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At a time when researéh methodology is being critically questioned

\ N
(Snow, 1974; Clark and Smow, 1975), it is apbropriate to, look around us

o
» [ .

at research designs and statistical techniques which are untried, unusual,

new, or which have been tried agnd' abandoned. Admittedly, factor analysis

A -

~as it is generally used does not realiy fit into any of these categciies.

However, in the following pageé ways of using it are suggested which
are all of these four things. The studies cited as illustrations of the

methods preéehted agély factor analysis in new and unusual ways, and also

resurrect and elaborate upon methods which have not been used for the

last ten years. In this way, factor analysis allows research to move in

the new directions that are 6eing~§uggesced for educational technology.

v
. .

There is no doubt that factor analysis is a comﬂlicated.étatisbical
1 ) . ‘) H
p;fcedure. It has a tendgncy to fArighten people off, ahd the small group
] . y] .

~

of superspecialists in the ar ends, by virtue of the complexity oi

thej mathematicé and their reliance on computers, to be beyond the

reach of the general researcher (Nunnally, 1975). This paper therefore

. ~ L0

: . ta ! \_/
begins with ,a brief simplified overview for those not too familiar with

* \
C 4

factor-analytic techniques. Those wore familiar with the various
. ? e
procedures discussed, and my "superspérialists" who come across this

/

. r - -
pbper will, I hope; forgive any oversimplification. But it is hoped
LN . v

that those with only a superficial gnoﬁledge of factor analysis will

7

1%odetheless be able to get some ideas of how it can be abplied profitably

to research. Next, some recent ‘developments in factor - analytig

- -

1t
.. /2
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techniques are discussed, whichbmake it more useful to the researthér.

Then, dertain trends in instructional technology research which seem to

.

reqyire multivariate statistiical techniquea%ife examined. These are
! : .

\1inked to the notion of cognitive structg;e‘i;selﬁ becoming grist to

~ . s
the researcher's mill. Finally, several studies are used to illustrate

the various variations of factor analysis, and to show how the technique

can tap into structural as well as performance—basedyéspects of cognition.

-
v

- - o
»

Factor analysis: an overview

Factor énalysis is a method of éimplifying ?atrices af intercor—
'relationé aaong géts of variables. To do this, the tecgﬁ;;;é“» entifies
clusters of variables that are hiéhiy correlated aﬁén themselves, ihd

.ﬁses these to desc;;be‘more fundaﬁeqta! variables, dimensions, in

the domain from which Ehe briginal variables were taken. These fundamental

» . . o 3
variables are called factors. Not Only-does*{iftor analysis identify’

.
-

pbasic factors in a set of intercorrelated variables, but-it also

calculates the strength of the relationship between each variab;e and

'
’

each factor. This measure is the variable's "loading" on the factor, and

-

functions in a way similar to a correlation coefflicient.

]
.

The wvariables in the original intercorrelation matrix can be any

L)
variables for which cor)elation coefficients, covariances or other measures

\

of association can be cafculated. Historically, these variables have
- . ‘
? usually been tests within test batteries, and factor analysis of the

intercorrelations among the tests has been used to search for and

1

e | .

XY
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identify various dimensious within human intelligence, QQGLher a single
- general intelligence factor (Spcarman, 1904),, wore complex hierarchical
arrangements of’ human intellectual abilities (burt, 1948; Vernon, 1961),
1 * . ? .
A or a complete model of the structure of the hunan intellect (Guilford, 1956;
: . r ) . e :
#Guilford, 1967). Its use is by no means l1imited to this atea, however,
Factor'analysis has been used to. describe the structure of associative

- ..

meaning within a set %f interrglatcd words (Deese, 1962, 1965), to - R

/e

study Dbasic dimenﬁiéns underlying the phenomenon of aphasia (Jones and
, ) > -

Wepman, 1961), @ﬁa even to identify-certain basic chemical phenomena

assotiated with the hardening of cement (Woods,uSteindur and Starke, 1932). ‘

A useTul way of looking at factors is to think of them as vectors

in a defined space. (More commonly, this idea is éhplied to correlatlion ™

between ‘two variables, when a correlation cocfficient is described as ’
the cosine of the angle between two lines representihg the strength and

the directjon of each variable.) In the case of factor analysis, the

Y /)

' ’ ' T .
factors, as vectors, can be moved about an axis through the space 1in

I .
which they lie, and can thus be moved from their original location to a
.
position which provides a more parsimonious descriptiop of the
: - \
rclaLiOnshipsiaeLween variables and factors. This pracedure of reloca- :

»

ting factors (vectors) is known as 'rotation". This may be done in one

t
of two ways. Either the factors are specifled to be upcorrelated, in

. -

which case the vectors remain at right angles to each other ag they are

retated. Or the factors can themselves be intercorrelated. In this

a ) .
casce, the angle between the vectors is not constralned to be ninety

degrees.  The factor matrices which result from rotation are said to be
.

