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In preparation for this study, an active test with an acceptable CT3 homogeneity

index was found. Two computer programs, RightOrder and MathTest, were written in

Visual Basic. The latter administers the test, producing a file of responses that serves as

input for the former, which performs the calculations and matrix manipulation necessary

to determine the CT3 of a set of test items and construct a difficulty strata scale.

The test was administered twice to the same population, the first time in the

original item order. In the second administration, one item from each successive level of

difficulty, beginning with the easiest, was given until the respondent answered

incorrectly. Then all the remaining items were presented in order of difficulty, beginning

with the easiest.

The three hypotheses of this study are (a) the difficulty strata scale generated

from the computerized retest, using a z-score to be determined as critical value, is

congruent with that derived from the analysis done on the data of the first application of

the computerized test, (b) the time spent to establish the knowledge level is shorter than

the time spent taking the full test, and (c) the test, reordered according to ordering theory

principles, is an accurate method of establishing a student's knowledge level.

Hypotheses 1 and 2 are supported by the results of the study and Hypothesis 3 is

not. However, it was possible to make a post hoc adjustment to improve the precision of

the observed student knowledge level.
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CHAPTER 1

INTRODUCTION

The area of investigation called item ordering theory begins in the 1930's in the

writings of]Louis Guttman. It has been elaborated upon and expanded in the 1960's by

Coombs and his students, and in the 1970's by David Krus, Peter Airasian, William Bart,

Norman Cliff, and Robert Cudeck. Item ordering theory is a statistically based construct

that is congruent with the ideas of educators like Jean Piaget, Robert Gagne, and Richard

White. They describe the concept of hierarchical learning, the idea that learning is the

process of assimilating the more elementary steps of a learning domain in order to gain

the ability to assimilate the more complex, or higher order, steps. It seems possible and

logical to merge these two bodies of research, apply their ideas to the design of a learning

methodology, and use this methodology to test the real-world functionality of a theory the

educational community has become familiar with, and largely accepted, over time.

These pioneer educators suggest an objective way to determine the learner's

knowledge level, thus satisfying a primary educational principle stated by the educational

psychologist Ausubel (1968). This eminent educator remarks in his book Educational

Psychology: A Cognitive View that if he had to summarize all the educational psychology

principles in only one he would say that the most important factor to improve learning is

to find out what learners do not know and then teach them that (p. vi). Smith and

1
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Regan (1993), in their discussion of learner analysis, say that the learner's state of

knowledge is a key restraint in designing effective instructional material. One has to

consider the learner's real skills and not what one imagines that they are.

The establishment of the learner's knowledge level is also referred to in the

construction of an intelligent tutorial system, which has three necessary modules,

knowledge base, student diagnosis, and instruction. The function of an intelligent

tutoring system is to dynamically compare the state of the learner's knowledge with the

knowledge base and reduce the difference (Burns and Capps, 1988). VanLehn (1988)

concurs with Burns & Capps when he says that the structuring of the knowledge base and

the diagnosis of the learner's knowledge level are equally important. It is essential not to

make inferences about the learner's state of knowledge, so an intelligent tutoring system

has to have a way to objectively verify this state. For Elsom-Cook (1990), the self-

modeling that the system does to adapt to the individual student has two aspects,

assessment and diagnosis. By assessment, EIsom-Cook means the definition of how

much the student has advanced in the direction of a set of objectives. Diagnosis for

Elsom-Cook is the process that determines the initial state of the student.

The approach to the establishment of knowledge level under discussion in this

study is not subject matter specific. A mathematics test is used only because it was found

to have the appropriate homogeneity index; it could just as well be history or sociology.

This study is to investigate if the application of ordering theory can be used to find the

knowledge level of students and thus make a contribution to the expressed need for

objectively determining the learner's knowledge gap, where the learner should start in the
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process of learning and how far the learner has to go. Ideally, since no two learners have

exactly the same knowledge gap, the correct place to begin an instruction process would

be individually determined. Practically, since most instruction is done in groups, this is

not feasible, although the proliferation of computer-assisted instruction may move the

practical closer to the ideal as time goes on, technology is refined, and people become

more proficient in its use.

The process of evaluation of the learners' knowledge in a domain involves the use

of the elements of the science of measurement. Crocker & Algina (1986) define

measurement as the process of assigning real numbers to individual performance on each

test item in accordance with pre-established rules. There are different rules that can be

applied for different assessment tools. One of these pre-established rules is that the

number 1 is attributed to each correct answer and 0 to each incorrect one. Test items

scored under this rule are called dichotomous. Therefore someone who correctly answers

87 items of a set of 100 test items will get 87 as his/her test score.

In classical test theory, when a test is comprised of a set of dichotomous items

and the scores are derived from a single test administration, each test item is considered a

sub-test and the total test score is the composite (Crocker & Algina, 1986). As Krus, Bart,

& Airasian (1975) remark, it does not matter which composition of items the subject

correctly answers to get the summation score. The summation score derived from this

measurement procedure, although providing useful quantitative data, does not provide

much information about the qualitative knowledge or performance level of the individual
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in the domain being tested by the set of items. If subject A obtains the same score as

subject B, it does not mean that they have the same performance.

Krus, Bart, & Airasian (1975) add that in order to relate performance to a test

score, it is necessary that the linear order among the numbers that comprise the score

reflect the order of the units that have resulted from the breakdown of the domain and

that form the learning hierarchy of the domain. Each of these units is represented by a

test item. This idea of having an isomorphic relationship between the number score and

test items is supported by Coombs (1964) and Suppes and Zinnes (1963). In a linearly

ordered set of items, success in a higher level implies success in the lower levels. The

resultant score in a linearly ordered set of test items indicates the unique set of items

correctly answered and consequently can be interpreted as manifesting a performance

level.

Statistically speaking, the frequency distribution of the results of a test obtained

from a significant sample of a population is often very close to the shape of the normal

curve (Anastasi, 1961; Hinkle, Wiersma, & Jurs, 1994; McNemar, 1969; Thissen,1993).

This means that there will be subgroups with different scores distributed within the

sample tested. If the linear order among the numbers that compose the score reflects a

linear order among the content of the test items, this characteristic of the frequency

distribution of the results of a test, except in the case of a perfect score, can lead to the

justification of the premise that there is no need for any given person in a sample to

answer all the items of a test in order to establish that person's level of knowledge in the

domain being tested.
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In ordering theory, the order among the items is first based on item difficulty

indices. The difficulty index is based on the proportion of subjects that correctly answer

an item. This first ordering of test items, because of the isomorphic relationship among

the numbered score and the content of the test items, implies that if subject A correctly

answers an item with a high difficulty index, that is, a small number of subjects get that

item right, one can assume that Subject A will correctly answer all the items with lower

difficulty indices. It also implies that if subject A has a higher score than subject B,

subject A correctly answered all the items correctly answered by subject B plus the items

that determined the better performance (Krus, Bart, & Airasian,1975).

Because perfect order among the items is improbable, it is necessary to measure

the amount of confirmatory and disconfirmatory responses in relation to the item order.

Consider the items 9 and 3 from a test. Item 9 has a larger difficulty index than Item 3.

For items 9 and 3, respectively, answer patterns (0,0) and (1,1) are neutral. Answer

pattern (1,0) is confirmatory. Answer pattern (0,1) is disconfirmatory. That is to say, a

disconfirmatory response is an unexpected wrong answer, a wrong answer to a question

easier than another for which the same subject gave a correct answer. Transforming the

number of confirmatory and disconfirmatory responses into relative deviations produces

standardized values known as z-scores. The different z-scores are a numerical

manifestation of the probability that a subject will give an expected response. By

choosing a critical value, one determines the amount of inconsistency, in comparison

with a theoretical perfect scale, to be tolerated in a given performance level measurement

(Krus, Bart, & Airasian, 1975).
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From an ordering theory perspective, a predecessor relationship exists between

the items that are "easier" and those that are "more difficult." From the

dominance/counterdominance matrix, one can create a difficulty strata scale by selecting

and applying a critical value. Examining each item in relation to each other item, one

can establish the predecessor relationship among the items. This relationship allows the

placement of each item in its level of difficulty in the difficulty strata scale. (Krus, Bart,

& Airasian, 1975). An individual stratum of difficulty in the scale contains as many test

items as have exactly the same degree of difficulty. However, it is often practical to

consider items with approximately the same degree of difficulty to be in the same

stratum. The size of the selected critical value which is applied to form the difficulty

strata scale determines the amount of variance from the exact degree of difficulty to be

used in the construction of the difficulty strata scale. Thus, applying different critical

values to construct several difficulty strata scales from the same data provides a pool of

scales with various item distributions, allowing the researcher to choose the one that best

suits the needs of the situation.

In order to evaluate if the amount of confirmatory and disconfirmatory responses

is significant, it is necessary to include in the process a calculation of a homogeneity

index. Cliff (1977) proposes an homogeneity index for this approach of treating

dichotomous data results from a test. The index, called CT3, which is derived from

Loevinger's (1947) homogeneity index, reflects the proportion of confirmatory and

disconfirmatory answers and is interpreted as an index of the homogeneity of these

answers in accordance with the underlying sequence implied by the item difficulty order.
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The search for an active instrument consistent with the use of CT3 located a mathematics

test being used at Calhoun Middle School in Denton, Texas. The CT3 of this test fell

between 0.3 and 0.5, which is the range of acceptability determined by Cudeck (1980) in

his Monte Carlo study. In addition, the test has a Cronbach alpha of 0.90, indicating a

high internal consistency reliability. To reiterate, however, the goal of this study is not to

investigate any specific subject matter but to investigate the appropriateness of applying

ordering theory principles to determine a student's knowledge level in any learning

domain.

Statement Of The Problem

The problem under investigation in this research is the development of a general

approach that will establish a student's knowledge level so that the student's learning can

be optimized by beginning it at the most effective point.

Purpose of the Study

The purposes of this study can be stated as:

1. To verify the applicability of ordering theory principles in the determination

of the presence or lack of presence of an isomorphic relationship between the

numbered score of a test and the content of the test items.

2. To verify the reproducibility of the same ordered sequence with the retest

results when using the test items organized following the difficulty strata

scale.
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3. To verify that the time spent to establish the knowledge level is shorter than

taking the full test.

4. To verify the accuracy of a test reorganized in accordance with the difficulty

strata scale as a method of estimating a student's knowledge level.

Hypotheses

In this study the following hypotheses are being tested:

i. The difficulty strata scale generated by RightOrder from the computerized

retest, using a z-score to be determined as critical value, is congruent with that

derived from the analysis done on the data of the first application of the

computerized test.

2. The time spent to establish the knowledge level is shorter than the time spent

taking the full test.

3. The test, reordered according to ordering theory principles, is an accurate

method of establishing knowledge level.

Significance of the Study

Starting in the 1970's, the authors of ordering theory, Krus, Bart, & Airasian, state

that the application of its principles is psychologically sound and suitable to education.

Ordering theory principles can be used to identify and evaluate learning hierarchies.

Published discussions of learning hierarchy seem to describe practical or educational

applications of the mechanics stipulated by ordering theory principles. Since the 1960's,

Gagn6 and his contemporaries have written extensively about learning hierarchies and
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presented methodological ways to perform the breakdown and sequencing of learning

content into digestible portions. Writing about ordering theory principles, authors like

Coombs, Krus, Bart, Airasian, Loevinger, and Cudeck have presented a way to

objectively measure the efficacy of an established learning hierarchy. The significance

of this study is based on the apparent lack of research merging those two currents of

thought or the application of the principles of one to corroborate the claims of the other.

If this can be done, the ramifications for training, especially CBT (computer-

based training), are profound and extensive. The test results of a course in development

could be used to produce a hierarchical scale describing the most effective order in which

to present the material of the course. The same test results could determine the point in

the course at which each learner can most effectively begin his process of instruction. A

CBT course could incorporate a pretest for each learner and use the result to

automatically begin the presentation of course material at the most effective point for

that particular learner.

Basic Assumptions

This study assumes that Cudeck's (1980) findings about the CT3 index are valid.

By means of a Monte Carlo study, he determined that a CT3 in the range .3 to .5 denotes

an acceptable degree of homogeneity. This assumption implies that a test with such a

CT3 has an underlying isomorphic relationship among the items on the instrument and

the content being tested. Therefore, inconsistencies, if any, in the reproducibility of the

predecessor structure among the items can be attributed to factors other than the lack of
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an isomorphic relationship between the test score and the test content, factors such as

guessing, idiosyncratic behavior, variables in the assessment environment.

Krus, Bart, & Airasian (1975) suggest using the critical value that produces a

difficulty strata scale which best fits the given situation, although they do not give an

explanation of their thinking about this point. This study produces a number of difficulty

strata scales and use a critical value that creates a relatively symmetrical difficulty strata

scale with most of its relatively few levels composed of multiple items. This helps in the

effective use of random choice of items at almost all levels.

Limitations of the Study

The subjects involved in this study comprise a cluster selected by the participating

public school. The selection process is based on criteria of the institution, criteria that

determine which students are available at the time of the data collection. Thus it is

beyond the control of the researcher.

Definition of Terms

1. Linear Relationship refers to a relationship among test items in which the

items form a linearly ordered set. "Briefly, a linear order exists when three properties can

be defined on the entities in the system. Where 'R' indicates a relationship such as 'is

greater than', 'is less than', or 'is prerequisite ["predecessor," in this study] to' and a, b,

and c entities in the system (in the real number case, a, b, and c are specific numbers) the

three properties necessary for the existence of a linear order are:

1) asymmetric property: aRb implies bRa where 'R' means 'not R.'
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2) transitive property: aRb and bRc implies aRc

3) connected property: either aRb or bRa (Krus, Bart, and Airasian,

1975)

2. Isomorphic relationship refers to "a one-to-one correspondence between

the elements of two sets such that the result of an operation on elements of one set

corresponds to the result of the analogous operation on their images in the other set"

(Morris, 1969, p. 695).

3. Item difficulty refers to the proportion of examinees who answer the item

correctly. In an ordered sequence set of items, item difficulty also refers to the level of

complexity that each item represents in relation to the learning hierarchy.

4. Confirmatorv refers to correct answers that a subject gives to all items

below the subject's knowledge level, denoted here by the first mistake, and the incorrect

answers that the subject gives to all the items above the subject's knowledge level.

5. Disconfirmatory refers to correct answers that a subject gives to all items

above the subject's knowledge level, denoted here by the first mistake, and the incorrect

answers that the subject gives to all the items below the subject's knowledge level.

6. Homogeneity Index referred to here as CT3, reflects the proportion of

confirmatory and disconfirmatory answers and is interpreted as an index of the

homogeneity of these answers in accordance with the underlying sequence implied by the

item difficulty order. A test is considered homogeneous when a person with a higher

marginal score, that is, number of correct answers, does not miss items that another

person with lower marginal score got right.
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7. Item dominance refers to the relationship of each (given) item compared

to each (target) of the others. That is to say, comparing the responses of all subjects to a

given item with the responses of all subjects for the target item. If the response pattern is

1 (given item), 0 (target item), then the given item dominates the target item in that

instance. If the converse is true, then the target item dominates the given item.

8. Difficulty strata scale is a graphic structure that shows the various levels

of difficulty that the items of a test represent. The difficulty strata scale holds one or

more items in each stratum , each stratum representing a distinct degree of difficulty.

More than one item in a stratum implies that for the purposes of the testing procedure the

items of that stratum are considered to be equally difficult.



CHAPTER 2

REVIEW OF RELATED LITERATURE

Introduction

The attempt to identify variables with predictable implications for learner

behavior is the fundamental focus of instructional researchers. Through the analysis of

instruction and learning, research seeks to uncover a large variety of alternatives that

work as supportive parameters for the decisions of individuals in charge of the design and

delivery of instruction (Guba, 1990). The instructor decides on the pedagogical

methodology to follow based on several parameters, among which are the results of

instructional research, the philosophical orientation and the inevitable restraints of

internal policies of the organization in which the instructor works, and personal

preferences or experiences, including those gained in academic study and previous

employment. Independent of the chosen instructional methodology, however, from the

initial contact with a domain to be taught to the final organization of it, the instructor has

to follow a line of thought similar to that described by Jeeves and Greer (1983) as the line

of thought embedded in structural learning. Structural thinking implies finding an order

to accommodate the initial chaos that the unknown seems to have. In the same way, one

can say that deciding the approach to design and deliver instruction is a process of

ordering the initial chaos that an unknown domain presents.

13
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Learning Hierarchies

The process of ordering the apparent chaos of a domain commonly results in the

determination of a sequence of steps that has the characteristic of a hierarchy, due to the

presence of predecessor relationships among the steps. The idea that the elements of

learning are arranged in a hierarchical way has been present among educators for

centuries. John Locke, a British philosopher from the late 1600's, introduced the concept

of "mental atoms." Locke derived this concept from his interest in the ideas of his friend

the physicist Isaac Newton. He emphasized that complex ideas are formed by simpler

ones. A lack in the acquisition of the necessary elemental ideas will result in deficiencies

in the comprehension of the resultant complex idea (Phillips and Soltis, 1985).

In empiricism, the basis of modern scientific investigation, it is emphasized that

complex knowledge acquisition occurs not as a consequence of sensory experiences, but

as a cumulative process of acquiring clusters of simple experiences. Empiricism implies

that complex ideas are aggregations of simple ones (Driscoll, 1994).

The idea of learning hierarchies also underlies developmental theories. Piaget

(1896-1980) is a prominent representative in this psychological field. For developmental

theorists, an individual has to grasp the knowledge and skills in one stage in order to

progress to the next developmental stage (Resnick, 1973; Phillips and Soltis, 1985).

Piaget uses terms like "more differentiated" and "more equilibrated" to characterize the

knowledge and skills involved in each developmental stage, which indicates the

prerequisite existence among the stages. Developmental theorists see the growth through

the stages as a building process in which the acquisition from lower levels serves as
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foundation for the next and more complex one. An acquired structure cannot be used as

foundation for the next stage until it has been completely assimilated (Case, 1980).

The operations in each stage of development are both more complex and more

adaptive, and they occur in a fixed sequence. Individual age is the determining factor for

the evolution up through the stages. Piaget proposes a set of four stages of development,

sensorimotor, preoperational, concrete operational, and formal operational, having an

embedded formal hierarchical order among and within them. Piaget's stages of

development are corroborated by recent discoveries about the physical development of

the brain, which are that the developing brain becomes capable of learning certain

content in certain biological "windows" of development and, in fact, may be forever

unable to learn that content if the learning does not occur within the window. The

process of progressing from one stage to another involves assimilation, accommodation,

and equilibrium (Driscoll, 1994). Piaget postulates the environment and conditions that

would facilitate the occurrence of learning without, however, suggesting specific blocks

of instruction. Despite the lack of explicit declaration of units of instruction, an analysis

of the concepts involved in the operations proposed for each of those stages of

development reveals that the concepts are not only feasible for instruction but they also

have an intrinsic prerequisite relationship among them (Resnick, 1976).

Another representative of theories of cognitive development is Bruner. In his

theory, Bruner attributes a significant influence of the sociocultural environment on

cognitive development. He also sees an invariant order underlying children's

development. The three ordered stages, enactive, iconic, and symbolic, are not related to
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a certain age range but they are representations of the stage of knowledge. The

elaboration within these stages are highly influenced by the sociocultural environment

(Driscoll, 1994).

The educational psychologist Ausubel (1963) introduces among others the ideas

of meaningful learning and organizers for instruction. In the learner's model of cognitive

organization that Ausubel illustrates, there is a hierarchical structure within the cognitive

structure. This emphasis on hierarchies among the cognitive structure is what

distinguishes Ausubel's ideas from the propositional models of having the memory

organized as networks with propositions in the nodes instead of single concepts. Instead,

for Ausubel the ideas that comprise the cognitive structure are ordered sequentially by

subject. The ideas that are on the top of the hierarchy are more general and stable and

the ideas on the bottom of the hierarchy are more specific and unstable (Ausubel and

Robinson, 1969; Driscoll, 1994).

The three different types of meaningful learning defined by Ausubel,

representational, conceptual, and propositional, are hierarchically related. Learning is

representational when the concepts involved in the learning instance are single symbols

or words. Learning is conceptual when generalizations are possible and present. Learning

is propositional when the acquisition of new ideas comes from verbally expressed

propositions. The hierarchical relationship among these three different kinds of learning

is embedded in the notion that individual words and concepts are combined in order to

form new ideas. In the Ausubel propositions, the resultant new ideas, because of
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inferences and generalizations, are more than the sum of the meanings of the individual

words that compound the sequence (Driscoll, 1994).

The occurrence of meaningful learning explained by Ausubel implies the use of

advanced organizers, the structural organization of the domain to be taught, to which the

learner is exposed and constantly referred back. To follow Ausubel's ideas, the

instructor should present the organizers to the student and function as the facilitator for

the learners to make the necessary mental connections to the new ideas and the links

between the new and old ideas. To put this in terms of other investigators of hierarchical

learning, Ausubel might say that an instructor should show the implicit hierarchical order

of the learning domain to the learners, mark where the learners are in the hierarchy, and

discuss with them the destination they are planning to reach and the path best followed to

get there. This concept is called "webbing" by other cognitive psychologists (Philips and

Soltis, 1985).

Transforming the cognitive principles into practice, however, is not an easy task.

Although they may be aware of the general characteristics of each developmental stage,

instructors still have difficulty dealing with the learner's behavior variation across and

within each stage. Research indicates that the learner behaviors showed in the usual

learning situation are commonly below the peak level. More meaningful links between

theory and practice need to be established by researchers in order to provide better

guidance to improve learning and the assessment tools to measure it (Presseisen,

Sternberg, Fischer, Knight, & Feuerstein, 1990). The training of instructors, to be

effective in improving this specific situation as well as any other, has to based on
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practical situations, and the short term applicability of the content being taught has to be

clearly stated (Holmes and Duffey,1993; Koohang, 1987; Beichner, 1994).

