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ABSTRACT 

Statement of the Problem 

In this study, a Bayesian approach to the use of test data for 

the identification of learning disability in school-age children was 

investigated. Psychometric instruments, selected to measure a set of 

component disabilities that were presumed to be highly diagnostic, were 

administered to two matched groups: one, consisting of twenty-five 

children with learning disability, and the other, consisting of twenty-

five children without learning disability. Efficiency and effective

ness of identification procedures based on tests were studied through 

a comparison of Bayesian techniques and discriminant analysis. 

Procedure 

There were three major procedural steps in this study: 

(1) Eleven tests that yielded seventeen sets of scores were selected to 

measure a set of component disabilities; (2) Clinical judgment based 

on case file data was used to select two matched samples of twenty-

five learning-disability and twenty-five non-learning-disability chil

dren from an initial sample of elementary school children; (3) The 

tests were individually administered to each child. 

Results 

The diagnostic value of the individual tests, and the effec

tiveness of sets of tests in discriminating learning disability from 

ix 
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non-learning disability were evaluated by submitting the data to 

Bayesian procedures and discriminant analysis. The effectiveness and 

efficiency of these two classification methods were also evaluated. 

The results indicated that: 

1. Each of the eleven tests and the seventeen sets of scores 

effectively discriminated learning disability from non-learning 

disability. 

2. The diagnostic value of the sets of scores varied for the 

identification of learning disability, and the five most diagnostic 

sets, taken individually, were: (1) the Picture Story Language Test 

(PSLT) Abstract-Concrete score, a measure of a writing component, 

(2) the Monroe Visualization Test, Words score, a measure of a visual

ization component, (3) the Monroe Word Discrimination Test, a measure 

of a monitoring component, (4) the Gates-MacGinitie Reading Compre

hension test, a measure of a reading comprehension component, and 

(5) the PSLT Words per Sentence score, a measure of a writing component. 

3. Bayesian analysis and discriminant analysis were equally 

effective for the identification of learning disability, but Bayesian 

procedures may provide a more efficient identification system because 

they (1) are easier to compute, (2) yield a precise probability that 

learning disability is present, and (3) permit the use of a varied 

number or set of tests within a given comparison. According to the 

criterion of clinical judgment, discriminant analysis classified from 

88 to 100%, and Bayesian procedures classified from 88 to 98% of the 

sample subjects correctly, using sets of two to seventeen variables. 
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4. The percentages of correct classification of learning dis

ability and non-learning disability using five sets of scores were 

comparable with the percentages of correct classification using seven

teen sets of scores. 

5. A set of five conditionally independent variables consis

tently classified the highest percentages of subjects correctly using 

Bayesian techniques. The independent variables were: (1) the WISC 

Digit Span test, a measure of an auditory short-term memory component, 

(2) the WISC Arithmetic test, a measure of a mathematical comprehension 

component, (3) the Knox Cubes test, a measure of an attention component, 

(4) the PSLT Abstract-Concrete score, a measure of a writing component, 

and (5) the Gates-MacGinitie Reading Comprehension test, a measure of 

a reading comprehension component. 

6. In nearly all cases, more subjects were classified correctly 

when the samples were divided at the mean age (9-4) of the samples than 

when age was not considered as a factor. 

As a result of this study, a specific identification procedure 

that may be useful for cross-validation studies was developed. This 

procedure may eventually be useful for making identification decisions 

about learning disability in school settings. 



CHAPTER I 

STATEMENT OF THE PROBLEM 

Introduction 

Evaluation of the important factors in human learning is an 

extremely complex task. The classification of these factors into a 

system for the identification of human handicapping conditions may be 

even more complicated. In recent years, the field of learning dis

ability in school-age children has provided an arena for the study 

of both single psychoeducational factors and classification systems 

for identification (Clements, 1966, Haring and Miller, 1969, Chalfant 

and Scheffelin, 1969, Bryant and Kass, 1972a). 

The identification of learning-disability children is extremely 

complex because the presence of any factor by itself is neither 

sufficient nor necessary to determine that a child has a learning 

disability. In actual practice, the identification of learning-

disability children seems to depend upon an intricate combination of 

clinical intuition and psychometric data. As a result, a wide variety 

of identification procedures, reflecting an equal number of clinical 

philosophies, is currently being practiced. These procedures are 

seldom specified precisely or presented in a sequential, replicable 

manner. Nevertheless, the knowledge and practice of clinical special

ists may be the best starting point for refining identification 

procedures. Wissink (1972) investigated clinical intuition and 
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demonstrated that Bayesian methodology provides a means of applying 

intuitive clinical knowledge to identification decisions. 

In this study, a design for investigating a test-data approach 

to the problem of the identification of learning disability is pre

sented. If the design were to produce a decision-making procedure for 

identification and if cross-validation indicated that such a procedure 

were accurate and efficient, the demand for large numbers of expensive, 

highly-trained specialists to work at the identification level would 

be reduced. Specialists would be freed to concentrate on the tasks of 

diagnosis and remediation of the specific learning disabilities in 

children identified by the decision-making procedure. 

The label "learning disability" hereinafter shall refer to a 

complex handicapping condition in which several components combine to 

negatively affect efficiency in learning. "Non-learning disability" 

shall refer to the "normal" condition in which efficiency in learning 

is unimpaired and to conditions in which efficiency in learning is 

negatively impaired primarily by a single factor, e.g., blindness, 

deafness, severe brain damage. 

Statement of the Problem 

In this study, a Bayesian approach to the use of test data for 

the identification of learning disability in school-age children was 

investigated. Psychometric instruments, selected for a set of com

ponent disabilities that were presumed to be highly diagnostic were 

administered to two matched groups; one, consisting of twenty-five 

children with learning disability, and the other, consisting of 
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twenty-five children without learning disability. The test data were 

submitted to statistical and Bayesian treatments. Finally, efficiency 

and effectiveness of an identification procedure based on tests were 

studied through a comparison of Bayesian techniques and discriminant 

analysis. 

Basic Assumptions 

For the purposes of this study, the condition of learning 

disability is considered a useful "hypothetical construct". Hypo

thetical construct is defined as "a construct referring to an entity or 

process that is inferred as actually existing (though not at present 

fully observable) and as giving rise to measurable phenomena, including 

phenomena other than the observables that led to hypothesizing the 

construct" (English and English, 1958, p. 116). Three basic assumptions 

are postulated: (1) that it is possible to objectively distinguish 

learning disability from non-learning disability, (2) that a learning 

disability sample can be selected and described for research purposes, 

and (3) that a probability methodology that weights psychometric data 

will effectively discriminate learning disability from non-learning 

disability. Each assumption will be considered in turn. 

Assumption One 

It is assumed that it is possible to objectively distinguish 

learning disability from non-learning disability. This implies that 

learning disability is a unique handicap that is qualitatively different 

from non-learning disability. 
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Quantitative differences may be studied in relation to within 

group differences when the group under consideration is placed on a 

continuum. The researcher who considers learning disability at the 

lower end of the total learning continuum would be interested in 

investigating quantitative differences. Qualitative differences may 

be studied in relation to between group differences when two or more 

groups are considered distinct. Both quantitative and qualitative 

differences are reflected in psychometric data. 

The following literature emphasizes the qualitative differences 

found in handicapping conditions. 

Klees and Lebrun (1972), in a study of 40 severe dyslexics, 

examined two aspects (the figurative and the operative) of cognitive 

functions. They distinguish quantitative and qualitative differences 

as follows: 

It seems that in addition to a quantitative difference that 
could be interpreted as a fixation at a previous stage of 
development, we observed a qualitative difference in comparison 
with normal subjects. 

We noted especially the inferior quality of the processes 
involved, the impossibility of elaborating a system of reference 
exterior to the object as well as adherence to the concrete and 
figurative aspects of the structure to be perceived and re
produced (p. 394). 

Qualitative differences are specifically mentioned by Hermann 

(1959) in the following statement: "The large variations in the age at 

which reading matures are a manifestation of the fact that a certain 

number of children differ qualitatively from the rest in this respect, 

and must be regarded as word-blind" (p. 31). 
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In relation to the differential identification of psychosis and 

neurosis, Meehl and Dahlstrom (1960) state that "there exists some 

degree of objective typology or taxonomy...which will be reflected in 

the occurrence of...groups exhibiting a tendency to a kind of 'psycho

metric discontinuity111 (p. 376). The hypothesized "psychometric 

discontinuity" reflects the qualitative dimension of a handicap. For 

purposes of this investigation, the qualitative aspect of the assumption 

that learning disability can be identified was studied. 

Two approaches to qualitative differences were noted in the 

literature. Some research indicates that learning-disability and non-

learning -disability populations may be discriminable on the basis of 

psychometric discontinuity on selected tests. Other research indicates 

that several learning-disability populations may be discriminable on 

the basis of psychometric discontinuity on selected tests. These 

approaches are discussed separately in the following paragraphs. 

Psychometric Discontinuity Between Learning Disability and 

Non-Learning Disability. Several studies indicate that psychometric 

discontinuity can be found between learning-disability and non-learning-

disability populations. Belmont and Birch (1966) compared Wechsler 

Intelligence Scale for Children (WISC) scores from 150 retarded readers 

(below the tenth percentile on three or four out of four reading tests) 

with WISC scores from fifty normal readers and found that (1) the re

tarded readers had significantly lower IQ's, (2) the retarded readers 

had significantly lower verbal IQ's when borderline intellectual level 
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was eliminated, and (3) the poorest readers among the retarded readers 

were significantly lower on verbal IQ. 

Rosenthal (1970) examined a small group of "minimally brain 

damaged" children (ages six to eleven) and found that they were 

significantly lower than a group of normal controls on a sentence 

completion task. 

The results of a study by Kass (1966) which compared the per

formance of dyslexic children (ages 7-0 to 9-11) with population norms 

on a number of tests indicated that the disabled sample was signifi

cantly low in several subtests, especially those which measured the 

automatic use of symbols. 

A normal control group was significantly superior to a matched 

experimental group of average IQ retarded readers on measures of lan

guage age, auditory-visual integration, sound-symbol association, 

spatial orientation, left-right discrimination, and motor impairment in 

a study of seven- to eight-year-old children by Lovell and Gorton (1968). 

Klatskin et al. (1972) found that classification by psycholo

gists on the basis of psychological test scores was nearly identical to 

classification by neurological examination. Children were placed in 

three groups, designated as having positive, equivocal, or negative 

indications of minimal brain dysfunction. 

Hermann (1959) reviews a number of studies which indicate that 

distribution curves of reading performance are skewed in all school 

grades and suggests that "the curves consist of two separate 
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distributions, which rather supports the medical idea that the classes 

are composed partly of normal readers and partly of word-blind" (p. 30). 

Psychometric Discontinuity Among Several Learning-Disability 

Populations. The work of other researchers indicates that there may be 

differences among several learning-disability populations. Denckla 

(1972) found that 30% of 190 recent learning-disability patients had 

recognizable clusters of symptoms which placed them in one of three 

"little syndromes" called specific language disabilities, specific 

visuo-spatial disabilities and the discontrol syndrome. 

Myklebust and Boshes (1969) distinguish between "learning 

disability" and "borderline" groups within the learning-disability 

population on the basis of several variables, including mental ability, 

social maturity, abnormal neurological signs, and tests of educational 

achievement. 

Eaves, Kendall and Crichton (1972) were able to clearly 

separate a "minimal brain dysfunction" group from an "immature" group. 

Each child had been identified as a failure on a Predictive Index 

(de Hirsch, Jansky and Langford, 1966). Stepwise discriminant analysis 

showed that eight variables divided the groups perfectly according to 

the criterion of complete clinical diagnosis. The eight variables were 

visual-motor coordination, the Horst Reversals Test, short attention 

span, the presence of temper tantrums, quality of speech, the Visual 

Association Test from the Illinois Test of Psycholinguistic Abilities, 

the Wepman Auditory Discrimination Test, and the number of words in a 

story. 
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"Severe learning-disability" boys scored significantly lower 

than "moderate learning-disability" boys on a test of "reflection-

impulsivity" in a study by Keogh and Donlon (1972). 

Wissink's (1972) review of literature on important factors 

thought to be significant in learning disability resulted in a list of 

approximately 110 items. Wissink states that the list indicates 

"overlap of items, no consistency of language, no over-all organization, 

various purposes arising out of diverse groups, incompleteness of 

definitions of items, and variability in scope" (pp. 23-24). He con

cludes that "Learning disabilities is probably a construct of hetero

geneity, including a wide variety of syndromes. The components of these 

various syndromes appear to be overlapping" (pp. 21-22). 

For the purposes of this study, only the qualitative differences 

between learning disability and non-learning disability populations 

were considered; not the differences among several learning disability 

populations. 

Assumption Two 

A second assumption is that a learning-disability sample can be 

selected and described for research purposes. The problem of definition 

has been treated in detail in a number of sources (Clements, 1966, 

Kass, 1969, Bryant and Kass, 1972a and b). Many of the conflicting 

findings reported in journal articles can be traced to differences in 

the samples studied. The need for careful selection and thorough 

description is illustrated by the literature on important factors in 

learning disability. 
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The magnitude of the sample selection problem can be shown 

clearly in a review article (Render, 1972) which attempts to determine 

whether there is a distinctive WISC profile for retarded readers. 

Render concludes that no meaningful generalizations can be made because 

of the different criteria used to identify poor readers, the various 

statistical treatments employed, and the small and, in some cases, 

self-selected groups that were studied. 

Evidence that integrational (automatic or non-meaningful use of 

symbols) deficits distinguish adequate from inadequate readers has been 

presented by Rass (1966) and Birch and Belmont (1964). Hurley (1968) 

presented findings which contradicted this evidence. However, Hurley 

points out that his criteria for sample selection were different from 

the previous studies and concluded that "the results...point out the 

pitfalls inherent in the method of subject selection..." (p. 214). 

Oakland (1969) evaluated 60 children from regular classrooms to 

determine whether reading was related to auditory discrimination. 

Although some of the factors were found to be related, no careful 

description of the population was given, thus making it impossible to 

determine whether the results are applicable to varied categories of 

handicap. 

Sabatino and Hayden (1970) found significant variations in in

formation processing behaviors between 472 children divided into a 

group below 9-6 years and a group above 9-6. The only criterion used 

for sample selection was that the children were failing in school. 

Failure was not defined. 
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These studies demonstrate that (1) identification on the basis 

of a single criterion or test will result in the selection of subjects 

who vary widely in other characteristics (Koppitz, 1970), and (2) incom

plete specification of selection criteria will result in replication 

and comparison difficulties. 

A strategy for developing an explicit operational definition of 

the learning-disability population was suggested by a Seminar of 

Scholars sponsored by a Leadership Training Institute in Learning 

Disabilities (Bryant and Kass, 1972b). It is presented below in 

entirety. 

It was agreed that there is urgent need for an operational 
definition in order to allow comparison of research results. 
The following strategy for evolving an operational definition 
and a description of the characteristics of the population was 
devised. 

Step 1: Selection of initial population. The initial 
population shall include all children referred by teachers, 
parents, etc. as having learning problems or difficulties. 

Step 2: Selection of subpopulation. If, for any reason, 
it is decided to exclude any children from the initial 
population gathered in Step 1, the criteria for exclusion 
should be stated explicitly so that the procedure can be 
replicated. If it is decided to include only a part of 
the initial population, the criteria for inclusion should 
be stated explicitly so that the procedure can be replicated. 

Alternative A. Children shall be excluded from the 
initial population if their learning problems are due 
to causes other than learning disability, e.g., mental 
retardation, visual impairment, etc. 

Alternative B. Children shall be selected from the 
initial population by a test procedure which assesses 
ability to learn. If the child's performance does not 
improve within a standard period of time with standard 
presentations of either academic tasks or other develop-
mentally appropriate tasks, he will be included in the 
subpopulation. 
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Alternative C. A combination of alternatives A and B. 

Step 3: Determination of characteristics of the sub-
population. 

Alternative A. The subpopulation shall be described in 
terms of the precise academic responses they are making 
in the regular classroom situation. 

Alternative B. The subpopulation shall be described in 
terms of a profile of their cognitive abilities and 
disabilities. 

Alternative C. The subpopulation shall be described in 
terms of a profile of cognitive abilities and dis
abilities and also in terms of affective, motivational, 
situational, environmental, demographic, and other non-
academic characteristics. 

Step 4: Identification of homogeneous subgroups within the 
heterogeneous subpopulation. There are two empirical 
questions which must be answered once homogeneous subgroups 
are found: (1) To what extent do the different approaches 
in Step 3 lead to different groupings, or do all approaches 
arrive at essentially the same groupings? (2) Which system 
of classification is most relevant to efficient remediation? 

Because of the definition problem, an attempt was made in this 

study to (1) select clearly distinctive learning-disability and non-

learning-disability samples through clinical judgment, (2) provide a 

complete description of the selection criteria and (3) report the known 

characteristics of the samples. 

Assumption Three 

A third assumption was that a probability methodology that 

weights psychometric data will effectively discriminate learning 

disability from non-learning disability. On the other hand, an un

weighted combination of data may produce equivalent results for two 

different populations because some of the factors that are important 
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in learning disability are also found in non-learning disability 

populations. 

Correlational methodologies have provided some useful infor

mation about possible diagnostic factors, but for identification 

decisions, correlational methodologies are not directly applicable. 

In learning disability, evidence that correlative factors are present 

is not sufficient; the probability that correlative factors signifi

cantly affect efficiency in learning must be known in order to objec

tively distinguish the condition from the non-condition. This 

contention is illustrated by the following literature on correlational 

studies. 

Guthrie and Goldberg (1972) administered three tests of visual 

memory and three reading tests to 43 retarded readers and 81 normal 

readers. Examination of the correlation matrices for both groups 

revealed that all of the visual memory tests were significantly related 

to nearly all of the reading measures. Most of the correlations were 

rather low (only two were above .50, none were above .54) and the pre

diction of one condition on the basis of the other appears very 

questionable. 

In a study by Goodstein, Whitney and Cawley (1970), 108 second-

grade children were given a series of reading achievement tests and the 

results were correlated with a number of readiness and psychoeducational 

tests which had been administered at the beginning of first grade. Many 

significant correlations were found but the authors conclude that none 

of them were high enough to allow the prediction of reading success. 
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Mean scores on three measures were also significantly different for 

groups of poor, average-IQ readers, but the distributions reportedly 

were not discrete enough to set cut-off points for differentiating 

the groups. 

McKnab and Fine (1972) found twenty-eight significant correla

tions between a kindergarten screening instrument and first grade 

achievement but conclude that the correlations were not high enough 

to predict individual achievement. 

Skubic and Anderson (1970) report that an eleven subtest 

perceptual-motor battery was significantly correlated with classroom 

achievement in a group of forty-one low achievers and forty-five high 

achievers in fourth grade. The correlation of the battery with achieve

ment was only .50, thus indicating that prediction of achievement by 

means of the battery would be highly inaccurate. 

Several significant correlations between achievement and 

intelligence, visual-motor skills, and psycholinguistic abilities were 

found in a follow-up study of third, fourth, and fifth graders by 

Duffy et al. (1972). According to the authors, the factors seemed to 

change as age increased, thus making prediction more difficult. 

Bauman and St. John (1971) evaluated the clinical usefulness 

of three tests of visual perception by correlating scores from thirty-

six average-IQ, low-achievement six- to ten-year-olds. A number of 

significant but rather low correlations were found. The authors 

conclude that the three tests are not interchangeable. 
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In relation to the identification of learning disability, 

correlational studies appear to be limited in the following respects: 

(1) they do not account for all of the factors which are important, 

(2) they do not clearly define the relative importance of the factors, 

(3) they do not specify a set of factors which can be used to determine 

that a learning disability is present, and (4) they give little in

formation about the degree of certainty or the probability that learning 

disability has been accurately identified. 

A probability methodology was used in this study in preference 

to a correlational methodology. The probability methodology depended 

primarily upon the application of Bayesian statistics. This methodology 

was compared with a linear discriminant analysis of the same data. The 

learning disability sample was considered qualitatively distinct from 

the non-learning-disability sample, and the test data were so inter

preted. 

Methodological Considerations 

A Bayesian Approach 

A methodological approach which appears to be highly applic

able to the problem of the identification of learning disability is 

that of Bayesian statistical inference. Extensive explanation of 

Bayesian statistics may be found in Savage (1954, 1962), Edwards, 

Lindman and Savage (1963), Cornfield (1969), Meyer and Collier (1970), 

Wood (1972), and Sheridan and Ferrell (in press). Basically, Bayesian 

statistics provide a means of quantitatively expressing "the way in 
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which prior convictions about the state of the world are revised on the 

receipt of new evidence" (Wood, 1972, p. 630). A key idea is "that 

probability is orderly opinion, and that inference from data is nothing 

other than the revision of such opinion in the light of relevant new 

information" (Edwards, Lindman and Savage, 1963, p. 194). 

Justification for the use of Bayesian procedures relates to the 

fact that the confirmation of scientific hypotheses is a complex matter. 

Although it is commonly assumed that positive outcomes confirm and neg

ative outcomes disconfirm a hypothesis, Salmon (1973) presents 

convincing arguments that "There is more to scientific confirmation 

than merely finding true consequences" (p. 77), and "the negative 

outcome of an experimental test of a hypothesis cannot be taken auto

matically as a refutation of that hypothesis" (p. 81). According to 

Salmon (1973), (1) errors in the use of deductive logic and (2) com

plications such as the use of auxiliary hypotheses between an original 

premise and the actual testing of it, account for many of the diffi

culties of confirming hypotheses. He proposes a solution: 

The best antidote for errors that arise from intuitions 
about confirmation is, in my opinion, to pay close attention 
to the mathematical theory of probability.... It can...be 
shown that the truth of a consequence of a hypothesis does 
not necessarily enhance the probability of that hypothesis 
(p. 78). 

There is much difference of opinion as to the best course 
to follow in trying to deal with the puzzles of confirmation. 
COne resource which seems]...to me to offer considerable pro
mise of help...is Bayes's theorem, a simple theorem in the 
mathematical calculus of probability. Bayes's theorem is 
often called the "rule of inverse probability". Given the 
probability that certain evidence would obtain if a partic
ular hypothesis is true (and given some other probabilities 
as well), Bayes's theorem enables one to compute the 
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probability that the hypothesis is true given that the afore
mentioned evidence is found. In at least certain cases it can 
be used to ascertain the probability that some particular cause 
was operative, given that a certain effect has occurred. 

Bayes's theorem has been widely exploited in recent years 
by statisticians who called themselves Bayesians, notably the 
late L.J. Savage. Bayes's theorem contributed to confirmation 
theory a scheme that seems far more adequate to inference in 
science than the fallacy of affirming the consequent can ever 
hope to be (p. 83). 

