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ABSTRACT

The research reported evolved from the basic problem:
can the acquisition of cognitive structure be measured with
greater fidelity than currently possible using conventional
achievement tests? The study focused on the cognitive
structures acquired by a sample of university students
studying a unit on descriptive statistics. A series of
measures of cognitive structure (tests) were derived using
multidimensional scaling techniques. The construct validity
of the measures was then explored.

Two groups (and several subgroups) were used in the
study. Since the tests were intended as measures of
achievement (specifically of cognitive structure), the
per formance of a group of achievers (experts) was contrasted
with the performance of a group who were relatively naive in
the concept domain. Next, thevtests’ abilities to detect
changes during lqprning were examined by testing the naive
group after an instructional experience»and comparing the
pre, post and expert measures. The tests were also examined
regarding their abilities to detect differences between
groups of learners who repéived different instruction. The
relationships between the derived achivement measures and a

conventional classroom achievement test were also explored.

jv
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The construct validity of the derived measures was
suppo?ted by each of the above investigations. Additional
support was also provided by a brief convergent-discriminant
validity analysis.

Previous research has established a l1ink between
cognitive style and achrevement. Accordingly, the derived
achievment measures were used as the dependent variable in
an aptitude treatment interaction (ATI) study. Cognitive
style (the aptitude) was assessed by the Group Embedded
Figures Test (Witkin, Ottman, Raskin and Karp; 1971) while
two levels of instruction (one emphased 'knowing how’ , the
other emphasized 'knowing that’ ) were employed as the
treatment variable. Statfstical analyses resulted in the
rejection of the ATI hypothesis. However, instruction
emphasizing 'Knowing that’ resulted in greater changes in
learners’ cognitivé structures than did the 'knowing how’

instruction.
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! I. INTRODUCTION

A. Overview

AsseggmNt of students’ understandings of cogpitive
material haS been a continuing problem for educators. By
attending ¢19%¢1y to instructional objectives of a
behavioural fQCus, evaluators have been able to ééasure
procedural knafﬂedge {Ry]e's (1949) 'knowing how' ) with
success; howeéver valid Measurement of propositional

know ledge (Ryle’s "knowing that’ ) has proven to be far more

elusive.

Yet a5 Mger (1973), Wight (1972), Bruner (1960), and
others have SYQgested, the important intents or instruction
are often proP0sjtional knowledges. Gagne and white (1978f
have specyl3t®d that 'knowing thats’ provide the |
interconneotiQns amongd 'KnowingAhows’; They furthér
hypothesized 'hat these links provide the means for std}ing
and’accessing in memory intellectual skills.

IdgntifiQation of propositional Knowledge structufes,
(also frequent‘y referred to as cognitive structures (eg.

Shavelson, 1972; preece, 1976al) has considerable

pedagogical r'Mevar\vce. Essentially, a cognitive structure is

the memorig! storagé of an individual’s knowledges and

o
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intellectual skills. It includes not only stored concepts
and their interrelationships, but also cognitive processes
such as thinking, creating, and problem solving.
Metaphorically, it might be thought of as a network of nodes
and arrows where, in the simple case, concepts such as
‘grass’ and 'sidewalk’ might be nodes connected by the
propositional arrow-of-relatioﬁ, ’beside’. Tolman (1932),
Bruner, Goodnow, and Austin (1956), Gagne (1962,1965),
Ausubel (1963), and Piaget (1970) are among the educators
who have argued the importance of learning the propositional
structure of a subject. Ausubel;s (1960)‘advance organizer
is anchored on the premise that cognitive structure entities
can be identified and taught. Gagne’s (1970) concepts of
learning transfer and rule application are similarly founded
in a cognitive structure mode). Both lines of resear:
operate from th~ rationale that knowledge of cognitive
structures wi | facilitate instructional design

Geeslin -nd sh- velson (1975) and Fenker ‘C€75) are
representative «° ' 2searchers who have argued that student
achievement might be assessed by comparing a learner’s

cognitive structure with a criterion structure derived from

“experts and/or instructional materials. Such a procedure may

result in more valid measurement of_’Knowing that’ than is
possible using other techniques,.

Cognitive structure research also has potential in the
realm of aptitude treatment interactions (ATI). Fenker

(1975) and Nagy (13977) both speculated that estimates of



.

s

- -

University of Albera

cognitive structure might be appropriate dependent variables
for ATI research. Successful iqquiries in this véin may
contribute to improvements in both instructional design and
learning assessment.

During the past decade multidimensional scaling (MDS)
has emerged as a viable method for &stimating cognitive
structures. Rappoport and Fillenbaum (1972), Shavelson and
Stanton (1975), Fenker (1975), Preece (1975), Nagy (3977)
and LaPorte and Voss (1879) are among researchers who have
described cognitive stfuctures using MDS. The resulting
structures apparently have been useful for mapping content
relationships during curriculum development. Nagy’'s attempt
to explore aptitude treatment interactions was inconclusive,
however . Research on the relationship between cognitive
structures and achievement, similarly, has been l}less than
fruitful (Fenker, 1875; Geeslin and Shavelson, 1975; Traub
a?d Hambleton, 1874). The potential impact of successful

research in these areas, however, is sufficient to warrant

continued research.

B. Purpose of the Study

Succinctly, this study was concerned with the
assessment of complex cognitive achievement. Currently
popular procedures in which kKnowledge recall and problem
solving are used as a basis for inferring the achievement of
propositional relationships may introduce a validity gap

D

which might be avoided by more direct measurement of
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cognitive structure. Jol on (1963) and Deese (1965) noted
limitations of problem-solving tests to assess the
acquisition of science concepts, while Preece speculated
that
Problem-solving tests are, perhaps, too drastic as
tools for the initial exploration of cognitive
structure, and a number of other techniques have

been used which tamper less with what they are
seeking to measure (1976, p. 1).

Further, estimates of learners’ cognitive structures
may prove to be more suitable dependent variables than
conventional achievement test performance when investigating
the effects of instructional variations: if the intent of
instruction is the learner’'s acquisition of a cognitive
structure, then that struciure should be a principal
concern. Aptitude treatment interaction studies involving
cognitive style aptitudes might also benefit from such a
dependent variéb]e.

This study explored the above issues. Two measurement
methods and several analytic procedures were used to
estimate the cognitive maps attained by two samples of
university students who were studying basic statistics. The
impact of instructional variations (one instructional
pattern was intended to favour ’'knowing that’ while the
other instructibna] pattern emphasized 'Knowing how' ) on the
resu..ing cognitive maps was investigated in an ATI design
employing field dependence as a cognitive style aptitude. A
target_structure was obtained from experts in the content

area; this provided a criterion against which students’
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structures were compared. The congruence between students’
structures and the criterion was related to student
performances on a conventional achievement test. Finally,
changes ir students’ cognitive maps during instruction were
compared with achievement test pebformances.

The thrust of this thesis was to assess simultaneously
the relationships among cognitive structures, instructional
strategies, cognitive styles and achievement. Methods for
estimating cognitive structures were also examined. Current
research regarding these concepts and their
interrelationships is reviewed in the next section. An
empirical investigatypn of the nomothetic network is then

reported.
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II1. REVIEW OF RELATED LITERATURE AND RATIONALE FOR THE STUDY

A. Introduction

In this chapter research pertaining to cognitive
structures, cognitive styles, instructional strategies, and
multidimensional scaling will be reviewed. Initially,
cognitive structures, their role in concept attainment, and
methods for estimating cognitive structures will be
examined. The impact of cognitive styles on cognitive
structures will then be explored. A brief consideration of
an aptitude treatment interaction interpretation follows.
Next, the relationship between cognitive structure and
achievement will be considered. Final]y; a nomothetic

network amenable to empirical exploration will be presented.

B. The Nature of Cognitive Structure

Althouéh cognitive structures as psychological
constructs cén be traced at least to Lewin’s (13935) fields
and Tolman's (1932) cognitive maps, the work of Bruner,
Goodnow, and Audtin (1956) is a milestone from an
educational perspective. Unlike many of their connectionist
contemporaries, Bruner et al were concerned with how man

deals with a tremendously complex énvironment rather than
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with how man deals with a simplified stimulus-response
laboratory situation. They observed, "were we to fully
utilize our capacity for registering the differences in
things and respond to each event encountered as unique, we
would soon be overwhelmed by the complexity of our
environment (Bruner et al, 1956; pt1)." In order to
successfully cope'with this complexity, the human organism
must attend to the similarities (rather than -the
differences) among events; humans must respond to events
“...in terms of their class membership rather than their
uniquenesses;" in essence, humans must categorize events.

In the same vein, Hanson (1958) stated "knowledge of
the world is not a montage of sticks, stones, color patches
and noises, but a system of propositions (p.26)."

Pylyshyn (1973) defined cognitive structure in a manner
which allowed the entity to be used as a primitive
construct. A primitive construct is akin to MacCorquodale
and Meehl’s (1948) hypothetical construct. It is an abstract
hypothetical entity possessing explanatory power and which
does not requifé further reduction. The network composed
would be

best characterized as a descr{ptive symbol structure
containing perceptual concepts and relations, but
having the abstract quality of propositions rather
than the particular quality of images (Pylyshyn,

1973; p. 7).

Concepts and relations in such a network need not

correspond to words in an individual’'s vocabulary. Neither

does the network require that propositions be expressable in
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language (natural or other). In fact, this very abstract
representation of conceptual categories which Pylyshyn
outlined would have the following impiications:

(a) that it does not correspond to a raw sensory
pattern but rather is already highly abstracted and
interpreted, .

(b) that it is not different in principle from the
kind of knowledge asserted by a sentence, or
potentially assertable by some sentence,

(c) that it depends on the classification of sensory
events into a finite set of concepts and relations,
so that what we Know about some event or object is
formally equivalent to (i.e., can be reduced to) a
finite (and, in fact, relatively small) logically
independent descriptive propositions (p. o?.

Such a structure would be necessary for both 'Knowing about’

and ' Knowing how’ .

The highly abstract nature of Pylyshyn’s cognitive

NP

structure is, at once, both powerful and hindering. Its
being free of vocabulary and language requirements allows

the model to explain the formation of concepts for which n
\

verhal label exists; new concepts which trigger the cr:;;jyn
ua

of new variables are allowed; thoughts, emotiQQs, perc 1

~ 4

i S

.

events, and motor events are also within the model’s

explanato- + 1 ealm.

Such . nnthetical entity taxes understanding. A
concrete exa certainly would be enltightening.
Unfortunate = non-verba® non-visual nature of the
structure pre . sur concreteness. Indeed, many authors,
seeming’y, have be - 1.: racted from their theo;etica]

investigations wr =~ “hev sought .erbal or graphic metaphors.

Gagne and White 187~ for example, in their efforts to
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anchor cognitive structures to observable events, ended up
with a notion of propositional representation which was more
akin to an intervening variable than to an hypothetical
construct. In order to adequately 'explain’ a range of
behaviours, Gagne and White hypothesized four distinct types
of memory representations. Descriptions of each type
required both state and process variables. Al] four classes,
however, can be explained more parsimoniously by Pylyshyn’s
paradigm.

At the risk of committing the same error, a reasonable
metaphor for cognitive structure might be a nodes and a -ows
representation with features similar to those of models
advanced by Kintsch (1972), Anderson and Bower (1973),
Collins and Quillian (1972), Newell and Simon (1872) and
others (some of these are jscussed in greater detail
below). Concepts are the nodes in the network. They are
highly-interpreted abstractions of the ehvironment. Among
the entities they may represent are classes of things and
events (e.g., cars, dogs), patterns of attributes (e.g., a
strike in baseball), ideas (e.g., democracy), single events
(e.g., b-Day), and sing]é things (e.g., the earth). The
nature of propositions which relate concepts may assume a
variety of characteristics including logical or procedural
assbciations, semantic or perceptual similarities, and
episodic coné%guities. Both concepts and propositions may
have characteristics which are. common among many people and

other features which may be unique to a single individual.
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This study employed Pylyshyn’s notion of a cognitive
structure. In addition to the characteristics noted above,
cognitive structures are dynamic and evolving. New concepts
and relationships may be added to and integrated with an
existing structure through processes such as (but certainly
not restricted to) Piaget’s (Piaget and Inhelder, 1964)
assimilation and accommodation, Ausubel’s (1963)
subsumption, Joyce and Weil's (1972) concept acquisition and
concept attainment, Gagne's (1970) vertical and lateral
transfer, and Wickelgren’s (1977) chunking. Know]edge
stating, thinking, and problem solving are among the
processes of which the structure is capable.

Propositional relationships need not exist among all
concepts in an individual’s cognitive structure. Initially,
a new concept might be related to only one other concept. As
concept acquisition and attainment progress, propositional
relationships between the new concept and previously
existing céncepts will be formed. According to this line of
reasoning, an individual’'s cognitive structure might be
organjzed into ’neighbourhoods' of interrelated concepts;
neighbourhoods might also be interrelated. As a cognitive
structure is increasingly elaborated, the number of
relationships among neighbourhoods, presumably, will

L]

increase.!

' Interestingly, this paradigm of cognitive structure
provides plausible explanations for two of psychologies
perennial lemmas. Several investigators of multilingualism
(e.g., Haugen, 1956) report among older people a tendency to
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Although elusively abstract in nature, Pylyshyn's
construct of cognitive structure has many of the
characteristics of cognitive structures as intervening
variables described by information processing researchers.
Collins and Quillian (1972) presented a network model for
long term-memory in which clusters of information are
represented by nodes in an information network. The
relationships between different information clusters are
represented by arrows. In its simplest form, a node is a
concept and the arrows indicate set relationships or
attributes. Collins and Quillian and others have aEtempted
to demonstrate their model in a variety of attribute and
sentence learning studies, but have been met with only mixed
success. They have also tested it in computer simulation-
with more favourable®*results.

Rummelhart, Lindsay, and Norman (1872), Newell and
Simon (1872) and Frijda (1972) also have deve]opéd ne twork
models. In general, the models have been tested by learning
recall studies. A conceptual structure for a set of learning

'{cont’d)intermix vocabulary from one language to another.
Perhaps as secoid (and more¥ languages are learned, concepts
in the new language initially exist in a separate
neighbourhood. As facility in the language develops, the
conceptual neighbourhoods may become interrelated to the
extent. of overlap; a single concept might then have several
labels which the individual employs interchangeably much as
synonyms are used. Associative models of creativity (such as
those spawned by Mednick, 1962) are also clarified by this
view of cognitive structure. Mednick and his followers
conceptualized creativity as the combining of disparate
elements; establishment of propositional relations among
distant neighbourhoods (or concepts) is, of course, the
parallel cognitive structure process.

~o
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materials was hypothesized and the learner’s recall of the

material was studied in terms of the model. When subjects

recall information that was unrelated to the information
within the hypothesized structure, ?he mode! was revised.

Wickelgren’'s (1977) description of memory structures is
also consistent with the cognitive structure model adopted
here. He conceptualized associative memory as "records of
events that are enc9ded and stored by networks of nodes
(internal representatives of events)that are connected with
each other by means of associations (p. 11)." Rather than a
perceptual base, the nodes are characterized bHv conceptual
and semantic qualities. New events may be incorporated into
the structure through establishment of associations with
existing elements. Processes such as chunhjng are suggested
as ways of generating new principles, relg%ionships and
propositions.

Wickelgren regarded these abstractions (concepts
principles, chunking, and propositions) as the impor tant
learning outcomes. Specific facts and examp]es.functioned as
the means for facilitating these ends. Performance was
merely a fallible way of inferring learning. A diagram for
depicting the memory for two propositions is shown in Figure
IT.1.

The next section of tHis study describes in greater

detail the acquisition of cognitive sfructures. A more

behavioural interpretation is also discussed.



A vertical associative memory for two propositions.
Elementary concepts and higher-order concepts are both
represented by specific elements. Vertical associations
are used primarily to encode the components o a higher-
order concept rather than to encode temporal sequence.

(from Wickelgren, 1977)

Figuﬁe IT.1 A Vertical Associative Memory for Two
Propositions
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C. Cognitive Structures and Learning

Bruner,Goodnow, and Austin (1956) presented a model for
classifying events according to their features or
attributes. The resultant categories were identified as
concepts. The categor' (concept) could be defined either in
terms of the attributes which defined category membership,
or in terms of the set of elements which were members of the
category. (Johnson (1972) has sinceblabel]ed these
definitions of a concept as the intensional meaning and the
extensional meaning, respectively.) Three types of concepts
were described: |

1. conjunctive concept: the intensiongl meaning specifies
the joint presence of several attribtdes;

2. disjunctive concept: the intensional meaning specifigs
either of two or more attributes;

3. relational concept: the inte -ional meaning specifies
the relationship among attr h tes rather than the
presence or absence of the attributes.

Within this model, categorizing was an essential element of

concept attainment. The learner’s task was to identify the

attributes of the environment which were relevant for
grouping eveﬁts into gategories; resulting organizations of
exemﬁTars according io their attribufes were critical steps
in concept attainment; the learner’s goal in a concept

attainment task was a structural representation of

knowledge--a cognitive structure.’
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In subsequent works, Bruner (1960, 1966) deve loped
several principles for communicating a Knowledge structure
to a student. fFrom the perspective of the present topic, the
most important principles are those which deal with the
structure ‘and form of knowledge. The mode in which the
Knowledge is transmitted will greatly influence concept
attainment, Bruner theorized;\Citing developmental trends in
children, he recommended presenting Knowledge in a
progression from concrete through graphic to abstract modes .
The amount of information contained in the Know ledge
presentation will also influence concept acquisition: the
more information an individual“must deal with at o?e time,
the more difficult will be the learning task._Bruner
suggested that the Knowledge structure should be presented
in a form and sequence such that the number of processing
steps required of the learner is minimized. This might be
accomplished by employing a spiral approaéh--repeatedly
exposing the learner to the same knowledge structure at
increasing levels of complexity. Another approach might be
to attend to the relationship among elements and‘?b;bse a
presentation mode which\best depicts that relationship. The
effective power of the knowledge structure was also
impor tant because it was this power which allowed the S
student to go beyond the»facts to generate new propositions
and solve problems. Indeed, Bruner - suggested that the power
in assistiné\the student to generate new propositions and to

combine disparate elements was the most important feature of
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a Knowledge structure.

Weil and Joyce (1978) developed a set of instructional
procedures for concept attainment tasks. Their mode 1
suggests sequences and activities for facilitating the b/
acquisition of concepts based on Bruner, Goodnow, and
Austin’s categories.

During the early 1960’s, Ausubel and Fitzgerald (1961,
1962, 1963; Ausubel, 1960) performed a series of studies |
which focused on the influence of cognitive variables in
learning and retention. They hypothesized that learning
involves the positioning of new material within an existing
cognitive framework and that this positioning is fabilftated
if the eiisting cognitive framework contains subsuming -
concepts which are relevant to the learning task. Employing
brief introductory passages which focused the learner's
attention on exisfing Knowledge related to the to-be-learned
material, Ausubel.-and Fitzgerald demonstrated the beneficial
effects of organizing concepts. They concluded that:the
organizers acted as ideational anchors for the new material.

The effectiveness«of advance orgénizers in facilitating
learning is among the most power ful evidence for the
existence of a cognitive structure. !

Ausubel, of course, viewed learn}ng through cognitivist
spéctacles. What-is-learned is an organized body of
Knowledge,(a cognitive structure. Among tﬁe objectives of

education is the learner’s attainment of this structure and

his use of the structure to generate propositions, to solve
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problems, and to enhance the learning of new information.
"This knowledge, once acquired, is also in its own right the
most significant independent variable influencing the
learner’s capacity for acquiring more Know]edge\in the same
field (Ausubel, 1968; p.130)." With regard to the utility of
a cognitive structure,‘at least, Ausubel and Bruner seem in
close agreement.

Wickelgren (1977) cautioned agaipst acquisition of huge
quantities of Knowledge and information. Hé argued not only
that memory capacity was limited in theory, but that human
beings might be operating close to quantitive learning and
memory limits. Accordingly, he suggested emphfsizing the
acquisition of 'high-quality knowledge' .

For example, it is of far less general value to Know

the superficial physical characteristics of various

plants and animals than to know about nutrition,

disease, first aid, the anatomy and physiology of

the human body, and the general principles of living

systems... The more a child in an intellectually

rich environmeri. learns about one thing, the less he

or she learns auout other things (p. 3).
Acquisition of general concepts and principJes wh. ~ provide
insight into and understanding of facts and experiences is
far more desirable. Chunking (the creation of a new concept
to stand for a combination of previously defined concepts
much like Bruner’s going—beyond-the-infbrmation-given) is
hypothesized as a powerful process for redﬁcing large
quantites of low-quality knowledge into smaller amounts of
high-quality Knowledge.

Although attesting the importance of goals such as



University of Alberta

\

\\\\ 18
reasoning, problem solving, creativity, and critical
thinking, many educators and educational researchers have
expressed little interest in efficient memory organization
and processes, preferring instead the behaviourist model.
Restricting learning outcomes to observable per formances,
they deny the acquisition of a cognitive structure as an end
in the learning process. And, consi:tent with Dewey’s (1916)
caution that methods and ends are intricately related, focus
on behavioural outcomes has spawned a complex of
instructional methodologies which manifest behavioural
principles. Weil and Joyce (1978) reviewed such strategies
and provided guidelines for implementing them.

Although a critique of the behavioural mode]l might, for
a brief moment, be tantalizing, éuch a discussion would be
tangential to the present problem. Of greater re1évance is
the effect on cognitive structure of instruction deve loped
from a behavioural model. From a cognitive perspective,l
observable performances, clearly, are influenced directly by
an individual’s cognitive structure. Systematic per formances
will not be possib]% uniess the propositions to which they
are attributed haVéibeen adequately attained. Indeed, a
person’'s perfoémance is commonly, the basis for inferences
regarding concept attainment. Instruction which facilitates
concebt attainment ought, given appropriate motjvation by an
individual, result in improveq performance. Further, if
instruction has fostered the development of propositional

relations, performance. on transfer tasks (both vertical and
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lateral) should improve. Conversely, within the behavioural
framework, performance is a function of the formal, temporal
and reinforcement characteristics of the learning situation;
concept attainment plays no role. Performance on transfer
tasks will depend upon the similarities between the learning
and test situations; transfer to unique situations will not

be likely. In so far as lateral transfer involves

" considerable shift from the learning situation, prospects

for this type of transfer are remote. The cognitive
structures developed, similarly, will be influenced by the
instructional strategy: direct attempts to elaborate
propositional relationships in a structure might be expected
to result in a richer structure than that resulting from
behavioural-influenced instruction. Concepts presented
contiguously might be expected to be related regardless of
tHe instruction used; however, propositions among remoté
concepts (those from different neighbourhoods).ought be
favoured by a cognitive-based approach.

" Since Mager's (1962)influential book, Preparing

Instructional Objectives, education has evidenced a

deéidedly behavioural focus. Learners’ oft-noted failures to
meet important educational goals might be interpreted within
the cognition-behaviourism discussion. Champagne and
Klopfer's (1980) observations regarding science education

are pertinent. B,
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Science educators are nearly unanimous in professing
the belief that problem solving and reflective
thinking are important in children’s learning of
science in school. They advocate both the
development of problem solving skills as an outcome
of science instruction and the use of problem
solving methods in instruction whenever appropriate.
However, observations of science teaching in
elementary and secondary school classrooms usually
reveal that opportunities for students to engage in
reflective thinking are all too rare (p. 4).
Unfortunately, although Champagne and Klopfer
acknowledged the cognitive bases of problem solving, they
proceded to analyze problem solving ability not as the
mental states and processes which it no doubt is, but rather
as behaviours, skKills and observable competencies. They
recommended that researchers focus on performance outcomes
in problem solving situations. Such research would clarify
the particu <~ outcomes to be expected from learners.
Champagne and Klopfer seemed to have begged the issue.
The learners’ capabilities which they wish to address, quite
simply, are mental states and processes and, as such, are
not amenable to direct observation. Focusing on only
observable outcomes will result, no doubt, in instructional
strategies bereft of cognitive structure attention.? What
they sought to avoid--"incongruities between what science
educators say they want to teach, what they actually teach,

and what they test for after instruction (Champagne &

- Klopfer, p. 8)"--seems a probable result.

\

2"Method means a way to a result, a means to an end, a path
to a goal. Method therefore varies with the end to be
reached. Without a clear notion of the end, we cannot
proceed ingelligently upon the journey toward it. (Dewey,
1916; p. 3)" .
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Gagne and White (1978), similarly, focused on
perfornances as the outcomes of instruction. Although they
argued from a three component mode] (instruction~memory
structure-learning outcome), memory structures clearly
constitute an intervening variable. Further, memory
structures are not in themselves ends of the learning
process, but are, rather, "merely antecedents that enable
the human leerner to display retention jﬁd transfer in terms
of new performances (p. 187)." Having reviewed a variety of
information processing models, they concluded that a single
memory structure could not account for the diversity of
learning outcomes. They identified fouf classes of models
within which the domain of learning outcomes could be
interpreted:

1. networks of propositions which facilitaté”Knowledge ~
stating.