Gagn6 in the 1960's was one of the leaders in recognizing and clearly stating the

concept of learning hierarchies. In order to teach and learn a domain, it has to be broken

down into digestible portions. These portions need to be organized by order of

importance and priority in relation to the others. The breakdown process would be

performed by asking the question "what kind of capability would an individual have to

possess to be able to perform this task successfully, were we to give him only

instructions?" successively for each task from the top of the hierarchy down, getting in

this way one subordinate task or a set of subordinate tasks (Gagn&, 1962, p.355). This

question should be asked until the instructor/analyst finds that the subordinate tasks that

answer it are already in the learner's repertory (Resnick, 1973; Reiser, 1987).

Gagn6's ideas were restated by Merril (1987) in his discussion of the process of

task analysis. The purpose of the steps in the job or task analysis process is to find the

digestible portions that comprise the set of duties, responsibilities, or tasks assigned to or

performed by a certain worker. Having the list of the digestible portions, one needs to

put them in a hierarchical order by importance, decide what the interrelationships among

them are, and decide the order in which they are to be taught.

In Gagn6's point of view, an ordered sequence of the steps that comprise a

domain form an hierarchy when: "(a) no individual can perform the final task without

having the subordinate capabilities , and (b) any subordinate task in the hierarchy can be
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performed by an individual, provided suitable instructions are given and provided the

relevant subordinate knowledge can be recalled by him" (Gagn6, 1962, p.3 56).

Gagne defines learning as a durable change in learner behavior. This change

must be the result of factors other than the natural evolution that happens due to growth.

A vital aspect for the learning success is the planning of it. Learning is an organized

hierarchical process in which the acquisition of new knowledge is dependent upon the

foundations that the prerequisite learning provide. If the learner fails in the mastering of

a fundamental knowledge, his understanding of the higher concepts in the hierarchy will

be also incomplete. Planning, then, involves the establishment of the steps that will form

the ordered sequence to be taught and learned. This sequence has to contain the

minimum prerequisite steps necessary to go from one point in the knowledge to another.

Because of the learner's generalizations at the completion of each branch in the

hierarchy, the sum of the concepts acquired will probably be bigger than the set that

appears in the sequence. The mastery of the tasks in each level has to be to a degree that

allows the learner to recall the concept when necessary as prerequisite to the addition of

new and more difficulty item in the knowledge bank (Gagn6, 1965).

In the process of interpreting learning from a behavioral perspective to a

cognitive perspective, Gagn6 adds important elements. In addition to the importance of

the necessary stimulus situation for learning to occur as response and the feedback to

improve and maintain the attained learning, Gagn& introduces a set of events that, if

present, promote learning. These events, which have an underlying hierarchical sequence

among each other and within each one, are gaining the student's attention in order to
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provoke the necessary alertness for learning, telling the learner the objectives of the

lesson to create the necessary expectancy for learning, stimulating recall of prior

knowledge to have the data necessary for learning loaded into the learner's working

memory, presenting the stimulus material in order to activate the selective perception

necessary for learning, providing learning guidance to facilitate the encoding of

information to be stored in the learner's long term memory, eliciting performance to call

forth the necessary learner response for learning, providing feedback in order to maintain

the necessary learner behavior for learning, assessing performance to provide the learner

with the necessary motivation for learning, enhancing retention and transfer by cueing

the learner's retrieval of necessary information. These events are applicable in the

acquisition of any domain of knowledge defined by Gagne as intellectual skills, verbal

information, cognitive strategies, motor skills, and attitudes. Describing the acquisition

process of each of these capabilities, Gagne reemphasizes the necessity of breaking down

each domain being learned into digestible portions and finding the hierarchical order of

these portions (Gagn&, 1985).

Discussing methods and models for performing task analysis, Gregg (1976) also

emphasizes the hierarchical aspects underlying training domains and the need to uncover

them in the design of instruction. It is one of the functions of instructional designers to

organize the domain in question into sub-task sequences. Another of these functions is

the selection or elaboration of the method to allow the learners contact with the

organized domain. The selection or elaboration of ways to determine the level of mastery

of the domain by the learners is part of the same process.
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The role the instructional designers should play when crafting instruction is that

of astute investigators. Previous to investing time and effort in the planning of

instruction, they need to determine the gaps to be filled. They also need to analyze the

characteristics of these gaps to determine how they would be better overcome.

Sometimes instruction is not the best means to achieve this filling. They need to

carefully analyze the learner characteristics, tailoring instruction to the target population.

Finally, the context of instruction has to be broken down and ordered in logical portions

(Smith and Ragan, 1993).

Criticizing behavioral task analysis, Means (1993) proposes the use of cognitive

task analysis for solving complex problems. For her, behavioral task analysis lacks

understanding of the problem because it focuses on the behavioral steps that lead to the

solution of the problem. Means considers that behavioral task analysis is limited to

observable behaviors and fails to analyze more complex and cognitive-based operations.

The proposed approach for cognitive task analysis is based on the use of domain experts.

These experts perform a detailed breakdown of process into single tasks or actions that

comprise the operation. This breakdown is made by establishing of the consequences of

the actions and then reactions to these consequences until the solution of the problem is

reached. Means says cognitive solutions can vary from person to person. Although

Means sees limitations in basing task analysis on the behavioral approach, the cognitive

approach will also result, by other means, in an hierarchically ordered sequence to be

used in the subsequent training program.
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Being not completely satisfied with the learning hierarchies proposed by Gagn6 in

the 1970's, Reigeluth & Merril have proposed another method, elaboration theory, to

sequence instruction. The two methods have a large number of common points. Learning

hierarchies are more specifically applied to task analysis, while elaboration theory

focuses more specifically on analysis at the course level. The elaboration theory, because

it is more comprehensive, may allow the awareness of commonality of structural levels

among sub-tasks pertaining to different branches of larger tasks. The difference between

learning hierarchies and elaboration theory is that the first is supposed to be taught from

bottom to top, and the second proposes the teaching strategy to be performed in the

opposite way, from top to bottom, in order to better maintain the prerequisite pattern

underlying the sequence (Reigeluth, 1979; Merril, 1977). Both methods, however, could

be used in a complementary way since elaboration theory principles should be used in

early stages in the instructional development process and learning hierarchy principles

should be used to detail the tasks included in the big picture (Wilson & Merril, 1980).

Reporting that Gagnes guidelines to establish the learning hierarchies are not very

specific, Resnick (1973) proposes a technique called component analysis. This technique

"focuses on specifying the chain of component behaviors comprising skilled performance

and then seeking prerequisites (or 'subchains') for those components" (Resnick, 1973, p.

315). The establishment of the component behaviors that comprise a chain and the

subchains that form a task is done by careful analysis of successful accomplishment

similar to other approaches to performing task analysis.
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Applying the cognitive approach of information-processing analysis in which the

acquisition of knowledge is detailed and the resultant set of steps that comprises a

specific domain represented through flow charts, Greeno (1976) says that a circumspect

performance when proceeding with the task analysis will result in more than just a good

product as result. The process can clarify and improve the material being used in the

program. If the instructional designer is also the instructor, the task analysis process

promotes better training because the instructor is more familiar and comfortable with the

material. The learners can also benefit from a careful analysis if the organized material

is presented to them and they can refer to it as pointers to their accomplishments.

Landa (1974) proposes the introduction of algorithms as a way to teach

intellectual skills. An algorithm is a set of sequenced single operations that make up the

necessary steps to solve a problem. The problems to be solved or analyzed under the

principles that lead to the algorithm production are not necessarily only of the intellectual

nature. Producing an algorithm implies reproducing a possible reasoning path to solve a

problem, and the exercise of it can improve the learning process by the generalization of

the acquired skills in the development process.

Transfer Within Learning Hierarchies

Learning hierarchies resultant from the breakdown of a domain or tasks of this

domain usually present more than one task or ability in the same level. It is easier to

establish the hierarchical order among some tasks than others. Some tasks can be

analyzed on the basis of well-known principles like Piaget's development stages and its
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prerequisite sequence in the acquisition of concepts. It is necessary, however, to

investigate not only the vertical transfer between the hierarchy levels but also the lateral

transfers in order to have a more complete understand of the accuracy of the leveling

stages among the tasks (Bergan, 1980). The concept of knowledge transference that

Bergan refers to is the same embedded in Ausubel and Robinson's (1969) concept of

anchoring knowledge or ideas, which is the phenomenon of having an earned perception

making possible and facilitating the acquisition of new knowledge.

The possible transfer among the levels of the learning hierarchy is one of the

conditions for a sequence of tasks being considered in hierarchical order. The tasks are

located in the levels of the hierarchy by their degree of difficulty. One task can be

considered easier or lower than a task more difficult or higher if the acquisition of the

first promotes positive transfer to the acquisition of the second one (Resnick, 1973).

Learning hierarchies are nested sets of tasks in which positive transfer from

simpler to more complex tasks is expected. The 'simpler' tasks in a hierarchy are

not just easier to learn that the more complex; they are included in--components

of--the more complex ones. Acquisition of a complex capability, then, is a matter

of cumulation of capabilities through successive levels of complexity. Transfer

occurs because of the inclusion of simpler tasks in the more complex. Thus

learning hierarchies embody a special version of a'common elements' theory of

transfer (Resnick, 1976, p. 55).
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Validation of Learning Hierarchies

"One of the factors which may work against the employment of learning

hierarchies for instructional planning is the magnitude of effort required in their

validation" (White and Gagne, 1978, p. 87). When using learning hierarchy as an

instructional design approach, some of the scientific rigor of the validating process,

present in a research situation, may be forfeited. But the exhaustive verification of the

consistency of the hierarchy is a necessary procedure since the instructor can verify

missing steps, unnecessary ones, or yet steps out of the logical order. The result of careful

verification of the learning hierarchy, by any means, will be evident in quality of the

resultant sequence of instruction (White and Gagn6, 1978; Dick, 1980; Kee and White,

1979). "Validation, in other words, demonstrates the existence of optimal or dominant

sequences of acquisition; and such sequences are what we mean when we use the term

'learning hierarchy' (Resnick, 1973, p. 323).

To be considered a hierarchy, the concepts in a learning sequence have also to be

in order of difficulty. Resnick (1973) explains the utility of a learner's acquiring skills in

a structured fashion so that when the learner obtains the ability to perform a difficult task

in a sequence, that learner can also successfully perform all the easier and lower tasks in

that sequence (Resnick, 1973).

As might be expected, this second definition of a hierarchy has greatly interested

testing and evaluation specialists, particularly those concerned with designing

diagnostic or placement tests for individualized educational programs. Once

hierarchical sequences of this kind have been empirically validated, highly
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efficient testing procedures can be developed in which students are first tested at

key points in the hierarchy, and lower level tests are given only when failure of

higher level test indicates that a given student lacks some prerequisite (Resnick,

1973, p. 312).

A point of view shared by Resnick (1973) and Wilson (1989) is that there is a

lack of research on procedures to validate learning hierarchies. It is important and

necessary to extend the search for adequate validation methods of hierarchical sequences

of instruction.

Airasian and Bart (1975) suggest the use of ordering theory as a validation

method for learning hierarchies. They define ordering theory as "...a deterministic

measurement model which uses task response patterns to identify both linear and non-

linear qualitative, prerequisite relations among tasks or behaviors" (p.166). They point

out that ordering theory solves some of the limitations of Guttman's Scalogram Analysis.

"Scalogram analysis is a deterministic model used to order a group of tasks into a

linear hierarchy and to evaluate whether or not the hierarchy is unidimensional

and cumulatively hierarchical. The degree to which a group of tasks is judged to

be unidimensional and cumulative is determined by the extent to which 'passes'

(scores of 1) on any task co-occur with 'passes' on all tasks ranked lower in the

network. The converse is also true. That is, a hierarchical network is

unidimensional and cumulative insofar as 'failures' (scores of 0) on a task co-

occur with 'failures on all tasks ranked higher in the network (Airasian and Bart,

1975, p. 165).
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The most important goal of learning hierarchy evaluation is to have concrete

results that can validate the ordered sequence. The results of the application of an

assessment tool that tests the learner's knowledge would be an instrument to confirm or

disconfirm the established prerequisite sequence among the tasks.

In defining prerequisite relations between tasks, ordering theory shares one

limitation with scalogram analysis. Both measurement models are deterministic.

Thus, neither incorporates a method for dealing with the possibility of

encountering random error in task response patterns. To overcome this

limitation, ordering theoretic analyses rely upon the use of a preset tolerance level

for error. The tolerance kevel sets the number of disconfirmatory response

patterns which will be accepted in defining a prerequisite relation between two

tasks. Thus, for a 5 percent tolerance level and N subjects, when the number of

disconfirmatory response patterns between tasks in a task pair exceeds (.05)N, a

prerequisite relation between the tasks would be rejected (Airasian and Bart,

1975, p. 166).

The application of ordering theory principles can provide information about the

prerequisite relationship among all items, not only pairwise, as well as the relationship of

independence among the tasks (Airasian and Bart,1975).
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Establishment of Knowledge Level

For Ausubel (1968), the most important point in the learning process is the

establishment of the learner's prior knowledge. Only after establishing the knowledge of

the students can one start thinking about the occurrence of meaningful learning.

Bloom (1976) also emphasizes the importance of entry level behavior for the

acquisition of new knowledge. He says that the cognitive entry behavior combined with

the quality of instruction are the most substantial factors for the achievement of learners.

Authors like Burns and Capps (1988), whose work is in the field of building

intelligent tutorial systems, also refer to the importance of establishing the learner's

knowledge level. An intelligent tutorial system has some embedded features of artificial

intelligence which seeks to have the computer prepared to make as many decisions as

possible. In this sense, a intelligent tutorial system should be able to deliver instruction

that would be reactive to each student instead of in the pre-established way most

common in computer based instruction systems. To accomplish this, an intelligent

tutorial system has three basic components, expert module, student diagnosis module,

and curriculum and instruction module. The knowledge module is built under the same

principles that guide the knowledge base of an expert system. It involves the

construction of an environment that comprises the knowledge of an expert. The student

diagnosis module is the one of most interest here. There are two different instances in

which information provided by this module contributes to the functioning of the system.

Initially, before starting delivery of instruction, it is necessary to determine the level of

knowledge of the learner in relation to the expert knowledge. This is crucial to the
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efficiency of the system. The second instant is during delivery of instruction when the

system has to constantly verify the learner's progress to adapt to or react with meaningful

instruction (Burns and Capps, 1988; Elsom-Cook, 1990).

In intelligent tutorial systems, the individualized starting point of delivering

instruction is one of the factors that differentiate it from other methods of delivering

instruction through the computer. One of the telling points of this procedure is that it

minimizes inferences by applying empirical methodology. The tremendous effort to

build a knowledge base can be worthless if the system does not include precise ways of

assessing the learner's state of knowledge (VanLehn, 1988).

Ordering Theory

In the 1970's David Krus, William Bart, and Peter Airasian proposed an ordering

theory, which they developed from Guttman's Scalogram Analysis (Guttman, 1944,

1946, 1947) and the notions elaborated by Coombs (1964) and his students. By adding to

the data treatment the transformation of the scores into relative deviations or relative

proportions through McNemar's formula for calculating the z-scores (McNemar, 1969, p.

56), their theory became an alternative to overcome some limitations of scalogram

analysis, since their theory provided an overview and analysis of the prerequisite

relationship among all the items, not just pairwise. Although both methods are

deterministic, the additional data treatment allows the establishment of level of

significance to deal with error tolerance.



30

Applying the principles of ordering theory in looking for a way to analyze the

results of a test, one can establish the interrelationships among the items that form that

test. The establishment of these interrelationships involves the application of some of the

principles of measurement theory. A usual definition of measurement encompasses the

assignment of real numbers to the performance in each item. When the nature of the

items is of the kind in which only two possible answers, right and wrong, are used. The

numbers regularly assigned to the performance are 1 for success and 0 for failure. Tests

with these characteristics are named dichotomous (Crocker and Algina, 1986). The test

results to be analyzed under ordering theory principles have to be dichotomous.

The result of test can be compiled in a two-dimensional matrix, the rows of which

represent subjects and the columns of which represent items. This is Matrix One (Figure

1) in ordering theory procedures.

Figure 1

A sample Matrix One

Test Items
Row

Sub ects 1 2 3 4 5 Totals
1 11 II1 1 5
2 1 1 1 1 0 4
3 0 1 1 1 1 4
4 1 1 0 1 1 4
5 1 0 1 0 1 3
6 1 1 0 1 14
Column
Totals 5 5 4 5 5

Due to the necessary dichotomous characteristic of the test result to be analyzed

under ordering theory code, this binary matrix can be thought as a logical diagram.
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"Logical diagrams are isomorphic symbolizations of logical structures, as graphs are

isomorphic symbolizations of algebraic formulae" (Krus, Bart, Airasian, 1975, p. 55).

The representation of the test results in a matrix is necessary in ordering theory

because it does not deal with summation scores. In classical test theory, the results of a

single application of a dichotomous set of items are interpreted by the summation score.

Each item in this case is considered a sub-test and the composite is the sum of the results

of these sub-tests (Crocker and Algina, 1986). Summation scores provide useful

quantitative information. However, if one is interested in qualitative information like

level of performance of the individuals in the domain being tested, other things have to

be taken into account. For interpretations based on the sum of scores, it does not matter

what combination of items are answered correctly, and in consequence nothing can be

said in terms of performance even when two subjects obtain the same score. For one to

be able to relate performance to a test score, a isomorphic relationship must exist

between the numeric system which compounds the test score and the content that the

items represent in the domain (Krus, Bart, Airasian, 1975; Coombs, 1964; Suppes and

Zinnes 1963).

Based on ordering theory tenets, one can say that when there is an isomorphic

relationship between the numbered score and content in a test the items can be linearly

ordered. That is the principle that guides the construction of Matrix Two (Figure 2),

which is derived from the raw score binary matrix. Matrix Two, like Matrix One, is

composed of rows (subjects) and columns (items). Here, however, the rows and columns



32

are sorted by row and column totals to produce a matrix in which the items are ordered

by difficulty and the subjects by number of successful answers.

Figure 2

A sample Matrix Two

Test Items
Row

Sulieets 1 2 4 5 3 Totals
71 1 1 1 1 1 5
2 1 1 1 0 1 4
3 0 1 1 1 1 4
4 1 1 1 1 0 4
16 1 1 1 1 0 4
35 O 0 1 1 3
Column
Totals 5 5 5 5 4

Item difficulty indices are determined by the proportion of people that answered

the item correctly or incorrectly. More difficult items will show fewer successful

answers (Krus, Bart, Airasian, 1975). The Guttman Scalogram Analysis for dichotomous

items is an interpretation of the marginal values of this matrix.

In an ordered set of items, success in a more difficult item also implies success

on the items with lower difficulty indices. Because of this property of hierarchical sets of

items, an individual knowledge level in a domain can be determined by answering fewer

number of items since it is possible to infer performance (Krus, Bart, Airasian, 1975).

This embedded idea seems logical; however, because perfect order is improbable,

research looking for corroboration of it, like this study, appears to be justifiable.

One of the dimensions of Matrix Three (Figure 3) in the ordering theory process

changes; in this matrix, both rows and columns represent items, for this matrix represents
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a comparison of the answers of one item to the answers of each of the others. The values

in each intersection of this matrix represent the number of times the response patterns

(0,1) and (1,0) occur in the comparison of the row item to the column item.

Figure 3

A sample Matrix Three

The values in this matrix are derived from Matrix Two, using the concept of

dominance and counterdominance. If the subject answers to a given item are compared

to the subject answers to a target item, four item patterns are possible (patterns show

given item first, target item second): (0,0), (0,1), (1,0), (1,1). The (1,0) pattern signifies

that the given item dominates the target item and the (0,1) pattern signifies that the target

item dominates the given item, or, to put it another way, that the given item is

counterdominant. The other two patterns, (0,0) and (1,1), are neutral. At the intersection

of an item with itself, the given and target items are the same and thus produce a 0

dominance. This accounts of the diagonal of O's in Matrix Three. The numbers above

the diagonal represent dominance indices and the values below the diagonal represent

counterdominance, that is, answer patterns of (0,1), meaning that the target item

dominates the given item.

Test Items_ __________ ;._

Test items_ _ 2 4 5 3
I 0 1 1 1 _ _ 2

2 1 0 0 1 2

4 :... 1 0 0 1 2

5 1 1 1 0 2

_ _ _ _ I _ _ _ 1 1 0
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The first step of the procedure to derive Matrix Three from Matrix Two is to

compare the answers of all six subjects to Item I (given item) to the answers of all six

subjects to Item I (target item). Since the answers are, of course, identical, only neutral

answer patterns result, and the dominance index value in the first intersection of Matrix

Three is 0. The second step is to compare the answers to all six subjects to Item I (given

item) to Item 2 (target item). In this case, there is one counterdominant pattern (Subject

3) and one dominant pattern (Subject 5), hence the I at the intersection of Item I and

Item 2 in Matrix Three, representing a single instance of Item I (row) dominating Item 2

(column). At the intersection of Item 2 (row) and Item l(column), the I represents the

single instance in which Item I is counterdominant to Item 2, or, in other words, the

instance in which Item 2 dominates Item 1. These steps continue successively until each

item has been compared to all the other items and thus all the intersections hold a

dominance/counterdominance index value. (Krus, Bart, Airasian, 1975).

The raw amounts of confirmation and disconfirmation are the starting point of

various permutations, one of which is Matrix Four (Figure 4), which holds probabilistic

information about the tendency to err when responding to each item.

Figure 4

A sample Matrix Four

Test Items 1 2 4 $ _ _

1 0 .17 17 .17 .33
2 .17 0 .00 .17 .33

17 .00 0 .17 .33
.17 .17 .17 0 .33

3 17 .17 .17 .17 0
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Matrix Four transforms the confirmation and disconfirmation numbers into values

which show the probability of a (1,0) response pattern for a given item and a target item.

This is calculated by dividing the dominance frequency by the total number of subjects.

For example, in Matrix Four, the .17 at the intersection of Row 1 and Column 2 is the

quotient of dominance frequency of I in that same intersection in Matrix Three and the

total number of subjects, 6. This inter-item relationship, for the purposes of this study, is

interesting not because it will be utilized directly, but because the next matrix includes

this proportion in its calculation (Krus, Bart, Airasian, 1975).

Being a deterministic method, ordering theory needs some mechanism to deal

with the error factor present in the lack of perfect reproducibility of an ordered sequence.