-
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orthogonal 1if the factors are uncorrelated, and oblique if the factors

are correlated. ‘ -
, In simplifying Eﬁd'describiﬁg intercoryelation datd, factor ~
’ . h’_‘ 3\
.analysis gives us several kinds of informatj6n either directly stated .

in, or which can be derived from, factor matrices. These statistics are -as
: N ‘ - -
follows: - : .

LY .

A numb2¥\of‘factors. The number of factors extracted by factor analysis
. 1

cah be~speqified ef{ther by the researcher directly, or indirectly by

'speg&fying values of other statistics, such as the miﬁimum eigenvalue -

.

to be accepted for a factor, the accuracy of the factor solution, and
so on. For rcasorns, that will become apparent,, it is often more meaningful
for the xesearcher to specify the number of factors to be extracted "/g

~ .

s Y
indirectly rather than directly, since diﬁferenceF in the number of \f\

factors needed to describe interrelationships between a set of variables
4 P .

':%*
are thaei#hlves of interest.
ey

TR
]

Factor patterns. Factors are describeﬁ and named in terms of the
! s

variables that load highly on them. 1In a matrix, a pattern of high

loadings is?ﬁbparent which describes th:\txructure of the interco%relations
i ) .

between Pﬁﬁ%ors and variables. '

A

\

Factor 16adings. These are the individual values_of the relationships

-,

*

Y

between each variable-and, each factor.

Common factor variance. Also known as the communality of each variable,
this statistic (the sum of the squared 1oad1ngs) fndicates how much of

the variance of each variable can be accounted for b} the factor loadings.
~

.../5

&
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Sometimes this is discussed in t?rms of the variance mnot acgounted for

by the factors -~ unfque factor variance -- which is quite simply the

] \ - —— A
communality gubtracted from one. . . -

’ ¢ . A -

Interfactor correlatidns. " These are ‘ipdications of the interrelationshiésL

[
—~——— —

! [ ]
between the factors themselves. They are either zero, for orthogonal

- | -

solutions, or noa-zero for gblique solutions. : . "

. : e 7’
These five statistics provide interesting descriptions of the

structural properties of sets of sets o€ interreiatgd variables. L
However, purely descriptive information is of little use to stékistfcally—
based research. Factor matrites can déscribe';tructures very well, but
have not been able to say if one structﬁre is siggificantly d;fferent )
f{om ano;her; at least, not until recently. Thanks largely to the
development of computers, it 1is now possible tb perform the immensely

lengthy and complicateg computations which are needed- to use factor

-
analysis for hypothesis testing. NG

.
‘ ' \ -
- . ¢

Hypothesis testing with factor analysib.

L
. Confirmatory factor analysis, described by Mulaik (1972, pp.361-°

401), allows thg‘researcher to test the structudre of a set' of intercor-
. - 1 .

related variables against a pre~determined model of factor structure. >~\3

‘ 31 -

A rescarcher can state an hypotﬂ;sis concerning thbe structure of the
intcrrelatiOnships in question, and can convert this' hypothesis intv a

factor model by assigning predetermined values to some, or to all of the
* -
five statistics that factor analysis provides. TFor example, he. may

‘hypothesize that, within a set of interrelated variables, there are

three basic factors, with loadings of certain values in certain positions,
) ‘ .

! , . - .06
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_differences in the structure of interrelationshibs among identical sets
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with a- certain proportion of the -common variance accounted for by the

three factots, which 3re themselves interrelated in a certain way: The

o

techniques,of c0nfirmatory factor analysis allow him to test the actual

LN,

observed data against the hypothetical m del and to estimate the goodness
7 g

Car,

of the fit of the model to the data. The goodness of fit is indicated

- +

Ey_ a large—sample ghi-square vaIue. If the chi—square value 1is

gignificant, then it 1is probable that there is not a- good fit between the

datd and the model, and the hypothesis should be rejected. °A non-

~.

significant chi~square indicates a good fdt,—and the researcher'should
) . .

- Q .
coriclude that any'apparent déviations of the data from the model are

.

due to chagce and that the hypothetical model provides an adequate

‘o

descriptiop of the structure of the data.

A further refinement of confirmaéory factor analysis is

simultaneous factor analysis (Joreskog, 1971). With this broaedure;

confirmatory factor analysiévban‘be'perférmed more than one ;apulatiOn

at once. Although this method was developed td identify factdﬂ models

goodness

common to two or more populations by estimating t fit to

both simultaneously, with care the technique can be) used to test for

.

of variables in two or more populations. First, the researcher factox-

analyzes the intercorrelation matrix of variables in one of the

populations. He takes the values obtained for each of the five statis-'
- .