2. intellectual skills which influence rule applications.

3. images which may be related to drawing '

4. episodes which are presumed to be important for
identifying action sequences,

The works of Ruﬁ%]hart, Lindsay and Norman (1972),
Anderson and Bower (1973), and Kintsch (1970) are cited as
exemplars of the first model. From this perspective, a
memory structure consists of nodes (concepts and information
clusters) interconnected by propositional relationships. The
structure facilitates Knowledge recall as well as inferences

regérding propositions which the learner has never directly
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received. Claiming that structures pertaining to
intellectual skills have been less assiduously described,
Gagne and White hypothesized a network model consisting of
intellectual skills (rules) at the nodes and propositions
relating skills as the links. In previous work Gagne (1968)
has defined rules as statements of relationships among

- concepts. Unfortunately, rather than being content with
conceptualizing intellectual sKills, rules, and concepts as
hypothetical constructs, Gagne and White defined these
entities in terms of observable learner performances.

This, combined with a similar tendency to restrict
learning outcomes to observable performanées and a complete
avoidance of literature which deals with memory structures
as hypothetical %bnstructs (e.g. Rappoport and Fillenbaum,
1972; Preece, 1976a), has resulted in Gagne and White
overlooking the possibi]ity that a richly-defined
propositional network model is sufficient to account for
intellectual skills. They seem to have fallen into a trap
not unlike the learning-performance controversy of the
1850’ s: they appear to semantically confuse learning and
per formance. Mentalistic opeﬁations such as thinking,
creatjng, relating, and inferrfng (which are possible within
a propositional network model)} may be adequaté éxplanations
for their intellectual skills. Apparently, the only
distinction between the intellectual sKills model and the
network of propositions model is the emphasis on

per formance. But simply because observable performances
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(and, perhaps, even the cognitive operations which are their
genesis) differ is not sufficient reason to postuliate two or
three or four parallel memory structures. Pylyshyn's (1872)
arguments regarding parsimony would seem appropriate.

The tendency for instructional designers such as Gagne
and White to be caught between cognitive and behavioural
models complicates the development of instructional
sequences which manifest a single approach to learning.
Unique among authors arguing the case for directly
observable performances, Gagne (1976, 1977; Gagne and
Briggs, 1974) has developed a detailed prescription for the
teaching of complex (intellectual) ski]]é; Unfortunately (at
least from the current perspective), many of his guidelines
seem to influence the acquisition of cognitive structures
rathér than directly influencipg performances. The
complications which result from confléting the two models
will be more apparent in the discussion describing the
development of instructional materials later in this

document .

D. Assessing Cognitive Structures .

As discussed previously, a cogn??%ve structure is an
hypothetical construct which refers to an individual’s
memorial representation of concepts and their
interrelationships. Absfract entities invariably are

difficult to estimate; their description customarily

involves inferences from an empirical model. Such a strategy

/\\ ~



University of Alberta

24

is employed when investigating cognitive structures.

Cliff and Young (1968) provide an example of how
cognitive structure can be described empirically. They
theorized that, for a particular stimulus set, an individual
possesses a memorial configuration (structure). They
suggested that the individual’'s responses to the stimuli
could be described as mathematical operations o; the
configuration and that a non-metric scaling solu o vould
be an approximation to the configuration. Their e, m =
demonstrated close agreement between the position o: st:uli
in the space determined by non-metric multidimensional
scaling and the pdsition of the stimuli resulting from
independent, unidimensional judgements.

The adjectives were located on the circumference of a
circle with the vertical axis apparently a faQourabi]ity
dimension; the nature of the horizontal axis is not so
apparent. The vertical dispersion was similar to the scale
positions of the adjectives derived from an independent
favourability rating. Cl1iff and Young concluded that the MDS
soluﬁion was a reasonable approximation to a memorial
configuration. : ~

Rappoport and Fillenbaum (1972) used subjects’
judéements of proximity (similarity or dissimilarity in
meaning) among terms to explore the semantic structures of
two sepérate domains: colour names and the Have family of
verbs. They "attempted to determine what sort of structure

is required to accommodate adequately proximity judgements
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for each of two sets of related terms (p. 93)." Three
methods of data collection were employed:
1. tree construction--subjects were presented a list of

words and were required to construct trees in which the
words were the nodes and branches connected interrelatéd
nodes;

2. complete undirected (linear) graphs--subjects were
preséﬁted a list of word pairs and were instructed to
rank order the pairs in terms of the similarity of
meaning between members of the pairs. Despite the
seemingly high difficulty of ranking 105 pairs in this
mannerl test/retest reliabilities for individua; |
subjects ranged from .432 to .901.

3. direct grouping or classification--subjects were
presented a-card deck with one word per card and were
instructed to sort the words into piles on the basis of
similarity in meaning: |

Hierarchical cluster analysis (dJohnson,1967) of the
colour-names proximitry matrices detected differences;»‘
between the judgements of male and female subjects. This was
interpreted as demonstration of the model’s ability to
differentiate between popUlations. YoUng and Torgerson's

(1967) MDS solution of the colour names matrices produced

very orderly, two dimensional circular arrays. Rappoport and

Fillenbaum noted that the arrangement of the colours in the

two-dimensional representatibn corresponds nearly perfectly

with the arrangement of the(colours on a hue circle.

O
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Rappoport and Fillenbaum observed that the qgmplete
graph method was sensitive to the differences between groups
detected by the tree construction task. However, although
circular representations were possible using graphs, they
were not possible using trees. Accordingly, the graph method
is the preferred in instances when circularity is feasible.

Both tree construction and direct grouping yielded -
similar results for the Have verbs study, but the direct
grouping task was much easier for the subjects and required
less time. The representations were similar for both
hierarchical clustering and MDS solutions.

Shavelson and Stanton (1975), in an attempt to
ascertain the "correspondence between the subject matter
structure and the representation of the subject matter in
the cognitive structures of stgdents (p.71)," estimated
individual’s cognitive structures for a mathematic; domain
using data collected from tree construction, word
aSsociation, and sorting tasks. In the tree construction
task, subjects were presented a lfst of concepts and were
réauired to construct a graph connecting related concepts.
The word association technique involved analyzing subjects’
free associations to the concepts. Subjects sorted the
concepts into‘piles on the basis of similarity in the
sorting task. The data were analyzed according to an
hierarchical clusteriﬁg algorithm. Shavelson and Stanton

conc luded that a close correspondence existed between the

- structural representations based on data from experts and

t&;‘
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the structural representations of the concepts determined by

a digraph analysis of instructional materials. They also

found that representations from student data were similar

acros§-a11 three data collection methods, and concluded that

.the data support the interpretation that the methods are

measuring a significant part of cognitive structure (p.80)."
Befcre progressing to further discussions .of

MDS-cognitive structure studies, consideratjon of thé
technique’s construct validity is appropriate. Although an
extensive review of MDS-cognitive structure literature might
be both interesting and timely, such an endeavour is beyond
the scope of this paper. A general overview is offered, with
articles which are particularly pertinent to this s tudy

being revvewed subsequent ly. v

The construct validity of MDS techniques to descr1be
cognitive structures has been explored using four bas1c
approaches:

1. wvarying methodology--a single group of subjects
participates in a variety of data collection activities;
various analytic techniques are used to provide

.structural representations; commoness in structu es
aczgss data collection and analyses techniques provides
validity support (Rappoport & Fillenbaum, 1972:
Shavelson & Stanton, 1975; Fenker & Tees, 1976; Preece,
1976b; and Nagy, 1977).

2. varying subjects--groups of ‘individuals differing in

competencies in a subject area are identified;
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variations in the cognitive structures derived provide
validity evidence (Shavelson, 1973; Fenker, 1975;
Preece, 1976a; and Nagy, 1977).

assessing intervention effects--structures for a group
of subjects are assessed prior to and following an
intervention intended to affect the structure; shifts
between pre and post structures provide validity support
(Shavelson, 1972; Traub & Hambleton, 1974; Fenker, 1975;
LaPorte & Voss, 1979).

comparing with external criteria--cognitive structures
derived from groups of individuals are compared with
structures developed from content materials; similarity
between structures supports validity (Geeslin &

Shavelson, 1975; Shavélsoh, 1872%.

Combined, the. first three procedures provide convergent and

discriminant validity evidence (Campbell & Fiske,” 1959). The

results have generally supported the construct validity of

MDS techniques despite the following concerns:

1.

 several errors in analytic procedures--Preece (1976b),

for example, cﬁiticized Shavelson’s (1972, 1973, 1974)
method for comparing matrices; Nagy (1977), in turn,
accused Preece (1976a) of misinterpreting INDSCAL

results.

. the loss in precision resulting from analysis of group

rather than indivicual data;
the crude means frequently employed to compare derived
structures--of the studies cited, only Nagy (1977) used
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a nonmetric goodness of fit measure. The remainder
geheﬁ%lly redjed on visual interpretations.
uncertainty rebarding the relative appropriateness of
MDS versus Hierarchical clustering analysis (Holman,
1972); and - ~
controversy regarding techniques for analyzing
individual differences data--Tzeng and Landis(1978)
quest ioned thepva]idify of Carrol and Chang’s (1970)
INDSCAL.as a basis for inferring cognitive processes
although they seemed less concerned bout 1ts use fqr
the assessment of structures. Thé&»/és well as Rosler
(1979) concluded that a recent modification of Tucker
and‘Messipk’s (1963) Po%nts-of—View is more suitable for
descr?bing interindividual judgement differences.

-

The fourth validation technique is related to criterion

validity. Unfortunately, the criteria employed have tended

to be of questionable relevance and validity; accordingly,

firm conclusions regarding criterion validity are not

possible. \ ~ ) Vi

Many of these studies investigated properties of

cognitive structures relevagt to the present study. Several

of fhe more pertinent will be considered regard1ng the =

effects of instruction on cognitive structure, cogn1t1ve

4

style and cognitive structure and the re]atlonsh1p between

achievement and cognitive structure.
L

1873

)

A series of studies reported by Shavelson (1972,
‘974; Geeslin & Shavelson, 1975) focusiéd on
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instructional impact. In the 1972 research, twenty-eight
high school stude: tg studied a physics text over a five day
period and their daily word associations to fourteen physics
terms were compared with similar responses collected from
twelve control students - ‘studying a different content doma1n
He reported increases in relatedness indices during
instruction for the experimental group and post-instruction
differences: between the two groups. Between group
comparisons of derived group average distances between test
sessions (the technique criticized by Preece (1976b)) also
supported his conclusion that instruction affec ed
structure. Unfortunately, Kruskal (1964) scaling of the
relatedness matrices did not support this position.
Shavelson speculated that the control group’s existing
concept meanings corresponded too closely to the concept
meanings being taught. v

~ Shavelson and Geeslin (1975) tried to eliminate the -

confounding effect of prior knowledge in an instructional

»17tervent1on study involving grade eight students An

ékper1mental group (N=43) studied a programmed instruction
text-dealing w1th probability while a compar ison group
(N=44) studied a programmed 1nstruct1on text on factors and

prime numbers . Exam1nat1on of the pre-test word association

data indicated that both groups of students were unfamiliar
with the ten probability concepts employed.'KrusKa] (1964b)
scaling of post test data_revealed that representations from

the probability-instructed group agreed more closely with
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representatior constructed by digraph analysis of the
content domain than did representations derived from the
control group. They concluded that this supported the
position that cognitive structures are a function of
instruction.

Geeslin and Shavelson also attempted to establish a
relationship between achievement and cognitive structure.
They_used the digraph-derived content structure as a
criféridn for the to-be-learned structure. The cognitive
structure data which they used to investigate the
relationship were Euclidian distances based on the

differences between an individual’s cognitive structure and

‘the criterion structure. They did not find_as strong a

relationship as they had expected. Geeslin and Shavelson’s
suggested explanation was that two different types of

learning may haVe ocurred: the learning of a cognitive

structure and the learning of problem solving behaviours.

The achievement test, of course, measured the latter
behaviour. From the perspective of the arguments presented
above, such an occurrence is unlikely. If problem solving
behaviour is not directly dependent upon a cognitive
siructure, at the least é cognitive structure will be
developed in conjunction with problem solving behaviour.
Another plausible explanation might be that theid
criterion for a (learned) cognitive structure was
inappropriate. The digbaph an%lysis which they used to

construct the criterion structure consisted of analyzing the
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instructional materials with reference to a number of
critical concepts. They inferred the relationships among the
concepts from the syntactic relationships in the written
materials. The resultant content (subject matter) structure,
then, was a function of the specific instructional
curriculum and need not have been a good, let alone best,
estimate of the conceptual network involved.

- A better tack, especially when measuring tools tend to
be crude and the inferential leaps large, might have been to
follow the strategy one uses when determining thé accuracy
of a replica: measure the replica and the original with
identically calibrated instruments. In this case, a better
criterion might have been a representation derived from
individuals who, according to some contemporary standard,
have already acquired the cognitive structure being
investigated. That is, the criterion (the original) would be
a representation derived froh experts in the subject matter
following the same data collection procedures as used to
obtain the Hearners’ data. By measuring both the original
and the replica with the same instruments,”some calibration
problems might be avoided.

Indeed, this rationale i§ implicit in Shavelson and -
Stanton (1975). Although chiefly concerned with validating
various data collection techniques, they also attempted to

establish the relationship between a structure derived from

_experts’ data and a digraph structure of content materials.

The minimal sample size (N=2) and use of group-average
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analytic procedures limited the value of the experts’

structure as a target for learners. Fenker (1975), in a
coﬁsiderably more sophisticated study, tested a structure
obtained from experts as the formal (target) structure for
instruction. Eight faculty and graduate students in
mathematical psychology Judged the similarity among all
possible pairs of twelve experimental design concepts (66
pairs) and nine measurement scale concepts (36 pairs)
INDSCAL scaling (Caroll & Chang, 1970) yielded sat1sfactory
solutions in two dimensions for both concept sets.
Inter-rater agreement (assessed by correlating each experts
similarity judgements with the interpoint distances in the
group space) was judged to be high. The solutions were used
as a formal structure in two experiments involving learner

data.

In the first experiment, twenty students étudying the
concepts as part of an unde;graduate statistics class
completed the paired comparisons task before a%d after
classroom fnstrUCtion Oon course units containing the two
sets of concepts. A combined analysis of expert and -
post-instruction data resulted in a poorer version of the
formal structure. Fenker observed, "The addition of the
students simply added considerable noise to the fofma]
structure." Correlations between student judgements and the
concept distances on the dimensions of the (gxpert only)
formal structure were low. This, combined wigh low judgement

reliabilities by the students, prompted Fenker to conclude
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that the degree to which the students understood the
concepts was inadequate for meaningful assessment of their
cognitive structures.

In the second experiment involviﬁg twenty-seven
students enrolled in the same course, Fenker attempfed to
remedy the problem by encouraging students not only to learn
the concepts, but also to consider how the concepts were
related to &ach other. The procedure was similar to the
first experiment. Students’ judgements, in this instance,
were considerably more veliable. INDSCAL analysis of
measurement concept judgements (from seventeen students
deemed sufficiently reliable) resulted in a three
dimensional solution. Similar analyses of fourteen students’
experimental design judgements provided a satisfactory two
dimenéional representation. Correlations between dimension
weights of the formal structure and dimension weights of the
student structure were high, prompting Fenker to conclugg
that the students utilized cognitive structurés similar to
the formal structure.

The relationships which Fenker reports betweén student
structures and formal structures are remarkable. Implicit in
the comparisons employed is the premise that the dimensions
manifest in the student and formal sfructures are analagous.
Since the group-space dimensions recovered by.INDSCAL’
represent the concept properties and attributes attended to
by the group when jﬁdging proximities, such a premise does
not seem warranted. The student and expert spaces for the

A
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measurement concepts were not even of the same
dimensionality. Further, in light of the failure to

establish a relationship between learners’ and experts’

y AN

structures in the first experiment ‘vhich was

"methodologically identiccl., e argument that the relatively

weak manipulation--merely askin. studen* .o attend to the
relationship among concepts--would resuil in such improved
congrue;ce between learner and expert structures is
incredible.

Traub and Hambleton (1974) employed a different
strategy in a study to determine the efFects of instruction
on cognitive structure. They reasoned that the MDS
representation of students’ cognitive structures shouild
qualitively change during instruction. Avoiding the notion
of a target structure, they examined changes in points of
view (Tucker & Messick, 1963) in a pretest posttest study of
fifty-three gradUate students enrolled in an introductory
tests and measurements class. They reasoned that the quality
of students’ cognitive structures should change during
instruction. Students provided similarity judgements for all
possible pairs of thirteen statistical concepts. Only one
point of view was manifest in both the pre and post
instruction data. The number of dimensions required to
portray the structures Changed, however Prior to
instruction, four dimensions were necessary; afte}
instruction, three sufficed. Traub and Hambleton argued that

significant pre-post instruction changes in the judged
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similarity of some pairs resulted in the reduced number of
dimensions required. Interpretation of the pre and post
structures led them to conclude that although general

similarity existed, the post test structures provided a

sharper distinction between the two general classes of

concepts being studied. Acknowledging the weakness of their
one group design, they concluded that the differences ’
between structures were suggestive of instructional effects.
The literature cited is Iess than overwhelming in its

support of MDS as a techniqgue meastring instructional
impact on cognitive structures. Researc.: implementing a
cross-sectional strategy has been only slightly more
positive in supporting the hypothesis that cognitive
structures change and that MDS is sensitive in detecting
that change. Preece (1976a) and Nagy (1977) both used
quasi-experimental cross-sectionai designs to investigate
the cognitive structures of individuals having varying
levels of education in the contenf/concept domain. Preece,
studying fifteen. mechanics concepts, collected word
association data from five groups of subjects ranging from
first-form students (mean age 12 yrs. 3 mo.) to university
gréduates studying to become physics teachers. Preece’s
inspection of the INDSCAL solutions revealed differences
among the groups: .

There was clear evidence of semantic development

going on from the least to the most knowledgeable

groups. For the least knowledgeable groups (A and

E),)the clusters were less tightly organized... (p.
287). '
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Location of some critical concepts also shifted according to
the knowledge level of the group.
Nagy’'s (1977) exploration of grade nine and grade

twelve students’ cognitive structures for scientific method

~ concepts similarly resuited in representations which, on

inspection, differed by grade. Goodness-of-fit measures
(Lingoes & Schonemann, 1874), however, revealed too much

similarity among the grades for Nagy to conclude grade

" differences.

Were it not for LaPorte and Voss (1979), the cited
string of studies might militate against further research
into changes in cognitive structure. They studied the éffect
reading a passage would have on undergraduate students’
cognitive structures for twenty téﬁhs. Subjects were
randomly assigned to three grdups--two which read pas$ages
and a control group which did not--and similarity ratings
for word pairs were collected before and after the'paésages
were read. Half the subjects in each reading group received
a narrative passage, the other half received a descriptive
passage. The descriptive passage was expected to have a
greater effect on subjects’ cognitive structures than the
narrative. Only results of the descriptive passage are
discussed here. The control group performed the rating task
twice, the two instances interrupted by a math task of
duration similar to'that'required to read the passages.

As in many of the previously cited studies, inspection

of -the INDSCAL concept structures revealed group and time
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differences. Rather than analyzing the concept spaces for
group differences, however, LaPort; and Voss examined the
sub ject spaces. They performed separate discriminant
analyses for each group space containing pre and post
"subjects’ . Significant differences were found between pre
and post subjects for both treatment conditions. There was
no significant difference for control group data.
Considering the relatively weak intervention (reading of a
sﬁort passage) this finding is impressive. This approach to
examining instructional effects warrants further
examination.

This section has briefly analyzed several issu-

pertinent to the measurement of cognitive structure

Although MDS analysis of word association, similarity
ratings, tree graphing, and card sorting result in
acceptable representations of cognitive structures, problems
remain regarding the methodology’ s sensitivity to (perhaps
minor) changes in structure. Use of goodness-of-fit measures
and increased attention to INDSCAL subject spaces may prove

fruitful.

E. COQnitin Styles and Cognitive Structure:

For several decades educational researc'. s have been
intrigued by the notion that cognitive style mig' ¢t be an
important variable in the examination of student learning.
Many studies (see Witkin, Moore, Goodenough & Cox, 1977, for

a review) have investigated the relationship between
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cognitive style and‘performance measures of achievement; of
present interest, however, is the relationship between
cognitive style and cognitive structure acquisition.

An individual’s cognitive style, although referred to
by a plethora of labels by as many researchers, is the
characteristic strategy which the person uses when
perceiving, interpreting, and storing (in memory)
environmental events. It is part of the dynamic aspect of
cognitive structure and influences the way a person
organizes and re-organizes his relational network. Although

research in the area proceeds under a variety of labels and

~ definitions (including: wholist/sequencer (MacDonald-Ross,

1972); conceptual level (Hunt, 1970}, cognitive control
(Gardner, 19701, . xipnility of cWsure (Field & Cropley,
1969), scanning ‘' _lzmann, 1966), leve]]ing/sharbening
(Lohrenz & Gardner, 13873), field dependence/independence
(Witkin, 1950), and global/articulated (Witkin, Moore,
Goodenough, & Cox; 1977)) there is sufficient conceptﬁal and
empirical overlap among many of the entitites to treat them
as intervehing variables manifesting the same construct.
Hammond (1976) and Witkin et al have provided substantial
reviews of the area..

Because of the active role cognitive style
theoretically plays in an individual’s cognitive structure,
it has long and often been speculated that style is a
determinant of the structure. This premise is manifest in.

the present study. Witkin's field dependent-independent
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concept is at once the oldest and most thoroughly
researched--particularly with regard to education--of the
AN
cognitive style variables. It has'Legg frequently related to
- . -—\\
observable learning outcomes as well as teacher styles.
Accordingly, it is the variable of interest in this study.
Acpording to Witkin et al: '
.. -persons with an articulated cognitive style are
likely to analyze a field when the field is
organized, and to impose structure on a field when
the field lacks organization of its own. Persons
with a global style are more likely to go along wjth
the field "as is," without using such mediational
processes as analyzing and structuring (p. 21).3
This facility in the use of mediators should enable field
independent people to organize learning materials which lack
clear inherent structure, while field dependent people will
experience considerable difficulty organizing such
situations. Since cognitive structures are the resulting
organization of learned material, this line of reasoning
suggests that there will be differences in the structures
acquired by individuals varying in cognitive style. Further,
efforts by the instructional designer to organize the'
learning materials ought to facilitate cognitive structure
acquisition for field dependent individuals but have ]ittf3§\
' ' hY
impact for field independent people.
With regard to the first premise, Witkin et al refer to
a study by Stasz (1974) where learners’ structures

(presumably derived using MDS) for ten anthropological

 Witkin frequently uses the terms global and articulated as
synonyms for field dependent and field independent,
respectively. ' .
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concepts were examined.
For field-dependent teachers and students, concepts
clustered into a large, loosely organized group
which included most of the concepts. For
field-independent teachers and students, concepts
clustered into small, tight groups with less overiap
across groups (Witkin, et al, 1977, p. 9).

Support for the second premise was provided by Fleming,
Knowlton, Blain, Lewvie, and Elerian (1968) in a study of
list learning. Two lists of words were employed: one
contained an advance organizer, the other did not. Field
dependent subjects recalled significantly more words in the
advance organizer condition. There was no significant
difference for field indehandenf subjects. Research by
Schwen (1970) and Koran, Snow, and McDonald (1971) also
suppor ted the premise. '

‘ Cognitive style has been deﬁonstrated to be influential
in concept attainment. Nebelkopf and Dreyer’s (1873) study
of learning curves for a concept attainmment task indicated
different acquisition patterns for field dependent and field
independent people. Learning curves for field independent
people manifest discontinuous acquisition (no change in
success rate for initial trials followed by a sudden
improvement in performance) as predicted on the basis of the
Bruner, Goodnow, and Aust1n (1956) hypothes1s testing model.
Field dependent subjects, on the other hand, seem to learn
in a cohtihuous fashion, gradually improving from trial to

trial consistent with Woodworth’s (1938) spectator approach.

Style of learning did not influence ultimate performance,
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however thqre was no significant difference between the
groups on the number of tria]s-to-cr%terion.

MacDonald-Ross (1972) noted a similar variation in
learner strategies although he did not relate it to field
dependence- independence. Subjects were presented with a
graphic representation of a khowledge structure which they
were required to ‘earn. The nodes in the graph depicted
concepts and interrelationships were shbwn by connecting
l%nes. During instruction, subjects were allowed to choose
their own sequence for learning the coneepts but they were
required to indicate which concept in the network they were
working towards. MacDonald-Ross identified two types of
learners on the basis of their strategies: 1. those learners
whose goal was the next concept in the network (sequencers):
2. those learners whose goal was several concepts away from .
their current position in the network (wholists). The
sequenc: s progressed systematically from one concept to the
next while the wholists seemed to approach several concepts
simultaneously. Although the strategies of the learners
differed, a post-test of achievement revealed no aifferences

in level of achievement between the two strategies.