In the field of learning disability, Bayesian statistical 

techniques can be used to (1) deal with information about learning 

disability in the absence of completely definitive information about 

the factors that comprise this condition, (2) revise and update sub

jective opinion about learning-disability children as psychometric data 

becomes available, and (3) combine probabilistic information about the 

factors that are important in learning disability in a sequential 

fashion to yield a probability that learning disability has been iden

tified. Because Bayesian statistics have these capabilities, they 

appear to provide a potentially powerful means of analyzing the data 

collected in this study. 

Bayesian research in learning disability has been initiated by 

Kass and Ferrell in 1971 at The University of Arizona. The first study 

was completed by Wissink (1972). Wissink searched the literature for 

all possible components named as being related to learning disability. 

The resulting list was reduced to forty component disabilities, which 

were then organized within an outline of five psychoeducational pro

cesses: (1) sensory orientation, (2) memory, (3) reception, (4) ex

pression, and (5) integration (Kass, 1970). The condition of learning 
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disability was considered a complex handicapping condition composed of 

component disabilities, some or all of which may combine to affect 

efficiency in learning. 

The list of component disabilities (Wissink, 1972) was sent to 

specialists in learning disability in questionnaire form. They were 

asked to estimate the following for each component disability: (1) the 

percentage of non-learning-disability children who are likely to 

exhibit each component disability, and (2) the percentage of non-

learning-disability children who are likely to exhibit each component 

disability. From the ratio between these estimates, a weighted score 

was obtained which indicated the amount of information observation of a 

component contributes to the identification of learning disability. 

The application of Bayes1 theorem yielded the information that, were 

they found to be present, as few as five component disabilities could be 

expected to identify learning disability at a 98% level of confidence 

(Wissink, 1972, p. 47). 

While the component disabilities were carefully defined in the 

Wissink study, they were not directly tied to any test or measure. A 

major question in this study was whether tests could be matched with 

components in order to provide a means of direct measurement for 

identification purposes. 

A further question that needed investigation concerned the score 

level at which a learning disability would be considered a "significant" 

deficit. The specialists sampled by Wissink were asked to base their 

estimates on experience and intuition, not on actual test data. In this 
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study, a Bayesian approach was applied to objective test data in 

contrast to the "Bayesian revision of subjective probabilities" 

as applied by Wissink (1972). 

An important restriction on the application of Bayes1 theorem 

which must not be ignored is the independence or non-independence of the 

component disabilities. Bayes* theorem can be used to combine several 

probabilities in a sequential fashion to yield a final probability that 

a condition has been identified. Theoretically, however, this repeti

tive use of the theorem requires conditionally independent data if the 

resulting calculations are to be valid (Lichtenstein, 1971, Sheridan 

and Ferrell, in press). That is, the probability of observing one 

particular datum must be independent of the occurrence of any other 

datum if both of these data are to be submitted to sequential analysis 

by Bayes' theorem. 

There is some evidence that violations of this restriction can 

sometimes be ignored. Lichtenstein (1971) found that "In classifying 

861 MMPI profiles as either neurotic or psychotic, two variants of 

Bayesian analysis techniques, both of which ignored sizable conditional 

dependence in the data, had cross-validated hit rates as high as 

comparable analyses which correctly handled the interrelationships 

among the MMPI scales" (p. i). 

It seems quite apparent that independence of the component 

disabilities and the tests to measure them cannot be assumed. A 

preliminary study by Wissink (1972, p. 75) indicated that no component 

disability was independent from all others although some were not 
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related to each other. Therefore an examination of the non-independence 

issue was conducted in this study. 

Comparison of Bayesian Techniques and Discriminant Analysis 

Although Bayesian statistics provide one suitable methodology 

for the problem of determining an identification procedure for learning 

disability, the singularity of these techniques as a means of dealing 

with this problem has not been established and was not assumed. In 

this study, linear discriminant analysis was applied to the test data 

in order to provide a comparative procedure for the identification of 

learning disability. When applied to test data, discriminant analysis 

leads to the differentiation of two groups on the basis of a single 

variable that is made up of a weighted combination of the tests. By 

comparing the two methods of analysis, the relative efficiency of the 

Bayesian probability methodology could be evaluated. 



CHAPTER II 

PROCEDURE 

There were three major procedural steps in the collection of 

data for this study: (1) the selection of appropriate tests to measure 

a set of component disabilities that were presumed to be highly 

diagnostic, (2) the selection of learning-disability and non-learning-

disability samples, and (3) the administration of the tests to these 

samples. 

Selection of Tests 

The tests used in this study were selected to measure a variety 

of important psychoeducational factors that distinguish learning dis

ability from non-learning disability. A list of component disabilities, 

organized into a process outline by Kass and Wissink (in Wissink, 1972, 

p. 82) (see Appendix A) provided quidelines for the selection of tests. 

In addition, sources such as Buros' Yearbooks (1941, 1949, 1953, 

1959, 1965, 1972), literature on measurement (e.g., Cronbach, 1960, 

Palmer, 1970), publishers' catalogs (e.g., Stoelting Company, 1972, 

The Psychological Corporation, 1972), literature on learning dis

abilities (e.g., Journal of Learning Disabilities, 1968-1973) were 

examined for reliable and valid tests for selected component dis

abilities. Potentially acceptable tests were evaluated on the basis of 

content validity; that is, the test appeared to measure a component 

20 



21 

disability as defined in the outline. Practical matters (such as ages 

for which the test was appropriate, time and ease of administration, 

cost, and availability) were considered for each test. 

Problems in Test Selection 

By definition, each of the forty component disabilities within 

the process outline is independent. Practically, however, finding a set 

of completely independent tests to measure the theoretically independent 

component disabilities was not possible. An explanation for this 

difficult task is expressed by Palmer (1970): "Most clinical techniques 

are both multipurpose and multifacet. They sample a variety of be

haviors relatively indiscriminantly. However, the difficulty lies not 

so much in the techniques themselves, as in the fact that any behavioral 

response is multipurpose and multifacet" (p. 86). 

Palmer (1970) suggests that "Perhaps the kinds of techniques 

needed are those which provide stimuli that would highlight the function 

to be studied, while diminishing the role of other functions 6r at 

least providing means of measuring their effects" (p. 86). An attempt 

to measure separate functions can be noted in The Illinois Test of 

Psycholinguistic Abilities. McCarthy and Kirk (1963) present an 

explanation of their attempt to satisfy the restriction of measuring a 

single ability in the construction of this test: 

A psycholinguistic ability has been defined as a unique 
combination of one level, one process and one channel. To 
construct a test for such an ability is not possible in the 
literal sense, since the minimal requirements of a test situa
tion demand that a subject be stimulated in a standard manner 
and that he respond. 
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We have attempted to regulate only the critical process in 
each test while eliminating or minimizing the other processes 
(p. 6). 

In this study, an attempt was made to choose tests for those 

component disabilities which specialists indicated (Wissink, 1972) 

were the most diagnostic of learning disability. The fact that the 

selected tests could not be unequivocally interpreted as measuring a 

single component did not detract from the value of the instruments for 

the identification procedures developed in this study. Even if the 

tests and components were poorly matched, the contribution of the tests 

to the study of psychometric discontinuity between learning disability 

and non-learning disability could be evaluated. 

Component Disabilities and Matching Tests 

The thirteen most diagnostic component disabilities were 

selected from a diagnosticity ranking derived from Wissink*s raw data 

(1972, p. 96). The diagnosticity of each component was calculated from 

the specialists' estimates. Diagnosticity takes into account both the 

prevalence and the discriminating power of a component disability (CD). 

The prevalence of a component is indicated by the percentage of 

learning-disability (LD) children who have that CD, P(LD), and the per

centage of non-learning-disability (NLD) children who have that CD, 

P(NLD). The discriminating power of a component is indicated by the 

ratio between the percentage of LD children who have a CD and the per

centage of NLD children who have a CD. The diagnosticity of a CD can be 

calculated by taking account of the probabilities of the four possible 

"states of nature" illustrated in Figure 1 and the two values P(LD) and 
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GIVEN CONDITION 
LD is present NLD is present 

CD is 
present 

CD not 
present 

Probability = X Probability = Y 

Probability = 1 - X Probability = 1 - Y 

Figure 1. Four possible "states of nature" for which probabilities 
may be estimated. 

P(NLD). The relative diagnosticity of a component is found by comparing 

the log likelihood ratio of each component with the log likelihood ratio 

of the other components. The log likelihood ratio for each component 

disability was obtained by computing the following: 

E(|log likelihood ratioj) = 

(Jlog JL|) *X* P(LD) + Y-P(NLD) + 

(|log_il|_|). (l-X)-P(LD) + (1~Y) •P(NLD). (1) 

As a result of the selection procedure, thirteen tests were 

chosen as the battery for this study. Table 1 presents a summary of the 

thirteen component disabilities in order of diagnosticity (highest to 

lowest) and the tests used to measure each component. A definition of 

the thirteen component disabilities, taken from the process outline 

(see Appendix A), is presented below. Following the definition of each 

component is a description of the corresponding test. 

Component Disability One. Reading comprehension deficit--an 

impairment in the ability to gain meaning from the printed page. 
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Table 1. Component disabilities by decreasing diagnostic rank as 
computed from Wissink's (1972) data and corresponding tests. 

Rank Component Disability Test 

1 Reading comprehension deficit Comprehension test—Gates-
MacGinitie Reading Tests 

2 Attention deficit Knox Cubes test--A Point 
Scale of Performance Tests 

3 Auditory-visual coordination deficit Amnions' Quick Test 

4 Writing deficit Picture Story Language Test 

5 Auditory speed of perception deficit Syllabication test--Gates-
McKillop Reading Test 

6 Visualization deficit Monroe Visualization Test 

7 Sound blending deficit Sound Blending test--ITPA 

8 Rehearsal deficit Visual Memory test--ITPA 

9 Mathematical comprehension deficit Arithmetic test--WISC 

10 Auditory short-term memory 
span deficit 

Digit Span test--WISC 

11 Monitoring deficit Monroe Word Discrimination 
Test 

12 Visual speed of perception deficit 

13 Long-term memory deficit 

Perceptual Speed test — 
Primary Mental Abilities 

Naming Lowercase Letters 
test—Gates -McKillop 
Reading Test 
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Test One: Reading Comprehension subtests from the Gates -

MacGinitie Reading Tests, Form One of Primary A, B, and C, and Survey D 

(Gates and MacGinitie, 1965). The comprehension tests are designed to 

measure the ability to read and understand whole sentences and para

graphs. Subjects are required to choose one of several alternative 

pictures or words that demonstrate the meaning of the passage or 

answer questions about it. The score is the number of correct answers, 

which is transformed into a normed standard score. 

Alternate form reliabilities for the four levels of this test 

range from .81 to .89 (Gates and MacGinitie, 1965, p. 8). Split-half 

reliabilities1 range from .91 to .96. Approximately 40,000 pupils in 

thirty-eight communities were used in the standardization of the test. 

Standard scores with a mean of fifty and a standard deviation of ten 

are provided by the manual and were used in the analysis of the results 

in this study. Four children scored below the test norms and were 

assigned the first scale score value in the appropriate norm table, as 

suggested in the manual (p. 6). 

Component Disability Two. Attention deficit—an impairment in 

the ability to focus on specific sensory input. 

Test Two: Knox Cubes test from the Arthur Point Scale of 

Performance (Arthur, 1943). This test is specifically mentioned as a 

test of visual attention by Palmer (1970, p. 209). In administering 

this test, four identical blocks are placed in front of the subject. 

With a fifth block, the examiner sequentially touches each of the blocks 

one or more times in a series of twelve trials that increase in 
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difficulty. The subject is required to imitate the examiner immediately 

after each trial. The test is administered twice, once near the be

ginning of the testing session and once at the end. The score is the 

average of the number of trials imitated in correct sequence. 

Reported split-half reliabilities ranged from .28 to .48 (Line 

and Ford, 1934, p. 62), indicating that this test is not highly reli

able. The reliability figures were based on scores obtained from a 

single administration of the test, not on an average of two adminis

trations as suggested by Arthur (1943) and used in this study. 

Component Disability Three. Auditory-visual coordination 

deficit--an impairment in the ability to receive and associate infor

mation from the auditory and visual sensory systems. 

Test Three: Ammons1 Quick Test, Form One (Ammons and Ammons, 

1962). This test is designed to evaluate "the visual-perceptual 

recognition of basic concepts utilized in language" (Ammons and Ammons, 

1962, p. 114). The subject is required to point to one of four stimu

lus pictures that best fits a one-word auditory stimulus given by the 

examiner. The visual stimuli are constant for the entire test. The 

task increases in difficulty from very concrete associations between 

word and picture to more abstract items. The score is the number of 

correct answers. 

Reliability coefficients based on comparable forms range from 

.60 to .96 (Ammons and Ammons, 1962, p. 127). 

Component Disability Four. Writing deficit--an impairment in 

the ability to communicate mnaning through the written word. 
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Test Four: Picture Story Language Test (Myklebust, 1965). 

This test was designed to provide a means of "quantifying one's 

facility with the written word and thereby provide a ..leasurement of 

this type of verbal behavior in a given individual" (Myklebust, 1965, 

p. 70). The test is administered by placing a stimulus picture of a 

boy playing with toys in front of the subject, who is requested to 

write a story about the picture. Five scores result from the test, 

three of which are measures on a productivity scale and one each on 

syntax and abstract-concrete scales. These five scores were treated as 

separate variables in the analysis of the data in this study. 

Odd-even reliability coefficients for two of the five scores 

yielded by this test ranged from .38 to .92 (Myklebust, 1965, p. 150). 

The coefficients were highest for ages below 11 years. This test was 

used in an extensive study of learning disability and non-learning 

disability and when used in a discriminant analysis procedure each of 

the scores was an effective discriminator between these groups (Mykle

bust and Boshes, 1969). 

Component Disability Five. Auditory speed of perception 

deficit--an impairment in the ability to respond quickly and consis

tently from internal auditory representations. 

Test Five: Syllabication subtest from the Gates-McKillop 

Reading Test (Gates and McKillop, 1962). This test requires a rapid 

blend of phonics sounds into whole words. The subject is asked to read 

a series of nonsense words from a list. Only if the word is read as a 

whole is credit given. The score is the number of words read correctly. 
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This test has been demonstrated to be an effective discrimina

tor between learning disability and non-learning disability when used 

in a discriminant analysis procedure (Myklebust and Boshes, 1969). 

Reliability coefficients based on odd-even correlations corrected by 

the Spearman-Brown formula are reported to range from .88 to .96 

(Buros, 1949, p. 511). 

Component Disability Six. Visualization deficit—an impairment 

in the ability to respond quickly and consistently from internal 

representations. 

Test Six; Monroe Visualization Test (Monroe, n.d.). This 

test requires that a stimulus be held in mind briefly after a short 

exposure, following which the stimulus is reproduced. A series of 

pronounceable nonsense words and a series of four sets of simple forms 

are presented to the subject, one at a time, for a specified number of 

seconds. Upon removal of the stimulus, the subject is requested to 

write the word or draw the set of forms. Words and forms are scored 

separately. In both cases, the score is the number of words or forms 

correctly reproduced. A combined visualization score consisted of 

adding the scores from the two parts of the test for this study. All 

three sets of scores were used in the analysis of the data. 

Golden and Steiner (1969) found that this test discriminated 

between retarded and superior readers. Reliabilities were not reported. 

Component Disability Seven. Sound blending deficit--an 

impairment in the ability to synthesize sounds into an internal repre

sentation. 
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Test Seven: Sound Blending subtest from The Illinois Test of 

Psycholinguistic Abilities (ITPA) (Kirk, McCarthy and Kirk, 1968). 

This test requires the blending of sounds from an auditory stimulus. 

The examiner says the individual sounds of a word at a rate of two per 

second in the sequence in which they are found in the word. The subject 

is required to blend the sounds into the correct word and say the word 

aloud. Both common meaningful words and nonsense words are presented. 

The score is a normed transformation derived from the number of words 

said correctly. 

Internal consistency reliability coefficients for this test 

range from .79 to .91. Test-retest reliability coefficients (five-

month interval) range from .30 to .63 (Paraskevopoulos and Kirk, 1969, 

pp. 102 and 108). 

Component Disability Eight. Rehearsal deficit--an impairment 

in the method of storing the match of the sensory input for later 

recall. 

Test Eight: Visual Sequential Memory subtest from the ITPA 

(Kirk, McCarthy and Kirk, 1968). This test involves the matching of 

a series of items in a specified sequence after one or two brief 

exposures to a stimulus. The examiner presents a visual stimulus of a 

set of designs for five seconds. After the stimulus is removed, the 

subject is required to place small plastic chips on a tray in the same 

sequence as in the stimulus. The number of chips and the difficulty of 

the sequence increase with the items. The subject is given a second 

trial on each item incorrectly reproduced. Two points are given for 



success on the first trial; one point is given for success on the 

second. Normed scores are yielded by a transformation of the point 

total. 

Internal consistency reliability coefficients for this test 

ranged from .51 to .96. Test-retest reliability coefficients ranged 

from .12 to .71 (Paraskevopoulos and Kirk,. 1969, pp. 102 and 108). 

Component Disability Nine. Mathematical comprehension deficit--

an impairment in the ability to gain meaning from the appropriate 

quantitative symbols. 

Test Nine : Arithmetic subtest from the Wechsler Intelligence 

Scale for Children (WISC) (Wechsler, 1949). Meaning must be attached 

to both numerical symbols and symbols of mathematical operations and 

concepts in this test. The subject is required to respond verbally to 

a series of arithmetic problems of increasing difficulty. The problems 

are presented orally by the examiner, or, in the case of the final 

three problems, read from cards. Writing instruments are not used. 

The number of items correct is transformed into a normed score. 

Split-half reliability coefficients computed for two of the age 

levels tested in this study were .63 and .84 (Wechsler, 1949, p. 13). 

The scaled score standard errors of measurement for the same ages were 

1.82 and 1.20. Scaled scores for the test have a mean of ten and a 

standard deviation of three. Learning-disability children scored sig

nificantly lower than non-learning-disability children on this test in 

a study by Ackerman, Peters and Dykman (1971). 
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Component Disability Ten. Auditory short-term memory span 

deficit--an impairment in the ability to retrieve immediately a match 

of the auditory stimulus input. 

Test Ten: Digit Span subtest from the WISC (Wechsler, 1949). 

This test requires short-term auditory memory for digits. The examiner 

says several digits in a sequence. Several series of increasing length 

are presented one series at a time. The subject is requested to repeat 

the same sequence, or, in the second half of the test, repeat the 

sequence in reverse. The number of series correctly repeated forward is 

added to the number repeated backward and the total is transformed into 

a normed score. 

Wechsler (1949, p. 13) reports reliability coefficients of .60 

and .59 and scaled score standard errors of measurement of 1.90 and 

1.92 for this test on two age groups. Scaled scores for the test have 

a mean of ten and a standard deviation of three. The reliability 

figures are based on the correlation between scores on digits forward 

and scores on digits backward. Ackerman, Peters and Dykman (1971) 

found that a learning-disability group scored significantly lower than 

a non-learning-disability group on this test. 

Component Disability Eleven. Monitoring deficit--an impairment 

in the ability to recognize dissonance between performance and internal 

representations. 

Test Eleven; Word Discrimination subtest from the Monroe 

Diagnostic Reading Test (Monroe, 1932). This test provides a measure 

of the subject's ability to pick out correct words from lists of 
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confusion words. The correct word is given orally by the examiner. 

The score is the number of correct words pointed out by the subject. 

The correlation of this test with an average of five reading 

tests was reported to be .90 in a sample of 415 special reading cases 

and 101 average readers (Monroe, 1932, p. 8). 

Component Disability Twelve. Visual speed of perception 

deficit—an impairment in the ability to respond quickly and consis

tently from internal visual representations. 

Test Twelve; Perceptual Speed subtest from the Primary Mental 

Abilities tests (Thurstone and Thurstone, 1965). In this test, the 

subject is required to find and mark two identical figures in a row of 

similar designs as rapidly as possible. The number of pairs correctly 

matched is the raw score, which is transformed into a normed quotient 

score. 

Test-retest reliabilities at the six grade levels used in this 

study were presented of one-week and four-week intervals. These 

coefficients ranged from .45 to .82 with a median value of .67 (Thur

stone and Thurstone, 1965, p. 14). Quotients with a mean of 100 and 

a standard deviation of sixteen were used in the analysis of this test 

in this study. The standard errors of measurement based on the quotient 

scores ranged from 4.4 to 8.6. A study by Kass (1966) indicated that 

this test was a deficit area for children with severe reading difficul

ties. 
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Component Disability Thirteen. Long-term memory deficit--an 

impairment in the ability to retrieve stored material at a delayed 

time after stimulus input. 

Test Thirteen: Naming Lowercase Letters subtest from the Gates -

McKillop Reading Test (Gates and McKillop, 1962). This is a test of 

the ability to recall the names of letters. The subject is required 

to read the letters of the alphabet from a card. The letters are not 

in alphabetical sequence. The score is the number of letters read 

correctly. 

Reliability was reported to be between .88 and .96 when 

calculated by the odd-even method using the Spearman-Brown correction 

(Buros, 1949, p. 511). 

Sample Selection 

The samples in this study were chosen to represent qualitatively 

distinct populations of learning-disability and non-learning-disability 

children. Clinical judgment based on available case file data was 

used to select two matched samples of twenty-five learning-disability 

and twenty-five non-learning-disability children from an initial sample 

of ninety-two children. 

Sampling Procedure 

Two steps were used in the sampling procedure. In the first 

step, an initial sample of ninety-two children was selected from school 

cumulative records and clinic case files. The second step involved the 

selection of the study samples according to the criterion of three 
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independent clinical judgments on each of the cases in the initial 

sample. 

Step One. Initial screening was made on approximately 200 

case files from the Learning Disability Clinic at the University of 

Arizona, and from Tucson District #1 learning disability or regular 

classrooms. For the initial sample, children were selected if they 

met the following criteria: 

a. For the learning-disability children, the child's teacher 

(trained in learning disability in all cases) stated that the child 

was a learning-disability child according to the Northwestern definition 

(Kass and Myklebust, 1969). For the non-learning-disability children, 

the child's teacher stated that the child had no learning problems, 

was of approximately average intelligence and was achieving at an 

approximately average rate. Average intelligence and average achieve

ment were defined as the level attained by the middle 60% of the chil

dren in that classroom. 

b. For the learning-disability children, a psychological report 

(written within the past year and based on at least two individually 

administered psychological tests and one achievement test) stated that 

the child was learning disabled. For the non-learning-disability 

children, at least two measures of achievement or ability indicated 

that the child scored within one standard deviation of the mean on the 

test. 
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In the initial screening, forty-seven children were selected 

for the learning-disability group and forty-five children were selected 

for the non-learning-disability group. 