L3 : -
tics as his hypothetical model, and then factor analyzes botl/populations

gimultaneously. A significant chi-square indicates a significant

. . '

-/ el
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departure of the second population from the model based on the first

population, and the researcher can conclude that the interrelationships

@

among the variables are different in the two populations.’

Joreskog offers a further refinement to his method. By starting

1
1]

out with a general factor model, and gradually making it more specifie,
. o -
. - A . . - -~
it is possible not only‘to discover whether the two sets of data are K
structurally different, but also to isolate that particular statistic in

which the difference occurs. This is "helped considerabﬂy by the
hierarchicdl nature of the statistics. . For example, differences in factor

loadings do mot mecessarily imply differences in factor pattern, but will

always imply differences in common factor variance. The résearcher begins

4

by testing the most general model which states that the number of factors

B

is invariant. \Pe then tests thé more restricted model of the invariance

of facter pattern, then common factor variance, then interfactor .

-

correclation. If he finds that the factor-patterns are the same for both
populations, but then that common factor variancgs are different, he can

conclude that the number of factors, and factor pattérn? are the same in

both populations, but that common factor variance and interfactor cor-

-

relations are different. Each successive hypothetical model is a

~specific instance of the preceding one.

*

Trends in Lducational Technology Research

The descent from the rarified’ atmosphere of factor analysis

theory to the dod;f:o—earth problems of instructional technology ‘research

’ . .
is not as precipitous as it might ar. first seem.  Recent pleas by,.
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régeanchers have suggested that ‘resear¥h become more representdtive of -

real-wo¥ld situations. Stowe (1973) suggests both the systems approach (

Y
.

v g ’
and research as methodologies for education. While the latter would = .
' \.n"

- not be SUperceded byithe former, the systems approach would. neVertheless

. sl
R . brloaden the scope of the educational researcher. A systems approach to

»

L) researchablelvroblems would mean conducting. research in the classroom
ratKEr ‘han in the laboratory 7;z?iables g%ten excluded by experimental . .

c0ntrol woul be included in anglysis, perhaps~at the expense of

statistic precision and high levels of significance. Research designs
\ -
- e
would become mBre representative of classroom enyirOnments and would .

s

allow proximal anF distal.variables to enter into research designs and g

- - . \
analysls (96“?“197{) Indeed, Clark and Snow (1975) have p;opbsed ) fﬁ

research designs that allow for experimental control withQut limiting A

representat?i:ness, that have both internal and Vecological"‘%Ziidity.
8

It 1 ot difficult to see why these more representative and

realistic research methodologies are so appropriate ta educaﬁ}onal
¥ e

technol?gy rcsearch The educational technologist is concerned first
anq\forcmost with systems, whether of media, machines and resources,

teachers, facilities and Students, or complex interrelationships of
a)
learner characteristics. The study of systems-of any type requires

'

the acknowledgement of complexity. If, in a system, a part ts isolated. .

from the other parts, the‘system breaks down. Educational technology .
{ . 4 .
researchers: cannot therefore . nfford to look at things in isolation,
. z %
,but\ggﬁf? as Snow says, looﬁ at peripheral variables as well.! The

intepration o(\fbnrning resources inte optimum learning environmests

“ '~
‘ : e ]y
: . I 4
” N . R )
10 . .
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’ /
requires a holistic approach to research and, development.

' ’ . Similarly,.if.complex learning environments are to be exploited

; . to.their fullest with learners, the learners themselves must ?éﬁtreated
A holistically” as well. Winn (1975) drew attention to the '
. "
_ fact that the learner is a’ complex system of Many interrelated variables.-
. To the learning situation, the lea;ner grings not merely prior learning;

°

but feelings, unrelated associations, opinions, atéstudes and fo on,
It seemed appropriate to winn to coﬁ?fder the learner as fJn;tioning
¢ i cognitively in d wgy analogOus to an open system. A model of learning,
. built around “this an logy, allows for the effegt of peripheral environ-

mental variables upon the more central variables of learning. N ’3

. \ ‘ e ot s
b One common thread underlies all of these suggestions and analogies.,

1f educational technologists want to study the cffects of richly varied

- ~ .