F. Aptitude Treatment Interaction
In light of positions established preViously in this

paper, the field dependence - i ndependence findings are

’ extremely pertinent. It will be recalled that direct

attempts to interrelate concepts during the learning process
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(e.g., by employing advance organizer5,>5p1 ing,
emphasizing propositional relationships) were expected to
facilitate formation of an enriched structure. Instruction
manifesting behavioural approaches was expected to result in
an impoverished structure. The cog;}tive styles literature
reviewed, however, suggests that the anticipated cognitive
structure differences will occur only for field dependent
people. Field independent people can be expected to organize
the learning materials on their own and to acquiné enriched
structures regardless of the instructional approach. This,
of course, is the-essence of an apt{tude treatment
interaction (ATI) (Cronbach, 1957, 1875; Cronbach and g;ow,
1975%) . Generally, the dependent variable in ad ATI study is
a performance measure of achievement. Use of a cognitive
.strﬁcture aS the dependent variéble , seemingly, would
provide a purer measure of learning. Accordingly, the study
repor ted below used field dependence-independenge as the
aptitude in an ATI design. Two instruﬁtional strategies

«

constituteddthe treatment variation.
G. Cognitive Structure and Achiévement

To this point, acquisition of a cognitive structure has
beenlﬁrgsented as the outcome of learning. Although such may
constitute tHe goals of the present educational system, it
is clearly not the basis for evaluating students. Learning,
of course, is commonly inferred from a learner’s per formance

on structured tasks. If performances are determined by
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cognitive structures--as was argued above--then it would be
reasonable to expect a relationship'between measures of
cognitive structure and conventional performance measures of
achievement .

Research in this area is sparse. As an aside to his
study of measurement and experimental design concepts,
Fenker (13875) determined the relationship between learred
structure and achievement. As the measure of
structure-appropriateness, he calcplated the proportion of
vari;nce in a student’s structure which was common to the
experts’ (formal) structure. He correlated this with unit

grades measured on a five-point scale (measurement concepts,

r=.61; design concepts, r=.54). Unfortunately, his failure
to describe the basis fbr the unit graées precludes drawing
of even tentative conclusions. . |
The Geeslin and Shavelson #1975) study which
investigated changes in students’ cognitive structures
arising from a study of probability, also examined the
achievement-cognitive structure relationship. Although they
demonstrated only a weak relationship between instruction
and cognitive structure changes, a groups-by-time analysis
of variance on achievement test»séores revealed significant
improvemént in achievement:for the group receiving
test-related instruction. That per formance improved but
cognitive structures did not change, by itself, would pe

troublesome. Their technique for measuring structural change

. . . o
was rather crude, however, and may not have detected %
/ - 4

\
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structural shifts that did occur. Further, little is
reported about the achievement test other than that it
consisted of 28 short answers and seven multiple choice
questions and had an alpha coefficient of .83. There is
Tittle indication of the types of question~ (knowledge,
problem solving, etc.), the level of difficulty , or the
relationship between the items and the concepts responded to
during the MDS portion of the study. Review of the reported
means and standard deviations suggests the test performance
was somewhat lower and more diverse than might be expected
on a unit test of achievement on a programmed instruction
sequence which incorporated formative evaluation.
Additionally, the data clearly lacked homogeneity of
variance. Lacking further clarification of the test several
alternative explanations for the results remain v1ab1e
‘Aga]n conclusions regarding the relationship between
conventional measures of achievement and cognitive strucfure

-

seem i1l advised.

This remains'an.important issue. Performance on
conventiohal achievement tests (whatever they are) s
considerab}e credibi]ity‘as the criterion for asse:..ng
learning. This alone would be sufficient reason to

vestigate further the relationship. Even more. important,
owever, is the critical role that this relationship assumes
in cognitive theory. Failure to'establish the

per formance-cognitive structure link would raise serious

concerns regarding:
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t. the construct validity of measures used to assess
cognitive structures;

2. the validity of performance tests used to assess
achievement;

3. the validity of cognitive structufe as a primitive
construct.

Problems in assessing the relationship méy be expected
from at least two areas:

1. identification and crisp measurement of the appropriate
cognitive structure attribute; to use as indicators of
learning (e.g., average distance shift occurring during
1earhing, distance measures of congruence with experts’
or content étructures, goodness of fit measures between
learners’ and target structures, movement in a subject
space, etc.);

2. construction of an adequate performance achievement

test.

H. The Theoretical Network

The following theoretical network summar izes the
preceding'discussion. It is, of course,only a small subset
of a much larger network. Both cognitive structures and
cognitive styles are well established theoretical entities.
Their roles have -been well-elaborated and’considerable
empirical evideﬁce verifies their existence. Further,

éonvergence among several data collection techniques and a
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variety of MDS procedures indicate that at least crude
assessments of cognitive structure are possible. The
confusi of labels and theoretical speculations which
abounds/ in the cognitive style literature suggests that

cb sifleration of field dependence-independence (of which
there are several measures) as an intervening variable
manifesting some aspects of cognitive style is a reasonable
approach. | ' ;

The relationship between cognitive structure and
cognitive style is relatively unexplored. Some theoretical
positions seem to suggest that cognitive structure is a
superordinate construg} consisting of two subcomponents: the
stored network and 6;ocess‘sfrategies. Cognitive style is
consistent with the latter entity. Accordingly, cognitive
style should interact with environmental events in the
acquisition of the stored network. Thjs relationship has not
been verified. Speculation also existg that cognitive style
can be influenced by environmental events. This |
relationship, similarly, has not been ve. 1t =d.

Two links in the network, betweer instruction and
cognitive structure and between cognitive atructuré and
achievement, are essential if cognitive st;ucture is to be
considered a primitive construct. Instruction ought to
affect achievement by inf]uencing cognitive structure (i.e.,
a-b-c). Accordingly, changes in cognitive structuré'ought to.
accompany changes in performance. Specifically, if what is‘

to be learned is a cognitive structure, then an individual’'s
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cognitive structure for a particular subject domain will
become more ordered during learning; further, if what is to
be learned is a cognitive structure then indivjduals who
have learned the same subject matter will share similar
cognitive structures which vary according to . individual
differences such as cognitive style; and, finally, if
what-is-to-be-learned is a cognitive structure, then a
strong relatibnship should exist between present achievement
measures and estimates of cognitive structure.

As might be expected, the observable portion of the
model has been far better explored than has the hybothetical
portion. Empirically verified relationships have been
established between instruction and achievement, a1 though
the effect of different strategies of instruction is
unclear The validity of measures of achievement more
commonly is assumed than assessed; the measures are
respected if for no reason other than their popularity and
longevity. Overlap in the predictions of different
instructiona] models makes it difficult to distinguish among
the instructional strategies generated.

Several instruments have been demonstrated to measure

field dependence-independence. This variable has been shown

to interact with instruction to affect learning. A1though

degfee of organization in the instructional situation
apparently does not influence the achievement of field
independent people, the achievement of field dependent

people improves with increases in instructional
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organization.

The network is depicted in Figure 11.2. A study

exploring this network is reported below. In particular,

empirical verification of the following hypotheses was

,attempted:

1.

An individual’s cognitive structure for a particular
content domain will.change during 1earﬁing.

Field dependence-independence will interact with
instruction during the acquisitioh of cognitive
structures. Field dependent people will acquire more:
orderly structures whgn taught by a strategy organized
according to proposit{onal relations than when taught by
a strategy which lacks suéh organization. The cognitive
structures of field independent people will not be
affected by these instructional variations.

For a particular domain, the cognitiQe structure of an
individual who has mastered an instructional sequence
will be similar to the cognitive structure of an
individual who is an expert in the domain.

There will be a strong positiQe relationship between ,
achievement and cognitive structure. Specifically, the
more closely the cognitive structure of a student .
corresponds to the cognitive structure of an expert, the

higher will be the student’s level of achievement.
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I1I. ADVANCE ORGANIZER

In an attempt to minimize confusion and to provide the
reader with a map of the study, the following simplified
0vervysy is provided.

Tﬁk\research reported evolved from the basic problem:
can the acquisition of cognitive structure be measured with
greater fidelity than currently possible using conventional
achievement tests? A series of meaSures of cognitive
structuré (tests) were derived and their construct validity
examined using the contrasting groups strategy: if a tesf
can distinguiéh among groups which are known to differ on a
construct, evidence pertaining to the test’s validity is
prdvided. Simultaneously,_evidence pertaining to the
construct’s validity is aiso provided.

Two groups (and several subgroups) were used in the
study. Since the tests werevintended as meashres 6f
achievement (specifically of cognitive structure), the
performance of a group of achievers (experts) was contrasted
with the performance of a group who were relatively naive in
the concept domain. Next, fhe tests’ abilitiesvto detect
changes during learning.were examined by testing the naive
group after an instructiona] experience and compaéing the

pre, post and expert measures.

- . A
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The theoretical network described in Chapter 11
suggested that the nature of instruction should influence
cognitive achievement. Accordingly, the tests were also
examined regarding their abilities to detect differences
between groups of students receiving different instruction.
The theoretical framework further implied that the learning
instruction link might ‘interact with a student’s cognitive
style. This interaction was also examined.

Additionally, since several tests of cognitive
acquisition were developed, the convergence among the
measures was also examined.

Construct validity , of course, is a "raising oneseif
up by one's‘bootstraps" concept. Examining the way a test

functions provides evidence pertaining to the construct’s

validity as well as to the test’'s validity. This potential

to explore the nature of the cbnstruct (cognitive structure)
gave rise to sub-problems involving the description of fhe
construct,

Succinctly, the derived meastires of cognitive structure
were examined from the following perspectives:
1. Can the measures differentiate people who have learned a

conhcept domain from those people who have not?

2. Are the measures sénsitive to changés during learning?
3. Are the measures sensitive to variations in instruction?

Additionally, the theoretical network was explored with

‘Fegard to:

1. What is the nature of cognitive structure?
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How is cognitive structure related to instruction?

How are cognitive structure, instruction and cognitive

style related?

53
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IV. METHODOLOGY

hitiakly, "the problems are reviewed,

and the expertﬁental des1gn outlined. A deta1led

consideration of the treatment conditions is followed by a

section on instrument development incliuding reliability and
-~ .

validity concerns. Next, the experimental procedurés are

reported. Finally, the rationale and procedures for data

transformation and'dependent variable generation are

reportea. -

A. Problems
The study reported below attempted to explore

empirically the research problems identified in Chapter II.
To summarize, these problems were: |
1. Can cognitive structure be validly measured?
2. . How do different teaching strategies influence the

acquisition of cognitive structure? |
3. Does field dependence-independence influence the

acquisition of cognitive structure?

4. What iswthe,natgﬁe‘of the cognitive structure which is

54
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acquired?
5. What is the relationship between cognitive structure and

achievement?

B. Subjects |

~ Students enrolled in an undergraduate course in
classroom evaluation at the College of Education, University
of Saskatchewan, were used as subjects in the stydy. The
experiment was integrated with the course’s instructfonal
proceddres. The instructional treatments constituted a
module on intfoductofy statistics which was part of the
course. Performance on the achievement test was considered
during determination of final grades. To that extent,
participation in the study was a mandatory part of the
course. The evaluation course was a required component in
the secondary education program at the University of
Saskatchewan. Students generally enrolled in the class
during.their second year of undergraduate studies. A1l such
students (N=97) registered during the 1977-1978 academic
yéar participated in the experiment. Three sections of the
course weré offered. At least partial data were obtained 'i
from all students. Since data were collected over many class
sessions, student absences resulted in complete data sets

for only 64 students. Additionally, since the capacity of

§

N\

———

one of the analysis programs was limited to 79 subjects when -

in some cases more existed, a sample of 79 was obtained by

randomly discandingréiudents whose data sets were

-y
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incomplete. The maximum number of students omitted by this

procedure was five. The analyses reported below employed

varying sample sizes. In general, these principfes were
followed: |

1. Group-based measures were computed using all students
for whom the particular data were available (subjéél to
limitations of the analysis program).

2. Individual differences comparisons involving two or more
measures were made using all students for whom the
appropriafe measures were available.

3. Several analyses were also performed using only those
students whose judgements met a minimum consistency
criterion and for whom complete data existed.

J
Sample sizes for each analysis are reported in Chapter V.

C. Experts Sample

" Cognitive structure data were also collected from
eleven University of Saskatchewan education professors each
of whom had taught an intrbductory statistics module at
least oncé during the twelve months preceding data
collection. Checks of judgement consistency (described in
Chapter V) reduced this sample’to eight. This sample was
he?erogenous with regard to age, professional experience and

academic rank.

EXATIOT N
R IESET
BRI 4
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p. Des ign

The research problems were ‘investigated using a
conventional aptitude treatment interaction design employing
random assignment of subjects to twp treatment levels.

Following the recommendations of Ker1linger and Pedhazur

- (1973) aptitude was measured continuously. Measures of

cognitive structure, the dependent variables, were obtained‘

both pre and post treatment.

E. Treatment

Based on the researcher’s previous experience with
students f;om the same bopulation, introductory stétisticg
was selected as the content domain used during the tre§tment
phase. Among the criteria considered during selection of the
content doma1n were:

1. ant1c1pated nature of the cognitive structure--
'fnterpretation of results was expected to be facilitated
1f concepts to be learned were few in number, readily
interrelated, defined a concept  neighbourhood With
integrity, and were relatively new to the studenfs;

2. nature-of {ntended learning outco&gs-?The variables
investigated in the study required tha? intended
learning outcomes includ.‘thh per formance skills anc
cognitive structures; g ?

3. feasibility--Research procedures were éxpected to be

: fac1l1tated if the content domain (a) %puld stand
aloné’ but still be 1ntegrated with ﬁqual course

¥
}
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offerings, (b) cowld be taught near the middle of the
thirteen week course (after student interaction,
motivation and support had deve loped th/before tinal
exam anxiety had set in), and (c)odﬁ{o be taught ™ a
relatively short*period of time.x
The chosen content domain rated favourably on each of the
above factorg. |

Within the theoretical position developed previouslv,

be relat1vely independ f the —articular content being
is, the forma. reai.res of cognitive structure

ought” be similar whether corcepts® iearned deal with

i // statistics or ’English Hter;n;m. This issue has yet to be
; /// explored empirically, however. Accordingly, no strong qga1ms
? f of subject matter generalizability will be made. ¢ V
’ ; Two self-instruction packages were deve loped us1ng the
//// format and Some passages from Christensen (1977). Each

package used d1fferent cognitive mathemagenics, the

independent variable. One package (C) 1ncorpoﬁated many of
" the features of cogn1t1ve 1nstruct1on models; e.g., advance

organ1zers graphic and verbal presentations spiralling,

quest1ons prompt1ng new concept relat1onships summaries of

-jﬁﬁ' W coﬁcepts and principles, etc The other package (P) was

o' alwgned more closely with behavioural models of instruction
and placed greater emphasis on skill development and

2? practice Although both packages contained conceptual and

computat1onal presentations, C emphas1zed the conceptual
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approach while P emphasized the computational approach.

Both packages consisted of separate xerox handouts for
each of central tendency, variability. icrmal curve,
correlation, and reliability. A1l handouts followed the same
format: dbjectﬁves; definitions discussion, examples, and

,.r

_ 3 -
practice ﬁrobﬂems The obJectlveb and definitions components

‘were nBentical 1n both packages. The major variations
. betueen the two packages were contained in the discussion

and practice problem sections. Discussion passages in

5

. package P tended to be concise, highly structured and dealt

« with concepts as relatively independent entities.

Conversely, package C discussions tended to be more lengthy,
contained more diagrams, and focused on the e
interrelationships among concepte. P éontained‘a greater
number of practice problems than did C. Package C totalled
32 pages while package P.totalled 30 pages.

With the exception of the practice broblem sections,
both packages entailed a relatively passive approach on the
part of the learner. i

The bandouts were supp1emented by tutorials conducted

. by the researcher in styles consistent with each package.

Separate tdﬁbr1als were held for each jnstructional
treatment. Issues ra1sed dur1ng C tutorials were dealt with
through conceptual argument while P tutor1als emphasized

computatlonal solutions to learner’s difflcult1es E1ght

'one-pour tutorvals were available for each 1nstructiona1

n

condition. Students were allowed to attend any three
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tutorials corresponding to their instructional package. An
additionat topic types of measuring scales, was presented
in the tutoria’ sett" ng. Student questions out51dq @ the
tutorials were . araged.

A major difficulty encountered during the 1nstructlonal

deve lopment stage was the over lap between the cognitive and C®
behavioural models inherent at the instructional level. !ﬁugﬂjd
Although the terminologies and theoretical underpinnings | 'Q§

contrast adequately, distinctions at the performance stage
are less clear. Behavioural objectives, fer example, are:
clearly an important component in the behavioural prroach.{
Nonethe#&ss, they may act as advance organizers, a dec1dedly
cognitive entity. Definitions of terms, although forgally
the same in both instructional approaches, may assume
different roles in the two models: within a cognitive model
definitions might be interpretg{gas bropositional
statements; a behavioural perspective might. regard
definitions as word chains appropritte for rote learning.
Accordingly, the two instructtfonal packages ‘were undoubtedly
less distinctive than had been originally intended. Samples
of portions of both instruct1onal packages are presented in

Appendlx A.
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+. Instruments

Achievement

A pool of instructional objectives, consisting of those
objectives used during instructional development and
supp lemented by additional obj%ctives identified during an
analysis of the learning materials, was generated. Two
classroom evatuation instructors reviewed the pool with
regard to its adequacy and completeness and theté crif1cisms
were ysed to revise the pool. A fifty-item multip?e‘choice
achievement test based on the objectivefbool wad theﬁﬁlu‘
constructed and the test reviewed for content validity and
technical flaws by the same instructors. Slight reQisions
were made until the test was deemed accégfable by the
judges. Following administration of the f!E? to a group of
students enrolled in the evaluation class during a ﬁrevious
academic term, aq‘item analysis was performed and
unsatisfactory items revised. Although items from nearly the
entire difficulty range were retained, the majority of the

items were discriminating ones of middle difficulty.

Following post-instruction administration of the test to the ~

experimental sample, a further item analtysis wés per formed.
The KR-20 for this administration was .74 which was
considered acceptab13 given the nature of tﬁe objective pool
and the relatively homogenous abilities oflthe students. No
additional reliability or validity iaformation was obtained.

Appendix B contains a copy of the test.
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Cognitive:Structure

Since all the measures used in this study to assess
cognitive structures involved judgements of concepts, the
initial stage in instrument construction was the
identification of a concept pool. A review of the content
area and statisticg %%Q}QEQKS resulted in a pool of
approximately fifty introductory statistical concepts.
Written free associations to each of the concepts were then
collected from five graduate students who had completed
several advanced measurement and statistics courses. The
patterns and associations were then analyzed and a reduced
set of fhirty concepts which had overlapping free
associations were identified.* The reduced set_of concepts
gécame the stimuli in a similarity sorting task which was v
piloted on two groups of subjects. One group' (E) sof subjects
(n=10) consisted of graduate students who were familiar with

‘the concepts while the other group (N) of subjects (n=10)
consisted of students' wives, secretaries, and undergraduate
students, none of whom was familiar with the concepts. The
data were then analyzed using Wiley's (1967) Lateng
'Partitign'Analysis (LPA, discussed below). Concepts which,
in a sf?ﬂEartition solution of E data, evidenced confusion

aong parti}ioﬁs were7purged-fbom_the study as were concepts

- e E e .o — e -

* Garskoff and Hyston (1963), Shavelson and Stanton (1975),
~and Nagy (19774 ®re among the researchers who have collected
word- associations as the raw data for assessing cognitive
structures. The technique is based on a concept network
interpretation of cognitive structure (similar to that
employed in this study) where word associations are
considered 'near neighbours’ to the stimulus concept.

>
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which displayed similar partitioning in"both E and N groups.
Of the remaining 25 concepts, 15 which appeared to have the
clearest clustering characteristics were selected as the
basis for two of the cognitive structure/instruments. These
- 15 concepts are referred to as the reduced concept set. The
25 concepts retained after the LPA review were supp lemented
by five additional concepts from the original set and this
pool of thirty concepts (called the complete concept set)
became the basis for the third cognitive structure
instrument. The two concept pools are presented in Table

V. 1. | |
Due to the abstract nature of'cognitive structure and

the desire to retain as much certainty and fidelity as
possible in its assessment, ﬁﬁgﬁtPUCt validity checks were ,
carried out on the cognitive’§%ructure‘mea§ures. Jprge
separate instruments were developed to assess the.network
among the conbeptsrlisted in Table‘IV.1.'Convergence among

the Enstruments, of--eourse, would be‘interpreted as evidence
of construct validity. All three instruments were based on

the premise that judged similarity among concepts is
inversely related to interconcept distances in cognitive Q%
structure; that is, when an individual judges the similarity
among concepts, his judgements manifest the relationships

among the concebts in his cognitive structure.

CARD SORTING TASKe o



untversity ot Alocna
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1. correlation 16. coefficient

2; error of measure 17. criterion

3. frequency 18. deviation score

4. interval 19. equivalence

5. mean . 20. internal consistency

6. median 21. norm

'§i mode R ' 22. prediction

8. nominal B 23. ratio

9. normal curve 24. reliability

10. ordinal 25. stability

11. range 26. standard deviation
12. rank 27. statistic

13. raw score 28. true scoré

14. variance 29. validity

15. z-score 307 variaGie *
L |

"
reduced concept
| set ; .
complete concept set
A3
@
Figure IV.1 Concept “ets
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.This measurement activity requires that subjects sort a.
set of concepts into mutually exclusive and exhaustive
subsets such that concepts in the same subset are more
similar to each other than to concepts in other subsets.
Inter-concept proximity is measured by the proportion of
times two concepts are sorted into the same subset. Both the
instructions and the task are re]atively simple, allowing a
large number of concepts to be judged in a relatively briaf J
time. ‘ |

Although card sorting techniques have been used
frequently in research on abstract structures, reliability
and validity svidence is not exténsive.~Rapoport and
Fillenbaum (1972) repor ted agreement between results based
on card‘sorting data and results based on a more-com-'e
concept-tree construction task. Shavelson and Stanton (1975)
~also reported that similar results were ob9%1ned using card
sorting, concept-tree construction, and word association
'data. l 

Test materials given to each student included a page of
1nstruct1ons, a set of concept cards, and a set of cards to
be used to separate the subsets The instructions asked the
1nd1v1dual to consider the meaning of each of the concepts
and then to sort the concepts into piles on the basis of
similarity or closeness in meaning. Subjects were allowed to
determine the numbe? of subsets. Each concept deck was
composed of IQM casds with one of the thirty concepts listed
in Table IV.1 srinted in 4 mm highvletters on each card. All 2?.
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decks were arranged in the same random order. Each subject

was provided with twelve separator cards and an additional 7}&?
supply was available during data col]ection.-The number of

the separator cards distributed with the concept cards

proved to be sufficient. A sample of the instructions is

contained in Appendix B. J .

No/férmal investigation of reliability was conducted.
Wiley’s LPA (1967) did provide estimates of confusion among
partitions which might be construed ;é indicating
inter:rater consistency. Such consistency,.however, may be
more a measure of conformity than instrument r iability.
SIMILARITY RATINGS |

Similarity rating tests involve subjects rating the
simiTarity (dissimilarity) between paired concepts. The
instrument consists of an item for each possible pair of

concepts in the study. The items are generally presented in

the following format. : %&,\\\\\\\\
' Desk:Chair ‘ '

similar Ij;-l---l---I--—l---|---|~--|-4—|---| dissimilar
Raw ratings are considered to be direct measures of
interconcept similarities and ére thé‘bases for deriving
proximity measures.
Although for university students the task is not a
demanding one, the number of items in an instrument
s iNnCreases geometrically as concepts are added to the study.

Fifteen concepts result in 105 items; thirty concepts would

require 420 items. Accordingly, the number of conceﬁts which
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can be investigated with this technique is limited.')

Considerable research has been conducted using
similarity rating data. As with the card sorting task,
however, reliability and validity evidence is limited.
Johnson (1967) reported a strong relation between word
association and similarity ratings. Green and Rao’s (1972)
results based on direct simi]ari}ies ratings compared
closely with results based on derived similarities.s Nagy
(1977) reported personal consistencies$ in.the .50 range
although the meaning to be attached to this measure is not
clear. J

The instrument used in this study was based on the 105
concept pairs generated from the Féduced set of 15 concepts
Tisted in Table IV.1. Twenty-five of the pairs were repeatedf
in the pool to provide a rating consistency check. The
resulting 130 pairs were randomly ordered with the
constraint that‘faé repeated_hairs appeared once in the
first third of the ‘nstrument and once in the final third of
the instrument. The items were presented ten to a page in a
14-page booklet. The first page of the booklet contained

instructions for the task. A copy of the instructions and a

sample page of i tems ¥s presented in Appendix B.