Step Two. Clinical specialists were asked to rate the prob

ability that each child in the initial sample had a learning disability. 

Previously, Wissink (1972) had studied specialist's estimates in 

relation to the component disabilities. In this study, a smaller 

number of specialists was used to estimate probabilities for actual 

children. For this step, data from each child's case file was placed 

on a summary sheet (see Appendix B for a sample summary sheet) with 

only a case number to identify the child. The summary sheets contained 

four general categories of information: (1) general information (age, 

grade, and sex), (2) test data (test given, scores, and age when 

administered), (3) school and clinical information (teachers' impres

sions, clinicians' impressions, extent and type of remediation given, 

results of remediation), and (4) other pertinent information (serious 

diseases, social-cultural background, etc.) 

The summary sheets were given to clinical specialists in 

learning disability. Specialists were defined as having (1) at least 

two years of graduate training in the area of learning disability 

and (2) at least one year of experience with learning-disability child

ren. The specialists were asked to rate each child on a scale of 

one to 100. Accompanying the scales were the following instructions: 
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INSTRUCTIONS 

Based on the data in the data sheet, please rate each 
child on a percentage scale below according to your estimate 
of the probability that the child has a learning disability, 
using your own definition. A rating above 50% indicates that 
you think the child is learning disabled. A rating of 
exactly 50% indicates that you are uncertain or do not have 
sufficient data to make a judgment. Please fill in the 
case number. 

EXAMPLE: 

Case number 00 

child definitely uncertain whether child defi-
is not LD child is or is not LD nitely is LD 

I I I 

I I I U I 
0 25 50 75 100 

INTERPRETATION OF EXAMPLE: 

The star (*) shows that the child is rated at approximately 
72%. Therefore, the rater thinks he is learning disabled, 
and the rater is 72% certain that this decision is correct. 
That is, the rater thinks that 72%, of the children who have 
data of the type given on this child would be judged by him 
to be learning disabled. 

Ten clinical specialists were used. Each child was independ

ently rated by three specialists. A sample of twenty-five children 

was selected for the learning-disability group on the basis of the 

ratings if the following criteria were met: (1) each of the three 

specialists rated the child's probability of having learning disability 

as at least 55%, and (2) the average of the three specialists' prob

ability ratings was at least 60%. A sample of twenty-five children 

was selected for the non-learning-disability group on the basis of 
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three criteria: (1) each of the three specialists rated the child's 

probability of having learning disability as no more than 45%, (2) the 

average of the three specialists' probability ratings was no greater 

than 40%, and (3) the child could be matched with a child in the 

learning-disability group on the basis of age and sex. 

Description of Sample 

The resulting two groups of children are described in Tables 

2 and 3 in terms of case number, sex, age, grade, individual special

ist's estimates, and average specialists' estimates. Table 2 describes 

the learning-disability group and Table 3 the non-learning-disability 

group. The cases in each table are arranged in order of age. Case 

number one is matched with case number 26, case two with 27, etc. 

All of the subjects were males except cases 25 and 50. The 

average age of the children was nine years, four months for each group. 

There was some variability in age within individual matched pairs, 

although no pair varied more than five months and only two pairs 

were separated by more than three months. The subjects ranged in age 

from seven years, two months to twelve years, one month at the time of 

testing. 

The grade levels of the samples varied from first through sixth 

grade. Eight subjects in the non-learning-disability group were one 

grade ahead of the matching learning-disability subject. The average 

number of years in school was identical. 

The probability estimates given for each child by three 

specialists are also presented in Tables 2 and 3. Since ten specialists 
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Case 
Number 

Age Grade 

I 

Specialists' 
II 

Estimates 
III Ave. 

1 7-2 1 .55 .80 .75 .70 
2 7-3 2 .55 .70 .80 .68 

3 7-6 2 .80 .55 .75 .70 
4 7-10 2 .65 .75 .85 .75 
5 7-10 2 .55 .65 .90 .70 
6 7-11 2 .75 .95 .75 .82 
7 8-2 3 .60 .80 .60 .67 
8 8-3 3 .55 .85 .75 .72 
9 8-7 3 .80 .60 .60 .67 
10 8-9 3 .90 .65 .75 .77 
11 9-3 3 .60 .55 .65 .60 
12 9-4 3 .90 .75 .70 .78 
13 9-4 4 .60 .80 .75 .72 
14 9-4 4 .95 .85 .75 .85 
15 9-5 3 .78 .65 .65 .69 
16 9-5 3 .83 .65 .75 .74 
17 9-8 4 .65 .55 .60 .60 
18 10-2 4 .80 .80 .75 .78 
19 10-2 4 .65 .55 .65 .62 
20 10-5 5 .72 .80 .70 .74 
21 10-6 5 .70 .55 .65 .63 
22 10-7 5 .83 .85 .55 .74 
23 11-8 5 .60 .85 .80 .75 
24 11-9 5 .75 .75 .80 .77 
25 12-1 5 .80 .80 .85 .82 

were used, the Roman numerals at the top of the columns do not repre

sent a specific clinician, but the first, second, and third ratings 

for that child. Individual ratings ranged from .55 to .95 for the 

learning-disability group and from .01 to .35 for the non-learning-

disability group. 

The probabilities estimated by the three specialists who rated 

each child were averaged for that child. These averages ranged from 

.60 to .85 for the learning-disability group and from .03 to .16 for 
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Table 3. NLD group sample selection data. 

Case 
Number 

Age Grade 

I 

Specialists 1 

II 

Ratings 
III Ave. 

26 7-3 2 .02 .05 .05 .04 

27 7-4 2 .03 .10 .05 .06 
28 7-6 2 .01 .05 .05 .04 
29 7-8 2 .05 .05 .15 .08 
30 7-11 2 .05 .15 .05 .08 
31 8-1 3 .01 .05 .05 .04 
32 8-4 3 .05 .01 .03 .03 
33 8-7 3 .03 .10 .05 .06 
34 8-10 3 .02 .05 .15 .07 
35 9-2 3 .07 .05 .35 .16 
36 9-2 3 .07 .35 .05 .16 
37 9-4 4 .05 .15 .06 .15 
38 9-4 4 .04 .05 .25 .11 
39 9-4 4 .08 .15 .05 .09 
40 9-5 4 .04 .05 .10 .06 
41 9-8 4 .06 .15 .05 .09 
42 9-11 4 .03 .05 .10 .06 
43 10-0 4 .05 .05 .05 .05 
44 10-1 4 .06 .35 .05 .15 
45 10-6 5 .05 .05 .02 .04 
46 10-8 5 .01 .05 .05 .04 
47 10-9 5 .35 .09 .05 .16 
48 11-6 6 .05 .05 .15 .08 
49 11-8 6 .02 .15 .05 .07 
50 11-10 6 .15 .05 .05 .08 

the non-learning-disability group. An average for each group was also 

obtained by summing all of the individual probability estimates for the 

group and dividing by the total number of estimates. The average group 

probability estimates were .72 for the learning-disability group and 

.08 for the non-learning-disability group. 

Additional Sample Considerations 

Three factors that were not carefully controlled in the 

selection procedures are considered important enough to discuss here. 



The factors are academic achievement, intelligence, and socioeconomic 

status. 

Academic Achievement. Achievement scores were part of the 

information given to the specialists who rated the children. Although 

academic achievement was not directly controlled, achievement scores 

in reading and arithmetic were examined for the learning-disability 

group. Scores are reported in stanines because the school system 

from which many of the children were selected would permit access only 

to stanine scores. The scores in reading ranged from stanine one to 

stanine eight. The average stanine for this group was 3.16 in reading. 

In arithmetic, stanines ranged from one to nine and averaged 3.89. 

Only reading stanines were available for the non-learning-

disability group. The range of stanines was four to nine and the 

average stanine was 6.28 in reading. 

Intelligence. Intelligence quotients derived from individually 

administered tests ranged from 85 to 111 and averaged 98.8 for the 

learning-disability group. The average IQ score should be regarded as 

a gross indication of intelligence level. The IQ's were taken from the 

WISC (18 cases), the ITPA estimated Binet ratio IQ (four cases), or the 

Peabody Picture Vocabulary Test (three cases). In seventeen cases, 

these tests had been given within one year. In two cases the test had 

been administered more than two years previous to the time of the 

testing for this study. 

Intelligence scores were not available for the non-learning-

disability group. Intelligence level was considered only in relation 



to teacher estimates. Careful control of IQ level was considered un

necessary because of the nature of this study. The identification 

procedure under investigation was designed to discriminate between 

learning-disability and non-learning-disability children (as specified 

by clinicians) not between different IQ levels in those groups. 

Socioeconomic Status. Socioeconomic status of the families 

of the selected children was not controlled but an examination of 

fathers' occupations indicated that a relatively broad cross-section 

of educational levels and incomes was represented in both groups. 

Three of the learning-disability children were non-white (one black, 

two Mexican-Anerican) and one of the non-learning-disability children 

was non-white (Mexican-American). In all of these cases, English was 

the predominant language spoken in the home. 

Administration of Tests 

The thirteen tests were individually administered to each of 

the children in the samples and the results were scored. All of the 

children were tested in March, 1973. 

Test Administration Order 

The tests were put in random order for each pair of children 

by assigning a number to each test and using a table of random numbers. 

Thus, a total of twenty-five orders of administration were used. One 

test (Knox Cubes) required two administrations. This test was given 

only one number and the second administration was always given as the 

last test in the battery. 
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Testing Conditions 

The tests were individually administered to all subjects in a 

private room set aside for testing in the school that the child 

attended. All of the testing was completed by one examiner. The 

testing time for each child varied from one and one-half to two 

hours. 



CHAPTER III 

RESULTS 

In this study, a Bayesian approach to the use of test data for 

the identification of learning disability in school-age children was 

investigated. Psychometric instruments, selected for a set of com

ponent disabilities that were presumed to be highly diagnostic, were 

administered to two matched groups; one, consisting of twenty-five 

children with learning disability, and the other, consisting of twenty-

five children without learning disability. 

For each of the two samples, the scores from eleven tests 

yielded seventeen sets of scores which were used to separate the 

groups. The raw data are presented in Appendix C. Two tests yielded 

more than one set of scores (the Visualization test yielded three scores 

and the Picture Story Language Test yielded five). For convenient 

reference, Table 4 presents a list of the variables by test name, sub-

score name, and component disabilities with code symbols. Each 

variable will be referred to by the test name and the code symbol of 

the component, e.g., Digit Span--CDasm. The scores from two tests 

(Sound Blending and Visual Sequential Memory from The Illinois Test of 

Psycholinguistic Abilities) were eliminated from the analysis of the 

results because several children in the sample said that they had 

practiced the test items in remediation sessions. 

43 
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Table 4. List of variable numbers, tests, and corresponding component 
disabilities with code. 

Variable 
Number Test Subscore 

Component Disability 
With Code 

1 Digit Span 

2 Arithmetic 

3 Visualization 

4 Visualization 

5 Visualization 

6 Knox Cubes 

7 Perceptual Speed 

8 Quick Test 

9 Word Discrimination 

10 Picture Story 
Language 

11 Picture Story 
Language 

12 Picture Story 
Language 

13 Picture Story 
Language 

14 Picture Story 
Language 

15 Syllabication 

16 Nami Lowercase 
Litters 

17 Reading Compre-
hension 

Scaled 

Scaled 

Words 

Forms 

Combination 

Quotient 

Total Words 

Total Sentences 

Words per 
Sentence 

Syntax 

Abstract -
Concrete 

Scaled 

Auditory short-term 
memory span (CDasm) 

Mathematical compre
hension (CDmc) 

Visualization (CDvd) 

Visualization (CDvcj) 

Visualization (CDvd) 

Attention (CDad) 

Visual speed of 
perception (CDvg) 

Auditory-visual coor
dination (CDavc) 

Monitoring (CDmd) 

Writing (CDwd) 

Writing (CDwd) 

Writing (CDwd) 

Writing (CDwd) 

Writing (CDwd) 

Auditory speed of 
perception <CDas) 

Long-term memory 

( CDim) 
Reading compre

hension (CDrc) 
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The test data were submitted to statistical and Bayesian 

treatments. Finally, efficiency and effectiveness of identification 

procedures based on tests were studied through a comparison of Bayesian 

techniques and discriminant analysis. This chapter has three major 

divisions: (1) the Bayesian approach that was used and the results of 

that approach, (2) the results of the comparison of Bayesian analysis 

and discriminant analysis, and (3) the conclusions drawn from the 

results. 

Bayesian Approach 

The Bayesian techniques employed in this study used Bayes' 

theorem to determine the probability that learning disability was 

present when a number of factors (scores on tests representing component 

disabilities) were in evidence. The usual form of Bayes' theorem, by 

which the effect upon a set of hypotheses, H^, of each item of infor

mation, Dj, is calculated, is: 

pcDjlMFOV 
P(Hi Di) = • 

I*(Hi) is the probability that a particular hypothesis is true prior to 

the collection of items of information and may be termed prior prob

ability. P(Dj|H^) is the probability that an item of information is 

present, given that a particular hypothesis is true, and may be termed 

conditional probability. P(HjjDj) is the probability that a particular 

hypothesis is true, given a particular item of information, and may be 

termed posterior probability. The above equation can be used 
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repetitively to combine information from several data items (test 

scores). The use of the theorem in this study required a number of 

statistical steps, including: (1) the estimation of prior probabili

ties, (2) the estimation of beta distributions, (3) the calculation of 

likelihood ratios, and (4) the calculation of posterior probabilities. 

Each of these steps is explained and the results are discussed below. 

Prior Probabilities 

Prior probabilities represent the state of knowledge prior to 

observations of a specific event or condition. They refer to the 

probability that any one of a number of possible mutually exclusive and 

exhaustive hypotheses is true. 

For this study, two hypotheses were used: (1) the hypothesis 

that learning disability is present, Hjjj, and (2) the hypothesis that 

non-learning disability is present, In this study, exactly one-

half of the children in the total sample were learning disability and 

one-half were non-learning disability. Therefore, the prior probability 

used for the calculation of posterior probabilities in this study was 

.5 for each group. 

Beta Distributions 

When a variable is limited in range, the beta distribution 

provides a useful model for its distribution. In this study, most of 

the variables were limited in range, partially because of the limited 

sample size. Beta distributions for each of the seventeen sets of 

scores were obtained separately for each group to provide a means of 
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comparing the groups. By determining the height of the beta curves at 

a particular score on a test, and by determining the ratio between 

the height of the learning disability curve and the non-learning 

disability curve at a given score, the likelihood that the score 

indicated the presence of learning disability could be ascertained. 

Calculation of Beta Distributions. In order to estimate the 

beta distributions of the test scores in each group, each of the seven

teen sets of childrens' scores was rescaled into the range zero to one. 

The procedure for this was to (1) subtract the minimum possible score 

on the test from the score obtained by the child and (2) divide the 

result by the difference between the maximum possible score and the 

minimum possible score on the test. These transformed scores were 

used to obtain the derivative distributions, each of which was assumed 

to have a density 

f(X)i = - Xmi"1(l-X)ni"1. (3) 
^(mi, ni) 

The parameters of the beta distribution, m and n, were estimated from 

the observed mean (X) and variance of the rescaled distribution, 

as 

n  =  - — J T U - J D - t f 2  >  a n c *  
<i*• 

Xn . 
m = 

In the case of four tests (Digit Span--CDasm, Arithmetic--CDmc, 

Perceptual Speed—CDVS, and Reading Comprehension--CDrc) normed scaled 
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scores were available from the test manuals. In these cases, X and 

were taken from these normal distributions for the non-learning-

disability group. This provided, in essence, a non-learning-disability 

sample as large as the standardization sample for these four tests. 

Results of Calculation of Beta Distributions. Figures 2-6 

show examples of the obtained beta distributions for learning-disability 

and non-learning-disability groups. These examples were chosen to 

illustrate, respectively, cases where (1) the non-learning-disability 

group was represented by a curve approximating the normal, (2) the 

distributions were not widely separated and included only a part of 

the range of scores on the score continuum, (3) the distributions on a 

test were very dissimilar in shape, (4) one distribution rose sharply 

within a narrow set of points along the continuum, and (5) the distri

butions were symmetrical mirror images of one another. The beta curves 

for all of the tests are not presented because the primary use of the 

curves is to calculate likelihood ratios, not to interpret the curves 

themselves. The scores on the tests are represented on the abscissa 

and the estimated frequency of the score is represented on the ordinate. 

Figure 2 shows the Digit Span--CDasm beta distribution for the 

learning-disability group in comparison with the beta distribution 

approximating the normal curve to which the test was standardized. In 

this case, the latter distribution represents the non-learning-

disability sample. The curves overlap at two score levels. Normal 

curves were used for three other tests, Arithmetic--CDmc, Perceptual 
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5 .. 

LD Group 4--

f(X) 3--

NLD Group 
(from norms) 2  . .  

1-. 

4 16 0 6 8 10 12 14 18 20 2 
Score 

Figure 2. Example of beta distributions when NLD curve approximates 
a normal curve (Digit Span--CDagm). 

5.. 

LD Group, NLD Group 

4-. 

f (X) 3--

2--

1 . .  

0 16 4 8 12 
Score 

Figure 3. Example of beta distributions when curves are similar and 
cover only part of score continuum (Visualization Forms--CDVCq # 
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5 . -

NLD Group 

(X) 

LD Group 

2  . .  

1 . .  

24 
Score 

Figure 4. Example of beta distributions that are very dissimilar 
(Word Discrimination--CDmd). 

5.. 
LD Group 

4.. 

(X) 

NLD Group 2 . .  

1. 

15 20 27 0 5 10 
Score 

Figure 6. Example of beta distributions when one curve rises sharply in 
a narrow score range (PSLT Total Sentences—CDW(j). 
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5.. 

/NLD Group yl,D Group 

4.. 

f(X) 3.. 

2.-

20 
Score 

Figure 6. Example of beta distributions when curves are symmetrical 
mirror images (PSLT Abstract-Concrete --CDW(j) . 

Speed--CDvs, and Reading Comprehension--CDrc. Of these three, the 

Perceptual Speed curves overlapped on both ends of the score continuum. 

Figure 3 shows the beta distributions for the Visualization 

Forms--CDV(j scores. That this test was difficult for this age group 

is demonstrated by the fact that both curves fell toward the left side 

of the possible score range. The curves are quite similar in this case, 

although the mean of the non-learning-disability group is slightly 

higher. At the lowest score levels, f(X)jjj (the height of the ordinate 

at a score of X for the learning-disability group) is considerably 

greater than f(X)jjjj) (the height of the ordinate at a score of X for 

the non-learning-disability group). On this test, f(X)-yj is also higher 

than f(X)jju) at the highest score levels. Other tests on which the 
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distributions were not widely separated and fell within a narrow 

score range were Naming Lowercase Letters--CD m̂ (both curves were near 

the highest score levels), PSLT Syntax--CDW(j (both curves were near the 

highest score levels), Quick Test—CDavc (both curves were near the 

center of the score continuum), and Knox Cubes--CDacj (both curves were 

near the center). 

Figure 4 presents beta distributions for the Word Discrimina

tion—CD^ test. The curves are very different for the two groups. In 

this case, the learning-disability group was scattered much more evenly 

along the entire distribution than the non-learning-disability group, 

which did very well on this test. Curves for the Syllabication--CDas 

test were also very dissimilar for the two groups, with the learning-

disability curve very high at both ends of the score continuum and low 

in the center and the non-learning-disability curve very high only at 

high score levels. 

Figure 5 shows the curves for the Total Sentences--CDW(j score 

on the Picture Story Language Test. As in Figure 3, both distributions 

are nearer the lower end of the score range because the test is 

designed for children of a greater age range than that used in this 

study. The learning-disability curve is very concentrated in the lowest 

score ranges, indicating that most learning-disability children wrote 

very few sentences for this test. Similar curves were found for the 

PSLT Total Words--CDW(j scores. 

The curves in Figure 6 represent the PSLT Abstract-Concrete 

scores, in which case the beta distributions are nearly symmetrical 
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but reversed on the score continuum. The wide separation between the 

means of the groups indicates that this variable is likely to be an 

excellent discriminator. Similar curves were found for PSLT Words per 

Sentence--CDW(j, Visualization Words--CDV(j, and Visualization Com-

bination--CDV(j, although for these tests the curves were not separated 

as widely as in the above example. 

Discussion of Beta Distributions. Comparison of the beta 

distributions with raw score distributions revealed that the former 

appeared to provide a smoothed estimate that fit the distribution in 

the samples. Examination of the beta distributions at given score 

levels led to a number of conclusions about the particular sets of 

scores. In most cases, curves at low score levels were higher and 

curves at high score levels were lower for the learning-disability 

group. Occasionally, however, the curves overlapped in two places and 

curves at low scores were higher for the non-learning-disability group 

or curves at high scores were higher for the learning-disability group. 

These phenomena appeared in several sets of beta distributions and may 

be attributed to a difference in the variance of the two groups or to 

an artifact. 

In the cases where normal curves were used to obtain beta dis

tributions for the non-learning-disability group, the greater variance 

is probably due to the broad sample on which the scores were standard

ized. Since mentally retarded and gifted persons were typically 

included in the standardization samples, the variances of the dis

tributions were greater than for the learning-disability sample in this 



study. In Figure 2, the higher f(X)jjjj) values at low score levels may 

be interpreted as representing the mentally retarded portion of the 

non-learning-disability population. That the learning-disability 

group did not score at extreme low levels on this test may be expected 

because the children in the group were of average intelligence and this 

test is one of the subtests of the Wechsler Intelligence Scale for 

Children. 

On some variables (Visualization Forms—CDvcp Quick Test--CDavc, 

PSLT Syntax --CDW(j), fCX)-^ was higher than fWjjjj) at very high score 

levels. Since it is unlikely on those tests that the proportion of 

learning-disability children who fall at extremely high scores is 

greater than the proportion of non-learning-disability children in the 

population of all children, this finding can only be interpreted as 

an artifact due to the greater variance in one group. Beta distribu

tions may not have accurately reflected the true distributions in the 

population in those cases or the procedure used to calculate the beta 

distributions may not have been able to account for some peculiarity 

in the raw data distribution. 

Curves for some tests were extremely high for the learning-

disability or non-learning-disability groups at the lowest or highest 

score levels. On the Picture Story Language Test, the Total Words--CDW(j 

and Total Sentences--CDW£j scores showed beta distributions that peaked 

very soon on the score continuum for the learning-disability group. 

It appeared that this occurred because many of the learning-disability 

children were almost completely unable to perform on this test. As 
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measured by this test, a writing deficit is a component disability 

that appears to be either present or not present, with only a small 

score area in which the presence or absence of the component is 

questionable. 