- learning environments on the whole learner, then they must take into

o

'consideration ghale systems of varinbles both within and outside the
lea.her Aptitude- treatment interaction research is a si that
rescarchers recognize that learners differ on many dimen ions, ant the
technique has prpduced many interesting findings, which [are alread;

giving rise "to some useful generalizations (Allen, 1975). However, in a

truly rcpresehtative learning pituation,, eVen assigning small groups of
- )studbnts-to gdifferent inqtructidnal treatments dn'thc basis of 'defined

\

and rcsear hed aptitudes is not reall going far &nough. eally, each
c\ y B

variable affdcting each learner as an individual should be accounted for. .
—

ObviouQ1y, thha is 1ogistically impossible at prcsant Howevem,(the'

oducational technologi rt\can begin moving in thiq-direction if PL studies-
, - | - ‘ ,
' : i R ~.,../10
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many variables in single subjects rather than Jjust a fed’variahies in

[} - A

many subjects.

’

The study of many-variables in.combination in learners has two

-

Y

implications: the researcher needs to oh;ain daia on the learmer's

cognitive structure rather than just performances; such’ gaructural infor-

oM

-y.

mation, because it involves nany variables,

must be analyzed byimulti-

abpetween them.

Moreover,

variate tecHniques. the researcher needs to be able to us

" multivariate techniques to test statistical hypotheses about diffe ences

Ly

Among the several

tween various structures, and changes in them.

\

le multivariate techniques, factor analysig provides the negessary

tructural information, and in its confirmatory and simultaneous forms

i
ig capable of testirng hypotheses about these structures and differences

Ta 4,

Deese's studies of the structureof asséniative meaning

1962,

(Deese 1965) are good’%xamples of how factor analysis can describe

structural relationships between concepts., The factor matfices{

from the analysis of intersection coeff&cients derived from free

associations to groups of related words provind detailed deacriptiona
’

of the way the concepts named Ey the words were related. Deese's °

technique, modified to suit the more recent developments in confirmatory

and simultaneous factor analysis, provides ayery useful jumping~dff point

confirmation
Q)

of the reqults obtained from factor analysis is possible through/aaafgsis

v

for the study of cognitive structure. In some instances,

s ’

of variance and multiple regression techniques. This confirmation is .
. v »

.

useful to validate factor analysis as:a method of tegting hypotheses.

’ . , .
. o oL/

-

merging

/ \

s

—~
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" Factor analysis and cognitive structure. | o, ) o .

* o statis”fés derived from factor analysis represent. It is intuitively

L appeallng to suppose’ that since fagtor analysis provides information

) about strvctural 11terre1atlonsh1ps between variables, factor” ma;;::Z§\,

i ! - [
7 represent cognltlve structure in some way. OIf this were SOy then the

“x

o - esearcher‘could indeed test- hypotheses about changes in the way in . _ °

L\ . '., L@ r

which subjects structure the information they receive, hot just. the way
A S _ ~ - .
* they perfqrm on tests. Cognitive structure itself would them begcome a

4

ERI!

Aruitoxt provided by Eic:

dependent variable.

- ) . ’ ’ . _ Z i )
able to amswer such questions as’, "What is & factor?"»

I3

dlfferences§1n comm

. struqtures_information?4

Lo ~

can be found in the 11tef§ture

o

-

Ea

PR

Y

‘But for this come about;

the researcher must be

on factor Vvariance mean 1n terms of how a subgedt

-~

bl

éb’ﬂ)

»

,»

L

Fortunately, answers to some of these questlons

\'«
;,_é:

"What do significant~

. . . %

\———-—:J‘ ‘ i

' o - L
i guishes among the elements in a given cognitive domain,

‘Scott (1966) suggests that\the number of factors extracted by

o

factor amalysis under certain specified procedures serves as a satis- ’ .
. . v » . - . ~ ‘,‘ :

factory ‘measure of domain,diff%gentiation. This is a property of

B . . . . ) .
cognitive structure which indicates the degree to which a person distin-
. .', N - ‘

For example;_if
e . N

_one subJect arranges objects in a glven domaln in such a way that, five

£
factors are ex%;acted from;the-1ntercorre1ations between” the objects,

- L1

the

.
S a

. - -
researchen, can conclude that this subjéct has a more complex.difﬁeréhtia—
. ‘ * * ' -~ ' ’ . . o~

+ M : 9

- eng structure than a sybject for whom  nnly four “factors are obtained. e
. o,

A more elaborate picture of cognitive structure is offered by

R “ - . N -

w | Ny v 12
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v
- 1

- . o

MacNeill (1974). Like Scott's report, MacNeill's paper also offers 8

possibilities for relating factor matrices to cognitive structure.
11 , SR ' o L.
MacNeill identifies {two main components of cognitive structure: discrimi-
]
nat1ng structnre which refers to the breaking ~down of information into
"J
{

. its components for, sorting; and integrating structure, which refers to

. - how tné partitioned parts;are related. (It is impossible to overlook
. o the parallei,between Qiscriminating‘and integrating structures, and " .
3 . . v . “ ’
‘Piaget's "assimilation" and "aocommodationﬁ,:(Piagec, 1967). The
complexity'of a person?s‘cognitiye structure’dependsfupon the‘conplexity
N P . 4