- e e e o e e e

5 Der similarities involve paired concept ratings on a
set o ~polar scales each of which taps a particular
attribute. Direct similarities inyvolve a single global
ratimg for each concept pair. i)

§ Personal consistency measures were_f tained by having
respondents rate a set of concept pat®s twice and then
correlating the two sets of ratings.
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Personal consistency measures (Nagy, 1977) on the 25

. repeated pairs were computed on post-test-and expert data.

Average consistency at post-test was 0.527 with 38 subjects
having correlations greater than 0.50. Eight of the eleven
experts had personal consistencies of greater than 0.60.
Dats for the remaining three were excluded from: further
analysis. '
SIMILARITY RANKING
This task requires subjects tQ ranK-order all’cencept

pairs on the basis of similarity The test consists of a
randomly ordered listing of al. possible conci‘rs and
instrdgtions ask that a 1 be plaeee by the pair in which the
concepts are most similar, a 2 by the next most similar pair
and so on until 105 by the least similarwpair.

h As with the rating task, the number bf concept pairs to

be ranked increases geometricafly as concepts are added to

- the study. UnliKe the rating task, however, the ranking

activity places high demands on respondent’s memory,
attention, and motivation. Although Rappoport and Fillenbaum
(1872]) reported that by-subject test-retest reliabilities
ranged from .43 to .90 after one month and that the
instrument’s results converged with findings based on
tree-constrﬁction qate, the technique has seldom been used
in either semantic or cognitive structure research.

Eor this study, all possible pairs (105) generated from
the reduced set of concepts were randomly ordered on faC1ng

-~ PL I 3
pages on a test booklet. Instructions were similar to those

-

o , - ' U



»

69

described above. A copy of the instrument is contained in
Appendix B.

Unfortuﬁately. subjects responded very unfavourably to
the pre-treatment administratibn. Fewer than half the
sub jects comp]eted,the task and several of those who did
merely sequentially numbered the pairs as listed. Many
subjects reported frustration and hostility. Accordingly,
the ranking instrument was dropped from the ~tudy.

Field Dependence-Independence

The Group Embedded Figures Te. ‘GEFT  Witkin, Ottman,
Raskin, & Karp, 1971) was used to assess field
dependence-independence in this study. The timgd test
consists of black and white'line drawings of complex figures

which have simple figures embedded within. Each of the

 complex figures contains one of 8 simple figures printed on

the back page of the booklet. Subjects are requined to trace
the outline of the simple figure present in each complex
drawing. The 23 complex drawings which comprise thé test are
subdivided into three sections: a set of five practice items
and two paralilel sets of nine items.‘Each set of items is

timed ‘separately. This and similar tests of field

’dependence-independence have been used extensively in

research during the past thirty years.

Reliabi]ity of the test for th?s study was estimated '
using a split-halves procedure. Although internal
consistency estimates generally would be inappropriatg-for

an instrument which purports to measure an enduring, general
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attribute, research constraints precluded more appropriate
procedures. Nohetheless, the split-halves estimate computed
herein (r=0.78) was comparable to the sp .t rialves estimates
reported in other studies which also compuled satisfactory

stability estimates (e.g., Witkin, et al, 1971).

G. Procedyres

Treatment and data collection portions of the study
were conducted over a three-week period during February and
March, 1978. Subjects were distributed acr9§§;three sections
of the course. Two sections (I, II) had thrge one-hour
classes per week while the rema{ning sectiéﬁ (II1) met for
1.5 hours twice a week. Pre-testing using the threé
similarities instrUhénts was conducted during the first two
class sessions with each group. The instruments were
administered in a fixed order: card sorting, similarity
rating and similarity ranking. All subjects completed the
card sorting task in less than fwenty minutes; the rating
task required less than forty minutes; thése individuals who
complete the<ranking task required approximately one hour.

Prior to the end of the second class session, students were

) randomly assigned to the two instructional treatments and

the instructional packageé dealing with measures of central
tendency Were distributed. Regular class sessions were
cancelled for the mext week and one half (for sections I and
11 this}invo1ved five classes; two classes were cancelled

for section 111) and 16 one-hour-long tutorials weré:-.
i
;A\‘_' :
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scheduled (eight per instructional treatment). Hando'ts for
the remaining topics were distributed during tutor

sessions. *\\\\

Post-treatment data were collected during thg third /T
week of the study. During the second last class of the welek,
concept similarity measures were-obtained (ca}d sorting
followed by similarity rating). The achievement test was !
administered during the final class session. The GEFT was
administered during a regular class session three weeks
later.

Subjects were aware, n?tprally, that the normal flow of
the course had been interrupted and that a resparch study
was being conducted. Before the study was beéung sub jects
were told that two different instrubt?onal packages were
being evaluated and they were‘requestgd to confine their
studies to the particular packag;s which they received.
Though some subjects undoubtedly di :,ssed tﬁe packages
fﬁamongst themselves, general complfpnce with the reduest

seemed to prevail.

H. Generation of Variables

None of the cognitive structure instruments provided
direct measures of cognitive structufeitr ofécognitive'
structure changes. Iﬁese measures were generated from the .
raw similarities data using multidimensional scaling é
techniques. Two general classes of variables were créated:

variables which were based on grbup-average data and "

%ﬁ
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variables which maintained individual-differences.

Group average measures were used to address two of~the)
ma jor problem§ outlined at the beginning of this chapteriﬁ h
constryct Validation of the measures and the néfure of
cognitive structu;e. | ‘
The)strategy used to explore constrUét validation
included comparing pre 1nstructioh, post instruction and
expert data. Construct yalidity evidence would be provided
by discriminationlof thé groups. Card sorting data for each
group was arranged into a joint occur =inre matrix and this
matrix was input intoeWiley’'s (1967) «fa'-'Pértjtion | “
“Analysis. The resuitanf partition ﬂstru;ture. fxthe'

he basis foﬁl;“

cgnfusion (omega ) matrix 'for-eagr\groap becamd
,. intergroﬁp'comparisonSw e ' “ .
KrUSkal's.(1983ggﬁmultidipe6sional-scajfhg'was a[so_b
‘perfobmed on the jointiadburrence‘matﬁix for each group and
the resulting spacéz wereﬁcomparedf!Fihally,uthe joint
occurfence matrices wére analyzed using Carroll and Chang’'s
(1970) INDSCAL with groups gssuming the role of individual
subjects. Location of each group in the éubject (group)
space was_then examined. | | l

The remaining pr9blems (i.e., what variables influence
the acquisition of cognitive struéture and what is the
relationship between cognitive structure and achievement)
were investigated using individual differences data. Raw |
data were provided by Epe similarity rating task: Initially,

ratings for each subject were standardized to ‘a mean of 10
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and a standard%%eviation of 2. Separate INDSCALs were then

performed“®dn the pre instruction, post instruction and

g “, S ¥
: exper‘w dets. '
- CAL produces two types of cesults: concept spaces

and subJect spaces. The latter were the<pr1nc1pal interest

”‘ji&:®is study. The subject space, which shares the

dimensions of the concept spaée provides measures of the
communallty for each subJect ﬁ?&h the other subjects in the
anal‘s1s The distance a subJectlii&from ghe or1gin is a

“ measure of the fit between an 1ndividdqf’ i’Yata and the

group results.’ An ind1vidq§}”s co- ordinates in the subject

k

,space 1ndicate the sa11ence or importance¢qfdeaCh dimension

.t

wit

~in the person’ s judgements T . .

SubJect spaces for the;géf instructjon. and post ]

1nstruct1on data using thev?yﬁ;rt group structure ‘as e
target’ were determ1ned ST”T arly, the subject space for
preinstruction data on the post instrucgybn group structure
was der1ved Measures of fit and subject weights for these
spaces became the basis for. the generated learn1ng measures.

Derivation of these varIables is discussed in Chapter. VI.

§ummary . o ’

Th1s chapter presented the rationale and methodology
for a study~designed-to test the construgg validity of.
several cognitive structure measures and tc explore the
theoretical netwnrk upon-whtch the measures were based.

Probiem distillation sampl1ng. and the exper1mental design:
¥

- o 7



were discussgd. Treatment condﬁ?ions,'instrumentation and
B -experimental procedures were described in detail.
Adequateumeasurehent of cognitive structureﬁia .
princtpal focus of the study, was addressed concurrently
with two maJor ‘Pssues |

1. the nature of cognit1VG structure wh1ch is learned;

'AI .

2. the reJat1onships betuepn cognpt1ve structure and

i
b achievement

- A m ) .
- The chapter 1mmed1ate1y fgf?ow1ng reports f1nd1ng§

g

ertalning to the natupg of,the learnéd cognitfve structure,‘

P vy
. Qﬁap}er VI reports results concern1ng the second issue.
R B &
Find1ngs regarding cognitive measurement are reported int
' »
qQoth chaptgrsh . ) & "
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The nature of the cognitive structures for the introductory
statistics concept domain is discusssed in this chapter.
In1t1ally, a framework for interpreting the results 1s‘

established. A group by group report of the f1nd1ngs based - ‘
Lo

on card sort task is followed b a compar1son of the groups
’*

Group average results»of\the -y larlty rat1ng tasgbare then

3

reported The chapter ends ‘with a br1ef summary
5’\

he . 3

*  A. Inteppretive Framework v - | ' p
‘?f . The nature of the cognitive structure for the | ‘

¥

stat1$t1cs\52ncepts was explored usimMg group-ayerage data
obtained in both the card sorting and similarity rating,
' tasks. qu tq’ sake of interpretabijity (and admittedly.at
the exp3nse of weakening the design) a reduced version of
the experlmental desigh outlined previously was employed

SubJects from both 1nstrUct1onal cond1t1ons were combined

- 1

1nto a singlesgroup and the groups’ cognitive structures

.

rior to and subsequent to instruction were estimated.” The., .z ?’4
P eq . b;?*?mfﬁﬁu

cognitive structure of the expert group was also derived and

L e e e L ey

7 Th1s may have resulted in a post instruction structure
cg was a compromise for both instructional groups. At
leas? weak evidence was fowmd that suggested the two groups
evolved slightly different cognltive struct: 3. The

evidence is reported below.

75
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compaFisons were made among the three sets of structures.
Initially, the card sort data for each group (pre
instruction, n=84; post instruction, n=84 and expert, n=8)
were re-organized into a joint occurrence matrix. The
similarities matrices based on the similarity rating task
were scaled--by individual--td a mean of 10 and a standard
ﬁﬂev1at1on of 2 and the scaled matrices then averaged for
each grdﬂik‘The three joint occurrence matrices (30
concepts) and the three similarities matrices (15 concepts)
were then aha1yzed using a variety of analysis procedures.
§??. In general, the analy;‘k were ;ptended to:

P'"’fr.‘i - 1. identify, fqr feac‘h group, concepts wh1ch were closely

g . g . 8 w
S - retated at is, concept ne1ghbourhoods. w

2. estimate the cr1spnes§"'(vntegr1ty, degree of

resolution) and inter- relatedness of the ne1ghbourhoods,
3. identify concept districts, that is, neighbourhoods
which were close]yvrelate‘f . ) ¢
. 4. identify concepts which mlght have functioned as
connectors between neaghbburhoods,

5. compare the various groups- on each of the fore901ng

Shepard (1974) noted that ‘most methods of . o

/

multid1mens1onal sca11ng "have been based upon the
“assumpt1on of an underlyldg space that is continuous and- has '“
LY weH defmed dimens1dhatity™(p. 411)." Although .such methods
arg proprﬁate for mapp1ng domains 1nvolv1ng cont1nuous
physical var1at1ons, he observed that the procedures were

not - so well suited for conceptual or semantic doma1ns which

- ’
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"... appear to be inherently more discrete4 categorical, or

bipolar (p.411)." He also suggested that hierarchical o

clustering sysé‘ms (eg, Johnson, 1967) /although /8 1ted to

domains which are hierarchically neste , are unable to .

represent psychological properties th t\ﬁorregpond to @
aty -

over lapping subsets. As an example, Shepard noted that in an
hierarchical cluster system “.};on cat is grouped with the,ﬁ
other household pet ’dogb it can /no 1onger be grouped WIth
other fe%ﬂnes ’lion and "tiger’ {p. 411y, ‘

Accordingly, the combinatidn of clustering and MDS R
Analysis (LPA, Wiley, 1967) and Kruskal (1964b)
mu]tidimen51onal scaling appears to be free of the abdve

difficulties LPA provides a categorical representation“of

objects in a domain as well as measures of affiliation
(1-deltax*2) betweenkan‘object and its latent category.
Information regarding an obje¢t’s tendency to cross to other.'
latent Qategories 1; also available (the phi matrix).
Estqmates of a category’ s integrity as well as 1ts overlap

T y”

,with other categories azgkdeter¢ined (the omega matrix)
Since the partitioning o)

objects is dependent upon: the
number of iatent partrtions requested rather than the
catqury struq;ure determined by analysws for a different '
number of. partitions (that is, a difierent level), an object

4

wy

.
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which is loose'y affiliated with a particular partition at
one levei of analysi can shift its affiliation to another
partition at a different level of analysis. Thus, in the‘cat
example above. ‘cat’ and dog might be partitioned together-
at one level of partitioning.wh11e< cat’, ‘lion’, and
‘tiger’ might be grouped together at’ apother level.
By examining the partitions derived ﬁ[om at least two

ZL different levels of partitioning, one ]evel 1nvolv1ng many

%partitions,ianother level with fewJ 1dent1f1cation of 4
mbconcept neighbourhoods, districts (related neighbourhoods)
- and danepts*which seem to nelate'neighbourhoods should ,be
: possible Intel]igent specu]ations regarding thé ’'crispness’
- of the oategories ' that is the integrity or degree of

resolution present 1n>the LPA solution, a]so'should be
..possible. ‘In the present situation, for examp]e.,the

e o

e crispness of the categories shoy 1d increase aS'one moves
from pre instruction to post instruction to expert data.
Additional sﬁppertﬁior.the cognitive structure would be
provided if Kruskal scaling of joint occurrence data
produced spatial'con?idhrations in which the objects were
iocated in groups similar to the LPA partitions The stress
measure wou ld prov1de .additional 1nformation regarding the
structure’s crispness: a structure which summarizes group
average data4pased on highly idiosyncratic judgements can be
expected to haVe greater stress than a structure derived
"

from group average data ev1denc1ng high 1nter subJect

agreement Kruskal {caling of the_omega*matrlces would
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v
provide add;tjo'nal insight regarding neighbourhood
inter-relatedness. )

With groups assuming the Eole of subjects, the concept
space produced by Carroll and Chang’s (1970) INDSCAL scaling
of the joint occUrrence matrices would be another, albeit
compromised, estimate of concept groupings. Finally, the
INDSCAL subject'sﬁiee should be a useful indicator of the
relationship amang‘the cognitive structures of the various
groups. INDSCAL analysis of group average similarity rating
data will provide.additiona{ independent estimates of group
,cognit1ve strusﬁﬂges Convergence among the many estim&}es,
of course, Gy .kj:-v1dence of the structures’ 'val1d1t1es

Essent1al“{;

he latent partitions were interpreted as

ne ighbourhoods (when the number of partitions was large) and
N . . .

» -

districts (when the number of partitions was small). A
particular concegt's affiliation with_a neighbdurhdod (that
is, whether the concept tended to belong to only one
neighbourhood or tended to uglong several neighbourhoods and
m1ght act, therefore és a comnector) was determined by
1-delta**2. Diagonal elements 1n the omega matrix were
interdﬁeted as indica%1ng neIthourhood un1queness while
off-diagonal elements were .considered to repnesent
relationships among neighbournoods‘

Ne1ghbourhood characterlst1cs were based on
e1ght partitlon analyses, while d?ttr1ct character1stics
‘were based on fdur- partition ana]yses Rmong the fsglors

considered when determining the‘number of partitions in the.

+
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neighbourhood analysis were:

1.

the scree testi--a break occurred at either the eighth or
ninth eigenvalue for all groups;

the number of eigenvaf@gs greater than one (either eight _
or nine for all groups);

the sum of the.first eight eigenvalues was‘simiti&éfor‘
the groups; -
the interpretab{]ity of the partitions;
the average number of manifest partitions (expert, 7.25;

pre, 8.65; post} 8.35).

The number of partitions for the district analysis was

determined arbitrarily. 3

Kruskal (1964b) scaling was perfdtmed for spaces

‘ranging from one to four dimensions. Both Kruskal’s stress 1

and stress 2 were computed for each solution and these

values were considered when juﬁging the adequacy of the

structures. As Klahr (19649) suggested, however, comparison

of stress values to those obta1ned from randow

configurations is more appropriate when there‘are no a

\

priori notions about the spatial arrangement ;ﬁan when such

notions exist’. Since speculations regarding'the structure

being stud1ed ex1sted (based on the pilot study, textbook -

anh]ys1s, analysis of the 1earn1ng materia]s, ahd the work

of Traub & Hambleton, 18974), since comparison with

‘1ndependent estimates of the ‘same structure Qgre poss1b1e,

and since the prinCIpal interest was interconcept distances

1 -
,f . ~ ' Y
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rather than identification of spat{al dimensions®, stress
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values were of only minor importance when selecting
solutions for interpretation. Comparability with other
solutions, interpr®tability and ease of presentation were
also considered and these factors weighed heavily toward the
two dimensional solutions presented below. Stress valuesg$pr

the Kruskal analyses are reported in zable V.1.

B. Expert Results
Neighbourhood analysis (eight partitions) of the expert
data resulted in a,very crisgan‘d readily interpretable

gFth

o - y
nopmative scores, scales,’

latent partitionif

2

%sptual categories--central

-

tendency, variabil

. e
reliability, validity and true scores-were deri&%d. The

remaining category, which contained eight concepts,

consisted of basic terminology (see Table V.2). With the -
-
e L&

exception of the terminology category, remarkably strong
measures of affiliation weréﬁbbééqyéHLIOf the twenty-eight

concepts distributed across the seven partitions, only four
" had 1-delta**2 of less than,.75 and, as gxpected, these
~concepts seemed to-'bridge related categories. 'Nbrm',‘for

exampste, %nded toward both the central tendency and | '

validity~dartitions‘in addition to -the normative scoré%

category in which it was pléced.’CCriIerion’, in the "
’ - .

------------------

- & It is worth noting that although semantic interpretations
of dimensions can be influenced by the number of dimensions
in the solution, inter-point distances are highly correlated

among solutions of varying dimensionality. « .

. L 2

4

~
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& Table V.1 Kruskal Stress 2 for Joint Occurrence Matrices

.
>
~ Number of Dimensions ) “
Group 4 3 2 1
Expert 227 . 254 ¢ 309 0 .367 ,
Pre fnstruction .66 510 504 el
Post instruction .398  .432 "7{54 545 ]

-

&
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valitlity partition, also tended toward the terminology
group, while ‘true score’, in the category of the same name,

evidenced some affiliation with the validity and normative

scores category. 1 g
The concepts in the terminology category crossed *

several other categories. ’'Correlation’ was the most
interesting of these concepts tending toward the
reliability, va11d1ty and true score partitions. The
concept apparently, bridges several. ne1ghbourhoods

Review of the omega matr1x,¢evealed remarkably strong,
consistent categories. THe term1nology category was the only
one w1th a low d1agonal value NOnetheless. strong

3

relat1onsh1ps among several categor1es were apparent.® These

reTationships are dep1cted in F1qure V.1. The phi matrix is °

presented in Table V.2 while the omega matrix is presented
in Table V.3. N | v
District analyses (four pavtitions) resulted in the

coalescence of the var1ab111ty, normative scores, and true:

score partitions as wel] as the comb1n1ng of the re11ab1lity

and validity concepts. The basic terminology category
. ,v&

" disappeared, concepts fromﬂit Peing sprdad across the two
previously mentioned districts and the measuring scales

. k4
__________________

.2Wheh a category has a Iarge diagonal value as wel] as
moderate off diagonal values, it indicates that the concepts
in the category tend to be sorted as a unit, but that. the
unit” t€nded to be combined with other subsets of conceptst A

strong relationship was inferred between two categories if -

the off diagonal ‘entry in the a mathix was greater than .
.250. Values between .150 and .249 were interpreted as
indicating weak re]at1onsh1ps. :



Table V.2 Expert Neighbourhood Phi Matrix

Concept

range |

_variance
standard deviation

nominal
interval

cordinal g’
sratio 3

0“%

-norm .
z-score .
deviat1on score

vaw score ¥
coefficient ~
rank
frequency -
statistic

)
criterion
validity "~ ;
prediction &

" equivalence

internal cons1stenCy
reliability
stability

true score
error of measure

* Decimal points have been omitted.

N

1-delta**2

996
996
996

;39
993
993
993

" 518
570
543

558
‘813
832

562
1000
1000
1000

687
1053

o

1

894
894
894

-036
021
021
021

2239

. -018

130

006
006
006

-054
045
-025
-049
046
-093
030
068

003
013

017
004

-008
-008

- 008

-106
033

2
010

010 .

010

993
1061
1061
1061

031
-006

s
. 007

007
007

-080
-060
323
221
-027
015

-141

-072

040
-023
-024

048
-003
-003
-003

124

-033

-

3

034
034
034

~179
050
050
050

433
1000
1006

=012
-012
-012

525
-192
-245

363
-211

162

046
-129

-143
059
036

-119

041
041

298
-082

Actual'values

007
007
007

019
005

- 005 -

005

»

234

--027
+018
%

1003
1003

1003

-008
010
-105

-072
“-030

-038
075
064

-029

010

0q2

-026-

006
006
006

-041

013

5

007
007
0Q7

195
-081
-081
-081

060 .

138
-180

011
013
011’

526
582

684 .

888
892
106
1171
1177

215
—110
—066

161 .

2048
-048
-048

-268
044

,,,,,

015
015
015

032
-022
-022
-022

238
-004
031

-002-

-002
~002

-112

173
052
-110
310
082
-139

-111

889
1077
1150

-016
-012

-012-

-012

228
-111

7

-008
-008
-008

-012.

006
006
-006

-080

. 027

048

. 003

003

003 ¢

-034

- 377

-066
-055
097
051
-064
-090

-122
105
-053

724
1022
1022
1022

-013

-022

84

008
008
0cs

-055
011
011

016
-035
-024

003
003
~003

092
267
-027
-029
117
-091
-082
P45

049
-075
-068

050
-030
-030
-030

716
1155

-3



Table V.3 Expert Neighbourhood Omega Matrix

1 )

v - o

.1 1202 v
2 078 %%3867
3 406 214

©258

4 258 107
5 183 095
6 =012 023
7. 007 , 005
8 212 ° 117

~

Partition
3 4

775 .

134 990
(225 159

016 007
-024 . -001

372 092

* Decimal' points haye been

table values x10

v

»

-
»

. ., 408
097
099
167

- 681
275
196

s

982

165

omitted. Actual values are

»

85

854

4re
4
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Table V.3 Expert Neighbourhood Omega Matrix
N

1 2
1 1202
2 078 867
3 406 214
258
4 258 107 .
5 181 095
6 -012 023
7 007 005
8§ 212 117

* Decimal points hgge been omitted.

table values x10

Partition

3 4
775
134 990
226 159
0le 007
-024 -001
372 092

408

097

099

167

6 7 8
681
275 982

196 165 854

Actual values are

<
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Figure V.1 Related Neighbourhoods: Expert Data
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district. In general, the terminology concepts displayed
weak affiliations with the districts in which they we- e
placed. They tended to cross several districts Al though
s. " rossings might indicate that the concepts serve as
bridges among districts, they could also indicate that the
concepts are relatively discrete and are not closely related
to any of the other concepts in the study. This latter
position was supag;ted by examination of the omega matrix.
Despite the preponderence of crossing terms present in the
reliability/validity.and variability/norm districts, both
diagonal and off-diagonal elements for these categories were
low. The measuring scales and central tendency districts
maintained their integrity and were both weakly related to
the variability/norm district. Table V.4 contains the
district-level phi matrix while the corresponding omega
matrix is presented in Table V.5.

Although curriculum designers undoubtedly hope that
instructional materials manifest the relationships inherent
in a particular concept domain, the correspondence between
the experts’ partitions and the learning materials is still
Femarkable. The neighbourhood partitions match the
subdivisions in the learning materials almost perfectiy. The
district partitions bear striking resemblence to the
packaging and sequencing of the instructional units.

