cases for wh~oh par ameter was sta-
tistically si~~ if icant at .025 level.

I
“~2~ <..OOl
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Correlations between Latencies and Composite Ability Scores

Verbal Spatial Abstract

Solution Latency _ .35*** ...49*** — .52”

ENC+a 
— .25” ...5)*** —.58”

—.25” — .51” —.58”

NEG —.114 — .34” —.141”

—.10 ~~~~~~~~~~~~ — .140’

MARK — .20’ — .36” — .38”

—.26 — . 65”

PSM — .16 — .25” —.35”

RS — .26” —.35” _
~34***

— .28’ —~~~~~“

ICON — .31’ —.214 — .22

— .38 — .27

RES+’ -‘.30” —.09 — .15

—.22. —~i2.

Note: Nonitalicized values are for all cases for which parameter could be

estimated. Italicized values are for cases for which parameter vas

statistically si~~ificant at .025 level.

‘Part ial correlation controlling for participation in Experiments 1 and 2 versu’
Experiments 3 and 4.

“2 < 0 1
“2< .001

_ _ _ _ _ _ _ __
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Table 114

Correlations between Composite Solution Latency for

Individual Adjectives and Sessions and Ability Test Composites

Experiment 1 Experiment 2 Experirient 3 Experiment 14

Combined Data

Verbal — .141 — .09 — .146’ —.56”

Spatial — .714” — .148’ — .56” — .31’

Abstract — . 83*** — .514’ _ .50* — .

Tall-Short
Verbal — .37 .12 — .148* — .57”

Spatial — .72” — .67” —.58” — .15

Abstract _ .74*** _ , 79*** — .55” —.26

Old—Young

Verbal — .38

Spatial — .78”

Abstract — .

Good-Bad

Verbal — .57” — .53’ — .70”

Spatial — .148’ —.59” — .53’

Abstract — .1414’ — .52’ —.68”

Fast—Slow

Verbal — .140 .29 — .35 — .70”

Spat ial — .59” _ .145* _ .149*

Abstract — .81” —.149’ ..- .14o’ — .3 14

Session 1

Verbal — .18 — .13 _
~44* — .56”

Spatial _ .66** — .148’ — .614” — .31’

Abstract — .714” — .55” — .148’ — .148”

Session 2

Verbal — .149’ — .03 — .39

Spatial — .73” — . 50’ — .145’

Abstract — .82” — .53’ — .50’

Session 3

Verbal — .09 — .149’

Spatial — .145’ — .147’

Abstract — .51’ — .1414’