\ : of 'both the discriminating and the ‘integrating components. Discriminative’
v . . g .

complexity is a functior of the number of .dimensions in a person's cognitive

i

structure and of the articylation.of those dimensions. If a dimensioq is

consfdered to pe‘iike a scale on which peopfe rate items,.then 'the
. . S e PR T ' "
' articulation of the dimension is a function’of the nunber of possible
gradations.on the dimension. Integrati;e cognitive complexity is a
‘fnnction of the relationships hetween.the dimensions. A.person's

discriminative c0mp1ex1ty increases as the number of dimensions and the

. &8 )
number of gradations on them increases, and integrative complexity I
' o

increases- as the dimensions become less correlated to each other.

N

' . -Parallels between this conception of cognitive structure and

. 1

‘factor mattix statistics are easily s®ten. Again, it is intuitively
. *

appealing to think‘gf factors derived from the interrelationships between
- .concepts to represent the dimensions of cognitive structure, factor
1 . o
’ 1oadings to be related to articulation, and interfactor correlations to
- describe degrees of 1ntegrat1ve cognitive complex1ty If the relationship
P ) ’
d v o o ve../13

Q ' . . ,‘ - | ' 11‘ ) . B
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-between factor patterns and cognitive structure could be proven to exist
~  1in fact this would be most useful to educational technology researchers.

It would allow them to sﬁudy the impact of<mu1t1var1ate 1earn1ng

o

- enqironments on the cognitive structure of individual learners and of

. ‘groups of learners; and arrive not just at assesbments of the effectivefess

[N
.

_of instruction on learner performance, but al'so on how the learnmers -
LY S * ) * ' ‘ ~
structure the information in the first place. o N
b . ; ’ '
i il - : a
‘Experimental ev1dence.

i -

3 14

Two studies have Just been completed which attempt to relate

, [}
the vagious statistics provided by a factor matrix to cognitive structure

and 1earn1ng, (Winn, 1976a, 1976b) Beginning from Shavelson's (1972)

study show1ng that instruction 1eads to better—defined cognitive. R

N ' -

e Structures, a first study, set out to compare factor matrices obtained

0y

. from ingerrelated concepts obtaingd before and after instruction in that
.t . * ""' @, : . .

domain from which the concepts’were taken. 1f factor analysis can indeed ’

. .
. . - S

reveal cognitive structure, then, according to the theory of cognitive

s
-

complexity, factor matrices should reflect changes in complexity as a

Ny LY
'

‘ result_of instruction. More specifically, instruction should bring about,

“ »

an increase .in the  number of factors, and an increase in the 1loadings

matched by an increase in common factor warlance as a resulg of increased

-

discriminative complexity, and it shOuld also bring about a decrease in

x

interfactor correlations as a result of increased integrative complex1ty.

»

'+ . Thesé hypotheses were tested as follows: Subjects were pretested

. v . ) . N
- in 'semantics at the beginning of an introductory coffmunications course.

: L. YUY
' : . ' : [ ' - - ’ /

\‘1 . . .k.“
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At the Same time, they made single free verbal associatidns to twelve’ ' : s

: . . , .

.

words naming key concepts in the semantic area. These association®
. 4 .

o .

.were used to compute intersection coefficients measuring the association
» between the concepts, and these coefficients were factorfanayyzed. This

" procedure replicated exactly Deese's (1962, 1965) method of studying

/

associative meaning. After the three weeks normal course-work, which
B <

comprised the "semantics unit'" in the course, the subjects were post-
. . : . . ©

tested on sgmantics and made a second set of free associations to the

- . same words. These too were factor analyzed. "Pre-and post-test. comparisons '
. ) . . ' : v,'.,
of the test scores showed that the subjects had learned a s}gnificgatv

.
»
- -

amount about 8emantics.

Ll

. Ay
! The two factor matrices derived from the associations made before

and after instrugtion were compared using Joreskog's simultaneous factor
' .o» . { ' ‘
analysis of several populaﬁioﬁs,grocedure, déscribed earlier in thris '

a7

paper. Although no significant differences were found between the number

of factfrs and the  factor -patterns Of‘tﬁé two matrices; the matrix obtained
from the post-instruction associations had siénificantly larger common
N : . . ‘ .
' '(/ ~ factor vhriancqs and significantly smaller interfactor'correlations.
;\‘/:il These two *significant differences lend credence to cégnitive,complexity —
theory, and also to the ability of factor analysis to reveal cognitiﬁe ‘ .
i . A
,0' < sfiuéture. The lack, of differences between th; two ﬁatrices as far as 5
the number of factors and ;actor patterns were concerned was not
i surprising in view of Qhe‘genérally low factor loadings_in both matrices.
i The unique factor variances were much(largér than the common factor '
.I‘ e N
variances ig botH matrices, and this means that the factors that were
v . Wy o Y A 1 ‘
- ]’6 ( ’ . .
Q ’
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extracted accounted for only a small portion of the total variance. This