Figure 5

A sample Matrix Five

Matrix F'ive (Figure 5) is comprised of the proportions of confirmation and

disconfirmation manifested in Matrix Three transformed into relative deviation through

the McNemar (1969, p. 56) formula used to calculate the z-scores for proportions, which

is written as

z4 += i +dy ;i#j

Test Iems-

0 .0 .00 .00 .58
.00 0 .00 .00 .58
.00 .00 0 .00 .58
.00 .00 .00 0 .58

3 -.58 -.58 -.58 -.58 0
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where i and j subscribe elements d of a dominance matrix.

Having transformed the proportions into standard values, one can choose a

critical value which will control the arrangement of the items in a vertical scale, a

difficulty strata scale (Figure 6b), of levels of difficulty.

Figure 6a

A sample predecessor relationship matrix, generated with a critical z value of .01

Item Predecessor to item(s)

3
5 3
4 3
2 3
LI 3

Figure 6b

A sample difficulty strata scale

j~evI2 4 2 I 1

A "pure" Guttman scale shows vertical levels of difficulty, and, except for items

that have identical z-scores, each level contains only one item. On the modified Guttman

scale referred to in this research as a difficulty strata scale and used in the ordering theory

process, several items with differing z-scores may appear on the same level because their

z-scores are approximately the same; that is to say, they have nearly the same level of

difficulty. The critical value determines how much z-score difference is allowed between

items which are considered the same level of difficulty, determines, then, the depth of

each stratum of difficulty in the vertical scale (Krus, Bart, Airasian, 1975).
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Having the test items reorganized in accordance with the resultant difficulty strata

scale, one could determine the learner's performance level by the application of fewer

items. Asking fewer questions is possible because of grouping items with uniform

difficulty in the same level. Also, by applying the items in crescent order of difficulty,

one should be able to stop the test at the point of occurrence of the first unsuccessful

response. In an ordered sequence of items, failure in one item indicates high probability

of failure in all the items in superior levels in the scale.

Index of Homogeneity

The measurement of the amount of inconsistency present in the analysis of the

results of test under ordering theory principles expresses the degree to which one can

reliably expect the established hierarchical order to be reproducible. As shown by

Cudeck (1980), the index used in classical test theory for the cases of single application

of a dichotomous test, KR20, is not the most appropriate. The task of verifying the

existence of a linear order and its reproducibility in a test involves a treatment of

people's performance in relation to the ordered sequence. In the classical test theory

approach, the composite score, used to calculate the internal consistency index of the

test, is a sum of the scores of the sub-tests represented by each item. In ordering theory,

one deals with the marginal matrix scores, and the internal distribution of the answers is

what is under analysis.

In classical test theory, in which KR20 is one of the reliability indices used, a test

is considered to have item homogeneity when examinees as a group consistently obtain
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the same composite score. In the case of the CT3 index, derived by Cliff (1977) from

the Loevinger (1947) homogeneity index, a test is considered homogeneous when a

person with a higher marginal score does not miss items that another person with lower

marginal score got right.

Because the KR20 index is maximized when the items have equal and medium

difficulty and the items have high correlation, KR20 can be interpreted as an index of

item content homogeneity and item quality (in the sense of pertaining to the same

domain). The item difficulty indices in the CT3 calculation are interpreted in another

way; the notion of a prerequisite sequence among the items underlies the item difficulty

order. The CT3 is an index of the homogeneity of the answers in accordance with this

sequence.

While the KR20 is based on item variance and covariance, the CT3 reflects the

proportion of confirmatory and disconfirmatory item responses. When dealing with

dichotomous items, if item 7 has a higher difficulty index than item 5, answer patterns

(1,1), (0,1), and (0,0) for items 7, 5 are confirmatory. However, answer pattern (1,0) is

considered disconfirmatory (Cliff, 1977; Cudeck, 1980).

In his Monte Carlo study, Cudeck (1980) used Birnbaum's model to generate the

hypothetical test results to analyze and compare CT2, CT3, and KR20. This model

considers item discrimination, item difficulty, probability of chance success, and

individual ability in the calculation of the probability of a person's correctly answering

an item in a test. Cudeck reports that the findings in this study, although far from

covering all possibilities, represents a large category of tests. In relation to the CT3, his
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findings show that this homogeneity index is little affected by variances in discrimination

and ability, which conforms to the underlying assumptions of the Guttman scale. CT3

also seems to be unaffected by the test length. Because in the case of ordering analysis

one is looking for consistency of responses in accordance with a sequence, this is another

positive aspect of CT3. Cudeck declares that a CT3 in the range .3 to .5 indicates an

acceptable reliability for the instrument in question.

Summary

The idea of hierarchical learning has a long history and is currently recognized

and described by influential thinkers in the area of educational psychology. The

discussion of this idea implies that it is important that learning be done in a certain order,

but offers no easy, accurate method to determine what that order is. Ordering theory also

has an impressive history, stretching back to at least the 1930's, when Guttman was doing

his pioneer work in Scalogram Analysis. The discussion in the literature that describes

the development of ordering theory implies that a mechanism to manipulate the statistical

data represented by test results and thereby establish the implicit learning order of a

domain is possible, especially with the help of computers. Merging the two intellectual

currents of hierarchical learning and ordering theory seems to be the next step on the

road to discovering the knowledge gap of a learner, discovering where he is in a given

domain and the steps he performs, and the sequence in which he performs them, to best

achieve his learning objective. Ramifications of this could be an eventual improvement

in remedial training and a method of designing training that optimizes the learner's time
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and ability. It is hoped that this study can contribute in a small way to this important

work.



CHAPTER 3

METHODOLOGY

Purpose

The purpose of this study is to verify the use of ordering theory principles in the

determination of the presence of an isomorphic relationship between the numbered score

of a test and the content of the test items. Also, it investigates how reproducible the

ordered sequence resulting from the analysis of test results is by comparing it with the

ordered sequence generated by the results of the retest, in which the test items are

reorganized in accordance with the first analysis. This study also investigates the time

difference spent to establish the knowledge level and to take the full test. It is also the

purpose of this study to verify the accuracy of a test reorganized under the ordering

theory principles as an instrument to determine the learner's knowledge level.

The first part of the purpose is fulfilled by finding an assessment instrument with

a CT3 within the range .3 to .5 in current use and with the possibility of reapplication in a

modified form. As this condition is preliminary and vital to the subsequent verifications

intended for this study it is considered a calibration phase, that is to say that it is the

necessary prerequisite to validate this proposal.

Because the most common method to apply a test is through paper and pencil, it

is expected that the test which fulfills the first purpose previously described is paper

41



42

and pencil based. In order not to add an unnecessary variable to the research, the second

part of this purpose is accomplished by applying a computerized form of the test in the

original order. This application produces the constructs with which the ordered sequence

of the retest is compared to determine the degree of reproducibility.

The computer program by which the subjects were to take the computerized form

of the test keeps track both of the time that the subjects spend to make the first mistake

and the time that they need to complete the test. Through this procedure it is possible to

gather the information to answer the third purpose of this study.

Finally, the analysis of the results gathered by the retest provides the basis for the

discussion of the potential of the use of this approach to determine a learner's knowledge

level.

Instruments

Creation of Matrix Manipulation Tool

To perform the process of deriving Matrix One through Matrix Five, and then the

resulting difficulty strata scale, the constructs necessary to achieve the steps of ordering

analysis, a computer program, RightOrder, was written in Visual Basic. The RightOrder

Program, both executable and code files, is available in Appendix H, Disks I and 2

respectively. Visual Basic was chosen as the programming language both because it

permits the display of high quality, complex graphics and because it easily manages

multidimensional data arrays.
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The program reads an ASCII test file containing the results, in the form of a

matrix of l's and O's, of a test application and assigns row and column numbers and

marginal row and column totals, thus producing Matrix One (Figure 1). The next step

the program performs is the sorting of the rows and columns according to row and

column totals, thereby deriving Matrix Two (Figure 2). Next, the program compares all

of the responses to a given item to all of the responses of each of the other items. This

comparison allows the derivation of Matrix Three (Figure 3), the

dominance/counterdominance matrix. Subsequently, the program uses the raw

dominance/counterdominance numbers to generate Matrix Four (Figure 4), the graphical

representation of the probability that the response pattern for any pair of items is

reproducible. Employing McNemar's (1969) formula for transforming proportions into

z-scores (p. 56), the program next creates Matrix Five (Figure 5), which is a conflux of

the probabilities of Matrix Four and the dominance/counterdominance proportions of

Matrix Three. The computer program contains the z values from Table C. 1 from Hinkle,

Wiersma, & Jurs, 1994, pp. 618-620 and the corresponding values for the "Area beyond

z." The user can select the critical z-score value from the table, and the program utilizes

this value as a parameter to construct a difficulty strata scale, automatically placing the

appropriate items in their levels of relative difficulty. At the same time, to enhance the

interpretation of the difficulty strata scale, the program supplies a matrix showing each

item and the items for which it is a predecessor (Figures 6a and 6b).

As adjunct information, RightOrder also produces two tables, one showing the

number and ratio of confirmations and disconfirmations by subject, and the other
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showing the same information by item. In addition, this part of the program displays the

total number of and ratio between confirmations and disconfirmations.

The rationale for including this feature in the program is that it permits

identification of subjects and/or items that demonstrate abnormalities and therefore

might require special consideration.

The computer program also, during the manipulation and generation of the series

of matrices, captures the necessary arithmetic elements and calculates and displays the

CT3 index of homogeneity. If the CT3 is unsatisfactory, the confirmation/

disconfirmation tables can indicate which subjects or items the removal of which might

improve the acceptability of the CT3. If one or more subjects, or one or more items,

have an inordinate amount of disconfirmatory responses, the researcher can use the

program to automatically remove any subjects or items that contribute to the imbalance

of disconfirmatory elements. This generates a new raw data file that in turn can be the

basis for a separate analysis and is meant to be a means to exclude outliers from the test

under investigation, if such exclusion is warranted by circumstances.

One other feature of the program deserves mention; it generates a random

selection of the respondents to a test, either with or without replacement, as the user

chooses, and performs the entire analysis on that portion of the information. This is

useful when a researcher examines only part of a large sample or when a researcher

wants to compare the results of various subgroups.

Matrices one through five, the Difficulty strata scale and predecessor matrix, and

the two confirmation/disconfirmation tables are displayed on the computer screen. The
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program can also produce a printout of each matrix and table, a printout that maintains

the integrity of each construct regardless of its size. This is done by formatting each

printed page to hold a piece of the matrix in question so that when joined together the

pages form the entire matrix.

Assessment Mechanism

The computer program that administers the test was also developed for this study.

The executable and code files of the program, called MathTest, are available in

Appendix H, Disks 3 and 4 respectively. This program is a Visual Basic application that

incorporates a specially designed interface that appears to be adequate and friendly to the

target population. In the interface evaluation phase with the Calhoun students, the

subjects seemed to understand what was being expected from them and demonstrate

enjoyment with the experience. The Calhoun teachers, in a meeting with this researcher,

confirmed the probable adequacy of the interface and they used expressions like "neat"

and "great" when exploring the test. There is an introductory screen where by clicking

with the mouse on the gender, month, day, and year of birth, and then on the name of the

subject's previous school, the learner enters the demographic details. The screen where

the questions are presented contains three distinctive spaces. It is divided in half and the

upper part is divided in two. The upper left section contains the question. Its background

is white and the instructions and numbers black using a bold font size 14, which makes a

very clean display. The upper right contains instructions and a space for the student to

enter the answer to the question. The program does not allow the student to go to the next
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question without answering the current one. There is an optional "Don't Know" button

that allows the student to go to the next question without struggling to answer a question

which is obviously beyond the student's scope. The student is not allowed to go back

and review questions and answers. The lower half of the screen is a work area. The

learners have available in this area a copy of the problem, math symbols, and numbers

from zero to nine. By clicking and dragging, the student can use this resource as support

to produce the test response. Pencil and paper is also be available to the students, since

not all prefer or are comfortable with using the computer screen as a scratch pad.

The computer program tracks the time spent to establish the knowledge level as

well as the total time spent on the test. The program also records each student's answers

as correct or incorrect, providing a file for future analysis.

Selection and Calibration of an Assessment Instrument

Cooperation from University of North Texas (Appendix A), Lawrence Livermore

National Labs, AMR Training and Consulting Group of American Airlines, and Denton

Independent School District was generously extended in the search for an appropriate

assessment tool. Eventually, a mathematics test with the necessary characteristics was

found at Calhoun Middle School (Appendix B). This test is designed to screen seventh-

grade students entering the advanced math program. It has been used for years and gives

consistent results. This test was located by contacting some of the Calhoun teachers and

finding out about the seventh grade mathematics placement test. As described by one of

the seventh grade Calhoun math teachers, this test was written by an unknown previous
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teacher and standard summative scores have been established to place the seventh grade

students at different levels of mathematics study and also to identify students who would

benefit by going to advanced mathematics class (Appendix C).

In order to have access to the test results, it was necessary to follow the

regulations of Denton ISD that required filling out of a form and returning it

accompanied by a research report which clearly laid out the steps of the investigation.

The study project was approved by the Denton ISD and Calhoun Middle School so that

the school became aware of all of the steps necessary to complete the research project in

case the preliminary data analysis revealed that the test possessed the necessary pre-

established condition of the research.

After approval was obtained, a cluster sample of test results was made available

by the school. This cluster was formed by one of the three seventh grade teams. The

selected team has 96 students. However, due to multiple factors like ESL students not

being included in the test population, some students in Special Ed going to regular school

only late in the year, some students being absent at the test time, only 85 test results were

available. The test was administered on two consecutive days and the students had the

entire class period, 50 minutes, to complete half the test. The 85 answer sheets were

photocopied without the names of the respondents to preserve their anonymity, as

required by school district rules. Because of the uncertainty of the adequacy of the test

results for this research, no demographic data was collected in this preliminary sample.

Although the principal and staff of Calhoun were very friendly and cooperative, they

made it clear that they were very busy and had no extra time to spend on unnecessary
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details. The answer sheets were used to make an ASCII text file in the form of a matrix

of l's and O's to serve as input for RightOrder.

Research Participants and Technical Resources

As previously agreed with the school, the same seventh grade team of students

from which test results were made available in the calibration phase of this study were

the subjects in the interface evaluation phase. The students were sent to the school

library in groups of 12 at a time to take the test in its new form. Demographic data,

gender, age, and previous elementary school were also collected by the program. This

data was gathered for possible future research.

Calhoun Middle School is Macintosh based. The computer program that

supported the data collection is a Windows based application. The Department of

Technology and Cognition of the University of North Texas offered to make available

nine IBM computers to be used in the data collection of this research. Also, Calhoun

Middle School provided some IBM compatible computers, so 12 units were available for

the interface evaluation phase.

Several modifications were made to the computer program because of the

interface evaluation phase. Math symbols like percentage signs, commas, and "R" for

"remainder" were added to the acceptable user input in the answers.

A search of the Dallas-Fort Worth metroplex area resulted in finding Irma Marsh

Middle School, an institution willing to collaborate in the data collection necessary to

further this research. Irma Marsh Middle School is also a Macintosh based school. The
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same nine IBM computers made available by the Department of Technology and

Cognition of the University of North Texas plus another 15 computers, a mix of IBM

machines and IBM clones, were made available by the Irma Marsh Middle School. A

total of 24 computers were set up in the school library. A team of seventh grade students

was made available by the school to take the math test in the next two phases of this

study. Ninety-eight students were tested in the first test application and 101 were present

at the retest. At Marsh Middle School, for the chosen seventh grade team, math is taught

to different groups in each of the seven periods except for the second, which is

preparation time for the teacher. The students were sent to the school library in groups of

24 from the math class. The full test and the retest were taken by the entire team in a

two-day period because of the need to have groups of 24 students at a time. Based on

what was discovered during the interface evaluation phase, the plan was for each group

to take the test in two entire class periods (100 minutes), but if a student needed more

time, the student stayed until finished. This happened on about five occasions. On the

first day students from the first, third, and fifth period were tested. On the second day

students from fourth and seventh period were tested.

Data Collection Procedures

The students were introduced to the test situation by the school's librarian or the

math teacher. These educators emphasized to the student the importance of their

participation in a research project and introduced the researcher, explaining why this

study was being conducted. Students were asked to do their very best. The researcher
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gave an overview of the test to be taken, explaining to the student the general nature of

the test items and how to operate the computer program. The math teacher, school

librarian and this researcher helped the students get started. The math teacher was asked

to leave after the beginning of the test to avoid the students' asking for her help with the

math problems. Even though the computer program by which the student took the test

had an electronic scratch pad, paper and pencil were made available to the student and

most made extensive use of them (Appendix D).

To test the hypotheses in question in this study, the computerized form of the

original paper and pencil based test was taken on computer in original item sequence

order by seventh grade students of Irma Marsh Middle School. The results of this

application were analyzed by RightOrder and a number of difficulty strata scales were

generated, using a different critical z-value for each. The choice of which difficulty

strata scale to use, the one with a critical value of .25, in order to rearrange the test for

the retest, was made in a meeting with two experts from the University of North Texas

Department of Technology and Cognition and this researcher.

The retest was done in the same manner and with the same subjects as the

computerized form of the original test. In this reapplication, the subjects responded to

one item from each stratum of difficulty until an item was answered incorrectly. Then all

of the unanswered items of the test were presented in the ascending order of the difficulty

strata scale. The program ascends one level with each item until the subject answers

incorrectly, which is in accordance with the ordering theory approach. The level on

which the subject makes his first incorrect response determines the point in the difficulty
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item scale that is one level above the learner's knowledge level. Therefore if a student

misses a question from level seven, the learner's knowledge level is established as six.

The empirical technique to verify the accuracy of the methodology under investigation is

the application of the remaining questions of the test. In the example above cited, the

learner, having responded to seven of the 65 items, would be presented with the other 58.

The program is able to handle the situation in such a way as to return to the beginning of

the difficulty strata scale and apply the questions not yet presented to the student,

following the order of difficulty reflected by the difficulty strata scale.

Summary

This study depends on several factors, the first of which is finding an active test

with an homogeneity index, CT3 (Cudeck, 1980), between .3 and .5. Such a test, the

Calhoun Middle School math test, was found. The next factor is the transformation of

the test from paper and pencil to computer format. A computer program, MathTest, was

written to do this. Another fundamental factor is the analysis of the data resulting from

the applications of the computerized test. This was done by writing another computer

program, RightOrder, which receives the results in the form of ASCII matrices in the

form of l's and O's, performs the necessary calculations and matrix manipulation to

determine the degree of difficulty of each test item, and constructs a difficulty strata

scale. Irma Marsh Middle School was the final essential factor, for the personnel of this

institution generously offered their time, interest, and energy to provide the students who

took two applications of the same test, the first in the original item order and the second



52

in the item order determined by the difficulty strata scale selected as the most appropriate

for the study. MathTest, the computer program used to apply the test, captures and

evaluates each student's answers and also captures both the amount of time required to

find each student's knowledge level and the amount of time required for each student to

complete the entire test. The difficulty strata scales generated by RightOrder are

statistically compared to each other to determine their degree of congruency, and the

captured data is used to investigate comparative testing times, and whether this method

can determine a student's knowledge level.



CHAPTER 4

PRESENTATION AND ANALYSIS OF DATA

Introduction

In this chapter are presented the data from and the analysis of the paper and

pencil application of the math test from Calhoun Middle School, the application of the

computerized form of the test in the original order at Irma Marsh Middle School and the

retest from Irma Marsh Middle School. All the data used to test the hypotheses under

investigation by this study were collected in April of 1997.

Paper and Pencil

The paper and pencil application of the Calhoun math test was the calibration

phase of this study. Due to the intention of this researcher to conduct a study using a test

in actual use instead of developing a new assessment tool, the nonexistence of such a

test would have made impossible the completion of this project in the form originally

conceived. Therefore, the preliminary data analysis was done to verify if some

assessment instruments in use in the educational field conform to the CT3 range (.3 to .5)

found by Cudeck (1980) to be acceptable.

There are some problems that one must take into consideration when working

with any standard or quasi-standard test, for the people responsible for them feel strongly

about preserving the integrity of the test, about keeping the test secure. In addition, many
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people in education today are very worried that they may be doing something wrong

when giving out information about their students. Thus, a researcher's access to this kind

of data is restricted.

Having encountered a test in use with a Cronbach's alpha index of .91 (SPSS for

Windows, 1993), a school willing to participate, and the results of an adequate sample of

subjects, this researcher was able to proceed with the following analysis, employing

RightOrder to manipulate and display the necessary permutations of the data, which can

be seen upon installing the program (Appendix H, Disk 1).

In the first run of the results of the Calhoun mathematics test, paper and pencil

application, the results of the 65 test items for 85 subjects were analyzed (Table 1). The

CT3 was found to be .357, a value within Cudeck's range of acceptability (.3 to .5).

Table I

RightOrder analysis: Calhoun math test data, first run

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

85 None 65 None .357 .91

The matrix of ratios of disconfirmation to confirmation by subjects, an illustration

of which is shown in Figure 7, and which can be seen upon installing the program

(Appendix H, Disk 1), shows that no subjects have a ratio above 50%; that is to say, the

amount of disconfirmation that each subject had for each item does not exceed half the

amount of confirmation for the same item.
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Figure 7

A sample disconfirmation/confirmation ratio by subject

Total Confirmations: 21, Total Disconfirmations: 9, Percentage: 42.9
Subject Disconfirmations Confirmations Percentage

3 2 2 100
4 3 3 100
6 2 2 100
5 2 4 50
2 0 6 0
1 0 4 0

The matrix of percentage of disconfirmation to confirmation by items, an

illustration of which is shown in Figure 8, and which can be seen upon installing the

program (Appendix H, Disk 1), shows that for seven items the ratio of disconfirmation to

confirmation is above 50%.

Figure 8

A sample disconfirmation/confirmation ratio by item

Total Confirmations: 21, Total Disconfirmations: 9, Percentage: 42.9
Item Disconfirmations Confrmations Percentage

3 3 5 60
4 3 5 60

5 3 9 33

1_ 0_2 0

2 0 0 0

To investigate the possibility of isolating outliers which affect the CT3, the seven

items were removed from the sample on the second run (Table 2).