The Syllabication--CDm(j test beta distribution for the learning-

disability group was also unusual. In this case, both ends of the 

distribution rose very sharply but the center of the curve was very 

low. Again, the component disability (auditory speed of perception) 

represented by this variable appears to be either present or absent. 

The calculation of Bayesian probabilities from the beta 

distributions is presented in the next section. 

Likelihood Ratios 

When only two hypotheses exist, likelihood ratios provide a 

convenient means of combining probabilities in Bayes' theorem. In 

such cases, Bayes' theorem (Formula 2) may be expressed in ratio form, 

and yields a combined likelihood ratio (LR): 

P(HX |all D) P(H1)r-p-p(Dj|H1) 
LR s "• 1 • • ———• II , • (4) 

P(H2|allD) P(H2) j=lP(Dj|H2) 

For computational purposes, formula (4) may be simplified to 

n 

TI 
i=l 

LR = LR0r"T]~ LRij (5) 

where 

p(«ld) 
LR (6) 

P(HNLD) 

is the likelihood ratio of the prior probabilities, and LRij is the 
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likelihood ratio of child j on test i. The procedure used for obtaining 

likelihood ratios for each child from each test administered in this 

study is presented below. 

Calculation of Likelihood Ratios. Likelihood ratios were 

derived for each child's score by dividing the height of the ordinate 

at that score in the learning-disability beta distribution by the height 

of the ordinate at that score in the non-learning-disability dis

tribution: 

F 00 LD 
LR(X) = • (7) 

Wmld 

Results of Calculation of Likelihood Ratios. Likelihood ratios 

were calculated for each child's score on each variable. The f(X)jj) 

and f(X)j^jj values were taken from the height of the ordinate of the 

beta distributions at the appropriate score level. 

Figure 7 presents the beta distributions for the Digit Span--

CDasm test> which may be used to illustrate this procedure. For two 

scores, 6 and 11, a line has been drawn to the point on the ordinate 

where it intersects the curve with the greater f(X) value at that score. 

The height of the ordinate of the learning-disability distribution 

at a score of 6 is the line AC and is equal to 3.13. The height of 

the ordinate of the non-learning-disability distribution at a score 

of 6 is the line AB and is equal to 1.51. The height of the ordinate of 

the learning-disability distribution at a score of 11 is the line DE and 

is equal to .96. The height of the ordinate of the non-learning-

disability distribution at a score of 11 is the line DF = 2.05. 
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5.. 

LD Group 
4.. 

f(X) 3.. 

NLD Group 
2 . .  

1 . .  

11 6 20 0 
Score 

Figure 7. Height of the ordinate at scores of six and eleven (Digit 
Span--CDasm). 

The likelihood ratio at a score of 6 on Digit Span--CDasm is 

f(X)LD 3.13 
lit = —— = = 2.07. 

f 00 NLD 1,51 

This means that a score of six on the Digit Span test is slightly more 

than twice as likely to be found in the learning-disability sample than 

in the non-learning-disability sample, because the ratio between the 

two probabilities is greater than two to one. 

Similarly, the likelihood ratio for a score of 11 is .47. This 

means that a score of eleven on Digit Span is less than one-half as 

likely to be found in the learning-disability sample as in the non-

learning-disability sample, because the ratio is .47 to one. 
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Similar calculations for each score yielded the likelihood 

ratio for all possible scores on each variable. 

Two patterns of likelihood ratios were found. In one pattern, 

likelihood ratios on both ends of the score continuum were indicative 

of either learning disability or non-learning disability. This 

occurred for the Digit Span--CDasm, Visualization Forms--CDV(j, Percep

tual Speed--CDvs, Quick Test--CDavc, and PSLT Syntax--CDwcj variables. 

In the other pattern, the likelihood ratio values at low scores were 

indicative of learning disability, and the higher scores were indicative 

of non-learning disability. This occurred on the Arithmetic--CDmc, 

Word Discrimination--CDm̂ , PSLT Total Words--CDW(j, PSLT Total 

Sentences--CDW(j, PSLT Words per Sentence—CDW(j, PSLT Abstract-Concrete — 

CDwd> Syllabication--CDas, Naming Lowercase Letters--CD m̂, and Reading 

Comprehension--CDrc variables. Likelihood ratio values for all scores 

are presented in Appendix D. 

Table 5 presents the scores and likelihood ratio values for two 

sets of scores, Digit Span and PSLT Abstract-Concrete, to illustrate 

the typical patterns of likelihood ratios in relation to the beta 

distribution from which they were obtained. A likelihood ratio of 

exactly one means that the ratio between the probability of that score 

in the learning-disability sample and the probability of that score in 

the non-learning-disability sample is one to one. A likelihood ratio 

of more than one indicates learning disability, and a likelihood ratio 

of less than one indicates non-learning disability. 
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Table 5. Likelihood ratios for Digit Span--CDasm and PSLT Abstract-
Concrete --CDwcj for each score level. 

Score 
Digit Span PSLT Abstract -Concrete 

Score LR Score LR 

0 .01 0 10,000.00 

1 .05 1 10,000.00 
2 .10 2 1,810.00 
3 .23 3 210.00 
4 .63 4 74.33 
5 1.41 5 32.00 
6 2.07 6 16.70 
7 2.36 7 8.32 
8 2.13 8 4.81 
9 1.57 9 2.93 
10 .95 10 1.85 
11 .47 11 1.21 
12 .18 12 .81 
13 .06 13 .55 
14 .01 14 .38 
15 .001 15 .27 
16 .001 16 .20 
17 .001 17 .13 
18 .001 18 .09 
19 .001 19 .06 
20 .001 20 .04 

21 .03 
22 .02 
23 .02 
24 .01 
25 .01 

In Table 5, likelihood ratios greater than 10,000 and less than 

.001 have been rounded to those figures. Given a likelihood ratio that 

large or small, the probability that learning disability or non-learning 

disability, respectively, have been identified is so great that dis

tinctions among such extreme values are not very meaningful. 

Examination of Table 5 reveals, as does Figure 7, that for 

Digit Span—CDasm, scores of zero to four, and ten to twenty are more 
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likely to be found in the non-learning-disability sample as indicated 

by likelihood ratios that are less than one. A score of seven is the 

most indicative of the presence of learning disability because it has 

the highest likelihood ratio. 

For PSLT Abstract-Concrete, the likelihood ratio values de

crease as the score increases. All scores below twelve are more likely 

to be found in the learning-disability sample as indicated by the fact 

that they have likelihood ratios greater than one. Scores of three or 

less are extremely indicative of learning disability on this test. 

On these two tests, and on several others (Visualization Words--

CDvd> Visualization Combined--CDvcj, Perceptual Speed--CDvs, Word 

Discrimination--CDm(j, PSLT Total Words—CDW(j, PSLT Total Sentences--

CDud j PSLT Words per Sentence - -CDwcj, PSLT Syntax--CDW(j, Naming Lower

case Letters--CD-^, Reading Comprehension--CDrc) the likelihood ratios 

at different score levels were as low as .001 or as high as 10,000, 

showing that some scores are extremely indicative of learning disability 

and other scores are extremely indicative of non-learning disability in 

the samples. 

For each of the tests, a range of scores had likelihood ratios 

greater than one. The highest and lowest scores which had likelihood 

ratios greater than one are presented in Table 6 for each variable. For 

the scores shown, and for each score between them, the probability that 

learning disability exists if that score is obtained is greater than .50. 

On two tests, (Visualization Forms--CDV(j, PSLT Syntax --CDW(j) , 

scores at very high levels received likelihood ratios greater than one. 
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Table 6. Range of scores that have likelihood ratios greater than 
one for all seventeen variables. 

Variable Lower Score Upper Score 

Digit Span--CDasm 5 9 

Ar i thme tic--CDmc 0 9 

Visualization Words—CDV(j 0 8 

Visualization Forms--CDV̂  0 4 

(13)* (16) 

Visualization Combination--CDV(j 0 13 

Knox Cubes--CDa(j 0 6 

Perceptual Speed--CDVS 67 100 

Quick Test—CDavc 0 25 

Word Discrimination--CDm(j 0 . 29 

PSLT Total Words--CDwd 0 38 

PSLT Total Sentences--CDW(j 0 4 

PSLT Words per Sentence—CDW(j 0 8.2 

PSLT Syntax--CDW(j 0 76 

(99) (100) 

PSLT Abs tract -Concrete--CDwcj 0 11 

Syllabication--CDas 0 12 

Naming Lowercase Letters--CD m̂ 0 25 

Reading Comprehension--CDrc 20 43 

See text for explanation of numbers in parentheses. 



These scores are shown in parentheses to indicate that the likelihood 

ratios obtained may not accurately reflect the probability of these 

high scores in the learning-disability population. 

Discussion of Likelihood Ratios. On each test, the learning-

disability and non-learning-disability samples form distributions that 

are not identical. This means that in this study each test was shown 

to discriminate the two groups. Since likelihood ratios greater than 

and less than one were obtained at varied score levels, justification 

for proceeding with the calculation of posterior probabilities was 

provided. 

Posterior Probabilities 

Posterior probabilities represent probability estimates that a 

particular hypothesis is true, given that a particular set of evidence 

is present. In this study, the posterior probability that hypothesis 

one (that learning disability is present) was true when varied sets of 

psychoeducational test data were present was calculated for each child. 

The sets of posterior probabilities were examined to determine the 

efficiency of Bayesian procedures for classifying the sample groups. 

Calculation of Posterior Probabilities. The posterior prob

ability that an hypothesis is true given a particular set of data, 

P(HI|DI, ..., DN), can be calculated by multiplying the prior likelihood 

ratio (LRq) by the product of the likelihood ratios (LR) for that set of 

data, and dividing the product by the product plus one: 
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LR0rjj- LR 

P<HLD|d1> •••> V T" (8) 

(LR0TT LR) + 1 
n=l 

PCHldPi, ..., D n), the posterior probability that hypothesis one 

(that learning disability is present) is true given a particular set 

of tests will hereinafter be abbreviated P(LD). P(LD) values were 

computed for each child in both samples for all seventeen sets of 

scores in combination. 

Results of Calculation of Posterior Probabilities. The pos

terior probability that learning disability was present, given the data 

from all 17 sets of scores, is presented for each child in the learning-

disability and non-learning-disability groups in Table 7. For each 

group, cases are listed in order of the probability of learning 

disability. Probability estimates of less than .001 have been listed 

as being equal to .001 since distinctions between such extreme values 

are not very meaningful. Examination of Table 7 reveals that P(LD) 

values range from .99 to .001 for the learning-disability group and 

from .33 to .001 for the non-learning-disability group. 

Where distributions of P(LD) overlap for the two groups, the 

setting of a cut-off point is necessary in order to evaluate the 

efficiency of Bayesian procedures in separating the learning-disability 

and non-learning-disability groups. The cut-off point was set to 

maximize the number of correct classifications for both groups. Using 

this criterion, the best cut-off for the two distributions of P(LD) 

was .16. Two children (cases 23 and 24) from the learning-disability 
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Table 7. Posterior probability of learning disability for each child 
in the LD and NLD groups, given 17 sets of scores. 

LP Group NLD Group 
Case Number P(LD) Case Number P(LD) 

1 .99 29 .33 
2 .99 44 .02 
3 .99 26 .001 
4 .99 27 .001 
5 .99 28 .001 
6 .99 30 .001 
7 .99 31 .001 
8 .99 32 .001 
9 .99 33 .001 
10 .99 34 .001 
11 .99 35 .001 
13 .99 36 .001 
15 .99 37 .001 
16 .99 38 .001 
18 .99 39 .001 
19 .99 40 .001 
22 .99 41 .001 
25 .99 42 .001 
14 .90 43 .001 
12 .77 45 .001 
21 .57 46 .001 
20 .29 47 .001 
17 .17 48 .001 
23 .001 49 .001 
24 .001 50 .001 

group and one child (case 29) from the non-learning-disability group 

were misclassified. Using this cut-off, 94% of the total sample was 

correctly classified. 

Further examination of the data revealed that the misclassified 

learning-disability subjects were older than the mean age (nine years, 

four months) of the samples, and the misclassified non-learning-

disability subject was younger than the mean age. Therefore, a com

parison was made between subgroups younger than 9-4 (case numbers 1-11 



and 26-36) and 9-4 and older (case numbers 12-25 and 37-50). Under 

this condition, the best cut-off was .98 for the younger subgroups and 

.16 for the older subgroups. As a result of this procedure, 96% of 

the total sample was correctly classified. Only cases 23 and 24 were 

classified incorrectly. 

Discussion of Posterior Probabilities. Posterior probabilities 

that learning disability had been identified tended to be very high 

for the learning-disability subjects and very low for the non-learning-

disability subjects when seventeen sets of scores were submitted to 

analysis in Bayes1 theorem. In this study, the high percentage of 

correct classifications indicates that Bayesian procedures yielded an 

effective identification system. 

Comparison of Bayesian Techniques and Discriminant Analysis 

In order to evaluate the efficiency of Bayesian procedures 

for identification purposes, a second method, discriminant analysis, 

was used. Comparisons between the two analyses were made for sets of 

tests under the following two conditions: (1) the samples considered 

as two qualitatively distinct groups, and (2) the samples considered 

as two qualitatively distinct groups, but subdivided at the mean age 

of the samples. Comparisons between the two methods were made in 

relation to the number of correct classifications, using the following: 

(1) all seventeen variables, (2) four sets of five variables, ranging 

in size from two to five variables per set, in which the selection of 

the variables was dependent upon the diagnostic value of the test 

scores, and (3) one set of five variables in which the selection of 



the variables was dependent upon specialists' estimates (Wissink, 1972) 

of the diagnostic value of the corresponding component disability. In 

addition, the classification of individual children by the two methods 

was considered and two sets of five variables with varying degrees of 

independence as determined from correlation matrices were examined. 

Discriminant Analysis 

Discriminant analysis is a technique that can be used to weight 

scores to give a single composite variable for differentiating groups. 

The mathematical definition of the discriminant function and the 

necessary formulas (taken from Wheeler, Burke and Reitan, 1963, pp. 419-

420, 440) are in Appendix E. Computer programs have been designed to 

solve the problem of selecting a unique set of weights for sets of 

scores. In this study, the weights were selected for the sets of raw 

scores of individual children. The result of this application was a 

distribution of the composite variable, Z, for each group (see Figures 

8 and 9). 

Determination of the weights does not always provide the solu

tion to the identification problem, due to the fact that the Z dis

tributions for the two groups usually overlap. Figures 8 and 9 show 

discriminant function Z-score distributions for two sets of tests. In 

Figure 8, all seventeen variables were used and the distributions for 

the learning-disability and non-learning-disability groups do not 

overlap. All children are classified correctly. 

Figure 9 (variables Word Discrimination—CDm(j, PSLT Abstract-

Concrete—CDwd> Visualization Words—CDvcj) presents the more typical 
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Figure 8. Discriminant function Z-value distributions for LD and NLD 
groups using all 17 variables. 
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Figure 9. Discriminant function Z-value distributions for LD and NLD 
groups using Word Discrimination—CDmcj, PSLT Abs tract-
Concrete--CDW(j, and Visualization Words--CDvd variables. 



case where the distributions overlap and it becomes necessary to deter

mine a cut-off point according to some criterion. The criterion for 

the cut-off points in this study was always that the selected point 

maximized the total number of correct classifications. The cut-off 

point for the Z-score distributions is shown in Figure 9, where it is 

a value of approximately 9.4. 

For each comparison presented below, a cut-off point on the 

Z-score distributions was selected for separating the learning-

disability and non-learning-disability groups when a particular set of 

data (scores from selected tests) was used. A cut-off point was also 

selected for the probability of learning disability distributions 

that resulted from Bayesian analysis on the same set of data. The 

number of correct classifications was then compared for Bayesian 

analysis and discriminant analysis. A classification was considered 

correct when the cut-off point placed the child in the sample group 

for which he had originally been selected by the specialists. 

Comparison Using All Seventeen Variables 

All seventeen variables were used to compare the number of 

correct classifications using the two methods of analysis. The results 

of this comparison are presented in Table 8. 

The two methods are compared for the two groups and for four 

groups when both of the samples are divided into a group younger than 

nine years, four months and a group nine years, four months and older. 

The percentages of correct classification are also given for the total 

sample under both conditions. 
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Table 8. Percentages of correct classification of LD and NLD groups 
and total sample using Bayesian analysis (BA) and discriminant 
analysis (DA) with seventeen variables. 

Percentage of Correct Classifications 
Method Two Group s Four Groups Divided at Mean Age 

LD NLD Total LD(I) NLD(I) LD(II) NLD(II) Total 

BA 92 96 94 100 100 86 100 96 

DA 100 100 100 100 100 100 100 100 

In this comparison, 1007» of the children were classified cor

rectly using discriminant analysis. Bayesian procedures yielded 

slightly lower percentages, with 947o of the total sample classified 

correctly when only two groups were considered, and with 96% classified 

correctly when the samples were subdivided on age. Discriminant 

analysis was more efficient than Bayesian procedures when a large number 

of variables was used. 

Comparison Using Highly Diagnostic Variables 

Although discriminant analysis was more efficient than Bayesian 

analysis when all seventeen variables were used, seventeen tests may 

be more than are needed for an efficient identification procedure. 

In order to determine whether a smaller number of tests efficiently 

separated the groups, sets of variables that were highly diagnostic 

were selected for comparison with one another and with discriminant 

analysis. The procedure for determining which tests were most diag

nostic was to obtain a relative operating characteristic (ROC) curve 

for each variable and to compare these curves with one another. 



Relative operating characteristic curves provide a means of plotting 

the relationship between two distributions on a single curve. In this 

study, the ROC curves were obtained from the beta distributions for 

the learning-disability and non-learning-disability groups. 

Calculation of Relative Diagnosticity. An ROC curve is a 

cross-plot of the hit rate of a set of scores with the false alarm rate 

(Sheridan and Ferrell, in press, p. 77). Hit rate is the probability 

that learning disability will be identified when it is in fact present, 

P(Id |LD). False alarm rate is the probability that learning disability 

will be identified when non-learning disability is in fact present, 

P(ld|NLD). In this study, the quantities P(ld|LD) and P(ld|NLD) were 

taken from the beta distributions. P(ld|LD) is the area under the 

learning-disability beta curve to the left of any given score, and 

P(ld|NLD)is the area under the non-learning-disability beta curve to 

the left of the same score. A cross-plot of a series of areas under 

the beta curves is plotted for increasingly higher scores to yield an 

ROC curve. 

The relative effectiveness of the tests was determined by 

comparing the area under the ROC curve with the area under the ROC 

curve of other sets of scores. A large area under the ROC curve is 

indicative of a variable that is an effective discriminator. If a 

curve increased only vertically on the ordinate to a 1007o value and 

then increased horizontally to 100% on the abscissa, the variable would 

be a completely effective discriminator. The greater the overlap 

between the curves from which the ROC curves are taken, the closer the 
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ROC curve moves to the chance line shown in Figure 13, i.e., the line 

where the probability of being in either group is identical for every 

score. 

Results of Calculation of Relative Diagnosticity. Relative 

operating characteristic curves were obtained for each of the variables. 

Figures 10 - 13 are presented to illustrate typical ROC curves. The 

curves represent a cross-plot of the areas under the beta curves at 

increasing score levels for the Digit Span--CDasm, Visualization Forms--

CDV(j, Word Discriraination--CDmcj, and PSLT Abstract-Concrete--CDW(j tests. 

The false alarm rate is represented on the abscissa and the 

hit rate is on the ordinate. The area under the learning-disability 

curve at a score of one is cross-plotted with the area under the non-

learning -disability curve at a score of one, then the area under the 

learning-disability curve at a score of two versus the area under the 

non-learning-disability curve at a score of two, etc. The numbers on 

the abscissa and ordinate represent percents of the total area under 

the beta curves. 

Figure 10 (Digit Span--CDagm) shows the result of plotting 

areas from curves that overlap in two places. The ROC curve remains 

very near the chance line for a short distance because the area under 

the non-learning-disability beta curve (false alarm rate) increases 

slightly faster at the lowest score levels. As the learning-disability 

curve (see Figure 2) rises rapidly above the non-learning-disability 

curve, the ROC curve changes direction and the area under it increases 

rapidly. 
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Figure 11 represents the Visualization Forms—CDV(j variable, 

which was the poorest discriminator of the seventeen variables. The 

ROC curve is only slightly above the chance line. 

Figure 12 shows the ROC curve for Word Discrimination—CD,^» 

the variable that ranked third in diagnostic value. The curve is not 

symmetrical because the hit rate rises rapidly at lower score levels 

and then slowly tapers off, while the false alarm rate stays extremely 

low at low score levels and then rises rapidly at higher score levels. 

Figure 13 is the ROC curve for the variable (PSLT Abstract-

Concrete --CDwc|) with the greatest area under the ROC curve. The curve 

is nearly symmetrical, reflecting the fact that the beta distributions 

for this variable are nearly mirror images of one another (see Figure 

6 ) .  

Relative operating characteristic curves for some variables 

(PSLT Total Sentences—CDW(j, PSLT Total Words--CDW(j> PSLT Syntax—CDw(j> 

Naming Lowercase Letters—CD^m, Syllabication--CDas) were estimated at 

the upper end of the curves rather than calculated. This was necessary 

because the beta curves from which the ROC curves were obtained accel

erated extremely rapidly at particular score levels on these tests, 

thus greatly increasing the area under the beta curve. In such sit

uations, slight errors, due to rounding or to the particular method 

used for calculating the area, produced distortions in the ROC curves. 

The result was that the diagnostic value of these tests could not be 

accurately compared with the others. 
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The areas under the ROC curves were obtained for each of the 

variables by charting the curves on graph paper and counting the number 

of squares under the curve. These areas were compared and ranked to 

evaluate the relative effectiveness of the variables for making 

identification decisions. 

Table 9 presents the resulting ranks for the twelve sets of 

scores with complete ROC curves. Corresponding component disabilities 

are also listed. The most diagnostic component was PSLT Abstract-

Concrete--CDW(j, which is one of the measures of a writing deficit. The 

next four variables, each of which had only slightly less area under 

the ROC curve than the variable ranked just above it, were Visualization 

Words—CDV(j, Word Discrimination--CDm(j, Reading Comprehension--CDrc, 

and PSLT Words per Sentence—CDW(j. 

There were no large discrepancies between one variable and the 

next variable in the ranking. Rather, each variable seemed to have 

just slightly less area under the curve than the one immediately above 

it. If the highest ranked and lowest ranked groups of variables were 

compared, however, the higher group appeared considerably more diag

nostic. All of the curves were above the chance line (the line at 

which the test does not discriminate) shown in Figure 13. 