<.01

-“ .
~~~~~~~~~~~

- . 
~~.
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Table A 

-

Predicted versus Observed Data Points for Uncued Items

Item Experiment 1 Experiment 2 Experiment 3 Experiment 14
No.

Predicted Observed Predicted Observed Predicted Observed Predicted Observed

1 633 640 6145 598 589 602 6o6 585
2 613 629 632 630 639 6714 627 593
3 572 5814 585 6i6 536 550 540 561
4 6~5 659 691 699 691 6146 692 669
5 655 639 678 717 68’s 768 669 712
6 758 7314 783 7214 80]. 7314 796
7 717 693 737 765 736 710 735 770
8 697 607 7214 702 672 6o4 669 651
9 675 623 691 637 6314 6oo 6148 6146
10 655 620 678 666 627 6140 626 639
11 613 703 632 715 582 592 583 589
12 717 822 737 683 679 625 691 659
13 675 691 691 743 691 6914 692 712
114 655 659 678 709 6814 667 669 670
15 613 6oi 632 5148 639 582 627 555
16 717 737 737 807 736 785 735 736
17 787 809 812 797 756 776 780 789
18 r6r 752 798 688 692 6147 713 635
19 839 928 861 8914 829 861 816 797
20 9142 9149 967 951 870 872 881 865
21 6142 6214 660 652 556 560 585 611
22 7145 672 766 781 71]. 679 737 731
23 817 766 828 768 7314 7148 752 7143
24 797 7914 815 7214 7814 716 773 800
25 859 852 8714 863 836 837 839 797
26 839 859 86i 929 829 873 816 862
27 797 761 815 775 7814 778 773 789
28 900 880 920 1037 882 8614 882 880

29 7145 808 766 8i14 6514 668 693 715
30 725 725 752 807 647 635 671 688
31 6814 679 706 733 602 6i8 628 633
32 787 815 812 802 699 713 736 7140
Note: Response times for data points are expressed in centiseconds. Item numbers of

data point s correspond to numbers in Table 2.
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Figure Captions

Figure 1. Hierarchical linguistic representation of information in transi-

tive inference task.

Figure 2. Spatial model.

Figure 3. Linguistic model.

Figure 4. Mixed model .

Figure 5. Amounts of time spent in each operation (or complex of operations)

for a typical negative equative item in each of Experiments 1, 2, 3, and 4.

_I.~~~~ .
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Other DoD Civil Govt

Dr. Stephen Andriole 1 Dr. Susan Chipman
ADVANCED RESEARCH PROJECTS AGENCY Basic Skills Program
11400 WILSON BLVD. National Institute of Educat ion
ARLIN GTON , VA 22209 1200 19th Street NW

Washington , DC 20208
12 Defense Doc~~entation Center

Cameron Stat ion , Bldg. 5 1 Dr. William Gorham , Director
Alexandria , VA 223114 Personnel R&D Center
Attn: TC U.S. Civil Service Commission

1900 E Street NW
Dr. Dexter Fletcher Washington , DC 2014 15
ADVANCED RESEARCH PROJECTS AGENCY
11400 WILSON BLVD. 1 Dr. Joseph I. Lipson
ARLINGTON , VA 22209 Division of Science Education

Room W—638
Military Assistant for Training and National Science Foundation

Personnel Technology Washington , DC 20550
Off ice of the Under Secretary of Defense

for Research & Eng~ineering 1 Dr. Joseph Markowitz
Room 3D129, The Pentagon Office of Research and Development
Washington , DC 20301 Central Intelligence Agency

Washington , DC 20205
MAJOR Wa yn e Seliman , USAF
Office of the Assistant Secretary 1 Dr. John Mays

of Defense (MRA&L) National Institute of Education
3B93O The Pentagon 1200 19th Street NW
Washington , DC 20301 Washington , DC 20208

1 National Intitute of Education
1200 19th Street NW
Wash ington , DC 20208

I Dr. Andrew R. Molnar
Science Education Dev.

and Research
National Science Foundation
Washington , DC 20550

1 Dr. Thomas G. Sticht
Basic Skills Program
National Institute of Education
1200 19th Street NW
Washington, DC 20206

1 Dr. Joseph L. Young , Director
Memory & Cognitive Processes
National Science Foundation