The analysis without the items with more than 50% of ratio of disconfirmation to

confirmation (Table 2) presents a CT3 of .358, which is .001 more than the CT3
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obtained from the original data of .357. Again no subjects showed a ratio of

disconfirmation to confirmation above 50%.

Table 2

RightOrder analysis: Calhoun math test data, second run

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

85 None 58 _50% of .358 .91

disconfirmations

The obtained CT3 of .357 from the first run satisfied the proposed range of .3 to

.5 as an acceptable reliability for an instrument (Cudeck, 1980) and the rise of .001 in the

CT3 when removing the inconsistent items does not seem to be significant.

By the results of the pilot study (Appendix A) and this calibration phase, it seems

that when a test has an underlying ordered sequence it is revealed by ordering theory

analysis. The further manipulation of the results of a test with this characteristic can

define a portion of the original data with an optimized result that can be used when

justified by the situation. On the other hand, in tests in which each item is a sub-test by

itself the search is for a nonexistent order and is therefore in vain.

Computerized Format, Original Order

The results of the application of the computerized format of the math test in

original order from the Irma Marsh School seventh grade team of students captured by
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the MathTest program were transformed into an input file for analysis by the RightOrder

Program, which can be seen upon installing the program (Appendix H, Disk 1).

In the first run of the computerized format in the original order, the results of 65

test items for 98 subjects were analyzed. The analysis (Table 3) reveals a CT3 of .280.

Table 3

RightOrder analysis: Irma Marsh School, computerized format, original order, first run

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

98 None 65 None .280 .89

The value of the CT3 of .280 is close to the lower boundary of the range of

acceptable values proposed by Cudeck (1980) of .3 to .5. A CT3 within this range

indicates that there is an ordered sequence relationship among the items and that this

order is reflected by the response patterns of the subjects. Consequently, such a CT3

value means that the answer pattern of a subject may be used to estimate that subject's

knowledge level. From the result of any dichotomous test it is possible to derive a

difficulty strata scale. The CT3 associated with this difficulty strata scale is the

measurement by which one can determine the degree to which there is a predecessor

relationship among the items of the test. The CT3 reflects the extent of confirmatory and

disconfirmatory answers in relation to the ordered sequence that underlies the test items.

Cudeck's Monte Carlo study determined that a CT3 in the range of .3 to .5 represents an

acceptable degree of homogeneity.
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The analysis of the paper and pencil application of the Calhoun math test shows

that the 65-item test is a reliable instrument as indicated by the Cronbach's alpha of .91

and that the items have a predecessor relationship among them as indicated by the CT3

of .357 (Table 1). The analysis of the computerized form of the same test applied in its

original order had a Cronbach's alpha of .89 and a CT3 of .280. The CT3 below the

lower boundary of Cudeck's range encouraged this researcher to identify the subjects the

answer patterns of which had affected the CT3 value.

A systematic implementation of random sampling was used in an attempt to

ascertain if a small group of the total population had significantly different answer

patterns and thus had contributed to the reduction in CT3 value. After numerous

experimental runs selecting various portions of the subject population, a group of 28

subjects that exhibited a CT3 of .156 and a Cronbach's alpha of .81 were found (Table

4). When the 70 subjects representing the major portion of the population were

examined, they manifested a CT3 of .329 and a Cronbach's alpha of .91 (Table 4). The

value of the CT3 of .156 is considerably farther from the lower boundary of the range

that indicates an acceptable level of homogeneity. Since the CT3 value for the

population rose to .329 with the exclusion of the results of these 28 subjects, it seems that

they concentrate a high percentage of error in relation to the population.

The systematic random sampling technique appears to have isolated a small group

that differs from the main population in that they do not exhibit acceptable homogeneity

of knowledge structure due to variables beyond the scope of this study. The disparity

between the small group of 28 and the large group of 70 might be caused by
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undetermined variables like the degree of novelty in taking the first computerized test,

general level of comfort with computers, amount of distraction in the environment, or

lack of attention to the task at hand.

Table 4

RightOrder analysis: Irma Marsh School, computerized format, original order, second run

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

70 Random with 65 None .329 .91

replacement

Selected 12 4 5 8 9 10 11 12 13 14 15 17 18 2122 23 24 25 26 28 30 3133 37
subjects

38394243444547484950515253545658596061636467

69 70 7174 75 76 77 79 80 82 84 85 86 87 88 89 90 9194 95 96 97

98

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

28 Random with 65 None .156 .81

replacement

Selected 3-6 7 16 19 20 27 29 32 34 35 36 40 4146 55 57 62 65 66 68 72 73 78
subjects

81839293

The 70 selected subjects form a group with a pattern of answers more in

accordance with the ordered sequence than the pattern of answer for the entire group.

The difficulty strata scale resulting from the analysis of the answers of the entire 98
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subjects (Table 5) and the one resulting from the 70 randomly selected subjects (Table 6)

are similar, as shown by statistical examination.

Table 5

Difficulty strata scale, 98 subjects, z .25

Level 41_ 64. (16)'/2 56. 1/3% of 600 is

Level 40 57. 4.6% of 40 is

Level 39 41. 212/3 x 19 %
Level 38 60. 60 = % of 400

Level 37 _58. 30 is % of 120 32. 2 5/7+3 1/4+1 2/5
Level 36 55. 140% of 20 51. 33 1/3% as fraction
Level 35 59. 8 is 20% of 50. 4% as fraction
Level 34 54. 7/100 as decimal

Level 33 _43. 5 2/3 x 3/4

Level 32 53. 1/5 as decimal 33. 9 1/5+6 2/7+4 4/5
Level 31 27. 682/6.2

Level 30 45. 3/4+ 4 3/4

Level 29 61. (-3)(+8)

Level 28 37. 6 1/4 - 5/6 65. 8xy - 4xy 46. avg. 97,26,45,82
Level127 38. 19 1/3 - 114/5 40. 3/4 x 12 36. 7 -2 5/7
Level 26 28. 2862/356 52. 6 1/2 as decimal 30. 3 5/7+6 3/7
Level 25 44. 3/5 + 5/7
Level 24 63. (22)3
Level 23 42. 3/8 x 8/15 21. 2.759 x 7.3
Level 22 24. 698/6

Level 21 26. 8283/41

Level 20 49. 9/100 as % 20. 240.3 x 29
Level 19 62. 43

Level 18 47. 1/4 as % 35. 53/4+33/4

Level 17 34. 5/8+1/8

Level 16 39. 3/5 x 5/7 14. 600803 -7029
Level 15 31. 1/8+1/2+1/4 29. 1/4+1/4 25. 8.092/4
Level 14 19. 747-106

Level 13 48. 0.65 as%
Level 12 18. 743 x 8

Level 11 13. 7305-640

Level 10 12. 534-137

Level 9 7. 18+6783+845+2252 6. 432+147+255
Level 8 17. 240 x 4 11. 93-47

Level 7 23. 27/9 22. 6/3 10. 13 -7
Level 6 15. 2x4

Level 5 16. 13 x 3

Level 4 9. 8-7 8. 9-0

Level 3 3. 31+15+50 2. 5+1+3 1. 4+1
Level 2 4. 7+5

Level 1 5. 78+5
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Table 6

Difficulty strata scale, 70 subjects, z =.25

Level 33 64. (16 )V2 56. 1/3% of 600 is _

Level 32 57. 4.6% of 40 is

Level 31 41. 212/3 x 19 %

Level 30 60. 60 = % of 400

Level 29 58. 30 is % of 120 50. 4% as fraction
Level 28 59. 8 is 20% of 32. 2 5/7+3 1/4+1 2/5
Level 27 55. 140% of 20 54. 7/100 as decimal 43. 5 2/3 x 3/4
Level 26 51. 33 1/3% as fraction
Level 25 61. (-3)(+8) 53. 1/5 as decimal 45. 3/4+4 3/4 27. 682/6.2
Level 24 33. 9 1/5+6 2/7+4 4/5

Level 23 46. avg. 97,26,45,82

Level 22 65. 8xy -4xy 37. 6 1/4 -5/6 36. 7 -2 5/7
Level 21 38. 19 1/3 - 114/5
Level 20 44. 3/5+ 5/7 40. 3/4 x 12
Level 19 52. 6 1/2 as decimal 30. 3 5/7+63/7 28. 2862/356 21. 2.759 x 7.3
Level 18 63, (22)3 24. 698/6 42. 3/8 x 8/15

Level 17 26. 8283/41

Level 16 49. 9/100as %

Level 15 20. 240.3 x 29

Level 14 62. 43 47. 1/4 as %

Level 13 35. 5 3/4+3 3/4 34. 5/8+1/8 39. 3/5 x 5/7
Level 12 14. 600803 - 7029
Level 11 31. 1/8+1/2+1/4 29. 1/4+1/4 19. 747-106
Level 10 25. 8.092/4

Level 9 48. 0.65 as %
Level 8 13. 7305 -640 18. 743 x8
Level 7 12. 534-137

Level 6 7. 18+6783+845+2252 6. 432+147+255
Level 5 23. 27/9 22. 6/3 11. 93-47 10. 13-7
Level 4 17. 240 x 4 16. 13 x 3 15. 2x4
Level 3 9. 8-7

Level 2 8. 9-0 4. 7+5 2. 5+1+3 1. 4+1
Level 1 5. 78+5 3. 31+15+50

A Pearson r of .99 (SPSS for Windows, 1993), a very high positive correlation

(Hinkle, Wiersma, & Jurs, 1994, p. 119), was found by comparing the level occupied by

each item in Table 5 with the level occupied by the same item in Table 6. This degree of

correlation implies that the difficulty strata scale generated from the results of the

randomly selected group of 70 subjects (CT3 of .329) is not significantly different from

the difficulty strata scale generated from the results of the entire population of 98

subjects with a somewhat lower CT3 of .280.
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The choice of using the difficulty strata scale with z = .25 to reorganize the test

item order for the retest was made in a meeting with two experts from the University of

North Texas Department of Technology and Cognition and this researcher. The .25

critical value was chosen because it resulted in the difficulty strata scale with the most

even distribution of items. In the same meeting, it was decided to exclude Item I from

the data analysis because the test does not have practice items and thus could be

influenced by first item bias. In addition, the group selected the following sequence of

items to represent the respective 33 levels: 3 2 9 15 10 6 12 18 48 25 19 14 39 62 20 49

26 63 21 44 38 36 46 33 27 51 43 32 50 60 41 57 56. These items, with four exceptions,

are the items that the computer program placed in the rightmost column in the difficulty

strata scale (Table 6). The exceptions are (a) Level 2, where Item I was excluded

because it was presented first and in the later data analysis considered only as a practice

item, (b) Level 14, where Item 62 was chosen, (c) Level 18, where Item 63 was chosen,

and (d) Level 20, where Item 44 was chosen. These changes were made by the experts,

who examined the items and counted how many of each kind were present in the

sequence, in order to guarantee that all varieties of math questions were represented in

approximately equal numbers.

Computerized Format Retest

There were 101 subjects in the group that appeared for the retest. Four subjects

answered question number one incorrectly and their results are not included in the

analysis because an incorrect answer for item number one caused the subject to take the
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test in the original order. This meant that the retest for these subjects did not reflect the

ordering theory principles that were being tested. This exclusion left 97 subjects

(Appendix F). From the 70 randomly selected subjects forming the basis for the

difficulty strata scale that determined the reordering for the retest application (Table 6),

65 took the retest. The results of the retest were transformed into two input files for

RightOrder analysis (Appendix G), one containing results from 97 subjects and the other

from 65 subjects. The result of these analyses are reported in Tables 7 and 8.

Table 7

RightOrder analysis: Irma Marsh School, computerized format, retest, 97 subjects

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

97 None 64 None .290 .90

Table 8

RightOrder analysis: Irma Marsh School, computerized format, retest, 65 subjects

Subjects Subject Items Item Selection CT3 Cronbach's
Selection Alpha

65 Random 64 None .300 .90

from the full

application

Selected 14 8 9 10 11 12 14 15 17 18 2122 23 24 25 26 28 30 3133 37 38 39
subjects

42434447484950515253 545658596061636467697071

7475767779808485 8687888990919495969798
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The CT3 of .280 and Cronbach's alpha of .89 (Table 3), from the 98 subjects who

took the computerized test in the original order are similar to the CT3 of .290 and

Cronbach's alpha of .90 (Table 7), from the 97 subjects who took the computerized

retest. The CT3 of .329 and Cronbach's alpha of .91 (Table 4), from the 70 randomly

selected subjects who took the computerized test in the original order are similar to the

CT3 and Cronbach's alpha, .300 and .90 respectively (Table 8), from the 65 subjects who

took the computerized retest. The results of the two computerized applications show

strong similarity according to the statistical indices utilized in the analysis.

The findings of this study led to acceptance of Hypotheses I and 2 and not

Hypothesis 3. Hypothesis I holds that the difficulty strata scale generated by RightOrder

from the computerized retest, using a z-score to be determined as critical value, is

congruent with that derived from the analysis done on the data of the first application of

the computerized test. To answer this hypothesis, Pearson r and Kendall correlation

indices were generated (SPSS for Windows, 1993). There is a very high correlation

between the difficulty strata scales derived from the 70 randomly selected subjects (Table

6) from the first application and the one derived from the 65 subjects of the 70 subjects

that were retested (Table 10), as the two indices, the Pearson r of .98 and the Kendall of

.89 indicate. The difficulty strata scale from the 70 randomly selected subjects (Table 6),

which serves as the basis of the reorganization of the test items on the retest, showed

some support for the purpose of this study, for it was not only highly correlated with the

difficulty strata derived from the 65 pairwise subjects that were retested (Table 10) but
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also with the difficulty strata scale generated from the entire population of 97 subjects of

the retest (Table 9), as the Pearson r of .98 and the Kendall of .90 indicate (SPSS for

Windows,1993).

Table 9

Difficulty strata scale, 97subjects of the retest, z = .25

Level 41 56. 1/3% of 600 is

Level 40 60. 60 = % of 400
Level 39 64. (16) 41. 212/3 x 19 % 32. 25/7+3 1/4+12/5
Level 38 57. 4.6% of 40 is
Level 37 58. 30 is % of 120
Level 36 51. 33 1/3% as fraction 50. 4% as fraction
Level 35 55. 140%of 20 45. 3/4+4 3/4

Level 34 43. 5 2/3 x 3/4

Level 33 53. 1/5 as decimal 59. 8 is 20% of 27. 682/6.2
Level 32 61. (-3)(+8)

Level 31 54. 7/100 as decimal

Level 30 33. 91/5+62/7+44/5

Level 29 38. 19 1/3 - 114/5
Level 28 37. 6 1/4 - 5/6 46. avg. 97,26,45,82

Level 27 65. 8xy -4xy 40. 3/4 x 12 36. 7 - 2 5/7
Level 26 44. 3/5+ 5/7 28. 2862/356
Level 25 26. 8283/41
Level 24 21. 2.759 x 7.3
Level 23 52. 6 1/2 as decimal 30. 35/7+63/7
Level 22 20. 240.3 x 29
Level 21 42. 3/8 x 8/15
Level 20 24. 698/6 63. (22)3

Level 19 47. 1/4 as %

Level 18 35. 5 3/4+3 3/4

Level 17 14. 600803 - 7029

Level 16 49. 9/100 as% 39. 3/5x 5/7
Level 15 62. 43

Level 14 25. 8.092/4

Level 13 31. 1/8+1/2+1/4 19. 747 - 106 34. 5/8+1/8
Level 12 29. 1/4+1/4
Level 11 18. 743 x 8 9. 8-7
Level 10 13. 7305 -640

Level 9 48. 0.65 as% 12. 534-137

Level 8 11. 93-47
Level 7 10. 13-7 7. 18+6783+845+2252
Level 6 16. 13 x 3 15. 2 x 4 6. 432+147+255
Level 5 5. 78+5
Level 4 3. 31+15+50

Level 3 17. 240 x 4 8. 9-0
Level 2 23. 27/9 4. 7+5

Level 1 22. 6/3 2. 5+1+3
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Table 10

Difficulty strata scale, 65 subjects of the retest, z=.25

Level 34 64. (16)V 60. 60 =_% of 400 56. 1/3% of 600 is _

Level 33 41. 212/3 x 191/ 32. 2 5/7+3 1/4+12/5
Level 32 57. 4.6% of 40 is

Level 31 58. 30Ois %of 120 50. 4% as fraction

Level_30 51. 33 1/3% as fraction

Level 29 61. (3)(+8) 55. 140%of 20 45. 3/4+4 3/4
Level 28 33. 9 1/5+62/7+4 4/5

Level 27 59. 8 is 20% of 53. 1/5 as decimal 43. 5 2/3 x 3/4 27. 682/6.2

Level 26 54. 7/100 as decimal

Level 25 37. 6 1/4-5/6

Level 24 38. 19 1/3 - 11 4/5 36. 7 - 2 5/7

Level 23 44. 315+5/7 46. avg. 97,26,45,82

Level 22 40. 3/4 x 12 26. 8283/41
Level 21 28. 2862/356 65. 8xy-4xy 21. 2.759 x 7.3

Level 20 30. 3 5/7+6 3/7 20. 240.3 x 29

Level 19 52. 6 1/2 as decimal 42. 3/8 x 8/15 63. (223

Level 18 24. 698/6

Level 17 47. 1/4 as % 35. 53/4+33/4

Level 16 14. 600803 -7029 62. 43 49. 9/100 as % 39. 3/5 x 5/7

Level 15 25. 8.092/4

Level 14 31. 1/8+1/2+1/4

Level 13 34. 5/8+1/8

Level 12 19. 747-106 29. 1/4+1/4
Level 11 _18. 743 x 8

Level 10 13. 7305-640 9. 8-7

Level 9 12. 534-137

Level 8 48. 0.65 as%

Level 7 11. 93-47

Level 6 10. 13-7

Level 5 15. 2x4 7. 18+6783+845+2252
Level 4 16. 13 x 3 5. 78+5

Level 3 17. 240 x 4 6. 432+147+255 4. 7+5

Level 2 23. 27/9 8. 9-0 3. 31+15+50

Level 1 22. 6/3 2. 5+1+3

Figure 9 graphically represents these relationships. Three sets of results, one

from the initial application of the computerized test in original order (pretest) and two

from the retest, are charted. Perusal of the curves reveals that the full population retest

curve follows the pretest curve. The curve representing the 65 retest subjects also
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included in the 70 subjects of the pretest approximates the pretest curve more closely in

all cases.

Figure 9

Correlation of the items in the difficulty strata scales
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For the sake of completeness, the difficulty strata scale generated from the

analysis of the entire population of 98 subjects that were present at the first application of

the computerized test, even though it was not used as the basis for the reorganization of

the retest test items, was compared with both difficulty strata scales from the 97 and the

65 pairs. The Pearson r for both cases of .97 and the Kendall correlation of .90 and .88

(SPSS for Windows,1993), respectively, show a very high level of agreement.

5I
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Hypothesis 2 holds that the time spent to establish the knowledge level is shorter

than the time spent taking the full test. To answer this hypothesis, the MathTest program

tracked the time spent by the students before the occurrence of the first mistake

(Appendix G), which establishes the knowledge level, and the time spent in the entire test

(Table 11).

Table 11

Minutes used by subjects to determine knowledge level and to finish the entire test

Subject 1 Knowledge Total Subject Knowledge
Level Test

1 0 39
2 5 83
3 4 36
4 0 27
5 5 173
6 4 86
7 1 58
8 2 38
9 13 136

10 9 45
11 0 55
12 0 53
13 9 67
14 9 120
15 1 62
16 1 30
17 34
18 5 31
19 i 134
20 4 45
21 3 49
22 5 41
23 4 111
24 13 59
25 2 38
26 6 36
27 0 28
28 5 40
29 4 48
30 2 31
31 0 46.
32 0 48
33 1 112
34 5 38
35

Level
Total
Test

36 14 43
37 18 68
38 7 36
39 7 33
40 4 71
41 1 51
42 4 40
43 24 53
44 2 71
45 1 48
46 5 34
47 8 45
48 2 36
49 11 55
50 6 30
51 1 30
52 4 50
53 1 58
54 5 151
55 17 40
56 4 31
57 2 155
58 3 52
59 4 43
60 16 153
61 1 65
62 8 50
63 3 28
64 9 120
65 0 54
66 0 37
67 4 37
68 18 94
69 1 123
70 1 0 42

Subject Knowledge Total
Level Test

71 1 17
72 5 38
73 9 32
74 1 142
75 8 49
76 5 34
77 4 37
78 1 135
79 5 39
80 2 23
81 9 135
82 2 36
83 11 25
84 3 134
85 0 34
86 13 41
87 26 166
88 1 41
89 4 32
90 2 52
91 5 137
92 4 48
93 1 27
94 0 108
95 1 59
96 1 33
97 2 39

36

fin

I -



69

A paired sample t test was executed (SPSS for Windows, 1993) on each pair of

times, the time spent to establish the knowledge level and the time spent to complete the

test, in order to determine if the ordering theory based procedure required less time to

establish the knowledge level than by taking the entire test. At alpha = .05 and with 96

degrees of freedom the t test of 14.87 indicates that there is a statistically significant

difference between the time that the group spent in each phase of the test. The mean of

the two phases of the test are 4.73 and 61.16 minutes respectively. The standard

deviations are 5.25 and 38.92 respectively (Table 12).

Table 12

SPSS Paired t-test output
Number of 2-tail
Variable pairs Corr Sig Mean SD SE of Mean

TKNWLEV 4.5842 5.201 .517
97 .245 .014

TTOTAL 60.5842 38.795 3.860

Paired Differences
Mean SD SE of Mean t-value df 2-tail Sig

-56.0000 37.859 3.767 -14.87 96 .000
95% CI (-63.474, -48.526)

The shortest time to establish the knowledge level is zero (less than 30 seconds,

since the time is calculated to the nearest minute) and the longest time 26 minutes. The

shortest time to take the entire test is 17 minutes and the longest time 173 minutes. Only

subject 71 has a total time spent on the test, 17 minutes, smaller than the longest time, 26

minutes, spent by subject 87 to establish the knowledge level.