“

phendhenon is also true in Deese's work, incidentally, and is probably‘
attributable to the low probabilihy of similar associations being made
' 7

.

tructures of greater 1ntegrat1ve complexity aRd greater "structuredness". ,
] / '. . , . v R o
A second study was c0nducted to explore further the relationships

.r - -

between factor‘sqructure es a measure of cognitive structure and

o

’ performance. In this second study two measures of performénce were, used.

- ~
.

The first of these, a$'iﬁ‘the previdus study, was the subject's score
. - . A .
= - on a written test, The séEOnd performaﬁce measure was the mean number

- .

of word associations each subject gave to the stimu&us\words;‘ This SéCOnd’
. measure was chosen as a dependbnt variable because it was' ‘'seen as an v
{

. . &indication of a subject's familiarit* with amd, access to t:he cont:ent: and

-~

~

not necessarily 'the accuracy Witb which he knew it. _
. \ . ) . '

[y . . i
Afterapormal classroom instructiop in audiovisual communication,

which was the next segment in the introductory communications course used

v
-

in thé-first study, students made multiﬁle'free associations to ten words

‘naming ten new k?y cbncepts. this was a modlflcatlon of Deesevs procedure -
. .

developed by Winn (1976c)" in another study At the saﬁe tfme, the subjecfs

took theijr midterm exams Their performance on those questlons directly
N . L . Y

related to the ten key yords was noted, as was the mean number of words !

. _ . i 17 . ' .
Q . o ' ‘. ’ -”
ERIC  »
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each subject gave as associations to the stimulus words. Intersection
‘ . . | .
coefficients for the ten stimulus words were sglculated for each subject,

4
.

and these were factor analyzed. In this way, factor matrices were
A

obtained for every individual subject. The number of -factors, the mean

common factor variance, the percentage of variance accounted for by the

first factor, and the peragentage of variance accounted for by all of the
hale .

factors were noted from the factor matrices of each subject. Thesgﬂ

-
-

1.'stat([stics were then used as predictoré of midterm test performance and
of the mean numbg; of associations made by each subject. Multiple

fogression of these variables on midterm score and number of associations
A%

showed .a significant positive relationship betwegn mean® common factor
. » .

o

- variance and midterm score,-an&‘between all of the predictor variables
and fiumber of associationsAmade. *A significance level of .059 was also

~ obtained for the relationship bethen midterm score and the percentage of

a >

variance accounted-for by the first factor. \\Mtl
t e & . .
. \\\7—‘ This second study provides further evidence of the r&lationship

between cognitive structure measured by factor analysis ahd performance.
- o ¢ B . e

The relationship between common factor.variance and perfprmance on the

midterm test was not unexpected, aA"serves to support the similar finding

-

- - <

in theefirst'studyv The near-significance of the relationship between
the midterm score ;ndthe percentage of variance accounted for by the
first factor alone requires further experimentaf étudy: \This is all the
more nedessary éince the reiationship between the percentage of variance
accounted for by all the factors and midterm score was no where near

4 -
significant. This suggests that there is quite a complex.%elationship

S LR W
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4

between performance on the test and the cumulative variance accounted for
_ . : ,

by successive factors. An interaction leffect between performance and ,

cumulative percentage might well exist. _ . U . P

i
‘e

The significant negative correlation between mean rfumber of
. ., - 3 .
associations given to the stimulus words and the mumber of factors seem
t : @ . ‘ .
to contradict cognitive complexity theory. The more assoc#ations a.

‘subject makes to a set of interrelated words, the fewer the number of 'gn
factors which account for the common meaning. If factors ceprrespond to

-

dimensions in cognitive structure,‘the égpositg should occu%. ‘Therq:ane
two polnts that need to be made. The fir§t concerns the idéa tﬂgg.t“; . -
more association;fthat are madeh'ghe more overlap there mus{ be??‘Whiie it
is true that'ﬁhe:probability of ré%egition inéreases ;s:FheJn;hber.o%' oot

*

responses increases, it is also true tHat the number of unif responses
- 4 . o . ; .
) . ¢ L Ve
increases as well. It seems unlikely, therefore, that ‘the tepeé}tion : q{
e .

of certain responses accountgs for the smalller number of factors. A more ¢
o . ' .