Kruskal scaling of the joint occurence matrix produced

solutions with fair to good stress values (Kruskal, 1971

documentation) for configurations ranging from two to four
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Table V.4 Expert District Phi Matrix

Concept 1-delta**?2 1 2 3 4
criterion 149 531 086 042 125
coefficient 296 599 466 -033 )56
prediction 211 646 064 -006 -036
validity 312 792 033 -007 -034
correlation , 467 869 385 -073 055
equivalence 512 1025 -088 (022 004
internal con: tency 819 1297 -134 -021 003
reliability 819 1297 -134 -021 003
stability 810 1297 -134 -021 003
norm 096 084 250 146 151
true score 250 303 586 211 ~-171
rank 250 326 627 074 039
statistic 249 076 685 -065 178
frequency 265 037 727 -108 177
error of measure 280 267 780 029 -064
raw score ’ 415 004 871 292 -031
normal curve 332 -024 948 017 -043 .
z-score 539 -046 1180 129 -131 .
deviation score 551 -088 1209 110 -143
range 584 -152 1247 -146 061 .
variance 584 -152 1247 -146 061
standard deviation 584 -152 1247 -146 061
variable 096 124 080 306 -007 -
nominal 793 057 -210 993 074
interval 976 -039 023 1084 001
ordinal N 976 -039 023 1084 001
ratio — 976 -039 023 1084 001
mean 985 004 -008 016 1015
median 985 004 -008 D16 1015

, mode ag5 004 -008 016 1015

* Decimal points have been omitted. Actual values are table entries x10°
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Table V.5 Expert District Omega Matrix

493
049
020

015

Partition

2

381

130

174

826

095

* Decimal points have been amitted. Actual values are table

vahes:do—;



dimensions. Although the scree test indicated that three
dimensions was most adequate, little fidelity is lost when
concept groupings in two space are examined. Interpretation
of the dimensions is not recommended, however .

Consistent with LPA neighbourhood findings, central
tendency concepts were closely clustered, as were concepts
belonging to each of the variability, reliability, and
measuring scales neighbourhoods.'® The variability,
measuring scales, and central tendency groups were
relatively close together. Concepts from the remaining
neighbourhoods were not clustered so neatly. Nonetheless,
validity and correlation concepts were proximal to the
reliability concepts, while "Zz-score’, 'deviation score’
and ‘normal curve’ were close to the variability group.
District groupings similar to those produced by LPA were
present although ’'variable’, which had a very low district
affiliation in the LPA, was closer to the variapi]ity/norm
ne ighbourhood. Figure V.2 depicts the two-dimensional
configuration with neighbourhood and district groupings
shown.

Kruskal scaling of the neighbourhood omega matrix
(Table V.3) pronced neighbourhood proximities comparable to
those manifest in the TPX results. The neighbourhood space
and stress values are shown in Figure V.3.

Earlier the argument was advanced that people familiar

'®Interestingly, these were also the neighbourhoods with the
largest diagonal values in the omega matrix. ,
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with a concept domain will share a well defined structure
for that domain. The general agreement among the solutions
;bove, which represent variations in data collection methods
and analytic techniques, supports the validity of the
structures presented as well as the validity of the methods
used in their derivation. Further, the generally high
affiliation and diagonal omega values from the LPA, léw
stress values in the Kruskal scaling, and high goodness of
fit measures in the INDSCAL (reported below) all attest to
the shared nature of the structures depicted.

One might still argue, however, that the structures v
described are unrelated to an individual’'s familiarity with
the concept domain. Structural explorations for the pre
instruction group, who presumably were much less familiar

with the domain than were the experts, is reported in the

next section.

C. Pre Instruction Results

Several of thé neighbourhoods apparent in the expert
eight-partition LPA were also present in neighbourhood
analysis of the pre instruction data. Partitions
corresponding to central tendency, variability, reliability
and correlation were derived. The categories tended to
include the same concepts that defined the categories in the
expérts’ analysis. Additionally, a score neighbourhood
emerged. The remaining ten concepts were distributed among

three neighbourhoods which had no clear meaning. The

[ 5T VRSN
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Figure V.3 MDS Solution: Expert Neighbourhood Omega Matrix
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crispness and measures of affiliation differed markedly from
the expert analysis, however. Only the scores category--raw

score, z-score, .true score--was chd}écteri?é&(gyﬂconcepts
Lo N . v‘.'v,; ' \\E
The values for concepts in the reliability category

with high 1-delta**2 values.
were also in the 0.6 to 0.7 rangef however\%OSt of the
remaining concepts tended to bridge several partitions.
Diagonal values in the omega matrix were moderate to low for
all but the reliability and scores partitions, suggesting a
greater heterogeneity in the cognitive structures for the
concebts than was manifest in the expert situation. A weak
relationship existed between the variability and scores
categories with 'deviation score’ fu;ctioning as a bridge.
‘Variable’ and ’'range’ éimilarly seemed to linkK a category
of general terms with the variability ne ighbourhood.

. Several of the categories may be superficial. All of
the words ending in 'ity’ were grouped together as were all
the 'score’ words (’deviation score’ sorted in the scores
category with almost the same probability as in the
variability category). Some subjects may have been sorting
on the basis of similarity in the formal stimuli‘(aﬁpearance
of th? words) rather than conceptual similarity.

Despite some features common to the expert partition,
the pre instruction partition evidenced considerable
confusion among the group members regarding the concepts.
Diagonal omega values tended to be low; off-diagonal va]ue§

were near-zero. Apparently, the partition structure,
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although reflecting the dominant structure of the group, is
not exten ively shared by group members. Further, the
solutionflacks the neighbourhood inter-relalions present in
the experts’ partition. The phi and omega matrices- for the
neighbourhood solution are presented in Table V.6 and Table
V.7, respectively, .

| District analysis resulted in a repartigjoning of the
concepts into a structure which was even less.interpretable.
Diagonal omega values, of course, were low. Two
néighbourhoods--scores and reliability--changed only
slightly (each‘added‘one concept). The remaining twenty-one
concepts collapséd into two large but loose partitions.
Table V.8 contains the district level phi matrix while the
corresponding omega matrix is presented in Table V.9.

Krstal scaling of the joint occurrence matrix produéed
the two-dimensional solution depicted in Figure V.4. The
stress values were extremely high for all solutions
attempted (number of dimensions ranged from one fo four),
indicating that .re "nstruction judgements cannot be
adequately represented in a space with few dimensions (see
Table V.1). This suggests that no crisp cognitive structure
was shared among the students prior to instruction.

Kruskal scaling of the omega matrix rasulited in the two
dimensional solution presented in Figure V.5, The stress
10.1414, formula 1) was comparable to that expected for
arrangements of eight random points in a two dimensional

space (Klahr, 1969}. Neighbourhood groupings in the space
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Table V.6 Pre Instruction Neighbourhood Matrix

Concepts l1-delta**2 | 2 3 4 5 6 7 8
prediction 117 375 ~029 090 019 024 -28 253 058
equivalence 241 803 040 154 -075 ~032 -006 -030 001
coefficient 324 852 ~024 -110 042 ~092 063 047 244
correlation . 580 1368 ~045 -011 055 006 -067 -092 -093
raw score 664 -017 1016 -035 -140 -~043 122 070 049
z-score 749 -073 1054 -015 060 036 -006 -030 -030
true score . 739 006 1074 051 -096 -~008 041 -035 -003
internal consistency 514 133 037 850 -067 023 095 -008 -013
validity 606 -015 ~022 950 070 -017 -088 082 -006
reliability 728 -087 002 1055 016 QU6 029 022 027
stability 7699 008 -008 1082 -026 020 022 -049 003
error of measure 257 073 132 168 739 -090 -187 041 -019
deviation score 647 017 709 -030 747 -034 -314 -069 -003
variance 539 -043 -203 -004 890 -230 564 -052 076
standard deviation 483 100 “092 -028 1114 185 -161 024 -077
mode 242 -116 -015 005 -025 482 087 413 023
normal, curve 290 234 Q34 -042 206 538 097 071 -055 :
norm 519 091 -061 -008 132 968 -130 043 002 .
mean 565 -034 020 016 -050 1070 029 -104 000 .
median 584 -093 000 019 -0p21 1081 052 -093 030
variable 261 031 ~097 -011 346 -237 582 143 144
rank =233 125 105 -094 -067 233 590 130 022
range , 510 -207 ~093 -035 458 092 951 -046 -036
ratio w 361 427 155 -097 -239 007 961 -085 -089
frequency 305 080 078 164 -294 017 1038 -048 -112
interval 437 -260 -003 013 019 -037 1193 -003 050
statistic 210 239 176 -098 -055 024 081 505 070
criterion 697 -069 -016 012 000 -085 -032 1301 -025
nominal 452 007 044 037 -008 108 052 -101 830
ordinal 827 -040 -011 -004 -019 -025 -043 009 1189

* Decimal points have been omitted. Actual values are table entries x10'3_
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Table V.7 Pre Instruction Ne jghbourhood Omega Matrix

QQ
Partition
1 2 3 4

1 337 ‘
2 079 667
3 095 037" 661
4 -100 170 " 043 403
5 117 073 016 112
6 114 031 042 195
7 093 ‘084 066 069
8 104 053 007 062 -

521

120

130

125

6 7 8
332

052 435

111 J76 €05

* Decimal points haye been omitted. Actual values are

table values x10

%4
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Table V.8 Pre Instruction District Phj Matrix

Concept l-delta**? 1 Z 3 .4
deviation score 548 971 291 -131 -053
raw score . 627 1086 -087 014 -035
true score 714 1162 -155 -020 050
z-score 745 118%; -103 -003 -039
correlation 141 045 405 340 194
coefficient 121 036 491 293 Q27
error of measure 175 352 502 -139 194
rank 214 066 583 475 -074
frequency , 187 -075 785 041 189
standard deviation 252 190 808 199 -021
ratio 231 047 887 139+ -037
variable 256 -050 1083 -182 005
interval 327 -110 1196 -058 -033
range : 446 -086 1359 032 -090
variance . 486 -052 1514 -347 -028
prediction 068 022 134 307 192
ordinal 087 -003 288 396 -030 .
statistic 107 238 121 398 -007
criterion 076 111 -021 417 136
nominal 105 028 296 430 005
mode “90 -003 -037 824 021
normal curve 20 088 275 831 -013
mean 4¢" -032 -173 1364 -029 —
norm ' 4c¢z -038 -128 1369 -016
median 4¢” -050 -131 1370 -036
equivalence J96 068 207 204 295
internal consistency 515 012 039 043 974
validity 600 -003 -074 -036 1069
reliabiiity 708 -012 -021 -039 1157 ’\j
stability 758 -037 -043 -032 1201

* Decimal points have been omitted. Actual values are table entries x 10'3.

¢



Table V.9 Pre Instruction District Omega Matrix

Partition
1 2 3 4
542
075 " 248
072 101 . 287
045 049 034 533

* Decimal points have been amitted. -ctual values are table
values xlO-B.
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correlation
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Figure V.5 MDS Solution: Pre Neighbourhood Omega Matrix
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are not readily interpretable.

Clearly, the cognitive structures for students prior to
instruction lacked the crisp definition inherent in the
experts’ structures. Certainly, the learners were not
completely naive in concept domain. However, low a%fi]iation
and diagonal omega values in the LPA, high stress values in
the Kruskal scaling, and moderate goodness of fit values in
the INDSCAL solutions (reported below) provide little
support for a well defined cognitive structure which is
common to learners before instruction.

Instructional impact on learners’ cognitive structures
and acquisition of structures which shared some of the
features of the experts’ structures would increase the
validity evidence for both the structural representations
and the methods used to derive them. Such evidence is

reported in the next section.

D. Post Instruction Results

As might be expected, neighbourhood LPA of post
instruction data produced a partition structure which shared
features with Both the expert and pre instruction solutions.
Six interpretable categories evdlved: central tendency,
variability, reliability/validity, measuring scales,
normative concepts, and true score. Although pot as crisp as
the expert solution, neighbourhoods tended to consist of the
same concepts as the corresponding expert neighbourhoods .

The variations that occurred tended to be in the bridging
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concepts. Partition affiliations also tended to fall between
the corresponding expert and pre instruction values.

Diagonal values in the omega matrix indicated
reasonable category integrities with only the normative
concepts, correlation and prediction partitions evidencing
substantial inconsistencies among individual structures.

Off-diagonal elements in the omega matrix suggested
weak relationships among the true score, normative concepts,
and variability neighbourhoods . "Z-score’ tended to bridge
all three partitions while ‘"range’ and 'deviatioﬁ score’
crossed the latter two. 'Error of measure’ tended toward the
correlation group as well as linking the true score and
variability neighbourhoods.

District level LPA resulted in the carry over of two
discfete categories (central tendency and measuring scales)
from the neighbourhood analysis and the distribution of the
remaining twenty concepts into two unstable casseroles. This
was similar to the pre instruction result. Table V.1d and
Table V.11 present the phi and omega matrices, respectively,.
for the neighbourhood solution while Table V.12 and Table
V.13 present the corresponding information for the district
LPA. |

Kruskal scaling of the-joint occurrence matrix resulted
in a two dimensional solution with relatively high stress.
Stress measures for the three and four dimensional solutions
were only marginally better. At best, the structures were

not widely shared by the post instructjon group. Figure V.6



Table V.10 Post Instruction Neighbourhood Phi Matrix

Concept

internal consistency

vatlidity
stability
reliability

equivalence
correlation
coefficient

error of measure
raw score
true score

variable

range

deviation score
s*andard deviation
variance

srediction
criterion
statistic

frequency
media-
mode

mean

interval
ratio
ordinal
nominal

Z-score .
norm
rank
normal curve

595
587
752
802

252
484
603

278
577
758

247
348
517
681
719

199

293

428

235
812
814
841

207
499
-84

2

* Decimal pointz nave et

)

1-delta**2

1

946
979
1096
1142

372
063
-140

144
-107
082

002
000
-068
-017

. 038

106
085
-080

002
-004
010
-002

-013
009
-001
004

-055
-001
=057

a8

-C

2

102
-103
-006
-132

414
1095
1232

319
-032
041

298
056
-158
-045
-012

309
-027
-076

147
-007
-008
-008

097
294
-125
-130

-149
-060
02°
07c

Actual

3 4
-031 049
-016 009
-025 -005

079 -012
034 -021
000 -068
010 -002
478 216
956 -077
1141 -105
-021 508
-118 674
317 740
-031 1192
-118 1285
-052 -058
-109 -030
106 020
-067 133
021 -052
-006 017
026 -002
-080 239
049 -035
003 -036
011 -068
610 181
-142 -121
110 084
-102 -103
alues are

5 6
-015 006
063 -006
030 -008
055 010
148 019
-245 -002
102 -007
-016 031
133 007
-023 024
444 -040
-175 123
030 -051
026 010
-007 -033
525 -060
916 =037
1160 012
-066 403
050 1037
-033 1048
-016 1054
-137 -006
-070 -041
095 -006
043 010
-091 -030
453 216
-069 -040
-064 -100

7

-004
-007
-003

012

-012
-023
-035

001
013
005

036
016
-055
-028
-006

-046
011
035

124
009
-019
-019

177
895
1105
1106

-025
-017

085
-031

104

8

-031
008
062

-014

077
177
-074

-239
061
-158

-295
338
274

-023

-149

126
111
-083

243
-055
-058

001

083
-025
-055

017

611
786
817
1249

table entries x10-3.



Table V.11 Post Instruction Neighbourhood Omega Matrix

1 2

1 634

2 155 415
3 117 060
4 028 110
5 070 122
6 =001 018
7 015 062
8 027 077

* Decimal points haveg been omitted.

table values x 10

625

192

095

031

052

158

Partition

4

503
052
072
068

184

327

085

084

137

762

129

143

569

113

Actual values are

105

371



Table V.12 Post Instruction District Phi

Concgpt

frequency
median
mode

mean

criterion

prediction
correlation
equivalence

validity

internal consistency
reliability
stability

interval
ratio
ordinal -
nominal

statistic

norm

coefficient
variable

normal curve
error of measure
rank

true score

raw score

range

z-score

variance
standard deviation
deviation score

* Decimal points have been omitted. Actual values are table entries x10°

1-delta**2

221
802
795
832

064
076
132
216
549
588
718
722

370
479
644
653

088
193
103
127
147
197
212
233
216
258
378
391
474
529

1

438
1078
1078
1096

066
-004
-036

023

009
-001

005

003

-025
-084
~015

007

092
367
-047
-068
070
-061

051

-071
-036

140
-003
-073
-023
-061

2

015

011
002
-003

222
327
426
640
1133
1167
1295
1297

-063.

100
-061
-062

094

030
299
146
046
358
-071
299
068
-098
-050
-082
-139
-161

"

182
001
-051
-041

"195
115
115
080

-035
-023
-050
-027

887
1068
1264
1265

207
186
140
092
154
-040

1192

-066
-008

007
-034
-089
-103
-126

4

308
-083
-047

011

170
210
321
218
-103
~049
-100
-097

251
031
-144
-141

368
375
375
629
647
694
818
842
917
954

1244 .

1295
1419
1509

Matrix

106

3



Table V.13 Post Instruction District Omega Matrix

700
005
119

075

Partition

437
029

055

3 4
420
072 252

* Decimal points have been amitted. Acutal values are table

values x107°.
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presents the two dimensional solution with LPA
neighbourhoods and districts outlined.

Two-dimensiona) Kruskal sciging of the omega matrix
resulted in a fair stress measure. The neighbourhoods
generally were isolated although the proximity of the true
score and variability neighbourhoods was evident. Figure V.7
shows the solution with LPA districts indicated.

Although the cogni}ive structures for students after
instruction lack the crisp, readily interpretable categories
and relationships evident in the expert structure, students
clearly share a better defined structure following
instruction than preceding it. Indeed, the trend toward

acquisition of a structure similar to that of experts

.

attests to the suitability of the expert structure as a
target for both assassment and curriculum deve lopment

purposes.

E. Relationships Among the Three Groups

The joint occurrence matrices were ‘also analyzed using
the INDSCAL procedure with groupsfﬁssuming the role of
isubjects: Correlations between the final $oJution and the
raw data (four dimensions, r=0.69; three dimensions, r=0.64:
two dimensions, r=0,55) support adoption of the three
dimensional solution presented in Figure V.8. Concept
districts similar to those identified by the LPA were
present. Interpretation of the concept spaée is of less

interest currently than the locations of groups in the
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subject space. Figure V.10 depicts the subject space while
Table V.14 presents intergroup distances and goodness of fit
measures.’

Clearly, the expert group’s judgements were most
adequately represented by the INDSCAL solution, although the
fit with pre instruction and post instruction data were also
reasonable. As might be expected on the basisASf the L and
Kruskal scaling results, the most dispargte groups were '[,hﬁ\1
experts. and students prior to insfructibn. By post -
instruction, the students moved closer to the experts. Thése
findings are consistent with those reported above.

Despite the weaknesses of the research design, ana]ysés
of the card sort data indicates that the measurement
procedures are sensitive to differences in cognitive
structures and that cognitive struqtures change during

carning. More evidence of a similar nature is reported in

the next section which deals with analyses of similarity

rating .data.

F. Similarity Rating Results

The sim;]arity rating data based on the reduced concept
set was also analyzed at the group 1eve]. The judging task
in the similarity rating situation differed markedly from
that in the card sorting activity. During the latter task,
subjects were encouraged to review all the concepts
carefully, to sort concepts into categories, and to resort

untilsthe categories were satisfactory.  -The judgements (of
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Table V.14 Inter Group Distances From INDSCAL Subject Space

Group Correlation

Pre Post +ith solution
Expert 0.1445 0.0991 0.680
 Pre 0.796 0.576

Post 0.653
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Post Instruction

\ Experts

Figure V.10 INDSCAL Subject Space
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each concept) were intended to be interdependent and the
resorting possibility facilitated this. Further, the
judgement, itself, is dichotomous in nature: concept X is
either similar to or not similar to concepts in a particular
pile. Not surprisingly, data analysis produced concept
relationships readily interpretable within a category model.

In contrast, during the similarity rating situation,
subjects were encouraged to judge each concept pair as
independent ly as possible and to indicate the degree of
similarity between the concepts. Structures derivéd from the
rating data, lacking the category crispness evident in the
card sort structures, were not readily interpretable.

A major difficulty which confounds comparison of card
sorting and sin larity rating solutions is the variation in
the concept sets used for each task. The large set of
concepts uéed in the card sort activity contained several
concepts from each of a few neighbourhoods. This clustering
was evident in the LPA expert results. Subjects may have
identified the neighbourhoods and used that information to
faciliate the sort. The reduced concept set usgd in the
rating task included few members of each neighbourhood, thus
making it more difficult to identify the areas and use the
information while making judgements. The change in the task
itself (discussed above) may also have influenced the frame
of réference used while completing the task. Knowledge of
the categories, undoubtedly, would help subjects

operationally define 'similarity’.
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Fortunately, meaningful interpretation of the INDSCAL
group structure was of lesser importance than were concerns
regarding the adequacy of common group structures and
general comparisons among the three groups. Table V.15
presents the goodness of fit measures (that is, the average
correlation between an individual’s raw data and the
estimated-data for that individual derived from the group
solution) for each group. The goodness of fit between the
pre and post instruction groups and the expert structure is
also shown.

Although a three dimensional solution is reasonable in
each case, the adequacy of the group strﬁcture differs
across the groups. The high goodness of fit measures for the
expert group further supports the position of a cognitive
structure which is shared among people familiar with a
concept domain. The decreasing goodness of fit values for
the post and pre instruction groups indicates that single
structures are less adequate in representing the cognitive
structures for individdals in those groups. Nonetheless, the
shared structure position seems more probable‘after
instruction than beforéi These ?indings are consistent with
those based on the card sorting data.

The correspondence between experts’ structure and those
of the pre and post instruction groups was also determined.
Using the solve-for-weights option in the INDSCAL program,
the fit Between the experts’ structure and the pre and post

data sets was determined. The experts’ structure fit the



Table V.15 INDSCAL Goodness of Fit Measures

2
Group Number r r2
. dimensions

Expert 4 0.718 0.523
3 0.640 ©0.419
2 0.548 0.307
1 0.418 0.181

Pre 4 0.506 ’ 0.263
3 0.449 0.211
2 0.377 0.154
1 0.280 0.090

Post 4 0.570 0.335
3 0.515 0.277
2 0.428 0.196
1 0.307 0.104

Between

Pre and E 3 0.343 0.125

Between ¢

Post and E 3 0.417 0.184

Between 3 ©0.415 0.178

Pre and Post .

=
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post instruction data better than it fit the pre data.
Goodness of fit measures for each group on the experts’
target are included in Table V. 15.

Although beyond the scope of the present study,
correspondence among the structures may be of interest for
instructional developers. Distances betweenlcorresponding
concepts in the pre instruction-expert target diagram might
indicate the degree of student understanding prior to
instruction. Presumably, the smaller the distance between
the concepts, *‘he less the need for instruction. Post
instruction and expert spaces might simi]prly be compared to
identify concepts which require additional instruction.
Further, interpretation of the spatial dimensions might be
useful in planning instruction. Unfortunately, the
complexity of’the analytic methods undoubtedly will restrict
these endeavours.

The pre group data also was analyzed using the post
structure as a target. The goodness of fit (0.415) is
considerably lower than that for the post data (0.515),
suggesting a change in strpcture during. the instructional
process. These findings are also consistent with those
reported earlier for the card sort data.

Statistical comparisons among the structures derived
for the groups would have considerable appeal at this stage
in the report. A simple test of statistical significance
would provide (at least for the writer) welcome rélief from

(subjective) interpretations. Indeed, the Schoneman and

-
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Carroll (1870) matrix matching procedure was considered.
Unfortunately, the LPA, Kruskal scaling and INDSCAL
solutions all sdggest that inter-groub differences seem to
be more related to the clarity or definition of the
cognitive structures than the spatial configurations
themselves. | -

Succinctly, LPA solutions differed not so muc! -ith

regard to partition membership, but rather with reg. 'd -

the stability of the partitions. The major variations in e

Kruskal séa]ing solutions were on the stress measures, ¢~
fhe adequacy of the group solutions. Variations among gFBupz
on the goodness of fit measure similarly existed in the
INDSCAL 'solutions. The Schoneman and Carroll technique may
not be sensitive to these variations.
Perhaps an example will clarify. Subject weights and
\}orrelations from the fNDSCAL analysis provide information
regarding the match between an individual’'s structure aBd
the group structure. The weights indicate the expansion or
contraction which must be applied to eéch*bf the dimensions
~in order to accommodate the individual’'s judgements. The |
correlation indicates the degree to which such
accommodations will be successful. Small weights would
result in contraction of the group structure. Since the.-
correlation corresponds to the distance a person is from the
origin in the subject space and the weights also define an
individual’s location in that space, contraction or

expansion of the concept space is a meaningful adjustment

FAN
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when the correlations are not large. A space may have a
particular configuration, but its adequacy vis a vis the raw

data may be doubtful.

The Schoneman and Carroll procedure includes expansions
and contractions. Thus/a space which is contracted because
it is a poor fit to the original data might match, after
expansion, a space which adequately fit another group’s
data. Accordingly, the Schoneman and Carroll procedure

seemed ill advised in the present situation.