Washington , DC 20550
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Non Govt Non Govt

PROF. EARL A . ALLUISI 1 Dr. Micheline Chi
DEPT. OF PSYCHOLOGY Learning R & D Center
CODE 287 University of Pittsburgh
OLD DOMINION UNIVERSITY 3939 O’Hara Street
NORFOLK , VA 23508 Pittsburgh , PA 15213

Dr. John R. Anderson 1 Dr. Kenneth E. Clark
Department of Psychology College of’ Arts & Sciences
Carnegie Mellon University University of’ Rochester
Pittsburgh , PA 15213 River Campus Station

Rochester , NY 114627
DR. MICHAEL ATWOOD
SCIENCE APPLICATIONS INSTITUTE 1 Dr. Norman Cliff
140 DENVER TECH. CENTER WEST Dept. of Psychology
7935 E. PRENTICE AVENUE Univ. of So. California
ENGLEWOOD , CO 80110 University Park

Los Angeles, CA 90007
1 psychological research unit
Dept. of Defense (Army Office) 1 Dr. Allan M. Collins
Campbell Park Offices Bolt Beranek & Newman , Inc.
Canberra ACT 2600, Australia 50 Moulton Street

Cambridge , Ma 02138
Dr. Nicholas A. Bond
Dept. of Psychology 1 Dr. Meredith Crawford
Sacramento State College Department of Engineering Administration
600 Jay Street George Washington University
Sacramento , CA 95819 Suite 805

2101 L Street N. W .
Dr. Lyle Bourne Washington , DC 20037
Department of’ Psychology
University of Colorado 1 Dr. Ruth Day
Boulder , CO 80302 Center for Ad vanced Study

in Behavioral Sciences
Dr. John S. Brown 202 Junipero Serra Blvd .
XEROX Palo Al to Research Center Stanford , CA 914305
3333 Coyote Road
Palo Alto , CA 94304 1 Dr. Marvin D. Dunnette

N1492 Elliott Hall
Dr. John B. Carroll Dept. of Psychology
Psychometric Lab Univ. of Minnesota
Univ. of’ No. Carolina Minneapolis , MN 55455
Davie Hall 013A
Chapel Hill , NC 275114 1 ERIC Facility—Acquisitions

14833 Rugby Avenue
Dr. William Chase Bethesda , MD 200114
Department of Psychology
Carnegie Mellon University
Pittsburgh , PA 15213

A: - _________

~ 

- -—~~~~~~~~
-——-- •.-~‘



.-—- - -
~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~

‘.~~
-— - -

~
—--- . •--. ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ‘

Yale/Sternberg, FRIDAY , NOVEMBER 17, 1978 09:141:24—PST PAGE 7

Non Govt leon Govt

1 MAJOR I. N. EVONIC 2 Dr. Barbara Hayes—Roth
CANADIAN FORCES PERS. APPLIED RESEARCH The Rand Corporation
1107 A VENUE ROAD 1700 Main Street
TORONTO, ONTA RIO, CANADA Santa Monica , CA 901406

1 Dr. Ed Feigenbaum 1 Dr. James R. Hoffman
Department of Computer Science Department of Psychology
Stanford University University of Delaware
Stanfo rd , CA 914305 Newark , DE 19711

1 Dr. Richard L. Ferguson 1 Library
The American College Testing Program HumRRO/Western Division
P.O. Box 168 27857 Berwick Drive
Iowa City , IA 522140 Cannel , CA 93921

1 Dr. Victor Fields 1 Dr. Earl Hunt
Dept. of Psychology Dept. of Psychology
Montgomery College University of Washington
Ràckv ille , MD 20850 Seattle, WA 98105

I Dr. Edwin A. Fleishman 1 Mr. Gary Irving
Advanced Research Resources Organ. Data Sciences Division
8555 Sixteenth Street Technology Services Corporation
Silver Spring, MD 20910 2811 Wilshire Blvd .

Santa Monica CA 901403
1 Dr. John R. Frederiksen

Bolt Beranek & Newman 1 Dr. Roger A. Kaufman
50 Moulton Street 203 Dodd Hall
Cambridge , MA 02138 Florida State Univ.

Tallahassee, FL 32306
1 DR. ROBERT GLASER

LRDC 1 Dr. Steven W. Keele
UNIVERSITY OF PITTSBURGH Dept. of Psychology
3939 O’HARA STREET University of Oregon
PITTSBUR GH, PA 15213 Eugene , OR 97403

1 Dr. Ira Goldstein 1 Dr. Walter Kintsch
XEROX Palo Alto Research Center Department of Psychology
3333 Coyote Road University of Colorado
Palo Alto , CA 94304 Boulder , CO 80302