e

plausible explanation scems tb be that fluend} of associatign Is somehow
N - ] . . . v

related to simplicity of associative structure. In this.caéé; thoge ." -

.
» . .

subjects on are able to structure a coénitive domain with the help bﬁ

just a few dimensions would be ahle to give fiore associations to key’ R

-

, B

words from that domain.- Access to the various dimensions of the domain

would be easier for them. Simplicity of cognitive structure leads to

o
greater familiarity with the content of that structure. However, this

' ’ -
simplicity does not seem to help performance on a test based on the NN
content. - There was no significant relationship between the number of ’ -

factors and perfotmance on.the midterm test. Neither, ‘incidentally,

I ve../18 (
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- q ‘ )

“'were ;he’two dependent variables, test performance and number of
. ‘ y

M .

-

= »
associations, significantly related. )’
. .
A signifdcant positive relationship between common factor variance

. ;oo
and ‘the number of associations made should cause no surprise. It confirms,

for number of associations as a measure of subject ,erformance, what the *

.

- - first, study and the other nart ofs this study showed for test perfdrmance.
y g

The mare associations~that are made, the more the variance cdn be
a ~ . R ) . . R 2
accounted for by the common factors.
A P

~»

The relationships between 'the percentages of variance accounted

° »
for by the factors and the-mean number of associations for each stimulus -

L3

’ - o
. *word seem to be as complex as -the relatiqnships between these percentages
/ o \

and midterm test performance. Thére was a significant negative

relaiionship ‘between the total pe{centage of variance adcolnted for by=the

¥
.3

, factors andFthe number of assoclations made and ~‘slgnificant positive

relationship between the percentage™ of varilance acc0unted for by the'

A
_first factor and the number of asswciations made. . The intewhction between -
’ : ) -~ .
" factor position, amount of variance accounted for by the factor and number

"

o - ‘e
of worde given as associations is difficult to interpret without further

study.' However, the greater the number of words, the "greater the

percentage of variance accounted for' by the first faetor, and the smaller

»

the percentage of variance accounted for by all the factors. It seems

-; that cognltive :gimplicity is accompanied by a markedly unequal distribution
of the common factot variahce among the factors. As 8uniechs make more
» - - o
* responses, they not~on1y use fewer dimensions to structure the cognitive
SR -3
- domain in questiOn, bnt,the jmportance of. the most im;ortant dimenbion

{ N N * -
. -~

: - | - . . T
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is much greater than that of the others.
The results of these two.studies can be generalize Only with
caution. It’seems that common factor variance\ii a good ipdlcaﬂor of

performance on a written test of a cognitive damain. The more 4 person

knows about something, the more the common meanding of the Eoncepﬁs witnig

the domain can be ‘accounted for by thq;fundamental dimensidns al@ng»which :
4 .

the person st:nctures his knowledge of the domain. Beyond|this, the

amount of variance accounted for by the most important of these' dimensions.
4 ’ | . . « /

also seems to be a good predictor of test performance, though the reasons #

for this.can only be speculative with the amount of dataﬂfufnished by
Y 2

these~twohstudies. There appear to be stronger relationships between .

the number ¢f associations given and cognitive structure.-. Simplicity o

: : N
structure seems to énable the learner to make associations more easily, -
L. . . - \

and suggests an easier access to the informatlon in his cognitive € -

structure. Common factor variance, too, is closely .related to the number
of associatiopns given, and there also appears to be a relationship,

“

though a complex one, between the order of factors, the amount of variance

“

H

they contribute, and the numter of wordé given as‘asscciaticns. v
Generaliy, the various statistics given b factor analysis seem behave
as cognitive coqplexity theory predicts they should, although therel
4
appears to be a stronger relationship between these statistics and ¢
quantitntive measures, such as the number of associations madé, than
quantitative measures; such as test performance.

It appears then that factor analysis is capable of describing

certain aspects of cognitive structure. Just where does it fit Into

A

.. ]20,

,_.’ A‘ zl ) : . . .
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research in educational technology? IThe obvious advantage that™thg

° . . L4

technique has over other more traditional methods of-data'analysis‘is

that factor analysis permits the researcher tp assess the impact of L/

“ .
. P . A

‘various instruct;onal treatments on how learners process and structure

information, not just on how they perform on teststf that information.
3 ~ -
1f- the values attached to the variods statistics‘derived from factor
) .
analysis are used as dependent variables in a résearch study, then the-

regearcher will be able to observe structural changes in the leatndQ as

a result of" various instructional treatments. These structural changes,
. 4
moreover, will be attributable to, he action of many variables, not jusn -
» L * B
a few, if frée association dgta are used. fi .

- '

.

‘ An examplc of the usg of factor analysis in this way is'a study

.