Application to Comparison Procedures. Calculation of the ROC 

curves indicated that all of the sets of scores were effective 

discriminators. Some variables (PSLT Abstract-Concrete—CDW(j, Visual

ization Words--CDV(j, Word Discrimination--CPmH , Reading Comprehension--

CDrc, PSLT Words per Sentence--CDW(j) appeared to be more efficient 
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Table 9. Variables and corresponding component disabilities ranked in 
descending order by area under the ROC curves. 

Rank Variable Component Disability 

1 PSLT Abstract-Concrete Writing 

2 Visualization Words Visualization 

3 Word Discrimination Monitoring 

4 Reading Comprehension Reading Comprehension 

5 PSLT Words per Sentence Writing 

6 Visualization Combination Visualization 

7 Knox Cubes Attention 

8 Digit Span Auditory short-term memory span 

9 Perceptual Speed Visual speed of perception 

10 Amnions' Quick Test Auditory-visual coordination 

11 Arithmetic Mathematical comprehension 

12 Visualization Forms Visualization 

than others, however, and for this reason were selected as a separate 

set for comparison between Bayesian techniques and discriminant 

analysis. 

Four separate comparisons were carried out with the above 

variables. The first set contained the PSLT Abstract-Concrete--CDW(j 

and Visualization Words--CDV(j variables, which were the most diagnostic. 

For the remaining three sets, the next ranked variable from the above 

list was added to the previous set. 
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The results of this comparison are presented in Table 10. 

(The probabilities of learning disability from the Bayesian analysis 

are presented in Appendix F for each child.) The percentages of correct 

classifications is high when two variables are used and the 

percentage does not necessarily increase when variables are added. 

This finding indicates that a very small set of variables effectively 

discriminates the sample groups. In general, however, it appeared that 

the addition of variables increased the percentages slightly, until a 

maximum number of correct classifications was reached with four or five 

Table 10. Percentages of correct classification of LD and NLD and total 
sample using Bayesian analysis (BA) and discriminant analysis 
(DA) with sets of highly diagnostic variables. 

No. Percentage of Correct Classifications 
of 

Tests 
Method Two Groups Four Groups Divided at Mean Age of 

Tests 
Method 

LD NLD Total LD(I) NLD(I) LD(II) NLD(II) Total 

2 BA 96 84 90 100 82 93 93 92 

DA 88 92 90 100 82 93 93 92 

3 BA 96 80 88 100 100 93 93 96 

DA 88 88 88 100 82 93 93 92 

4 BA 88 96 92 100 100 100 93 98 

DA 100 96 98 100 100 100 93 98 

5 BA 92 96 94 100 100 93 93 96 

DA 96 96 96 91 100 100 93 96 



variables, depending on whether two groups or four groups divided on 

age were used. In this study, the addition of large numbers of var

iables beyond that point increased the percentage of correct classifi

cations slightly for the discriminant analysis, but did not increase 

the percentage for the Bayesian analysis. 

A slight drop in the percentage of correct classifications 

sometimes occurred when an additional variable was added. The most 

obvious explanation of this phenomenon is to attribute it to the 

changing pattern of correlations which occurs when a new variable is 

added. In the set that used the PSLT Abstract-Concrete—CD^, 

Visualization Words—CDV(j» and Word Discrimination--CDmcj variables, for 

example, a child who was correctly classified, but near the cut-off 

point using only the first two of these variables might be classified 

incorrectly if his score from Word Discrimination were not highly 

correlated with his scores on the first two. 

The percentages of correct classifications for the discriminant 

and Bayesian analyses appear to be very similar for these sets, par

ticularly when age is considered. In this study, PSLT Abstract-

Concrete—CDwcj, Visualization Words--CDV(j, Word Discrimination--CDm(j, 

Reading Comprehension--CDrc, and PSLT Words per Sentence--CDwcj, when 

used as a set in these two methods, effectively discriminated learning 

disability from non-learning disability. 
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Comparison Using Variables Specialists 
Estimated Most Diagnostic 

The specialists' median estimates in Wissink's (1972) study 

indicated that the reading comprehension, attention, auditory-visual 

coordination, writing, and auditory speed of perception component 

disabilities were the most diagnostic of learning disability. In this 

study, the corresponding variables, Reading Comprehension, Knox Cubes, 

Quick Test, PSLT Total Words, and Syllabication, were compared using 

the two methods of analysis in order to investigate the question of 

the score level at which a "significant" deficit is indicated. 

Table 11 presents the results of the comparison of Bayesian 

and discriminant analyses for this set of variables. (The probabilities 

of learning disability from the Bayesian analysis are presented in 

Appendix F for each child). The two methods classified an identical 

number of children correctly when age was considered. The number of 

correct classifications was slightly lower for Bayesian analysis when 

the two groups were evaluated as a whole. In all cases, the percentages 

were high, indicating that the Reading Comprehension--CDrc, Knox 

Cubes--CDacj, Quick Test--CDavc, PSLT--CDW(j, and Syllabication--CDas 

variables effectively discriminate learning disability from non-learning 

disability, as would be expected from the estimates of the specialists 

(Wissink, 1972). 

The probability that learning disability is present when the 

median likelihood ratios for this set of variables from the specialists 

are submitted to Bayesian analysis is .99. This indicates that, in the 

composite opinion of the specialists, the probability that a child 
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Table 11. Percentages of correct classification of LD and NLD and total 
sample using Bayesian analysis (BA) and discriminant analysis 
(DA) with five variables considered most diagnostic by 
specialists (Wissink, 1972). 

Percentage of Correct Classifications 
Method Two Groups Four Groups Divided at Mean Age 

LD NLD Total LD(I) NLD(I) LD(II) NLD(II) Total 

BA 96 92 94 100 100 100 93 98 

DA 100 96 98 100 100 100 93 98 

has a learning disability, P(LD), given that all five of the appropriate 

component disabilities are present, is 99%. In the present study, 

those children classified as learning disability on the corresponding 

set of variables had an average P(LD) value of 84%. 

For the estimates in the Wissink (1972) study, the specialists 

were asked to consider each component disability as being severe enough 

by itself to interfere with learning. They were not asked to relate 

the severity of the component disability to cut-off points on particu

lar tests. In this study, actual tests and children were used. The 

effect of using tests and children is that the P(LD) estimates will 

tend to be lower than P(LD) estimates made under "pure" conditions, 

even if all of the component disabilities are present in an actual 

child. The effect works in this order. The highest P(LD) values are 

obtained when the component disabilities are present to the same degree. 

The next level of P(LD) values is obtained from test data, allowing for 

deficiencies in the test instruments themselves. The lowest estimates 

would result from the analysis of child characteristics because 
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additional allowance is made for environmental and individual differen

ces factors contributing differentially to the estimate. 

Comparison of Classification of Individual Children 

In almost every application of Bayesian techniques and dis

criminant analysis, two to twelve percent of the subjects were 

classified incorrectly. The discriminant function weights and Bayesian 

probabilities of individual children were examined to determine whether 

the same children tended to be classified incorrectly by the two methods 

and by varied sets of tests. A total of fourteen children were 

classified incorrectly by at least one method of analysis using one 

set of tests. Four children accounted for over one-half of the mis-

classifications. In one of these four cases, a child from the learning-

disability sample had likelihood ratio (LR) values on two tests that 

were extremely indicative of learning disability and several scores 

that were indicative of non-learning disability. When the tests with 

high LR values were not used in the analysis, this child was consis

tently classified non-learning disability. This child was classified 

incorrectly with three sets of tests using the discriminant analysis 

and with four sets using Bayesian analysis. 

A second learning-disability subject had LR values that were 

not strongly indicative of either learning disability or non-learning 

disability. A third learning-disability child had ten LR values that 

were indicative of non-learning disability, four of which were strongly 

indicative. These two children were misclassified much more frequently 

by the Bayesian procedure than by discriminant analysis. 
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The fourth child who was frequently misclassified was from the 

non-learning-disability group. In this case, seven LR values favored 

the learning disability hypothesis. This child was misclassified by 

discriminant analysis using six sets of tests and by Bayesian analysis 

using three sets of tests. 

The review of individual cases indicated that the majority of 

the children were never classified incorrectly even though they had 

an occasional LR value that was indicative of the opposite condition if 

taken alone. Since a single test, even if it were the most diagnostic, 

would have misclassified more children than the combination of two or 

more tests, it appears that the chances of error are consistently 

reduced by the combination of data in a Bayesian or discriminant 

analysis procedure. The two methods tended to classify the same chil

dren incorrectly, although the pattern of scores for those children was 

not consistently similar. Each child was classified correctly by at 

least three sets of tests. 

Comparison Using Sets of Independent and Dependent Variables 

Theoretically, the use of Bayes1 theorem to aggregate the effect 

of several sets of scores requires the use of conditionally independent 

data if the resulting probability of learning disability is to be 

accurate. That is, the probability of observing a particular score on 

one test must be independent of the probability of observing a par

ticular score on any other test if both of these data are to be sub

mitted to sequential analysis by Bayes1 theorem. Therefore, the 



correlations between tests within each group must be non-significant 

if conditional independence is to be assumed. 

In order to determine whether conditional non-independence 

existed in the data from this study, Pearson product-moment correlation 

coefficients between each pair of tests were computed. 

Separate correlation matrices for the two groups were obtained 

to determine whether significant correlations were present in pairs of 

tests drawn from a sample in which one hypothesis was assumed true. 

Pearson product-moment correlation coefficients (r) for all sets of 

scores are presented in Tables 12 and 13 for the two samples. The 

variable numbers correspond to the numbers given in Table 4. 

For the learning-disability group, r's ranged from -.39 to +.96 

and 58 of 136 possible correlations were significant at p>.05. For 

the non-learning-disability group, r's ranged from -.37 to +.86 and 

26 of 136 possible correlations were significant at p).05. All except 

four variables (Digit Span--CDasm, Arithmetic--CDmc, Knox Cubes--CDa(j, 

Perceptual Speed--CDvs) in the learning-disability group and three 

variables (Knox Cubes—CDacj, Perceptual Speed--CDvs, Naming Lowercase 

Letters--CD^m) in the non-learning-disability group were significantly 

correlated with at least one other variable. 

It was concluded that conditional non-independence was present 

in the data in this study. Therefore, the robustness of Bayesian 

procedures in the face of conditional non-independence was examined by 

comparing Bayesian and discriminant analyses using sets of independent 

and non-independent variables. 



Table 12. Correlation matrix for the learning-disability group, all seventeen variables. 

Variable 
Variable 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

1 .15 .19 -.23 -.03 .22 -.11 .05 .23 -.03 -.09 .08 -.06 -.06 .17 .21 .37 
2 -.12 -.15 -.16 .13 .04 -.39 -.28 -.24 -.22 -.20 -.13 -.20 -.13 -.11 .13 
3 .46 .85 .03 -.05 .58 .93 .72 .64 .74 .70 .75 .87 .68 .36 
4 .86 .18 .28 .36 .38 .43 .37 .50 .44 .55 .31 .37 .12 
5 .13 .14 .55 .76 .67 .60 .72 .67 .76 .68 .61 .28 
6 .08 .16 .16 -.06 .03 -.02 .18 -.11 -.04 .34 .21 
7 -.16 -.13 .08 .08 .13 -.13 -.09 .02 -.13 .02 
8 .70 .36 .26 .55 .64 .52 .39 .48 .30 
9 .58 .53 .63 .66 .64 .82 .66 .48 
10 .96 .67 .41 .73 .66 .47 .11 
11 .56 .38 .67 .59 .46 .04 
12 .76 .76 .59 .77 .31 
13 .76 .50 .80 .15 
14 .54 .63 .09 
15 .51 .47 
16 .33 

p>.10 at r = .34 
p>.05 at r = .40 
p>.01 at r = .51 



Table 13. Correlation matrix for the non-learning-disability group, all seventeen variables. 

Variable 
Variable 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

1 .42 .06 .10 .10 .39 .17 .16 .13 -.11 -.17 .09 .09 -.17 .12 .32 .42 

2 -.15 -.27 -.25 .26 .11 -.15 -.19 -.18 -.17 -.05 .05 -.08 -.22 .21 .46 
3 .46 .86 .11 .00 .49 .72 .21 .03 .43 .08 .15 .49 .08 .14 
4 .85 .15 .04 .41 .59 .18 .11 .15 .23 -.07 .43 .10 -.19 
5 .15 .03 .53 .77 .23 .08 .34 .18 .05 .54 .10 -.02 
6 .38 .18 .09 -.12 -.25 .24 .31 -.22 .12 .31 .18 

7 .15 -.07 -.23 -.26 -.12 -.20 -.37 -.32 .00 .14 
8 .47 .15 -.10 .45 .30 .25 .40 .20 -.07 
9 .21 .09 .31 .42 .24 .73 .08 .17 
10 .86 .24 .16 .58 .26 .17 -.14 
11 -.22 -.06 .40 .16 -.13 -.22 
12 .50 .29 .27 .35 .14 
13 .24 .46 .17 .27 
14 .34 .35 -.16 
15 .03 .13 
16 .19 

p>.10 at r = 
p>.05 at r = 
p>.01 at r = 

.34 

.40 

.51 
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An independent set consisted of the Digit Span--CDasm, 

Arithmetic--CDmc, Knox Cubes--CDa(j > PSLT Abstract-Concrete--CDwci, 

and Reading Comprehension--CDrc variables. Examination of the correla

tion matrices reveals that the variables selected for this set were 

independent at the .05 level of confidence in the learning-disability 

group. For the non-learning-disability group, three of the ten possible 

correlations between tests were significant at the .05 level. For 

these three, r's ranged from .42 to .46. 

Conversely, a second set of variables was found to be highly 

dependent in the samples. This set contained the Visualization Words--

CDv<j, Word Discrimination--CDmcj, PSLT Total Words--CDwd, PSLT Abstract-

Concrete --CDW(j, and Syllabication--CDas variables. For this set, ten 

of ten possible correlations were significant for the learning dis

ability group at the .05 level of confidence. For the non-learning-

disability group, four of ten possible correlations were significant 

at the .05 level. 

Table 14 presents the results of the comparison between 

Bayesian and discriminant analyses using sets of independent and depen

dent variables. (The probabilities of learning disability from the 

Bayesian analysis are presented in Appendix F for each child.) Table 14 

reveals that the percentages of correct classifications are highly 

similar for Bayesian analysis and discriminant analysis. The discrim

inant function takes account of conditional non-independence. 

The percentages for the Bayesian analysis do not vary greatly 

between the sets, although more cases are classified correctly with 
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Table 14. Percentages of correct classification of LD and NLD and total 
sample using Bayesian analysis (BA) and discriminant analysis 
(DA) with sets of independent and dependent variables. 

Percentage of Correct Classifications 
Set Method Two Groups Four Groups Divided at Mean Age Set Method 

LD NLD Total LD(I) NLD(I) LD(II) NLD(II) Total 

I* BA 100 96 98 100 100 100 93 98 

DA 100 96 98 100 100 100 93 98 

D** BA 96 80 88 100 100 93 93 96 

DA 88 88 88 100 91 93 93 94 

^Independent Set 
**Dependent Set 

the independent set than with the dependent set, particularly when the 

age factor is not considered. Slightly lower percentages can be ex

pected when dependent variables are used, because only small amounts of 

new information are added if the new information is highly correlated 

with previous information. In this study, Bayesian procedures appeared 

robust in the presence of conditional non-independence. 

In the Bayesian analysis, the set of independent variables 

classified more children correctly than any other set of variables when 

age was not considered. For this study, the five conditionally indepen

dent variables, Digit Span--CDasm, Arithmetic--CDrac, Knox Cubes--CDad, 

PSLT Abstract-Concrete--CDwd, and Reading Comprehension--CDrc, were the 

most effective set for the identification of learning disability using 

Bayesian analysis. Even when discriminant analysis is considered, the 

increased cost of using a large number of variables for classification 
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purposes may not be worth the minimal increase in the number of 

correct classifications. 

Conclusions 

Based on the analysis of the results, the data from this 

study yielded the following conclusions: 

1. Each of the eleven tests and the resulting seventeen sets of 

scores effectively discriminated learning disability from non-learning 

disability. 

2. The diagnostic value of the sets of scores varied consider

ably for the identification of learning disability, and the five most 

diagnostic sets, taken individually, were: 

a) The Abstract-Concrete score from the Picture Story Lan

guage Test, a measure of the component disability named writing deficit, 

b) The Words score from the Monroe Visualization Test, a 

measure of the component disability named visualization deficit, 

c) The Monroe Word Discrimination Test, a measure of the 

component disability named monitoring deficit, 

d) The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit, 

e) The Words per Sentence score from the Picture Story Language 

Test, a measure of the component disability named writing deficit. 

3. Bayesian analysis and discriminant analysis were equally 

effective for the identification of learning disability. 
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4. The percentages of correct classification of learning 

disability and non-learning disability using five sets of scores were 

comparable to the percentages of correct classification using seventeen 

sets of scores. 

5. A set of five variables, selected to represent the five 

component disabilities that specialists' estimates (Wissink, 1972) 

indicated were most diagnostic, classified a high percentage of 

sample subjects correctly. 

6. A set of five conditionally independent variables consis

tently classified the highest percentages of subjects correctly 

using Bayesian techniques. The independent variables were: 

a) The Digit Span test from the Wechsler Intelligence Scale for 

Children, a measure of the component disability named auditory short-

term memory span deficit, 

b) The Arithmetic test from the Wechsler Intelligence Scale 

for Children, a measure of the component disability named mathematical 

comprehension deficit, 

c) The Knox Cubes test from the Arthur Point Scale of Perfor

mance Tests, a measure of the component disability named attention 

deficit, 

d) The Abstract-Concrete score from the Picture Story Language 

Test, a measure of the component disability named writing deficit, 

e) The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit. 
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7. In nearly all cases, more subjects were classified correctly 

when the samples were divided at the mean age of the samples than 

when age was not considered as a factor. 



CHAPTER IV 

A BAYESIAN IDENTIFICATION PROCEDURE 

Because of the expense and personnel required, clinical 

diagnosis is impractical when large numbers of referrals need to be 

screened for learning disability. Initial identification decisions 

could be more efficient if a simple but reasonably accurate identifi

cation procedure were developed. This study was designed to provide a 

means for using test data in a Bayesian identification procedure. 

The results of this study demonstrate that Bayesian statistics 

can provide a powerful means of combining test data for the identifica

tion of learning disability. Analogous identification procedures have 

been developed in other areas of handicap and these procedures provided 

a source of ideas for the identification systems explored in this 

study. This chapter presents some literature on these related identi

fication procedures. In addition, a means of applying a Bayesian 

procedure to administrative decisions about learning disability is 

suggested. 

Related Identification Procedures 

The major reason for suggesting a learning-disability identi

fication procedure based on a probability methodology relates to the 

complexity of the condition. Learning disability was defined as a 

complex handicapping condition made up of a set or sets of more than 

90 
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one component which combine to negatively affect efficiency in learning. 

Identification decisions about learning disability are usually made by 

clinical specialists and appear to be based on an intricate combination 

of clinical intuition and psychometric data. The resulting decisions 

are probabilistic in nature because completely definitive information 

about the condition is not available. 

Procedures have been developed for the identification of other 

handicapping conditions that are as complex as the condition of learning 

disability. Two procedures that were particularly helpful in the 

development of the approach taken in this study were the use of con-

figural rules for the identification of psychosis and neurosis (Meehl 

and Dahlstrom, 1960), and the use of a taxonomic key for the identifi

cation of brain damage (Russell, Neuringer and Goldstein, 1970). 

Configural Rules Approach 

The probabilistic nature of information that can be used for 

identification decisions was indirectly noted by Meehl (1959) in 

relation to the identification of psychosis and neurosis. He states 

that 

Typically the clinician reports that his inferences from the 
profile are based partly upon discriminations he has learned 
to make among the various "patterns" which arise in extended 
clinical experience.... What seems to be happening is that an 
unknown configurated mathematical function is being approxi
mately expressed.... Most simply put, it means that the in
fluence of one predictor is not invariant with respect to 
values of the others (p. 103). 

Meehl and Dahlstrom (1960) have used clinicians' judgment and 

psychometric instruments to develop a set of identification rules for 



psychosis and neurosis that are similar in function to a probabilistic 

procedure. These rules are described as "a highly configurated, 

successive hurdle system which...utilized alternating clinical hunches, 

statistical searching, and statistical checking" (Meehl and Dahlstrom, 

1960, p. 105). Extensive cross-validation of this system demonstrated 

that its identification "hit-rate" was (1) superior to four other 

statistical methods, (2) superior to individual clinicians and (3) equal 

to pooled judgments from several clinicians. 

The work of Meehl and his associates provides support for the 

notion that the identification of complex handicapping conditions 

requires the combination of a set of data in other than a simple fash

ion. The Bayesian approach used in this study permits such a combina

tion. 

Taxonomic Keying Approach 

A second source of ideas about the development of an identifica

tion procedure for handicapping conditions is found in Russell, 

Neuringer and Goldstein (1970). They have developed and tested a 

taxonomic neuropsychological key for the assessment of brain damage in 

humans. The following quotation demonstrates the reasoning that was 

used to justify the development of a neuropsychological key: 

A Biological Key using objective and rather unvarying charac
teristics of organisms gradually subdivides the total group 
of organisms into increasingly smaller groups (kingdom, order, 
family, etc.) until the species has been defined. This method 
of reasoning by elimination can be seen in the inferential 
processes used by neuropsychologists to determine type and 
location of brain damage. Although the inference process may 
not follow this form in all instances, it does appear to repre
sent a prototype for much of the thinking used in classification 
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of cases. It offers an approach to objective resolution of 
diagnostic difficulties that would appear to be more adequate 
than those that have made use of conventional statistical 
methods (Russell et al., 1970, p. 2). 

The actual construction of the neuropsychological key was 

reported to be a cyclical process (Russell et al., 1970, p. 34) in 

which a group of rules (derived primarily from hypotheses about the 

diagnosis of brain damage that were based on experimental evidence) 

were ordered in a rough manner and then tried out and modified in a 

series of preliminary studies. The result was a key that depends on 

a neuropsychological battery of tests to determine the localization, 

degree of lateralization, and process (static, congenital or acute) 

of brain damage. 

To determine the effectiveness of the neuropsychological key, 

Russell et al. (1970) compared it to two other diagnostic methods 

(the neuropsychological report and the neurological examination). 

Agreement among all three methods reached highly significant levels, 

but varied considerably depending on which subdivision of damage was 

being examined. Percentages of agreement between the key and the other 

methods ranged from 55.8% to 93.2% (Russell et al., 1970, pp. 74-75). 

The key was also compared to an identification procedure that 

used linear discriminant functions from the same or similar tests 

(Wheeler, 1963, Wheeler and Reitan, 1963, Wheeler, Burke and Reitan, 

1963). From this comparison, Russell et al. conclude that "a relatively 

simple process such as keying can obtain, in one operation, comparable 

results to the most sophisticated statistical method that must use many 

operations since it only handles binary groups of categories" (p. 97). 