Hypothesis 3 holds that the test, reordered according to ordering theory principles,

is an accurate method of establishing knowledge level. To answer this hypothesis, the
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Observed Knowledge Level (Appendix E), one level below the stratum in which the

student misses one question, was captured by MathTest (Appendix G). The

establishment of the knowledge level implies, following ordering theory principles, that

the subject will not correctly answer the questions from the levels above that point on the

difficulty strata scale and the subject will correctly answer all the questions below that

point in the difficulty strata scale. To test the accuracy of the application of this

approach as a way to confidently establish knowledge level, the entire test was applied to

provide data to see the extent to which the students answered the expected right answers

correctly and the expected wrong answers incorrectly (Appendix G).

The expected right answers are all of the test items in the difficulty strata scale

levels below the first mistake. Since the student answered only one item in each level

before the first mistake was made, any level in this range with more than one item

contributes expected right answers. A Pearson r (SPSS for Windows, 1993) of 1.00

between expected right answers of the items in these levels and observed right answers

strongly supports this ordering theory principle. Conversely, the expected wrong answers

are all of the test items in the difficulty strata scale levels at and above the first mistake.

All the levels in this range contribute expected wrong answers. A Pearson r (SPSS for

Windows, 1993) of only .47 between expected wrong answers of the items in these

levels and observed wrong answers suggests that stopping at the first mistake, as the

ordering theory principle states, may not be the most accurate way to establish the

knowledge level.
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The True Knowledge Level (Appendix E) is defined as the total number of

difficulty strata scale levels in which the student correctly answered at least half of the

items in that level, and is a construct designed to distribute the error suggested by the low

correlation between the expected wrong answers and the observed wrong answers.

Applying the same statistical examination as with the Observed Knowledge Level, the

correlation between the expected and observed right answers is very high, .97, and the

correlation between the expected and observed wrong answers is also very high, .98. The

two high correlation indices seem to indicate that this is an adequate way of establishing

the true knowledge level. However, there is a practical disadvantage in using the true

level approach to establish the knowledge level. In order to find the True Level, at least

50% of the items in each of the difficulty strata scale level must be applied, which means

that the students would answer more items than may be necessary to define their

knowledge levels.

Summary

A test in active use and with acceptable homogeneity as measured by CT3, being

necessary to the successful completion of this project as initially conceived, was found at

Calhoun Middle School of Denton, Texas. The computer program RightOrder, written

for this project, was used to calculate the CT3. The test, in preparation for application in

this project, was transformed from a paper and pencil based test into a computerized test

by the writing of the computer program MathTest, which controls the sequence in which

the items are presented to the student, captures the subject's input, records answers as
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either a right or wrong, and records both the time elapsed before the first mistake and the

time elapsed to take the entire test.

The application of the computerized test was done first at Calhoun Middle School

in Denton, Texas, to evaluate the effectiveness of the interface. After the implementation

of several changes suggested by this experience, the first phase of the data collection for

this project was begun with the application of the computerized test in the original order

at Irma Marsh Middle School of Fort Worth, Texas, the personnel of which had agreed to

collaborate in the completion of this project.

The results of the first Irma Marsh School application were analyzed by

RightOrder, which first generated several random selections to finally produce a 70-

subject sample the responses of which manifested an adequate CT3 and then generated

several difficulty strata scales, from which was selected one with an item distribution

thought to be appropriate to the goals of this project. In the retest, 101 subjects took the

test, 65 of whom both were members of the 70-subject randomly selected sample and

produced usable sets of responses. This group of responses was compared to the

responses of the first Irma Marsh School application using a number of statistical

procedures.



CHAPTER 5

SUMMARY, CONCLUSIONS, RECOMMENDATIONS

Introduction

The successful completion of this research project is the result of the following

steps: (a) writing the computer program RightOrder to provide a tool to perform the

calculations and matrix manipulation necessary for this project, (b) finding an active test

with an acceptable homogeneity as measured by the CT3 (Cudeck, 1980) index, (c)

transforming the test into a computerized format that allows the capture of the necessary

information for this project, (d) applying the test in an interface evaluation phase to find

and correct interface errors, (e) applying the computerized test in the original order to

collect the initial data, (f) analyzing the initial data and constructing a version of the test

reordered according to ordering theory principles, (g) reapplying the reordered

computerized test to the same students to collect the retest data, (h) analyzing both the

initial and retest data and testing the results against the three hypotheses of this project.

RightOrder

The need to produce RightOrder was based on the lack of a computerized

instrument that would perform all the necessary calculations and manipulation of the

matrices involved in ordering theory principles. The long term purpose that guided

73
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RightOrder construction was to create a tool to execute the mechanics of ordering theory,

a tool that might eventually evolve into a user friendly program that would allow non-

technical people to proceed with learning hierarchy analysis through analysis of the test

items that reflect that hierarchy.

The analysis process executed in the process of this research project has

demanded the implementation of some additional features to the original program, such

as the tables containing the ratio of confirmation and disconfirmation by subject and

items and various printing setup options. The program in the present stage is able to

receive as input an ASCII text file in the form of a matrix of l's and O's containing the

results of a test that needs to be analyzed under the ordering theory principles. The

extensive file manipulation necessary to use the results of a test to reorder items so that

they became an input file for the post hoc analysis was executed through special routines

which are not included in the code of the program at this point.

An ancillary benefit in the process of building this program was a large

contribution to better understanding of ordering theory and its underlying principles, for

to write the detailed list of instructions which is a computer program requires an intimate

knowledge of the data the program works with.

Assessment Instrument

The purposes of this study led to the search for an instrument with the necessary

characteristics, validity, reliability, and most importantly, a CT3 (Cliff, 1977)

homogeneity index within the range of .3 to .5 as determined by Cudeck's Monte Carlo
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study (1980) as acceptable. This index is important because it implies a kind of

reliability. The CT3 is produced by the answer patterns of a group of subjects. A value

within the range of .3 to .5 indicates that there is a ordered sequence relationship among

the items and that this order is reflected by the response patterns. Consequently, a CT3

within the acceptable range means that the answer pattern of a subject may be used to

estimate that subject's knowledge level. Another necessity of this study was that the test

be reapplied with the items reorganized in difficulty strata scale format. Most of the

reliable and valid instruments which were inspected did not possess the required

homogeneity, or the authors would not allow the manipulation of the test items, or a

history of individual results for each test item was not kept. Fortunately, the subject

matter of the test was immaterial, so the hunt did not have to focus on a particular subject

matter area. The search finally ended with the discovery of the Calhoun Middle School

math screening test, an assessment instrument that had all the characteristics demanded

by this research.

Computerizing the Assessment Instrument

Another requirement of the study was the transformation of the Calhoun math

test, which in its original form is presented and answered on paper (Appendix B), into a

computerized version. This led to the writing of MathTest, a computer program that

presents the items of the test in either the original sequence, or in order by levels of

difficulty, or in order by levels of difficulty until an incorrect response is encountered and

then in ascending order of difficulty. The program also captures, for each subject, right
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and wrong answers, amount of time until the first incorrect answer, and amount of time

to take the entire test.

Interface Evaluation

After MathTest was written, the computerized form of the test was administered

at Calhoun Middle School in order to get feedback about the acceptability of the

interface. The comments of the students and the observations of this researcher during

this application of the test suggested some changes, predominately the addition of

symbols that the interface permitted in the input fields, symbols such as "' or "R" to

represent "remainder," the percent (%) sign, and commas. In addition, to make it

possible to double check the computer output, an additional feature invisible to the users

was added, a file containing all of the test items in the sequence in which they were

answered as well as all the content of each student's input fields for each item.

Initial Application of Computerized Test

To collect the fundamental data for this study, the Calhoun math test was applied

in the original item sequence to 98 students at Irma Marsh Middle School, by means of

the MathTest program. This application required the installation, in the school library, of

nine computers borrowed from the Department of Technology and Cognition, University

of North Texas plus 15 that Irma Marsh Middle School allowed this researcher to borrow

from various locations in the school. With MathTest installed in each machine, this

permitted applying the test to 24 students simultaneously.
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Preparing the Retest

The answers of all the subjects were conjoined to form an input file for

RightOrder. The first analysis of the entire population of 98 subjects resulted in a

homogeneity index of .280, which is close to but not within the range of .3 to .5 (Cudeck,

1980). In order not to add unnecessary variables to the analysis and because the number

of the subjects was sufficient, a series of randomly selected subgroups were formed in an

attempt to find a group of subjects the answer patterns of which would better conform to

the underlying order of the test. This process culminated in discovering a group of 70

subjects the responses of which revealed a CT3 of .329. The analysis of these 70 subjects

included the generation of a series of difficulty strata scales from which the one derived

from using a z value of .25 was chosen as the basis to reorganize the test items in the

retest. The same group of experts that chose which difficulty strata scale to use

determined which question to be presented from each difficulty stratum. It was decided

that Item 1 would be considered a practice item and not included in the retest data

analysis.

Retest Procedure

The same test items, in a different order, were reapplied via the same medium to

the same students. In the retest, the students responded to one item from each difficulty

stratum in the difficulty strata scale until an incorrect response occurred. The computer

program then applied all of the remaining items in ascending difficulty order. In addition
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to each student's right and wrong answers, the time spent before the first error was

recorded as well as the time spent taking the entire test.

Analysis of Initial Versus Retest Data

Several special, temporary routines were added to the main RightOrder program

to transform the retest data into files appropriate to be used as input both in the

RightOrder program itself and, in order to allow the necessary statistical investigation, in

SPSS for Windows (1993). To verify the continued reliability of the test in its different

forms, Cronbach's alpha was calculated for all versions of the Calhoun math test, paper

and pencil, computerized form in original order, and retest (Table 13).

Table 13

Cronbach's alpha for Calhoun math test applications

_Application Cronbach's Alpha

Calhoun - paperand pencil -85 subjects .9175
Marsh School - full test original order -98 Subjects .8945
Marsh School - full test original order -70 Subjects .9119
Marsh School - retest difficulty strata order -97 Subjects .8999
Marsh School - retest difficulty strata order -65 Subjects .9029

In a post hoc attempt to find a more efficient technique than the True Knowledge

Level, two other models were developed, Sliding Scale Three and Sliding Scale Five

(Appendix E). A technique commonly used in the field of stock market analysis utilizes

moving averages, which "are statistical devices that may be employed to smooth out

stock market and other data in order to reveal more clearly the true underlying trend

(Appel and Hitschler, 1980, p. 3)." A moving average is obtained by choosing a certain
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number of measuring units (days, months, levels), adding the values associated with each

unit within the group and dividing by the number of units in the group. The result is to

smooth out the bumps in a curve. This concept gave rise to what may be a better

technique for finding the student's knowledge level.

This technique considers difficulty strata scale levels 1, 2 and 3 to be Sliding

Scale Three level one, difficulty strata scale levels 2, 3 and 4 to be Sliding Scale Three

level two, difficulty strata scale levels 3, 4 and 5 to be Sliding Scale Three level three,

and so on until the top of the difficulty strata scale. A I is attributed to a level with at

least 50% correct answers and a 0 to each level with less than 50% right. A given Sliding

Scale Three level, then, manifests an answer pattern of (000), (001), (010), (100), (011),

(101), (110), or (111). The first four patterns indicate instances in which the level is

answered incorrectly, and in these cases the student's knowledge level is considered to be

the middle of the three levels comprising the Sliding Scale Three level.

Sliding Scale Five is constructed similarly, considering difficulty strata scale

levels 1, 2, 3,4 and 5 to be Sliding Scale Five level one, difficulty strata scale levels 2, 3,

4, 5 and 6 to be Sliding Scale Five level two, difficulty strata scale levels 3, 4, 5, 6 and 7

to be Sliding Scale Five level three, and so on until the top of the difficulty strata scale.

Sliding Scale Five also attributes a I to a level with at least 50% correct answers and a 0

to each level with less than 50% right. An answer pattern containing at least three zeros

is considered to have been incorrectly answered, and the student's knowledge level is

considered to be the middle of the five levels comprising the Sliding Scale Five level.
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In the Sliding Scale Three model, the expected and observed right answers have a

positive correlation of .98. The correlation between the expected and observed wrong

answers is .88. In the Sliding Scale Five model, the expected and observed right answers

have a positive correlation of .97. The correlation between the expected and observed

wrong answers is .93.

Utilizing one of the sliding scale models to determine the student's knowledge

level has the advantage of requiring the student to take fewer test items than the true

level technique requires, since the student can stop when a sliding scale level, comprised

by either three or five difficulty strata scale levels, is considered to have been answered

incorrectly.

A Pearson r correlation as well as Kendall TAU (b) and Gama coefficients were

calculated (SPSS for Windows, 1993) between Observed Level and True Level, True

Level and Sliding Scale Three, and True Level and Sliding Scale Five. The correlations

between Observed and True level, although statistically significant, are generally low,

.41, .25, and .27, respectively. This level of correlation suggests that the Observed

Knowledge Level is not, in practical terms, a sufficiently accurate definition of the

student's knowledge level.

The same three respective correlations between True level and Sliding Scale

Three are .84, .69, and .73, while the numbers for True Level compared to Sliding Scale

Five are .87, .73, and .77. One's impression, then, given this evidence, is that the most

accurate of the techniques is Sliding Scale Five, with Sliding Scale Three a close second.
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To estimate the relative adequacy of these four different methods of establishing

the knowledge level, the Pearson r correlation index was calculated, comparing the

observed and expected right and wrong answers for all four different models, Observed

Knowledge Level , True Knowledge Level, Sliding Scale Three Knowledge Level, and

Sliding Scale Five Knowledge Level, for establishing the student's degree of performance

in the learning domain (Table 14). Each model defines a knowledge level which implies,

because of the number of levels above and below the knowledge level, a particular set of

expected right answers and expected wrong answers.

Table 14

Pearson r correlation for four knowledge level establishment models

Pearson r
Knowledge Level Expected Right Answer Expected Wrong Answer

versus versus
Observed Right Answer Observed Wrong Answer

Observed .9961, p=.000 .4675, p=.000
True .9656, p=. 000 .9759, p= . 000

Sliding Scale 3 .9785, p=.000 .8836, p= .000
Sliding Scale 5 .9661, p=. 000 .9343, p= .000

Theoretically the true level represents the ideal situation, but the use of this model

to establish the knowledge level would require that the students answer more questions

than may be necessary, since in this model at least 50 percent of the questions in each

stratum of difficulty must be answered.

To determine the relative proximity to the True Level, three statistical correlation

indices, Pearson r, Kendall TAU (b), and Gama, were calculated to compare Observed
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versus True, True versus Sliding Scale Three, and True versus Sliding Scale Five

knowledge levels (Table 15).

Table 15

Pearson r, Kendall TAU (b), Gama correlations

Knowledge Level
IndexjObserved vs. True True vs. Sliding Scale 3 True vs. Sliding Scale 5

Pearson r .40554, p=.00004 .83773, p=00000 .87197, p= .00000
Kendall TAU (b) .2475, sig= .00042 .69208, sig=00000 1 .7280, sig=.00000

Gama.27043, sig=.00042 .73379, sig=.00000 .76644, sig=. 00000

Conclusions

The findings of this study led to acceptance of Hypotheses 1 and 2 and not

Hypothesis 3. In support of Hypothesis 1, the difficulty strata scales produced from the

application of the computerized test in the original order and the retest show a high

degree of congruency (Figure 1). In support of Hypothesis 2, the time to establish the

knowledge level is significantly less that the time to take the entire test; only Subject 71

took the entire test in less time than was required by Subject 87, who spent the most time,

to establish the knowledge level (Table 11). In regard to Hypothesis 3, the correlation

between the Observed Level and True Level, although low, is statistically significant. In

practical terms, however, the nearly perfect correlation between observed and expected

right answers is offset by the much lower correlation between observed and expected

wrong answers (Table 14), showing that stopping at the first incorrect response, that is to

say at the Observed Level, does not give an accurate knowledge level.
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Discussion

This study is a very small step toward the goal of making more efficient learning

possible by organizing training and educational courses according to the order implicit in

the learning domain. Many illustrious scholars, George Boole, Louis Guttman, Jane

Loevinger, David Krus, Peter Airasian, William Bart, Robert Gagn6, David Ausubel,

Norman Cliff, Robert Cudeck, to name a few, have contributed both to the idea that

learning domains have an underlying order and to inventing methods to find and utilize

that order.

The results of this study are encouraging, both because the data supports the idea

that an ordering theory approach may have some merit and because doing the study

involved the creation of some computerized tools that make it possible to do the requisite

calculations and matrix manipulation without fear of mistakes in the rather detailed

mechanical process. The further development of these tools to a more user friendly

application than the present stage of these as research tools would allow inexperienced

people like teachers or instructional designers to evaluate and improve their assessment

tools and their teaching sequence.

The devised True Knowledge Level model served the purpose of comparing to the

Observed Knowledge Level to investigate the feasibility of the latter. Two other models

were devised as alternatives to the Observed Level, Sliding Scale Three and Sliding Scale

Five. The best of the three devised models appears to be Sliding Scale Five, which yields

a very high correlation between what is predicted and what is obtained for both right and
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wrong answers, with Sliding Scale Three manifesting a slightly lower correlation (Table

14).

Implications For Evaluation

Hambleton and Swaminathan, in their argument for Item Response Theory, IRT,

begin with a list of the disadvantages of standard testing methods represented by classical

test theory. First, they say, characteristics of the sample population of examinees has an

influence, often a strong one, on the item statistics. Second, comparisons of examinees'

abilities must be made between populations that have responded to the same or very

similar items. Third, test reliability "is defined in terms of parallel forms," which, since

it depends on the assumption that people do not change between the first and second

administration of a test, is improbable in practice. Fourth, there is no basis upon which

to predict whether an individual will answer an item correctly or incorrectly, which

precludes adapting a test to an examinee's skill level. Fifth, classical test theory

presumes that all examinees give rise to the same variance of measurement errors, which

observation commonly disproves. Hambleton and Swaminathan go on to say classic test

theory provides less than optimal guidance in designing tests, identifying biased items,

and equating test scores. Currently, perhaps because of these imperfections in classical

testing theory, the most popular basis for research in the area of testing is the set of

constructs known as IRT (Hambleton & Swaminathan, 1985, p. 1-4).

The three main advantages of IRT over classical test theory are that (a)

performance can be independent of a particular set of test items if a large pool of items
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measuring the same trait is available, (b) item characteristics can be independent of the

particular sample of respondents used to calibrate the item if a large pool of examinees is

available, and (c) the estimation of each respondent's ability is accurately known

(Hambleton & Swaminathan, 1985, p. 11).

The ordering theory approach adds the idea, promulgated by Gagne and others,

that learning a domain is done by learning a series of portions of that domain in a

particular sequence. An instrument to assess performance of learners in relation to that

domain would have its test items in an isomorphic relationship with the numbered scale.

Also, ordering theory research has stimulated the invention of indices that, coupled with

the determination of relative item difficulty, can identify if a particular learning sequence

inherent in a domain is represented by the test items. This study provides some tools to

investigate whether that idea is theoretically sound and practically feasible. The tools

analyze dichotomous test results, verify if an ordered sequence underlies the items, and

provide guidance to rearrange the items of a test to represent as closely as possible the

learning sequence of the domain. The calculated CT3 homogeneity index shows to what

extent rearranged test items really do represent the learning sequence of the domain.

Simultaneously,, the rearrangement ranks items in degree of difficulty, as IRT does, so

that each respondent's performance can be accurately estimated from that respondent's

test results. The focus; however, is different in the two approaches. Ordering theory

investigation is related to the learning hierarchy of a domain; IRT investigation is related

to finding out in which position on the difficulty scale of a domain an item best measures

the latent trait in question (Hulin, Drasgow, & Parsons, 1983).
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In IRT, one of the constraints of performance being independent of a particular

set of items is that a large pool of items that are unidimensional, which is to say that they

measure the same trait, be available (Hambleton & Swaminathan, 1985). The constraint

in ordering theory is different; the large pool is unnecessary. However, ideally, each of

the test items represents an equal portion of the domain being measured. Also, although

the constraint of unidimensionality that applies to IRT does not apply to ordering theory,

the items have to represent the underlying ordered sequence inherent in the domain.

If the author of a test has not chosen items that represent the learning sequence,

but has instead put together a collection of items each of which, or many of which, are

small tests in themselves rather than an adequate representation of the domain, a low

CT3 will give the author an indication that the items were not well chosen for ordering

theory application.

Another IRT constraint is for the item characteristic to be independent of the

group of respondents used in the item calibration of the item the existence of a large pool

of examinees is necessary. The ordering theory literature does not state the conditions

under which the derived reordered items would obtain similar homogeneous response

pattern from groups of subjects other than the group used in the calibration of the test.

The results obtained in this study show that the test maintains the same statistical

characteristics when applied to a similar population. Further investigation would be

necessary to clarify this aspect.
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Implications for Training

The application of the ordering theory approach developed in this study might

provide common educators, not just psychometricians, with computer tools that enable

them to perform analyses that would produce not only the elements to enhance an

assessment instrument but also the elements to review and enhance the sequence in

which a learning hierarchy is taught. Gagne's principles of learning hierarchies are very

well known and accepted in the training and development field, and having the necessary

tools to validate the learning hierarchies produced for training might be the stimulus to

further investigate an alternate approach to training design and evaluation.

The approach developed in this study could also be applied to tailor instructional

material delivered through CBT (Computer-Based Training). The ways discussed here to

establish the learner knowledge level might be applied to an assessment instrument to be

used as a pre-test to determine each student's starting point in the training domain. The

same approach could be used in the assessment instrument at the end of each training

module to direct each learner in choosing the most appropriate module sequence. At the

end of the training, the results of an assessment instrument built under ordering theory

principles might give a clearer idea of future training development needs.

Implications for Education

For the two participant schools, Calhoun Middle School and Irma Marsh

Middle School, the establishment of student knowledge level is useful and they

constantly search for new instruments to achieve this task. The possibility of having a
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teacher other than a psychometrician able to analyze test results and judging if that test

could be used as a leveling tool might be of interest for educational institutions.