B G. Summary .
| The nature of the coénitive structuré shared by each of
the groups was described in this chapter. The expert
structure was the most readily interpretable. The cognitive
structure for the student group seemeq to evolve from an
idiosyncratic structure to one which was more common 1y

shared by the group and one which corresponded more closely

to the expert structure.

?



VI. RESULTS: EFFECTS OF INSTRUCTION AND COGNITIYE STYLE

Analyses of gfoup data support the positions that 1. group
cognitive structures chgnge during instruction, 2. the
change is from highly idiosyncratic structures to ones which
appear to be more common to the group, and 3. the change is
also in the direction of the experts’ cognitive structure.
The utility of cognitive structure measures as the bases for
assessing an individual’s learning has yet to be explored.
_ This chapter,reports results from the portion of the
study which investigated the effects of instruction and
~cognitive styles on a variety of cognitive structure
| measures. The relationships betwﬁén these measures and a
more traditional test of achievement are also reported.
Previously the argument was advanced that acquisition
of a cognitive structure should be facilitated by
instruction whiéh\emphasizes the relationships among
concepts. It was argued further that an individual’s
cognitive style would interact with the instructional
approach in the formation of the cognitive structure. The
results reported below address both these arguments. Only
the similarities rating data weré used in this part of fhe.
study. ‘

'Several cognitive structure-based estimates of learﬁing

122
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were generated to supplement the more traditional
achievement measure. The conceptual meaning, method of
derivation, and potential weaknesses of each estimate are
discussed'in the next section. A description of the
relationships among the variables follows. The impact of ,

cognitive style and instruction on each measure of learning

is reported prior to the chapter summary.

A. Derived Learning Measures

Agreement With Group Structures

Within the present perspective, learning--that is,
acquieition of a cognitive structure--involves changing a
learner’'s cognitive structure from a highly idiosyncratic
Br, in some cases, uninterpretable structure to one Jﬁich is
more similar to that of individuals who are Competent in the
domain. A measure of similarity between a learner’s
structure and a target structure (man1fested by competent
individuals), then, is a potentially worthwhile measure.

INDSCAL results include, for each subject, the
correlation.(or goodness of fit) between the individug]'s
data and the computed structure. Essentially, the mease‘;
-indicateemthe degree of communality between an individual’s
structure and the group’s structure and, accordingly, is
closely related to the distance between the origin and -the
individual in the subject space. V

The extent of agreement between an individual’s post

instruction data and the post instruction group structure
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was used as one *measure of .learning. Average correlation for
all students was 0.515. The correlation§/were converted to
Fisher Z's. This variable is subsequently referred to as ZP.

ZP is subject to at least one major weakness.
Essentially, it provides an indication of how ¢lose to the
mean a particular individual is. If the mean repreasents the
preferred structure, the measure would be a reasonable
indicant of learning. Despite the shift toward the expert
structure apparant in the pre and po;t instruction group
structures, however, selection of the latter as the goal of
instruction is difficult to defeno. |

Since both high and low achievers may vary coNSiderably
from the mean, and since ZP lacks directional information,
ZP may be a rather crude measure of learning.

Acquisition of a structure which is similar to that
shared by experts may be a more easily defended

‘instructional goal. Accordingly, the correlation between

.~ “each student’s post instruction similarity ratings and

interconcept distances in the experté’ structure was
determined. Average correlation for all students with the
experts’ structure was 0.4167; thevcorrespondiﬁg correlation
among the experts themselves was 0.6404. As before, the
correlations were converted to Fisher Z’s. This variable is
referred to subsequently as ZE.
Change in Agreement

Implicit throughout th1s report is the position that

1earn1ng involves acquiring a perspect1ve of a set of
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concépts which’is similar to that héld by other people. In
particular th¥t might entail progressing from an
idiosyncratic cognitive structure to one which has more in
common with the structures of other people. Much of the
group analysis (in particelar the LPA omega matrices)
supported this position. A reasonable measure of learning,
then, might be: the change during instruction of the
congruence between a learner’s cogpitive structufe-and that
common to a group. ’

Two measures of change in agreement were derived. Using

v RS

the post group structure (that is, the \Q£>e djmensioné]

object configuration based on analysis of bost group data)

as target, correlations betweén each student’s pre and post

data and thé target were_cafculated.'Following.conversion of

the correlations to Fisher Z's, thé'pbe agreement measure

was subtracted from the post agreement measure: Hereafter

this variable is Eeferred to as DZP.'' A similar proceduré

employing the experts’ structure as target was used to

derive thg variablé DZE. 12 | y
DZP and DZE may both be interpreted as representing an‘/

individual’s change toward a Qémmon structure. DZP

potentially has weaknesses réT%ted to those of ZP. Use of =

B I I T T

'! Of interest: Using a t-test, it was found that the mean
of DZP was significantly greater than 0 (p<0.01) which was
interpreted as indicating a significant shift toward an
homogenous structure. The data were derived, of course, from
-a pre-experimental design, thus precluding attribution of
differences to the instruction varaiable. '

'2 Also »f interest: the mean of DZE was significantly
greater tnan 0 (p<0.01). A similar interpretation was made.

~
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the post instruction siructure (which is not likely the
ultimate structure to be acquired) as target would result in
confusing two types of individuals: those students who began
instruction with a structure comparable to that which most
learners eventually acquired and who, during instruction
progressed toward a more superior structure; might be
confused with students who, durihg instruction, developed
"misconceptions regarding the a@ncepts. Based on pre
instruction measures of agreement, there could have been few
students of the first type. Further, since those ind- ‘iuals,
presumably, were distributed randomly between instructional
conditions, the,problem should not confound conclusions
regarding the instruction variable. |
DZE was susceptible to a rélated problem. For ;ome
students the fit between their pre instruction data and the
experts’ structure was of the same magnitude as the fit
#between individual expérts and the exberts’ structure.
Accordingly; DZE would not have been sensitive to cognitive
strqé@ure imprerments for these students and may have been
subject to a ceiling effect. Fortuﬁately, based on the
distribution of'pre instruction agreement measures, few
studénts'could have been affected. -
' Change in Judgement Weights
The INDSCAL subject space also provides potential

measures of learning. The distance a subject is from the
“origin corresponds to the fit between his data and the group

solution. The further a person is from the ohigin, the

L]
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better his struc e corresponds to the group golution. A
reasonable measure of learning, then, might be change in
distance from the origin. Since distance from the origin is
the same as the correlation measure previously discussed,
such a variable would be the same as the DZ variable§
without the Fisher transformation. Such redundancy is not
currently of interest.

When both pre and post points for an,individual appear
in the same space, however, Euclidian distances between the
two points will reflect the changes in the individual’s
judgihg emphasis and, in turn, changes in his cognitive
structure. DistP (based on the post group target) and DistE
(based on the expert group target) were computed for each
student apd these variables functioned as-additional
measures of learning.

Figure VI.1 is a three dimensionaf'graph depicting
locations of C instruction students in the post target
people space. Both pre instruction and post instruction
points (represented by the tops of strings suspended above a
plane) are shown. aistP is the distance between the tops of
an individual’s pre and post strings. Figure VI.2 graphs the
corresponding information for the P instruction"group. The
pre and post strings seem to separate more in Figure VI.1
than in Figure VI.2 suggesting instruction differences@ This
observation is discussed further below. \

DistE, of course, is. the corresponding distance between

an individual’s pre and post-locations in a subject space
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Figure VI.1 Instruction Group C INDSCAL Subject Space
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derived from the expert target.

Like the other cognitive structure measures, these
variables are not without weaknesses. Whereas DZP can
potentially underestimate (or even classify as ‘unlearning’ )
_the learning of students who -« from the group target
toward a more superior structure DistP arr. _.stf err in the
opposite fashion: all distances are interpreted as being
d1rectly related to learnlng, even those distances which
manifest movement toward an uninterpretable structure. In
light of the highly significant shifts toward the two target
structures (the tests on DZP and DZE noted above), this is
not likely a serious problem.

To review, six measures of cognitive structure learning
were generated.

1. ZP--a measure of agreeéent between an individual’s
rat1ngs after instruction and interconcept distances in
the post group structure;

2. ZE--a measure of agreement between an individual’s
ratings after instruction and 1nterconcept distances in
the expert group structure;

3. PZP--a measure of change in agreemenf with the post
group structure; specifically, the difference between ZP
and the agreement of an individual’s pre-instruction
ratings with the post é;aﬁp\sgructure:

4. DZE--a measure of change in ag;éement with the expert
group structure;_specifical]y; the difference between ZE

and the agreement of an individual’s pre-instruction
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ratings with the expert group structure;

5. DistP--the distance, in the people space generated from
the post group structure, between an individual prior to
\inétruction and his location following instruction;

6. DistE--the distance, in the people space generated from
the expert group structure, between an individual prior
to instruction and his location following instruction.

Means and st;ndard deviations for each of the derived
measures are presented in Table VI 1.

Conceptual review of the siv ‘ved Variab]es
suggested the}r a priori ordering on the bdses of
sensitivity and suitability as measures of learning. DZE and
DZP seemed tQube the best measures, followed, in order, by
ZE, DistE, DistP and ZP. Accordingly, the best tests of the
aptitude-treatment-interaction and effects of instruction
hypotheses might be those‘ghich embloy either DZE or DZP as
thé‘meaSUPe of learning. Similarly, these two measures will
be favoured when interpre%ing construct validity
information. ‘

Since considerable conceptual independénce exists among
the various measures (particularly between those based on
the expert target and those based on the post instruction
target) the relationship among the measures provides
method-convergence validity data. Table VI.2 is the
correlation matrix for the learning variables, including the

achievement test. The table is discussed later in this

chapter.
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Table VI.1 Means and Standard Deviations

Variable Mean Standard Deviation
Ach 28.97 5.16
GEFT 12.75 3.69
Zp .583 .150
DZp .139 .185
' DistP .255° .099
ZE .459 .126
DZE .100 .156

DistE -~ .191 . .079



Table VI.2 Correlations Among Variables

© GEFT 047

ACH
Zp
DZP
DistP
o .

DZE

531

066

DZE
104 -
266

478

. 512

191

773

DistE

-093
201
302
293

-031
378

508

* Decimal points have been amitted. Actual values are table

entries x10 °.
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B. Aptitude Treatment Interaction Analysis

On the basis of the theoretical discussion presented
earlier, an hypothesis regarding the interaction between
cognitive style and instructional approach was advanced.
Cognitive style (field dependence/independence) was expected
to influence the acquisition of cognitive structubes for
individuals in the P instruction group whereas it was
expected to have less influence on the cognitive structures
of the C instruction group. Specifically, a positive
relationship between cognitive style and measures of
learning was predicted for the P group while a neutral
relationship was expected for the C group. Further, while
the cognitive st uct. 215 of field i.dependent students were
not expected to be i . luenced differentially by the
instructional strategies, the structures acquired by field
dependent students who received C instruction were expected
to be superior to the structures of comparable students
taught by P instruction (see Chapter II, section H).

This hypothesis was explored separately for each
measure of learniné by analyzing the regression of learning
on cognitive style for the two instructional groups. The
regression lines are shown in Figure VI.3. Differences
between the slopes of the lines (m), of course, is evidence
of an aptitude treatment interaction. Differences in group
means (a) on the learning measure is indicative of the

effect of instructional approach.
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Of the six derivéd learning measures only DistP was
characterized by an aptitude treatment interaction (p<0.05).
The ATl on the traditional achievement also approached
significance. Results of these tests are reported in Table
VI.3. The pattern of the regression lines was the saﬁe on
both variables: cognitive style and achievement were
inversely related in the C instruction group while a weak,
positive relationship was present in the P group.

Although supporting the hypothesis of an ATI, this
finding is not completely compatible with theoretical
expectations. Rather than the C instruction bringing the
achievemen} of field dependei.. people up to the level of the
field independent, the C instruction may have affected
detrimentally the achievement of the field independent
group. Of course, the poss{bility also exists that P

instruction was considerably better than expected. Figure

V1.4 depicts theoretically expected slopes while Figure VI.5

depicts the slopes for the DistP analysis.

DistP was not expected to be the best measure of
learning. Further, considering the many tests for
homogeneity of regression which were conducted, the findings
’are less than convincing that an ATI was present.

The effect of instruction on each measure of learning
was also investigated. Tests of differences between means
pfor the two groups were conducted. The ffndings are reported
in Table VI.4. étudents receiving C instruction were

expected to display greater shifts in their cognitive

L



Table VI.3 Aptitude Treatment Interaction Results

4
Variable arprlqr; df | E}mncgeneity
7P Ankin of regression
2P 6 - 1,57 0.107
ZE 3 1,57 0.044 -
DZP ’ 2 1,57 0.025
DZE _ 1 1,57 0.227

{ ’ >
DistP 5 ) 1,57 6.150
DistE - 4 1,57 0.038

Equations for variable with significant interaction effect:

C instruction group
- DistP = 0.01045 GEFT + 0.39077
P instrucc "n group -
DistP = 0.80501 GEFT + 0.15905

0,745
0.834
0.875
0.636
0.0}6

0.846
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-Variable
ACH

2p

E

Dzp

DZE
DistP -

DistE

Table VI.4 Effects of Instruction

iﬁ
28.971
.579
.470
.17¢
129
.256

214

28.974

.586

.449

.105

.073
.254

.170

71
71
71
71
71
71

71

~0.00

~0.20

.65

-

0.11

2.45

0.999

0.420

' 0.235

0.052
0.064
0.454

0.008

(2-taileqd)

(1-tailed)

(1-tailed)
(1-tailed)
(1-tailed)
(1-tailed)

(1-tailed)
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structures than were students receiving P instruction.
Further, the congruence with the expert cognitive structure
was expected to be superior for the C instruétion group.
Considering the crudeness of the learning measures, a
somewhat liberai approach to Type I error might be
appropriate (0;10). Accordingly, group differences were
indicated on DistE, DZE, and DZP. All of these variables
were expected to be reasonable measures of cognitive
structure acqu{sition. In each instance the observed mean of
group C was higher than the mean of group P. Since DistE,
DZE and DZP all measure change in structure, these results
were intehpreted as $upporting the theoretical hypotheses.
Concept relation-based instruction resulted in gfeater
changes in léarners’ cognitive sf;uctubes than did
comnutatién-based instruction.

Another important hypothesis was not supported,
however. Cognitive structures acquired during concept
relation-based instruction were expected to correspond more
closely to the experts’ structure than were cognitive
structures acquifed during computation-based instructj
Grour; differences were not obsérved on ZE, the measure of
£i' ve-ween a learner’s structure and the experts’

. tdre. '

The findings provide construct validity evidence for
the derived learning measures. A construct valid measure
should be able to distinguishq;mong people who differ on the

construct. This feature of the derived measures (of changes
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in structure) was demonstrated.

Failure to detect group differences on the traditional
achievement test was also of considerable interest. Since P
instruction involved greater attention to practicing sKills
(similar to those tapped by the ach1evement test) than d1d C
instruction, the P instruction group might have been
expected to excel on this measure. HoweVer, C instruction
not only was superior in facilitating cognitive structure
formation, but also was as successful as P instruction in
developing the more performanée oriented skills tapped by
the traditional achievement test. This finding may be of
considerable relevance for research into instructional
strategiés. Perhaps much of the confusion which surrounds
assessing the relative effectiveness of various
instructional strategies could be resolved by reconsidering

the learning measures.

C. Achievement and Measures of Cognitive Structure
Correlations among the various measures of learning are
reported in Table VI.2. Although all the derived measures
were positivelyvrelated with the achievement test, none of
the correlatﬁdns was particularly high (0.20 < r < 0.35).
The greatest, achievement with ZP, was only 0.35. The
crudeness of the measuring devices again should be
considered, howeve;. A1l the correlations were significantly.
greater than zero (p<.05). Similarly, the derived measures

were inter-related, these correlations being somewhat

i3
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larger. With the exception of DistP, all the correlations
among the learning measures were larger than any of the
correlations between a learning measure and the Group
Embedded Figures Test. This pattern,.combined with the
patterns of group differences reported previously, supports
the construct validity of the derived measures. Further, the
derived measures were based on group cognitive structure
estimafes which converged across data collection and
analySis methods..In sum, the validity of the derived
variables as'measures.of cognitive structure acquistion
seems ﬁromising.

DistP was the only measure which did not correlate with
the other derived variables in the expected fashion,
evidencing no correlation with either ZE‘or DistE. On
conceptual grounds DiétP was anticipated tb be a poor
measure of learning. Results of the ATI analysis on DistP,
further, was_not consistent with analyses of other
variables. Accordingly, doubts regarding th- /ariable arise
from three perspectives. Its use as a measure of learning is
i1l advised.

DZE and DZP were both expected to be reasonable
‘measures of learning. The patterns of their re]ationshﬁps

with other variables supported that position.
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D. Summary

The findings\reported in this chapter generally
supported both the theoretical positions advanced previously
and the construct validity of the derived learning
variables. The derived variables were all inter-related and,
considering the coarseness of the measures, the
relationships between the post target and expert target
meéasures were particularly interesting. Failure to detect
the anticipated ATI may be attributed to a variety of
explanations besides poor learning measures. The presence of
consistent instruction group differences on the derived
measures combined with no differences on the traditional
achievement test was of particular interest.

D
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VII. Conclusions and Recommendations

Several major problems were addressed by the study reported
above. Implications of the research for each of the probliems
are discussed in this chapter. Recommendations for further

research also are presented.

A: Nature of Cognitive Structure

Several models of cognitive sfructure were reviewed in
Chapter II. At that stage, a c&ncept network mode]l
(Pylyshyn, 1973) was identified ;S a sound, parsimonious
model for considering cognitive structure. Among the
important attributes of the conceptwal network model is the
potential to represent both propostional relationshibs and
the dynamic character of cognitive structure.

%he results reported above are compatible with this
perspective of cognitive structure. InterConcept distances
derived using the various MDS procédures are interpretable,
generally, within the network paradigm. In 1ﬁght of the many
instances which have reported similar findings (eg: Cliff.&
Young, 1968; Preece, 13976a; Shavelson, 1973), the present
results are ndt particularly startling.

Spatial configurations may not be the most apropriate

models for cognitive structures, however. Confusion abounds
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regarding the apropriateness of spatial (andmhierarchical)'
representations of semantic structures. Shepérd’s (1974)
afguments in this regard were discussed previously. Latent
partitjon analysis was used in this study in an attempt to
accommodate Shepard’s concerns. The procedure involved
neither dimensional interpretations nor hierarchical
assumptions. LPA o? the experts’ data resulted in cognitive
struéture representations which were consistent with
Bruner’s (1966) neighbourhood concept and Wickelgren’s
(1977) chunking model. Tight, well-defined concept -
neighbourhoods were observed. Relationships among
neighbourhoods were also apparent. The clarity of the LPA
results is evjdence of a cognitive structure which is shared
by people of similar competence.

The addition of concepts and propositions (o an
individual’s cognitive structure has been addressed by many
theorists, including Bruner, Goodnow, and Austin (1956);
Joyce and Weil (1972); and Wickelgren (1977). A common
perspective seems to have evolved. During learning, a new
concept is initially added to the cognitive structure by
attachipg Go a concept which the person already knows. |
During latter learning staées, the new concept is integrated
more fully within the existing structure aqd»super concepts
{chunks or neighbourhoods).may result. Also as learning
progresses, a'cogni%ivé structure will evolve which is
similar fo the structures of other people. This model was

supported by the student data. The attaching of concepts,
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elaborating of relationships, chunking and evolution of
common structures were evident in the results.

Pylyshyn’s (1973) model of cognitive structure
suggested involvement of the structure in the thinki;g
process. This aspect of cognitive structure was not
investigated in the present study. Accordingly, a reasonable
problem for new research might be investigation of cognitive
structure changes which occur during problem solving. The
data collection and analyses techniques employed above may

be adaptable for such investigation.

B. C;gnitive'Structure and Instruction

Inherent throughoﬁt the present study was the positidn
that cognitive structures are learned and, hence,'shou]d be
susceptible to instruction. The impact of instruction on
cognitive structures, however, was not clearly demonstrated
by the studies cited in Chapter II. Although LaPorte and
Voss (1979) reported cognitive structure changes resulting
from instruction and Traub z:d Hambleton (1974) .noted shifts
1n cognitve structure wh1ch may have been
1nstruct1on-related, other research (eg: Shavelson, 1972;
Fénker, 1975) was contradictory.

Clearer findings. were observed in the present study.
Instructional effects were noted on both the card sorting
and similarities data obtained from students. Both data sets
also evidenced the acquisition of cognitive structures

similar to those shared by experts. The findings were

N N
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consistent using both group and individual data.

Citing the instructional suggestions of Ausubel (1968},
Bruner (1966) and others, a thesis was developed in Chapter'
Il that the nature of instruction should also influence the
cognitive structure which is learned. In particular,
jnstruction which attended to cognitive mathemagenics was
predictéd to result in cognitive structures which differed
from those learned during performance-oriented instruction.
The results reported in Chapter VI support this thesis.

These findings (which were based on the derived
learning measures) are particularly interesting when
contrasted with the failure of the traditional achievement
test toldetect instructional differences. Research into
instructioné] effectiveness perhaps has been constrained by
an inability to assesss cognitive structure changes. The
derived measures may prove valuable in this area.

Closely relatéd to the issue of instructional
strategies and cognitive structufe acquisition is'the
problem of learning transfer. A potential advantage of
explicitly teaching for cognitive structure acquisition is
(the theoretically expected) improved transfer - (Champagng &
Klopfer, 1980)t The influence of cognitive structures onktaé’/—\\\
transfer of learning was not investigated during the current -~
research. However, in light of the présent findings, such

investigation may be a logicél next step.
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C. Cognitive Structures, Instruction and Cognitive Style

Witkin, Moore, Goodenough and Cox (1977) éeported that
cognitive style influenced the nature of the cognitive
structure which an individual acquired. Further, several
researchers (eg: Schwen, 1970) have reported that
individuals of differing cognitive styles are differentially
affected by variations in instructional strategies.
Accordingly, the hypothesis was developed earlier that
cognitive styles (in particular, field
dependence- independence) would interact with instructional
strategies in the acquisition of cognitive structures.

The results repdrted above failed to support this
hypothesis. A variety of explanations are plausible. The
derivedlindividual measures of cognitive structure tended to
focus on changes in structure and, accordingly, may not have
been sensitive to acquisition of different cognitive
structures. Since the card sorting data were the primary
bases for considering the nature of the acquired cognitve
structure and these data were not analyzed from a cognitive
style perspective, additional analyses employing the
cognitive style Variable may Be interesting.

Another possibility conéerns_thé students involved in
the study. The possibility exists that use of university‘
students as subjects has resulted in a sample in which
cognitiv?’structure, cognitive style and instruction are not
related {n_the same. fashion as in the general population.

Perhaps university students (being, in general, particularly



149

successful learners) have developed learning strategies
which ‘have a more powerful effect on learning than does
cognitive style. Research involving less adept learners may
be enlightening.

Of course, the possibility also exists that cognitive

style (or,

unrelqtéajaj
cogqitiaé ;,ﬁturelis ;ufficieatly ambiguous to
, _w?7vof-th52 as a plausible explanation.

D. Cognitive Strbcture and Achievement

warrent Aer

i
i

Previous research (eg: Sha.=1son & Geeslin, 1975;
Fenker, 1975) failed to establish a relationship betﬁeen
measures of cognitive structures and traditional measures of
achievement. Demonstration of such a relationéhip is
esséntial for cognitive structure theorymdAlthough the
presently reported relationships between the derived
measures of cognitive structure and the traditional
achie?emeht test were not large,~c6nsidering the crudeness
of the measures and uncertainty regarding the validity of
the achievement test, the pattern of the relationship
amongst tﬁe variables tends to supporf both the construct
validity of the derived measures and the theoretical network

which relates cognitive structure and achievement.
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E. Measurement of Cognitive Structure

One of the major research questions concerned the
validation of measures of cognitive structure. Evidence was
provided which supported the validity of the measures
employed. The derived learning measures distiﬁguished among
the groups as predicted; they also converged in the expected
’?fashion.

A question remains, however. Are the measures of any
practical significance? Certainly, they seemed to tap ah
aspect of'learning (concept relations) not assessed‘by many
traditional achievement tests. This feature may be important
when measuring learning in some concept domains.
Nevertheless, several factors militate against use of the
derived measures in instructional settings:

1. The basic data collection instruments are crude, at
best. Internal consistency on the similatity rating task
was low..More appropriate re]iabiljty information is
simply not available for either the similarity rating or
‘card sorting procedures.

2. Derivation of the learning measures from the raw data is
a complex tast.

3; The measures lack clear meaning.

4. Traditional achievement tests are not so seriously
flawed as to warrant such a compléx, potentially

ambiguous approach.
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The study’s contribution to the field of measurement is
somewhal greater when viewed from a research and deve lopment
perspectiwve. The appropriateness of the expert structure as
a target for learning was supported. Maps and concept
relationships identified by the LPA-MDS methods may prove
valuable in both curriculum development and curriculum .~
evaluation. Additional attention to the interpretation of
INDSCAL concept spaces would also be fruitful. Use of the
expert target procedure may be a reasonable approach for
inclusion in large scale curriculum and instruction

evaluation projects.