94 

The work of Russell, Neuringer and Goldstein provides support 

for the notions that (1) an objective identification procedure can be 

developed in order to identify persons who have complex handicapping 

conditions, and (2) an identification system that provides a means of 

evaluating a weighted combination of psychometric data may be useful 

in the identification of complex handicapping conditions. 

A Bayesian Identification Procedure 

In this study, Bayesian procedures were compared with discrimi

nant analysis in order to investigate the efficiency and effectiveness 

of an identification procedure based on tests. The results of this 

comparison indicated that, in general, the percentages of correct 

classifications of learning-disability and non-learning-disability 

groups appeared comparable for the two methods. The discriminant 

function resulted in slightly higher correct classification percentages 

for some sets of variables when age was not considered. When the 

groups were subdivided at the mean age of the samples, the Bayesian 

procedure was superior in two comparisons and discriminant analysis 

was superior in one. Bayesian procedures appeared robust even when 

conditional non-independence was present in the data. 

Although the effectiveness of the two methods of classification 

was nearly identical in this study, it appears that Bayesian procedures 

may have an advantage in efficiency when classification decisions are 

necessary in school situations. Three characteristics of Bayesian 

procedures lead to this conclusion. These are discussed below. 
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First, the computations for using Bayesian procedures are very 

simple and do not require the use of a computer. The application of 

the discriminant function is much more complex. 

Second, the use of Bayesian procedures permits greater pre

cision in making classification decisions. The application of Bayes' 

theorem to test data results in a probability that learning disability 

exists for each child. Therefore, the chances of classifying a child 

incorrectly are directly indicated and varied cut-off points can be 

set depending on the relationship between the cost of making errors 

and the value of making correct decisions. The application of the 

discriminant function does not result in probability estimates and the 

chances of error can only be estimated from a frequency count, i.e., 

by setting a cut-off point at which a certain percentage of cases will 

be classified in each group. 

Third, Bayesian procedures permit the use of different tests 

and a varied number of tests even within the same comparison. When 

discriminant analysis is used for classification decisions, the same 

tests must be administered to all subjects in a given comparison 

between groups. In contrast, any number of children can be compared 

using Bayesian procedures, even though different children in the com

parison are given a set of tests that vary in number or type. 

Comparison between groups is made on the basis of the probability that 

learning disability exists, not on the basis of any particular set of 

tests. 



For these reasons, a specific Bayesian procedure for the 

identification of learning disability was developed from the data 

collected in this study. This suggested procedure is presented below. 

A Probabilistic Psychoeducational Procedure 

The procedure presented here is based upon the data collected 

in this study. It is suggested that the procedure outlined and 

explained here can be used as a part of cross-validation studies that 

explore the effectiveness and efficiency of these techniques when 

applied to administrative decision making about learning disability. 

The use of the following procedure permits the classification 

of children into one of two groups, learning disability or non-learning 

disability, by the combination of likelihood ratios derived from the 

battery of psychoeducational tests used in this study. 

The results of this study indicated that the use of a large 

number of tests is not necessary for making reasonably accurate 

identification decisions. In this study, three different sets of only 

five variables resulted in as many or more correct classifications of 

learning disability and non-learning-disability as a set of seventeen 

variables when Bayesian techniques were applied, as the following 

review of the results indicates. 

Using seventeen variables, Bayesian analysis led to 94% correct 

classifications of the sample subjects when age was not considered and 

96% correct classifications when the samples were subdivided at the 

mean age. Using five variables that the findings of this study 

indicated were most diagnostic, Bayesian analysis led to an identical 
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number of correct classifications. The five most diagnostic variables 

were: 

1. The Abstract-Concrete score from the Picture Story Language 

Test, a measure of the component disability named writing deficit, 

2. The Words score from the Monroe Visualization Test, a measure 

of the component disability named visualization deficit, 

3. The Monroe Word Discrimination Test, a measure of the 

component disability named monitoring deficit, 

4. The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit, 

5. The Words per Sentence score from the Picture Story Language 

Test, a measure of the component disability named writing deficit. 

A second set of five variables resulted in 947, correct clas

sifications of the sample groups when age was not considered and 987» 

correct classifications when the samples were subdivided at the mean 

age. This set was selected to represent the five component disabilities 

that specialists' estimates (Wissink, 1972) indicated were most 

diagnostic. The variables were: 

1. The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit, 

2. The Knox Cubes test from the Arthur Point Scale of Perfor

mance Tests, a measure of the component disability named attention 

deficit, 
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3. Amnions' Quick Test, a measure of the component disability 

named auditory-visual coordination deficit, 

4. The Total Words score from the Picture Story Language Test, 

a measure of the component disability named writing deficit, 

5. The Syllabication test from the Gates-McKillop Reading Test, 

a measure of the component disability named auditory speed of perception 

deficit. 

A third set of five variables discriminated learning disability 

and non-learning disability even more effectively than any of the 

above sets. This set consisted of the variables that were found to be 

most independent in this study, i.e., those with the fewest significant 

correlations between each pair of variables. Using this set, Bayesian 

analysis led to 98% correct classifications, both when age was not 

considered and when the samples were subdivided at the mean age. The 

variables in this set were: 

1. The Digit Span test from the Wechsler Intelligence Scale 

for Children, a measure of the component disability named auditory 

short-term memory span deficit, 

2. The Arithmetic test from the Wechsler Intelligence Scale for 

Children, a measure of the component disability named mathematical 

comprehension deficit, 

3. The Knox Cubes test from the Arthur Point Scale of Perfor

mance Tests, a measure of the component disability named attention 

deficit, 



4. The Abstract-Concrete score from the Picture Story Language 

Test, a measure of the component disability named writing deficit, 

5. The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit. 

Although there were differences among the percentages of correct 

classification using the above sets of variables, the differences were 

slight. For the purpose of developing an efficient identification 

procedure, the conclusion of major importance is that five tests pro

vide a highly accurate classification of cases. The selection of a set 

of tests does not appear to present a difficult problem, because five 

variables always resulted in a high percentage of correct classifica

tions. A distinct set of tests may be selected for different children 

or for diverse age groups. The selection of tests may be even less 

difficult for younger groups (under 9-4) than for older groups because 

in this study 100% of the younger children were classified correctly 

in every case when Bayesian procedures were used to combine information 

about five sets of scores. 

Because five variables appear efficient and effective, the 

following procedure is designed for using five variables for the 

identification of learning disability. The procedure would remain 

essentially the same, however, even if more variables were used. 

An example of the use of the procedure is presented at the end of 

this chapter. 
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Explanation of a Probabilistic Psychoeducational Procedure. The 

major steps in the procedure are the following: 

1. The selection, administration, and scoring of the tests, 

2. The computation of the prior probability likelihood ratio, 

LR0, 

3. The computation of the probability of a cut-off point, P(c), 

4. The computation of a child's probability of learning dis

ability, P(LD), 

5. The making of a classification decision. 

Immediately below, condensed instructions and necessary mathe

matical formulas for each step are presented to demonstrate a pattern 

that may be useful in the application of the identification procedure. 

Each step is explained in more detail following the set of instructions. 

Frequent reference is made to a student score sheet, an example of which 

is presented in Figure 14. 

INSTRUCTIONS 

1. Select tests, administer the tests to the population, and 
score the tests. Enter test names on line 1 and scores on 
line 2 of the student score sheet. 

2. Compute prior likelihood ratio, LR0: 

TO _ p<ld) 
LRo ~ P(nld) " 

P(ld) is the estimated percentage of learning-
disability children in the tested population. 

P(nld) is the estimated percentage of non-learning 
disability children in the tested population. 

Fill in LRq on line 4 of the student score sheet. 
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3. Compute cut-off point: 
a. Determine likelihood ratio of the cut-off point, LRC: 

LRo = 
'nld + cld 

c ^ld + Cnid 

Vnid is the value associated with correctly deciding 
that a child is not a learning-disability child. 

Cid *-s t'ie cost associated with incorrectly deciding 
that a non-learning-disability child is a 
learning-disability child. 

V^(j is the value associated with correctly deciding 
that a child is a learning-disability child. 

Cnid is the cost associated with incorrectly deciding 
that a learning-disability child is a non-
learning-disability child. 

b. Determine probability of cut-off point, P(c), from the 
likelihood ratio of the cut-off point, LRC: 

LR_ 
?<C> " T+~LRJ 

c. Enter P(c) on line 6 of the student score sheet. 

4. Determine child's probability of learning disability, P(LD): 
a. Determine likelihood ratio for each score, LRS, from the 

LRS score tables. Enter LRS for each score below the 
appropriate score on line 3. 

b. Find the product of the LRS values, LR. Enter LR at end 
of line 3 and at beginning of line 4. 

c. Find the product of LR and LR0, LRt. Enter LRt at end 
of line 4 and on line 5 in two places. 

d. Compute LRt/(l + LR^) = the child's probability of learn
ing disability, P(LD). Enter P(LD) at end of line 5. 

5. Determine classification decision: 
a. If child's probability of learning disability is greater 

than the cut-off probability, classify as learning 
disability. 

b. If the child's probability of learning disability is less 
than the cut-off, classify as non-learning disability. 
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STUDENT SCORE SHEET 

Name Date / / 

Grade Score / / 

School Age 

Test 1 

1. Test 

Test 2 Test 3 Test 4 Test 5 

2. Score 

3. LR0 X X X x = 

LRS1 LRs 2 LR-s3 LRs 4 LRS5 LR 

4. x = 

LR LRQ LRt 

5. +
 

II 1 Probability of LD 
LRt (1 + LR,.) P(LD) 

5. 

P(c) 

7. Classification decision 

Figure 14. Example of student score sheet. 
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Step One—Selection of Tests. The selection of tests can be 

made from any of the eleven tests used in this study. The best selec

tion of tests would typically be those that are (1) independent as 

determined by the correlation matrix, (2) highly diagnostic as deter

mined by the ranking on the area under the relative operating charac

teristic curves, and (3) practical to administer as determined by a 

cost and time analysis. 

Approximately five tests should be selected in this step. Each 

test is then administered to the child or children to be classified and 

is scored as directed in the test manual. The names of the tests and 

the child's scores are entered on the score sheet (lines 1 and 2). 

Step Two—Computation of Prior Likelihood Ratio. Information 

known prior to the actual collection of test data is used in this 

identification procedure. Two prior probabilities are required: 

(1) the probability that learning disability is present, P(ld), and 

(2) the probability that non-learning disability is present, P(nld), 

prior to the collection of the test data. 

Prior probabilities may be derived from several sources. They 

may be taken from general estimates about the percentage of learning-

disability children in the school-age population. For example, the 

median estimate of the specialists in the Wissink (1972) study was 

that 5% of school-age children were learning-disability and 95% were 

non-learning-disability children. 

A second source of information about prior probabilities may 

be the percentage of learning-disability children estimated to be 
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present in a particular population. These estimates could be made by a 

specialist who is familiar with the characteristics of the children in 

that setting. 

Prior probabilities may also be determined by the needs of the 

situation. For example, if services are available for only 1% of the 

children in a particular setting, and it is decided that severely 

learning disabled children will receive those services, the prior 

probabilities could be set at .01 for the learning-disability group and 

.99 for the non-learning-disability group. The values P(ld) and P(nld) 

must add to one. 

The prior probability of learning disability, P(ld), is divided 

by the prior probability of non-learning disability, P(nld), and the 

resulting likelihood ratio, LR0, is entered on line 4 of the score 

sheet. 

Step Three--Computation of Cut-Off Point. The cut-off point 

for classifying children as learning disability or non-learning dis

ability is established by an evaluation of the costs of making incorrect 

decisions and the value of making correct decisions. 

If the costs of incorrect decisions are equal for both groups, 

and the values of correct decisions are equal for both groups, the 

probability of the cut-off, P(c), is set at .5. In some cases, however, 

the costs and values may be considerably different for one group than 

for the other. For example, the cost of incorrectly classifying a 

non-learning-disability child may be greater than that of misclassi-

fying a learning-disability child because in the former case a child 
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will unnecessarily receive diagnostic services and in the latter case 

the child may be located a short time later by way of teacher referral. 

Generally, costs and values would be set according to the 

estimates of the professional using the procedure. The actual figures 

used depend upon the relative size of the costs and values (see example 

at end of chapter). The probability of the cut-off point, P(c), is 

entered on line 6 of the score sheet. 

Step Four--Computation of Child's Probability of Learning Dis

ability. The likelihood ratio for the child's score on each test, LRS> 

is taken from the tables in Appendix D and entered on line 3 of the 

score sheet. The child's probability of having a learning disability, 

P(LD), is computed as follows: (1) the product of the likelihood ratios 

of the child's five scores is computed and yields the child's likelihood 

ratio, given five test scores, LR, (2) the child's likelihood ratio, 

given five test scores, LR, is multiplied by the prior probability of 

learning disability, LRQ, to yield a total likelihood ratio, LRt, 

(3) the total likelihood ratio, LRfc, is divided by one plus the total 

likelihood ratio (1 + LRt) and yields the child's probability of 

learning disability, P(LD). This value is entered on the student score 

sheet at the end of line 5. 

Step Five--Classification Decision. The final step involves 

making a decision about the child. The child's probability of learning 

disability, P(LD), is compared with the probability of the cut-off 

point, P(c), and the child is classified as learning disability if his 
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probability of learning disability is greater than the probability of 

the cut-off point, or as non-learning disability if the opposite is 

true. 

Example of the Use of the Identification Procedure. The 

following example is given to illustrate the use of the probabilistic 

psychoeducational procedure. 

Assume that initial screening of learning disability and 

non-learning disability is to be carried out in a school system. 

Five tests, the Wechsler Intelligence Scale for Children Digit Span 

and Arithmetic tests, the Syllabication test from the Gates-McKillop 

Reading Test, the Knox Cubes test from the Arthur Point Scale of Per

formance Tests, and the Comprehension test from the Gates-MacGinitie 

Reading Tests are selected for administration because they are rela

tively independent, diagnostically effective, and are easily available 

to the personnel who are involved in the screening. These tests are 

administered to all of the children to be screened and the results 

are scored. Test names and scores are entered on each score sheet. 

The prior probability of learning disability, P(ld), in the 

population to be screened is estimated to be 57«. Therefore, the 

prior probability of non-learning disability, P(nld), becomes 95%. 

The prior likelihood ratio, LR0, is computed: 

P(ld) .05 
LRo " P(nld) = .95 " *053 

This value is entered on line 4 of the score sheet. 
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The probability of the cut-off point, P(c), is computed by 

evaluating the costs and values involved. In this case, assume that 

the value of correctly deciding that a child has a learning disability, 

is the same as the value of correctly deciding that a child does 

not have a learning disability, Vni(}. Both values are set at one. 

The cost of misclassifying a non-learning-disability child, 

C^, is considered four times as great as the cost of misclassifying 

a learning-disability child, Cnu, in this case because it is assumed 

that a learning-disability child will be identified later by teacher 

referral if his problems are severe. On the other hand, the mis-

classification of a non-learning-disability child is considered serious 

because it involves problems for the child and his parents, as well 

as expense for the school. The cost of this error is considered twice 

as great as the value of making a correct decision, so the cost of 

incorrectly deciding that a child has a learning disability, Cijj> *s 

set at two. The cost of incorrectly deciding that a child does not 

have a learning disability, C^d, then becomes .5 and the likelihood 

ratio of the cut-off point, LRC, can be computed: 

vnld + cld 1+2 

^ " »ld + C„ld = 1 + .5 " 2-

The probability of the cut-off point, P(c), is computed and entered 

on line 6 of the score sheet: 
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The next step is to obtain the score likelihood ratios, LRS, 

for each child's scores from the tables in Appendix D. Assume that in 

a particular case, a child receives the following set of scores and 

LRs values on the tests given: 

Test Score LRS 

Digit Span (Scaled) 7 2.36 

Arithmetic (Scaled) 9 1.03 

Syllabication 1 28.03 

Knox Cubes 6.5 .92 

Reading Comprehension (Scaled) 30 7.00 

One of these scores (Knox Cubes) seems to indicate that the 

child does not have a learning disability and the other four that he 

has a learning disability. The likelihood ratio, given all five sets 

of scores, LR, is computed by multiplying the likelihood ratios from 

all five tests: 

2.36 • 1.03 * 28.03 • .92 • 7 = 432.18. 

This value is entered at the end of line 3 and on line 4 of the 

score sheet and is multiplied by the prior likelihood ratio, LR0 = .053: 

432.18 • .053 = 22.9. 

The product is the total likelihood ratio, LRt, which is 

divided by 1 + LR^: 

22.9/23.9 = .96. 

The probability that this child has a learning disability is .96. 

This value is compared with the probability of the cut-off point, 
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P(c) = .67. Since it is higher than .67, the child is classified as 

having a learning disability. 

In a second case, a child receives the following set of scores 

and likelihood ratios: 

Test Score LRS 

Digit Span 6 2.07 

Arithmetic 10 .85 

Syllabication 6 3.13 

Knox Cubes 6.5 .92 

Reading Comprehension 32 5.05 

The same computations are repeated, revealing that this child's 

probability of learning disability is .58. Since this value is less 

than the probability of the cut-off point, P(c) = .67, the child is 

classified as not having a learning disability. 

Discussion of Identification Procedure. As with the "configural 

rules" (Meehl and Dahlstrom, 1960) and "taxonomic keying" (Russell et 

al., 1970) approaches, the probabilistic psychoeducational procedure 

can be used to combine weighted psychometric data in an objective 

identification system. Using this procedure, identification decisions 

about learning disability could be made without the need for extensive 

knowledge about learning disability. The assistance of highly-trained 

learning-disability personnel would be needed only for estimating prior 

probabilities and identification cut-off points, although the selection 

and administration of tests may require some knowledge of psychometric 
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testing. The procedure appears to provide an efficient identification 

system for learning disability. The effectiveness of the procedure 

when used for the actual screening of children remains to be established 

by cross-validation studies. 



CHAPTER V 

SUMMARY AND IMPLICATIONS FOR FURTHER RESEARCH 

Statement of the Problem 

In this study, a Bayesian approach to the use of test data 

for the identification of learning disability in school-age children 

was investigated. Psychometric instruments, selected to measure a set 

of component disabilities that were presumed to be highly diagnostic, 

were administered to two matched groups: one, consisting of twenty-five 

children with learning disability, and the other, consisting of twenty-

five children without learning disability. The test data were submitted 

to statistical and Bayesian treatments. Finally, efficiency and effec

tiveness of an identification procedure based on tests were studied 

through a comparison of Bayesian techniques and discriminant analysis. 

Procedure 

There were three major procedural steps in the collection of 

data for this study: (1) the selection of appropriate tests to measure 

a set of component disabilities, (2) the selection of learning-

disability and non-learning-disability samples, and (3) the adminis

tration of the tests to these samples. 

Selection of Tests 

Eleven tests were used in this study. Each test was selected 

to measure one factor taken from an outline of forty component 

111 
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disabilities (see Appendix A.). The component disabilities measured 

were those estimated by specialists in learning disability (Wissink, 

1972) to be most diagnostic of learning disability. The components 

measured and the tests used were: 

1. Reading comprehension deficit--Reading Comprehension test, 

Gates-MacGinitie Reading Tests, 

2. Attention deficit—Knox Cubes Test, Arthur Point Scale of 

Performance Tests, 

3. Auditory-visual coordination deficit--Ammons1 Quick Test, 

4. Writing deficit—Picture Story Language Test, 

5. Auditory speed of perception deficit—Syllabication test, 

Gates-McKillop Reading Test, 

6. Visualization deficit--Monroe Visualization Test, 

7. Mathematical comprehension deficit--Arithmetic test, Wechsler 

Intelligence Scale for Children, 

8. Auditory short-term memory span deficit--Digit Span test, 

Wechsler Intelligence Scale for Children, 

9. Monitoring deficit--Monroe Word Discrimination Test, 

10. Visual speed of perception deficit--Perceptual Speed test, 

Primary Mental Abilities, 

11. Long-term memory deficit--Naming Lowercase Letters test, 

Gates-McKillop Reading Test. 

The eleven tests yielded seventeen sets of scores (Visualization 

yielded three sets, Picture Story Language yielded five) which were 

treated as separate variables in the analysis of the results. 
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Sample Selection 

The samples in this study were chosen to represent qualitatively 

distinct populations of learning-disability and non-learning-disability 

children. Clinical judgment based on available case file data was 

used to select two matched samples of twenty-five learning-disability 

and twenty-five non-learning-disability children from an initial sample 

of ninety-two children. Each child's probability of having a learning 

disability was independently rated by three specialists in learning 

disability for the selection of the final sample. Ten specialists 

were used. 

The specialists' probability estimates that each child in the 

two samples had a learning disability were widely separated for the 

learning-disability and non-learning-disability groups. The samples 

were matched on age and sex variables. The age range of the samples 

was seven years, two months to twelve years, one month and the mean age 

was nine years, four months. In each sample, twenty-four subjects 

were male and one was female. 

Administration of Tests 

The tests were placed in random order for each pair of subjects 

and were individually administered to all children by the same examiner. 

Total testing time per child was approximately one-and-one-half hours. 

All testing was completed in the same month. 
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Results 

The test data collected in this study were submitted to 

statistical treatments and to analysis in Bayes' theorem. The 

efficiency and effectiveness of learning-disability identification 

procedures based on tests were studied through a comparison of Bayesian 

procedures and linear discriminant analysis. 

Bayesian Approach 

The Bayesian techniques employed in this study used Bayes' 

theorem to determine the probability that learning disability was 

present when a number of factors (tests representing component dis

abilities) were in evidence. The use of the theorem in this study 

required a number of statistical steps, including: (1) the estimation 

of prior probabilities, (2) the estimation of beta distributions, 

(3) the calculation of likelihood ratios, and (4) the calculation of 

posterior probabilities. 

Prior Probabilities. Prior probabilities represent the state 

of knowledge prior to observations of a specific event or condition. 

They refer to the probability that any one of a number of possible 

mutually exclusive and exhaustive hypotheses is true. 

For this study, two hypotheses were used: (1) the hypothesis 

that learning disability is present, and (2) the hypothesis that non-

learning disability is present. Since exactly one-half of the children 

in the sample were learning-disability and one-half were non-learning-

disability children, the prior probabilities for each group were set 

at .5. 
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Beta Distributions. Beta distributions for each of the seven

teen sets of scores were obtained separately for each group to provide 

a means of comparing the groups. By comparing the relative height of 

the beta curves at a particular score on a test, the likelihood that 

the score would be found in the learning-disability group was obtained. 

Likelihood Ratios. The likelihood ratio for each score was 

obtained by dividing the height of the ordinate from the learning-

disability beta distribution by the height of the ordinate from the 

non-learning-disability beta distribution at the same score level. 