The findings of this study indicate that through the use of the developed approach,

especially in the proposed model of Sliding Scale Five, the schools could benefit by

having the knowledge level of the student, at least in the Arithmetic discipline, accurately

established in less time using fewer items than the number of items from the original test.

The findings also indicate the maintenance of the statistical characteristics of the

test when applied to similar population. This factor might encourage further research to

investigate to what extent a difficulty strata scale to be used as a test item reorganizer is

generalizable. If it is indeed generalizable, this could led to cooperative efforts among

schools and educators in the development of improved course design and evaluation.

Recommendations for Further Research

As mentioned before, this project to be feasible as a doctoral dissertation focused

on only one aspect of ordering theory application. Even though the validation of the

learning hierarchy through the ordering theory prism, which was explored by this project,

is a very important aspect, the entire process involves many other steps. The computer

tools developed during the course of this project would facilitate the planning and

execution of the process of creating a training or education course based upon the order

implicit in its learning domain. It would start with an existing domain to be transformed

into instruction, the breakdown of this domain by organizing it into a learning hierarchy,

elaborating an assessment instrument the items of which would reflect the learning
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hierarchy, testing and perfecting the assessment instrument in terms of validity and

reliability, applying the assessment instrument to a population, using the results to

analyze the ordered sequence and through it improving the instruction sequence, delivery

and evaluation.

After the breakdown of an instructional domain, the instructional delivery method

of the resultant learning hierarchy is another aspect that would be interesting to

investigate. In the instructor based approach commonly the instructor is the one to

organize and decide in which order to deliver the instructional domain. In a computer

based approach, even though the instructional designer plans and decides the order in

which to present the content, the learner is in control of the order in which to explore it.

Would the instructional delivery method provoke a difference in the learner's

performance?

Commonly in computerized testing the learner is not allowed to review answered

questions. The MathTest program followed the same approach. However, the

experience of this research, in which many students requested such a feature, may

indicate that it is opportune to investigate if the addition of such feature would make

difference in terms of the homogeneity measurement.

In terms of the interface, the inclusion of the electronic scratch pad would be an

item that deserves further examination. The students in both middle schools, Calhoun

and Irma Marsh, fully used the paper and pencil made available. The observation of the

students' sporadic use of the electronic scratch pad gave this researcher the impression

that the students liked this feature but used it more as playing than trying to solve the
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problem. They seem to see this feature as a game that was part of the math test. It would

be intriguing to investigate if this kind of feature means improvement or if it works as a

distraction negatively interfering with the student's performance.

The only knowledge level establishment model directly tested in this project was

the Observed Level, that is to say the method of establishing the knowledge level at one

level below of the first mistake. The other models of establishing the knowledge level,

True, Sliding Scale Three and Sliding Scale Five, were developed through analysis and

manipulation of the results, which were available because after the establishment of the

knowledge level all the remaining items were applied. It would be a step forward to

adopt these different models in the test application to see if the results would

significantly vary.
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Pilot Study

The line of thought that guided the planning of this study in using an existing

measurement instrument emerged from the possibility of employing a test in use by the

College of Education at University of North Texas. A statistics screening test is taken by

all the doctoral students in this College. Because it is in use by the College of Education

as a screening test, this researcher assumes that the test has the necessary reliability and

validity to conform to the requirements of the University.

The application of ordering analysis to the available 94 subjects for the 40-item

test revealed that the resulting ordered sequence did not lie within the desirable range

according to Cudeck's measure of homogeneity. The CT3 from this analysis was found

to be .214 (Table 16) and therefore out of the acceptable range (.3 to .5) determined by

Cudeck (1980). A complete analysis can be seen upon installing the RightOrder program

(Appendix H, Disk 1). The test items of the statistics screening test is not included in

this study for reasons of preservation of the pool of items. The problems of using a test

with a lower CT3 than the acceptable range would be the lack of basis to analyze the

differences of expected and obtained proportions from the reordered test used to verify

the second hypothesis in question.

Table 16

RightOrder analysis: statistics screening test data, first run

Subjects Subject Items Item CT3
I _ _Selection Selection

94 None 40 None .214
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The screening test was designed under the classical test theory principles that

guide test construction and evaluation in terms of reliability and validity. For

measurement of reliability of a dichotomous test on a single application of a test, the

most commonly utilized index is the KR20. In this technique, each item is considered a

sub-test and the summative score is the composite. Therefore, a valid and reliable test

constructed under the guidance of classical test theory will not necessarily have an

underlying ordered sequence among the items. Another point to be considered is the

isomorphic relationship among the numbered score and the test items. Since the

composite score is the element in question to verify the test reliability, the expectation is

that each item is a test by itself These factors; however, contradict the ordering theory

principles that when followed would result in a CT3 value at least in the range (.3 to .5)

claimed as acceptable by Cudeck (1980).

By further analyzing the obtained results in the first run, it was observed that 10

items had a percentage of disconfirmation superior to 50%. In other words, the

disconfirmations were more than 50% of the confirmations for these items. In the second

run (Table 17) the result of items with a ratio of disconfirmation and confirmation

superior to 50% were removed from all subjects.

As can be observed, the obtained CT3 dropped from .214 to .205. At first it can

appear illogical; however, when the results of some items are removed from the test

results being analyzed, the new input file will have its own inconsistent characteristics. In

this analysis, the responses to the resultant set of items seems to have a large amount of



94

inconsistency in the response patterns in terms of the proportion of disconfirmatory to

confirmatory.

In addition to a lower CT3, the analysis of the data without these 10 items seems

to show a worse pattern of answers in relation to the ordered sequence being sought.

Table 17

RightOrder analysis: statistics screening test data, second run

Subjects Selection Items Selection CT3

94 None 30 50% of .205

disconfirmations

It was necessary to go back to the results of the first run (Table 16) since the

results showed not only items with an undesirable ratio of disconfirmation to

confirmation, but also subjects with the same condition. The third run was performed by

removing the subjects with the ratio of disconfirmation to confirmation above 50%

(Table 18).

Table 18

RightOrder analysis: statistics screening test data, third run

Subjects Selection Items Selection CT3

81 50% of 40 None .211

disconfirmations
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Once again, the CT3 went down, this time from .214 to .211. Even though the

resultant data seems to show less inconsistency in relation to the underlying ordered

sequence being sought than the obtained result when items in the same condition were

removed, it still generated a worse sample than the original results.

In the second run (Table 17), when items with undesired inconsistency were

removed, the analysis of the ratio of disconfirmation to confirmation by subjects also

revealed that the number of subjects with a ratio of disconfirmation to confirmation

above 50% rose from 13 from the first run to 36 when the items with the ratio of

disconfirmation to confirmation above 50% were removed.

Table 19

RightOrder analysis: statistics screening test data, fourth run

Subjects Selection Items Selection CT3

58 < 50% of 30 50% of .238

disconfirmations disconfirmations

The fourth run (Table 19) shows the result of the analysis when items and

subjects with a ratio of disconfirmation to confirmation above 50% were removed. The

obtained CT3 of .238 is larger than the one obtained by the original data. However, it

still out of the proposed range by Cudeck (.3 to .5). Another factor is that to obtain this

rise in the CT3, 10 of 40 items and 36 of 94 subjects were removed from the original

sample. Although no parameters have been established in this approach of removing
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subjects and/or items to achieve a better CT3, the removal of about one third of the

subjects and one fourth of the items seems excessive.

Tables 20 through 24 present the results of five other RightOrder runs over the

original data. In each of these runs, a random sample, with replacement, of 30 subjects

was selected.

In the fifth run (Table 20), the analysis of a random sample of 30 from the 94

subjects revealed a CT3 of .209, which is .005 less than the entire population CT3 of

.214.

Table 20

RightOrder analysis: statistics screening test data, fifth run

Subjects Selection Items Selection CT3

30 Random with 40 None .209

replacement

Selected 4 6 8 9 20 2124 35 36 37 49 55 58 59 62 63 64 65 66 70 78 8183
subjects

8486 88 89 90 93 94

In the sixth run (Table 21), from the analysis of a random sample of 30 from the

94 subjects it was obtained a CT3 of .192, which is .022 less than the entire population

CT3 of .214.
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Table 21

RightOrder analysis: statistics screening test data, sixth run

Subjects Selection Items Selection CT3

30 Random with 40 None .192

replacement

Selected 11 12 14 2124 25 26 32 34 35 38 40 42 45 47 52 53 56 58 59 60 65
subjects

70 72 73 74 79 8183 85

In the seventh run (Table 22), analyzing a random sample of 30 from the 94

subjects, a CT3 of .251 was found, which is .037 more than the entire population CT3 of

.214 but still out of the declared acceptable range of .3 to .5.

Table 22

RightOrder analysis: statistics screening test data, seventh run

Subjects Selection Items Selection CT3

30 Random with 40 None .251

replacement

Selected 2 10 14 15 18 20 24 34 35 37 44 48 49 5152 55 58 59 60 62 65 75
subjects

7780 8184 86 90 9192

In the eighth run (Table 23), the analysis of a random sample of 30 from the 94

subjects showed a CT3 of .207, which is .007 less than the entire population CT3 of .214.
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Table 23

RightOrder analysis: statistics screening test data, eighth run

Subjects Selection Items Selection CT3

30 Random with 40 None .207

replacement

Selected 9 13 15 16 20 22 24 26 27 28 29 35 38 46 49 53 58 69 72 75 77 78
subjects

7982 83 84 85 89 90 94

In the ninth run (Table 24), the analysis of a random sample of 30 from the 94

subjects revealed a CT3 of .187, which is .022 less than the entire population CT3 of

.214.

Table 24

RightOrder analysis: statistics screening test data, ninth run

Subjects Selection Items Selection CT3

30 Random with 40 None .187

replacement

Selected 3 7 12 17 22 23 24 25 26 3032 33 37 4146 49 54 56 57 60 67 71
subjects

7285 868889 90 9394
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Tables from 25 to 29 present the results of five other RightOrder runs over the

data without the items with the ratio of disconfirmation to confirmation bigger than 50%.

In each of these runs a random sample, with replacement, of 30 subjects was selected.

The tenth run (Table 25), an analysis of a random sample of 30 from the 94

subjects presented a CT3 of .245, which is .04 more than the CT3 of .205 when the run

was originally executed without the items with more than 50% of ratio of

disconfirmation to confirmation.

Table 25

RightOrder analysis: statistics screening test data, tenth run

Subjects Selection Items Selection CT3

30 Random with 30 50% of .245

replacement disconfirmations

Selected 4 5 14 15 18 19 23 24 29 34 42 43 45 52 56 57 59 62 65 74 75 76
subjects

78 79 80 8183 84 85 88

The eleventh run (Table 26), through the analysis of a random sample of 30 from

the 94 subjects, presented a CT3 of. 193, which is .012 less than the CT3 of .205 when

the run was originally executed without the items with more than 50% of ratio of

disconfirmation to confirmation.
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Table 26

RightOrder analysis: statistics screening test data, eleventh run

Subjects Selection Items Selection CT3

30 Random with 30 50% of .193

replacement disconfirmations

Selected 12 10 14 16 17 18 2123 24 26 3139 45 47 49 50 56 59 60 66 70
subjects

7375768084878993

The twelfth run (Table 27), the analysis of a random sample of 30 from the 94

subjects, revealed a CT3 of .213, which is .008 more than the CT3 of .205 when the run

was originally executed without the items with more than 50% of ratio of

disconfirmation to confirmation.

Table 27

RightOrder analysis: statistics screening test data, twelfth run

Subjects Selection Items Selection CT3

30 Random with 30 50% of .213

replacement disconfirmations

Selected 19 10 13 15 20 2124 26 27 34 4144 45 46 48 49 50 53 55 7172
subjects

74 76 77 80 83 89 90 91
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The thirteenth run (Table 28), the analysis of a random sample of 30 from the 94,

presented a CT3 of .127, which is .078 less than the CT3 of .205 when the run was

originally executed without the items with more than 50% of ratio of disconfirmation to

confirmation.

Table 28

RightOrder analysis: statistics screening test data, thirteenth run

Subjects Selection Items Selection CT3

30 Random with 30 -<50% of .127

replacement disconfirmations

Selected 17 10 11 15 22 25 26 28 29 32 35 36 37 52 55 58 59 63 66 69 71
subjects

74 83 86 87 89 90 92 93

The fourteenth run (Table 29), from the analysis of a random sample of 30 from

the 94, a CT3 of .227 was obtained, which is .022 more than the CT3 of .205 when the

run was originally executed without the items with more than 50% of ratio of

disconfirmation to confirmation. This CT3; however, is still below the range of .3 to .5.
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Table 29

RightOrder analysis: statistics screening test data, fourteenth run

Subjects Selection Items Selection CT3

30 Random with 30 50% of .227

replacement disconfirmations

Selected 1 11 12 16 19 2122 23 35 42 46 48 49 50 52 55 58 59 64 65 66 76
subjects

78 79 83 85 87 89 9192

The five runs from 30 to 34 present the results of five other RightOrder runs over

the data without the subjects with the ratio of disconfirmation to confirmation larger than

50%. In each of these runs a random sample, with replacement, of 30 subjects were

selected.

In the fifteenth run (Table 30), from the analysis of a random sample of 30 from

the 81 subjects, a CT3 of .243 was obtained, which is .032 more than the CT3 of .211

when the run was originally executed without the subjects with more than 50% of ratio of

disconfirmation to confirmation. This CT3; however, is still below the range of .3 to .5.
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Table 30

RightOrder analysis: statistics screening test data, fifteenth run

Subjects Selection Items Selection CT3

30 Random with 40 None .243

replacement from

81subjects with

< 50% of

disconfirmations

Selected 12 7 8 1013 14 15 22 24 25 27 36 39 42 43 46 47 50 52 54 56 57
subjects

58 60 65 66 70 7181

The sixteenth run (Table 31), analyzing a random sample of 30 from the 81,

found a CT3 of .228, which is .017 more than the CT3 of .211 when the run was

originally executed without the subjects with more than 50% of ration of disconfirmation

to confirmation. This CT3; however, still below the range of .3 to .5.
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Table 31

RightOrder analysis: statistics screening test data, sixteenth run

Subjects Selection Items Selection CT3

30 Random with 40 None .228

replacement from

81subjects with

< 50% of

disconfirmations

Selected 16 7 9 10 11 12 13 16 17 19 24 28 3135 36 38 40 4143 47 58 64
subjects

65666974767879

The seventeenth run (Table 32), presenting an analysis of a random sample of 30

from the 81, found a CT3 of .269, which is .058 more than the CT3 of .211 when the run

was originally executed without the subjects with more than 50% of ration of

disconfirmation to confirmation. Even though this is the highest CT3 in the entire

analysis, it still below the range of .3 to .5.
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Table 32

RightOrder analysis: statistics screening test data, seventeenth run

Subjects Selection Items Selection CT3

30 Random with 40 None .269

replacement from

81subjects with

<50% of

disconfirmations

Selected 2 7 8 16 1921 23 26 27 3738 40 41 42 43 4751 53 55 57 58 60 64
subjects

6567686970 76 77

The eighteenth run (Table 33) shows the analysis.result of a random sample of 30

from the 81. The resulting CT3 of .152 is .059 less than the CT3 of .211 when the run

was originally executed without the subjects with more than 50% of ration of

disconfirmation to confirmation.
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Table 33

RightOrder analysis: statistics screening test data, eighteenth run

Subjects Selection Items Selection CT3

30 Random with 40 None .152

replacement from

81subjects with

<550% of

disconfirmations

Selected 3 4 5 7 11 12 13 15 22 26 29 3133 37 44 48 49 50 52 53 56 57 63
subjects

64 7174 77 78 80 81

The nineteenth run (Table 34) presents the analysis result of a random sample of

30 from the 81. The resultant CT3 of .189 is .022 less than the CT3 of .211 when the run

was originally executed without the subjects with more than 50% of ration of

disconfirmation to confirmation.
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Table 34

RightOrder analysis: statistics screening test data, nineteenth run

Subjects Selection Items Selection CT3

30 Random with 40 None .189

replacement from

81subjects with

< 50% of

disconfirmations

Selected 17 13 14 16 18 2122 23 30 38 39 4142 46 49 50 5154 55 57 67
subjects

6869727374757678

Many different procedures were tried on the manipulation of this data with no

success in increasing significantly the first found CT3; that is to say, a CT3 with a value

within the range of .3 to .5. Among these procedures are included elimination from the

analysis of subjects and/or items that appeared to be causing a great deal of

disconfirmations, numerous attempts to obtain a randomly selected sample from the

population with a more uniform pattern of responses, elimination of items with a

discrepant index of difficulty, in this case items to which more than 70% of the

population gave incorrect answers.

This analysis played an important part in the further development of the computer

program RightOrder. Features like the one that allows randomly selecting a sample, or
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the elaboration of the two tables containing the percentages of confirmation and

disconfirmation by item and subjects, were implemented to make possible some of the

manipulations tried with the data.

This analysis also contributed to the further search for a test that would meet the

criteria to be used in the second phase. Being reliable according to classical test theory

evidently does not necessarily mean that a test has an acceptable homogeneity index by

Robert Cudeck's criteria.
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Student Mathematics
Assessment

Name

Date

Class Period

1. Add

1. 4

1

6 432

147

255

2. 5 3.

1

3

7

31

15

50

7

5

5. 78

5

18

6783

845

2252

II. Subtract

10. 13

7

93 12. 534

600803

7029

9.9

0

8.

13

8

7

11.

47

147305

640

157
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III. Multiply

15 2 16

4

240.3 21

29

13 17

3

240 18 743 19 747

4 8 106

2.759

7.3

IV. Divide

22 31

26 41 8283

23 9127 24 6 698

27 6.2 6827

25 4 8.092

28 356 2862

V. Add and reduce to lowest terms

30. 315
7

31.

61
7

8

2

..1 -

32. 21 33

7 5

3
4

1 .2

61
7

4
5 5

20

29. 1

4

1

4
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VI. Subtract and reduce to lowest terms

35 1
4

31
4

36 7 37 61
4

21!-.
7

38 19
3

5

6
11i

5

VII. Multiply and reduce to lowest terms

39 3 5

5 7

40 1 x12
4

41 21--2
3

X19 -1
4

42. 3 8

8 15

43. 5 2 3

3 4

VIII. Divide and reduce to lowest terms

44. 3+5

5 7

IX. Average

46. 97, 26, 45, 82

34 5

8

1

8

45. 3 4

4

3

4
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X. Express as a percent

48. 0.65 49. 9

100

XI. Write as a fraction

50. 4% 5.33 1%

3

XII. Write as a decimal

52 6_1
2

53 1

5

Solve

140 % of 20 is

I coof 600 is

3

4.6 % of 40 is

30 is % of 120

47. 1

4

54 7

100

XIII.

55.

56.

57.

58.



59. 8 is 20O% of

60. 60=

61. (- 3) (+ 8)

62. 43

63. (22 ) 3

1

64 (16) 2

65. 8xy
-4xy

% of 400
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Calhoun Middle School Seventh Grade Survey Test Math Score Sheet

Number
Correct

Grade
Level

Number
Wrong

1 1.8 64
2 2.0 63
3 2.2 62
4 2.3 61
5 2.5 60
6 2.7 59
7 2.9 58
8 3.1 57
9 3.0 56
10 3.5 55
11 3.6 54
12 3.8 53
13 3.9 52
14 4.1 51
15 4.2 50
16 4.4 49
17 4.5 48
18 4.6 47
19 4.7 46
20 4.8 45
21 4.9 44
22 5.1 43
23 5.2 42
24 5.3 41
25 5.4 40
26 5.5 39
27 5.6 38
28 5.8 37
29 5.9 36
30 6.1 35
31 6.2 34
32 6.4 33
33 6.5 32

34 6.7 31

Number
Correct

Grade
Level

Number
Wrong

35 6.9 30
36 7.1 29
37 7.3 28
38 7.5 27
39 7.7 26
40 7.9 25
41 8.1 24
42 8.3 23
43 8.5 22
44 8.9 21
45 9.0 20
46 9.3 19
47 9.6 18
48 9.9 17
49 10.2 16
50 10.4 15
51 10.6 14
52 10.8 13
53 11.0 12
54 11.2 11
55 11.4 10
56 11.6 9
57 11.8 8
58 12.0 7
59 12.3 6
60 12.5 5
61 12.8 4
62 13.0 3
63 13.3 2
64 13.6 1
65 13.8 0

1 34 6.7 31
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Observed Knowledge Level: Table of Results

OL
ERA
ERAC
ERAD
EWA
EWAC
EWAD

Observed Level
Expected Right Answer
Expected Right Answer Confirmation
Expected Right Answer Disconfirmation
Expected Wrong Answer
Expected Wrong Answer Confirmation
Expected Wrong Answer Disconf irmation

OL ERA ERAC ERAD EWA EWAC EWAD

2 5 5 0 59 38 21
8 18 17 1 46 29 17
7 16 16 0 48 38 10
2 5 .... 5 0 59 3W 2
7 16 16 0 48 34 14
6 15 14 1 49 43 6
2 _5 0 59 23 3
S15 141 ::::49 38 11

14 29 27 2 35 19 16
15 30 .29 1 34 26 8

2 0 59 19 40

23 21 41 24 17
9 19 19 0 45 32 13

-T 5 _ 0 59 27 32
4 9 1 _ _ _ 0 5 24 __ __

3 _ 1 5 1 58 39 19
8 1W1 17 1 46 __40 6

2459 50

.0.. 13 i... 51 7.2 TW
9 19 19 0 45 36 9
7 16 5 16 0 48 37 11

17....2.31 . 1. 32.16..16....

8 18 18 0 46 26 20
0 0 0 0 64 43 21
8 18 18 0 46 41 5

- 8 ii7 16 2 46 23 23
6 f5 15~ 0 49 43 6
2 __5 _ 5 _9033 26

3 U-45- 0 51 3 169

9 19 19 0 45 21 24
2 5 5 0 59 39 20
12724 22 2 40. 34 6
20 41 36 5 23 23 0
0 20 19 1 .44 31-1
14 29 26 3 35 21 14

... 17 15 0 49 34 15
2 17 5 0 59 28 31
8 18 15 0 49 38 11
24 47 46 ~1 17 15 2

2 5 5 0 3 T 6

0 _ 5 0 64 41 2
.19 18 1 45 38 7

2 5 55 9 3

14
4 9...... 1 1 - ..... I........ 8-r I .1If. .5 .- I.." .-.I....... ...