F. Summapry

A study which investigated theYconstruct validity of
cognitive structure and its measurement as well as the
relationship among cognitive structure, instructional
strategies, cognitive style, and achievement has been
reported. The findings generally support MDS methods for
_assessing cognitive structure. With the eiception of the
Jresults'invo]ving the cognitive style variable, the study
provided empirical suppért for a theoretical network

developed from a cognitive structure model of learning.
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MEASURES OF CENTRAL TENDENCY:
MEAN, MEDIAN, MODE

Objective: Given a set of measurements, compute the mean, median and mode.

Introduction:

When you receive a score on a class test you may find it difficult to
interpret how well you have done unless you know something about the scores
of the other students in the class. If you are given some idea of the
average or typical score on the test, you are in a better position to
interpret your own performance. You have. probably used the notion -of averige
or typical score in other situations, too, perhaps to describe your general
level of performance at university, the income of teachers, -or the daily
temperature during March. In such situations you may have calculated
the arithmetic average--like you were taught in elementary school--by
add1ngdup all the scores and dividing the total by the number of scores
you had. ' )

There are additional methods for identifying the typical value
for a set of scores. The methods are similar in that they all summarize
"a set of scores by determining a value which is representative of all
the scores. The values which result are called measures of central
tendency; they are used to describe one of fhg Basic features of a set of
scores.

In-this lesson we will define three measures of central tendency: the
mean, the median, and the mode. Methods for computing each of the measures
will be presentad, as will guidlines for selecting and interpreting each

of the measures.

Definintions: .

measure of central tendency: A measure of central tendency is a number that
represents the certral or most representative measurement in

a set.

mean: The mean {s the arithmetic average of a set of measurements. We
obtain- the mean by dividing the sum of the measurements by

the number of measurements in the set. The formula for

-computing the _mean ls Sy . S wm “4 </
b= -~ The sceores

, S means 'sum’
X1 is the score of a particular individual i
N is the total number of individuals in the set
) @\Y is the mean of the set of measurements

where

median: The median (denoted by Md) 1is the midg¢le number in an ordered
set of scores. [f there is an od@ number of scores in a
set, there is one and only one middlegnumber, the median.
If there is an even number of scores the set, then there
are two middle numbers. By convetion the median falls
halfway between them. To compute the median, order all the
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scores and find the middle one. [f there are an even
number of scores, calculate the average of the two middle
scores. .

mode: The mode is the score which occurs most frequently in a set of
scores. [t is possible for a set of scores to have more
than one mode. To determine the mode find the frequency of
each score; the mode(s) will be the score(s) with the -
greatest frequency.

Discussion: B :

Measures of central tendency ({i.e., the mean, the median and the
mode) are different kinds of dverages that can serve as numerical summaries
of a set of measurements. All three measurss define the cantre of the
sat. . C

&
MEAR. The mean of a set of measurements represents the physical centre
of the set (1ike the cantre of gravity). If the scores represent units
of weight placed on a real line, the mean reuresents the fulcryg i
of balance. Suppose we use the formula giver atave to find thed mej
the set ofnur%rs 1, 1, 2, 3, 4, &: : . g
Y« JHH2+30e4e 15 28
T8 TFTe
The number 2.5 is the point of balance, or mean, for these values. The
scores are pictured in Figure 1.

1 2f3 ¢
| Figure 1 , X 2.5

Let's calculate the mean for the set of measyrements 1, 3, 4, 7, 8, 9, 9.

Y’]+3+4+;+8+9+9‘%,5'Bs7

The point of bilance has been locatad on the real line shown in Figure 2.

i a2 3 4 5 f 6 7 8§ 9
Figure 2 * ' X:=5.857

Now, if we refer to Figures 1 and 2, we see that if any of the
weights were shifted, the mean, or point of balanca, would also shift.
Thus we can see that.the mean is sensitiy® to the magnityde of the numbers
in a given set. This sensitivity tan occid fonally be a drawback to the
use of the mean as a measure of central tamdency. For example, we calculata
the mean for the set of numbers 1, 2, 3, 4, 20 as follows:

f

%

T e s Rt ks e a
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T.l*2+r3+4+20 30,
5 5

Figure 3 shows the point of balance for this set of scores.
123 4% 5 ; 7 ¥.910 W 43 1915 16 17 17 19 20
R ,

Figure 3

In Figure 3, note that the mean is nowhere near the centre of most of
the numbers, but has shifted to the right in order to balance the extreme
value 20. ‘

When there are extreme numbers at one end of = sét, the mear is quite
sensitive to them, and shifts so that it may not .e very represercative of
the majority of the measurements. In such cases > is use” 1l 0 consider
the other measures of central tendency.

Recall Stephens scales of measure, Notice that when we calculate
the mean that we are actually adding and divi ‘Inc distances. We deal with
the scores as 1f their magnitudes had at least interval qualities. Strictly
speaking, then, the mean can only be calculated for sc¢ores based on interval
or ratio scales; although you have no doubt seen means calculated from
ordinal data. . .

MEDIAN Let us use examples to illustrate how to find the median. Consider
the numbers 4, 1, 6, 20, 3. By ordering them we get 1, 3, 4, 6, 20. The
middle number, or median, for this set is 4 (N = 5 1s odd).

1, 3,.4, 6, 20
»*

Md

Note that the unusual size of the extreme value of 20 in this set of numbers
hasn't affected the location of the median value.
Now suppose we are given the measurements 6,2,17,3,4,10,11,11.
Ordered they are 2, 3, 4, 6, 10, 11, 11, 17. The median is 8 which is
hal fway between the two middle numbers, 6 and 10 (N = 8 is even).

. 2,3, 4, 8,10, 11, 11, 17

*

- Md

. Again consider the measurements 11 20 32 1 10 11 7 12. Ordered they -
are 1 7 10 11 11 12 20 32. The median is 11 since the two middle numbers

are 11. »
177011 1112 20 32

*

Md
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To compute the median we do the following:

1. Order the scores in size from smallest to largest.

2. Determine whether the total number of scores is odd
or aven. ~

3. If the number of scores, N, is odd, “ind the middle
number; this is the median. If N {s aven, find the
two middle numbers, then compute +he mean of these
two numbers to find the median.

When we compute the median, notice that we make use of the relative
position (order) of scores byt do not use the magnitude of the score. A
score which is above the median has the same influence if it is 100 units
above the median as if it was 1 unit above the med{an. Accordingly, we
require only that the measuring scale permits ardering of scores and can
therefore calcuylate the median for ordinal, interval or ratio scales.

Mode [f, in a set of scores, one particular value accyrs more
frequently than any other, this value is called the mode. [f two valuyes have
the samefrequency, or approximately the same frequency, ‘the sat is said to
be bimodal. If three values have the same frequency, trimodal is the
term (and so forth).
Ay - For instance, suppose we have the sat of scores ] 344733427831.
‘?ﬁy organizing these data into a table we get Figure 4.

measurement frequency
1 2
2 1
mode -=3 3° 4
4 3
7 2
8 1

Figure 4

In Figure 4 the mode fs 3 since the number 3 occurs more frequently than

any other value in the set. ,
Consider this example: by putting the set 22 26 27 27 23 23 27 22 28 22

28 30 29 25 ito a table we get Fiqure 5.

measurement frequency
de -9 22 ~ 3
23 2
bi modal 25 1
26 : o B
mode -< 27 3
28 2
29 1
30 1

Figure 5

[t is easy to envision examples in which the mode is not a¢ the cantre
of the data, but is located at one end or the dther. For example, in Figure 4,
1£ the 27 occurred only once, then the mode would be 22. When this occurs, it
doesn’t seem appropriate to call the mode thecentrs of the scores. However,
it can still serve meaningfully as a representative numher.
B e ¥

.
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when computing the mode, the only information we use is the categc
(or value) of a particular score. We require neither the qualities of  .er
nor distance. Accordingly, the mode can be determined for data arising from
any of ‘the four types .of measuring scales.

/" -
.
Examples: )
In each of the following exercises compute the mean, the median, and the mode.

1. Calculate the average weight (in pounds) of the 1977 Intramural Flag
Football champions. The weights of the players are as foliows:

125 303 163 175 181 190 215 178 163 178 186 171 178
Xy = 2406

SOLUTION: The ordered weights are: 125 163 163 171 175 178
178 178 181 186 190 215 303. N = 13 (odd).
From this ordering we see that the median is 178 pounds
since 178 is the middle number. The mode is 178 pounds
sinca 178 is the number that occurs most frequently. The

mean 1is E%%i. 185.1 pounds.

Mo = 178 pounds
Md = 178 pounds
X = 185.1 pounds

2. The following set of numbers indicates the length of tim' {in minutes)
that 12 teachers spent on coffee breaks during c-« afternoon.

A ‘ 15 47 53 23 17 32 14 27 34 19 27 26. ) Z.X‘[” 334
What is the average length of a coffee break? ‘ . :

SOLUTION: Ordered the coffee breaks are: 14 15 17 19 33 26 27 27
2 34 47 53. (N= 12, even). The two middle numbers are
26 and 27. The median, which falls halfway between the :
two middle numbers in an even-numbered set, is 26.5. The mode
is 27. The mean is 334/12 = 27.8.

Mo = 27 minutes :
Md = 26.5 minutes ey
X =27.8 m‘inutes;?

3. Suppose that a teacher recdids the number of verbal outbursts that a
particular student makes on a series of consecutive days. The number of

[}
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outbursts per day {s: 4535734323351135625.

(2.

SOLUTION: - w
‘ outhursts per day frequency - >

&

N AL
— NN

The median for the data is 3 (N=19, odd). The mode is

also 3, although § is"a close runner-up. We might call this
set of numbers bimodal since two distinct values stand out
above the others in frequency. The mea s 70/19 = 3.68.

m = 3 ouytbursts per day
Md = 3 outbursts peP day
X = 3.68 outbursts per day .

Practice groblems i . . /!
Compute the mean, the median or ‘the mods for each of the following- problems.
1. The following set of numbers gfws the time (1n m‘inutes) that {t-takes

each of nine students to %t& an arithmetic problem. Jhat is the
modn? The madian? The me ‘ooes the wean have a practical 1nterpretat1on’

* 1322342113 )7

2. Suppose that the followingiRumbers represent the yearly. incomes of saven
' pecple in a neighborhood. Compare ¢he median and the mean income. Which
is the more representative number? . .

7,500 12,500 4500 15,000 9,000 30000 8,500
3. The following data represent the nwﬁer of chilidren in each of ten

families that Tive within a schoal district. Which'is most B
' representative, the mean, the median, or the mode?

2811452301 , ‘
4, ’The following data represent the results of a final exam administered

to eight students in a tasting course. Calculats the mean and median
of thesa scores.

87 799369 7591 8477
§.,70ver a per'ind of five days in February the number of students in attendance
at a large junior high school was: v
630 638 635 640 OAS
What was the mean and median attendanca?

~ - . . .
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6. When checking the cummulative record file, a teacher discovered that
the studentg Tn-her cl.ss had the following 1.Q.'s. What was the mean
- 1.Q.? The ? .The modeY Compare the three measures. Why are

" they diffe ich single measure best represents the [.Q. scores?
e ' stugent 1Q student o}
Fred 83 Jane =774
sy g Susan 185 Beveriy 80
«.—.Q\)ohn. : 78 . Mike 83
’ Linda 74 . Dan 77
Dave 8Q .- Judy . 185
Frank 82 v stine 4 p
Janica/ 77 Ratphy, 76 S
. George 74 -~ Harold> ¢ 78 7
Nancy - 8] ' Calvim® .7 80
haron v 78 Herb - o o §h

7. ' If 7 was subtracted from each of thé 3gores in Question 4, what

», would be the new valués for the meafdnd the medfan?

’3 8. If-each of the scores in Question 4 was multip)ied by 3/ what would

’ be the new values for the mean and the median? What is.the relationship
between the new and original valués fbr the mean? The medfan?

4 . ;.’(' v . . -

ﬁ‘ ' S . to. . 5 g.i;@h oo

Comparing. the mean, the median and the o "& g a

#Th® mean may be wedarded as an ap F8frtate measure of central tendency
for interval and ratio variables. The magnitude of each of the scores
isgpcorporated in its calculation. The median is an ordipal statistic.
[ts'calculation is based on the ordinal properties of the“measurements.

If the observations are arranged in order, the median is the middle value.
[ts calculation does not include the particular‘ magnitudes¢ of the scores,
but merely the fact df their occurrence above or below the middle value.
Thus the sets of -n rs 5 7 20 30 90 and 18 19 20 21-22 have the same
median although their means may be quite different. The mode, the score
vaiue with the greatast frequency, is a nominal statistic. Its calculation
does not depend on either the magnitude or the order of “the-scores, but
merely on their frequency of occurrence. . . ‘
A comparison of the mean, median and mode may be made when all three

have beén calculated for the same set of scores. If the set of scores is
presented graphically, the mean is the point on the score axis which

. corresponds to the centre of gravity of the set. The median is the point
on the score axis above which ( and below which) half the scores fall.
The mode will be the point on the score axis which correspbris to the

highest goint on the curve. \
If the graph of the scores is symmetrical about the mode, the mean,

" . the median and the mode will coincide. I[F the graph is shifted ('skewed')
the measures will.not coinc (See Figures 7, 8, 9 and 10).
, ! ‘ X

4

N
e
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A question may be raised regarding ppropriata choice of a
measure of ce 1 tendency. In practi situations this question is
._rarely in doﬁd The mean fs usually preferred to aither the .median or
' ¥the mode. [t¥M .rigorously defined and easily calculatad.
The median, however, may be preferred in some situations. Sco‘es
"may occur which are atypical of the other scores in the se,;, Such scores
may greatly affect the mean. Consider ‘the scores 2 344 78 10 11 86,
The score 86 is quite atypical of thegremaining scores and its presence
greatly affects tha value of the mean. The pean is 15, a value greater than
all but one of the scores. The median .is 7. Under such c¢ircumstances
the median may be preferred to the mean. v
For strictly nominal measurements the mode is the only measure of ,
central tendency that can be used. It fs rarely used with interval, ratio,
or ordinal variables where means and medians can bedqralqulated. .
Sometimes, the very nature of the measurements and the use which they
serve will influence our choice of the mean, median or mode. For instance,
{f you were the manager of a shoe store and were interestad in the sizes
most often purchased, the mean and the median could yield useless fractions;
the most useful measure of central tendency would likely be the mode .-
_ We may also have measurements which cannot be readily summarized by
a measure of central tendency. Calculating the mean (or the median or the
mode) of a beauty contastant's measurements would be of little help in
describing the young lady.
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Objective:

Explza . the way in which correlation can be “used to estimare the
relactionship between two sats of scores.
Interpret correlation coefficients of varying magnitudes.

]
Definition:

correlation coefficient: A correlation coefficient 1s a measure of the
relationship (literally, the co~relation) between two gets of scores. °
In testing, the correlationm will generally be betwean two sets of gcores
collected ‘om the Same persons——for example, between high school grades

and wniversity grades, or between scores obtained on two administrations

of the same test. A corrrelation coefficient of**+1 indicates a perfect
relationship between two sers of SCOoTAS; coefficient of 0 indicates
oo systematic relatiomship between ,the @OMets of scores; while a '
coefficidnt of -] indicatas a perfect inverse relationship betw

two sets of scores. . ’

""V

“ r

DS o SR 7 5 S S
N N SX~SY
o

qure: , y ) o
"t is the correldtion coefficient between’X and Y
. ZX are the scigggrd scores for all the people on test X .

ZY are the standard -scores for all the people on test Y R
N N is the number of people |
a . — @ -
d?écussion: ~

If we have two sets of scores from the same group of people, it is
often desireable to know the degree to which scores are relatad. For
exzhplsﬂ we might be-interested in ché(rala:ionship between science test
Scores .and students' average marks. (Dé people who do well in science also
tend to do wellain other subject areas?) We¢ might also be*interested in
the relationship between IQ and grades, or IQ and financial success. We
could also be interested in the reliabilicy of a test: that is, %hether our
test is consistent in its measuras of student achievement. We could also
be intarested in determining if high school gradés were valid for predicting-
university success. . ’ .

Although such questcions might never be answerad with absolute certainty,

ve can shed light on the problems by examining the association between the sets

of scores.

In particular, we would like to know 1f there is a systeﬁatia relatioanship

between scores on one of the measures with scores on the other measure. That

.‘:’w,.-

il

is, are high scodes on one measure accompan®ed by high scores cr the other meas-

ure? Or, more precisely, is the ordering of the individuals b- e first
measure related to the ordering of the individu;ls by the seconc Jeasure?

\ o«

’
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Examine the following tabla. Notice the associacion Se:wun scudy time
and final grada. Also notice the relationship between grades and height.

»
Student Hours of Final Grade Height )
S udy / Wk Econ 100 (in.)
Paul 12 76 72
Fred 8 62 70
Alice _ 15 ~ 78 64
June ’ 18 85 v 66
Andy o 22 96 74
. Peter '@' 19 90 - 68
4 .
. Glancing a%ylhe table, wa see that students who are above the mean on
hours of study tand to be above the mean on £Zinal grada. And students
whose hours of study are low, also tend co nave low final grades. When
considering heignt and final grades, howevar, thera does not seem tc be n

any tendency for high values on gradas to be associatad with any particulaxr

' bnigh:.

- Suppose we have anocher studeng¥Barry, byt for bim we only have his
'f\pl grade in Econ 100. Could we make any pradfctions concerning his
: habics? If his final gratiea Wis 92, is he more likely to study 20 hrs.

%
: p‘cx;‘ week or 10 hrs. per wefk? Oupgfble~suggescs chac high grades and

likely to study quite a loc, perhaps 20 hours per week. On the other h
knowing Barry's fimal grade does lirtls tB help”us escimate his helghr; °
doesn t seem to be any systematic pattern between grades and height accordins
to the table. .

A corrslation coefficient is a means of smmn:izing the rela:ionshia
between two sats of d.ata. Ics magnitude indicates the€ certainty with which
we can predict a person's scors on one variable 1if we know his scores on another.
If peopla who ara far from the mean 6n,one m*sura (X) are also far froms the
2ean on the other measure (¥), and pedple who are near the mean on X ars also
nesr, chc aean ou Y, then the magnitude of the correlation coefficient will be
near 1." If there is no tendency to be far from the mean (or uear the mean)
on both the corralation coefficient will'  de near 0. The sign of the
coefficient indicates whether people tend to be the same direction from the
mean on both variables——resulting in a positiye r -— or in opposite direcciouns
from the mean on the owo m.unz%s—-tesulting in a negagive r.

0f particular interest to a taacher building 3 test might be the
relationship betwgen how well studencs perfora on the first half of the
test compmdt:ohov they do on the second half. Or how- they do on the

high hours.‘bf study tand to go together, so wa can predicrt that aarTy is”“

‘0odd wumbered qucstions compared to how they do on the even numberad questions.

Or how they perform on the test today, compared with how they performed on
&: lasg monch. \ If the first half of the tesc ordersd the studemts in
stqmcn as the sedotd.hilf efsche’ tast, we would have evidence For
g:he test's ra.lubil.ry (consistancy). Similarly, Lif the students were ordered
the same w stad today as chey were by the same tast last mouth. we would
have evi for the tasds raliability. .

- , r
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The logic of the correlation coefficient can best be sewn if scores are
expressed as standard scores (Z-scores). If the two variables to be correlaggg
are designated X and Y, and their corresponding standard scores as Zx and Zy,' §;

then the correlation between X and Y will be: -
T der = Dok S |

‘ i;A’* . . N el e . 3 _
where ¥ is the number of pairs®of iscores (each’pair of scores will be
obtained from a different individual). You can see that if corresponding
(from the same person) standard scores are both large and have the same sign,
the value of r will be large and positive; 1f both are large but have
_ Q%égri will be large but negative; if both are o
small or some-pairs haye ogtive signs and others positive signs, the

..value of r will be near zéWQ; : )
In the second formula given under tgggﬁg%inicion, the method for converting

raw scores to Z-scores hds simply been s tituted for the Z-scores.

z o X=X 7 = Y- >
x S v S
x. y

The value of r can range from +1.00 to -1.00. Thé absolute value ‘of
the coefficient tellsd the strength of the relationship; the greater the g,
absolute value, the greater the correspondence betWeen the two sets of scores.
Thus when r = 1.00, the scores on Y are completely predictable imowing the
scores on X . If we knew what a person scored on X, we could predict perfactly
what his Y score would be. If. r-= 0.00, the relationship between the pairs of
scores 3 random; knowledge of ome score does not help us to predict the other.
The sign of the correlation coefficient tells us, the direction of the .
relatidnship; th. us, the coefficients of +{70 and -.70 represent equally A
sctrong relationships, albeit ralationships in the opposite direction. .

The relationship summarized by the correlation coefficient can be shown by
the scatnerplot of the test scores. If there i9 high correlation, the scores
vill clgster around a straight line. The orientation of the line with respect
-5 the s will indicate if the qggfficifgt is positive or negative. (See

‘igure 23. . x- ) L L~ ]
o "It cahubc bé overemphasized that # inditated omly the degree of _
relationship between two variables; it does not indicate causation. IF variables

X and Y are highly correlated, there are at least three possible explanations: ¢

(1) X causes Y and thus changes in X result in changes in Y; (2) Y causes X and
thus changes in ¥ Fesult in chahges in X; or (3) X and Y are both influenced

by something elge. In othé#r words, a correlation coefficient is noc a sufficient
basis for inferring causation. @
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Example: : :
Suppose that two arithmetic tasty ware administazred to a class df students.
The class mean on Test &4 was 20 and its stan daviacion was 2.” The

. ¢lass mean on Test B was 25 and its standard deviation was 4. Whac is the
correlation betveen Test A and Test B based on the following S studencs?
(note: these are only five of an entirs class of 30)

g

Student Test A Test B : ZA . za - ZA Z3
" Alicas 22 29 .1 1 1
Beth 23. 27 1.5 .5 ©LTS
Carol 21 23 .5 -.3 -.25
Debby .20 27 0 .5 0
"Ellen 19 . 25 =.5 o 0
‘ ‘ N ' Zz,2315
. Iz, %= 3 | '
JZAS s | :
4 T : 5 = .3
4
s
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Example:
Let's calculate the same coefficient using tHe other fourmula.

Student Tast A Test B A - X) 'iq_(B - E) (A - K) (B —i)
Alice 22 29° ) ) 4 '8
Beth 23 27 3 2 6
Carol 21 23 1 -2 -2
Debby 20 27 0 2 0
Ellen 19 25 -1 0 0
¢ - 12
w22 - B) 12
N SA SB Sx2 x4
: 12
Y, -30

Practice Problems:
l.  What is the correl o Qafficlent between the following sets of scores?

Social Studies: 117
Language: © 58

2. .When -comparing scores on a nid term test with scores on the final test,
a teacher calculated the following: T ’
. ZZM ZF = 22 N = 3¢ |
What is the correlation between mid-term and final tast scotes?

"3. When ‘checking the cummulative record file, a teacher sensed that her
students' performances seemed close_ﬁ;y related to their previous years'
marks. She calculated the followingy .Were her suspicions supparted?

ZEX-0D (Y- = 120 . § = 25
4. The correlation between Spelling and Grammer was calculated to be .80.

The sum y,Be product of the Z-scores (X ZSZG) was 24. Hew many
students w§Te used in the computarions?
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X,
N ;. - F"‘A‘ °
R | MEASURES OF CENT%“%ﬁENDENCY

s 3 .
"4‘\% MEAN, MEDIAN § MODE

~-Objective: Given a set of measurements, compute the mean; median and mode.

Introduction: °

We often need more concise ways of summarizing information than a simple
listing of a set of scores. Certain summary statistics can be calculated i
®rder to provide a general description of the entire set of scores. One of&ehe
characteristics which helps to describe the set is the general location of the
measurements, that is, a score value which seems to represent all the scores.
Statistics which fulfill this function--describe the general location of the
scores--are called measures of central tendency. There are three commonly
used measures of central tendency: the mean, the median, and the mode. All
three of these measures convey information about the 'average scores' in a
distribution, although each of the measures interprets 'average' in a slightly
different way. ’ E -

Definitiongs: f& _ .
central tendency: A measure @ al ten¥mcy is a number that represents
: the central or ‘kprgsentative measurement in avset.

. \
mean: The mean is the arithmetic average of a set of measurementd. It is
: the sum of all the measurements in a set divided by the number
of measurements in the set. For example, the class mean on a
literature test would be the sum of every student's score
divided by the number of students. Symbol: X
median: The median is the middle number in an ordered set of measurements. ¥
~ It -is the point above (and below) which half the measurements R
, occur. For example, on the Qme’ 1jt#pature test, the mode -would
* be the score which divided the class into the top and bottom
halves. Symbol: Md :

»mode: The mode is the number that occurs most frequently: in a set of scores.
| It is the most common score. A set of measurements may have

~_more than one mode.