The likelihood ratios provided an estimate of how likely a particular 

score was to be found in the learning-disability sample in comparison 

with how likely it was to be found in the non-learning-disability 

sample. 

Each of the seventeen variables had a range of scores that were 

indicative of either learning disability or non-learning disability. 

Therefore, justification for proceeding with the calculation of pos

terior probabilities was provided.. 

Posterior Probabilities. Posterior probabilities represent 

probability estimates that a particular hypothesis is true, given that 

a particular set of evidence is present. Posterior probabilities were 

calculated by submitting prior probabilities and likelihood ratios to 

analysis in Bayes' theorem. The posterior probability that hypothesis 

one (that learning disability is present) was true when varied sets of 

psychoeducational test data were present was calculated for each child. 

The sets of posterior probabilities were examined to determine the 
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efficiency of Bayesian procedures for the purpose of making identifica

tion decisions. 

The posterior probability that a child had a learning disability 

ranged from .99 to .001 for the learning-disability sample and from .33 

to .001 for the non-learning-disability sample when all seventeen sets 

of variables were used in the analysis. A total of 94% of the entire 

sample was classified correctly when a cut-off point that maximized the 

number of correct classifications was selected. When the samples were 

subdivided at the mean age, 96% of the subjects were classified 

correctly. 

Comparison of Bayesian Techniques and Discriminant Analysis 

In order to evaluate the efficiency of Bayesian procedures for 

identification purposes, a second method, discriminant analysis, was 

applied to the data. Comparisons between the use of discriminant analy

sis and Bayesian analysis were made for sets of tests under the follow

ing two conditions: (1) the samples considered as two distinct groups, 

and (2) the samples considered as two distinct groups but subdivided at 

the mean age of the samples. Comparisons between the two methods were 

presented in relation to the number of correct classifications using 

the following: (1) all seventeen variables, (2) four sets of variables, 

ranging in size from two to five variables per set, in which the selec

tion of the variables was dependent upon the diagnostic values of the 

test scores, and (3) one set of five variables in which the selection 

of the variables was dependent upon specialists' estimates (Wissink, 

1972) of the diagnostic value of the corresponding component disability. 
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In addition, the classification of individual children by the two 

methods was considered, and two sets of five variables with varying 

degrees of independence were examined. 

All Seventeen Variables. Discriminant analysis led to 1007o 

correct classifications when all seventeen variables were used. 

Bayesian analysis led to 94% correct classification when age was not 

considered and 96% when the samples were subdivided at the mean age. 

Most Diagnostic Variables. In order to determine whether a 

small number of tests effectively separated the learning-disability 

and non-learning-disability groups, a limited number of the most 

diagnostic sets of scores were submitted to Bayesian and discriminant 

analyses. 

The relative diagnosticity of the sets of scores was evaluated 

by determining the relative operating characteristics of the learning-

disability and non-learning-disability beta distributions. A cross-

plot of the "hit-rate" versus the "false-alarm rate" from the beta 

distributions yielded a relative operating characteristic (ROC) curve 

for each variable. 

The ROC curves indicated that each of the sets of scores 

classified the two groups at a level higher than chance but that some 

tests were more diagnostic than others. The five most diagnostic, 

PSLT Abs tract -Concrete--CDwcj, Visualization Words--CDV(j, Word Discrimin

ation—CDm(j> Reading Comprehension--CDrc, and PSLT Words per Sentence — 

CDwd, were selected for the comparison between the two methods of 

classification. 



118 

Using Bayesian techniques, 88 to 98 percent of the sample 

subjects were correctly classified when sets of two, three, four, or 

five of the most diagnostic variables were used. The percentage of 

correct classifications for discriminant analysis also ranged from 

88 to 98%. 

Variables Considered Most Diagnostic by Specialists. Bayesian 

and discriminant analysis techniques were also compared using five 

variables chosen to represent the component disabilities that learning-

disability specialists (Wissink, 1972) considered most diagnostic. 

In this comparison, the Reading Comprehension--CDrc, Knox Cubes--CDa<j, 

Quick Test—CDavc, PSLT Total Words--CDwcj, and Syllabication--CDas 

variables resulted in 94 to 98% correct classifications of the sample 

subjects for each method of analysis. 

Classification of Individual Children. A total of 14 children 

were misclassified by one or both methods of classification in at 

least one of the comparisons. Four children accounted for over one-half 

of the misclassifications. The same children were often misclassified 

by the two methods in a given comparison. 

Comparison Using Sets of Independent and Dependent Variables. 

The use of Bayes1 theorem to aggregate the effect of several sets of 

scores requires the use of conditionally independent data if the result

ing probability of learning disability is to be accurate. Conditional 

non-independence is present if significant correlations are found 

between sets of scores within one sample group. In this study, Pearson 

product-moment correlation coefficients between each pair of tests 
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within the two samples indicated that conditional non-independence 

was present in the data. 

The robustness of Bayesian procedures in the presence of 

conditional non-independence was evaluated by comparing Bayesian and 

discriminant analyses using a set of independent variables (Digit Span— 

CDasm, Arithmetic--CDmc, Knox Cubes—CDad, PSLT Abstract-Concrete--

CDwd> Reading Comprehension—CDrc) and a set of dependent variables 

(Visualization Words—CDV(j, Word Discrimination--CDmcj, PSLT Total 

Words - -CDW(j, PSLT Abstract-Concrete--CDW(j, Syllabication--CDas). 

For both methods of analysis, the independent variables resulted 

in 98% correct classifications. The dependent set resulted in 88% 

correct classifications for each method when age was not considered. 

When the samples were subdivided on the basis of age, Bayesian analysis 

classified 96% correctly and discriminant analysis classified 94% 

correctly using the dependent variables. 

A Bayesian Identification Procedure 

An identification procedure that efficiently and effectively 

discriminates learning disability from non-learning disability can be 

used to make administrative decisions about placement. As a result of 

the present research, a probabilistic psychoeducational procedure for 

the identification of learning disability, based on Bayesian techniques 

and the data from this study, was suggested and presented. 
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Conclusions 

Based on the statistical procedures, Bayesian techniques, and 

discriminant analysis techniques used, the data and findings of this 

study yielded the following conclusions: 

1. Each of the eleven tests and the resulting seventeen sets of 

scores effectively discriminated between learning disability and non-

learning disability. 

2. The diagnostic value of the sets of scores varied consider

ably for the identification of learning disability, and the five most 

diagnostic sets, taken individually, were: 

a) The Abstract-Concrete score from the Picture Story Language 

Test, a measure of the component disability named writing deficit, 

b) The Words score from the Monroe Visualization Test, a measure 

of the component disability named visualization deficit, 

c) The Monroe Word Discrimination Test, a measure of the 

component disability named monitoring deficit, 

d) The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit, 

e) The Words per Sentence score from the Picture Story Language 

Test, a measure of the component disability named writing deficit. 

3. Bayesian analysis and discriminant analysis were equally 

effective for the identification of learning disability, but Bayesian 

procedures may provide a more efficient identification system. 
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4. The percentages of correct classification of learning 

disability and non-learning disability using five sets of scores were 

comparable with the percentages of correct classification using 

seventeen sets of scores. 

5. A set of five variables, selected to represent the five 

component disabilities that specialists' estimates (Wissink, 1972) 

indicated were most diagnostic, classified a high percentage of 

children correctly. 

6. A set of five conditionally independent variables 

consistently classified the highest percentages of subjects correctly 

using Bayesian techniques. The independent variables were: 

a) The Digit Span test from the Wechsler Intelligence Scale for 

Children, a measure of the component disability named auditory short-

term memory span deficit, 

b) The Arithmetic test from the Wechsler Intelligence Scale for 

Children, a measure of the component disability named mathematical 

comprehension deficit, 

c) The Knox Cubes test from the Arthur Point Scale of Perfor

mance Tests, a measure of the component disability named attention 

deficit, 

d) The Abstract-Concrete score from the Picture Story Language 

Test, a measure of the component disability named writing deficit, 

e) The Reading Comprehension test from the Gates-MacGinitie 

Reading Tests, a measure of the component disability named reading 

comprehension deficit. 
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7. In nearly all cases, more subjects were classified correctly 

when the samples were divided at the mean age of the samples than when 

age was not considered as a factor. 

Implications for Further Research 

It is suggested that the Bayesian techniques explored in this 

study may provide a useful procedure for the identification of learning 

disability in school settings. Prior to the application of these 

procedures, however, additional research is suggested as follows: 

1. Cross-validation of the Bayesian procedures on learning-

disability and non-learning-disability children other than those 

children from whom the data were collected. 

2. Exploration of the effectiveness of using different tests 

at different age levels in Bayesian procedures for the identification 

of learning disability. 

3. Exploration of the effectiveness of the Bayesian procedures 

in separating learning disability from non-learning disability when 

handicapped children from other areas of exceptionality are included 

in the non-learning-disability group. 



APPENDIX A 

PROCESS OUTLINE 

The following outline is quoted from Kass and Wissink (in 

Wissink, 1972, p. 82). 

I. Sensory Orientation—the process by which the child shows a physio
logical or functional orientation of the sensory receptors to the 
states of (a) arousal, (b) body awareness, (c) discrimination of 
sensory information, and (d) sensory coordination. 

A. Arousal means the excitability of the sensory receptors. 

1. Attention deficit—an impairment in the child's ability to 
focus on specific sensory input. 

2. Hyperexcitability--an impairment in the child's ability to 
control the arousal of his sensory receptors. 

3. Hypoexcitability—an impairment in the activation of the 
child's sensory receptors. 

4. Perseveration—an impairment in the child's ability to 
switch focus--i.e., the termination of activation of certain 
sensory receptors and in the subsequent arousal of other 
sensory receptors. 

B. Body Awareness means the recognition of the spatial and tem
poral location of sensory input. 

5. Body balance deficit—an impairment in the child's ability 
to maintain equilibrium. 

6. Spatial deficit—an impairment in the child's ability to 
relate to two or more objects in space. 

7. Temporal deficit—an impairment in the child's ability to 
locate himself within a time perspective. 

8. Visual pursuit deficit—an impairment in the child's 
ability to follow visual stimuli. 

9. Auditory direction deficit—an impairment in the child's 
ability to locate the origin of auditory sensory input. 
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10. Maturational lag--an impairment in the development of the 
child's body awareness system. 

C. Discrimination of sensory information means the ability to note 
differences within any one sensory system. 

11. Auditory discrimination deficit--an impairment in the 
child's ability to note differences within the auditory 
sensory system. 

12. Visual discrimination deficit--an impairment in the child's 
ability to note differences within the visual sensory 
system. 

13. Kinesthetic discrimination deficit--an impairment in the 
child's ability to note differences within the kinesthetic 
(muscle sensation) sensory system. 

14. Tactile discrimination deficit--an impairment in the 
child's ability to note differences within the tactile 
(touch) sensory system. 

D. Sensory Coordination means the integration of two or more 
sensory systems. 

15. Visual-haptic (kinesthetic and tactile) coordination 
deficit--an impairment in the child's ability to receive 
and associate information from visual and haptic sensory 
systems. 

16. Auditory-visual coordination deficit--an impairment in the 
child's ability to receive and associate information from 
the auditory and visual sensory systems. 

17. Auditory-haptic coordination deficit--an impairment in the 
child's ability to receive and associate information from 
the auditory and haptic sensory systems. 

18. Auditory-visual-haptic coordination deficit—an impairment 
in the child's ability to receive the same information from 
the auditory, visual, and haptic systems. 

Memory--the process by which the child shows (a) immediate re
trieval of sensory information, (b) storing of sensory impressions 
through rehearsal, and (c) delayed retrieval of organized material. 

19. Visual short-term memory span deficit—an impairment in the 
child's ability to retrieve immediately a match of the 
visual stimulus input. 
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20. Auditory short-term memory span deficit—an impairment in 
the child's ability to retrieve immediately a match of the 
auditory stimulus input. 

21. Rehearsal deficit—an impairment in the child's method of 
storing the match of the sensory input for later recall. 

22. Long-term memory deficit--an impairment in the child's 
ability to retrieve stored material at a delayed time after 
stimulus input. 

III. Reception--the process by which meaning is attached to external 
or internal stimuli without being aware of the specific stimuli. 

23. Visual figure-ground deficit--an impairment in the child's 
ability to gain meaning from the appropriate visual stimuli 
while ignoring inappropriate visual stimuli. 

24. Listening comprehension deficit--an impairment in the 
child's ability to gain meaning from incomplete visual 
stimuli. 

25. Visual closure deficit—an impairment in the child's ability 
to gain meaning from incomplete visual stimuli. 

26. Auditory closure deficit—an impairment in the child's 
ability to gain meaning from incomplete auditory stimuli. 

27. Reading comprehension deficit--an impairment in the child's 
ability to gain meaning from the printed page. 

28. Mathematical comprehension deficit--an impairment in the 
child's ability to gain meaning from the appropriate 
quantitative symbols. 

29. Social comprehension deficit--an impairment in the child's 
ability to gain meaning from the appropriate interpersonal 
stimuli. 

IV. Express ion--the process by which meaning is communicated. 

30. Oral expression deficit--an impairment in the child's 
ability to communicate meaning through the spoken word. 

31. Writing deficit—an impairment in the child's ability to 
communicate meaning through the written word. 

32. Body language deficit--an impairment in the child's ability 
to communicate meaning through gestures and other physical 
movements. 
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33. Quantitative deficit--an impairment in the child's ability 
to communicate meaning through a mathematical system. 

34. Affect deficit—an impairment in the child's ability to 
communicate meaning through appropriate emotional reaction. 

V. Integration—the process by which separately learned components 
from the processes of sensory orientation, memory, reception, and 
expression are unified and compacted into one internal represen
tation or gestalt (the whole is more than the sum of its parts). 

35. Visualization deficit--an impairment in the child's ability 
to respond quickly and consistently from internal repre
sentations . 

36. Sound blending deficit--an impairment in the child's 
ability to synthesize sounds into an internal representa
tion. 

37. Prediction deficit—an impairment in the child's ability to 
recognize a match between his performance and his internal 
representations. 

38. Monitoring deficit—an impairment in the child's ability to 
recognize dissonance between his performance and his inter
nal representations. 

39. Visual speed of perception deficit—an impairment in the 
child's ability to respond quickly and consistently from 
internal visual representations. 

40. Auditory speed of perception deficit—an impairment in the 
child's ability to respond quickly and consistently from 
internal auditory representations. 



APPENDIX B 

SAMPLE SUMMARY SHEET 

Case number 

Age of child Grade Sex 

Achievement scores 

Academic 
Area 

Test Scaled 
Score 

Grade 
Score 

7oile Age 
Score 

Time of 
Age 

testing 
Grade 

Discre 
Age 

>pancy 
Grade 

Psychological test scores 

Test Subtest Raw 
Score 

Scale 
Score 

Age 
Score 

7»ile Time of 
Age 

testing 
Grade 
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Test Subtest Raw 
Score 

Scale 
Score 

Age 
Score 

%ile Time of 
Age 

testing 
Grade 

Reason for referral 

Clinical impressions 

Remedial procedures 

Results of remediation 

Other pertinent information (school, medical, etc.) 



APPENDIX C 

RAW DATA 

Appendix C presents the raw data from the tests given to the 

research samples. The data for the samples is presented on separate 

pages, with the learning disability sample first. The variable numbers 

correspond to the variables as numbered below. 

1. The Digit Span test scaled score from the Wechsler Intelli

gence Scale for Children (WISC). 

2. The Arithmetic test scaled score from the WISC. 

3. The Visualization Words score from the Monroe Visualization 

Test (MVT). 

4. The Visualization Forms score from the MVT. 

5. The Visualization Combination score from the MVT. 

6. The Knox Cubes test from the Arthur Point Scale of Perform

ance Tests. 

7. The Perceptual Speed Quotient from the Primary Mental Abili

ties tests. 

8. The Amnions' Quick Test raw score. 

9. The Monroe Word Discrimination Test. 

10. The Total Words score from the Picture Story Language 

Test (PSLT). 

11. The Total Sentences score from the PSLT. 

12. The Words per Sentence score from the PSLT. 
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13. The Syntax Quotient from the PSLT. 

14. The Abstract-Concrete score from the PSLT. 

15. The Syllabication test from the Gates-McKillop Reading Test. 

16. The Naming Lowercase Letters test from the Gates-McKillop 

Reading Test. 

17. The Reading Comprehension test scaled score from the Gates-

MacGinitie Reading Tests. 



Table C.l. LD group raw test data. 

Case Variable 
Number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

1 8 8 2 7 9 6.5 88 17 8 2 1 2.0 0 1 0 23 42 
2 6 13 3 1 4 4.5 88 18 8 1 1 1.0 15 1 0 18 39 
3 8 9 3 4 7 6.5 106 19 10 1 1 1.0 15 1 0 19 20 
4 10 14 6 4 10 6.0 91 21 19 13 2 6.5 73 8 14 25 50 
5 7 10 3 5 8 6.5 68 22 11 10 2 5.0 75 7 0 23 31 
6 10 6 1 4 5 5.0 103 23 6 2 1 2.0 15 0 0 19 35 
7 7 15 7 10 17 7.0 107 24 21 18 3 6.0 97 11 2 25 34 
8 12 13 5 0 5 8.0 72 25 19 3 1 3.0 47 1 1 25 36 
9 7 10 5 8 13 4.5 99 30 17 12 1 12.0 78 7 0 25 42 
10 9 6 5 5 10 5.0 99 20 17 39 4 9.8 69 13 0 26 34 
11 8 7 5 7 12 7.5 109 25 16 21 2 10.5 91 7 6 25 36 
12 6 7 8 3 11 5.0 88 23 32 52 6 8.7 88 9 18 26 36 
13 5 7 5 7 12 5.5 77 29 17 7 1 7.0 95 11 1 24 28 
14 10 4 8 5 13 7.5 71 34 42 14 2 7.0 89 8 8 26 51 
15 5 5 2 2 4 4.0 103 24 8 3 1 3.0 30 0 0 21 33 
16 6 7 4 7 11 5.0 82 25 11 5 1 5.0 88 7 1 24 22 
17 10 8 9 9 18 8.0 106 26 34 20 2 10.0 90 7 13 26 46 
18 8 9 6 3 9 6.5 93 22 13 58 6 9.7 80 7 4 26 32 
19 8 7 10 7 17 4.5 86 24 37 17 2 8.5 98 7 17 26 38 
20 11 9 9 4 13 5.0 85 28 32 45 4 10.5 78 10 13 26 35 
21 9 8 9 5 14 4.5 90 33 35 40 2 10.0 95 12 15 24 47 
22 9 5 6 2 8 3.0 79 25 20 11 2 5.5 72 11 2 23 26 
23 7 7 9 7 16 7.5 104 31 36 51 6 8.5 88 11 14 26 40 
24 7 5 12 13 25 5.0 89 31 40 116 10 11.6 84 18 19 25 36 
25 7 5 5 6 11 9.5 89 31 27 18 3 6.0 98 7 2 26 35 
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NLD group raw test data. 

1 2 3 4 5 6 7 
Variable 
8 9 10 11 12 13 14 15 

13 16 9 7 16 7.0 101 22 42 59 7 8.4 88 14 19 

16 17 7 4 11 8.5 102 28 25 65 8 8.1 84 12 12 

12 15 9 4 13 8.0 120 24 30 22 2 11.0 97 7 10 

10 10 8 3 11 7.5 113 19 26 42 5 8.4 75 9 13 
10 12 8 3 11 5.0 113 24 24 100 10 10.0 73 18 2 

13 15 8 4 12 6.0 107 28 30 75 9 8.3 89 19 19 

11 15 11 5 16 7.0 112 31 38 146 11 13.3 94 20 20 

11 10 9 7 16 6.0 91 27 39 76 7 10.9 94 19 20 

13 11 10 5 15 9.0 106 31 37 35 2 17.5 100 11 19 

10 11 8 4 12 6.0 98 28 30 70 7 10.0 85 19 20 

8 11 13 7 20 5.0 94 22 40 129 16 8.1 83 14 19 

13 12 14 10 24 6.5 82 30 39 92 6 15.3 98 19 20 

6 8 10 6 16 7.0 91 27 37 120 12 10.0 94 19 20 
12 13 12 8 20 10.0 121 28 36 96 8 12.0 88 19 19 

10 14 10 2 12 7.0 106 28 36 38 4 9.5 95 19 14 

20 10 12 7 19 6.5 111 31 43 63 6 10.5 82 15 20 

8 11 17 4 21 7.5 106 31 41 50 4 12.5 81 19 20 

14 11 11 9 20 8.0 120 28 44 65 6 10.8 99 18 20 

6 9 7 9 16 7.0 118 31 32 45 6 7.5 83 12 12 

9 14 13 8 21 6.5 106 31 45 71 5 14.2 90 19 18 

12 10 16 11 27 6.5 121 35 45 63 7 9.0 84 9 20 

6 8 8 5 13 5.0 100 27 37 90 10 9.0 95 19 19 

12 11 12 12 24 9.0 109 29 39 99 9 11.0 94 14 19 

15 12 12 6 18 9.5 108 31 44 161 14 11.5 97 20 20 

9 9 12 7 19 6.0 107 31 37 176 11 16.0 93 21 18 



APPENDIX D 

LIKELIHOOD RATIOS FOR EACH SCORE 

Appendix presents score likelihood ratios (LRg) values for the 

11 tests administered to the research samples. The 11 tests yielded 17 

sets of scores (Monroe Visualization Test yielded three scores, Picture 

Story Language Test yielded five, all others yielded one). Scaled 

scores were used for the Digit Span and Arithmetic tests from the WISC, 

and the Reading Comprehension test from the Gates-MacGinitie Reading 

Tests. Quotients were used for the Primary Mental Abilities Perceptual 

Speed test. 

Likelihood ratio values are presented for each score on each of 

the 17 sets of scores. On two sets, Picture Story Language Test (PSLT) 

Total Words and Total Sentences, if a score not recorded in this 

appendix is received, the likelihood ratio from the highest score may be 

used. On the PSLT Words per Sentence score, LRg values are given at 

two-tenths intervals. If a score between those recorded is received, it 

should be rounded to the nearest value. 

Some of the LRS values at the ends of a score continuum were 

estimated because the height of the ordinate from one or both beta 

distributions, from which the likelihood ratios were obtained, was a 

value less than .005 and was recorded as .00 by the computer. These 

estimated values are presented in parentheses and should be regarded as 

approximations of the true LRg values. Probabilities of learning 
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disability obtained from the use of these LRS values should also be 

regarded as approximations to be interpreted with greater than usual 

caution. In addition, LRS values greater than one at very high score 

values (on Visualization Forms, Quick Test, and PSLT Syntax) are in 

parentheses because these appeared to be an artifact of the data and 

may not reflect the true presence of the variable in the learning-

disability population. 