29 Q 29 0 35___ J ___________ .1 1 -1_ 5A

__ ........................ .1. .. ... ..
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OL ERA ERAC ERAD EWA EWAC EWAD
14 29 27 2 35 32 3

__ 0 7i 6 44 20
2 - 5 5 0 59 27 32
7 .1. 15 1 48 31 17
2 5 0 59 42 17

22 .-. 4. 5 7 >43 -219 13 6

6 15 15 0 49 20 29
7 16 16 0 48 18 307
7 16 16 0 48 45 3
10 20 20 0 44 29 15

__2 5 5 0 59 43 16
2. 24 22 2 4.. 36 4
9 19 19 0 45 33 12

11 2. 21 2 41 27 14
2 5 5 0 59 32 27
4 9 8 1.55 35 20

10 20 20 0 44 33 11
10 23 23 4l 21 20

6 6 0 58 49 9
2 550 ~ 4 35

9= 9 19 0_ 45 36 __

S 16 16 0 .48 40 8

12 24 24 0 40 37 _3

11 _23 21 2 __41 3T TO5
6 15 14 1 49 =46

2_ __ - 5 0 59~ 37T ____

14 29 29 0 3W5 TW 17
-7 -16 - 13 3 48 39 9

7_ 16 16 0 48 25 23
7 16 16 0 48 33 15
8 18 17 1 46 42 4

-_6 15 15 - 0 49 44 5
2 5 5 0 59 31 28

__8 18 18 0 46 41 5
19 39 38 1 25 16 9

4 9 940 55 27 28
7 16 13 3 48 44 4
2 5 0 32 27
7 16 15 1 48 35 13
8 18 18 0 46 29 17
2_ 5 0 59 46 13
2 5 .. 59 29 30
2 _.5 5 0 59 26 3
5 13 1 2 51 45

6 -156 15 0 483 25 l3

,6 15 i~ 15 0 49 33 16
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True Knowledge Level: Table of Results

True Level
Expected Right
Expected Right
Expected Right
Expected Wrong
Expected Wrong
Expected Wrong

Answer
Answer
Answer
Answer
Answer
Answer

Confirmation
Disconfirmation

Confirmation
Disconfirmation

TL ERA ERAC ERAD EWA EWAC EWAD
12 24 21 3 40 35 5
1.6 31 25 6 33 24 9
14 29 2 6 35 32 3
1W 27 21 6 37 32. 5

31 22 9 33 25 8
8 18 16 2 46 42 4

23 46 35 11 18 12 6
12 24 18 .6 40 33 __

Y3 46 37 9 18 12 6
17 32 7.' 3 132 24 8

25 51 39 12 13 7 6
25 51 42 9 13 8 5
19 39 31 8 25 18 7
___32 28 4 32 28 4
18 35 28 7 29 20 9
..2>.. ..... 534 ...I...h 1W.

14 29 21 8 35 32 3
10 20 _17 3 44 38 6

5 13 _ 9 4 7 47 4
2Y 42 -__ __3 22~ 1W
14 29 27 2 35 30 5
13 27 25 2 37 34 .5 ....
14 29 24 5 35 32 3
25 51 43 8 13 9 4
13 27 23 4 37 34 3
21 42 33 9 22 17 5
13 27 20 7 37 36 1
10 2W 18 2 44 39 5
19 39 32 7 25 18 7
9 19 18 1 45 42 3
14 29 21 8 35 25 10
14 29 21 8 35 30 75
11 23 16 7 41 36 5
2 1 4 2 ....... 6 2 2 1 5 . 7
14 29 18 11 35 28 7
13 27 2 4 37 32. 5
19 39 35 4 25 24 1
16 31 26 5.....33.....27.. 6.
21 42 33 9 22 15 7
.. 4...2... 2 4 .......... ....... 6

17 32 27 5 32 23 9
__117 23 19 4 41 34 7

24 47 46 1 17 15 2
10 .. 16 4.44 .. 4
11 23 19 4 41 37 4
11 2# I' 21 2 41 37 4
16
a. 31 30 1 33 4........... ....^.. .... .

TL
ERA
ERAC
ERAD
EWA
EWAC
EWAD

.. ..... .... .... .......

29
46- .................. 0 .
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TL ERA ERAC ERAD EWA EWAC EWAD
15 30 27 3 34 31 3
11 23 18 5 41 39 2
19 39 30 9 25 18 7
18 35 29 6 29 26 3

9 19 16 3 45 39 6
T57... E5..... .2 Y..
26 52 45 7 12 8 4
15 30 24 6 34 29 5
24 47 38 9 17 11 6
25 51 43 8 13 10 3
9 19 17 2 45 43 2

19 39 31 8 25 21 4
13 27 16 11 37 32 5
14 2W 24 5 35 33 2
15 30 26 4 34 29 5
19 39 30 9 25 20 5
17F 32 2~3 9 32 23 9
12 24 17 7 4I70 29 11
16 31 28 3 33 30 3
21 42 38 4 22 17
7 16 12 4 48 45 3

21 42 33 9 22 15 ____

9 19 15 4 45 44 1
1 2 22 2 40 34 6

12 24 19 5 40 35 5
9 19 13 6 45 38 7
13 27 25 2 37 35 2

17 32 27 5 32 28 4
7 16 14 2 48 45 3

12 24 2 2 AG 35 5
24 47 40 7 17 11 6
13 27 19 8 37 34 3
2d0 41 36 5 23 20 3
16 31 24 7 33 26 7
10 20 18 2 44 413
9 19 16 3 45 41 4

16 31 26 5 33 26 7
10 2.. 18 2 44 39......5
26 2 44 . 8 12 9 3
21 42 32 10 22 17 5
10O 20 16 4 44 43 1
16 31 26 5 33 27 6
14 29 20 9 35 27 8
17 32 28 4 32 25 7

7 16 12 4 48 42 6
17 32 26 6 32 23 9

17 2 26 6 32 20 12
1 9 319 15 4 45 43 2

~ ..... . .. ..

14_ 9 30
4 .- U___ ___-I ___ ___ J. -

52-A 26
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Sliding Scale (3) Knowledge Level: Table of Results

SL3
ERA
ERAC
ERAD
EWA
EWAC
EWAD

Sliding Scale (3) Level
Expected Right Answer
Expected Right Answer Confirmation
Expected Right Answer Disconfirmation
Expected Wrong Answer
Expected Wrong Answer Confirmation
Expected Wrong Answer Disconfirmation

S L3 ERA ERAC ERAD --EWA EWAC EWAD
17 32 25 7 32 31 1

19 17 1 2 .j.45 2... .. 17.
15 ~I 30 24__ 34 32 2__

11 23 19 4 41 30 __

10 120 17 3 44 41 V'
1627 4 33 19 14

7 6 4 2 4 7
21 42135 7 22 1418

4:2J 32_ 9 22 10 012

1i5 41 229 8 224 34 1.
17 31 41 321 211

19 391 31T 8 -21 2T {I

17 32[ 27 321 22

1..4 W _. 4 32 617931,1 7 25 _32_ 22_10

16...311 ...28 3....______ .. 1 ...... 4

_1 _ 23 201 3 41 34 71
1 4 47 43 1 Y74 13 4

150 24 6 34 32 2
20 41 33 8 23t 18 5

13 27~L 1 20 7 37 36 ___

jj 19_ 18 1 45 40 5j
... .30 .5 5 34 20 1.1.4.

10 .20 1 2 441 I...31.
1 QA 17 2~l 451 31 141|

231 1 4 45
K11L 19 4 411 34 _

__ 231 21 12 41 19 22
505 46 3 58 38 20 16 24 22 22 _ _4 _

2___ 41 36 2 ~2Y3 23 0
17 32 127 1 3 2 27 5

14 291 26 3 ___ 21

1 3 20 3 41 34 7

16 __1 27 4 331 24 9]
10 .0 18 2 __..'44 . .8
25 .1 .47 ( .4 II.13 12 1

___ _ 0G 76 ~ 4 ~ 4___ 0ff
-11~ 23 i 1  4 II 41 37 4
11 3 21 2 41 37 4
16 1 0 1 37 29 4

___ L25 54 341 45 _ _
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SL3 ERA ERAC ERAD EWA EWAC EWAD
15 30 27 3 34 31 3
10 20 18 2 44 42 2
16V 31 27 4 33 23 10
20 41 31 10 ~23 22 1

6 15 13 2 49 40 9
14 T 25 4~ 35~ ~3W

- 4 W6 -- 43 3 1 8 1 2 6
13 27 23 4 37 31 6
23 46 38 8 18 12 6
27 5W 45 10 9 8 1
9 19 17 2 45 43 2

16 31 27 4 33 25 8
10 - 2 13 7 44 36 8

.. .2 - 26 6 32 2 .
15 30 26 4 34 29 5
19 39 30 9 25 20 5

_ 19 16 3 45 29 16
6 15 1 4 49 32 17

16 31 28 3 33 30
21 42 3 4 .. 17 5
5 13 10 3 51 46 5

25 51 39 12 13 12 1
10 20 15 5 44 43 1
11 2Y 22 . .....41 35 6
10 20 18 2 44 38 6
3 6 5 1 58 43 15

14 29 26 3 35 34 1
19 _.39 30 9 25 24

6 15 14 - 1 49 46 3
13 ~27 24 3 ~37 34 3
6 31 30 1 33 17 16
11 23 17 6 41 36
16 31 28 3 33 22 11

12 24 21 3 411 30 1T0
10 20 18 2 44 41 3
8 -. 18 16 . 2 46 42 4
16 31 26 5 33 26 7
9 9 18 1 45 40 .5

25 51 44 7 13 10 3
17 32 28 4 32 23 9
11 23 16 7 41 40 1
14 29 25 4 35 28 7
12 24 20 4 40 32 8
20 41 33 8 23 21 2
6 15 12 3 49 43 6

12. .24 .21 3 40 26 4
15 30 26 4 34 22 12
10 20 15 5 44 42 2
15 30 , 26 4 34 29 5
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Sliding Scale (5) Knowledge Level: Table of Results

SL5 = Sliding Scale (5) Level
ERA = Expected Right Answer
ERAC = Expected Right Answer Confirmation
ERAD = Expected Right Answer Disconfirmation
EWA = Expected Wrong Answer
EWAC = Expected Wrong Answer Confirmation
EWAD = Expected Wrong Answer Disconfirmation

SL5 _ERA ERAC ERAD EWA EWAC EWAD

16 31 25 6 33 32 1
9 19 17 2 45 28 17

16 31 24 7 33 31 2
17 32 23 9 32 29 3
11 23 19 4 41 30 11
9 19 17 245 42 3

16 31 27 4 33 19 14
16 31 22 9 33 30 3
2 45 36 9 19 12 7
16 31 29 2 33 25 8
31 61 44 17 3 2 1
21 42 39 3 22 14 8
24 47 36 11 17 15 2
19 39 31 8 25 24 1
22 45 34 11 19 16 3
27 55 40 15 9 9 0
15 30 22 8 34 32 2
9 19 17 ...2 45 39 6
5 13 9 51 47 4
3 T4O ~41 ~ 5 ____ 16 2
16 - 31 28 ____3_ 33 29 4
15 30 26 4 34 32 2
14 29 24 5 35 32 3
24 47 43 4 7 13 4
15 30 24 6 34 32 2
21 42 33 9 22 17 5
13 27 20 7 37 36 1
10 20 18 2 44 39 5
22 - 45 36 9 19 16 3
9 19 18 1 45 42 3
9-9 17 2 45 31 14

11 23 19 4 41 34 7
9 19 15 4 45 39 6

2:6- 2 4 2 10 12 1H 1
5 113 7 6 51 33 T8

13 2 7 23 4 37 32 5
20 41 36 5 23 23 0
18 35 28 7 29 25 4
15 30 26 4 34 20 14
18 35 28 7 29 27 2
22 45 35 10 19 18 1

__ 19 18 1 14W 37 8
25 1547 4 13 12 1
i0 Y0 17 4 4 40
11 23 19 4 41 37 4
11 23 21 2 41 37 4
16 131 1

%.FJ i % i : R...... It u ... ... .A . .-4 .... ... ..A- .1 ... .... ..f'% .. ..
1 ............ A .W. .......... I . ................. ! ........... j4 ............... ! N I ............ .......... I. - ... .......... . ........

4L.

33 29 4

4 U.19 .4. .45.
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SL5 ERA ERAC ERAD EWA EWAC EWAD
15 30 27 3 34 31 3
11 2. 18 5 41 39 2
17 32.. 27 532 22 10
20 41 .. 31 1.3 2 1

5 13 12 1 51 41 10
........ 2- W .3W 7 3

24 447 3 4 17 11 6
18 35 27 8 29 27 2
23 46 38 8 18 12 6
27 55 45 10 9 8W 1

9 19 17 2 45 43 2
21 42 32 10 227 19 3
19 39 21 18 25 25 0
16 31 26 5 33 33 0
17 32 27 5 32 28 4
20 41 30 11 23 18 5

0 20 16 4 44 28 16
.. .. 13 5 46 31 15

16 '31 28 3 33 30 3
21 42 38 .4 22 17 5

1 5 11 4 49 45 4
54' 51 39 12 13 2 1

9 19 15 4 45 44 1
11 23 ___2. 1 41 35 6

10 20 18 2 44 38 6
.9 5 4 55 40 15

14 29 26 3 35 34 1
19 39 30 9 25 .4 1

8 18 16 2 46 45 1
T3 2V 2 27 3 ~ 37 - 5

__ 57 44 13 7 5 2
16 _31 21 10 . 33- 32 1
23 46 38 8 18 17 1

19 3.32 7 25 24 1
9 19 18 1 45 40

26)2 44 8 12 9 3
19 39 31 8 25 TW 6
11 23 16 7 41 40 1
19 39 30 9 25 23 2

172 '4 204 40 32 8
20 41 33 8 23 21 2

. 13 11 2 51 44 7
14 29 24 5 35 24 11M
14 30 26 4 34 22 2
10 3 15 5 44 42 2
15 30 26 4 34 29 5
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All Knowledge Levels: Table of Results

Observed Level
True Level
Sliding Scale
Sliding Scale

3) Level
5) Level

OL TL SL3 SL5
2 12 17 16

__8 16 9 9.
7 14 1 16
2 ..13 10 17
7 16 11 11

S10 9
2 2W 16 16

6 -12 7 16
14 23 21 22
15 17 16 16
2 25 21 0

11 19 17 24

4 2 19 27
3 14 15 15

.10.9 9
2 5 6 5
8 -__21 23 23

17 25 24 24
2 13 15 15
8 - 21 20 21
S 0 13 13 13

_8 10 9 10
8 19 15 22
6 __9 10 9
2 - 14 9 9
_ 14 11 11
2 11 9 9
9 21 11 26
2 - 1W3 5

12 - 1IL 12 13
20 19 20 20
10 16 17 8
14 21 14 15
__ 1L4 11 18
2 17 16 22
6 11 10 9

24 24 25 25
__ 10 10 10

0~ 11 11 11

14 16 16 1.16
4 8 91 9

OL
TL
SL3
SL5
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OL TL SL3 SLS
14 15 15 15

0 1 1 1
2 19 16 17
7 18 20 20
2 9 6 5
.... 14 14

22 26 23 24
5 . .13 18

6 24 23 23
7 ..25 27 27
7 9 9 9

I96... 1 16 21
2 143 10 19

12 14 17 16
9 15 15 17

11 19 19 2O0
2 17 9 10
4 12 6 .8

10 16 16 16
11 21 21 21

3 7 5 6
2 21 25 25
6 9 10 9
9 12 11 11
7 12 10 10
2 .. 9 3 4

12 13 14 14
11 17 19 19

6 7 6 8

1 - 234 16
7 13 11 16
7 20 16 23
7 16 12 13
8 10 10 10
6 9 8 8
2 16 16 19
8 10 9 9

_9 26 25 26
4 21 17 19
7 10 11 11
2 -. 17. .14 19
7 14 12 12
8 -1 2. 20
2 7 6 5
2 17.....12 14
2 17 15 15
5 9 10 10
6 14 is
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Irma Marsh School retest raw data, 97 subjects by difficulty strata scale level (Table 11).
Item 1, present in Table II, is not here; it was not considered in the statistical analysis.

Levels

0 0 0 0 0 0 0 0 0 1 1 1 1 1 111 1 1 2 2 2 22 2 2 2 2 2 333 3
1 2 3 4 5 6 7 8 9 0 1 2 3 4 56 7 8 9 0 1 2 3 4 5 6 7 8 9 0 1 2 3

11 1110111 11110 11 10 111 1011001 10010(0000000000000000000000000000
11 110111111111 11 I11 000101 111 11 100 101 1000 110 110 1000010000000000000
11 11111111111100 11 101 1 101 00101010(0000000000000000000000000000

1 1110o1111 1 1o0010 1 11001100110001000000000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

11 1I I111111 11 101 1 1000 0000 10 1 1 1010 0101 00 0 010 0 0 00110 001 00 00 0 0 0 00

11 111 111111011 110 11 10 000 0 00100 0 0 0 010 0000 00 0 0010 0 00000 000 00 00 0 0 0 00

11 1110 11111111 11 1111111110100101001010 01 1 1101 1 1010001000 1000 100

11 1 II1111011 110001 1 110 0 110 01 10 0 100 0000 00 0 0010 0 00000 010 00 00 0 0 0 00

11 1111111 1111 10,1111 1 1111 101 1101 1011 0101 1100101 001101 110010000000
11 111111111111111111111111011000010001 110100 10 10000010000000000
1111101111011011011111110111111010110111101001110110110100101001
01 111 1111 1 1 1 11111111111 1 1011 1111 1100100 10001 1011010100000
11 11111111111 10 1 101 1 1110111 11 1 10000 1011 11 10100 101010000000000000
111111111 1 11111110101 1011 101 1 1 110 0010 00 0 100 0 0 0000 000000 0 0 0 00
111110111111111110111110 011011110100101111 10000001000110000000000
11 111111101111 1 11 1 1 01100l 11 1 1 1010 100100 101101 10110011000000000
10111 1011 1111 11 1 10 10 101 1 01001000100000000000 1000000000000000000
it 1101Illill 11 1 1100001001000 000000001100001000000000000 1000000
101110011 1110 10000 1001000000000000000000000010000000000000000000
1111111111111111110111111111111111010111110101001000100000000000
11 1111111 1110111110 1111111 110 10001 0010000 1000 100000000000000000
11 111I111111111111110 111 1 11001000 10000000000000000000001000000000
I 1iiiIi IIi 11i01 10 1100iOl01000 1010000000000000000 1000000000000
11 111111111111111111111011 1 1 1 110111011 1 1110100000111 100000000
11 111 0 1111111 11110 1 1 101 1 101010 0 0 001 1000 00 0 000 0 0 0000 0 000 00 00 0 0 0 00

11 11111111111 11 1 11011111001 11 1 1 1011 1100000101010000000001001 0000

01 11111110011 11 1 10 11111100000000 000 00000000001 000000000000000000

11 1111111 1111 111 110 0 110 0 000 010 0 0 0010000 00 0 001 0 00000 0 00000 0 0 0 00

1110111111011111110111111101100111101111101100010000110000000000
11 1111111 1111 110 11 10 000 0 001 00 0 10000 0000 00 0 0010 0 0000 0000 00 00 0 0 0 00
11 11101111111 11 1110 0 001 1 110 00 0 0 0 110 111001 1010 0 0 0010 1000 00 00 0 0 0 00
01 1111111101111 1 11 10 110 0 010 01 1 10 101 0000 00 0 0010 0 00000 000 00 00 0 0 0 00
11 111 0 110 1111i11100 10 010 1O0110101 00000000000000000000000000000000
11 11111111111 11 1 11 100110 101 110 1 1 101t1111111100 1 1 11010 100000000000
11 ill 0 000 0011 110001 1 i 1 110 100 1 10100110 1000010000000000000000000
11 11111111 111 1111 100 1001 10 0 0 0 000 0100 00 0 0010 0 1000 0 00001 00 0 0 0 00
11 1111111 11111 1 1 1 111111 1 1 1 101 10000100000000000000 000000000
1111111101111111111001101111 10101011110000000000000000000000000
11 111111111111 1 1 110 1 100 110 10011 0011 110 110 1 10100 0 100 00 10 0 0 0 00
11 11111111111 11011 1 1 1000i11110 1 1 1010 0100000000 0000000010000000000
111110I111 011111011110111 11111100 1011110 01 10100000010000000000000

111111111111111011101000 10101010001000100000000 001000000000000000
1111111111t11111111111111111111111111111101100010 100000000000
10 i o ii001tll io 11 1 110 1010000000 1 10000000000000000 10000000000000000
0111110111111111111110000100001000000010001000000000000000000000
11 11111111111 10 1 11 10111000001 100000 10000000010000000000000000000
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11 1111111 11111 11 1 1 111 1 111 110 10001 10000000000000000 100010000000
10 111 1 1110111 11 1010 0 0000 0000 0 0 0 000 0000 00 0 000 0 0 00000 000 00 00 0 0 0 00
11 1111111 11 1111111110 01000000(00000100000000100010000000000
01 1111111 1111III11 10 000 1000 010 0 0 000 0000 00 0 000 0 0 00000 000 00 00 0 0 0 00
11 1110 1110111 11 1 1101 111 1111 11 100101'10001011 100101100000001 0000000
11 1111111 1011 11 101 1 1 1110 110010 1 1 1110101000000 1000000000000000000