-

ks
Computational pmceal.%s: _

mean : - X = —ZN.& ) where: X is the mean ' L
Xi is -the score of individual 1

) | | "N is the number of individuals

' 4 . means - sum of
: ot o ZXi is the sum of all the scores
-
> / v .



example
Student ’
Mary (X))
John (X3)
Paul (X%)
Fred [X4)
Judy  (Xg)
example:

The scores for 10 students on a si)eiling
1520 21 24 25 18 22 30 25 20

64
70
73
72
67

Height

inches
inches
inches
inches
inches

What was the mean test score?

X'= Tl

-

median: To compute the median

-

-

<1

Mary's ht. + John's ht.
Paul's ht. + Fred's ht.

O * Xy X+ X+ X)
(64 + 70 + 73 + 72+ 67)
346 + 5 :

69.2 inches

i i i

test were:

- “
-~

> Vu

+ 4+

o>

[

(382

20

P

*10

2

C_ 15+ 20+ 21 + 24+ 25+ 18 <P+ 30 + 25 + 20

W

10 ;-
..‘ 2.&_' ‘ r{;_ .‘ .

1. qder the measurements from smallest to largest
2

. if there is an odd number of measurements

the middle score.

-middle ' numbers.

them.

example:

What is the median of the following sco

a9

6 247 3410 11 11 .
1. Ordering the scores we have 2 3 4.6 10 11 11 17

2. N = 8 is even

-

. '
@“l r'
? o :
res: ) '

3. The two middle numbe»s are 6 and 10. Halfway begween thenm is

6 + X _ 16

===

The median is 8

example: '

8

“’»What is the median weight of the following football players?
weights: 125 303 163175 181 190 215178 163 178 186 171 178
125 163 163 171 175 178 178 178 181 186 190 215 303

1. Ordered weights:

2. N =13 is odd. Middle score is 178.

3. The median is 178 pounds.

-

(if Ngis odd) s
It is the median. &5&5

3. if there is an even number of measurements, then there are two .
By convention, the m@lian falls halfway between .

177

Judy's ht.) + §
5

5

elect

L
4
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mode: To compute the mode

1. count the number of times each score-calue occurs
2. the mode is the value which occurred most frequently

example: ' :
The following numbers represent the number of minutes that each teacher in a
school spent on coffee breaks during an aftermoon. What was the modal coffee
break?

15 47 53 23 17 32 14 27 34 19 27 26

" Coffee break Frequency
(minutes)
14
15
17
19
23
26
27 _
32 : .
34 .
47 -
53 = ’

. The.mode is 27 mihutes

¢ .

= e b DN = b e

. e &

example:

Suppose that a teacher recorded the number of times that a student swore over
‘a series of days. The observations are recorded below.

Number of Frequency o

A~

¢

Swearings )

per day o .e
1 2 The mode is 3 swears per day
2 2 although § swears per-day is a
3 6 close rumer-up. Since two dis-
4 C 2 tinct values ‘seem to stand oirt .
5 4 . above the others) we might tden-
6 1 tify two mo sadrefe}r to the
7 1 scores as being by .

h L

-4

Sy,
L%

2
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Exercises:

Calculate the mean, median and mode as required in the following exercises.

1.

PR 4

Campute the mean, median and mode for the following sets of scores:
a. 22 26 27 27 23 23 27 22 28 22 28 30 29 25
b. 103397469676
c. 212825867656
d. 12 19.24 24 42 29 36 18
e. 219 24 24 56 39 3649

Add 5 to@gach of the scores-ﬁl 1b. What are the new means median and mode?

Each of the scores inm 1c is multiplied by 3. What are "the new mean, medlar
- and mode? i

‘fwﬁ A téacher counted the ﬁhmﬁer of tlmes per day that studenns in her class

5.

3
LIS L

‘went ot the drinking fountain. Calculaté ‘the mean,Mmedian and mode
What do you think is the most representatlve number? Why*
.

,5148352 : . .
642815
7 3 3‘7 6 8

v

The fol ow;sg are scores on a'ﬁ&nal exam administered to eight students
vln a test P¥nstruction course, Calculate the mean and the medlan

87 79 93 69 75 9T’84 77

[} ) »

The follow1ng data represent the number of -children in each of ten families.
Calculgte the mean, median and the mode. Which is the most representative

- rumber?

2811452501 . | g
i S %
A typist recorded the follow1ng number of errors per page. Calculate the

mean and median number of errors. Which is most representative?
132024

Suppose that the fbllow1ng numbers represent the yearly incomes of seven
people living in-your mneighbourhood. Compare the median and the mean
incomes. What is the more representative number?

7,500 12,500. 4,500 15,800 9,000 30,000 8,500

3 . 2
. k!

-
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,Z:x are the standard scores for all pecple on test X

"N is the number of people
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MEASURES OF RELATIONSHIP
CORRELATION

Objective: Explain the way in which correlation can be used to estimate the
relationship between two sets of scores.
Interpret correlations coefficients of varying magnitudes.

Definitions:

correlation coefficient: A correlation coefficient is a measure of the
relationship (Iiterally, the co-relation) between two sets of scores. In
testing, the correlation will generally be between two sets of scores collected
on the same persons-<for example, hetween high school grades and university

v B - - . R :

grades, or betweén scdres obtained on two administratioms of the same test.
A correlation coeff“;cient of +1 indicates a perfect relationship between the
twQ sets of sco ,a coefficient of 0 indicates no systematic relationship

- between the two séf8 of scores; while a coefficient of -1 indicates a perfect
~ inverse relationship between the two sets of SCOTES. ;

ST Zacong -y
NS

or N g
x Ty

f

where : , J o .
0 - , -

W

r is the torfelation coefficient between X and Y o

=

ZY are“the standard scores for all people on test'Y
o

Discussion: N

. s

We are often interested in the relationship between two sets of scores. Ques-
tions often arise such as: ‘ .

Is there a tendency fer peopld who ars short to also be light?

« Do students who do'#ell in math also tend to do well in. science?
Do bright students tend to require less study time iy dull students?
Do students who do well on the odd-numbered items on a test also do well
on the even-numbered items? '

Although such questions might never be answered with absolute certainty, we can
shed light on the problems by examining the association between the sets of
scores. In particular, we would like to determine if there is a systematic
relationship between the two measures, that is, if knowing a person's score on
one of the measures, we can predict his score on the other measure .

. / ., -
There are several different measures of correlation. The one most frequently
used in educational testing is the Pearson Product -Mment correlation degree
to which the associ#fion between two sets of scores can be represented by a
strait line. (Se€ Figures 1 and 2).

J
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The logic o the correlation coefficient can hest he seen 1t scores are ox-
nressed as standard scores (I-scores). If the two variables to be correlated

are designated X and Y, and their corresponding standard scores as :x and 2,
then the correlation between X and Y will be: ' ‘

r = Z“x. L"\.'
N

where N is the number of pairs of scores (each pair of scores will be obtained
from a different individual). You can see that if corresponding (from the same
person) standard scores are both large and have the same sign, the value of T
will be large and positive; if both are large but have opposite signs, the
value of r will be large but negative; if both are small or some pairs have
negative signs and others positive signs, the value of r will be near zero.

In the second formula given under the definition, the method for converting
raw scores to Z-scores has simplv been substituted for the Z-scores.

. _X-X oY - Y

xS v TS,
The value of r can range from +1.00 to -1.00. The absolute value of the co-
efficient tells the strength of the relationship: the greater the absolute
value, the greater the corre ;- ndence between the two sets of scores. Thus
when T~= 1.00, the scores c1 ' :re completely predictable xnowing the scores
on X. If we know what a per- .. scored on X, we could predict perfectly what
his Y score would be. If r = 0.00, the relationship between the pairs of
scores are random; knowledge of one score does not help us to predict the
other. The sign of the correlation coefficient tells us the direction of the
relationship; thus “he coefficients of +.70 and -.70 represent cqually strong
relationships, alt+ : relationships in the opposite direction.

The relationship summarized by the correlation coefficient can be shown by

the scatterplot of the test scores. If there is high correlation, the scores
will cluster around a straight line. The orientation of the line with respect
_to the axes will indicate if the cefficient is positive or negative. (See
Figure 2).

/
’ .
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I't cannot* be overemphas. zed that r indicates only the degree of relationship

he tween two variables: 1

does not 1ndicate causation.

I[f variables X and Y

are highlv correlated, there are at least three possible explanations:
(1) X causes Y and thus changes in X result in changes in Y; (1) Y causes X
and thus changes in Y result in changes in X; or (3)-X and Y are hoth influenced

"by something else.

In other words, a corelation co ..o,

basis tor inferring causation.

' 15 not a sutficient

E et DoT INDICATES L
| = 1o | r=0 ; ;’
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Example: ’

Suppose that two arithmetic tests were administered to a class of students.

The class mean on Test A was 20 and its standard deviation was- 2.

mean on Test B was 25 and its standard deviation was 4.
*tion between Test A and Test B based on the following S5 students?

Student
Alice
Beth
Carol
Debby
Ellen

Test A Test B ST ZylR
22 29 1 1 1
23«27 1.5 5 .7
21 23 5 -.5 -.25
20 27 0 .5

25 -5 0 0

19

The class
What is the correla-
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.’.A.'.B’ 1.5
N B TSR
N 5

example:

Let's calculate the same coefficient using the other formula.

Student Test A Test B (A - A) (B - B) (A - V(B - B)
Alice 22 -9 2 4 8
Beth 23 27 3 2 6
Carol ‘ 21 23 1 -2 -2
Debby 20 27 0 2 0
Ellen 19 25 -1 0 0
t I.._
rzS_’(A—A)(B—l _ 12
h | )
NS5, 5x 2 x4

Practice Problems:

1. What is the correlation coefficient between the following sets of scores?
Social Studies: 11 12 13 14 15
Language: 58 57 59 62 61

[§9]

When comparing scores on a mid-term test with scores on the final test,
a teacher calculated the following:

2 4lp = 22 N =30 !
What is the correlation between mid-term and final test scores?

-

3. When checking the cummulative record file, a teacher sense that her students'
performances seemed closely related to their previous vears' marks. She
calculated the following. Were her suspicions supported?

Sx-y -9 =12 N = 25

1

4. The correlation between Spelling and Grammar was calculated to be .80.
The sum of the product of the Z-scores (ZI.Z.) was 24. How many students
: . . SG
were used in the computations?



184



185

APPENDIX B



186

ACHIEVEMENT TEST
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Name :

187

EDPSY 218B h I.D. #:

March, 1978 MID-TERM A. Yackulic

Time allowed: 55 minutas

Each of the questions or incomplete scatements below is followed by several answers.

L

From these you are to choose the one alternative that afiswers the question or
completes the statement correctly. Use a LEAD PENCIL to record your choics on the
answer sheet provided.. Attempt all questions. No penalty will be appliad to
incorract ansvers. Each question is wvorth one mark.

1.

Fred scores 80 on a teacher-made math test. Jill scores 40. The BEST state-—
ment regarding their performace is: .

Fred knows twice as much math as Jill

Jill has accomplished fewed than half the objectives
Fred passed the test while Jill failed

Fred scored higher than Jill on the test

an om
. . « "

Questions 2 - 7: Classify the following meisuring‘situations according to the type

of scale being employed. Record your answers using the following

code: e
a. nominal

b. ordinal

c. intarval

d. ratio

Students participating in. intramural activities are grouped into Red House,
Blue House and Black House.

For each Stare on a test, the taacher reports the number of standard deviations
the score is| from the mean. )

The five most beautiful women are selected in a beauty contest (cthat is, firsc,
second, ... to fifth place).

A principal counts the number of students in attendance each day of the schocol
year. '

A centigrade cherdomstef is used to measure air temperature.

A teacher comstructs a test and uses it to measure achievement in English
literature.

Mode :median:nominal:
a. ordinal

b. 1interval

¢. ratio

d. z~scale

Total marks SO
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9. Th; followving frequency table represents student grades on a scale from 0 to 4.
Grade ) ' Frnqucncylf

o- .9 . 20
9 40 .

1.0-1.
2.0-2.9 40
3.0=4.0 > 20

Which of the following shape# dapicts these scores?

4 ;‘ i ;"}

(=]

A.5. ' RS 2.5

: S
10. The following distribucions depict the performanca of a single class om four
different Social Studies tests. The range in performancs was the sama on all
tascs.

§ ¥ § Ky

As.

On bvhich test did the mode exceed the mean?
a. A b. B e. C d. D
11. From question 10', vhich teast has the ml]:cst standard deaviatiom?
a. A b. B ¢c. C d. D
12. From Quescion 10, which test will l;hly have the lowest reliabilicy?

a. A b. B c. € d. D
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13 - 15 Given the following test sScores:
15, 16, 17, 18, 19, 20, 21, 24, 24, 24, 25

13. The mean is:

a. 15

b. 17

c. 20 '
d. 22

a. 25 7

14. The dedian is:

a. 15

b. 17

c. 20

d. 22

e. 25

15. The mode is:

“a. 15
b. 17
c. 20
d. 22
3. 25

T l6. When copying a set of scores—1, 3, 5, 7, 9——a teacher erronecusly copied 70
instead of 7. Her error should have increued the:

a. mean, median, and mode

b. the mean and mode ounly

¢c. the mean and median only

d. the mean only )
e. the median only ¢

17 - 20 A student in a senior typing class typed 10 pages, recording the following
number of errors per page:

33 29 Oa 19 0’ l) 2, 0) ll 0

17. The mesn number of errors per page was:

a. 0
b. .5
c. 1
d. 1.5

e. 2

- T e T e i il oA

—ata A

Y
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17 = 20 (continuad) A studeant in a senior typing class typed 10 pages racording
( the following number of arrors per page: :

3, 2,0, 1,0,1,2,0,1,0

1%

18. The modal oumbar of errors per page vas: _ | . ‘ «}
a. O ‘ \\\\\
5. .5 - RO -
c. 1 C R
d. 1.5 , .
e 2 s N

19. The range was:

20. The standard daviation was:

- O

5 i .
21. When extTama scores occur in the test results, the neasure which best reflacts
the average score is thae:

a. mean
b. madian
c, mode

22. Maan:standard deviation:: median:

a, variancae

b, sexmi-~interquartile range

€. covariance /'/ﬁ\\\

d. z-score [ B
23. Sum of all scoras:mesn::sum of d.via:ionn/(ﬁand: ,/

{ \\/’/

a. mode \\

b. median \

c. standard daviation R S

d. variamca
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25.

26.

28.

29.

191

g
3

f che following sets of scores has the largest range?

Which se: Qt scores in question 24 has the largest variance?

What {s the approximate variance of the following test scores:

-

3,2,4,1,2,5,4?

. .
~ O

anow
oW

2

In what units (e.g.: pounds, cm, ft) is the standard deviation of a teat
expressed?

items

standard units
deviation units
. percentages

an op

For a mastery test consisting of S0 items, you would expect a test variance af:
a. close to 0 w

b. about 30

c. c¢close to SO

d. insufficient information to estimate

The mean of a distribution of z-scores will always be equal to:

a. the standard deviation of the raw scores
b. the mean of the raw scores

¢ one

d zero *

On a spelling test -ary received a z—score of -.5. The test mean was 50 and the
test standard deviat m was 8. What was Mary's raw score on the test?

a. 42

b . ‘Z‘6 ’ ,
c. 50 '
d. 54 ’

e. 58
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32.
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A tasc is given to 100 students in a large psychology class. The sum of the
squared deviations about the mesn is 2,500. The tast mesn iz 52 and Janice
scoves 57. Janica's raw score is equivalent to & z-score of:
a. =2
b, =1
c. 0
d. +1
e, +2
Tou axm asked by the principal to sams ona of five students for a scienca award.
Tou wers given the following records. YNota that eagh student vas given a
differant sciencs tasc.
Scudent ‘ Test Score Test Masmn Tast S.D.
Mary , 100 35 15
Lou 100 125 10
Tad 61 - 40 ) 7
Murray 140 100 20
Rhoda 62 50 12
Other things baing equal, to whom would you present the award.
2. Mary '
b. Lou '
¢. Tad ‘ : . ,
.47 Murray
a. Rhoda
According to the tablae in question 32, Mary's performance was about the same as:
a. ’rnd"’s
b. Lou's
¢. Murray's
d. Ehoda's

Which coeafficient of correlation indicates the greatest dagree of relationmship
batwean two variables? .

a., .10

ba ‘a87

c. =07

d. '76

Two tasts—A and B——were given to a class of 30 studants. Z(A—;) (B-é)-900,
S‘-S, sb-m. What is the corralation between A and B?

a. l30 "

o s . S

c. .60
d. .7%
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37.

38.

39.-
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The corralaticn betveen height and weight was found to be .31. It was later
discovered that the weight scale vas syvcematically recording 5 pounds aeavy.
The weights wvere adjusted (scale reading munis S pounds) and a new correlacion
coefficient was calculated. The new coefficient would be:

L)

less than .31

a.
b. .31
c. greatar than .31
d. ®insufficient {nformation to predict the nev vaiue
Student Houra of Study Mid~term Test Score
LY
Pierre 1 80
Joe 2 90
Jimmy 3 85 <
Anwar 4 85
Richard 5 80

According to the above table, the ralationship between hours of study and test
scores is:

positive linear
negative linear
curvilinear
random

AD O p

A correlation of .70 was found between height and weight in a large sample of
girls aged 10 to 16. If the correlation had been computed separately for each
age group, it would have been:

lower than .70 among the 10 year olds
higher than .70 among the 10 vear olds
c. .70 for each group if each group has the same number of girls

(=

A small standard error of measurement indicates thact:

the test is highly unreliable

the obtained score probably approximates the true score cloaely

the standard error of measurement units are smaller than the test score units
litrle confidence should be plac.d in the obta.incd scores

AN O w

On a test of Social Studies achievement John receives a score of 80 4nd Ted
receives a score of 78. The standard error of messurement is 3.5. It may be
comctly stated that: oo

a. there is probably not a genuine diffsrance in the achievement of :he two bovs

b. John has achd.cved more in Social Studies than Ted has ‘

c. the test did ‘reflact individual errors .

d. the raliability oX the test is questionable - .
.
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error of measurement o3 rhe

41. For which of cthe following exams would the standard
smallestc? st s
Raw Lo . laf Socix |
b e .
ores Ty ) Scienge .. Studies
]34, 'a'::"-( ': Vel L - '\..:'.:1:?)
Aolmin- by T Math ERSE el ’-’l‘“
ivhrady EEE A TN
Vv ’
. AT It A5 ,513“.
Und Aot gt -+ ‘-17 ,
5t =7
\ U..‘,’.)’
a. mwmath | .
b. scienca ‘. i
c. social studies .
d. fremch coN ,/ —r—
~ s R.S.
42. Pilerra receives a score of 70 on a test of sclence aptirtude. (test mean=45,
test reliability=.6) The best estimata of his trus score is:
a. 45 )
b. 50
c. 60
d. 70 \
e. 80 3y
43. For a test of Jnd lengch, as the reliabilicy of the test decreases, the
standard error of ruas.rement:
.-’ a. increases
14 b. remains consta-:t
\\ c. decreases
~“d. doas not fluctuace svstamatically with reliabilicy
44. An educator is interescad in establishing the equivalenca of two forms of a
licerature tast. How could she best measures this kind of reliabiliry?
a. _By adﬁiniscnring both forms to a group and correlating their scores ,
b. By administering each form to a different group of students and computing a
KR20 for each form
c. By administering each form to a different group of students and compucing the
split half reliability of each form :
d. By having a group of experts in lirerature decide whether the contant of both
forms was aquivalent
45. If a cest has an $212 and 528, the test's raliabilicy is:
a. .33 ‘
b, L40
¢c. .60 »
d. .67

N

e Sl e
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47.

48.

49.

50.
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Judy scores 2 S.D. above the mean on a math test of low reliability. What would
happen to her score i{f she was retested with the same instrument two weeks later

(assume her math skills did not change during the interval)?

her second score would be higher than her first

her second socre would be about the same as her first

her second score would be lower tham her first

her second score cannot be predicted from the information given

an oe

Students' scores on the odd-aumbered questions on a test may be compared with
their scores on the even-numbered questions on the test in order to determine

the test's:

a. internal comnsistency

b. equivalence reliability ]
¢. stabilicy reliabilicy p
d. predictive validity

.-@. concurrent validity

4 test very accurately predicts -success in a gilven sequence of instruction,
for the purposes of that instruction the test is said to have a high:

criterion validity
content validirty

. test/re-test reliabilirty
. objectivity

an o

Scéres on a new French test were correlated 'with scores on a standardized French

test administered immediately after the new test. What kind of validity are we
attempting to establish?

a. content

b. construct
¢. predictive
d. concurrent

Which of the following statements is true regarding the relatiounship between
reliability and validicy?

d. a reliable test is likely to be nearly as valid

b. a reliable test is not always a valid test

c. a reliable test may be completely invalid and a valid test complately
unreliable ’

d. a test will be at least as valid as it is reliable
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CARD SORTING INSTRUCTIONS
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Read the words on the dccompanying cards and carefully consider the meaning
of each of the words. Arrange the words into piles on the basis of similarity or
closeness in meaning. All the vords wvithin a pile should bc. more similar in
meaning to each other than to the words in other pPiles. You can use as many piles
a8 you wish and can have as Bany or as few words as you l{ke in any pile—all the
vay from a large number down to just one. When you have sorted the words, look
over your piliu and make amy adjustments or changes you feel are appropriatas.

When you have finished, place a Pink card on top of each of the piles, them
stack the piles one on top of another in a single deck. It does not matter in
what order you arrange tha deck so long as a pink card separates each of the
smaller piles. Placa a rubber band around the entira-deck. A

Renenber, be sure to look carefully over all the words be.fori starting and -

then, in tarms of similaricy or closeness in meaning, sort the words into as
many different piles as you feel appropriate.
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SIMILARITY RATING TEST
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SIMILARITY RANKING TEST



Carefully consider the meaning of each word listed below: N
correlation )
error of measure
frequency
interval
mean
median
mode
nominal
normal curve
ordinal
range
rank
raw score
variancé
z-sgcore
On the following pages you will be given a randomly arranged list of 105
pairs of words, where each of the abovexwords is paired with every other word.
GO CAREFULLY THROUGH THE LIST AND THOROUGHLY STUDY ALL THE PAIRS. Then write 1
by the pair which is most similar, 2 by the pair which is the next most similar
pair, 3 by the next most similar pair . . . and so om until 105 for the least
similar pair.
WORK SLOWLY AND CAREFULLY; THIS IS A DIFFICULT TASK; TAKE YOUR TDME.

-—



interval : raw score
normal curve : correlation
error of measure : range
nominal : interval

" frequency : varianca
median : z-score

variance : ordinal

mode: correlation

mode : ordinal

interval : mean

variance : nominal -

mean :@ nominal

interval : z-score
interval : mode

median : error of measure
ordinal : nominal

z-gcore : range

rank : ordinal

interval : error of measure
variance : error of measure
range : rank

z-score: raw score
corrglation : ordinal

rank : eryor of-measure
:ange v frequency.

variatice : rank

-

N

corfelation : nominal
frequency : median

arror of measurs : mode
correlation : variance
ordinal : median :
rank : raw ;core

range :@ normal curve

rank : median

nominal : raw score

error of measure : raw score
rank : z-score

normal -~urve. : variance
mode : nominal

mean : median

ordinal : z-score

normal curve : ordinal
correlation : error of measure
mean : ordinal

ordinal : error of measure
mode : rank

ordinal : raw score
frequency : nominal

mode : mean

corx:elation : interval
normal curve : frequency

raw score : correlation
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range : corralation
frequancy : intarval
frequancy : ordinal
median : mode

ordinal : range
frequeancy : rznkw

Taw score : normal curve
mean © correalacion
nadian : normal curve
nominal : normal curve
raw score : varizncs
nermal curve : rank
rank : intarval

range : mean

fraquancy : correlation

comla;ion : rank ¥

mode : fresquency

error of measure : z-scora
ordinal : intarval
z—-scors : fraquency

range : moda .
raw scoln : mode

raw score : frequency
variances : wmedian
z-scare : sorrelation

variance : intearval

raw score : mean
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interval : nomal curve
z-score :@ normal curve
rank : nominal

madian : raw score
nasn : variancs
correlation @ median
Z-scora : mode
cominal : z-scorw
varisance : z—-scors
median : intsrval
error of measurs : normal curve
nominal : range |
error of mu’ir,:‘:wfr;;uency
mode : variance

TZW scora : range

interval : range

range : varianca

nominal : median

z-score @ msan

maan : rank

normal curve : mesn

oagan @ frasquency

madian : range

normal curve : mode

V__uau:uul ¢ error of neasure

o~

error of measurs : mean
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