Likelihood ratio values of less than .001 and more than 10,000 

have been rounded to those figures. 

These likelihood ratio values are designed for use with the 

identification procedure suggested in Chapter IV. They are based only 

on the sample used in this study and may require extensive revision as 

new evidence becomes available. 
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Table D.l. LRg values for Digit 
Words and Forms. 

Span, Arithmetic, and Visualization 

Score Digit 
Span 

Likelihood Ratios 
Arithmetic Visualization 

Words 
Visualization 

Forms 
Score 

0 .01 (7.50) 10,000.00 117.93 0 

1 .05 (6.25) 3,752.58 4.99 1 

2 .10 (5.00) 290.15 2.26 2 

3 .23 (4.00) 62.26 1.46 3 

4 .63 2.86 20.21 1.10 4 

5 1.41 2.28 8.20 .91 5 

6 2.07 1.85 3.81 .80 6 

7 2.36 1.52 1.94 .74 7 

8 2.13 1.25 1.05 .71 8 

9 1.57 1.03 .59 .71 9 

10 .95 .85 .34 .74 10 

11 .47 .69 .20 .80 11 

12 •
 

00
 f1, 

.56 .12 .93 12 

13 .06 .44 .07 (1.18) 13 

14 .01 .34 .04 (1.50) 14 

15 .001 .25 .03 (2.00) 15 

16 .001 .18 .01 (2.60) 16 

17 .001 .12 .001 17 

18 .001 .07 .001 18 

19 .001 .03 19 

20 .001 .01 20 
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Table D.2. LRS values for Visualization Combination, Knox Cubes, and 
Naming Lowercase Letters. 

Visualization Combination Knox Cubes Naming Letters 
Score LRS Score LRS Score LRS 

0 (1000.00) 0.0 (1000.00) 0 (10,000.00) 
1 (500.00) .5 (1000.00) 1 (10,000.00) 
2 (290.00) 1.0 (1000.00) 2 (10,000.00) 
3 (128.00) 1.5 (500.00) 3 (10,000.00) 
4 76.80 2.0 (250.00) 4 (10,000.00) 
5 34.29 2.5 44.00 5 (10,000.00) 
6 16.67 3.0 16.41 6 (10,000.00) 
7 10.20 3.5 10.25 7 (10,000.00) 
8 6.31 4.0 5.61 8 (10,000.00) 
9 4.14 4.5 3.61 9 (10,000.00) 
10 2.84 5.0 2.44 10 (10,000.00) 
11 2.02 5.5 1.71 11 (10,000.00) 
12 1.48 6.0 1.24 12 (10,000.00) 
13 1.12 6.5 .92 13 (10,000.00) 
14 .86 7.0 .70 14 (10,000.00) 
15 .67 7.5 .54 15 (10,000.00) 
16 .54 8.0 .43 16 (10,000.00) 
17 .43 8.5 .34 17 (10,000.00) 
18 .36 9.0 .28 18 10,000.00 
19 .30 9.5 .23 19 4,546.11 
20 .25 10.0 .19 20 780.00 
21 .21 10.5 .20 21 220.61 
22 .18 11.0 (.50) 22 37.78 
23 .15 11.5 (.60) 23 14.26 
24 .13 12.0 (.65) 24 3.99 
25 .12 25 1.20 
26 .10 26 .42 
27 .09 
28 .09 
29 .05 
30 .02 
31 .01 
32 .001 
33 .001 
34 .001 
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Table D.3. LRS values for Perceptual Speed and Syllabication. 

Perceptual Speed Syllabication 
Score LRS Score LRg Score LRS Score LRS 

50 (.05) 84 1.87 118 .18 0 517.18 
51 (.08) 85 1.86 119 .15 1 28.03 
52 (.10) 86 1.84 120 .13 2 12.57 
53 (.12) 87 1.80 121 .11 3 7.84 
54 (.15) 88 1.76 122 .09 4 5.34 
55 (.18) 89 1.72 123 .07 5 4.03 
56 (.20) 90 1.67 124 .06 6 3.13 
57 (.23) 91 1.62 125 .05 7 2.58 
58 .25 92 1.57 126 .04 8 2.09 
59 .34 93 1.50 127 .04 9 1.75 
60 .43 94 1.44 128 .03 10 1.49 
61 .55 95 1.37 129 .03 11 1.26 
62 .67 96 1.31 130 .02 12 1.09 
63 .75 97 1.25 131 (.02) 13 .94 
64 .84 98 1.18 132 (.01) 14 .81 
65 .96 99 1.12 133 (.01) 15 .69 
66 1.00 100 1.05 134 (.001) 16 .59 
67 1.11 101 .98 135 (.001) 17 .49 
68 1.21 102 .92 136 (.001) 18 .39 
69 1.29 103 .85 137 (.001) 19 .28 
70 1.37 104 .79 138 (.001) 20 .10 
71 1.47 105 .72 139 (.001) 
72 1.55 106 .67 140 (.001) 
73 1.60 107 .62 141 (.001) 
74 1.68 108 .56 142 (.001) 
75 1.72 109 .51 143 (.001) 
76 1.78 110 .47 144 (.001) 
77 1.82 111 .42 145 (.001) 
78 1.86 112 .37 146 (.001) 
79 1.88 113 .33 147 (.001) 
80 1.90 114 .30 148 (.001) 
81 1.93 115 .27 149 (.001) 
82 1.90 116 .23 150 (.001) 
83 1.88 117 .20 
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Table D.4. LRS values for Quick Test and Word Discrimination. 

Quick Test Word Discrimination 

Score LRS Score LRS Score CO 
as 

Score LRS 

0 (1600.00) 26 .91 0 (10,000.00) 24 3.06 
1 (1500.00) 27 .76 1 (10,000.00) 25 2.43 
2 (1400.00) 28 .64 2 (10,000.00) 26 1.95 
3 (1300.00) 29 .57 3 (10,000.00) 27 1.57 
4 (1200.00) 30 .51 4 (10,000.00) 28 1.23 
5 (1100.00) 31 .48 5 (10,000.00) 29 1.03 
6 (1000.00) 32 .47 6 9,421.95 30 .87 
7 (900.00) 33 .47 7 (7,000.00) 31 .72 
8 (800.00) 34 .49 8 1,757.22 32 .61 
9 (700.00) 35 .52 9 (900.00) 33 .52 
10 (600.00) 36 .60 10 478.86 34 .44 
11 (500.00) 37 .67 11 275.06 35 .38 
12 (400.00) 38 .86 12 131.00 36 .32 
13 (300.00) 39 (1.50) 13 104.26 37 .28 
14 (200.00) 40 (1.55) 14 90.67 38 .24 
15 (100.00) 41 (1.60) 15 48.33 39 .21 
16 56.00 42 (1.70) 16 31.34 40 .19 
17 23.72 43 (1.80) 17 22.09 41 .17 
18 14.07 44 (1.90) 18 22.00 42 .15 
19 8.74 45 (2.00) 19 11.64 43 .14 
20 5.67 46 (2.10) 20 8.67 44 .13 
21 3.83 47 (2.20) 21 6.56 45 .12 
22 2.69 48 (2.30) 22 5.04 46 .12 
23 1.95 49 (2.40) 23 3.86 47 (.11) 
24 1.47 50 (2.50) 

(.11) 

25 1.14 
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Table D.5. LRS values for PSLT Total Words. 

Picture Story Language Test—Total Words 
Score LRg Score LRS Score LRS Score LRS Score LRS 

0 (10,000.00) 38 1.05 75 .20 112 .08 149 .04 
1 4,606.19 39 .99 76 .20 113 .08 150 .04 
2 942.65 40 .93 77 .19 114 .07 151 .04 
3 372.39 41 .88 78 .18 115 .07 152 .04 
4 (235.00) 42 .83 79 .18 116 .07 153 .04 
5 115.41 43 .79 80 .17 117 .07 154 .04 
6 89.90 44 .74 81 .17 118 .07 155 .04 
7 53.29 45 .70 82 .16 119 .06 156 .03 
8 35.68 46 .68 83 .16 120 .06 157 .03 
9 29.60 47 .64 84 .15 121 .06 158 .03 
10 23.45 48 .60 85 .15 122 .06 159 .03 
11 18.82 49 .58 86 .15 123 .06 160 .03 
12 15.40 50 .55 87 .14 124 .06 161 .03 
13 12.80 51 .52 88 .14 125 .06 162 .03 
14 10.79 52 .50 89 .13 126 .06 163 .03 
15 8.50 53 .48 90 .13 127 .06 164 .03 
16 7.04 54 .45 91 .12 128 .05 165 .03 
17 6.88 55 .43 92 .12 129 .05 166 .03 
18 6.03 56 .41 93 .12 130 .05 167 .02 
19 5.09 57 .39 94 .11 131 .05 168 .02 
20 4.72 58 .38 95 .11 132 .05 169 .02 
21 4.21 59 .37 96 .11 133 .05 170 .02 
22 3.78 60 .35 97 .11 134 .05 171 .02 
23 3.63 61 .33 98 .10 135 .05 172 .02 
24 3.03 62 .32 99 .10 136 .05 173 .02 
25 2.63 63 .31 100 .10 137 .05 174 .02 
26 2.44 64 .30 101 .10 138 .05 175 .02 
27 2.23 65 .29 102 .10 139 .05 176 .02 
28 2.16 66 .28 103 .10 140 .05 177 .01 
29 2.01 67 .27 104 .09 141 .05 178 .01 
30 1.99 68 .26 105 .09 142 .05 179 .01 
31 1.89 69 .25 106 .09 143 .05 180 .01 
32 1.71 70 .24 107 .09 144 .05 181 .01 
33 1.63 71 .23 108 .09 145 .05 182 .01 
34 1.40 72 .23 109 .08 146 .04 183 .01 
35 1.28 73 .22 110 .08 147 .04 184 .01 
36 1.20 74 .22 111 .08 148 .04 185 .01 
37 1.12 



Table D.6. LRg values for PSLT Total Sentences and Words per Sentence. 

Picture Story Language Test 
Total Sentences Words Per Sentence 
Score LRS Score LRS Score LRg Score LRS 

0 (150.00) 0.0 (10,000.00) 7.0 2.10 13.8 .19 
1 40.84 0.2 (10,000.00) 7.2 1.78 14.0 .18 
2 7.53 0.4 (10,000.00) 7.4 1.69 14.2 .18 
3 2.66 0.6 (10,000.00) 7.6 1.43 14.4 .18 
4 1.22 0.8 (10,000.00) 7.8 1.33 14.6 .18 
5 .65 1.0 10,000.00 8.0 1.19 14.8 .18 
6 .37 1.2 (5,000.00) 8.2 1.07 15.0 .17 
7 .23 1.4 (4,000.00) 8.4 .95 15.2 .17 
8 .15 1.6 (3,000.00) 8.6 .87 15.4 .17 
9 .10 1.8 (2,000.00) 8.8 .77 15.6 .17 
10 .06 2.0 1,109.22 9.0 .72 15.8 .18 
11 .04 2.2 (750.00) 9.2 .66 16.0 .18 
12 .03 2.4 360.00 9.4 .60 16.2 .18 
13 .02 2.6 250.00 9.6 .55 16.4 .19 
14 .01 2.8 185.00 9.8 .51 16.6 .19 
15 .01 3.0 133.62 10.0 .48 16.8 .19 
16 .01 3.2 93.50 10.2 .45 17.0 .22 
17 .01 3.4 69.00 10.4 .43 17.2 .24 
18 .01 3.6 50.75 10.6 .38 17.4 .24 
19 (.001) 3.8 39.01 10.8 .36 17.6 .29 
20 (.001) 4.0 27.00 11.0 .34 17.8 .31 
21 (.001) 4.2 23.00 11.2 .32 18.0 .33 
22 (.001) 4.4 17.38 11.4 .31 18.2 .37 
23 (.001) 4.6 14.00 11.6 .29 18.4 .40 
24 (.001) 4.8 11.05 11.8 .27 18.6 (.42) 
25 (.001) 5.0 10.22 12.0 .26 18.8 (.45) 
26 (.001) 5.2 9.01 12.2 .25 19.0 (.49) 
27 (.001) 5.4 7.61 12.4 .24 19.2 (.50) 

5.6 5.95 12.6 .23 19.4 (.52) 
5.8 5.36 12.8 .22 19.6 (.55) 
6.0 4.27 13.0 .21 19.8 (.59) 
6.2 3.90 13.2 .21 20.0 (.60) 
6.4 3.45 13.4 .20 20.2 (.62) 
6.6 2.88 13.6 .19 20.4 (.65) 
6.8 2.49 



Table D.7. LRg values for PSLT Syntax. 

Picture Story Language Test 
Syntax 

Score LRS Score LRS Score LRS 

0 10,000.00 34 (10,000.00) 68 3.50 
1 10,000.00 35 (10,000.00) 69 2.96 
2 10,000.00 36 (10,000.00) 70 2.49 
3 10,000.00 37 (10,000.00) 71 2.25 
4 10,000.00 38 (10,000.00) 72 1.82 
5 10,000.00 39 (10,000.00) 73 1.57 
6 10,000.00 40 (9,000.00) 74 1.34 
7 10,000.00 41 (7,000.00) 75 1.17 
8 10,000.00 42 (6,000.00) 76 1.02 
9 10,000.00 43 (5,000.00) 77 .89 
10 10,000.00 44 (2,500.00) 78 .79 
11 10,000.00 45 (1,200.00) 79 .70 
12 10,000.00 46 (700.00) 80 .62 
13 10,000.00 47 413.81 81 .55 
14 10,000.00 48 (300.00) 82 .50 
15 10,000.00 49 157.50 83 .45 
16 10,000.00 50 130.00 84 .41 
17 10,000.00 51 85.00 85 .38 
18 10,000.00 52 75.00 86 .35 
19 10,000.00 53 70.00 87 .33 
20 10,000.00 54 68.00 88 .31 
21 10,000.00 55 50.00 89 .30 
22 10,000.00 56 35.00 90 .29 
23 10,000.00 57 30.00 91 .29 
24 10,000.00 58 24.00 92 .29 
25 10,000.00 59 19.00 93 .30 
26 10,000.00 60 14.80 94 .32 
27 10,000.00 61 12.50 95 .36 
28 10,000.00 62 10.86 96 .43 
29 10,000.00 63 8.02 97 .54 
30 10,000.00 64 7.09 98 .82 
31 10,000.00 65 6.07 99 (1.83) 
32 10,000.00 66 5.06 100 (52.92) 
33 10,000.00 67 4.26 

(52.92) 
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Table D.8. LRS values for PSLT Abstract-Concrete and Reading 
Comprehension. 

PSLT--Abstract-Concrete Reading Comprehension 
Score LRS Score LRS Score LRS 

0 10,000.00 

1 10,000.00 
2 1,810.00 

3 210.00 

4 74.33 
5 32.00 
6 16.70 
7 8.32 
8 4.81 
9 2.93 
10 1.85 
11 1.21 
12 .81 
13 .55 
14 .38 
15 .27 
16 .20 
17 .13 
18 .09 
19 .06 
20 .04 
21 .03 
22 .02 
23 .02 
24 .01 
25 .01 

20 43.85 
21 (35.00) 
22 24.19 
23 (20.00) 
24 16.67 
25 15.50 
26 11.99 
27 11.56 
28 8.91 
29 8.71 
30 7.00 
31 5.81 
32 5.05 
33 4.39 
34 3.81 
35 3.31 
36 2.87 
37 2.71 
38 2.14 
39 1.85 
40 1.59 
41 1.42 
42 1.17 
43 1.07 
44 .88 
45 .72 
46 .61 
47 .51 
48 .43 
49 .36 
50 .30 

51 .25 
52 .20 
53 .16 
54 .13 
55 .11 
56 .09 
57 .07 
58 .05 
59 .04 
60 .03 
61 .02 
62 .02 
63 .01 
64 .01 
65 .01 
66 .01 
67 (.001) 
68 (.001) 
69 (.001) 
70 (.001) 
71 (.001) 
72 (.001) 
73 (.001) 
74 (.001) 
75 (.001) 
76 (.001) 
77 (.001) 
78 (.001) 
79 (.001) 
80 (.001) 



APPENDIX E 

THE DISCRIMINANT FUNCTION 

The following definition of the discriminant function is quoted 

from Wheeler, Burke and Reitan (1963, pp. 419-420,440). 

Suppose we have a set of m indicators on the basis of which 
we wish to differentiate two groups of size n^ and n2« Let 
xiik represent the value obtained for the kth indicator on the 
itn case in the jth group. Then the basic data are represented 
by m(n^ + n£) values of the indicators xijk» i = 1, 2: k = 1, 
2,..., m. Any weighted linear combination of the indicators 
gives the value z^j for the ith case in the j_th group where, 

m 
zii ~ ̂  ^kxiik> (E. 1) 

k=l j = 1, 2 J 

The m v.nights are arbitrary. For any choice of a set of 
weights, a value of zjj can be computed for each case from the 
known values of for the case. For some choices of the 
weights, the resulting values of z^j might differentiate the 
two groups poorly; for the other choices, well. The problem 
is to find a unique set of weights which is optimal in some way. 

Let us assign an arbitrary set of weights For this 
fixed set, we compute a unique value of z^j according to (E.l), 
for each individual in each group. Obviously, we can compute 
the mean and variance of the Zjj values for each of the groups 
according to: 

nj 
z4 = (1/rii) 2 zij, j = 1, 2; and (E.2) 
J J i=l 

o nj o 
sj = (1/nj) £ zij - (zj)2, j = 1, 2. (E.3) 

i=l 

A "good" set of z^j values should give relative homogeneity 
among Ss within either group and heterogeneity between the two 
groups. In quantitative terms, we seek values of the weights, 
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which give a large absolute difference between the group 
means, "z\ - Z2 and a small value for the within-groups sum 
of squares. In practice we achieve the desired result by 
finding the set of weights ̂  which maximizes the criterion 
ratio: 

mmm O _ 
Criterion ratio = (z^ I (nlsl + n2s2 ) • (E.4) 

The solution of the problem of maximizing the criterion 
ratio is given below. Under conditons which are nearly al
ways met in sets of actual data, a unique solution, i.e. a 
unique set of weights which maximizes (E.4), can always be 
found with relative ease by the following procedure: 

Let x* be a 1 x m row vector whose kth component is the 
group difference on the kth indicator and the vector of the 
weights. Further let Sj be the m x m matrix of the pooled 
within-groups covariances; S = ̂  , where 

2 nj 
3 * 5  - E E  ( x i j *  -  x j » )  ( x i j £  -

j=l i=l 

Then a necessary condition for (E.4) to be maximized is satis
faction of the relation: 

X*S = x* . (E.5) 

If S possesses an inverse, the weights are given by 

^ = LS_1 . (E.6) 

The weights given by (E.6) are the appropriate weights for 
classifying individual cases from corresponding indicator 
values. 



APPENDIX F 

PROBABILITIES OF LEARNING DISABILITY 

Appendix F presents the probability of learning disability, 

given a particular set of data, for each child in the study samples. 

The set numbers given in Tables F.l and F.2 correspond to the variable 

sets as numbered below. See text for variables included in each set. 

Set 1. The set of two variables that were found to be most 

diagnostic in this study. 

Set 2. The set of three variables that were found to be most 

diagnostic in this study. 

Set 3. The set of four variables that were found to be most 

diagnostic in this study. 

Set 4. The set of five variables that were found to be most 

diagnostic in this study. 

Set 5. The set of five variables measuring components that 

specialists' median estimates (Wissink, 1972) indicated 

were most diagnostic. 

Set 6. The set of five variables that were found to be highly 

independent in this study. 

Set 7. The set of five variables that were found to be highly 

dependent in this study. 
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Bayesian probabilities of learning disability for LD group, 
given varied sets of variables. 

Set Number 
1 2 3 4 5 6 7 

99 .99 .99 .99 .99 .99 .99 
99 .99 .99 .99 .99 .99 .99 
99 .99 .99 .99 .99 .99 .99 
95 .99 .98 .99 .94 .36 .99 
99 .99 .99 .99 .99 .99 .99 
99 .99 .99 .99 .99 .99 .99 
70 .94 .98 .99 .99 .66 .99 
99 .99 .99 .99 .99 .99 .99 
99 .99 .99 .99 .99 .99 .99 
82 .99 .99 .99 .99 .94 .99 
99 .99 .99 .99 .96 .98 .99 
75 .65 .84 .82 .73 .98 .27 
91 .99 .99 .99 .99 .98 .99 
84 .43 .16 .28 .59 .63 .95 
99 .99 .99 .99 .99 .99 .99 
99 .99 .99 .99 .99 .99 .99 
83 .68 .57 .39 .51 .72 .91 
97 .99 .99 .99 .96 .99 .99 
74 .45 .63 .61 .97 .99 .73 
52 .40 .69 .47 .78 .88 .31 
33 .15 .08 .04 .36 .75 .10 
82 .98 .99 .99 .99 .99 .99 
42 .19 .27 .25 .15 .79 .09 
01 .001 .01 .001 .06 .77 .001 
99 .99 .99 .99 .97 .97 .99 
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Table F.2. Bayesian probabilities of learning disability for NLD group, 
given varied sets of variables. 

Case Set Number 
Number 12 3 4 5 6 7 

26 .18 .03 .001 .001 .02 .001 .001 
27 .61 .79 .21 .22 .001 .001 .55 
28 .83 .81 .01 .001 .001 .001 .96 
29 .75 .86 .16 .15 .11 .04 .82 
30 .09 .22 .09 .05 .62 .04 .27 
31 .06 .05 .01 .01 .01 .001 .001 
32 .01 .001 .001 .001 .001 .001 .001 
33 .04 .01 .001 .001 .001 .001 .001 
34 .29 .10 .01 .001 .01 .001 .04 
35 .06 .05 .01 .01 .001 .01 .001 
36 .03 .001 .001 .001 .02 .18 .001 
37 .001 .001 .001 .001 .001 .001 .001 
38 .02 .01 .001 .001 .001 .03 .001 
39 .01 .001 .001 .001 .001 .001 .001 
40 .02 .01 .001 .001 .04 .001 .01 
41 .03 .001 .001 .001 .001 .001 .001 
42 .001 .001 .001 .001 .001 .01 .001 
43 .02 .001 .001 .001 .001 .001 .001 
44 .61 .49 .60 .70 .29 .66 .43 
45 .001 .001 .001 .001 .001 .001 .001 
46 .03 .001 .001 .001 .001 .02 .001 
47 .06 .02 .001 .001 .02 .09 .001 
48 .04 .01 .001 .001 .001 .01 .001 
49 .001 .001 .001 .001 .001 .001 .001 
50 .001 .001 .001 .001 .001 .03 .001 
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