‘ by Winn (1976¢c) of the stry tural d&&ferences in free associations to.

words black—and—white and color pictures Subjects made multiple f%ee

associations to monochrome and to color pictures, and to the corresdbnding

noun labels.. The intersection coefficients between ;he sets of stimuli

were factor analyzed,'and the three matrices frere compared using Joreskog's

‘technique. It was f und that the common factor variances of both mono- .

\d

. chrome and cqlor pickures differed from those of the nouns, but,xha} the
) ' ) .

factor'patterns were the same. It was concluded that .the basic cognitive ~ >~

L

structures derived from plctures and words are the same, but that words
lead to a tighter structuring of information than pictures. The shapes

of the structures are the same for both words and pictures, but the

«* -

shapes and mdre clearly defined in the case of words. These results

alloweg the researcher to draw conclusions about,differences between the
P '

Y 451

)
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. . s .

. , W\ . v '
4qualitative and the quantitative effects of different ways of presenting

informatfon. Factor analysis provided information about the qualitative

.. L

aspects . of the -structures which would not have been available as a result

[

of more traditional forms oflanalysis.
A second experiment in the same study allow®® Winn to isolate two
A .5 .

color factors in the’ analysis of associations to colored stimuli. This

showed that color does indeed have an effect on the way id which learners

.
—

§ structure infor,ption,when color is used to differentiate concepts withih
. ( / N .
a conceptual domain. Here again, factor analysis in the confirmatory

mode allowed structural information to be studied where more conventional
]

techniques would not have proven adeq?ate.-

Lo Clearly, theSe few studies are primitive. The complex techniques

fassociated'with the use of factor analysis in these and similar

.

; ] * R S
. , experimental settiggs have to be ref%ne@ to some extent. However, the

+« analysis of- frec assocYations by -the various techniques discussed above

I \
/

/ does provide an "access r?ute" to cognitive structure. There is a need
. i v.t, ? .
’ for researchers in the educational technology area to apply these techni-
4

ques to the study of the effectiveness of different instruetional

.

treatments on.different learners. We need information about the learner-
< 3§ ’

as-system, and factor analyéis‘cqn give it to us. Nor should the

-~ ‘ N

. J
- . researcher limit himself to the analysis of frce associations. Deese's

.y

i technique has limitations. .It {5 hard to fmagine that freeiy assoclating. |

to stimuli allows the subjcctltoareveal everything he knows and feels about

~a

something. Other methods of %;iéging pro?&les‘of the.structure of a

particufar copgnitive domain need to be developed. Digraph analysis of

instsuctional content (Frase, 1969; Kingsley, Kopstein and Seidel, 1968)

“

[}

>

.. l22
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and adjacency matrix. construction (Harary, Norman and Cartwright, 1965)

both offer to extend the intercorrelatidn of concepts in-a given domain

L d »
B

away from single-word responses towards connected discourse. Other types
N ‘ * . ] 7 L » 7

of factor‘analysis need to be eprored{as well. Particularly promising
is longitudinal factor analysis (Bvans, 1967) as a.technidue for comparing

structures in a "before and after experimental design ‘Other multiva-

- -

riate techniques should not be overlooked either. An'example of muleiplei

regrebsion:used in conjunction with factor analysis has already Been

- given. Its usefulness to the educational technology researcher is not -

to be underestimated.

M 4

In conclusion, factor analysis is useful to ‘the educational

a

technology researcher chiefly because it provides qnalitative information

about '‘a learner's cognitive structure. Recent developmentg in the

/

techaijue allow it to be used for hypothesis testing and for the campariéon
. e i
of structures derived from different treatments, and derived before and

1

after treatments. In this way it is particularly'useful for telling us

‘ * _
about the way learners process and arrange the information they receive
' . .

N
i N

without excluding any of the peripheral variables that inevitably

influence cognition. Erperiments haQe shown that lhe various s’ tistics
derived from factor analysis of free association data do indeed act as >
prcdicatora of some kinds of 1earner performance, and, b{ following the
predictions of *cognitive complexity theory, they have been shown to 6rovida

fnformation about the learner's cognitive structure. Clearly, the

experiments reported above need to be replicated. 1t is far too early

.
.

to place great confldence in the validity of factor analysis as a measure
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: .
of cognitive structure. Bubt what has been done 'so far suggests that

0y

. ' -4
this is an area.worthy of further study, antd that, applied to the L.
Ay . o | . -
study of differences in cognitive stfuctures derived from different . 1
) . ) ¢ v . ’ ’ . 7 ,’le
{nstructional treatments, factor analysis is indeed capable of becoming o
s - . one of the educational techmologist's most valuable research tools. a ’
‘ 4
. ‘ v . e ‘ l o
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