1 DR. JAMES G. GREENO 1 Dr. David Kieras
LRDC Department of Psychology
UNIVERSITY OF PITTSBURGH University of Arizona
3939 O’HAR A SL’E~EET Tuscan , AZ 85721
PITTSBURGH, PA 15213

1 Mr. Marlin Kroger
1117 Via Goleta
Palos Verdes Estates , CA 9027 14
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Non Govt Non Govt

LCOL. C.R.J. LAFLEUR 1 Dr. Seymour A. Papert
PERSONNEL APPLIED RESEARCH Massachusetts Institute of Technology
NA TIONAL DEFENSE HQS Artificial Intelligence Lab
101 COLONEL BY DRIVE 545 Technology Square
OTTAWA , CANADA K1A 01(2 Cam bridge , MA 02139

Dr. Alan L.esgold 1 Dr. James A. Paulson
Learning R&D Center Portland State University
Un iversity of Pittsburgh P.O. Box 751
Pittsburgh , PA 15260 Portland , OR 97207

Dr. Frederick M. Lord 1 MR. LUIGI PETRULLO
Educational Testing Service 21431 N. EDGE~OOD STREET
Princeton , NJ 08540 ARLINGTON , VA 22207

• 1 Dr. Robert R. Mackie 1 DR. PETER POLSON
Human Factors Research , Inc. DEPT. OF PSYCHOLOGY
6780 Cortona Drive UNIVERSITY OF COLORADO
Santa Barbara Research Pk. BOULDER , CO 80302
Goleta , CA 93017

1 DR. DIANE M. RAMSEY..KLEE
Dr. Mark Miller B—K RESEARCH & SYSTEM DESIGN
Systems and Information Sciences Laborat 39187 RIDGEMONT DRIVE
Central Research Laboratories MALIBU , CA 90265
TEXAS INSTRUMENTS, INC.
Mail Station 5 1 MIN. RET. N. RAUCH
Post Office Box 5936 P II 14
Dallas, TX 75222 BUNDESMINISTERIUM DER VERTEIDIGUNG

POSTFACH 161
Dr. Allen Munro 53 BONN 1 , GERMANY
Univ. of So. California
Behavioral Technology Labs I Dr. Peter B. Read
3717 South Hope Street Social Science Research Council
Los Angeles , CA 90007 605 Third Avenue

New York , NY 10016
Dr. Donald A Norman
Dept. of Psychology C—COg 1 Dr. Mark D. Reckase
Univ. of California , San Diego Educational Psychology Dept.
La Jolla, CA 92093 University of Missouri—Coli.~ bia

12 Hill Hall
Dr. Melvin R. Novick Coli~ bia , MO 65201
Iowa Testing Programs
University of Iowa 1 Dr. Andrew M. Rose
Iowa City, IA 52242 

• American Institutes for Research
1055 Thomas Jefferson St. NW

Dr. Jesse Orlansky Washington , DC 20007
Institute for Defense Analysis
1400 Army Navy Drive
Arlington , VA 22202 
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Non Govt Non Govt

Dr. Leonard L. Rosenbaum , Chairman 1 Dr. Kikumi Tatsuoka
Department of Psychology Computer Based Education Research
Montgomery College Laboratory
Rockville , MD 20850 252 Engineering Research Laboratory

- University of I11inoi~
Dr. Ernst Z. Rothkopf Urbana, IL 61801
Bell Laboratories
600 Mountain Avenue 1 DR. PERRY THORNDYKE
Murray Hill , NJ 079714 THE RAND CORPORATION

1700 MAIN STREET
PROF. FUMIKO SAMEJIMA SANTA MONICA , CA 901406
DEPT. OF PSYCHOLOGY
UNIVERSITY OF TENNESSEE 1 Dr. Benton J. Underwood
KNOXVI LLE , TN 37916 Dept. of Psychology

Northwestern University
Dr. Irwin Sarason Evanston , IL 60201
Department of Psychology
University of Washington 1 Dr. David J. Weiss
Seattle, WA 98 195 N660 Ell iott Hall

University of Minnesota
DR. WALTER SCk~:EIDER 75 E. River Road
DEPT. OF PSYCHOLOGY Minneapolis, MN 551855
UNIVERSITY OF ILLINOIS
CHAMPAIGN , 11.. 61820 1 DR. SUSAN E. WHITELY

PSYCHOLOGY DEPARTMENT
Dr. Robert Singer , Direc tor UNIVERSITY OF KANSAS
Motor Learning Research Lab LAWRENCE , KANSAS 6601414
Florida State University
212 Montgomery Gym
Tallahassee , FL 32306

Dr. Richard Snow
School of Education
Stanford University
Stanford , CA 94305

DR. ALBERT STEVENS
BOLT BERANEK & NEWMAN , INC.
50 MOULTON STREET
CAMBRIDG E , MA 02138

DR. PATRICK SUPPES
INSTITUT E FOR MATHEMATICAL STUDIES IN

THE SOCIAL SCIENCES -

STANFORD UNIVERSITY
STANFORD , CA 914305