1 1110111i11 10 0 11 1 10010001I010 0 1010 0000 00 0 000 0 0 0000 0 000 00 00 0 0 0 00
11 11111111111 11110 111 1 110000 00 110001001000000 0000 1000000000000
11 11111111111 11111111 111 11 1 1 1 111 1111 01 1 110 0 0 0110 0 00100 10 0 0 101
11 1101111111111 110 1 1111 0 110 00 1 1 101010000000000 000010000000000000
11 1111111111111011 1 1 101 1011 1101 1 111011011 1 1100000101001010100100
11 111I1111111111 1011 1 101111111 1 0111 10110111100 101110011 0000001 00
1111111111111111001001000000001000010000000000000000000000000000
11111il1111 11 1 11 1 10111 100101010100110101000000000001010000000
11 1110111011000101010001 11001 1 1100000000000000000000000000000
11 11111111111 101 11 1 1 11010110011 000010000000000000000000000000000
111111111 11111110011 1 11101001 11001000000000000000010000000000
1111111111111111101110101111001101001010011000010001000010000000
11 11 0111 1011 11 1 11000110 110 110 10 101 0011 010 0000000000000 01 1101000
11 101 1 I 0011 01 011 10o1110111 110100110100000100000000000100000000
11 11111111111111110111111 10010000 0011 0000000001000000000000000
11 1111111l11111111111111 0 111 01 1 1 1111 1110 1101000011000011 000000000
11 1111001011101 100 10 11000000000000000000000000000000000000000000
11 1110i0il011110111111011111011110011 10101111111110000100000000000
10 1111 101 1011110 11 100001 000 00 0 0 0 000 0000 00 0000 0 0 00000 000 00 00 0 0 0 00
11 11111111111111 10i1110010 10000001 000000 00010000110000000000 0000

11 1111111 111111101 10 100 0 101 10 0 10 000 0000 00 0 000 0 0 0010 0 000 00 00 0 0 0 00
11 1110000 111101 101 10 011 1001010 0 0 000 000100 0 0010 0 0000 0 000 00 00 0 0 0 00
11111111111 1111111 1010010 0 0001 0000000000 0 00000 0000 000000000
1111111111011111111111000110111 101001010000010000000000000000000
1111111111111100111000000000000000000000000000000000000000000000
11 111011111 1 1 11 1 1 iii10 1100000 0 1000000 100010000000 000000000 0000
11 1111111111111111111111 1010101 1011010101 1 10101010001 1100000
101 11iol111 101o01 10O011 0 10 0 10 000 0000 00 0 000 0 0 0000 0 000 00 010 0 0 00
11 111I111 1111111101 111111011 11010111t11111010001 000000010000000000

11 111I1111111111 101 1 1 1100010 1100 1 0111100000001 10 00000000 000000000
11 11111111011 11 1 110 1010 0 000 10 0 0 0 000 0000 00 0 0010 0 0000 000000 0 0 0 00
I IIlilIlliloooooo 0100l00000000000 1l0 1000000000001 1000000000000000000
11 11101111111 11110011 1 110110 101110111000000 1000000000000000000
I IilliiiIIIIi i O 1i i0 0 010 0 01100 0 10 000 0000 00 0 0010 0 0000 0 000 00 00 0 0 0 00
11 1111111 11111 1 1 101 1 111 11 1 1 1 111 1111 10 1 11011 0000 0 10100 10 0 0 0 00
11 111 1 1110111i1111111011 1 11011 1 10100001110010011 10010000000000000

11 101 1i1111110 10 101 1 1000 00000 0 10 0000000 00 0 000 0 0 00000 000 00 00 0 0 0 00
11111011 11 1 10111111111000 1 1 11001000000000000010000010000000
11 1101i111111111100111110000000 10011 1111 10 00000000000 00000 00 00 0 00
11 11111111111 11 11101110i11101 101111 10100000010 100000000000000000

11 Ii0il 0111 100100O1 100 0 100 10 0 0 0 000 0000 00 0 0010 0 0000 0 000 00 00 0 0 0 00
111110i111111111111110101001110100111110110100000000000 010000000
11111011111111101111iI ll11110100010110111100011001000100010000000
I Iili 1 101 101101 101 1001000001000000000000000000000000000000000000
11 111111111111101010111111 1100010100100010000010000000000000000
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Below are the data collected by MathTest for five subjects. These data are used

in the explanation of the manner in which raw data were transformed into source

information by temporary routines added to RightOrder.

Legend
Subject's answer string
Subject's item
sequence
Minutes subject spent answering items before first mistake
Minutes subject spent to take entire test

Subject 1
iiioii1iI11IIJLIOI 01111011001100100000000000000000 0 0 0 0 0 00 0 0 0 00 0

132 9 5 4 8 15 16 17 1011 22 23 6 7 12 18 13 48 25 19 2931 14 39 34 35 62 47 20 49 26 63 24 42 2128 30 52 44 40 38
36 37 65 46 33 27 45 53 615143 54 55 32 59 50 58 60 4157 56 64
00
39

Subject 2
1111111110110 111111001011111110010110001101101000010000000000000
13 2 9 15 10 6 12 18 48 5 4 8 16 1711 22 23 7 13 25 19 29.31 14 39 34 35 62 47 20 49 26 63 24 42 2128 30 52 44 40 38
36 37 65 46 33 27 45 53 615143 54 55 32 59 50 58 60 4157 56 64

F
1 0 _- 1

Subject 3
Subjct1711 111111110111011 1010010101000000000000000000000000000000
132915106121854816171122237134825192931 14393435624720492663244221283052444038
36376546332745536151435455325950586041575664
04
36

Subject 4
11101111111111111011001011101010011000010000000000000000000000000
13 2 9 5 4 8 15 16 17 10 1122 23 6 7 12 18 13 48 25 19 29 31 14 39 34 35 62 47 20 49 26 63 24 42 2128 30 52 44 40 38
36 37 65 46 33 27 45 53 615143 54 55 32 59 50 58 60 4157 56 64
00
27

Subject 5
11111111011111111111100000000 111]L01001010000 100000110001000000000
13 2 9 15 10 6 12 18 5 48 16 17 1122 23 7 13 48 25 19 29 31 14 39 34 35 62 47 2049 26 63 2442 2128 30 52 44 40 38
36 37 65 46 33 27 45 53 615143 54 55 32 59 50 58 60 4157 56 64
05
173

i - - - - - --- - -

I

3 I
I35

I
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The first step in the transformation was to eliminate Item I because it was

considered a practice item rather than a part of the data analysis.

The second step, using the subject's item sequence, was to reorder the answer

string elements in the original sequence, 2 through 65. This step produced the input file,

a matrix of l's and O's, for the RightOrder retest analysis.

The third step, again using the subject's item sequence, was to reorder the answer

string elements in the order of the items in the difficulty strata scale (Table 11). This

step produced the raw data matrix shown in Appendix G, the first line of which is

reproduced below as an example. Note that the 33 levels are separated by spaces.

11 111 0111111110 1110 111 1011001 10010,000000000000000000o000j00

The Observed Knowledge Level is defined as the level immediately below the

level of the first incorrect answer. In the example line, the first incorrect answer appears

in Level 3, making the Observed Knowledge Level 2. Having found the Observed

Knowledge Level, one expects the five items in and below it to be answered correctly

and the remaining 59 items to be answered incorrectly. A table of the complete results of

the raw data matrix is displayed in Appendix E, the first line of which is reproduced

below as an example.

Observed Expected Expected Expected Expected Expected Expected
Level Right Right Right Answer Wrong Wrong Wrong

Answer Answer Disconfirmed Answer Answer Answer
Confirmed Confirmed Disconfirmed

2 5 5 0 59 38 21
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The.True Knowledge Level is defined as the number of levels the subject

answered at least 50% of correctly. The example line produces the following result for

the 33 levels:110 1 1 1Q0 1 10 10 10 1 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0. The total

number of 1's is 12, making the True Knowledge Level 12. Note that the answer pattern

of Level 13 is 011. This level is thus answered 67% correctly and is noted as 1 for the

True Level calculation. Level 18, on the other hand, exhibits the answer pattern 010,

thus being 33% correct and scoring as a 0 for True Level calculation purposes. Having

found the True Knowledge Level of 12, one expects the 24 items in and below it to be

answered correctly and the remaining 40 items to be answered incorrectly. A table of the

complete results of the raw data matrix is displayed in Appendix E, the first line of which

is reproduced below as an example.

True Level Expected Expected Expected Expected Expected Expected
Right Right Right Answer Wrong Wrong Wrong

Answer Answer Disconfirmed Answer Answer Answer
Confirmed Confirmed Disconfirmed

12 24 21 3 40 35 5

The Sliding Scale Three Knowledge Level is defined by considering Sliding Scale

Three Level I to be Levels 1, 2, and 3, the answer patterns of which, in the example line,

are 11, 111, and 0. This produces a score of I for Sliding Scale Three Level 1 because

two of the three levels have more than 50% correct answers. Sliding Scale Three Level 2

is Levels 2, 3, and 4, the answer patterns of which, in the example line, are 111, 0, and

111. This produces a score of I for Sliding Scale Three Level 2 because two of the three

levels have more than 50% correct answers. Sliding Scale Three Level 16 is Levels 16,
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17, and 18, the answer patterns of which, in the example line, are 1, 0, and 010. This

produces a score of 0 for Sliding Scale Three Level 16 because two of the three levels

have less than 50% correct answers. The Sliding Scale Three Knowledge Level, then, is

the middle of the three levels representing Sliding Scale Three Level 16, or, in other

words, Level 17. Having found the Sliding Scale Three Knowledge Level of 17, one

expects the 32 items in and below it to be answered correctly and the remaining 32 items

to be answered incorrectly. A table of the complete results of the raw data matrix is

displayed in Appendix E, the first line of which is reproduced below as an example.

Sliding Scale Expected Expected Expected Expected Expected Expected
Three Level Right Right Right Answer Wrong Wrong Wrong

Answer Answer Discon_rmed Answer Answer Answer

Confirmed Confirmed Disconfirmed

17 '32 25 7 32 31 1

The Sliding Scale Five Knowledge Level is defined by considering Sliding Scale

Five Level I to be Levels 1, 2, 3,4, and 5, the answer patterns of which, in the example

line, are 11, 111, 0, 111, and 1111. This produces a score of 1 for Sliding Scale Five

Level I because four of the five levels have more than 50% correct answers. Sliding

Scale Five Level 2 is Levels 2, 3, 4, 5, and 6, the answer patterns of which, in the

example line, are 111, 0, 111, 1111, and 11. This produces a score of I for Sliding Scale

Five Level 2 because four of the five levels have more than 50% correct answers. Sliding

Scale Five Level 14 is Levels 14, 15, 16, 17, and 18, the answer patterns of which, in the

example line, are 00, 1, 1, 0, and 010. This produces a score of 0 for Sliding Scale Five

Level 14 because three of the five levels have less than 50% correct answers. The
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Sliding Scale Five Knowledge Level, then, is the middle of the five levels representing

Sliding Scale Five Level 14, or, in other words, Level 16. Having found the Sliding Scale

Five Knowledge Level of 16, one expects the 31 items in and below it to be answered

correctly and the remaining 33 items to be answered incorrectly. A table of the complete

results of the raw data matrix is displayed in Appendix E, the first line of which is

reproduced below as an example.

Sliding Scale Expected Expected Expected Expected Expected Expected
Five Level Right Right Right Answer Wrong Wrong Wrong

Answer Answer Disconfirmed Answer Answer Answer
Confirmed Confirmed Disconfirmed

16 31 25 6 33 32 1



APPENDIX H

EXECUTABLE FILES AND PROGRAM CODE

142



REFERENCES

Airasian, P. W., & Bart, W. M. (1975). Validating a priory instructional
hierarchies. Journal of Educational Measurement,12 (3), 163-173.

AMR Training & Consulting Group. (1994). Justifying multimedia: The payback.
Dallas, TX: Blalock, R. H.

Anastasi, A. (1961). Psychological testing. New York, NY: The Macmillan
Company.

Appel, G. & Hitschler, W. F. (1980). stock market trading systems. Homewood,
Illinois: Dow Jones-Irwin.

Askar, P., & Koksal, M. (1993). The contribution of computer assisted instruction
on the freshman mathematics achievement. College Student Journal, 27(2), 203 - 207.

Ausubel, D. P. (1963). Cognitive structure and facilitation of meaningful verbal
learning. Journal of Teacher Education, 14, 217-221.

Ausubel, D. P. (1968). Educational psychology: A cognitive view. New York,
NY: Holt, Rinehart and Winston, Inc.

Ausubel, D. P., & Robinson, F. G. (1969). School Learning: An introduction to
educational psychogv. New York, NY: Holt., Rinehart and Winston, Inc.

Beichner, Ft. J. (1994). Technology competencies for new teachers: Issues and
suggestions. In J. J. Hirschbuhl (Vol. Ed.), Computers in education (6th ed., pp. 111-
114). Guilford, CT: The Dushkin Publishing Group, Inc.

Began, J. R., & Jeska, P. (1980). An examination of prerequisite relations,
positive transfer among learning tasks, and variations in instruction for a seriation
hierarchy. Contemporary Educational Psychology, 5, 203-215.

Bloom, B. S. (1976). Human characteristics and school learning. New York, NY:
McGraw-Hill Book Company.

144



145

Burns, IH. L., & Capps, C. G. (1988). Foundations of intelligent tutoring systems:

An introduction. In M. C. Poison, & J. J. Richardson (Eds.), Foundations of intelligent
tutoring systems (pp. 55-78). Hillsdale, NJ: Lawrence Erbaum Associates, Inc.,
Publishers.

Case, R. (1980). Implications of neo-piagetian theory for improving the design of
instruction. In J. R. Kirby, & J. B. Biggs (Eds.), Cognition, development, and instruction

(pp. 161-187). New York, NY: Academic Press, Inc.

Cliff, N. (1977). A theory of consistency of ordering generalizable to tailored
testing. Psvchometjrika,42 (3), 375-399.

Coombs, C. H. (1964). A theory of data. New York, NY: John Wiley & Sons, Inc.

Crocker, L., & Algina, J. (1986). Introduction to classical & modern test theory.

Orlando, FL: Harcourt Brace Jovanovich, Inc.

Cudeck, R. (1980). A comparative study of indices for internal consistency.
Journal of Educational Measurement, 17 (2), 117-130.

Dick, W. (1980). An alternative analysis of "Formative evaluation applied to a

learning hierarchy" by White and Gagn. Contemporary Educational Psychology, 5, 282-
286.

Driscoll, M. P. (1994). Psychology of learning for instruction. Boston, MA: Allyn
and Bacon.

Dunn-Rakin, P. (1983). Scaling Methods. Hillsdale, NJ: Lawrence Erbaum
Associates, Publishers.

Elsom-Cook, M. (Ed.). (1990). Guided Discovery Tutoring: A Framework for
ICAI Research. London, England: Paul Chapman Publishing Ltd.

Gagne, R. IA. (1962). The acquisition of knowledge. Psychological Review, 69,
355-365.

Gagne, R. 1M. (1965). The conditions of learning. New York, NY: Holt, Rinehart
and Winston, Inc.

Gagne, R. M. (1985). The conditions of learning and theory of instruction (4th
ed.). New York, NY: CBS College Publishing.



146

Gagne, It. M. (1987). Introduction. In It. M. Gagn6 (Ed.), Instructional
Technology: Foundations. Hillsdale, NJ: Lawrence Erlbaum Associates, Inc.

Greeno, J. G. (1976). Cognitive objectives of instruction: Theory of knowledge
for solving problems and answering questions. In D. Klahr (Ed.), Cognition and
Instruction (pp. 123-159). Hillsdale, NJ: Lawrence Erbaum Associates, Publishers.

Gregg, L. W. (1976). Methods and models for task analysis in instructional
design. In D. Klahr (Ed.), Cognition and Instruction (pp. 109-115). Hillsdale, NJ:
Lawrence Erlbaum Associates, Publishers.

Guba, E. G. (Ed). (1990). The paradigm dialog. Newbury Park, CA: Sage
Publications, Inc.

Guttman, L. (1944). A basis for scaling qualitative data. American Sociological
Review, 9, 139-150.

Guttman, L. (1946). An approach for quantifying paired comparisons and rank
order. Annals of Mathematical Statistics, 17, 144-163.

Guttman, L. (1947). The Cornell technique for scale and intensity analysis.
Educational Psychological Measurement, 7, 247-279.

Hambleton, R. K. & Swaminathan, H. (1985). Item Response Theory: Principles
and Applications. Hingham, MA: Kluwer Boston, Inc.

Hannafin, R. D., & Sullivan, H. J. (1995). Learner control in full and lean CAI
programs. Educational Technology Research and Development, 43 (1), 19-30.

Hinkle, D. E., Wiersma, W. & Jurs, S. G. (1994). Applied statistics for the
behavioral sciences. Boston, MA: Houghton Mifflin Company.

Holmes, K., & Duffey, D. (1993). Technology staff development: Designing an
effective process (Tech. Rep.). Denton: University of North Texas, Texas Center for
Educational Technology.

Hulin, C. L., Drasgow, F., & Parsons, C. K. (1983). Item Response Theory:
Application to Psychological Measurement. Homewood, Illinois: Dow Jones-Irwin.

Isaac, S., & Michael, W. B. (1995). Handbook in research and evaluation (3rd
ed.). San Diego, CA: EDITS/Educational and Industrial Testing Services.



147

Jeeves, M. A., & Greer, G. B. (1983). Analysis of structural learning. London:
Academic Press Inc. (London) LTD.

Kee, K. N., & White, R. T. (1979). The equivalence of positive and negative
methods of validating a learning hierarchy. Contemporary Educational Psychology, 4,
253-259.

Koohang, A. A. (1987). A study of the attitudes of preservice teachers toward the
use of computer. Educational Communication and Technology Journal, 35 (3), 145-149.

Krus, D. J. (1977). Order analysis: an inferential model of dimensional analysis
and scaling. Educational and Psychological Measurement, 37, 587-601.

Krus, D. J. (1978). Logical basis of dimensionality. Applied Psychological
Measurement,2 (3), 321-329.

Krus, D. J., & Bart, W. M. (1974). An ordering theoretic method of
multidimensional scaling of items. Educational and Psychological Measurement, 34,
525-535.

Krus, D. J., Bart, W. M., & Airasian, P. W. (1975). Ordering theory and methods.
Los Angeles, CA: Theta Press.

Landa, L. N. (1974). Algorithmization in learning and instruction. Eglewood
Cliffs, NJ: Educational Technology Publications, Inc.

Loevinger, J. (1948). The technique of homogeneous tests compared with some
aspects of "scale analysis" and factor analysis. Psychological Bulletin, 45, 507-529.

Loevinger, J. (1954). The attenuation paradox in test theory. Psychological
Bulletin, 51(5), 493-504.

Loevinger, J. A. (1947). A systematic approach to the construction and evaluation
of tests of ability. Psychological Monographs, 61 (4, Whole, No. 285).

McNemar, Q. (1969). Psychological Statistics (4th ed.). New York, NY: John
Wiley and Sons, Inc.

Means, B. (1993). Cognitive task analysis as a basis for instructional design. In
M. Rabinowitz (Ed.), Cognitive science foundations of instructions. Hillsdale, NJ:
Lawrence Erlbaum Associates, Inc., Publishers.



148

Merril, M. 1. (1977). Content analysis via concept elaboration theory. Journal of
Instructional Development, 1 (7), 10-13.

Merril, P. F. (1987). Job and task analysis. In R. M. Gagn6 (Ed.), Instructional
technology: Fonda4tions (pp. 141-175). Hillsdale, NJ: Lawrence Erbaum Associates, Inc.

Morris, W. (Ed.). (1969). The American Heritage Dictionary of the English
Language. New York, NY: American Heritage Publishing Co., Inc.

Philipczack, B. (1996). Training on intranets: The hope and the hype. Training,
September, 24-32.

Phillips, D. C., & Soltis, J. F. (1985). Perspectives on learning. New York, NY:
Teachers College Press.

Presseisen, B. Z., Sternberg, R. J., Fischer, K. W., Knight, C. C., & Feuerstein, R.
(1990). Learningand Thinking Styles: Classroom Interaction. Washington, DC: National
Education Association.

Reigeluth, C. M. (1979). In search of a better way to organize instruction: The
elaboration theory. Journal of Instructional Development, 2 (3), 8-15.

Reiser. R. A. (1987). Instructional technology: A history. In R. M. Gagn6 (Ed.),
Instructional technology: Foundations (pp. 11-49). Hillsdale, NJ: Lawrence Erlbaum
Associates, Inc.

Resnick, L. B. (1973). Issues in the study of learning hierarchies. Instructional
Science, 2, 312-323.

Resnick, L. B. (1976). Task analysis in instructional design: Some cases from
mathematics. In D. Klahr (Ed.), Cognition and Instruction (pp. 51-80). Hillsdale, NJ:
Lawrence Erlbaum Associates, Publishers.

Shuell, T. J. (1992). Designing Instructional Computing Systems for Meaningful
Learning. In Jones, M., & Winne, P. H. (Eds.), Adaptive Learning Environments. NATO
ASI Series: Vol. F 85. (pp. 19-54). Berlin, Germany: Spring -Verlag.

Smith,:P. L., & Ragan, T. J. (1993). Instructional design. New York, NY:
Macmillan Publishing Company.

Suppes, P, & Zinnes, J. L. (1963). Basic measurement theory. in R. D. Luce, R. R.
Bush, & E. Galanter (Eds.), Handbook of mathematical psychology. New York, NY:
Wiley.



149

Thissen, D. (1993). Repealing rules that no longer apply to psychological
measurement. In N. Frederiksen, R. J. Mislevy, 1. 1. Bejar (Eds.), Test theory for a new

generation of tests (pp. 79-98). Hillsdale, NJ:Lawrence Erlbaum Associates, Inc.

VanLehn, K. (1988). Student modeling. In M. C. Poison, & J. J. Richardson
(Eds.), Foundations of intelligent tutoring systems (pp. 55-78). Hillsdale, NJ: Lawrence

Erlbaum Associates, Inc., Publishers.

White, R. T., & Gagn&, R. M. (1978). Formative evaluation applied to a learning
hierarchy. Contemporary Educational Psycholgy, 3 87-94.

Wilson, B. G., & Merril, M. D. (1980). General-to-detailed sequencing of

concepts in a taxonomy is in general agreement with learning hierarchy analysis. NSPI
Journal December, 11-14.

Wilson, M. (1989). Empirical examination of a learning hierarchy using an item
response theory model. Journal of Experimental Education, 27(4), 357-371.


